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A B S T R A C T 

Background: Electrical power organizations are adopting artificial 
intelligence (AI), digital twins, advanced analytics, and workflow automation 
while facing aging infrastructure, changing load patterns, scarce specialist 
labor, and strict reliability obligations.  
Objective: This article investigates how AI-enabled digital transformation 
relates to organizational decision-making, human resource management 
(HRM), and employee productivity in electricity generation, transmission, 
distribution, and utility support functions.  
Methods: An integrative, structured narrative review of identifiable 2024-
2026 peer-reviewed studies and reports from recognized research and 
standards organizations was undertaken. A cross-domain evidence matrix 
aligned operational use cases with organizational mechanisms, workforce 
outcomes, and assurance requirements. No primary interviews, experiments, 
or utility microdata were collected; thus no causal effect estimates are claimed. 
Results: The evidence supports a contingent model in which improved data 
availability and predictive capability can accelerate routine decisions, 
prioritize asset work, and support forecasting, whereas gains in human 
productivity depend on role redesign, training, trust, interoperability, and 
oversight. Benefits differ materially between office-based knowledge work and 
physically performed grid tasks. Algorithmic HRM creates opportunities for 
workforce planning and skill development but can also magnify bias, 
surveillance, opacity, and stress.  
Conclusion: Digital transformation is better understood as a jointly technical 
and organizational capability than as software deployment. A staged, human-
accountable governance architecture and a multidimensional evaluation 
scorecard are proposed for future empirical testing. 

  

 

 

Introduction 
Electricity systems are undergoing an unusually 

demanding transition. Power utilities must connect 

distributed energy resources, accommodate 

electrification, integrate weather-sensitive 

generation, protect cyber-physical assets, and 

preserve continuous service despite constrained 

capital and technical labor. Digitalization makes 

system measurements, asset histories, and 

operational documents available to decision-makers 

at greater frequency and scale; artificial intelligence 

can then detect patterns, forecast outcomes, or 

recommend actions. Yet availability of a prediction 

does not establish that it will improve operational 

decisions.   

In a highly regulated safety-critical industry, an 

inaccurate recommendation can have costs far 

beyond a typical administrative error. Recent sector-

level analyses therefore stress the interactions 

among technology, people, market design, and 

institutional capacity rather than assuming that 

algorithms alone transform the grid [1-4]. 

The practical appeal of AI is strongest when 

information dispersed and decisions taken 

repeatedly. Transmission operators assess 

constraints, utilities prioritize vegetation 
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management and preventive maintenance, 

customer-service teams resolve requests, and 

managers forecast staffing requirements.  

These activities span distinct time horizons and risk 

levels: some recommendations can be reviewed next 

week, whereas others may be relevant within 

seconds. The same AI application cannot be 

presumed appropriate across these settings. Explicit 

distinctions among decision support, automated 

execution, and autonomous control are consequently 

essential, and the boundary between them should be 

tied to hazard and reversibility [5-8]. 

This article addresses an important cross-

disciplinary gap. Power-system research often 

focuses on model accuracy and operational 

feasibility; management research emphasizes 

organizational decision quality and dynamic 

capabilities; HRM research studies fairness, worker 

experience, and skill formation. However, managers 

deploying AI simultaneously change the 

information reaching supervisors, the skill mix 

required of staff, and the way productivity is 

monitored. Evaluating only one of those 

dimensions’ risks moving costs from one 

organizational unit to another. We therefore treat AI 

adoption as an intervention in a socio-technical 

system and examine intended and unintended 

pathways to performance [9-12]. 

Three questions guide the synthesis: (RQ1) through 

which mechanisms do AI-enabled transformation 

influence decision speed, quality, and accountability 

in power organizations? (RQ2) how does it change 

workforce planning, recruitment, training, 

performance management, and employee agency? 

(RQ3) under what conditions do technical 

efficiencies become durable and equitable 

productivity improvements? The contribution is a 

transparent integrative review, an explicit causal 

logic for future field tests, and a practical 

implementation and measurement architecture. This 

is not presented as an original quantitative field 

study. 

 

Conceptual Foundations and Industry Context 

Digital transformation is defined here as the 

organization-wide redesign of processes, 

capabilities, and value delivery enabled by 

connected data and digital technologies. It includes 

sensors, supervisory control and data acquisition 

systems (SCADA), enterprise asset management, 

outage management, advanced distribution 

management, geographic information, and 

interfaces among operational technology (OT) and 

information technology (IT). AI is a subset of this 

transformation, ranging from statistical machine 

learning and optimization to deep learning, language 

models, and agentic applications. High-quality 

digital records are necessary but not sufficient for 

useful AI; contextual knowledge, operational 

constraints, and user acceptance remain decisive 

[1,3,13]. 

The electricity value chain offers complementary 

but non-identical adoption environments. 

Generation operators use condition monitoring, 

renewable forecasting, and scheduling; transmission 

operators work with contingency analysis, 

situational awareness, and asset health; distribution 

utilities coordinate outage restoration, inspections, 

crews, and distributed energy resources; corporate 

teams run finance, procurement, recruitment, 

compliance, and customer service. Their measures 

of success are also distinct: a reduction in energy not 

supplied cannot be inferred from a reduction in time 

spent preparing a report. Accordingly, outcome 

variables should be defined close to the process 

changed and then connected to enterprise objectives 

[1,4,7]. 

A socio-technical systems perspective explains why 

performance depends on alignment of tasks, people, 

structure, and tools. Complementary dynamic-

capabilities reasoning suggests that utilities must 

sense technology opportunities, seize them through 

workflow redesign, and continuously reconfigure 

knowledge and governance. Human-capital theory 

clarifies why model deployment without training 

can reduce rather than improve effective labor 

productivity. In this framework, AI maturity is 

neither a proxy for employee competence nor an 

automatic determinant of service reliability. Distinct 

operating environments, procurement rules, union 

arrangements, and national regulatory requirements 

moderate the observed relationship. 

Human-in-the-loop denotes a defined allocation of 

responsibilities in which qualified staff can inspect, 

challenge, amend, or reject consequential outputs. 

Meaningful oversight requires more than a nominal 

approval click: users need the inputs, constraints, 

uncertainty, alternative courses of action, and an 

auditable record. A tiered model of oversight is 

relevant because an automated document 

classification carries a different risk than a switching 

recommendation. Emerging work on grid copilots 

and decision-support standards reinforces the 

priority of verifiable outputs and clear decision 

authority [6,8,14]. 

 

Materials and Methods 

The study uses a structured integrative narrative-

review design. It synthesizes published evidence 

across disciplines rather than claiming to implement 

a fully exhaustive systematic review or a meta-

analysis. The time horizon covers materials 

published from January 2024 through October 2026, 

selected to reflect rapidly changing AI technologies 

and power-sector applications. Eligible evidence 

comprised peer-reviewed research articles, recent 

institutional reports from organizations such as the 

IEA, IRENA, ILO, and OECD, research laboratory 

documents, and relevant public governance 
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standards. Searches and verification were conducted 

using publicly accessible publisher and institutional 

bibliographic pages. English-language titles and 

sources with identifiable publication metadata and a 

clear relationship to at least one research question 

were prioritized. 

An explicit organizing matrix was built around four 

extraction dimensions: domain (operational 

decision, HRM, or productivity), intervention 

(specific AI or digital capability), mechanism (better 

information, coordination, prediction, allocation, 

learning, or monitoring), and qualifier (data quality, 

work design, trust, safety, equity, cybersecurity, or 

causal uncertainty). Sector-specific sources were 

given priority for claims about grid operations; 

cross-sector evidence was used for HRM 

mechanisms with transferability restrictions stated. 

The final reference collection includes more than 

twenty sources published within the stipulated 

window, with each item linked to an identifiable 

DOI or institutional landing page. 

The synthesis follows a reproducible logical 

sequence without inventing an exact search-result 

count: identify recent authoritative sources; screen 

titles and abstracts for sector relevance and 

workforce outcomes; group eligible material by 

mechanisms and risk settings; compare convergence 

and divergence among operational and social 

findings; formulate propositions and measurement 

suggestions; identify gaps that require prospective 

field evidence. Because database exports, duplicate 

removal logs, and independent dual screening were 

not conducted, a PRISMA flow diagram or pooled 

effect-size estimate would be misleading. The 

outcome is expressly a critical integrative review 

rather than a registered systematic review. 

Quality assessment was qualitative. Greater 

interpretive weight was assigned to studies with 

clear methods, transparent scope, and sector-specific 

operational relevance; broad forecasts were 

distinguished from observed performance. A 

reported model advantage in an offline benchmark is 

not treated as an established improvement in utility 

operations. Similarly, employee exposure to AI is 

not equivalent to job displacement, and a plausible 

organizational pathway is not presented as a proven 

causal relation. This restraint is central to evaluating 

technologies that have progressed faster than the 

available longitudinal evidence [10,15-17]. 

 

 

Table 1. Review design and interpretation boundaries 

Element Specified approach Interpretive limitation 

Period January 2024–October 2026 Evidence may change rapidly 

Sources 

Peer-reviewed papers; 

IEA/IRENA/ILO/OECD; national 

laboratories; standards 

Mixed study designs 

Synthesis 
Structured integrative narrative; 

thematic matrix 

No pooled effects or PRISMA 

counts 

Primary observations None collected No new causal estimates 

Core domains Decisions; HRM; productivity Sector-specificity varies 

Results: Decision-Making 

The most consistent theme in the operational 

literature is the improvement of information 

preparation. Forecasting tools combine 

meteorological, load, and grid-state information; 

anomaly detectors can draw attention to unusual 

equipment signatures; language models can 

summarize lengthy procedures or retrieve relevant 

technical documents. These applications may reduce 

search and synthesis effort, but they become 

valuable decisions only if the inputs are valid, 

recommendations respect physical operating limits, 

and staff can interpret confidence and consequences. 

Research on digital twins underlines interoperability 

and lifecycle-maintenance challenges, while power-

grid copilots emphasize physics-aware verification 

[3,5-8,13,18]. 

Decision speed is not a universal good. Faster low-

risk case routing may be desirable, whereas a time-

critical high-consequence recommendation requires 

selective friction: confirmation of topology, 

validation against protection settings, a second 

engineering check, or authorization by a named 

operator. The primary metric should therefore be 

decision quality under a defined risk-and-time 

budget. A decision is better when its chosen action 

is timely, evidence-grounded, constraint-compliant, 

and traceable, not simply when an algorithm emits 

an answer quickly. Under this criterion, human 

review may lengthen a step while improving the 

reliability of the overall process. 

Predictive maintenance provides a clear example of 

organizational mediation. Sensors and historical 

failure records generate asset-risk rankings. Planners 

must then combine risk with crew availability, spare 

parts, network redundancy, outage windows, access 

permissions, and expected interruption costs. A 

high-quality failure prediction can still have no 

effect if budget allocation or procurement approvals 

remain unchanged. Conversely, an imperfect 

prediction may produce benefits when used 

transparently to prioritize further inspection rather 

than to mandate replacement. Digitally enabled 

proactive-maintenance reviews and industrial 

digital-twin evidence converge on this dependency 
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between models and actionable maintenance 

services [18-20]. 

Decision-making may also become less accountable 

when AI recommendations are difficult to explain. 

Automation bias can encourage operators to defer to 

high-confidence displays; fragmented system 

ownership can obscure who accepted a 

recommendation; and vendor-managed systems can 

limit the ability to reproduce past results. These risks 

are especially acute in network operations, 

protection, and cybersecurity. As an organizational 

design principle, the final decision record should 

contain model version, data timestamp, constraint 

checks, user identity, overrides, and subsequent 

outcome. Such records support near-miss learning 

and legitimate audit, not only compliance [8,14,21]. 

 

 

Table 2. Illustrative AI use cases and minimum assurance expectations 

Process AI-assisted output Potential benefit Required safeguard 

Load forecasting Forecast and uncertainty 
Planning and reserve 

preparation 

Back-testing and 

scenario checks 

Asset maintenance 
Risk ranking / failure 

signals 
Priority setting 

Engineer confirmation 

and field inspection 

Outage operations Incident classification 
Faster dispatch 

preparation 

Control-room 

authorization 

Network operation 
Constraint-aware 

suggestion 
Situational awareness 

Physics-based validation; 

operator control 

Procedure retrieval Document synthesis Search-time reduction 
Controlled corpus and 

citation checks 

Results: Human Resource Management 

AI-related HRM applications span job-demand 

forecasting, applicant screening, competency 

mapping, learning personalization, rostering, work 

allocation, and performance dashboards. Electricity 

utilities face a distinctive labor profile because many 

critical tasks involve licensed field workers, 

engineers, specialized technicians, and institutional 

knowledge accumulated through long experience. 

The IEA reports persistent skilled-labor shortages 

and aging in grid occupations, alongside relatively 

limited AI skill concentrations in the energy sector 

[2,22]. As a result, HR digitalization should 

prioritize workforce capacity and knowledge 

transfer rather than assume automation will replace 

scarce field expertise. 

Recruitment analytics can help identify missing 

competencies and improve candidate matching, but 

historical hiring datasets may reproduce inequities 

or undervalue nontraditional career pathways. For 

this sector, job-relevant assessments of electrical 

safety, regulatory knowledge, and practical 

troubleshooting are likely to be more defensible than 

opaque proxy scores. Algorithmic recommendations 

should be checked for disparate outcomes, 

accessibility, data minimization, and appeal rights. 

Recent HRM research documents the importance of 

algorithmic fairness, transparent governance, and 

continued human judgment; however, the evidence 

is largely cross-sectoral and should be tested before 

assuming direct validity for utilities [11,23-25]. 

Personalized learning is a promising bridge between 

digital transformation and productivity. A utility can 

use competency inventories to offer targeted 

SCADA training, grid-model interpretation, 

cybersecurity awareness, or augmented-reality 

maintenance guidance. Yet completion of an e-

learning module should not be conflated with a field-

ready skill. Competence assurance requires 

supervisor observation, realistic simulations, and 

formal authorization for safety-critical work. 

