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Abstract

The oil and gas sector operates in a high-risk environment defined by capital intensity,
regulatory uncertainty, and volatile commodity prices. Although Artificial Intelligence
(AI) is widely promoted as a lever for profitability, the mechanisms through which AI
adoption translate into financial outcomes remain insufficiently specified in the oil and gas
literature. Grounded in the Resource-Based View and Technology Adoption Theory, this
study combines bibliometric mapping of 201 Scopus-indexed publications (2010–2025) with
a focused comparative case analysis of important players (BP and Shell), based on publicly
reported operational and financial indicators (e.g., operating cost, uptime-related evidence,
and return on average capital employed—ROACE). Keyword co-occurrence analysis iden-
tifies five thematic clusters showing that efficiency-oriented AI use cases (optimization,
automation, predictive maintenance, and digital twins) dominate the research landscape. A
thematic synthesis of five highly cited studies further indicates that AI-enabled operational
improvements are most consistently linked to measurable cost, productivity, or revenue
effects. Case evidence suggests that large-scale predictive maintenance and digital twin
programs can support capital efficiency by reducing unplanned downtime and structural
costs, contributing to more resilient ROACE trajectories amid price swings. Overall, the
findings support a conceptual pathway in which operational efficiency is a primary chan-
nel through which AI can create financial value, while underscoring the need for future
firm-level empirical mediation tests using standardized KPIs.

Keywords: artificial intelligence; operational efficiency; financial performance; predictive
maintenance; digital transformation; oil and gas industry

1. Introduction
The global oil and gas industry, a cornerstone of the world economy, is navigating

unprecedented challenges in the 21st century, characterized by volatile commodity mar-
kets, increasingly stringent environmental regulations, and the growing complexities of
exploration and production (Yergin, 2020). Amidst this dynamic and demanding landscape,
enhancing financial performance while simultaneously adopting sustainable and efficient
operational practices has become consequential for industry survival and sustained growth
(International Energy Agency, 2023; Pandey et al., 2023). The critical role of the oil and gas
sector in ensuring global energy supply and economic stability further underscores the
urgency and relevance of addressing these challenges, because traditional methods of cost
reduction and scale expansion have become insufficient.

J. Risk Financial Manag. 2026, 19, 44 https://doi.org/10.3390/jrfm19010044

https://crossmark.crossref.org/dialog?doi=10.3390/jrfm19010044&domain=pdf&date_stamp=2026-01-06
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/jrfm
https://www.mdpi.com
https://orcid.org/0009-0009-0404-3677
https://orcid.org/0000-0002-3245-9540
https://orcid.org/0000-0003-2129-053X
https://doi.org/10.3390/jrfm19010044


J. Risk Financial Manag. 2026, 19, 44 2 of 24

Artificial Intelligence (AI) has emerged as a transformative technology, offering
revolutionary potential across various sectors, including the oil and gas industry
(Russell & Norvig, 2021; N. Khan et al., 2024; Czachorowski et al., 2023). With its ca-
pacity to process vast datasets, discern complex patterns, and automate intricate tasks,
AI presents a suite of advanced tools promising significant enhancements in improving
forecasting accuracy, reducing unplanned downtime, optimizing production processes, and
improving 5-decision making under uncertainty, thereby increasing operational efficiency
and, consequently, financial performance (Kaplan & Haenlein, 2019; Jiao et al., 2025). The
implementation of AI applications is occurring from the upstream stage of exploration and
drilling to midstream transportation and processing and distribution in the oil and gas
value chain (Sircar et al., 2021).

A critical issue remains unresolved: while the transformative potential of AI in this
sector is increasingly acknowledged in both industry reports and academic discussions
(Venkatesh et al., 2003) a significant gap remains in understanding the precise mecha-
nisms through which AI investments are translated into tangible financial results, due
to the implementation of AI does not automatically or uniformly deliver better finan-
cial results for oil and gas companies (Gilliland & Tashman, 2021; Kuzmina et al., 2024;
Mavlutova et al., 2025). Operational efficiency is rarely conceptualized as an explicit medi-
ating construct between AI deployment and financial performance in previous studies.

The research objectives are, firstly, to enrich the academic discourse on digital trans-
formation in traditional industries (Mavlutova et al., 2022) by providing a focused and
in-depth analysis of AI in the oil and gas context. Second, to provide practical, evidence-
based insights for oil and gas companies looking to strategically use AI to improve financial
performance, highlighting the critical role of the mediator of operational efficiency. The
growing recognition of AI’s transformative potential in oil and gas, aligning with previous
research while highlighting the recent surge in publications on this topic. It uniquely
emphasizes the mediating role of operational efficiency, clarifying how AI drives financial
gains. Unlike previous studies, which often examined the impact of AI on operations or
finance separately, this study brings together findings to demonstrate the role of AI as a
mediator of operational efficiency, pointing out key research gaps, particularly regarding
empirical validation and sustainability. Thus, this study aims to investigate how AI adop-
tion in the oil and gas industry translates into financial performance outcomes by explicitly
testing the mediating role of operational efficiency between AI use and financial results.

The current research adds to the body of literature In three important areas. Us-
ing an AI → Operational Efficiency → Financial Performance framework to formalize a
mechanism-based explanation of value generation, it first enhances previous studies by
going beyond descriptive explanations of AI applications. Second, it shows how AI-driven
efficiency gains are the direct causes of higher capital returns, integrating operational and
financial viewpoints. Third, it establishes ROACE as an industry-relevant and theoretically
sound metric for evaluating AI-driven financial performance in capital-intensive industries.

The structure of this article is as follows: an introduction and a concise conceptual
framework to structure the AI-financial efficiency nexus, bibliometric and thematic method-
ology were used to examine the body of evidence described, the results of the selected case
studies are presented and interpreted in stages, the discussion concludes with suggested
directions for further research, and conclusions are drawn on theoretical findings and
management development.

2. Literature Review
AI adoption in oil and gas encompasses the deployment and integration of machine

learning, optimization, computer vision, and related analytics into core workflows (explo-
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ration, drilling, production, midstream integrity, and refining). Across the value chain, AI is
most positioned as a capability that enhances decision quality under uncertainty, automates
data-intensive activities, and enables predictive and prescriptive interventions (e.g., failure
prediction, process control, and operational optimization).

The oil and gas industry is increasingly recognizing the transformative potential of AI
to address long-standing challenges and unlock new opportunities (Beckers et al., 2021). AI,
encompassing machine learning, deep learning, natural language processing, and computer
vision, offers sophisticated tools for data analysis, automation, and predictive modeling
across the oil and gas value chain (LeCun et al., 2015).

