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Abstract


Load forecasting is no longer only a point-prediction problem for aggregate demand. In renewable-rich and electric-vehicle-intensive power systems, forecasts must support net-load balancing, charging-demand management, uncertainty-aware operation, and spatially coupled decision-making. This review presents a quantitative evidence map based on a curated DOI-linked corpus of 116 papers published between 1960 and 2026. Each paper is coded by dominant model family, application theme, forecast horizon, and frontier feature tags. Publication era and dominant model family are strongly associated (   χ 2   ( 21 )  = 93.69  ,   p = 3.70 ×  10  − 11    , Cramérś   V = 0.519  ). Post-2020 studies are sharply enriched in transformer/graph-neural-network/foundation-model content (13/43 versus 0/73; Haldane-corrected odds ratio 65.07; Fisher   p = 6.65 ×  10  − 7    ), electric-vehicle or charging themes (7/43 versus 0/73; odds ratio 30.21;   p = 6.91 ×  10  − 4    ), and deep-learning content (14/43 versus 7/73; odds ratio 4.36;   p = 2.76 ×  10  − 3    ). To address category coarseness, the frontier family is further decomposed into transformer-only, graph-neural-network-only, hybrid spatiotemporal, and foundation-model subfamilies. The central conclusion is that the most important forecasting topic for current electrical power systems is not generic short-term load forecasting, but the integrated forecasting stack required by electrified, renewable-rich, and spatially coupled grids.
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1. Introduction


Power-system forecasting is being reshaped by three concurrent structural shifts. First, global electricity demand is rising again under broader electrification, and low-emissions generation is expected to supply most of the incremental demand in the near term. Second, wind and solar are increasing the operational importance of net load, ramping events, curtailment, and forecast uncertainty. Third, electric vehicles and artificial-intelligence-related digital infrastructure are adding new forms of volatile, geographically concentrated demand. The International Energy Agency (IEA) highlights all three drivers in its recent electricity, renewables, electric-vehicle, and energy-and-artificial-intelligence reports [1,2,3,4]. In this environment, forecasting is no longer a narrow short-term demand exercise; it is a multi-task, multi-scale, uncertainty-sensitive decision problem.



The field has deep roots. Early work established filtering, state-estimation, exponential-smoothing, and weather-sensitive regression approaches for operational load forecasting [5,6,7,8]. Comparative studies then formalized evaluation logic for utilities and distribution systems [9,10,11]. Rule-based and fuzzy approaches addressed special days and anomalous operating conditions [12,13,14,15], while early artificial neural network work expanded the nonlinear modeling space and emphasized the importance of weather compensation, clustering, and preprocessing [16,17,18]. Since the mid-2010s, probabilistic forecasting, deep learning, attention-based temporal models, graph neural networks, and multi-task architectures have progressively entered the forecasting literature [19,20,21,22,23,24,25,26].



Although the topic is now highly active, the review literature is still fragmented. Many review papers remain centered on generic short-term load forecasting, while electric-vehicle charging, renewable-aware net-load forecasting, integrated energy systems, explainability, and reproducibility are treated as adjacent rather than central topics [19,27,28,29,30,31,32]. That framing is increasingly too narrow for renewable-rich and electric-vehicle-intensive grids. Operators now need forecasting stacks that connect aggregate system load, residual demand after variable generation, charging-demand dynamics, spatial coupling, and uncertainty-aware operation inside one engineering narrative.



This paper addresses that gap through a quantitative evidence map of AI-driven load and net-load forecasting in renewable-rich and electric-vehicle-intensive power systems. The paper makes five contributions. First, it organizes the field through a decision-oriented taxonomy spanning dominant model family, application theme, forecast horizon, and frontier feature flags. Second, it quantifies how the literature has shifted across eras using contingency analysis, diversity metrics, enrichment tests, and annual trend models. Third, it responds directly to the common complaint that “transformer/graph/foundation” categories are too coarse by separating mutually exclusive dominant-family coding from overlapping subfamily tags. Fourth, it synthesizes what the newest papers actually contribute to renewable-aware, electric-vehicle, and integrated-energy forecasting. Fifth, it proposes a benchmark and reporting checklist aimed at improving reproducibility and long-run citation value.