Mentoring and structured documentation by 

experienced staff can preserve tacit knowledge 

during retirement transitions. AI-supported 

knowledge retrieval should supplement, not replace, 

formal safety procedures and qualified trainers 

[2,6,22]. 

Employee surveillance represents a countervailing 

mechanism. Detailed productivity tracking, 

algorithmic scheduling, and automated performance 

rankings may create perceived unfairness, intensify 

workloads, or erode discretion. In the power 

industry these effects could discourage near-miss 

reporting and reduce willingness to challenge AI 

outputs, thereby jeopardizing operational learning. 

The HR governance response is joint design with 

worker representatives, role-specific explainability, 

limits on secondary data use, and explicit separation 

of developmental feedback from automated 

disciplinary decisions. The literature on algorithmic 

management and worker experience indicates that 

workforce well-being must be treated as a 

performance outcome, not as a residual concern 

[16,24,26]. 
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Table 3. HRM opportunities, risk pathways, and safeguards 

HRM function Opportunity Material risk Protective design 

Hiring 
Competency-based 

matching 
Historical bias 

Fairness testing and 

appeal 

Learning Adaptive skill pathways False competence signals Practical assessment 

Workforce planning Skill-gap forecasting 
Opaque staffing 

assumptions 
Scenario review 

Scheduling Better coordination 
Fatigue and unfair 

allocation 

Human escalation / labor 

input 

Performance Timely coaching Surveillance and distrust 
Purpose limitation and 

worker voice 

Results: Employee Productivity 

Productivity is multidimensional. For knowledge 

work it may be the number of correctly resolved 

cases, the time spent preparing an engineering study, 

or documentation rework. For operations it may be 

inspected assets per safe work-hour, avoided 

outages, restoration coordination quality, or 

validated work orders. For leadership, it may be the 

decision cycle for capital planning without 

sacrificing safety or inclusion. A simple “tasks per 

employee” ratio can reward low-value throughput 

and conceal deterioration in work quality. A 

defensible evaluation therefore pairs efficiency with 

effectiveness, safety, service, and experience 

indicators. 

Generative AI can provide immediate support for 

report drafting, procedural search, classification, 

coding, and synthesis of historical cases. These 

efficiencies may be visible in finance, HR, customer 

operations, and engineering office workflows. 

However, the IEA observes that present AI use cases 

do not substantially resolve the shortage of manual, 

applied technical energy workers [2]. Electricity 

field work involves site access, physical repair, 

regulatory authorization, and situational risk 

assessment. AI can improve dispatch preparation 

and reduce unnecessary inspections, but cannot be 

assumed to replace those embodied tasks. The effect 

is often augmentation, with a redistribution of tasks 

within roles [15,22]. 

Net productivity must include the full operating cost 

of digital work. Model validation, data stewardship, 

cybersecurity review, retraining, error remediation, 

vendor oversight, and added electrical demand all 

consume resources. A pilot can appear efficient 

when its integration and governance costs are 

excluded. Conversely, an initially costly 

implementation may yield enduring value by 

improving asset knowledge and reducing repeat 

failures. The relevant analytic unit is therefore the 

end-to-end work process, evaluated over a 

sufficiently long period to capture learning and 

maintenance effects [1,3,27]. 

Productivity gains may also be unevenly distributed. 

Skilled workers able to audit models can benefit 

more than novice users; dispersed rural utilities can 

face data and connectivity constraints; poorly 

designed monitoring may undermine autonomy 

despite increased throughput. Skill 

complementarities mean that benefits depend on 

leadership, trust, accessible training, and a genuine 

ability to contest erroneous recommendations. 

Cross-sector OECD and ILO evidence is consistent 

with task-level augmentation and growing skills 

needs, while cautioning against interpreting 

occupational exposure as proof of realized 

productivity or employment change [15,17,28]. 

 

 

Table 4. Proposed balanced productivity measurement system (illustrative; not measured data) 

Dimension Potential indicator Important control 

Decision quality 
Verified action accuracy; rework 

rate 
Case mix and risk severity 

Efficiency 
Net minutes saved per validated 

task 
Audit/training time included 

Reliability SAIDI/SAIFI; unserved energy Weather and asset exposure 

Safety Near misses; procedure deviations Reporting culture 

Human capital Skills demonstrated in assessment Role/experience composition 

Well-being Workload, trust, autonomy Participation and privacy 

Integrated Socio-Technical Mechanisms 

The synthesis identifies a chain of six mechanisms: 

data readiness, analytic capability, decision 

integration, work redesign, governance, and 

measured organizational outcomes. Data readiness 

determines whether consistent event timestamps, 

asset identifiers, workforce records, and network 

topology are available. Analytic capability translates 

records into forecasts, alerts, or recommendations. 

Decision integration places that output within an 

actual workflow, complete with clear ownership and 

escalation rules. Work redesign assigns tasks 
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between humans and machines. Governance defines 

data rights, safety thresholds, security, and 

accountability. Outcomes can then be observed in 

reliability, decision quality, productivity, fairness, 

and learning. This sequence suggests that digital 

transformation operates through interacting 

mediators rather than one direct effect. Improved 

forecasting can increase the quality of operational 

decisions only if decision-makers accept and act on 

the forecast. HR-enabled training may increase the 

capacity to interpret model outputs and report errors. 

Better decision quality may in turn improve resource 

allocation and reduce avoidable work. Yet reverse 

relationships are plausible: more productive teams 

can invest more resources in data governance and 

model refinement. Cross-sectional correlations 

between AI maturity and performance would be 

insufficient to identify causal direction. Five 

moderators should be tested explicitly in future field 

studies: infrastructure condition, regulatory 

environment, organizational learning climate, 

baseline data maturity, and availability of digital and 

electrical engineering skills. A sixth, algorithmic 

criticality, is essential to the grid context: a model 

that suggests parts procurement should face different 

controls than one proposing a topology-changing 

action. A seventh is employee participation in 

system design, expected to influence adoption, 

fairness perceptions, and error-reporting behavior. 

These moderators help explain why comparable 

tools can deliver sharply different results across 

utilities. The resulting propositions are directional 

and falsifiable.  

 P1: higher data interoperability predicts 

better decisions through improved 

information completeness, conditional on 

operator verification. P2: AI-supported 

learning predicts higher task-level 

productivity through competence gains, 

moderated by role-specific training.  

 P3: performance-monitoring intensity 

without worker participation predicts lower 

trust and more work-related strain.  

 P4: human-accountable assurance reduces 

safety-related failure risk in high-criticality 

AI workflows.  

 P5: process-level productivity gains 

mediate the relationship between AI use 

and enterprise outcomes more strongly 

than raw technology adoption counts. None 

of these propositions is claimed as 

empirically confirmed here. 

 

 
Figure 1. Proposed socio-technical pathway; conceptual synthesis, not an empirically estimated model. 

 

Discussion 

The combined literature supports neither 

unconditional technological optimism nor blanket 

skepticism. AI is especially promising when it 

improves a difficult information problem with an 

observable connection to action: identifying high-

risk assets, summarizing engineering constraints, 

forecasting demand, or improving the prioritization 

of crews. However, a plausible performance 

mechanism is not a guaranteed effect. The largest 

divergence between laboratory and field settings 

often lies in data quality, interoperability, 

operational constraints, and organizational 

readiness. Industry-focused research on digital twins 

explicitly identifies this research-practice gap, 

indicating that technical novelty can outpace a 

utility’s ability to institutionalize solutions [19,20]. 

An important distinction is between operational and 

administrative efficiency. An AI assistant that drafts 

an outage report may save time without changing the 

outage duration; a maintenance recommendation 

may reduce failure exposure without reducing 

personnel hours; a workforce-planning model may 

improve skill allocation while increasing near-term 

training costs. Managers should not treat all gains as 

interchangeable or immediately monetizable. 

Balanced scorecards can prevent reporting bias by 

pairing reported efficiency with reliability, 

employee capability, cyber resilience, and customer 

outcomes. Outcome definitions should be approved 

before implementation and reviewed after model 

updates. 

Organizational accountability is central because 

power-sector systems have safety and public-service 

obligations. Recent grid-specific research 

emphasizes trusted decision support, physics-based 

checks, and operator-centered interfaces, rather than 

unrestricted language-model autonomy [6,8,14]. 

The sector should resist deploying general-purpose 

systems into critical processes simply because they 

appear fluent. A reliable operating model can 

combine retrieval from controlled procedures, 

deterministic power-flow or protection software, 

explicit uncertainty flags, and a final accountable 

human decision. This layered architecture is 
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arguably less spectacular than autonomy but more 

compatible with assurance requirements. 

HRM is not an add-on to this architecture. The same 

utility that introduces sophisticated load forecasting 

must train operators to interpret predictions, define 

ownership of model incidents, maintain a recruiting 

pipeline for engineers and technicians, and protect 

workers from unjustified automated assessments. 

Skills shortages make these complements especially 

important. Employees who fear punishment for 

contradicting algorithmic outputs may withhold 

precisely the local knowledge needed to identify 

model failures. A learning-oriented, just culture is 

therefore a performance resource, not merely an 

ethical aspiration [2,11,16]. 

 

Practical Implementation Roadmap 

Phase 1, establish the baseline. Executives and 

technical teams should inventory operational and 

HR systems; classify prospective use cases by 

criticality; map data provenance; measure existing 

decision times, rework, reliability, training 

readiness, and employee experience. They should 

avoid creating “AI success” metrics only after a pilot 

has begun. A named sponsor, process owner, safety 

reviewer, security lead, HR representative, and 

workforce liaison should jointly approve both 

intended benefits and unacceptable failure modes. 

Phase 2, pilot bounded augmentation. Initial projects 

should focus on traceable, reversible, high-

frequency tasks, such as technical document 

retrieval, inspection prioritization, or assisted work-

order classification. Models should be tested on 

temporally separated historical data, realistic 

seasonal conditions, and out-of-distribution 

examples. A shadow mode lets teams observe 

predictions without changing live control. Where 

practicable, randomized assignment or matched 

comparison groups can distinguish technology 

benefits from seasonal effects and prior performance 

trends. 

Phase 3, integrate training and governance. Before 

live use, organizations should map new 

responsibilities, create documented override and 

incident-reporting pathways, and validate user 

competencies. Procurement specifications should 

address ownership and portability of data, access 

controls, audit logs, model change management, 

vendor concentration, and security testing. 

Generative AI applications require particular 

attention to unreliable outputs and inappropriate 

disclosure. NIST guidance provides a useful control 

vocabulary, while sector-specific policies remain 

necessary [21]. 

Phase 4, scale with independent evaluation. Success 

should be assessed over a maintenance or operating 

cycle using predeclared measures: human-verified 

model performance, decision quality, avoided 

rework, reliability, costs, training completion plus 

demonstrated competence, and employee trust. A 

steering group should authorize expansion only 

when observed value exceeds full implementation 

and governance costs. Models require periodic 

reassessment as grid topology, workforce 

composition, weather conditions, and market rules 

change. Scaling is an organizational learning 

process rather than a one-time software rollout. 

 

 

Table 5. Staged rollout and decision gates 

Stage Deliverable Gate to progress 

Baseline 
Workflow map; risk and data 

inventory 
Owner and baseline approved 

Pilot 
Bounded model; shadow 

validation 
Performance on realistic cases 

Integration 
Training, overrides, security 

controls 
Verified staff readiness 

Scale 
Independent scorecard; cost 

review 
Net value with acceptable risk 

Load forecasting: 

A major practical issue in load forecasting is weather 

volatility and changing demand. In the electrical 

power industry, system performance is contingent 

on technical limitations, institutional 

responsibilities, and the local context of 

implementation. The first stage of an AI project 

should therefore identify the concrete decision it is 

expected to improve and the existing baseline 

against which its contribution will be assessed. 

Teams should make explicit whether the tool 

supplies information, recommends one of several 

feasible options, or executes a decision. This 

distinction determines the necessary operating 

permissions, evidence standard, and level of 

supervision. A model that performs well in 

development is not necessarily an improvement for 

the people making the actual decision. Each 

deployment requires practical scrutiny of the steps 

between a prediction and an authorized operational 

outcome. 

Useful data for this domain include time-stamped 

smart meter and generation data. Effective 

integration requires consistent definitions, recorded 

provenance, suitable access controls, periodic 

checks for missing or stale records, and a 

mechanism for staff to report disagreement between 

digital representations and observed reality. Data 
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quality should be evaluated within subgroups and 

atypical conditions because pooled averages can 

conceal poor performance exactly where the 

consequences are largest. Project leaders should 

document what input attributes are available when 

the decision is actually made rather than only in 

retrospective research datasets. A controlled 

comparison with established professional practice is 

essential. If a proposed model relies on information 

that arrives after the relevant decision window, its 

apparent forecasting performance would not 

translate to practical value. The principal 

implementation concern is systematic error across 

seasons. Risk assessment should trace foreseeable 

failures from data collection through model 

estimation, interface presentation, human 

interpretation, and downstream action. In this 

setting, an auditable human-in-the-loop design has 

substantive value when staff can inspect 

assumptions, see alternative actions, reject 

unsupported results, and initiate a documented 

escalation. Meaningful involvement should include 

forecasters and system operators. Their practical 

knowledge can reveal safety constraints, unusual 

cases, or hidden workload effects that may not 

appear in developers' test sets. The organization 

should specify stop-use triggers, fallback 

procedures, model ownership, and the review 

required after a material update. It should avoid 

treating compliance signatures as a substitute for 

genuine operational oversight. A rigorous outcome 

assessment would prioritize forecast accuracy and 

planning changes, supplemented by measures of 

task time, safety, quality, total resource use, and 

worker experience. Before-and-after differences 

must be interpreted cautiously if weather conditions, 

staffing levels, infrastructure investments, 

operational rules, or customer behavior also 

changed. Where possible, the project should use 

matched comparison settings, phased adoption, and 

documented implementation dates. Qualitative 

evidence from employees can clarify why a 

technically successful model did not produce an 

organizational benefit, or why a simpler tool worked 

better. Results should report uncertainty, cases in 

which the model fails, and ongoing maintenance 

expenditure. For load forecasting, a justified 

conclusion is one about observed end-to-end work 

improvement, not software adoption or algorithmic 

novelty alone. 