Several studies highlight the diverse applications of AI in the sector. In upstream
operations, AI is being utilized for seismic data processing and interpretation, enhancing
the accuracy and efficiency of exploration activities (Pang et al., 2025). Machine learning
algorithms can analyze vast datasets of seismic surveys to identify potential hydrocarbon
reservoirs with greater precision, reducing exploration risks and costs (Beckers et al., 2021).
AI is also revolutionizing drilling operations through automated drilling systems, predic-
tive maintenance of drilling equipment, and optimization of drilling parameters, leading to
increased drilling speed, reduced downtime, and improved safety (Z. Khan, 2025). Further-
more, AI-powered reservoir management tools are enhancing production optimization by
predicting reservoir behavior, optimizing injection strategies, and improving enhanced oil
recovery (EOR) techniques (Satter & Iqbal, 2016).

The oil and gas giants recently launched a fleet of low-impact, AI-powered robots that
can analyze sea-bed conditions at depths of up to 6000 m. The robots minimize exploration
risk while reducing harm to marine life.

In midstream operations, AI plays a crucial role in pipeline monitoring and integrity
management. AI-driven systems can analyze sensor data from pipelines to detect anoma-
lies, predict potential failures, and optimize pipeline maintenance schedules, ensuring
safer and more efficient transportation of oil and gas (Amadhe et al., 2024). AI is also
being applied to optimize logistics and supply chain management in the midstream sec-
tor, improving transportation routes, optimizing storage, and reducing operational costs
(Simchi Levi et al., 2008).

Researchers have estimated that corrosion causes 15% to 25% of pipeline incidents
(Rachman et al., 2021). For instance, in the US alone, pipeline corrosion costs companies
$1.4 billion annually according to a NACE (National Association of Corrosion Engineers)
study (AMPP, 2025). AI-based corrosion analysis enables early detection of pipe corrosion,
helping oil and gas companies optimize maintenance schedules and extend asset lifespan.
Additionally, AI can help analyze pipeline characteristics and corrosion data to decide the
best corrosion prevention mechanism.

Downstream operations are also experiencing significant AI integration. Refineries
are leveraging AI for process optimization, predictive maintenance of refinery equipment,
and improved energy efficiency (Póvoas et al., 2025). AI-based process control systems
can optimize refinery operations in real-time, maximizing throughput, improving product
quality, and reducing energy consumption (Qin, 2014). Moreover, AI is being used in
downstream marketing and sales, for demand forecasting, personalized customer service,
and optimized pricing strategies (Iyer et al., 2025).

Advanced Process Control and AI help Taiwan Refinery Capture $4.2M in Operational
Benefits. A unique combination of advanced process control (APC) and artificial intelligence
(AI) technologies across critical application areas (like crude oil distillation) in order to cut
costs (Ben, 2020).

The summary of the extensive reach of AI applications across the oil and gas indus-
try, targeting key areas for operational efficiencies is provided in Figure 1. Operational
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efficiency refers to the ability to deliver required outputs (production, reliability, safety,
throughput) with reduced inputs (time, cost, energy, unplanned downtime) and better
asset utilization. In oil and gas, the most policy-relevant efficiency proxies typically include
unplanned downtime, maintenance cost, unit operating cost, production efficiency, and
utilization/uptime indicators. Many AI applications are explicitly designed to reduce
non-productive time and stabilize operations; thus, operational efficiency is a theoretically
plausible “value-creation channel” linking AI adoption to financial outcomes.

 

Sub-Function Operational-Efficiency 

Seismic Surveying
Reservoir Evaluation
Emissions Control
Drilling Optimization
Predictive Maintenance
 Production Optimization
Leak Detection
Corrosion Monitoring
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Figure 1. AI in Oil and Gas Industry-Benefit, Use Cases, and Examples. Source: Created by the
authors and contribution will be specified further.

Financial performance in oil and gas is often evaluated using profitability (EBIT), cash
generation (operating cash flow), and capital efficiency metrics such as ROACE. ROACE
is particularly relevant in oil and gas because it captures how effectively management
converts a large capital base into operating returns, and it is routinely used in investor
communication and strategic planning.

Drawing on the Resource-Based View, AI capabilities can be interpreted as firm
resources that produce advantage when they are embedded in operational routines and
complementary assets. From a mechanism perspective, this suggests a pathway: AI-
enabled tools improve operational efficiency (e.g., fewer failures, optimized set-points,
faster cycle times), which further improves financial performance through cost reduction,
improved margins, and higher returns on the existing capital base.

3. Materials and Methods
Grounded in established theoretical frameworks, including technology adoption

theory (Venkatesh et al., 2003) and the resource-based view (RBV) (Barney, 1991), the
literature review synthesizes existing knowledge from over 201 scholarly scientific articles,
industry reports, and case studies.

The bibliometric dataset was retrieved from Scopus using a TITLE-ABS-KEY query
combining AI terms (“artificial intelligence”, “AI”, “machine learning”) with domain terms
(“oil and gas”, “petroleum industry”) and performance terms (“operational efficiency”,
“financial performance”, “profitability”). Filters were applied for English-language sources
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and the 2010–2025 period. All 201 records meeting the inclusion criteria were exported
with full bibliographic metadata and author keywords for network analysis.

A recent bibliometric review highlights the growing trend and research focus on AI in
energy economics, indicating a substantial body of literature in this (Bitzenis et al., 2025).
The application of AI, machine learning, and big data analytics in natural resource
management has seen a significant increase in research since 2010, as evidenced by a
bibliometric analysis of Scopus-indexed documents highlighting key research clusters
(Pandey et al., 2023).

The summary of the extensive reach of AI applications across the oil and gas industry,
targeting key areas for operational efficiencies is provided in Figure 2.

Figure 2. Flow Diagram of Literature Selection Process (PRISMA-Style).

The selection process followed a systematic methodology, visualized in a PRISMA-
style flow diagram chart (Figure 2). An initial paper was screened based on criteria of
relevance, publication type, language, and time period (Figures 2–4), followed by a qual-
itative review to identify high impact, frequently cited, and empirically relevant studies
for in-depth thematic synthesis. This rigorous filtering allowed for the final selection of
five articles for thematic synthesis, to ensure the replicability and rigor of the literature
synthesis. The initial 201 documents identified via the Scopus search were subjected
to screening based on the relevance, publication type, language, and timeframe crite-
ria. While all 201 documents formed the basis of the quantitative bibliometric analysis
(Figures 2, 3 and 5), a subsequent qualitative review was conducted to identify high-impact,
highly cited, and empirically relevant studies for the in-depth thematic synthesis. This
rigorous filtering resulted in the final selection of five articles for the thematic synthesis
that directly provided measurable operational and financial outcomes.
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Figure 3. Yearly output of Scopus-indexed publications on AI and performance in the oil and gas
sector in SCOPUS, 2010–2025. Source: Created by the authors.