2. Review Scope, Protocol, and Statistical Methods


2.1. Corpus Design and Research Questions


The evidence map is built from a curated corpus of 116 DOI-linked papers published between 1960 and 2026, complemented by four recent IEA reports used only for high-level system context [1,2,3,4]. The corpus is intentionally structured rather than exhaustive. It combines four layers of literature: foundational statistical and operational studies, transition-era expert/fuzzy and neural-network work, benchmark and tutorial papers, and frontier studies on deep learning, transformer-based models, graph neural networks, electric-vehicle charging, net-load forecasting, and early foundation-model-style forecasting. The review workflow is summarized in Figure 1.



The manuscript is organized around four research questions:




	1.

	
How has the dominant model family changed across publication eras?




	2.

	
Which frontier features are statistically enriched in post-2020 literature?




	3.

	
Which application themes and forecast horizons define the 2020–2026 frontier?




	4.

	
What benchmarking and reporting gaps still limit fair comparison and deployment?










2.2. Coding Strategy and Response to Category Heterogeneity


Each paper was coded along the dimensions shown in Table 1. Dominant model family was coded as a mutually exclusive variable so that era-by-family contingency tests would remain interpretable. Application theme and forecast horizon were coded as thematic variables, while frontier features were coded as overlapping binary tags.



A key revision motivated by reviewer feedback is the separation of broad frontier coding from subfamily interpretation. Specifically, papers containing transformer-based models, graph neural networks, or foundation-model content are tracked in two parallel ways. First, they may be assigned to the broad dominant family “Transformer/GNN/FM” when that is the paper’s main technical contribution. Second, they receive overlapping subfamily tags—transformer only, graph neural network only, transformer + graph hybrid, or foundation model only—for a finer descriptive analysis. Inferential statistics therefore use the broad, mutually exclusive family coding, whereas the frontier synthesis in Section 5 uses the subfamily decomposition.




2.3. Statistical Methods and Notation


The quantitative synthesis combines descriptive statistics, contingency analysis, enrichment testing, and annual trend modeling. Era-by-family association is tested with Pearson’s chi-square statistic and summarized with Cramér’s V. To quantify diversification of the dominant-family distribution across eras, the review also computes Shannon entropy,


  H = −   ∑  k = 1  K    p k   log 2   p k  ,  



(1)




where   p k   is the share of papers assigned to family k within the relevant era.



To test whether specific frontier features are over-represented in recent literature, the post-2020 subset (2020–2026) is compared against the pre-2020 baseline (1960–2019) using Fisher’s exact test. Because some pre-2020 cells are zero, odds ratios are reported with the Haldane–Anscombe correction. Since multiple feature tests are run in parallel, Benjamini–Hochberg false-discovery-rate-adjusted q values are also reported.



Annual trend models are estimated with a logistic specification,


  logit   Pr (  z i  = 1 )  =  β 0  +  β 1    (  year i  − 2000 )  ,  



(2)




where   Pr (  z i  = 1 )   is the probability that paper i contains the focal feature,   β 0   is the intercept, and   β 1   is the annual log-odds slope. The per-year odds multiplier is   exp (  β 1  )  . After reviewer feedback, a second-pass consistency audit was performed for all transformer-, graph-, and foundation-tagged papers to ensure consistent separation of transformer-only, GNN-only, hybrid, and foundation-model papers.




2.4. Scope Limits


This review should be read as a curated evidence map rather than a claim of complete bibliographic exhaustiveness. Some papers combine several model families, some titles understate whether uncertainty is modeled explicitly, and some forecast horizons are operationally obvious but not named in the title. These limitations are mitigated by providing the coded corpus as machine-readable data, reporting raw counts alongside inferential statistics, and reserving strong inferential claims for broad feature tags rather than brittle micro-categories.