 

Grid congestion management: 

A major practical issue in grid congestion 

management is thermal limits and uncertain network 

topology. In the electrical power industry, system 

performance is contingent on technical limitations, 

institutional responsibilities, and the local context of 

implementation. The first stage of an AI project 

should therefore identify the concrete decision it is 

expected to improve and the existing baseline 

against which its contribution will be assessed. 

Teams should make explicit whether the tool 

supplies information, recommends one of several 

feasible options, or executes a decision. This 

distinction determines the necessary operating 

permissions, evidence standard, and level of 

supervision. A model that performs well in 

development is not necessarily an improvement for 

the people making the actual decision. Each 

deployment requires practical scrutiny of the steps 

between a prediction and an authorized operational 

outcome. 

Useful data for this domain include power flows, 

asset ratings and contingency models. Effective 

integration requires consistent definitions, recorded 

provenance, suitable access controls, periodic 

checks for missing or stale records, and a 

mechanism for staff to report disagreement between 

digital representations and observed reality. Data 

quality should be evaluated within subgroups and 

atypical conditions because pooled averages can 

conceal poor performance exactly where the 

consequences are largest. Project leaders should 

document what input attributes are available when 

the decision is actually made rather than only in 

retrospective research datasets. A controlled 

comparison with established professional practice is 

essential. If a proposed model relies on information 

that arrives after the relevant decision window, its 

apparent forecasting performance would not 

translate to practical value. The principal 

implementation concern is unsafe or infeasible 

switching suggestions. Risk assessment should trace 

foreseeable failures from data collection through 

model estimation, interface presentation, human 

interpretation, and downstream action. In this 

setting, an auditable human-in-the-loop design has 

substantive value when staff can inspect 

assumptions, see alternative actions, reject 

unsupported results, and initiate a documented 

escalation. Meaningful involvement should include 

dispatchers and protection engineers. Their practical 

knowledge can reveal safety constraints, unusual 

cases, or hidden workload effects that may not 

appear in developers' test sets. The organization 

should specify stop-use triggers, fallback 

procedures, model ownership, and the review 

required after a material update. It should avoid 

treating compliance signatures as a substitute for 

genuine operational oversight. A rigorous outcome 

assessment would prioritize validated constraint 

satisfaction, supplemented by measures of task time, 

safety, quality, total resource use, and worker 

experience. Before-and-after differences must be 

interpreted cautiously if weather conditions, staffing 

levels, infrastructure investments, operational rules, 

or customer behavior also changed. Where possible, 

the project should use matched comparison settings, 

phased adoption, and documented implementation 

dates. Qualitative evidence from employees can 
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clarify why a technically successful model did not 

produce an organizational benefit, or why a simpler 

tool worked better. Results should report 

uncertainty, cases in which the model fails, and 

ongoing maintenance expenditure. For grid 

congestion management, a justified conclusion is 

one about observed end-to-end work improvement, 

not software adoption or algorithmic novelty alone. 

 

Predictive asset maintenance: 

A major practical issue in predictive asset 

maintenance is rare failures and heterogeneous asset 

ages. In the electrical power industry, system 

performance is contingent on technical limitations, 

institutional responsibilities, and the local context of 

implementation. The first stage of an AI project 

should therefore identify the concrete decision it is 

expected to improve and the existing baseline 

against which its contribution will be assessed. 

Teams should make explicit whether the tool 

supplies information, recommends one of several 

feasible options, or executes a decision. This 

distinction determines the necessary operating 

permissions, evidence standard, and level of 

supervision. A model that performs well in 

development is not necessarily an improvement for 

the people making the actual decision. Each 

deployment requires practical scrutiny of the steps 

between a prediction and an authorized operational 

outcome. 

Useful data for this domain include sensor streams 

and work-order history. Effective integration 

requires consistent definitions, recorded 

provenance, suitable access controls, periodic 

checks for missing or stale records, and a 

mechanism for staff to report disagreement between 

digital representations and observed reality. Data 

quality should be evaluated within subgroups and 

atypical conditions because pooled averages can 

conceal poor performance exactly where the 

consequences are largest. Project leaders should 

document what input attributes are available when 

the decision is actually made rather than only in 

retrospective research datasets. A controlled 

comparison with established professional practice is 

essential. If a proposed model relies on information 

that arrives after the relevant decision window, its 

apparent forecasting performance would not 

translate to practical value. The principal 

implementation concern is false alarms and missed 

critical faults. Risk assessment should trace 

foreseeable failures from data collection through 

model estimation, interface presentation, human 

interpretation, and downstream action. In this 

setting, an auditable human-in-the-loop design has 

substantive value when staff can inspect 

assumptions, see alternative actions, reject 

unsupported results, and initiate a documented 

escalation. Meaningful involvement should include 

technicians and maintenance planners. Their 

practical knowledge can reveal safety constraints, 

unusual cases, or hidden workload effects that may 

not appear in developers' test sets. The organization 

should specify stop-use triggers, fallback 

procedures, model ownership, and the review 

required after a material update. It should avoid 

treating compliance signatures as a substitute for 

genuine operational oversight. A rigorous outcome 

assessment would prioritize condition-adjusted 

maintenance outcomes, supplemented by measures 

of task time, safety, quality, total resource use, and 

worker experience. Before-and-after differences 

must be interpreted cautiously if weather conditions, 

staffing levels, infrastructure investments, 

operational rules, or customer behavior also 

changed. Where possible, the project should use 

matched comparison settings, phased adoption, and 

documented implementation dates. Qualitative 

evidence from employees can clarify why a 

technically successful model did not produce an 

organizational benefit, or why a simpler tool worked 

better. Results should report uncertainty, cases in 

which the model fails, and ongoing maintenance 

expenditure. For predictive asset maintenance, a 

justified conclusion is one about observed end-to-

end work improvement, not software adoption or 

algorithmic novelty alone. 

 

Outage restoration: 

A major practical issue in outage restoration is 

simultaneous incidents and incomplete situational 

awareness. In the electrical power industry, system 

performance is contingent on technical limitations, 

institutional responsibilities, and the local context of 

implementation. The first stage of an AI project 

should therefore identify the concrete decision it is 

expected to improve and the existing baseline 

against which its contribution will be assessed. 

Teams should make explicit whether the tool 

supplies information, recommends one of several 

feasible options, or executes a decision. This 

distinction determines the necessary operating 

permissions, evidence standard, and level of 

supervision. A model that performs well in 

development is not necessarily an improvement for 

the people making the actual decision. Each 

deployment requires practical scrutiny of the steps 

between a prediction and an authorized operational 

outcome. 

Useful data for this domain include outage calls, GIS 

topology and meter events. Effective integration 

requires consistent definitions, recorded 

provenance, suitable access controls, periodic 

checks for missing or stale records, and a 

mechanism for staff to report disagreement between 

digital representations and observed reality. Data 

quality should be evaluated within subgroups and 

atypical conditions because pooled averages can 

conceal poor performance exactly where the 

consequences are largest. Project leaders should 
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document what input attributes are available when 

the decision is actually made rather than only in 

retrospective research datasets. A controlled 

comparison with established professional practice is 

essential. If a proposed model relies on information 

that arrives after the relevant decision window, its 

apparent forecasting performance would not 

translate to practical value. The principal 

implementation concern is mis prioritized critical 

services. Risk assessment should trace foreseeable 

failures from data collection through model 

estimation, interface presentation, human 

interpretation, and downstream action. In this 

setting, an auditable human-in-the-loop design has 

substantive value when staff can inspect 

assumptions, see alternative actions, reject 

unsupported results, and initiate a documented 

escalation. Meaningful involvement should include 

control-room staff and field crews. Their practical 

knowledge can reveal safety constraints, unusual 

cases, or hidden workload effects that may not 

appear in developers' test sets. The organization 

should specify stop-use triggers, fallback 

procedures, model ownership, and the review 

required after a material update. It should avoid 

treating compliance signatures as a substitute for 

genuine operational oversight. A rigorous outcome 

assessment would prioritize restoration quality and 

safe dispatch, supplemented by measures of task 

time, safety, quality, total resource use, and worker 

experience. Before-and-after differences must be 

interpreted cautiously if weather conditions, staffing 

levels, infrastructure investments, operational rules, 

or customer behavior also changed. Where possible, 

the project should use matched comparison settings, 

phased adoption, and documented implementation 

dates. Qualitative evidence from employees can 

clarify why a technically successful model did not 

produce an organizational benefit, or why a simpler 

tool worked better. Results should report 

uncertainty, cases in which the model fails, and 

ongoing maintenance expenditure. For outage 

restoration, a justified conclusion is one about 

observed end-to-end work improvement, not 

software adoption or algorithmic novelty alone. 

 

Distributed energy resources: 

A major practical issue in distributed energy 

resources is bidirectional flow and decentralized 

assets. In the electrical power industry, system 

performance is contingent on technical limitations, 

institutional responsibilities, and the local context of 

implementation. The first stage of an AI project 

should therefore identify the concrete decision it is 

expected to improve and the existing baseline 

against which its contribution will be assessed. 

Teams should make explicit whether the tool 

supplies information, recommends one of several 

feasible options, or executes a decision. This 

distinction determines the necessary operating 

permissions, evidence standard, and level of 

supervision. A model that performs well in 

development is not necessarily an improvement for 

the people making the actual decision. Each 

deployment requires practical scrutiny of the steps 

between a prediction and an authorized operational 

outcome. 

Useful data for this domain include inverter 

telemetry and feeder state. Effective integration 

requires consistent definitions, recorded 

provenance, suitable access controls, periodic 

checks for missing or stale records, and a 

mechanism for staff to report disagreement between 

digital representations and observed reality. Data 

quality should be evaluated within subgroups and 

atypical conditions because pooled averages can 

conceal poor performance exactly where the 

consequences are largest. Project leaders should 

document what input attributes are available when 

the decision is actually made rather than only in 

retrospective research datasets. A controlled 

comparison with established professional practice is 

essential. If a proposed model relies on information 

that arrives after the relevant decision window, its 

apparent forecasting performance would not 

translate to practical value. The principal 

implementation concern is incorrect flexibility 

availability. Risk assessment should trace 

foreseeable failures from data collection through 

model estimation, interface presentation, human 

interpretation, and downstream action. In this 

setting, an auditable human-in-the-loop design has 

substantive value when staff can inspect 

assumptions, see alternative actions, reject 

unsupported results, and initiate a documented 

escalation. Meaningful involvement should include 

DER coordinators and planners. Their practical 

knowledge can reveal safety constraints, unusual 

cases, or hidden workload effects that may not 

appear in developers' test sets. The organization 

should specify stop-use triggers, fallback 

procedures, model ownership, and the review 

required after a material update. It should avoid 

treating compliance signatures as a substitute for 

genuine operational oversight. A rigorous outcome 

assessment would prioritize curtailment and 

validated scheduling, supplemented by measures of 

task time, safety, quality, total resource use, and 

worker experience. Before-and-after differences 

must be interpreted cautiously if weather conditions, 

staffing levels, infrastructure investments, 

operational rules, or customer behavior also 

changed. Where possible, the project should use 

matched comparison settings, phased adoption, and 

documented implementation dates. Qualitative 

evidence from employees can clarify why a 

technically successful model did not produce an 

organizational benefit, or why a simpler tool worked 

better. Results should report uncertainty, cases in 

which the model fails, and ongoing maintenance 
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expenditure. For distributed energy resources, a 

justified conclusion is one about observed end-to-

end work improvement, not software adoption or 

algorithmic novelty alone. 

 

Renewable generation forecasts: 

A major practical issue in renewable generation 

forecasts is meteorological shifts and intermittent 

output. In the electrical power industry, system 

performance is contingent on technical limitations, 

institutional responsibilities, and the local context of 

implementation. The first stage of an AI project 

should therefore identify the concrete decision it is 

expected to improve and the existing baseline 

against which its contribution will be assessed. 

Teams should make explicit whether the tool 

supplies information, recommends one of several 

feasible options, or executes a decision. This 

distinction determines the necessary operating 

permissions, evidence standard, and level of 

supervision. A model that performs well in 

development is not necessarily an improvement for 

the people making the actual decision. Each 

deployment requires practical scrutiny of the steps 

between a prediction and an authorized operational 

outcome. 

Useful data for this domain include weather 

forecasts and plant performance history. Effective 

integration requires consistent definitions, recorded 

provenance, suitable access controls, periodic 

checks for missing or stale records, and a 

mechanism for staff to report disagreement between 

digital representations and observed reality. Data 

quality should be evaluated within subgroups and 

atypical conditions because pooled averages can 

conceal poor performance exactly where the 

consequences are largest. Project leaders should 

document what input attributes are available when 

the decision is actually made rather than only in 

retrospective research datasets. A controlled 

comparison with established professional practice is 

essential. If a proposed model relies on information 

that arrives after the relevant decision window, its 

apparent forecasting performance would not 

translate to practical value. The principal 

implementation concern is unreliable forecasts 

during extremes. Risk assessment should trace 

foreseeable failures from data collection through 

model estimation, interface presentation, human 

interpretation, and downstream action. In this 

setting, an auditable human-in-the-loop design has 

substantive value when staff can inspect 

assumptions, see alternative actions, reject 

unsupported results, and initiate a documented 

escalation. Meaningful involvement should include 

renewables analysts. Their practical knowledge can 

reveal safety constraints, unusual cases, or hidden 

workload effects that may not appear in developers' 

test sets. The organization should specify stop-use 

triggers, fallback procedures, model ownership, and 

the review required after a material update. It should 

avoid treating compliance signatures as a substitute 

for genuine operational oversight. A rigorous 

outcome assessment would prioritize imbalance 

error under varying conditions, supplemented by 

measures of task time, safety, quality, total resource 

use, and worker experience. Before-and-after 

differences must be interpreted cautiously if weather 

conditions, staffing levels, infrastructure 

investments, operational rules, or customer behavior 

also changed. Where possible, the project should use 

matched comparison settings, phased adoption, and 

documented implementation dates. Qualitative 

evidence from employees can clarify why a 

technically successful model did not produce an 

organizational benefit, or why a simpler tool worked 

better. Results should report uncertainty, cases in 

which the model fails, and ongoing maintenance 

expenditure. For renewable generation forecasts, a 

justified conclusion is one about observed end-to-

end work improvement, not software adoption or 

algorithmic novelty alone. 