 

Figure 4. Keywords mapping of the publications with the names of key keywords.

This study employs a theory-informed, comparative case-study design to assess
whether firm-level evidence supports the proposed value-creation pathway: AI adoption
leading to operational efficiency, which subsequently drives financial performance. The
unit of analysis is the firm specifically focused on industry supermajors BP and Shell.
The analytic logic utilizes pattern matching and mechanism-based inference rather than
statistical causal attribution. Accordingly, the analysis operationalizes this pathway as a
three-link chain:

1. AI adoption (intervention): identifiable AI-enabled initiatives embedded in opera-
tional workflows (e.g., predictive maintenance, digital twins, process optimization).
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2. Operational efficiency (mechanism): observable changes in efficiency-relevant out-
comes (e.g., reduced unplanned downtime, improved reliability/uptime, lower unit
operating costs, shorter cycle times).

3. Financial performance (outcome): capital-efficiency and profitability indicators, with
emphasis on ROACE, interpreted as a function of operating performance relative to
capital employed.

For each firm, evidence is organized into an evidence-to-mechanism matrix that links:
(1) the stated objective of the AI initiative; (2) the targeted operational mechanism and
its corresponding operational indicators; and (3) the relevant financial outcomes (e.g.,
ROACE). To avoid overstating AI effects, the analysis explicitly assesses rival explanations
that may influence financial performance contemporaneously, including oil price volatility,
portfolio and capex changes, restructuring programs, impairments/divestments affecting
capital employed, and other strategic initiatives. Consequently, the case-study results are
interpreted as contextual support for the proposed pathway (i.e., “consistent with”) rather
than definitive proof of causality.

 

Figure 5. Word cloud of the key concepts related. Source: Created by the authors.

4. Results
4.1. Bibliometrics and Oil and Gas Industry

The initial search highlights key research topics (the central role of AI in the literature)
and tracks the development of AI applications in the oil and gas industry, highlight-
ing the rapid rise in research on cost reduction and profitability enhancement starting
from 2020–2022.

Figure 3 indicates a significant increase in the number of documents published, partic-
ularly showing a sharp rise in publications from 2022 to 2025, which traces the evolution of
AI applications in oil and gas.

Current study employs a structured, variable-based analytical method to investigate
the mediating role of operational efficiency in the relationship between financial perfor-
mance and the use of artificial intelligence (AI). Adoption of AI is viewed as a technological
capability, as evidenced by established uses throughout the oil and gas value chain, in-
cluding data-driven optimization, process automation, and predictive maintenance. The
mediating variable, operational efficiency, is assessed using quantitative metrics that are
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commonly accepted in both academia and industry: asset utilization rates, production
uptime, operating expenses (OPEX), and unit operating cost. Efficiency benefits brought
about by AI-enabled process enhancements are captured by these measurements. Return on
Average Capital Employed (ROACE), operating cash flow, EBIT, and other profitability and
capital-return metrics are used to evaluate financial performance, the dependent variable.

VOSviewer version 1.6.20 was used to construct a keyword co-occurrence network.
The analysis applied a minimum keyword occurrence threshold of 5, yielding 51 keywords
grouped into five clusters. Keyword cleaning was conducted by merging synonyms and
spelling variants (e.g., “AI” vs. “artificial intelligence”; “oil & gas” vs. “oil and gas”), and
by removing generic terms without analytical value. Association-strength normalization
was used to map relationships among keywords, and the resulting clusters were interpreted
as thematic research streams (See Figure 4).

The keyword co-occurrence network in Figure 4 shows the strong interconnections
between artificial intelligence, machine learning, and key operational and financial aspects
within the oil and gas industry research landscape from 2010 to 2025.

As Table 1 indicates, the keyword co-occurrence network, overall, illustrates a well-
connected structure wherein the central nodes (AI, machine learning, etc.) are linked to
both the operational-efficiency terms and the financial-performance terms. This confirms
that in the literature, technical AI topics are frequently discussed together with operational
outcomes and financial implications. In other words, the field’s conceptual structure links
“what AI is and does” (the techniques and the specific oil and gas applications) with “why
it matters” (efficiency gains and financial results). Such a mapping validates the premise of
current study: the interplay between AI, operational efficiency, and financial performance
is indeed the crux of scholarly conversation. The fact that these concepts co-occur strongly
in the bibliometric map provides evidence suggests that researchers are actively examining
how AI-driven improvements translate into performance and profitability gains.

Table 1. Interpretation of the Keyword Co-Occurrence Map (2010–2025).

Cluster (VOS
Viewer Color) Salient Terms Conceptual Theme Representative Research

Angles

1. Yellow
artificial intelligence, gas

industry, oil and gas
industry, profitability

AI as a cross-cutting enabler of
efficiency and financial

performance across the value chain

ROACE studies,
techno-economic

assessments, AI investment
road-mapping

2. Green
machine learning, neural

networks, forecasting,
optimization

Predictive and prescriptive
analytics for production forecasting,

drilling optimization and cost
control

Hybrid ML–physics
models, deep-learning

seismic inversion,
meta-heuristic
optimization

3. Red
decision making, gasoline,

pipelines, resource
evaluation

Downstream and mid-stream
value-chain intelligence

Refinery APC, pipeline
integrity analytics,

AI-assisted
pricing/marketing

4. Blue
digital transformation,

offshore technology, big
data, supply chains

Enterprise-level digitalization and
data infrastructure

Edge/IoT architectures,
integrated data lakes,

real-time KPI dashboards

5. Purple
offshore oil well

production, operational
efficiency

Upstream production optimization
in harsh environments

Riser fatigue prediction,
subsea robotics, AI-guided

work-over planning
Source: Created by the authors.
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The terms “machine learning” and “gas industry” that appear most frequently in
Figure 5 indicate that the central theme is the application of machine learning in the
gas industry. Other salient terms include “oil and gas industry”, “decision making”,
“operational efficiencies”, and “gasoline”, which collectively indicate the dominant aims of
literature and the principal domains of application.