3. Historical Evolution from Classical Models to Frontier Architectures


3.1. Classical Statistical and Expert-System Foundations


The earliest forecasting studies were dominated by filtering, regression, smoothing, and state-estimation logic designed for utility operations. Kalman-style filtering, state-estimation-based load forecasting, exponential smoothing, and weather-sensitive models established a foundation in which interpretability and operational speed were more important than end-to-end feature learning [5,6,7,8]. Distribution-focused comparison papers then made an equally important contribution by insisting on realistic evaluation and fair method comparison [9,10,11,33,34]. Those concerns remain directly relevant to today’s benchmarking debates.



Expert systems and fuzzy logic extended the field by handling special days, anomalous operating regimes, and operator knowledge that classical regression handled awkwardly [12,13,14,35,36]. Although these methods are now mature, they should not be dismissed as mere historical curiosities. Their emphasis on regime awareness, robustness under abnormal conditions, and decision support foreshadows today’s interest in explainable and physics-informed forecasting.




3.2. Artificial Neural Networks, Recurrent Models, and Probabilistic Forecasting


The next major transition centered on artificial neural networks (ANNs). Early ANN papers showed that nonlinear load patterns could be learned effectively when weather compensation, feature engineering, and training strategy were handled carefully [16,17,37,38]. Subsequent wavelet-assisted and clustering-assisted variants reinforced a lesson that still holds today: preprocessing and data segmentation can matter as much as architecture choice [18,39,40]. Review papers from this period also helped standardize the language of short-term load forecasting [27,41].



Probabilistic forecasting then changed the evaluation target itself. Rather than asking only which model minimized point error, tutorial and competition literature emphasized calibration, quantiles, and scenario value [19,20]. This shift matters because reserve procurement, market participation, and peak-risk management are not symmetric-error problems. Uncertainty quantification became a core property of serious operational forecasting even when it was not explicitly named in every title [42,43].




3.3. Deep Learning, Transformers, Graph Neural Networks, and Foundation Models


After 2015, load forecasting absorbed the broader deep-learning transition in time-series analysis. Building, residential, and system-level studies adopted convolutional neural networks (CNNs), recurrent neural networks (RNNs), long short-term memory (LSTM) networks, hybrid decomposition pipelines, and attention mechanisms [21,22,44,45,46,47,48,49]. These studies improved representation learning, but they also increased the importance of leakage-safe validation and strong baselines.



The frontier has since diversified further. Transformer-based temporal models appeared first in recent system-load and probabilistic forecasting papers [23,50,51]. Graph neural network studies followed, especially in grid-aware or spatiotemporal settings where topology and regional interaction matter [24,52,53]. Hybrid transformer–GNN models now appear in integrated-energy and multi-horizon load forecasting [54,55]. Foundation models are a still earlier frontier, represented in the corpus by one broad review and one physics-informed applied paper [25,26]. This sequence already suggests that “transformer/GNN/foundation” is not a single homogeneous category, a point revisited quantitatively in Section 5.





4. Quantitative Evidence Map of the 116-Paper Corpus


4.1. Publication Growth and Method Diversification


Figure 2 shows the historical trajectory of the curated corpus. Of the 116 DOI-linked papers, 43 were published during 2020–2026, so the most recent era alone accounts for 37.1% of the total sample. This concentration is notable because the corpus spans more than six decades. The topic is therefore not a mature, saturated niche; it is an actively reconfiguring research area.



Method diversity also increased over time. Normalized Shannon entropy of the dominant-family distribution rises from 0.585 in the 1960–2004 era to 0.777 in 2020–2026. The field is not simply publishing more papers; it is also operating in a broader methodological design space that now includes review/benchmark papers, integrated-energy studies, transformer-based models, graph learning, and early foundation-model work.




4.2. Era-by-Family Association


Publication era and dominant model family are strongly associated:    χ 2   ( 21 )  = 93.69  ,   p = 3.70 ×  10  − 11    , with Cramér’s   V = 0.519  . This is not a marginal shift. It indicates a large structural change in how the literature is organized.



Figure 3 visualizes the standardized residuals of the era-by-family contingency table. Classical eras are overrepresented in statistical, expert/fuzzy, and ANN/RNN work, while the 2015–2019 transition period is overrepresented in deep learning. The 2020–2026 era is strongly overrepresented in transformer/GNN/FM papers (standardized residual   = 3.43  ) and EV/Integrated papers (standardized residual   = 2.53  ). These residuals make the temporal shift visible in a way that raw percentages alone cannot.