 

Generation scheduling: 

A major practical issue in generation scheduling is 

fuel constraints and unit availability. In the electrical 

power industry, system performance is contingent 

on technical limitations, institutional 

responsibilities, and the local context of 

implementation. The first stage of an AI project 

should therefore identify the concrete decision it is 

expected to improve and the existing baseline 

against which its contribution will be assessed. 

Teams should make explicit whether the tool 

supplies information, recommends one of several 

feasible options, or executes a decision. This 

distinction determines the necessary operating 

permissions, evidence standard, and level of 

supervision. A model that performs well in 

development is not necessarily an improvement for 

the people making the actual decision. Each 

deployment requires practical scrutiny of the steps 

between a prediction and an authorized operational 

outcome. 

Useful data for this domain include unit 

commitment records and plant telemetry. Effective 

integration requires consistent definitions, recorded 

provenance, suitable access controls, periodic 

checks for missing or stale records, and a 

mechanism for staff to report disagreement between 

digital representations and observed reality. Data 

quality should be evaluated within subgroups and 

atypical conditions because pooled averages can 

conceal poor performance exactly where the 

consequences are largest. Project leaders should 

document what input attributes are available when 

the decision is actually made rather than only in 

retrospective research datasets. A controlled 

comparison with established professional practice is 

essential. If a proposed model relies on information 
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that arrives after the relevant decision window, its 

apparent forecasting performance would not 

translate to practical value. The principal 

implementation concern is infeasible schedules. 

Risk assessment should trace foreseeable failures 

from data collection through model estimation, 

interface presentation, human interpretation, and 

downstream action. In this setting, an auditable 

human-in-the-loop design has substantive value 

when staff can inspect assumptions, see alternative 

actions, reject unsupported results, and initiate a 

documented escalation. Meaningful involvement 

should include plant operators and market analysts. 

Their practical knowledge can reveal safety 

constraints, unusual cases, or hidden workload 

effects that may not appear in developers' test sets. 

The organization should specify stop-use triggers, 

fallback procedures, model ownership, and the 

review required after a material update. It should 

avoid treating compliance signatures as a substitute 

for genuine operational oversight. A rigorous 

outcome assessment would prioritize total 

scheduling cost with constraints, supplemented by 

measures of task time, safety, quality, total resource 

use, and worker experience. Before-and-after 

differences must be interpreted cautiously if weather 

conditions, staffing levels, infrastructure 

investments, operational rules, or customer behavior 

also changed. Where possible, the project should use 

matched comparison settings, phased adoption, and 

documented implementation dates. Qualitative 

evidence from employees can clarify why a 

technically successful model did not produce an 

organizational benefit, or why a simpler tool worked 

better. Results should report uncertainty, cases in 

which the model fails, and ongoing maintenance 

expenditure. For generation scheduling, a justified 

conclusion is one about observed end-to-end work 

improvement, not software adoption or algorithmic 

novelty alone. 

 

Demand response: 

A major practical issue in demand response is 

customer consent and uncertain participation. In the 

electrical power industry, system performance is 

contingent on technical limitations, institutional 

responsibilities, and the local context of 

implementation. The first stage of an AI project 

should therefore identify the concrete decision it is 

expected to improve and the existing baseline 

against which its contribution will be assessed. 

Teams should make explicit whether the tool 

supplies information, recommends one of several 

feasible options, or executes a decision. This 

distinction determines the necessary operating 

permissions, evidence standard, and level of 

supervision. A model that performs well in 

development is not necessarily an improvement for 

the people making the actual decision. Each 

deployment requires practical scrutiny of the steps 

between a prediction and an authorized operational 

outcome. 

Useful data for this domain include opt-in status and 

load profiles. Effective integration requires 

consistent definitions, recorded provenance, suitable 

access controls, periodic checks for missing or stale 

records, and a mechanism for staff to report 

disagreement between digital representations and 

observed reality. Data quality should be evaluated 

within subgroups and atypical conditions because 

pooled averages can conceal poor performance 

exactly where the consequences are largest. Project 

leaders should document what input attributes are 

available when the decision is actually made rather 

than only in retrospective research datasets. A 

controlled comparison with established professional 

practice is essential. If a proposed model relies on 

information that arrives after the relevant decision 

window, its apparent forecasting performance would 

not translate to practical value. The principal 

implementation concern is unequal customer 

impact. Risk assessment should trace foreseeable 

failures from data collection through model 

estimation, interface presentation, human 

interpretation, and downstream action. In this 

setting, an auditable human-in-the-loop design has 

substantive value when staff can inspect 

assumptions, see alternative actions, reject 

unsupported results, and initiate a documented 

escalation. Meaningful involvement should include 

program managers and customer advisors. Their 

practical knowledge can reveal safety constraints, 

unusual cases, or hidden workload effects that may 

not appear in developers' test sets. The organization 

should specify stop-use triggers, fallback 

procedures, model ownership, and the review 

required after a material update. It should avoid 

treating compliance signatures as a substitute for 

genuine operational oversight. A rigorous outcome 

assessment would prioritize verified flexibility and 

comfort effects, supplemented by measures of task 

time, safety, quality, total resource use, and worker 

experience. Before-and-after differences must be 

interpreted cautiously if weather conditions, staffing 

levels, infrastructure investments, operational rules, 

or customer behavior also changed. Where possible, 

the project should use matched comparison settings, 

phased adoption, and documented implementation 

dates. Qualitative evidence from employees can 

clarify why a technically successful model did not 

produce an organizational benefit, or why a simpler 

tool worked better. Results should report 

uncertainty, cases in which the model fails, and 

ongoing maintenance expenditure. For demand 

response, a justified conclusion is one about 

observed end-to-end work improvement, not 

software adoption or algorithmic novelty alone. 
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Voltage and reactive power: 

A major practical issue in voltage and reactive 

power is local variations in feeder behavior. In the 

electrical power industry, system performance is 

contingent on technical limitations, institutional 

responsibilities, and the local context of 

implementation. The first stage of an AI project 

should therefore identify the concrete decision it is 

expected to improve and the existing baseline 

against which its contribution will be assessed. 

Teams should make explicit whether the tool 

supplies information, recommends one of several 

feasible options, or executes a decision. This 

distinction determines the necessary operating 

permissions, evidence standard, and level of 

supervision. A model that performs well in 

development is not necessarily an improvement for 

the people making the actual decision. Each 

deployment requires practical scrutiny of the steps 

between a prediction and an authorized operational 

outcome. 

Useful data for this domain include voltage sensors 

and network models. Effective integration requires 

consistent definitions, recorded provenance, suitable 

access controls, periodic checks for missing or stale 

records, and a mechanism for staff to report 

disagreement between digital representations and 

observed reality. Data quality should be evaluated 

within subgroups and atypical conditions because 

pooled averages can conceal poor performance 

exactly where the consequences are largest. Project 

leaders should document what input attributes are 

available when the decision is actually made rather 

than only in retrospective research datasets. A 

controlled comparison with established professional 

practice is essential. If a proposed model relies on 

information that arrives after the relevant decision 

window, its apparent forecasting performance would 

not translate to practical value. The principal 

implementation concern is protection interactions. 

Risk assessment should trace foreseeable failures 

from data collection through model estimation, 

interface presentation, human interpretation, and 

downstream action. In this setting, an auditable 

human-in-the-loop design has substantive value 

when staff can inspect assumptions, see alternative 

actions, reject unsupported results, and initiate a 

documented escalation. Meaningful involvement 

should include distribution engineers. Their 

practical knowledge can reveal safety constraints, 

unusual cases, or hidden workload effects that may 

not appear in developers' test sets. The organization 

should specify stop-use triggers, fallback 

procedures, model ownership, and the review 

required after a material update. It should avoid 

treating compliance signatures as a substitute for 

genuine operational oversight. A rigorous outcome 

assessment would prioritize power quality and 

engineering checks, supplemented by measures of 

task time, safety, quality, total resource use, and 

worker experience. Before-and-after differences 

must be interpreted cautiously if weather conditions, 

staffing levels, infrastructure investments, 

operational rules, or customer behavior also 

changed. Where possible, the project should use 

matched comparison settings, phased adoption, and 

documented implementation dates. Qualitative 

evidence from employees can clarify why a 

technically successful model did not produce an 

organizational benefit, or why a simpler tool worked 

better. Results should report uncertainty, cases in 

which the model fails, and ongoing maintenance 

expenditure. For voltage and reactive power, a 

justified conclusion is one about observed end-to-

end work improvement, not software adoption or 

algorithmic novelty alone. 

 

Vegetation risk: 

A major practical issue in vegetation risk is weather-

driven exposure and uneven monitoring. In the 

electrical power industry, system performance is 

contingent on technical limitations, institutional 

responsibilities, and the local context of 

implementation. The first stage of an AI project 

should therefore identify the concrete decision it is 

expected to improve and the existing baseline 

against which its contribution will be assessed. 

Teams should make explicit whether the tool 

supplies information, recommends one of several 

feasible options, or executes a decision. This 

distinction determines the necessary operating 

permissions, evidence standard, and level of 

supervision. A model that performs well in 

development is not necessarily an improvement for 

the people making the actual decision. Each 

deployment requires practical scrutiny of the steps 

between a prediction and an authorized operational 

outcome. 

Useful data for this domain include remote imagery 

and inspection history. Effective integration requires 

consistent definitions, recorded provenance, suitable 

access controls, periodic checks for missing or stale 

records, and a mechanism for staff to report 

disagreement between digital representations and 

observed reality. Data quality should be evaluated 

within subgroups and atypical conditions because 

pooled averages can conceal poor performance 

exactly where the consequences are largest. Project 

leaders should document what input attributes are 

available when the decision is actually made rather 

than only in retrospective research datasets. A 

controlled comparison with established professional 

practice is essential. If a proposed model relies on 

information that arrives after the relevant decision 

window, its apparent forecasting performance would 

not translate to practical value. The principal 

implementation concern is geographical sampling 

bias. Risk assessment should trace foreseeable 

failures from data collection through model 

estimation, interface presentation, human 
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interpretation, and downstream action. In this 

setting, an auditable human-in-the-loop design has 

substantive value when staff can inspect 

assumptions, see alternative actions, reject 

unsupported results, and initiate a documented 

escalation. Meaningful involvement should include 

arborists and line maintenance staff. Their practical 

knowledge can reveal safety constraints, unusual 

cases, or hidden workload effects that may not 

appear in developers' test sets. The organization 

should specify stop-use triggers, fallback 

procedures, model ownership, and the review 

required after a material update. It should avoid 

treating compliance signatures as a substitute for 

genuine operational oversight. A rigorous outcome 

assessment would prioritize verified risk 

prioritization, supplemented by measures of task 

time, safety, quality, total resource use, and worker 

experience. Before-and-after differences must be 

interpreted cautiously if weather conditions, staffing 

levels, infrastructure investments, operational rules, 

or customer behavior also changed. Where possible, 

the project should use matched comparison settings, 

phased adoption, and documented implementation 

dates. Qualitative evidence from employees can 

clarify why a technically successful model did not 

produce an organizational benefit, or why a simpler 

tool worked better. Results should report 

uncertainty, cases in which the model fails, and 

ongoing maintenance expenditure. For vegetation 

risk, a justified conclusion is one about observed 

end-to-end work improvement, not software 

adoption or algorithmic novelty alone. 

 

Technical document copilots: 

A major practical issue in technical document 

copilots is obsolete and conflicting procedures. In 

the electrical power industry, system performance is 

contingent on technical limitations, institutional 

responsibilities, and the local context of 

implementation. The first stage of an AI project 

should therefore identify the concrete decision it is 

expected to improve and the existing baseline 

against which its contribution will be assessed. 

Teams should make explicit whether the tool 

supplies information, recommends one of several 

feasible options, or executes a decision. This 

distinction determines the necessary operating 

permissions, evidence standard, and level of 

supervision. A model that performs well in 

development is not necessarily an improvement for 

the people making the actual decision. Each 

deployment requires practical scrutiny of the steps 

between a prediction and an authorized operational 

outcome. 

Useful data for this domain include controlled 

document libraries and revisions. Effective 

integration requires consistent definitions, recorded 

provenance, suitable access controls, periodic 

checks for missing or stale records, and a 

mechanism for staff to report disagreement between 

digital representations and observed reality. Data 

quality should be evaluated within subgroups and 

atypical conditions because pooled averages can 

conceal poor performance exactly where the 

consequences are largest. Project leaders should 

document what input attributes are available when 

the decision is actually made rather than only in 

retrospective research datasets. A controlled 

comparison with established professional practice is 

essential. If a proposed model relies on information 

that arrives after the relevant decision window, its 

apparent forecasting performance would not 

translate to practical value. The principal 

implementation concern is plausible but 

unsupported technical answers. Risk assessment 

should trace foreseeable failures from data 

collection through model estimation, interface 

presentation, human interpretation, and downstream 

action. In this setting, an auditable human-in-the-

loop design has substantive value when staff can 

inspect assumptions, see alternative actions, reject 

unsupported results, and initiate a documented 

escalation. Meaningful involvement should include 

engineers and compliance teams. Their practical 

knowledge can reveal safety constraints, unusual 

cases, or hidden workload effects that may not 

appear in developers' test sets. The organization 

should specify stop-use triggers, fallback 

procedures, model ownership, and the review 

required after a material update. It should avoid 

treating compliance signatures as a substitute for 

genuine operational oversight. A rigorous outcome 

assessment would prioritize source-verified answer 

accuracy, supplemented by measures of task time, 

safety, quality, total resource use, and worker 

experience. Before-and-after differences must be 

interpreted cautiously if weather conditions, staffing 

levels, infrastructure investments, operational rules, 

or customer behavior also changed. Where possible, 

the project should use matched comparison settings, 

phased adoption, and documented implementation 

dates. Qualitative evidence from employees can 

clarify why a technically successful model did not 

produce an organizational benefit, or why a simpler 

tool worked better. Results should report 

uncertainty, cases in which the model fails, and 

ongoing maintenance expenditure. For technical 

document copilots, a justified conclusion is one 

about observed end-to-end work improvement, not 

software adoption or algorithmic novelty alone. 