The word cloud also features a range of related concepts, including:

• Technologies and Methods: “artificial intelligence”, “data analytics”, “forecasting”,
“neural networks”, and “learning algorithms”.

• Business Objectives: “profitability”, “cost effectiveness”, and “cost reduction”.
• Industry Applications: “offshore oil well production”, “petroleum reservoir evalua-

tion”, “pipelines”, and “digital transformation”.

Figure 6 highlight the countries whose authors have made the most significant contri-
butions to the research field, as measured by the total number of citations (TC). The results
reveal that US authors emerge as the dominant leader with 172 citations in total, indicating
a significant amount of research in this area, followed by Saudi Arabian researchers with
104 citations and Chinese with 46 citations.

Figure 6. Most Cited Countries (2010–2025) Source: Created by the authors by combining information
from Scopus.

However, when examining the average citations per article as a measure of research
impact, the United Kingdom research is the most influential with 16.50 citations per article.
Saudi Arabia follows with an average of 11.60 citations, and the USA with 10.10 citations
per article (See Table 2). Thus, while the US produce a high volume of research, studies from
the United Kingdom demonstrate a higher average citation impact in this field. Overall,
figures highlight substantial academic contributions from a diverse set of countries across
North America, Europe, the Middle East, and Asia. The findings suggest that research in
this domain is not confined to a specific region but has garnered significant attention and
impact globally.
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Table 2. Most Cited Countries with average article citations (2010–2025) Source: Created by the
authors by combining information from Scopus.

Country TC Average Article Citations

USA 172 10.10
SAUDI ARABIA 104 11.60

CHINA 46 5.10
UNITED KINGDOM 33 16.50

CANADA 22 7.30
NORWAY 19 9.50

AUSTRALIA 18 6.00
UAE 16 3.20

MALAYSIA 15 2.50
DENMARK 11 5.50

Figure 7 reveals a robust mix of both corporate and academic leadership. The ‘Saudi
Arabian Oil Company’ leads the contributions with 7 documents, followed closely by the
‘China University of Petroleum-Beijing’ with 6 documents. This highlights a strong focus
from both a major National Oil Company (NOC) and a specialized energy university. The
international oilfield service giant ‘Schlumberger Limited’ (now ‘SLB’, which also appears
separately) is a significant contributor, with 5 and 4 documents, respectively. Other major
NOCs, such as the ‘Abu Dhabi National Oil Company’ (and its ‘ADNOC Offshore’ arm)
and ‘Petroliam Nasional Berhad’ (along with ‘Universiti Teknologi PETRONAS’), also
feature prominently. This landscape of affiliations underscores that the pursuit of AI-driven
efficiency is a critical strategic priority shared by the industry’s largest operators, its key
service providers, and its dedicated academic partners.

Figure 7. The document counts by affiliation.

BP and Shell were selected as case studies because they provide consistent, high-quality
publicly reported operational and financial data that allows for reliable and comparable
analysis of the outcomes of AI implementation. Their large-scale, mature digital programs,
especially in the areas of predictive maintenance and digital twins, allow for the develop-

https://doi.org/10.3390/jrfm19010044

https://doi.org/10.3390/jrfm19010044


J. Risk Financial Manag. 2026, 19, 44 11 of 24

ment of evidence on how AI implementation impacts operational efficiency improvements
and financial performance, making them suitable empirical cases.

Table 3 shows the qualitative thematic synthesis, five studies were selected from the
Scopus corpus using transparent criteria: (1) high citation visibility within the corpus,
(2) explicit discussion of an AI application in oil and gas, (3) a clearly described operational
efficiency mechanism (e.g., optimization, automation, predictive maintenance, reliability
improvement), and (4) an explicitly stated financial or performance outcome (cost reduction,
productivity improvement, profitability/capital efficiency implications). The selected
studies were then coded by value-chain segment and mechanism type to map how AI-
enabled operational improvements plausibly translate into financial outcomes.

Table 3. Thematic Synthesis of AI Applications and their Role in Operational Efficiency-Financial
Performance.

Article (Author, Year) O&G Sector Operational Efficiency (OE)
Mechanism (The Mediator)

Stated
Financial/Performance

(FP) Outcome

Maucec and Garni
(2019) Upstream (Production)

Production Maximization and
Process Optimization

(Predicting optimal set of
production variables)

“Continuously improving
operational efficiency”;

“maximize the production”

Wang et al. (2019) Upstream (Exploration)

Process Automation and Cost
Reduction (Automated

microfacies identification; 84%
accuracy)

“Cost-saving” of core
analysis; “sustainable

profitability” of exploration

Al-Jamimi et al. (2022) Downstream (Refining)
Multi-objective Process

Optimization (Minimizing
sulfur, emissions, and cost)

Minimization of “HDS
cost”; improved

“productivity, profitability”

Al-Rbeawi (2023) Strategic (Industry-wide)
Enterprise-wide Efficiency

Enhancement (System
optimization, risk reduction)

“Enhance the operational
efficiency and reduce the

cost”

Latrach et al. (2024) Strategic (Subsurface)
Model Reliability and

Interpretability (Integrating
physics principles)

“More accurate and
reliable predictions for

resource management and
operational efficiency”

The application of automated machine learning for multi-variate prediction of well
production. Selected studies demonstrate how automated machine learning is applied in
upstream production to analyze hundreds of wells and predict the optimal set of opera-
tional variables that will “maximize the production” (Maucec & Garni, 2019). Study by
Maucec and Garni supports AI → OE → FP model by showing a specific AI tool enabling
“process optimization” (the mediator) to directly achieve a stated financial performance
goal (maximized revenue). Another study analyzes the use of an SVM to automate the
identification of depositional microfacies from well logs, a process that is conventionally
manual, “time-consuming,” and limited (Wang et al., 2019). This study also provides a clear
link to AI → OE → FP model by showing an AI tool (AI) achieving “process automation”
(OE) with 84% accuracy, thus contributing to “cost-saving” and “sustainable profitability”
(FP). The multi-objective optimization in petroleum refinery catalytic desulfurization using
a machine learning approach. This study details a hybrid-ML approach (SVMG) that
incorporates both support vector machine (SVM) and genetic algorithm (GA) that performs
multi-objective optimization in a downstream refinery, finding the best configuration to
simultaneously minimize sulfur, emissions, and the “HDS cost” (Al-Jamimi et al., 2022).
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This links to the framework by showing AI as the enabler for a complex “process optimiza-
tion” (OE), where the financial performance (“profitability” via cost minimization) is a
direct and measured component of the efficiency gain. A Review of Modern Approaches of
Digitalization in Oil and Gas Industry (Al-Rbeawi, 2023) provides a strategic overview of
digitalization technologies, including AI, arguing that their primary purpose is to “enhance
operational efficiency and reduce the cost” through system-wide optimization and risk
reduction. This study strengthens the current research with the main argument’s strategic
context, as its core objective confirms that the AI → OE → FP pathway is the foundational
goal of the industry’s entire digital transformation.