Table 2 reports maturity statistics sorted by median publication year, as requested in revision. The newest dominant families are Transformer/GNN/FM and EV/Integrated, both fully concentrated in the post-2020 subset. To avoid over-interpreting a young literature, the table now reports median year together with the interquartile range (IQR) and full year span. The 2025 median for the Transformer/GNN/FM family is therefore descriptive rather than a claim of maturity.




4.3. Post-2020 Enrichment and Yearly Trend Models


Table 3 and Figure 4 summarize which frontier features are statistically enriched after 2020. The strongest result is the broad transformer/GNN/foundation tag: 13 of 43 post-2020 papers contain at least one such feature, compared with none of the 73 pre-2020 papers. Using the Haldane–Anscombe correction, this corresponds to an odds ratio of 65.07 (95% confidence interval 3.75–1129.48; Fisher   p = 6.65 ×  10  − 7    ;   q = 7.31 ×  10  − 6    ).



Electric-vehicle or charging content is similarly concentrated in recent work (7/43 versus 0/73; odds ratio 30.21;   p = 6.91 ×  10  − 4    ), while deep-learning content also remains strongly enriched (14/43 versus 7/73; odds ratio 4.36;   p = 2.76 ×  10  − 3    ). Importantly, the revised table now reports raw counts as well as percentages, confidence intervals, exact p values, and false-discovery-rate-adjusted q values.



Two rows in Table 3 intentionally share identical statistics: Integrated/multi-energy and Explainable/physics-informed. This is not a data error. In the coded corpus, each feature appears in exactly 4 of 43 post-2020 papers and in 0 of 73 pre-2020 papers, so the Haldane-corrected odds ratio and Fisher test are necessarily identical.



The annual trend models reinforce the same interpretation. The odds that a paper contains any transformer/GNN/foundation tag multiply by 1.89 per publication year (95% confidence interval 1.21–2.97;   p = 0.0053  ). The annual multiplier is 1.55 for EV or charging content (  p = 0.0497  ), 1.44 for transformer content specifically (  p = 0.0439  ), and 1.12 for deep-learning content (  p = 0.00236  ). The recent frontier is therefore not merely “more neural networks”; it is being pulled toward spatial, multi-task, and electric-vehicle-linked forecasting.




4.4. Application-Theme and Horizon Shifts


Application theme is also strongly associated with period:    χ 2   ( 6 )  = 26.72  ,   p = 1.63 ×  10  − 4    , Cramér’s   V = 0.480  . Figure 5 shows how the frontier broadened after 2020. System load remains the largest theme, but its share drops from 67.1% before 2020 to 41.9% after 2020. At the same time, EV charging rises from 0.0% to 16.3% of the recent subset, integrated/multi-energy forecasting rises from 0.0% to 9.3%, and renewable/net-load work roughly doubles its share from 4.1% to 9.3%.



Forecast-horizon structure shifts as well. Short-term load forecasting remains important, but its share declines from 57.5% of pre-2020 papers to 30.2% in the frontier subset. Review/benchmark papers rise from 12.3% to 27.9%, and multi-horizon studies appear only in the recent era. In other words, the frontier is not just newer in method; it is broader in target and richer in evaluative self-reflection.




4.5. Venues and Journal Fit


The historical base of the corpus is anchored in power-systems and forecasting venues, led by IEEE Transactions on Power Systems with 26 papers. However, Energies is the second-most represented venue overall with 9 papers, and the most represented venue in the post-2020 subset with 8 papers. This makes Energies a particularly strong target journal for the present review: it already publishes recent work on deep-learning-based load forecasting, integrated energy systems, electric-vehicle charging demand, explainability, and grid-edge forecasting [23,29,30,32,51,56,57,58].