 

Digital twins: 

A major practical issue in digital twins is mismatch 

between simulation and physical assets. In the 

electrical power industry, system performance is 

contingent on technical limitations, institutional 

responsibilities, and the local context of 

implementation. The first stage of an AI project 

should therefore identify the concrete decision it is 
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expected to improve and the existing baseline 

against which its contribution will be assessed. 

Teams should make explicit whether the tool 

supplies information, recommends one of several 

feasible options, or executes a decision. This 

distinction determines the necessary operating 

permissions, evidence standard, and level of 

supervision. A model that performs well in 

development is not necessarily an improvement for 

the people making the actual decision. Each 

deployment requires practical scrutiny of the steps 

between a prediction and an authorized operational 

outcome. 

Useful data for this domain include asset identifiers 

and network parameters. Effective integration 

requires consistent definitions, recorded 

provenance, suitable access controls, periodic 

checks for missing or stale records, and a 

mechanism for staff to report disagreement between 

digital representations and observed reality. Data 

quality should be evaluated within subgroups and 

atypical conditions because pooled averages can 

conceal poor performance exactly where the 

consequences are largest. Project leaders should 

document what input attributes are available when 

the decision is actually made rather than only in 

retrospective research datasets. A controlled 

comparison with established professional practice is 

essential. If a proposed model relies on information 

that arrives after the relevant decision window, its 

apparent forecasting performance would not 

translate to practical value. The principal 

implementation concern is false confidence from 

stale models. Risk assessment should trace 

foreseeable failures from data collection through 

model estimation, interface presentation, human 

interpretation, and downstream action. In this 

setting, an auditable human-in-the-loop design has 

substantive value when staff can inspect 

assumptions, see alternative actions, reject 

unsupported results, and initiate a documented 

escalation. Meaningful involvement should include 

modelers and field engineers. Their practical 

knowledge can reveal safety constraints, unusual 

cases, or hidden workload effects that may not 

appear in developers' test sets. The organization 

should specify stop-use triggers, fallback 

procedures, model ownership, and the review 

required after a material update. It should avoid 

treating compliance signatures as a substitute for 

genuine operational oversight. A rigorous outcome 

assessment would prioritize validated scenario 

outcomes, supplemented by measures of task time, 

safety, quality, total resource use, and worker 

experience. Before-and-after differences must be 

interpreted cautiously if weather conditions, staffing 

levels, infrastructure investments, operational rules, 

or customer behavior also changed. Where possible, 

the project should use matched comparison settings, 

phased adoption, and documented implementation 

dates. Qualitative evidence from employees can 

clarify why a technically successful model did not 

produce an organizational benefit, or why a simpler 

tool worked better. Results should report 

uncertainty, cases in which the model fails, and 

ongoing maintenance expenditure. For digital twins, 

a justified conclusion is one about observed end-to-

end work improvement, not software adoption or 

algorithmic novelty alone. 

 

SCADA and OT integration: 

A major practical issue in scada and integration is 

legacy systems and strict availability requirements. 

In the electrical power industry, system performance 

is contingent on technical limitations, institutional 

responsibilities, and the local context of 

implementation. The first stage of an AI project 

should therefore identify the concrete decision it is 

expected to improve and the existing baseline 

against which its contribution will be assessed. 

Teams should make explicit whether the tool 

supplies information, recommends one of several 

feasible options, or executes a decision. This 

distinction determines the necessary operating 

permissions, evidence standard, and level of 

supervision. A model that performs well in 

development is not necessarily an improvement for 

the people making the actual decision. Each 

deployment requires practical scrutiny of the steps 

between a prediction and an authorized operational 

outcome. 

Useful data for this domain include secured OT 

interfaces and access logs. Effective integration 

requires consistent definitions, recorded 

provenance, suitable access controls, periodic 

checks for missing or stale records, and a 

mechanism for staff to report disagreement between 

digital representations and observed reality. Data 

quality should be evaluated within subgroups and 

atypical conditions because pooled averages can 

conceal poor performance exactly where the 

consequences are largest. Project leaders should 

document what input attributes are available when 

the decision is actually made rather than only in 

retrospective research datasets. A controlled 

comparison with established professional practice is 

essential. If a proposed model relies on information 

that arrives after the relevant decision window, its 

apparent forecasting performance would not 

translate to practical value. The principal 

implementation concern is expanded attack surfaces. 

Risk assessment should trace foreseeable failures 

from data collection through model estimation, 

interface presentation, human interpretation, and 

downstream action. In this setting, an auditable 

human-in-the-loop design has substantive value 

when staff can inspect assumptions, see alternative 

actions, reject unsupported results, and initiate a 

documented escalation. Meaningful involvement 

should include OT security and system engineers. 
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Their practical knowledge can reveal safety 

constraints, unusual cases, or hidden workload 

effects that may not appear in developers' test sets. 

The organization should specify stop-use triggers, 

fallback procedures, model ownership, and the 

review required after a material update. It should 

avoid treating compliance signatures as a substitute 

for genuine operational oversight. A rigorous 

outcome assessment would prioritize secure uptime 

and incident readiness, supplemented by measures 

of task time, safety, quality, total resource use, and 

worker experience. Before-and-after differences 

must be interpreted cautiously if weather conditions, 

staffing levels, infrastructure investments, 

operational rules, or customer behavior also 

changed. Where possible, the project should use 

matched comparison settings, phased adoption, and 

documented implementation dates. Qualitative 

evidence from employees can clarify why a 

technically successful model did not produce an 

organizational benefit, or why a simpler tool worked 

better. Results should report uncertainty, cases in 

which the model fails, and ongoing maintenance 

expenditure. For scada and ot integration, a justified 

conclusion is one about observed end-to-end work 

improvement, not software adoption or algorithmic 

novelty alone. 

 

Cyber-threat detection: 

A major practical issue in cyber-threat detection is 

adaptive malicious behavior and false positives. In 

the electrical power industry, system performance is 

contingent on technical limitations, institutional 

responsibilities, and the local context of 

implementation. The first stage of an AI project 

should therefore identify the concrete decision it is 

expected to improve and the existing baseline 

against which its contribution will be assessed. 

Teams should make explicit whether the tool 

supplies information, recommends one of several 

feasible options, or executes a decision. This 

distinction determines the necessary operating 

permissions, evidence standard, and level of 

supervision. A model that performs well in 

development is not necessarily an improvement for 

the people making the actual decision. Each 

deployment requires practical scrutiny of the steps 

between a prediction and an authorized operational 

outcome. 

Useful data for this domain include network event 

logs and equipment events. Effective integration 

requires consistent definitions, recorded 

provenance, suitable access controls, periodic 

checks for missing or stale records, and a 

mechanism for staff to report disagreement between 

digital representations and observed reality. Data 

quality should be evaluated within subgroups and 

atypical conditions because pooled averages can 

conceal poor performance exactly where the 

consequences are largest. Project leaders should 

document what input attributes are available when 

the decision is actually made rather than only in 

retrospective research datasets. A controlled 

comparison with established professional practice is 

essential. If a proposed model relies on information 

that arrives after the relevant decision window, its 

apparent forecasting performance would not 

translate to practical value. The principal 

implementation concern is alert fatigue and missed 

intrusions. Risk assessment should trace foreseeable 

failures from data collection through model 

estimation, interface presentation, human 

interpretation, and downstream action. In this 

setting, an auditable human-in-the-loop design has 

substantive value when staff can inspect 

assumptions, see alternative actions, reject 

unsupported results, and initiate a documented 

escalation. Meaningful involvement should include 

security analysts and operators. Their practical 

knowledge can reveal safety constraints, unusual 

cases, or hidden workload effects that may not 

appear in developers' test sets. The organization 

should specify stop-use triggers, fallback 

procedures, model ownership, and the review 

required after a material update. It should avoid 

treating compliance signatures as a substitute for 

genuine operational oversight. A rigorous outcome 

assessment would prioritize tested detection and 

recovery, supplemented by measures of task time, 

safety, quality, total resource use, and worker 

experience. Before-and-after differences must be 

interpreted cautiously if weather conditions, staffing 

levels, infrastructure investments, operational rules, 

or customer behavior also changed. Where possible, 

the project should use matched comparison settings, 

phased adoption, and documented implementation 

dates. Qualitative evidence from employees can 

clarify why a technically successful model did not 

produce an organizational benefit, or why a simpler 

tool worked better. Results should report 

uncertainty, cases in which the model fails, and 

ongoing maintenance expenditure. For cyber-threat 

detection, a justified conclusion is one about 

observed end-to-end work improvement, not 

software adoption or algorithmic novelty alone. 

 

Data quality stewardship: 

A major practical issue in data quality stewardship 

is inconsistent identifiers and missing 

measurements. In the electrical power industry, 

system performance is contingent on technical 

limitations, institutional responsibilities, and the 

local context of implementation. The first stage of 

an AI project should therefore identify the concrete 

decision it is expected to improve and the existing 

baseline against which its contribution will be 

assessed. Teams should make explicit whether the 

tool supplies information, recommends one of 

several feasible options, or executes a decision. This 

distinction determines the necessary operating 
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permissions, evidence standard, and level of 

supervision. A model that performs well in 

development is not necessarily an improvement for 

the people making the actual decision. Each 

deployment requires practical scrutiny of the steps 

between a prediction and an authorized operational 

outcome. 

Useful data for this domain include provenance 

records and quality rules. Effective integration 

requires consistent definitions, recorded 

provenance, suitable access controls, periodic 

checks for missing or stale records, and a 

mechanism for staff to report disagreement between 

digital representations and observed reality. Data 

quality should be evaluated within subgroups and 

atypical conditions because pooled averages can 

conceal poor performance exactly where the 

consequences are largest. Project leaders should 

document what input attributes are available when 

the decision is actually made rather than only in 

retrospective research datasets. A controlled 

comparison with established professional practice is 

essential. If a proposed model relies on information 

that arrives after the relevant decision window, its 

apparent forecasting performance would not 

translate to practical value. The principal 

implementation concern is hidden errors propagated 

to multiple tools. Risk assessment should trace 

foreseeable failures from data collection through 

model estimation, interface presentation, human 

interpretation, and downstream action. In this 

setting, an auditable human-in-the-loop design has 

substantive value when staff can inspect 

assumptions, see alternative actions, reject 

unsupported results, and initiate a documented 

escalation. Meaningful involvement should include 

data owners and users. Their practical knowledge 

can reveal safety constraints, unusual cases, or 

hidden workload effects that may not appear in 

developers' test sets. The organization should 

specify stop-use triggers, fallback procedures, 

model ownership, and the review required after a 

material update. It should avoid treating compliance 

signatures as a substitute for genuine operational 

oversight. A rigorous outcome assessment would 

prioritize record completeness and error correction, 

supplemented by measures of task time, safety, 

quality, total resource use, and worker experience. 

Before-and-after differences must be interpreted 

cautiously if weather conditions, staffing levels, 

infrastructure investments, operational rules, or 

customer behavior also changed. Where possible, 

the project should use matched comparison settings, 

phased adoption, and documented implementation 

dates. Qualitative evidence from employees can 

clarify why a technically successful model did not 

produce an organizational benefit, or why a simpler 

tool worked better. Results should report 

uncertainty, cases in which the model fails, and 

ongoing maintenance expenditure. For data quality 

stewardship, a justified conclusion is one about 

observed end-to-end work improvement, not 

software adoption or algorithmic novelty alone. 

 

Recruitment analytics: 

A major practical issue in recruitment analytics is 

skills shortages and biased historical selection. In the 

electrical power industry, system performance is 

contingent on technical limitations, institutional 

responsibilities, and the local context of 

implementation. The first stage of an AI project 

should therefore identify the concrete decision it is 

expected to improve and the existing baseline 

against which its contribution will be assessed. 

Teams should make explicit whether the tool 

supplies information, recommends one of several 

feasible options, or executes a decision. This 

distinction determines the necessary operating 

permissions, evidence standard, and level of 

supervision. A model that performs well in 

development is not necessarily an improvement for 

the people making the actual decision. Each 

deployment requires practical scrutiny of the steps 

between a prediction and an authorized operational 

outcome. 

Useful data for this domain include job-related 

assessments and applicant records. Effective 

integration requires consistent definitions, recorded 

provenance, suitable access controls, periodic 

checks for missing or stale records, and a 

mechanism for staff to report disagreement between 

digital representations and observed reality. Data 

quality should be evaluated within subgroups and 

atypical conditions because pooled averages can 

conceal poor performance exactly where the 

consequences are largest. Project leaders should 

document what input attributes are available when 

the decision is actually made rather than only in 

retrospective research datasets. A controlled 

comparison with established professional practice is 

essential. If a proposed model relies on information 

that arrives after the relevant decision window, its 

apparent forecasting performance would not 

translate to practical value. The principal 

implementation concern is disparate screening 

outcomes. Risk assessment should trace foreseeable 

failures from data collection through model 

estimation, interface presentation, human 

interpretation, and downstream action. In this 

setting, an auditable human-in-the-loop design has 

substantive value when staff can inspect 

assumptions, see alternative actions, reject 

unsupported results, and initiate a documented 

escalation. Meaningful involvement should include 

HR personnel and hiring engineers. Their practical 

knowledge can reveal safety constraints, unusual 

cases, or hidden workload effects that may not 

appear in developers' test sets. The organization 

should specify stop-use triggers, fallback 

procedures, model ownership, and the review 
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required after a material update. It should avoid 

treating compliance signatures as a substitute for 

genuine operational oversight. A rigorous outcome 

assessment would prioritize candidate quality and 

fairness checks, supplemented by measures of task 

time, safety, quality, total resource use, and worker 

experience. Before-and-after differences must be 

interpreted cautiously if weather conditions, staffing 

levels, infrastructure investments, operational rules, 

or customer behavior also changed. Where possible, 

the project should use matched comparison settings, 

phased adoption, and documented implementation 

dates. Qualitative evidence from employees can 

clarify why a technically successful model did not 

produce an organizational benefit, or why a simpler 

tool worked better. Results should report 

uncertainty, cases in which the model fails, and 

ongoing maintenance expenditure. For recruitment 

analytics, a justified conclusion is one about 

observed end-to-end work improvement, not 

software adoption or algorithmic novelty alone. 