A critical review of physics-informed machine learning applications in subsurface en-
ergy systems (Latrach et al., 2024) investigates the next generation of AI, Physics-Informed
Machine Learning (PIML), integrated physics principles to make models more reliable and
interpretable. This analysis gives the opportunity for a crucial link to the current study by
showing that the evolution of AI technology is being driven by the need to make the AI
→ OE link more trustworthy, as PIML enables “more accurate and reliable predictions for
resource management and operational efficiency”.

This study is structured to empirically test and validate the central thesis. The ana-
lytical framework is derived from the model proposed by the authors, which posits the
causal chain: AI → OE → FP. According to this model, AI technologies (the independent
variable) are deployed to enable specific operational improvements mechanisms such as
“cost control, process optimization, and predictive maintenance” (the mediating variable,
OE) which, in turn, are the direct drivers of improved financial outcomes such as “increased
return on investment”, “return on average capital employed” and “long-term resilience”
(the dependent variable, FP). The current research demonstrates how specific AI and ML
methodologies, such as Artificial Neural Networks (ANNs), Support Vector Machines
(SVMs), and Physics-Informed Machine Learning (PIML), are consistently applied to solve
discrete operational challenges. By quantifying the improvements in efficiency (e.g., higher
prediction accuracy, reduced non-productive time, optimized process parameters), previ-
ously analyzed studies provide the missing link, connecting the algorithm to the balance
sheet. Ultimately, this synthesis will show that the financial outcomes repeatedly cited
in the literature, such as “increased profitability,” “cost-saving,” and “maximized NPV,”
are the direct and logical consequences of these AI-driven enhancements in operational
efficiency. This table serves as an “at-a-glance” roadmap that visually confirms the central
thesis: across the entire O&G value chain, operational efficiency is the consistent and
indispensable mediator between AI adoption and financial performance.

A thematic synthesis of highly cited authors like Maucec and Garni (2019) and
Wang et al. (2019) further details this connection, providing specific case studies where AI
tools like automated ML and SVMs are used to enable process optimization and automation,
thus, consistently demonstrate that financial outcomes like “cost-saving” and “maximized
production” are the direct results of these AI-driven enhancements in operational efficiency,
which validates the authors’ main AI → OE → FP model.

The oil and gas (O&G) industry underpins the modern economy by supplying a
dominant share of global primary energy while enabling a vast array of downstream
products from transportation fuels to petrochemical feedstocks. Its value creation rests
on a tightly coupled, capital-intensive chain of activities that must operate reliably under
geological uncertainty, price volatility, stringent safety requirements, and growing decar-
bonization pressures. In this context, companies continuously balance resource access,
operational efficiency, and environmental stewardship to sustain competitiveness and
financial performance.
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The role of operational efficiency is evaluated using a mechanism-based triangula-
tion logic:

1. Bibliometric clustering is used to assess whether the literature co-locates AI topics
with efficiency and finance concepts.

2. Thematic synthesis identifies whether empirical papers report operational improve-
ments alongside stated financial outcomes.

3. Company cases (BP and Shell) are used to examine whether documented AI initia-
tives plausibly target efficiency mechanisms (downtime reduction, cost control) and
whether contemporaneous financial indicators (e.g., ROACE) move in a direction
consistent with improved capital efficiency. This provides indicative evidence of an
efficiency-mediated pathway while avoiding causal attribution.

4.2. Operational Efficiency in Oil and Gas Through AI

Operational efficiency, defined as maximizing output with minimal input, is a critical
performance metric in the capital-intensive oil and gas industry (Senses & Kumral, 2025).
AI adoption is a pathway for significantly enhancing operational efficiency across various
domains within the sector.

Enhanced Asset Management and Predictive Maintenance: AI-powered predictive
maintenance is transforming asset management in oil and gas. By analyzing sensor data,
historical maintenance records, and operational parameters, AI algorithms can predict
equipment failures with remarkable accuracy, allowing for proactive maintenance interven-
tions (Mobley, 2002). This predictive approach minimizes unplanned downtime, reduces
maintenance costs, extends asset lifespan, and improves overall equipment effectiveness
(OEE) (Mishra, 2012). For instance, AI can predict failures in critical equipment such as
pumps, compressors, and turbines, enabling timely repairs and preventing costly opera-
tional disruptions.

Due to failures of a multi-phase pump, BP deployed an AI-powered predictive main-
tenance solution to its unmanned platform in Tambar. After half a year, the AI software
notified Aker BP about the possibility of the multi-phase pump failing. The solution used a
normal behavior model, which tracked operational deviations (Numalis, 2024). Previously,
unplanned failures would cost more than $10 million in production. By predicting the
failure, the pump malfunction was averted, resulting in sustained production.

AI is instrumental in optimizing production processes across the oil and gas value
chain. In upstream operations, AI algorithms can optimize well placement, drilling trajecto-
ries, and production rates to maximize hydrocarbon recovery while minimizing operational
costs (Davoodi et al., 2025). In refineries, AI-based process control systems can optimize
process parameters such as temperature, pressure, and flow rates in real-time, leading
to increased throughput, improved product yields, and reduced energy consumption
(Noh et al., 2025). AI can also optimize energy usage across operations, reducing energy
intensity and improving environmental performance (Guo et al., 2025).

The AI-powered drilling rig allows Shell to optimize drilling trajectories, which helps
with better wellbore placement. The system is also armed with reinforcement learning to
learn over time.

Improved Safety and Risk Management: Safety is paramount in the hazardous oil and
gas industry. AI contributes to improved safety and risk management through various
applications. AI-powered monitoring systems can detect safety hazards, predict potential
accidents, and trigger timely alerts, enhancing workplace safety (Kim et al., 2024). AI is also
used for risk assessment and mitigation, analyzing historical incident data, identifying risk
factors, and developing proactive safety measures (Kulinan et al., 2025). Furthermore, AI-
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driven automation of hazardous tasks reduces human exposure to dangerous environments,
further improving safety (Baek et al., 2025).