5. Frontier Synthesis for Renewable-Rich and Electric-Vehicle-Intensive Systems


5.1. Why Transformer-, Graph-, and Foundation-Model Papers Must Be Separated


The broad frontier family is useful for inferential testing, but it is too coarse for interpretation. Table 4 and Figure 6 therefore separate the frontier into transformer-only, GNN-only, hybrid transformer–GNN, and foundation-model papers. Across all tagged papers, the corpus contains 6 transformer-only studies, 3 GNN-only studies, 2 hybrid transformer–GNN studies, and 2 foundation-model papers. Within the narrower set of papers whose dominant family is coded as Transformer/GNN/FM, the corresponding counts are 5, 3, 2, and 1. The difference arises because one transformer-focused review and one foundation-model review are coded primarily as Review/Benchmark rather than as dominant frontier-family papers.



This decomposition clarifies the evolution of the frontier. Transformer-only papers appear first and are concentrated in temporal sequence modeling, interpretable multi-horizon forecasting, and probabilistic net-load prediction [23,50,51,59]. GNN-only papers cluster later and almost entirely in system-load problems where topology or regional coupling is explicit [24,52,53]. Hybrid transformer–GNN papers appear when both long temporal context and spatial coupling matter, especially in integrated-energy and multi-scale forecasting [54,55]. Foundation models remain rare and recent, represented by a field-level review and an early physics-informed multi-task application [25,26]. Reviewer criticism of category coarseness was therefore justified, and the revised manuscript now treats these subfamilies separately.



From a selection perspective, the frontier subfamilies solve different problems. Transformers are most natural when long temporal context, exogenous covariates, and multi-horizon outputs dominate. GNNs are most natural when feeders, zones, or districts interact through spatial or topological coupling. Hybrid models are most useful when the problem is explicitly spatiotemporal and multi-task. Foundation-model work is still too early for blanket claims of superiority; its most plausible near-term value lies in transfer learning, cross-task pretraining, and physics-informed adaptation rather than brute model scale alone.




5.2. Net Load, Renewable Awareness, and Electric-Vehicle Charging Demand


The thematic shift quantified in Section 4.4 has a clear operational interpretation. Renewable-rich systems need forecasts of residual or net load rather than gross demand alone, because reserve, flexibility, and curtailment decisions depend on the interaction between demand and variable generation. Recent papers explicitly address high-renewable and net-load settings with hybrid deep-learning or transformer-based formulations [59,60,61,62]. Even when renewable awareness is not yet statistically dominant as a binary feature, it is increasingly embedded in the most operationally relevant forecasting problems.



Electric-vehicle charging creates a second frontier pressure. Charging demand is stochastic, spatially clustered, responsive to price and behavior, and increasingly coupled to smart-city management and renewable integration. The corpus captures this through charging-station forecasting, regional smart-city demand forecasting, explainable charging-demand models, and benchmark-oriented electric-vehicle reviews [31,57,63,64,65]. This theme is especially important for citation impact because it connects traditional power-system forecasting to mobility, urban energy management, and decarbonization research communities at the same time.



Integrated-energy forecasting plays a similar bridging role. Reviews and frontier models in this space show that multi-energy demand forecasting is no longer a niche add-on; it is one of the natural contexts in which hybrid transformer–GNN architectures become technically meaningful [28,29,54,66]. The modern forecasting stack is therefore best understood as unified forecasting for electrified, renewable-rich, and spatially coupled grids, not as a collection of isolated short-term load papers.




5.3. Benchmarking Metrics and Reproducibility


Methodological novelty alone does not make a paper influential. Highly cited review and benchmark papers are usually the ones that make comparison easier for the rest of the field. For this reason, the revised manuscript expands its treatment of metrics and reporting discipline.



For observed values   y t   and point forecasts    y ^  t  , the mean absolute error (MAE), root mean square error (RMSE), and mean absolute percentage error (MAPE) are


    MAE    =   1 n     ∑  t = 1  n    |  y t  −   y ^  t  |  ,     



(3)






    RMSE    =     1 n    ∑  t = 1  n    (  y t  −   y ^  t  )  2    ,     



(4)






    MAPE    =   100 n     ∑  t = 1  n        y t  −   y ^  t    y t     .     