 

Competency mapping: 

A major practical issue in competency mapping is 

fast-evolving technical skill combinations. In the 

electrical power industry, system performance is 

contingent on technical limitations, institutional 

responsibilities, and the local context of 

implementation. The first stage of an AI project 

should therefore identify the concrete decision it is 

expected to improve and the existing baseline 

against which its contribution will be assessed. 

Teams should make explicit whether the tool 

supplies information, recommends one of several 

feasible options, or executes a decision. This 

distinction determines the necessary operating 

permissions, evidence standard, and level of 

supervision. A model that performs well in 

development is not necessarily an improvement for 

the people making the actual decision. Each 

deployment requires practical scrutiny of the steps 

between a prediction and an authorized operational 

outcome. 

Useful data for this domain include validated role 

maps and training histories. Effective integration 

requires consistent definitions, recorded 

provenance, suitable access controls, periodic 

checks for missing or stale records, and a 

mechanism for staff to report disagreement between 

digital representations and observed reality. Data 

quality should be evaluated within subgroups and 

atypical conditions because pooled averages can 

conceal poor performance exactly where the 

consequences are largest. Project leaders should 

document what input attributes are available when 

the decision is actually made rather than only in 

retrospective research datasets. A controlled 

comparison with established professional practice is 

essential. If a proposed model relies on information 

that arrives after the relevant decision window, its 

apparent forecasting performance would not 

translate to practical value. The principal 

implementation concern is overstated proficiency. 

Risk assessment should trace foreseeable failures 

from data collection through model estimation, 

interface presentation, human interpretation, and 

downstream action. In this setting, an auditable 

human-in-the-loop design has substantive value 

when staff can inspect assumptions, see alternative 

actions, reject unsupported results, and initiate a 

documented escalation. Meaningful involvement 

should include training specialists and supervisors. 

Their practical knowledge can reveal safety 

constraints, unusual cases, or hidden workload 

effects that may not appear in developers' test sets. 

The organization should specify stop-use triggers, 

fallback procedures, model ownership, and the 

review required after a material update. It should 

avoid treating compliance signatures as a substitute 

for genuine operational oversight. A rigorous 

outcome assessment would prioritize independently 

demonstrated competence, supplemented by 

measures of task time, safety, quality, total resource 

use, and worker experience. Before-and-after 

differences must be interpreted cautiously if weather 

conditions, staffing levels, infrastructure 

investments, operational rules, or customer behavior 

also changed. Where possible, the project should use 

matched comparison settings, phased adoption, and 

documented implementation dates. Qualitative 

evidence from employees can clarify why a 

technically successful model did not produce an 

organizational benefit, or why a simpler tool worked 

better. Results should report uncertainty, cases in 

which the model fails, and ongoing maintenance 

expenditure. For competency mapping, a justified 

conclusion is one about observed end-to-end work 

improvement, not software adoption or algorithmic 

novelty alone. 

 

Training personalization: 

A major practical issue in training personalization is 

heterogeneous experience and role criticality. In the 

electrical power industry, system performance is 

contingent on technical limitations, institutional 

responsibilities, and the local context of 

implementation. The first stage of an AI project 

should therefore identify the concrete decision it is 

expected to improve and the existing baseline 

against which its contribution will be assessed. 

Teams should make explicit whether the tool 

supplies information, recommends one of several 

feasible options, or executes a decision. This 

distinction determines the necessary operating 

permissions, evidence standard, and level of 

supervision. A model that performs well in 

development is not necessarily an improvement for 

the people making the actual decision. Each 

deployment requires practical scrutiny of the steps 
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between a prediction and an authorized operational 

outcome. 

Useful data for this domain include assessment 

scores and learning objectives. Effective integration 

requires consistent definitions, recorded 

provenance, suitable access controls, periodic 

checks for missing or stale records, and a 

mechanism for staff to report disagreement between 

digital representations and observed reality. Data 

quality should be evaluated within subgroups and 

atypical conditions because pooled averages can 

conceal poor performance exactly where the 

consequences are largest. Project leaders should 

document what input attributes are available when 

the decision is actually made rather than only in 

retrospective research datasets. A controlled 

comparison with established professional practice is 

essential. If a proposed model relies on information 

that arrives after the relevant decision window, its 

apparent forecasting performance would not 

translate to practical value. The principal 

implementation concern is training completion 

mistaken for competence. Risk assessment should 

trace foreseeable failures from data collection 

through model estimation, interface presentation, 

human interpretation, and downstream action. In this 

setting, an auditable human-in-the-loop design has 

substantive value when staff can inspect 

assumptions, see alternative actions, reject 

unsupported results, and initiate a documented 

escalation. Meaningful involvement should include 

instructors and workers. Their practical knowledge 

can reveal safety constraints, unusual cases, or 

hidden workload effects that may not appear in 

developers' test sets. The organization should 

specify stop-use triggers, fallback procedures, 

model ownership, and the review required after a 

material update. It should avoid treating compliance 

signatures as a substitute for genuine operational 

oversight. A rigorous outcome assessment would 

prioritize retained skills in practical exercises, 

supplemented by measures of task time, safety, 

quality, total resource use, and worker experience. 

Before-and-after differences must be interpreted 

cautiously if weather conditions, staffing levels, 

infrastructure investments, operational rules, or 

customer behavior also changed. Where possible, 

the project should use matched comparison settings, 

phased adoption, and documented implementation 

dates. Qualitative evidence from employees can 

clarify why a technically successful model did not 

produce an organizational benefit, or why a simpler 

tool worked better. Results should report 

uncertainty, cases in which the model fails, and 

ongoing maintenance expenditure. For training 

personalization, a justified conclusion is one about 

observed end-to-end work improvement, not 

software adoption or algorithmic novelty alone. 

 

Knowledge retention: 

A major practical issue in knowledge retention is 

retirements and undocumented local practice. In the 

electrical power industry, system performance is 

contingent on technical limitations, institutional 

responsibilities, and the local context of 

implementation. The first stage of an AI project 

should therefore identify the concrete decision it is 

expected to improve and the existing baseline 

against which its contribution will be assessed. 

Teams should make explicit whether the tool 

supplies information, recommends one of several 

feasible options, or executes a decision. This 

distinction determines the necessary operating 

permissions, evidence standard, and level of 

supervision. A model that performs well in 

development is not necessarily an improvement for 

the people making the actual decision. Each 

deployment requires practical scrutiny of the steps 

between a prediction and an authorized operational 

outcome. 

Useful data for this domain include expert 

interviews and incident narratives. Effective 

integration requires consistent definitions, recorded 

provenance, suitable access controls, periodic 

checks for missing or stale records, and a 

mechanism for staff to report disagreement between 

digital representations and observed reality. Data 

quality should be evaluated within subgroups and 

atypical conditions because pooled averages can 

conceal poor performance exactly where the 

consequences are largest. Project leaders should 

document what input attributes are available when 

the decision is actually made rather than only in 

retrospective research datasets. A controlled 

comparison with established professional practice is 

essential. If a proposed model relies on information 

that arrives after the relevant decision window, its 

apparent forecasting performance would not 

translate to practical value. The principal 

implementation concern is loss of tacit expertise. 

Risk assessment should trace foreseeable failures 

from data collection through model estimation, 

interface presentation, human interpretation, and 

downstream action. In this setting, an auditable 

human-in-the-loop design has substantive value 

when staff can inspect assumptions, see alternative 

actions, reject unsupported results, and initiate a 

documented escalation. Meaningful involvement 

should include senior experts and junior technicians. 

Their practical knowledge can reveal safety 

constraints, unusual cases, or hidden workload 

effects that may not appear in developers' test sets. 

The organization should specify stop-use triggers, 

fallback procedures, model ownership, and the 

review required after a material update. It should 

avoid treating compliance signatures as a substitute 

for genuine operational oversight. A rigorous 

outcome assessment would prioritize demonstrated 

succession readiness, supplemented by measures of 
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task time, safety, quality, total resource use, and 

worker experience. Before-and-after differences 

must be interpreted cautiously if weather conditions, 

staffing levels, infrastructure investments, 

operational rules, or customer behavior also 

changed. Where possible, the project should use 

matched comparison settings, phased adoption, and 

documented implementation dates. Qualitative 

evidence from employees can clarify why a 

technically successful model did not produce an 

organizational benefit, or why a simpler tool worked 

better. Results should report uncertainty, cases in 

which the model fails, and ongoing maintenance 

expenditure. For knowledge retention, a justified 

conclusion is one about observed end-to-end work 

improvement, not software adoption or algorithmic 

novelty alone. 

 

Crew rostering: 

A major practical issue in crew rostering is 

certifications, fatigue and emergency reserves. In the 

electrical power industry, system performance is 

contingent on technical limitations, institutional 

responsibilities, and the local context of 

implementation. The first stage of an AI project 

should therefore identify the concrete decision it is 

expected to improve and the existing baseline 

against which its contribution will be assessed. 

Teams should make explicit whether the tool 

supplies information, recommends one of several 

feasible options, or executes a decision. This 

distinction determines the necessary operating 

permissions, evidence standard, and level of 

supervision. A model that performs well in 

development is not necessarily an improvement for 

the people making the actual decision. Each 

deployment requires practical scrutiny of the steps 

between a prediction and an authorized operational 

outcome. 

Useful data for this domain include qualification 

matrices and shift constraints. Effective integration 

requires consistent definitions, recorded 

provenance, suitable access controls, periodic 

checks for missing or stale records, and a 

mechanism for staff to report disagreement between 

digital representations and observed reality. Data 

quality should be evaluated within subgroups and 

atypical conditions because pooled averages can 

conceal poor performance exactly where the 

consequences are largest. Project leaders should 

document what input attributes are available when 

the decision is actually made rather than only in 

retrospective research datasets. A controlled 

comparison with established professional practice is 

essential. If a proposed model relies on information 

that arrives after the relevant decision window, its 

apparent forecasting performance would not 

translate to practical value. The principal 

implementation concern is overwork and perceived 

unfairness. Risk assessment should trace foreseeable 

failures from data collection through model 

estimation, interface presentation, human 

interpretation, and downstream action. In this 

setting, an auditable human-in-the-loop design has 

substantive value when staff can inspect 

assumptions, see alternative actions, reject 

unsupported results, and initiate a documented 

escalation. Meaningful involvement should include 

schedulers and field teams. Their practical 

knowledge can reveal safety constraints, unusual 

cases, or hidden workload effects that may not 

appear in developers' test sets. The organization 

should specify stop-use triggers, fallback 

procedures, model ownership, and the review 

required after a material update. It should avoid 

treating compliance signatures as a substitute for 

genuine operational oversight. A rigorous outcome 

assessment would prioritize safe coverage and 

employee wellbeing, supplemented by measures of 

task time, safety, quality, total resource use, and 

worker experience. Before-and-after differences 

must be interpreted cautiously if weather conditions, 

staffing levels, infrastructure investments, 

operational rules, or customer behavior also 

changed. Where possible, the project should use 

matched comparison settings, phased adoption, and 

documented implementation dates. Qualitative 

evidence from employees can clarify why a 

technically successful model did not produce an 

organizational benefit, or why a simpler tool worked 

better. Results should report uncertainty, cases in 

which the model fails, and ongoing maintenance 

expenditure. For crew rostering, a justified 

conclusion is one about observed end-to-end work 

improvement, not software adoption or algorithmic 

novelty alone. 

 

Algorithmic performance monitoring: 

A major practical issue in algorithmic performance 

monitoring is variable task complexity and 

imperfect indicators. In the electrical power 

industry, system performance is contingent on 

technical limitations, institutional responsibilities, 

and the local context of implementation. The first 

stage of an AI project should therefore identify the 

concrete decision it is expected to improve and the 

existing baseline against which its contribution will 

be assessed. Teams should make explicit whether 

the tool supplies information, recommends one of 

several feasible options, or executes a decision. This 

distinction determines the necessary operating 

permissions, evidence standard, and level of 

supervision. A model that performs well in 

development is not necessarily an improvement for 

the people making the actual decision. Each 

deployment requires practical scrutiny of the steps 

between a prediction and an authorized operational 

outcome. 

Useful data for this domain include work-order 

outcomes and contextual data. Effective integration 
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requires consistent definitions, recorded 

provenance, suitable access controls, periodic 

checks for missing or stale records, and a 

mechanism for staff to report disagreement between 

digital representations and observed reality. Data 

quality should be evaluated within subgroups and 

atypical conditions because pooled averages can 

conceal poor performance exactly where the 

consequences are largest. Project leaders should 

document what input attributes are available when 

the decision is actually made rather than only in 

retrospective research datasets. A controlled 

comparison with established professional practice is 

essential. If a proposed model relies on information 

that arrives after the relevant decision window, its 

apparent forecasting performance would not 

translate to practical value. The principal 

implementation concern is gaming, anxiety and 

underreporting. Risk assessment should trace 

foreseeable failures from data collection through 

model estimation, interface presentation, human 

interpretation, and downstream action. In this 

setting, an auditable human-in-the-loop design has 

substantive value when staff can inspect 

assumptions, see alternative actions, reject 

unsupported results, and initiate a documented 

escalation. Meaningful involvement should include 

employees and line managers. Their practical 

knowledge can reveal safety constraints, unusual 

cases, or hidden workload effects that may not 

appear in developers' test sets. The organization 

should specify stop-use triggers, fallback 

procedures, model ownership, and the review 

required after a material update. It should avoid 

treating compliance signatures as a substitute for 

genuine operational oversight. A rigorous outcome 

assessment would prioritize quality-adjusted 

performance and trust, supplemented by measures of 

task time, safety, quality, total resource use, and 

worker experience. Before-and-after differences 

must be interpreted cautiously if weather conditions, 

staffing levels, infrastructure investments, 

operational rules, or customer behavior also 

changed. Where possible, the project should use 

matched comparison settings, phased adoption, and 

documented implementation dates. Qualitative 

evidence from employees can clarify why a 

technically successful model did not produce an 

organizational benefit, or why a simpler tool worked 

better. Results should report uncertainty, cases in 

which the model fails, and ongoing maintenance 

expenditure. For algorithmic performance 

monitoring, a justified conclusion is one about 

observed end-to-end work improvement, not 

software adoption or algorithmic novelty alone. 