4.3. Financial Performance Outcomes of AI Adoption

The improvements in operational efficiency driven by AI adoption are expected to
translate into tangible financial performance gains for oil and gas companies. These
monetary gains can take many different forms, such as greater profits, fewer expenses, and
additional revenue (Ibishova et al., 2024).

Revenue Enhancement: AI-driven production optimization can lead to increased
hydrocarbon production, boosting revenue for oil and gas companies (Mohaghegh, 2016).
Improved exploration success rates through AI-powered seismic data analysis can also
contribute to revenue growth by identifying new and commercially viable reserves
(Yuan et al., 2025). Furthermore, AI-driven demand forecasting and optimized pricing
strategies in downstream operations can enhance revenue generation (Kwon et al., 2022).

In the oil and gas sector, an industry defined by its staggering capital intensity and
long-duration, high-risk investments, financial metrics are not created equal. While metrics
such as EBIT (Earnings Before Interest and Taxes) or absolute Net Income are widely
used, they are insufficient for capturing the true measure of corporate performance. These
metrics effectively measure scale and profitability, but they inherently fail to account for
the efficiency with which the enormous capital base is being utilized.

This critical gap is filled by Return on Average Capital Employed (ROACE), which
shows how well a company uses its money to make profits. ROACE has been established
as a core financial indicator and one of the central target figures used by financial analysts
for the benchmarking and valuation of international oil and gas companies since the late
1990s (Osmundsen et al., 2006).

The formal definition of ROACE, as provided in industry analyses, is a ratio that
divides profitability by the capital used to generate it (Formula (1)):

ROACE =
EBIT

Average Total Assets − Current Liabilities
(1)

The structure of this Formula (1) is the key to its strategic importance: EBIT (Earnings
before interests and taxes), Current liabilities. Return on average capital employed (ROACE)
is a useful ratio when analyzing businesses in capital-intensive industries, such as oil.
Companies that earn more profit with less capital have a higher ROACE than less efficient
ones. The formula for the ratio uses EBIT in the numerator and divides that by average
total assets less average current liabilities. Therefore, ROACE is not a simple measure of
profit; it is the definitive measure of capital efficiency. ROACE is a key indicator of how
effectively firms convert invested capital (e.g., production facilities, pipelines, refineries,
and reserves) into operating returns.

This efficiency component is what elevates ROACE above all other metrics. It is
the lingua franca of value that translates complex operational achievements, such as
improvements in production efficiency, asset uptime, or maintenance schedules, into a
single, standardized, and comparable percentage. This percentage is understood by C-suite
executives, boards of directors, and financial analysts alike, serving as the essential bridge
between performance in the oil field and valuation on the stock market.

4.4. Analytical Approach for the BP and Shell Cases

Financial indicators (ROACE, EBIT, and operating cash flow, where used) were ex-
tracted directly from annual reports and investor materials, while AI initiative descriptions
were sourced from company publications and reputable technology partner documentation.
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Additionally, Brent price series were included to contextualize commodity-cycle effects and
isolate AI-driven performance from broader market volatility.

The BP and Shell cases are analyzed using a structured logic model that traces how
AI initiatives are expected to generate financial value through measurable operational effi-
ciency improvements. Rather than providing a descriptive inventory of digital initiatives,
the analysis evaluates whether the documented AI deployments (e.g., predictive mainte-
nance and digital twin programs) are linked to operational outcomes that plausibly affect
cost structure and asset utilization—two central drivers of ROACE in capital-intensive oil
and gas operations. The discussion therefore focuses on (i) the operational mechanisms tar-
geted by AI and (ii) whether the direction of observed operational and financial indicators
aligns with the proposed pathway, while recognizing that firm-level financial outcomes are
simultaneously shaped by commodity prices and strategic capital allocation decisions.

Table 4 operationalizes the proposed AI → OE → FP pathway by linking firm-level AI
initiatives (e.g., predictive maintenance, reliability analytics, and digital twins) to specific
operational mechanisms (reduced unplanned downtime, improved reliability, and cost
optimization) and to financial linkages reflected in capital-efficiency indicators such as
ROACE. The matrix also records key rival explanations (e.g., Brent price dynamics, port-
folio restructuring, capex discipline, and impairments) to clarify that observed financial
outcomes may be co-determined by external and strategic factors.

Table 4. Evidence-to-mechanism matrix for the AI → Operational Efficiency → Financial Performance
pathway (BP/Shell).

Firm AI Initiative
(Examples)

Targeted
Operational
Mechanism

Operational
Efficiency

Indicator(s)
Used in This

Study

Expected
Financial
Linkage

Financial
Indicator(s)

Used in This
Study

Key Rival
Explanations to
Acknowledge

Interpretation

BP

Predictive
mainte-

nance/reliability
analytics; digital

twins

Reduced
unplanned
downtime;
improved

maintenance
effectiveness;

optimized
operations

Unplanned
down-

time/reliability
proxy; unit
operating

cost/opex trend;
operational

performance
references in

reports

Lower opex +
higher

utilization →
improved
operating
profit and

capital
efficiency

ROACE
(primary);
supporting
profitabil-
ity/cash
metrics if
included

Brent price;
restructuring/cost

transformation;
portfolio changes;
capex discipline;

impair-
ments/divestments

Evidence is
consistent with

pathway if
operational

improvements
are

documented
and financial
performance
moves in a
direction

aligned with
improved

capital
efficiency

Shell

Predictive
maintenance;
digital twin;

optimiza-
tion/automation

Reduced
failure

frequency;
improved

uptime;
process
stability;

reduced en-
ergy/operating

costs

Reliability/uptime
proxy; unit cost

trend;
operational

performance
references in

reports

Efficiency
gains →

margin and
capital

efficiency
improvements

ROACE
(primary)

Brent price;
portfolio and

trading; capex;
divestments;

impairment effects
on capital
employed

4.5. Indicators for AI Implementation: Case Studies of BP

Digital twin and predictive analytics in the Gulf of Mexico—BP has rolled out “digital
twin” technology on its Gulf of America platforms. A digital replica of each platform
allows remote teams to conduct corrosion inspections and valve checks using laser scan
data and machine learning models, cutting the time and risk of manual offshore inspections
(bp America, 2025b). BP also uses high-performance computing and AI to optimize drilling
trajectories, reducing a months-long process to days.