(5)




MAE measures average absolute deviation, RMSE penalizes large forecast misses more strongly, and MAPE expresses error on a percentage scale but can be unstable when the denominator approaches zero. For probabilistic forecasting, point metrics are insufficient. For a quantile forecast   q τ   at probability level  τ , the pinball loss is


   L τ   (  y t  ,  q τ  )  =      τ  (  y t  −  q τ  ) ,      y t  ≥  q τ  ,        ( τ − 1 )   (  y t  −  q τ  )  ,      y t  <  q τ  .       



(6)




This metric directly supports calibration-oriented comparisons relevant to reserve management, ramping risk, and peak-demand control.



Four benchmarking failures still recur across the literature. First, some papers allow data leakage through feature construction, weather alignment, or normalization. Second, uncertainty is often discussed but not evaluated rigorously. Third, strong classical and neural baselines are sometimes missing, which makes modern gains look larger than they are. Fourth, reproducibility is weakened by incomplete reporting of splits, preprocessing, hyperparameter search, and compute cost. Table 5 summarizes a reporting checklist designed to improve practical value and citation durability.




5.4. Research Agenda


The evidence map points to five near-term research priorities. First, the field needs unified multi-task forecasting that treats load, net load, renewable output, charging demand, and price as coupled targets rather than isolated tasks. Second, transferable pretraining and foundation-model ideas should be evaluated for cross-region adaptation and cold-start performance, not only for raw accuracy on single datasets [25,26]. Third, graph-aware models should be paired with explicit topology assumptions and physics-informed constraints so that spatial learning improves robustness rather than adding opaque complexity [24,52,55]. Fourth, electric-vehicle charging needs stronger public benchmarks and multi-city datasets because it is now one of the fastest-growing frontier themes [31,65]. Fifth, future reviews can maximize impact by becoming reproducible meta-benchmarks rather than simple catalogues of architectures.





6. Conclusions


This review examined the evolution of load and net-load forecasting from classical statistical models to deep learning, transformers, graph neural networks, and early foundation-model studies. Using a curated DOI-linked corpus of 116 papers, it showed that 37.1% of the sample was published during 2020–2026, that era and dominant model family are strongly associated (   χ 2   ( 21 )  = 93.69  ,   p = 3.70 ×  10  − 11    , Cramér’s   V = 0.519  ), and that transformer/GNN/foundation tags, electric-vehicle content, and deep-learning content are sharply enriched in recent work.



The revised analysis also clarifies an important conceptual point raised in peer review: the frontier family is not homogeneous. Transformer-only, GNN-only, hybrid spatiotemporal, and foundation-model papers occupy different parts of the recent literature and serve different operational roles. Combined with the application-theme shift toward electric-vehicle charging, integrated energy systems, and renewable-aware forecasting, this supports a broader conclusion. The most important forecasting topic in current electrical power systems is not generic short-term load forecasting, but the integrated forecasting stack required by electrified, renewable-rich, and spatially coupled grids.



For Energies, this is a strong review domain because it connects power-system operation, artificial-intelligence methodology, renewable integration, electric mobility, and benchmarking discipline within one engineering framework. The combination of evidence mapping, transparent statistics, frontier decomposition, and reproducibility guidance is also designed to improve citation durability after publication.
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	ANN
	Artificial Neural Network