 

Customer service: 

A major practical issue in customer service is 

complex billing issues and safety-sensitive requests. 

In the electrical power industry, system performance 

is contingent on technical limitations, institutional 

responsibilities, and the local context of 

implementation. The first stage of an AI project 

should therefore identify the concrete decision it is 

expected to improve and the existing baseline 

against which its contribution will be assessed. 

Teams should make explicit whether the tool 

supplies information, recommends one of several 

feasible options, or executes a decision. This 

distinction determines the necessary operating 

permissions, evidence standard, and level of 

supervision. A model that performs well in 

development is not necessarily an improvement for 

the people making the actual decision. Each 

deployment requires practical scrutiny of the steps 

between a prediction and an authorized operational 

outcome. 

Useful data for this domain include approved tariff 

and service policy knowledge. Effective integration 

requires consistent definitions, recorded 

provenance, suitable access controls, periodic 

checks for missing or stale records, and a 

mechanism for staff to report disagreement between 

digital representations and observed reality. Data 

quality should be evaluated within subgroups and 

atypical conditions because pooled averages can 

conceal poor performance exactly where the 

consequences are largest. Project leaders should 

document what input attributes are available when 

the decision is actually made rather than only in 

retrospective research datasets. A controlled 

comparison with established professional practice is 

essential. If a proposed model relies on information 

that arrives after the relevant decision window, its 

apparent forecasting performance would not 

translate to practical value. The principal 

implementation concern is hallucinated instructions. 

Risk assessment should trace foreseeable failures 

from data collection through model estimation, 

interface presentation, human interpretation, and 

downstream action. In this setting, an auditable 

human-in-the-loop design has substantive value 

when staff can inspect assumptions, see alternative 

actions, reject unsupported results, and initiate a 

documented escalation. Meaningful involvement 

should include contact-center workers. Their 

practical knowledge can reveal safety constraints, 

unusual cases, or hidden workload effects that may 

not appear in developers' test sets. The organization 

should specify stop-use triggers, fallback 

procedures, model ownership, and the review 

required after a material update. It should avoid 

treating compliance signatures as a substitute for 

genuine operational oversight. A rigorous outcome 

assessment would prioritize first-contact accurate 

resolution, supplemented by measures of task time, 

safety, quality, total resource use, and worker 

experience. Before-and-after differences must be 

interpreted cautiously if weather conditions, staffing 

levels, infrastructure investments, operational rules, 
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or customer behavior also changed. Where possible, 

the project should use matched comparison settings, 

phased adoption, and documented implementation 

dates. Qualitative evidence from employees can 

clarify why a technically successful model did not 

produce an organizational benefit, or why a simpler 

tool worked better. Results should report 

uncertainty, cases in which the model fails, and 

ongoing maintenance expenditure. For customer 

service, a justified conclusion is one about observed 

end-to-end work improvement, not software 

adoption or algorithmic novelty alone. 

 

Engineering design review: 

A major practical issue in engineering design review 

is high document burden and verification demands. 

In the electrical power industry, system performance 

is contingent on technical limitations, institutional 

responsibilities, and the local context of 

implementation. The first stage of an AI project 

should therefore identify the concrete decision it is 

expected to improve and the existing baseline 

against which its contribution will be assessed. 

Teams should make explicit whether the tool 

supplies information, recommends one of several 

feasible options, or executes a decision. This 

distinction determines the necessary operating 

permissions, evidence standard, and level of 

supervision. A model that performs well in 

development is not necessarily an improvement for 

the people making the actual decision. Each 

deployment requires practical scrutiny of the steps 

between a prediction and an authorized operational 

outcome. 

Useful data for this domain include design drawings 

and controlled engineering specifications. Effective 

integration requires consistent definitions, recorded 

provenance, suitable access controls, periodic 

checks for missing or stale records, and a 

mechanism for staff to report disagreement between 

digital representations and observed reality. Data 

quality should be evaluated within subgroups and 

atypical conditions because pooled averages can 

conceal poor performance exactly where the 

consequences are largest. Project leaders should 

document what input attributes are available when 

the decision is actually made rather than only in 

retrospective research datasets. A controlled 

comparison with established professional practice is 

essential. If a proposed model relies on information 

that arrives after the relevant decision window, its 

apparent forecasting performance would not 

translate to practical value. The principal 

implementation concern is missed defects in 

automation. Risk assessment should trace 

foreseeable failures from data collection through 

model estimation, interface presentation, human 

interpretation, and downstream action. In this 

setting, an auditable human-in-the-loop design has 

substantive value when staff can inspect 

assumptions, see alternative actions, reject 

unsupported results, and initiate a documented 

escalation. Meaningful involvement should include 

design and quality engineers. Their practical 

knowledge can reveal safety constraints, unusual 

cases, or hidden workload effects that may not 

appear in developers' test sets. The organization 

should specify stop-use triggers, fallback 

procedures, model ownership, and the review 

required after a material update. It should avoid 

treating compliance signatures as a substitute for 

genuine operational oversight. A rigorous outcome 

assessment would prioritize independent review 

efficiency, supplemented by measures of task time, 

safety, quality, total resource use, and worker 

experience. Before-and-after differences must be 

interpreted cautiously if weather conditions, staffing 

levels, infrastructure investments, operational rules, 

or customer behavior also changed. Where possible, 

the project should use matched comparison settings, 

phased adoption, and documented implementation 

dates. Qualitative evidence from employees can 

clarify why a technically successful model did not 

produce an organizational benefit, or why a simpler 

tool worked better. Results should report 

uncertainty, cases in which the model fails, and 

ongoing maintenance expenditure. For engineering 

design review, a justified conclusion is one about 

observed end-to-end work improvement, not 

software adoption or algorithmic novelty alone. 

 

Procurement strategy: 

A major practical issue in procurement strategy is 

vendor dependence and complex service terms. In 

the electrical power industry, system performance is 

contingent on technical limitations, institutional 

responsibilities, and the local context of 

implementation. The first stage of an AI project 

should therefore identify the concrete decision it is 

expected to improve and the existing baseline 

against which its contribution will be assessed. 

Teams should make explicit whether the tool 

supplies information, recommends one of several 

feasible options, or executes a decision. This 

distinction determines the necessary operating 

permissions, evidence standard, and level of 

supervision. A model that performs well in 

development is not necessarily an improvement for 

the people making the actual decision. Each 

deployment requires practical scrutiny of the steps 

between a prediction and an authorized operational 

outcome. 

Useful data for this domain include model cards, 

contracts and validation reports. Effective 

integration requires consistent definitions, recorded 

provenance, suitable access controls, periodic 

checks for missing or stale records, and a 

mechanism for staff to report disagreement between 

digital representations and observed reality. Data 

quality should be evaluated within subgroups and 
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atypical conditions because pooled averages can 

conceal poor performance exactly where the 

consequences are largest. Project leaders should 

document what input attributes are available when 

the decision is actually made rather than only in 

retrospective research datasets. A controlled 

comparison with established professional practice is 

essential. If a proposed model relies on information 

that arrives after the relevant decision window, its 

apparent forecasting performance would not 

translate to practical value. The principal 

implementation concern is lock-in and hidden 

integration costs. Risk assessment should trace 

foreseeable failures from data collection through 

model estimation, interface presentation, human 

interpretation, and downstream action. In this 

setting, an auditable human-in-the-loop design has 

substantive value when staff can inspect 

assumptions, see alternative actions, reject 

unsupported results, and initiate a documented 

escalation. Meaningful involvement should include 

purchasing and legal staff. Their practical 

knowledge can reveal safety constraints, unusual 

cases, or hidden workload effects that may not 

appear in developers' test sets. The organization 

should specify stop-use triggers, fallback 

procedures, model ownership, and the review 

required after a material update. It should avoid 

treating compliance signatures as a substitute for 

genuine operational oversight. A rigorous outcome 

assessment would prioritize whole-life costs and exit 

capability, supplemented by measures of task time, 

safety, quality, total resource use, and worker 

experience. Before-and-after differences must be 

interpreted cautiously if weather conditions, staffing 

levels, infrastructure investments, operational rules, 

or customer behavior also changed. Where possible, 

the project should use matched comparison settings, 

phased adoption, and documented implementation 

dates. Qualitative evidence from employees can 

clarify why a technically successful model did not 

produce an organizational benefit, or why a simpler 

tool worked better. Results should report 

uncertainty, cases in which the model fails, and 

ongoing maintenance expenditure. For procurement 

strategy, a justified conclusion is one about observed 

end-to-end work improvement, not software 

adoption or algorithmic novelty alone. 

 

Financial planning: 

A major practical issue in financial planning is 

uncertain cost attribution across departments. In the 

electrical power industry, system performance is 

contingent on technical limitations, institutional 

responsibilities, and the local context of 

implementation. The first stage of an AI project 

should therefore identify the concrete decision it is 

expected to improve and the existing baseline 

against which its contribution will be assessed. 

Teams should make explicit whether the tool 

supplies information, recommends one of several 

feasible options, or executes a decision. This 

distinction determines the necessary operating 

permissions, evidence standard, and level of 

supervision. A model that performs well in 

development is not necessarily an improvement for 

the people making the actual decision. Each 

deployment requires practical scrutiny of the steps 

between a prediction and an authorized operational 

outcome. 

Useful data for this domain include cost ledgers and 

project milestones. Effective integration requires 

consistent definitions, recorded provenance, suitable 

access controls, periodic checks for missing or stale 

records, and a mechanism for staff to report 

disagreement between digital representations and 

observed reality. Data quality should be evaluated 

within subgroups and atypical conditions because 

pooled averages can conceal poor performance 

exactly where the consequences are largest. Project 

leaders should document what input attributes are 

available when the decision is actually made rather 

than only in retrospective research datasets. A 

controlled comparison with established professional 

practice is essential. If a proposed model relies on 

information that arrives after the relevant decision 

window, its apparent forecasting performance would 

not translate to practical value. The principal 

implementation concern is unjustified savings 

estimates. Risk assessment should trace foreseeable 

failures from data collection through model 

estimation, interface presentation, human 

interpretation, and downstream action. In this 

setting, an auditable human-in-the-loop design has 

substantive value when staff can inspect 

assumptions, see alternative actions, reject 

unsupported results, and initiate a documented 

escalation. Meaningful involvement should include 

finance and project managers. Their practical 

knowledge can reveal safety constraints, unusual 

cases, or hidden workload effects that may not 

appear in developers' test sets. The organization 

should specify stop-use triggers, fallback 

procedures, model ownership, and the review 

required after a material update. It should avoid 

treating compliance signatures as a substitute for 

genuine operational oversight. A rigorous outcome 

assessment would prioritize net present costs and 

scenario ranges, supplemented by measures of task 

time, safety, quality, total resource use, and worker 

experience. Before-and-after differences must be 

interpreted cautiously if weather conditions, staffing 

levels, infrastructure investments, operational rules, 

or customer behavior also changed. Where possible, 

the project should use matched comparison settings, 

phased adoption, and documented implementation 

dates. Qualitative evidence from employees can 

clarify why a technically successful model did not 

produce an organizational benefit, or why a simpler 

tool worked better. Results should report 
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uncertainty, cases in which the model fails, and 

ongoing maintenance expenditure. For financial 

planning, a justified conclusion is one about 

observed end-to-end work improvement, not 

software adoption or algorithmic novelty alone. 

 

Governance decision rights: 

A major practical issue in governance decision 

rights is unclear accountability among teams. In the 

electrical power industry, system performance is 

contingent on technical limitations, institutional 

responsibilities, and the local context of 

implementation. The first stage of an AI project 

should therefore identify the concrete decision it is 

expected to improve and the existing baseline 

against which its contribution will be assessed. 

Teams should make explicit whether the tool 

supplies information, recommends one of several 

feasible options, or executes a decision. This 

distinction determines the necessary operating 

permissions, evidence standard, and level of 

supervision. A model that performs well in 

development is not necessarily an improvement for 

the people making the actual decision. Each 

deployment requires practical scrutiny of the steps 

between a prediction and an authorized operational 

outcome. 

Useful data for this domain include approval records 

and audit trails. Effective integration requires 

consistent definitions, recorded provenance, suitable 

access controls, periodic checks for missing or stale 

records, and a mechanism for staff to report 

disagreement between digital representations and 

observed reality. Data quality should be evaluated 

within subgroups and atypical conditions because 

pooled averages can conceal poor performance 

exactly where the consequences are largest. Project 

leaders should document what input attributes are 

available when the decision is actually made rather 

than only in retrospective research datasets. A 

controlled comparison with established professional 

practice is essential. If a proposed model relies on 

information that arrives after the relevant decision 

window, its apparent forecasting performance would 

not translate to practical value. The principal 

implementation concern is unowned failures. Risk 

assessment should trace foreseeable failures from 

data collection through model estimation, interface 

presentation, human interpretation, and downstream 

action. In this setting, an auditable human-in-the-

loop design has substantive value when staff can 

inspect assumptions, see alternative actions, reject 

unsupported results, and initiate a documented 

escalation. Meaningful involvement should include 

executives and risk managers. Their practical 

knowledge can reveal safety constraints, unusual 

cases, or hidden workload effects that may not 

appear in developers' test sets. The organization 

should specify stop-use triggers, fallback 

procedures, model ownership, and the review 

required after a material update. It should avoid 

treating compliance signatures as a substitute for 

genuine operational oversight. A rigorous outcome 

assessment would prioritize documented ownership 

and timely escalation, supplemented by measures of 

task time, safety, quality, total resource use, and 

worker experience. Before-and-after differences 

must be interpreted cautiously if weather conditions, 

staffing levels, infrastructure investments, 

operational rules, or customer behavior also 

changed. Where possible, the project should use 

matched comparison settings, phased adoption, and 

documented implementation dates. Qualitative 

evidence from employees can clarify why a 

technically successful model did not produce an 

organizational benefit, or why a simpler tool worked 

better. Results should report uncertainty, cases in 

which the model fails, and ongoing maintenance 

expenditure. For governance decision rights, a 

justified conclusion is one about observed end-to-

end work improvement, not software adoption or 

algorithmic novelty alone. 