The technology enables maintenance work to be planned and executed more
safely and efficiently, and the predictive models help prioritize areas needing attention
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(bp America, 2025a). This reduces unplanned downtime and maintenance costs in BP’s
offshore operations (bp America, 2025c).

By improving asset uptime and reducing capital tied up in equipment and mainte-
nance, these AI projects enhance asset productivity and lower capital employed. BP’s 2024
financial results show a ROACE of 14.2% (BP p.l.c., 2025). AI-driven efficiency supports this
metric by increasing returns (through higher production and cost savings) while limiting
additional capital investment. BP is using technology to drive innovation in its Gulf of
America operations, with safety and efficiency top of mind.

Figure 8 illustrates the historical correlation between BP’s financial performance
(BP, 2025), measured by ROACE, and global oil prices over a decade (2014–2024). The data
reveal a clear sensitivity of BP’s returns to crude oil price fluctuations, characterized by
three distinct phases:

• Market Volatility (2014–2020): Following the price crash in 2015 ($52/barrel) and the
demand shock in 2020 ($42/barrel), BP recorded negative ROACE values of −4.2%
and −4.9%, respectively. This underscores the vulnerability of capital returns during
periods of depressed commodity prices.

• Peak Performance (2022): A significant decoupling of historical efficiency is observed
in 2022. While oil prices reached $100/barrel, comparable to 2014 levels ($99/barrel
the ROACE in 2022 surged to 30.5%, compared to only 2.2% in 2014. This suggests sub-
stantial improvements in operational efficiency or capital discipline over the decade.

• Stabilization (2023–2024): As oil prices stabilized in the $80–$82 range, ROACE moder-
ated to 14.2% in 2023 and 6.9% in 2024, indicating a normalization of returns post-crisis.
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Figure 8. BP ROACE vs. Average Brent Crude Price (USD/barrel).

As shown in Figure 9, BP’s ROACE generally co-moves with the oil price cycle across
2014–2024, with pronounced deterioration in low-price periods and strong improvement
during the 2022 price upswing.

These case studies demonstrate that sustained reductions in operating expenses and
rising ROACE correspond to AI-enabled efficiency improvements. Monitoring ROACE,
therefore, provides a practical way to evaluate the effectiveness of AI implementation and
its contribution to operational efficiency and profitability.

While the operational logic of the documented AI initiatives is consistent with an
efficiency-driven value-creation pathway, firm-level financial performance—particularly
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ROACE—is also materially influenced by external and strategic factors. These include
oil price volatility (affecting realized revenues and operating profit), restructuring and
cost-transformation programs (affecting cost base independent of AI), capex and portfolio
rebalancing (affecting both operating performance and capital employed), and impair-
ments/divestments that can mechanically alter capital employed and thus ROACE. Accord-
ingly, the case evidence is interpreted as supportive but not exclusive: AI may contribute to
improved operational efficiency, but the magnitude of its contribution to ROACE cannot be
isolated without firm-level econometric identification or quasi-experimental designs.
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Figure 9. Shell ROACE vs. Average Brent Crude Price (USD/barrel).

Overall, BP’s case provides indicative support for the proposed pathway insofar as the
reported AI initiatives are explicitly oriented toward reliability and cost mechanisms that
plausibly improve capital efficiency. Where operational indicators or narrative disclosures
point to reduced downtime and improved cost control, subsequent ROACE movements
can be interpreted as consistent with the efficiency channel. However, because ROACE is
jointly determined by commodity prices and strategic capital decisions, the case should be
read as mechanism-consistent evidence rather than a causal estimate of AI impact.

4.6. Indicators for AI Implementation: Case Studies of Shell

Shell has a long history in technology and innovation. Shell has a global network of
R&D centers and works closely with our customers, suppliers, and partners also collaborate
with some of the world’s leading technology companies to deploy digital solutions at scale
across our business.

AI implementation and operations—Shell deployed an AI predictive maintenance
programme using machine learning models, digital twins and the C3 AI platform. The
system monitors more than 10,000 pieces of equipment across upstream, manufacturing and
integrated gas assets globally (C3 AI, 2022). It ingests data from over three million sensor
streams and runs thousands of ML models to detect anomalies in pumps, compressors,
valves and other critical machinery. The programme is integrated with Shell’s digital
twin environment, providing a virtual representation of assets and allowing engineers to
simulate and address issues remotely.

Operational efficiency outcomes—AI-based predictive maintenance reduces un-
planned downtime by using resources more efficiently and extending asset life (C3 AI, 2022).
According to Energies Media’s 2025 report on digital twins, Shell’s system monitors equip-
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ment in real time and cuts unplanned downtime by 35%, while also reducing maintenance
costs by 20% (Energies Media, 2025).

Financial performance outcomes—Shell’s AI-enabled maintenance programme yields
substantial cost savings. Energies Media reports that reducing unplanned downtime and
maintenance costs by 20% leads to about US$2 billion in annual savings. The system
also boosts equipment performance by about 15% (Energies Media, 2025), translating into
higher production and revenue. BP’s adoption of digital twin technology is credited with
producing 30,000 extra barrels of oil in one year, illustrating the financial benefit of similar
AI tools in the sector.

Shell’s Capital Markets Day 2025 guidance targets an increase in ROACE from 6%
in 2024 to around 10% by 2030 (Shell plc, 2025). The company notes that trading and
supply activities have historically added ~2% ROACE uplift per year. AI-enabled predictive
maintenance and optimization, which reduces unplanned downtime and improves resource
utilization (Velthuis, 2021), contribute to higher returns on existing assets and therefore
support the improvement in ROACE.

Shell’s 2025 Capital Markets Day materials stated that the company aims for $5–7 bn
of cumulative structural cost reductions from 2022 to 2028, partly through procurement
and supply chain optimization, cost savings from technology and AI implementation and
corporate center simplification.

As shown in Figure 9, Shell’s ROACE broadly co-moves with the oil-price cycle
between 2014 and 2024, with a marked decline in 2020 and a pronounced rebound during
the 2022 price upswing.

The analysis of Shell’s financial performance (Shell 2024, 2025) from 2014 to 2024
reveals a strong cyclical dependency on global crude oil prices, though with notable shifts
in capital efficiency over time. Three key trends define this period:

• Impact of the 2020 Downturn: The data underscores the severity of the 2020 market
collapse. As average oil prices fell to $42/barrel, Shell experienced its only negative
performance in the dataset, with ROACE dropping to -6.8%, a sharp decline from the
stable returns observed in 2018–2019.