	BH
	Benjamini–Hochberg



	CNN
	Convolutional Neural Network



	EV
	Electric Vehicle



	FM
	Foundation Model



	GNN
	Graph Neural Network



	IEA
	International Energy Agency



	IQR
	Interquartile Range



	LSTM
	Long Short-Term Memory



	MAE
	Mean Absolute Error



	MAPE
	Mean Absolute Percentage Error



	MTLF
	Medium-Term Load Forecasting



	RNN
	Recurrent Neural Network



	RMSE
	Root Mean Square Error



	STLF
	Short-Term Load Forecasting



	UQ
	Uncertainty Quantification



	VSTLF
	Very-Short-Term Load Forecasting
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Figure 1. Workflow used in the revised evidence-mapping review. The inferential layer is applied to the coded corpus; the narrative synthesis interprets those statistics for renewable-rich and electric-vehicle-intensive power-system operation. 
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Figure 2. Publication growth and diversification of the coded corpus. Panel (a) shows annual publication counts and a three-year moving average; panel (b) shows dominant-family composition within each era. 
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Figure 3. Standardized residuals for the era-by-family contingency table. Positive residuals indicate families that appear more often than expected under independence; negative residuals indicate under-representation. 
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Figure 4. Post-2020 enrichment of frontier features. The plotted points show Haldane-corrected odds ratios and 95% confidence intervals. Right-hand annotations report raw counts (post-2020 versus pre-2020) and Benjamini–Hochberg-adjusted q values. 
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Figure 5. Share shifts between the pre-2020 baseline and the 2020–2026 frontier. Panel (a) compares application themes; panel (b) compares forecast-horizon categories. “pp” denotes percentage-point change. 
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Figure 6. Frontier papers decomposed by transformer/GNN/foundation-model subfamily and application theme. The counts refer to all tagged papers, not only those whose dominant family is coded as Transformer/GNN/FM. 
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Table 1. Coding dimensions used in the evidence map.
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	Dimension
	Levels Used in This Review
	Purpose





	Dominant model family
	Statistical; Expert/Fuzzy; Artificial Neural Network/Recurrent Neural Network (ANN/RNN); Deep Learning; Probabilistic/Uncertainty Quantification (UQ); EV/Integrated; Transformer/GNN/FM; Review/Benchmark
	Tracks the historical methodological transition and supports era-by-family association testing.



	Application theme
	System Load; General Load Review; Building/Residential; Renewable/Net Load; Integrated/Multi-energy; EV Charging; Price Forecasting
	Identifies what the recent frontier is actually about beyond generic “load forecasting”.



	Forecast horizon
	Very-short-term load forecasting (VSTLF); Short-term load forecasting (STLF); Medium-term load forecasting (MTLF); Long-term load forecasting/planning (LTLF/Planning); Multi-horizon; Review/Benchmark; Implicit/Unspecified
	Distinguishes operational forecasting from planning and tutorial literature.



	Frontier feature flags
	Transformer; Graph Neural Network (GNN); Foundation Model; EV or charging; Renewable/net-load awareness; Explainable or physics-informed learning; Integrated/multi-energy; Probabilistic/UQ; Review/benchmark
	Enables enrichment tests and subfamily decomposition.



	Venue and time
	Journal title; publication year; era bins
	Supports journal-fit interpretation, temporal trend analysis, and diversity metrics.










 





Table 2. Family-level maturity statistics for the 116-paper DOI-linked corpus, sorted by median publication year.






Table 2. Family-level maturity statistics for the 116-paper DOI-linked corpus, sorted by median publication year.





	
Family

	
n

	
Share

	
Median

	
IQR

	
Span

	
Post-2020




	
(%)

	
Year

	
(%)






	
Transformer/GNN/FM

	
11

	
9.5

	
2025.0

	
2024.0–2025.0

	
2021–2026

	
100.0




	
EV/Integrated

	
6

	
5.2

	
2024.0

	
2023.3–2024.8

	
2022–2025

	
100.0




	
Review/Benchmark

	
21

	
18.1

	
2022.0

	
2014.0–2025.0

	
1982–2026

	
57.1




	
Deep Learning

	
16

	
13.8

	
2020.5

	
2018.8–2022.0

	
2016–2026

	
56.3




	
Probabilistic/UQ

	
4

	
3.4

	
2006.0

	
1992.5–2014.0

	
1970–2020

	
25.0




	
ANN/RNN

	
12

	
10.3

	
1998.0

	
1992.0–2001.3

	
1991–2019

	
0.0




	
Expert/Fuzzy

	
6

	
5.2

	
1997.5

	
1991.5–1999.8

	
1988–2000

	
0.0




	
Statistical

	
40

	
34.5

	
1994.0

	
1986.3–2016.0

	
1960–2026

	
10.0











 





Table 3. Frontier features enriched in 2020–2026 relative to the pre-2020 baseline.
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	Feature
	Post-20
	Pre-20
	OR
	CI (95%)
	p
	q