 

Limitations and Future Research: 

Because this article is an integrative review, it 

cannot estimate the average causal effect of AI 

adoption on power-sector productivity or determine 

which vendors deliver the highest returns. The 

material is recent and heterogeneous, mixing 

analytical reviews, standards, institutional surveys, 

and applied technical work. Some evidence is cross-

sectoral and extrapolated to utilities only with 

qualification. The search was structured but not 

exhaustive, and did not include registered review 

protocols, comprehensive database exports, 

independent screening, or formal risk-of-bias 

scoring. No primary employee-level, firm-level, or 

grid event data were available. 

Future research should conduct multi-utility 

longitudinal studies with pre-specified outcomes 

and detailed implementation metadata. Difference-

in-differences designs may be appropriate where 

comparable sites adopt tools at different times; 

stepped-wedge rollout designs could enable 

ethically staged adoption; randomized experiments 

are especially feasible for low-risk knowledge tasks. 

High-criticality applications need simulation, hazard 

analysis, and human-factors experiments before 

operational evaluation. The same study should 

measure both automation errors and automation 

bias, not just prediction accuracy. A second research 

priority is workforce heterogeneity. Investigators 

should distinguish technicians, control-room 

operators, engineering professionals, field crews, 

customer service, and HR personnel, with attention 

to experience, age, prior digital skills, gender-related 

fairness, and contractual conditions. Outcome 

instruments must cover autonomy, trust, workload, 

learning, fatigue, and safety reporting. Research on 

technology-induced surveillance should ask whether 
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employee voice and review rights mitigate harmful 

effects. The relevant objective is sustainable job 

quality and service performance, not maximum 

monitoring intensity. A third priority is transparent 

economic measurement. Studies should report 

acquisition, data integration, cybersecurity, 

validation, licensing, energy use, training, and 

model maintenance costs, and should track benefits 

for more than one season or project phase. They 

should differentiate gross time saved from net 

capacity created and specify whether reclaimed time 

was redirected to valued work. Open, anonymized 

benchmark datasets and interoperable data standards 

could accelerate replication without exposing 

critical infrastructure. 

 

Conclusion 

Artificial intelligence and digital transformation can 

improve the electric power industry by 

strengthening the informational basis of decisions, 

supporting more targeted resource allocation, and 

augmenting administrative and engineering work. 

Their influence on HRM and employee productivity 

is conditional: it depends on task characteristics, 

skill development, human oversight, worker trust, 

sound data architecture, and sector-specific risk 

controls. The greatest potential lies in well-defined 

combinations of machine prediction and human 

accountability, not in treating algorithmic output as 

managerial authority. The synthesis shows that AI 

deployment cannot be assessed responsibly using 

model accuracy, adoption counts, or headline staff-

hour savings alone. Electricity utilities should 

evaluate integrated process outcomes: operational 

reliability, decision quality, safety, net productivity, 

fair employment practices, and organizational 

learning. The proposed causal model, practical 

roadmap, and measurement matrix create a basis for 

comparative empirical research. Until such studies 

are available, claims of universal productivity gains 

or large-scale workforce substitution should be 

viewed cautiously. 

 

Disclosure Statement  

No potential conflict of interest reported by the 

authors.  

 

Funding  

This research did not receive any specific grant from 

funding agencies in the public, commercial, or not-

for-profit sectors.  

 

Authors' Contributions  

All authors contributed to data analysis, drafting, 

and revising of the paper and agreed to be 

responsible for all the aspects of this work. 

 

References 

[1] International Energy Agency (IEA). (2026). 

Modernizing Grids in the Age of Electricity.  

[2] IEA. (2025). World Energy Employment 2025.  

[3] International Renewable Energy Agency 

(IRENA). (2025). Digitalization and AI for 

Power System Transformation: Perspectives for 

the G7.  

[4] IEA. (2025). Energy and AI.   

[5] Alam, M. M., Hossain, M. J., Habib, M. A., 

Arafat, M. Y., & Hannan, M. A. (2025). 

Artificial intelligence integrated grid systems: 

Technologies, potential frameworks, 

challenges, and research directions. Renewable 

and Sustainable Energy Reviews, 211, 115251.  

[6] Choi, S., et al. (2024). eGridGPT: Trustworthy 

AI in the Control Room. NREL/TP-5D00-

87740.  

[7] Chen, Y., & Anderson, A. A. (2025). 

Connecting Minds: AI Use Cases to Bridge 

Power Systems and Large Language Models for 

Practical Applications. PNNL-38003.   

[8] IEEE Standards Association. (2026). IEEE 

3460-2026: IEEE Guide for a Framework of 

Auxiliary Decision-Making Systems for Power 

Grid Operations.   

[9] Raja Perumal, T. A., & Columbus, C. C. (2025). 

Transforming the electrical grid: The role of AI 

in advancing smart, sustainable, and secure 

energy systems. Energy Informatics, 8, 51.  

[10] Henao, F., Edgell, R., Sharma, A., et al. (2025). 

AI in power systems: A systematic review of 

key matters of concern. Energy Informatics, 8, 

76.  

[11] Úbeda-García, M., Marco-Lajara, B., Zaragoza-

Sáez, P. C., & Poveda-Pareja, E. (2025). 

Artificial intelligence, knowledge and human 

resource management: A systematic literature 

review of theoretical tensions and strategic 

implications. Journal of Innovation & 

Knowledge, 10(6), 100809.   

[12] Jia, J., Ning, X., & Liu, W. (2025). The 

consequences and theoretical explanation of 

workplace AI on employees: A systematic 

literature review. Journal of Digital 

Management, 1, 14.   

[13] Ardebili, A. A., Zappatore, M., Ramadan, A. I. 

H. A., Longo, A., & Ficarella, A. (2024). Digital 

Twins of smart energy systems: A systematic 

literature review on enablers, design, 

management and computational challenges. 

Energy Informatics, 7, 94.   

[14] Zhang, K., Wang, Y., & Xu, P. (2026). Towards 

enhanced decision-making: A human-machine 

collaborative approach with XAI for power 

system corrective control. Electric Power 

Systems Research, 254, 112619.   

[15] International Labour Organization (ILO). 

(2025). Generative AI and Jobs: A Refined 

Global Index of Occupational Exposure. ILO 

Working Paper 140.   

[16] European Commission Joint Research Centre. 

(2025). Digital Monitoring, Algorithmic 

https://www.iea.org/reports/modernising-grids-in-the-age-of-electricity
https://www.iea.org/reports/world-energy-employment-2025
https://www.irena.org/Digital-Report/Digitalisation-and-AI-for-power-system-transformation-Perspectives-for-the-G7
https://www.irena.org/Digital-Report/Digitalisation-and-AI-for-power-system-transformation-Perspectives-for-the-G7
https://www.iea.org/reports/energy-and-ai
https://doi.org/10.1016/j.rser.2024.115251
https://doi.org/10.1016/j.rser.2024.115251
https://doi.org/10.1016/j.rser.2024.115251
https://doi.org/10.2172/2352232
https://doi.org/10.2172/2352232
https://www.pnnl.gov/publications/connecting-minds-ai-use-cases-bridge-power-systems-and-large-language-models-practical
https://www.pnnl.gov/publications/connecting-minds-ai-use-cases-bridge-power-systems-and-large-language-models-practical
https://www.pnnl.gov/publications/connecting-minds-ai-use-cases-bridge-power-systems-and-large-language-models-practical
https://standards.ieee.org/ieee/3460/11590/
https://standards.ieee.org/ieee/3460/11590/
https://standards.ieee.org/ieee/3460/11590/
https://standards.ieee.org/ieee/3460/11590/
https://doi.org/10.1186/s42162-024-00461-w
https://doi.org/10.1186/s42162-024-00461-w
https://doi.org/10.1186/s42162-024-00461-w
https://doi.org/10.1186/s42162-025-00529-1
https://doi.org/10.1186/s42162-025-00529-1
https://doi.org/10.1016/j.jik.2025.100809
https://doi.org/10.1016/j.jik.2025.100809
https://doi.org/10.1016/j.jik.2025.100809
https://doi.org/10.1016/j.jik.2025.100809
https://doi.org/10.1007/s44362-025-00016-3
https://doi.org/10.1007/s44362-025-00016-3
https://doi.org/10.1007/s44362-025-00016-3
https://doi.org/10.1007/s44362-025-00016-3
https://doi.org/10.1186/s42162-024-00385-5
https://doi.org/10.1186/s42162-024-00385-5
https://doi.org/10.1186/s42162-024-00385-5
https://doi.org/10.1186/s42162-024-00385-5
https://doi.org/10.1016/j.epsr.2025.112619
https://doi.org/10.1016/j.epsr.2025.112619
https://doi.org/10.1016/j.epsr.2025.112619
https://doi.org/10.1016/j.epsr.2025.112619
%5b1%5d%09https:/www.ilo.org/publications/generative-ai-and-jobs-refined-global-index-occupational-exposure
%5b1%5d%09https:/www.ilo.org/publications/generative-ai-and-jobs-refined-global-index-occupational-exposure
https://publications.jrc.ec.europa.eu/repository/handle/JRC143072


 

497 

 

Adv. J. Manag. Humanit. Soc. Sci. (2026), Volume 2, Issue 5, 472-497 

Management and the Platformisation of Work 

in Europe.   

[17] OECD. (2025). Generative AI and the SME 

Workforce: New Survey Evidence. OECD 

Publishing.  

[18] Designing digitally enabled proactive 

maintenance systems in power distribution 

grids: A scoping literature review. (2024). 

Energy Reports, 12, 1-21.   

[19] Chen, S., Bekar, E. T., Bokrantz, J., & Skoogh, 

A. (2025). AI-enhanced digital twins in 

maintenance: Systematic review, industrial 

challenges, and bridging research-practice gaps. 

Journal of Manufacturing Systems, 82, 678-

699.  

[20] Abdessadak, A., Ghennioui, H., Thirion-

Moreau, N., Elbhiri, B., Abraim, M., & 

Merzouk, S. (2025). Digital twin technology 

and artificial intelligence in energy transition: A 

comprehensive systematic review of 

applications. Energy Reports, 13, 5196-5218.  

[21] Autio, C., Schwartz, R., Dunietz, J., Jain, S., 

Stanley, M., Tabassi, E., Hall, P., & Roberts, K. 

(2024). Artificial Intelligence Risk 

Management Framework: Generative Artificial 

Intelligence Profile. NIST AI 600-1.   

[22] IEA. (2026). Modernizing Grids in the Age of 

Electricity: Executive Summary.   

[23] Bandara, et al. (2025). Addressing algorithmic 

bias in AI-driven HRM systems: Implications 

for strategic HRM effectiveness. Human 

Resource Management Journal, 35(4), 1047-

1063.  

[24] Theódórsson, U., & Dosanjh, K. S. (2026). 

Augmentative or autonomous? Reframing 

artificial intelligence in talent management 

through a systematic review. Organization 

Management Journal, 23(2), 183-197.   

[25] Anshima, Bhardwaj, B., & Sharma, D. (2026). 

Paradoxes of implementing AI-augmented 

HRM in the workplace: A systematic literature 

review and future research agenda. 

Management Review Quarterly.   

[26] Does leading through algorithmic management 

impact the workers’ well-being: A systematic 

literature review and research agenda. (2025). 

Leadership & Organization Development 

Journal, 47(2), 218-242.   

[27] Abd Wahab, et al. (2024). Systematic review of 

predictive maintenance and digital twin 

technologies challenges, opportunities, and best 

practices. PeerJ Computer Science, 10, e1943.  

[28] OECD. (2025). Generative AI and the SME 

Workforce: New Survey Evidence: Executive 

Summary.  

  

 

https://publications.jrc.ec.europa.eu/repository/handle/JRC143072
https://publications.jrc.ec.europa.eu/repository/handle/JRC143072
https://doi.org/10.1787/2d08b99d-en
https://doi.org/10.1787/2d08b99d-en
https://doi.org/10.1016/j.egyr.2024.08.044
https://doi.org/10.1016/j.jmsy.2025.07.006
https://doi.org/10.1016/j.jmsy.2025.07.006
https://doi.org/10.1016/j.jmsy.2025.07.006
https://doi.org/10.1016/j.egyr.2025.04.060
https://doi.org/10.1016/j.egyr.2025.04.060
https://doi.org/10.1016/j.egyr.2025.04.060
https://doi.org/10.1016/j.egyr.2025.04.060
https://doi.org/10.6028/NIST.AI.600-1
https://doi.org/10.6028/NIST.AI.600-1
https://doi.org/10.6028/NIST.AI.600-1
https://www.iea.org/reports/modernising-grids-in-the-age-of-electricity/executive-summary
https://www.iea.org/reports/modernising-grids-in-the-age-of-electricity/executive-summary
https://doi.org/10.1111/1748-8583.12609
https://doi.org/10.1111/1748-8583.12609
https://doi.org/10.1111/1748-8583.12609
https://doi.org/10.1108/OMJ-09-2025-2716
https://doi.org/10.1108/OMJ-09-2025-2716
https://doi.org/10.1007/s11301-025-00581-x
https://doi.org/10.1007/s11301-025-00581-x
https://doi.org/10.1007/s11301-025-00581-x
https://doi.org/10.1108/LODJ-06-2025-0424
https://doi.org/10.1108/LODJ-06-2025-0424
https://doi.org/10.7717/peerj-cs.1943
https://doi.org/10.7717/peerj-cs.1943
https://doi.org/10.7717/peerj-cs.1943
https://doi.org/10.7717/peerj-cs.1943
%5b1%5d%09https:/www.oecd.org/en/publications/generative-ai-and-the-sme-workforce_2d08b99d-en.html
%5b1%5d%09https:/www.oecd.org/en/publications/generative-ai-and-the-sme-workforce_2d08b99d-en.html