• Efficiency Gains (2014 vs. 2022): A comparison of high-price environments indicates
improved operational leverage. In 2014, an oil price of $99/barrel yielded a ROACE of
7.1%. In contrast, when prices returned to a similar level in 2022 ($100/barrel), ROACE
more than doubled to 15.9%. This suggests that Shell has significantly lowered its
breakeven point or optimized assets over the decade.

• Post-Peak Normalization: As oil prices moderated to the $80–$82 range in 2023 and
2024, ROACE stabilized between 6.3% and 7.2%, mirroring levels seen in 2018–2019
but achieving them at higher commodity price points.

The dataset shows a direct correlation between oil price and ROACE. Notably, the
recovery slope post-2020 is steep, and the company achieved significantly higher returns in
2022 compared to 2014, despite nearly identical oil prices.

Shell’s case similarly offers mechanism-consistent evidence: AI initiatives targeted at
predictive maintenance and operational optimization map directly onto efficiency levers
(uptime and unit costs) that are theoretically linked to ROACE. Financial indicator trends
that align with improved operating performance are therefore interpreted as supportive of
the pathway, while acknowledging that price cycles, portfolio actions, and capital allocation
decisions remain important rival explanations.

Therefore, operational efficiency acts as an intermediary variable that explains how
AI adoption impacts financial performance. Understanding this mediating role is crucial
for oil and gas companies seeking to strategically leverage AI to achieve tangible financial
benefits. Companies need to focus not only on AI implementation but also on effectively
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leveraging AI to drive measurable improvements in operational efficiency to realize the
desired financial outcomes (Teece et al., 1997). In the respective field, many innovative
solutions are introduced on a regular basis.

5. Discussion
The combined bibliometric and thematic results indicate that the dominant stream of

AI research in oil and gas is not “AI for its own sake,” but AI as an operational capability
aimed at reliability, optimization (Ljarwan et al., 2025), and automation (Wei, 2023). This
is consistent with the sector’s economic logic: in capital-intensive operations, even small
improvements in uptime, maintenance effectiveness, and unit operating costs can scale
into substantial financial effects when applied across large asset bases.

At the same time, the case evidence underscores an important boundary condition:
financial outcomes (including ROACE) are jointly shaped by commodity-price cycles and
strategic decisions (portfolio, capex discipline, restructuring). Consequently, the value of
AI is most plausibly realized when digital initiatives are embedded in operational rou-
tines and governance that convert algorithmic insights into repeatable efficiency gains
(Al-Hajri et al., 2025). This supports treating operational efficiency as a primary value-
creation channel while also motivating future empirical mediation studies using standard-
ized KPIs and multi-firm panel data.

Despite the recognized potential of AI in the oil and gas industry, significant research
gaps remain, particularly concerning the empirical quantification of operational efficiency’s
mediating role, industry and application-specific financial outcomes, integration with
sustainability and ESG goals, and the influence of organizational and human factors, all
of which necessitate further investigation even amidst ongoing global research into AI
applications within this sector. While the literature highlights the significant potential of AI
in the oil and gas industry, several research gaps and areas for future inquiry remain.

Empirical Studies Quantifying the Mediating Effect: There is a need for more empirical
research that directly quantifies the mediating role of operational efficiency in the AI-
financial performance relationship. Future studies could employ statistical modelling and
mediation analysis techniques to rigorously test this mediating effect using industry data
(Baron & Kenny, 1986).

Industry-Specific and Application-Specific Analysis: Further research is needed to
examine the financial performance outcomes of AI adoption in specific segments of the oil
and gas industry (e.g., upstream, midstream, downstream) and for specific AI applications
(e.g., predictive maintenance, reservoir management, process optimization). This granular
analysis can provide more targeted insights for companies considering AI investments
(Ochieng et al., 2024). Those aspects are under research for academic researchers with the
practical involvement of practitioners.

Integration with Sustainability and ESG Goals: Future research should explore the
intersection of AI adoption, operational efficiency, financial performance, and sustainabil-
ity goals in the oil and gas industry. AI leverage to simultaneously improve financial
performance and contribute to environmental, social, and governance (ESG) objectives is
an increasingly important focus in the global focus on energy transition and sustainable
development (AlGhanem & Mendy, 2024).

Organizational and Human Factors: The literature could further explore the organi-
zational and human factors that influence the successful adoption and implementation
of AI in oil and gas. Factors such as organizational culture, workforce skills, change
management, and ethical considerations are critical for realizing the full potential of AI
(AlGhanem & Mendy, 2024).
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6. Implications
This study contributes to the oil and gas digital transformation literature by fore-

grounding a mechanism-based interpretation of AI value creation: operational efficiency is
a plausible primary channel through which AI capabilities translate into improved finan-
cial outcomes. The bibliometric clusters and thematic synthesis jointly indicate that most
impactful AI use cases focus on reliability, optimization, and automation—mechanisms
that directly influence cost structure, productivity, and capital utilization.

For practitioners, the findings support evaluating AI programs through an indicator
chain rather than isolated “technology adoption” metrics. Operational KPIs (e.g., downtime
reduction, maintenance cost, unit operating cost, throughput stability) should be tracked
alongside capital-efficiency outcomes (e.g., ROACE) to reflect whether AI is improving
returns on the existing asset base. The BP and Shell cases illustrate how predictive mainte-
nance and digital twin initiatives are typically justified through such efficiency mechanisms,
while emphasizing that observed ROACE trajectories must be interpreted in the context of
price cycles and strategic restructuring.

7. Conclusions
Using a dual approach that combines bibliometric mapping of 201 publications with

thematic synthesis and targeted case evidence, this study clarifies how AI adoption is
discussed and operationalized in the oil and gas sector. The evidence indicates that AI is
most consistently linked to financial outcomes when it is deployed to produce measurable
operational efficiency improvements—particularly in predictive maintenance, process
optimization, and reliability management. While the findings support a conceptual AI →
operational efficiency → financial performance pathway, the study does not claim causal
mediation and instead positions operational efficiency as a theoretically and empirically
plausible mechanism that requires future econometric testing.

8. Limitations
This review is limited by its reliance on English-language, Scopus-indexed sources,

which excludes grey literature and non-English case studies that may contain additional
evidence of AI deployments. Most included studies are descriptive or correlational, so
the mediating effect of operational efficiency on financial performance is theoretically
inferred rather than causally proven. Finally, the rapid evolution of AI technologies implies
that newly published use cases and firm deployments after the search period may not be
captured; the bibliometric results, therefore, represent a time-bounded snapshot of the
2010–2025 literature.
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