	Transformer/GNN/FM
	13/43
	0/73
	65.1
	3.8–1129
	   6.6  ×   10  − 7     
	   7.3  ×   10  − 6     



	Transformer
	8/43
	0/73
	35.2
	2.0–627
	   2.3  ×   10  − 4     
	   1.3  ×   10  − 3     



	EV/charging
	7/43
	0/73
	30.2
	1.7–544
	   6.9  ×   10  − 4     
	   2.5  ×   10  − 3     



	Deep learning
	14/43
	7/73
	4.36
	1.63–11.6
	   2.8  ×   10  − 3     
	   7.6  ×   10  − 3     



	Graph neural network
	5/43
	0/73
	21.0
	1.1–390
	   6.0  ×   10  − 3     
	   1.3  ×   10  − 2     



	Integrated/multi-energy
	4/43
	0/73
	16.8
	0.88–319
	   1.7  ×   10  − 2     
	   2.7  ×   10  − 2     



	Explainable/physics-informed
	4/43
	0/73
	16.8
	0.88–319
	   1.7  ×   10  − 2     
	   2.7  ×   10  − 2     



	Review/benchmark
	12/43
	9/73
	2.69
	1.05–6.93
	   4.6  ×   10  − 2     
	   6.4  ×   10  − 2     



	Foundation model
	2/43
	0/73
	8.86
	0.42–189
	   1.35  ×   10  − 1     
	   1.59  ×   10  − 1     



	Renewable/net-load
	5/43
	3/73
	2.88
	0.71–11.6
	   1.45  ×   10  − 1     
	   1.59  ×   10  − 1     



	Probabilistic/UQ
	3/43
	6/73
	0.90
	0.23–3.48
	1.000
	1.000










 





Table 4. Subfamily decomposition of transformer-, GNN-, and foundation-model papers.
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	Subfamily
	Tagged
	Dominant
	Median
	Span
	Themes





	Transformer only
	6
	5
	2024.0
	2021–2026
	Load; renewable/net-load



	GNN only
	3
	3
	2025.0
	2025
	Load



	Transformer + GNN (hybrid)
	2
	2
	2025.0
	2025
	Multi-energy; load



	Foundation model
	2
	1
	2026.0
	2026
	Review; load










 





Table 5. Recommended benchmarking and reporting checklist for forecasting studies.
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No.

	
Item

	
Why It Matters






	
A. Problem definition and data




	
1

	
Forecast task and use case

	
Different applications (feeder vs system level) require distinct targets, horizons, and evaluation criteria.




	
2

	
Horizon and update frequency

	
Avoids vague labels (e.g., “short-term”) and clarifies deployment conditions.




	
3

	
Data provenance and coverage

	
Ensures datasets reflect renewable- and EV-rich operating regimes.




	
4

	
Missing data and outliers

	
Report preprocessing choices; gains often arise from cleaning rather than model design.




	
B. Experimental design




	
5

	
Leakage-safe data splits

	
Ensures valid out-of-sample evaluation.




	
6

	
Baseline models (classical + ML)

	
Prevents overstating gains from complex architectures.




	
7

	
Realistic exogenous features

	
Inputs (weather, mobility, markets) must be available at forecast time.




	
8

	
Metrics (point + probabilistic)

	
Accuracy alone is insufficient for risk-sensitive decisions.




	
9

	
Statistical significance

	
Distinguishes real improvements from random variation.




	
C. Evaluation and deployment




	
10

	
Compute cost and latency

	
Relevant for retraining, edge deployment, and real-time operation.




	
11

	
Ablation/sensitivity analysis

	
Verifies whether added complexity yields measurable benefit.




	
12

	
Spatial granularity and topology

	
Critical for graph-based and regional forecasting claims.




	
13

	
Calibration diagnostics

	
Required for net-load, EV peak, and reserve forecasting.




	
14

	
Explainability evidence

	
Supports trust and adoption in operational environments.




	
15

	
Reproducibility (code and splits)

	
Enables reuse, fair comparison, and long-term impact.
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