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13 Abstract

14 Reliable national CO2 inventories underpin the Paris Agreement’s Enhanced Transparency 

15 Framework, yet many non-Annex I countries lack complete emission statistics. We reframe 

16 national emissions modelling as leave-country-out (LOCO) estimation: predicting a country’s 

17 per-capita CO2 from eight-year trajectories of energy and socioeconomic covariates, with no 

18 access to its own emission history. Using Global Carbon Budget and Energy Institute data 

19 harmonized by Our World in Data, we build a 112-country panel (1990-2023; 3,024 windowed 
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20 samples) and benchmark thirteen models under country-disjoint five-fold cross-validation. The 

21 proposed Kaya-guided CNN-BiLSTM-Attention network (KG-CBA) couples a log-linear 

22 backbone motivated by the Kaya identity to a convolutional-recurrent-attention branch that 

23 learns only the nonlinear residual, tuned by particle swarm optimization. Because the sample 

24 contains 27 repeated years per country, all inference is country-clustered. Kaya guidance 

25 significantly improves the unguided architecture (median APE 15.7% vs 20.8%, p = 0.002), and 

26 ridge regression significantly outperforms every tree ensemble and every unguided deep 

27 network; but the best ensemble’s apparent edge over ridge is not significant (15.1% vs 16.3%, p 

28 = 0.22), where observation-level testing would report p < 10-9. Error is highly concentrated: six 

29 structurally atypical energy systems contribute 79-84% of total squared error. Adding the low-

30 carbon energy share on a 76-country sub-panel halves median error (7.35% vs 13.72% like-for-

31 like), showing that energy-mix data availability, not model sophistication, is the binding 

32 constraint. Removing all CO2-derived covariates costs under one percentage point, so the 

33 estimator suits countries with no inventory at all. Split-conformal Monte-Carlo-dropout intervals 

34 reach 81.9% coverage at a 90% nominal level, the shortfall traced to non-exchangeability under 

35 grouped splits. In conventional temporal forecasting, learners beat naive persistence only 

36 marginally and inconsistently across evaluation windows. Data and code are open.

37 Keywords: CO2 emissions; hybrid deep learning; Kaya identity; clustered inference; conformal 

38 prediction; explainable artificial intelligence; greenhouse gas inventories; Africa
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42 1. Introduction

43 Anthropogenic carbon dioxide remains the dominant driver of observed warming, and fossil CO2 

44 emissions reached record levels again in 2024 [1,2]. Article 13 of the Paris Agreement obliges all 

45 parties to report national greenhouse-gas inventories under the Enhanced Transparency 

46 Framework, yet the reporting landscape is deeply uneven. Only a minority of non-Annex I 

47 countries submit complete and timely inventories, and independent assessments find the largest 

48 inter-source discrepancies precisely where capacity is lowest, notably across sub-Saharan Africa 

49 [3-5]. Gap-filling therefore matters: mitigation planning, carbon-market integrity, and the global 

50 stocktake all depend on emission estimates for countries whose own statistical systems cannot 

51 yet produce them [5,6].

52 Machine learning has been proposed as a pragmatic response. Recent work spans subnational 

53 gap-filling for G20 jurisdictions [6], sectoral emission prediction for African economies [7-10], 

54 and a rapidly growing literature on deep and hybrid architectures for CO2 forecasting [11-18]. 

55 Within that literature, hybrid designs that stack convolutional feature extractors, recurrent 

56 sequence models, and attention mechanisms, often tuned by metaheuristic algorithms, now 

57 dominate methodological claims of state-of-the-art accuracy [13-15,19-21].

58 Four weaknesses limit the practical value of much of this evidence base. First, most studies 

59 evaluate temporal forecasting for countries whose emission history is fully observed, precisely 

60 the setting where inventories already exist, rather than the cross-country generalization setting 

61 that the inventory-gap problem poses. Second, validation protocols frequently allow the same 

62 country to appear in both training and test data, inflating reported skill through country-specific 

63 memorization. Third, naive benchmarks are routinely absent; national per-capita emissions are 
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64 highly persistent from year to year, and without a persistence baseline, near-unity coefficients of 

65 determination are easily mistaken for skill [22-24]. Fourth, and least remarked, significance is 

66 almost always assessed by treating every country-year as an independent observation. Panel 

67 emission data are strongly clustered within countries; observation-level tests on such data 

68 understate standard errors by roughly the square root of the cluster size, and can render a fraction 

69 of a percentage point “highly significant”.

70 This paper addresses all four. We formalize national emissions estimation as a leave-country-out 

71 (LOCO) problem: given only eight-year trajectories of six widely available covariates, predict a 

72 country’s per-capita CO2 without access to its own emission record. Because the target country 

73 contributes no training information, persistence is undefined and the task isolates genuine 

74 covariate-to-emissions generalization. All inference is clustered at the country level. All 

75 experiments use measured data anchored in the Global Carbon Budget [2] and the Energy 

76 Institute Statistical Review [25], as harmonized by Our World in Data [26].

77 Methodologically, we exploit a structural property of the task. In logarithms, the Kaya identity 

78 [27,28] renders per-capita emissions approximately linear in energy intensity and carbon 

79 intensity, which explains an empirical result we report below: a ridge regression is remarkably 

80 hard to beat. Rather than ignoring this, we encode it. The proposed KG-CBA network attaches a 

81 log-linear head, initialized at a ridge solution, to a convolutional, bidirectional-recurrent, 

82 attention-pooled branch that learns only the nonlinear residual, tuned by particle swarm 

83 optimization [29-31]. Uncertainty is quantified with Monte-Carlo dropout [32] calibrated by per-

84 fold split-conformal inference [33-35], and interpretability through SHapley Additive 

85 exPlanations [36] and attention-weight analysis.
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86 The contributions are fivefold, and are as much about how the evidence is established as about 

87 what it shows. (i) A rigorously country-disjoint, 112-country LOCO benchmark of thirteen 

88 statistical, machine-learning, and deep-learning models on open, measured data, with country-

89 clustered significance testing throughout. (ii) A physics-guided hybrid architecture, KG-CBA, 

90 with PSO-based hyperparameter optimization, which significantly improves its unguided 

91 counterpart. (iii) An interpretable error decomposition showing that a handful of structurally 

92 atypical energy systems dominates the error budget, and that a single additional covariate 

93 roughly halves median estimation error where it is available. (iv) Distribution-aware uncertainty 

94 quantification whose honest coverage shortfall is traced to non-exchangeability under grouped 

95 resampling. (v) A temporal experiment showing that naive persistence is a strong benchmark 

96 whose margin over well-specified learners is small and unstable across evaluation windows.

97 Section 2 reviews related work. Section 3 describes the data and methods. Section 4 reports 

98 results. Section 5 discusses implications, limitations, and threats to validity. Section 6 concludes.

99 2. Related work

100 2.1 Machine and deep learning for CO2 emission modelling

101 Comparative studies consistently find nonlinear learners competitive or superior to classical 

102 statistical models for emission prediction. Ajala et al. [11] benchmarked statistical 

103 (ARMA/ARIMA family), machine-learning (SVM, random forest, gradient boosting), and seven 

104 deep architectures for daily CO2 across China, India, the USA, and Europe. Architecture-

105 comparison studies report horizon-dependent trade-offs among LSTM, GRU, CNN-LSTM, and 

106 dense networks [12], while temporal convolutional hybrids with hyper parameter search achieve 

107 strong accuracy on periodic emission series [13]. Attention-augmented and feature-fused hybrids 
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108 continue this trend: CNN-BiLSTM-attention frameworks improve daily national and plant-level 

109 carbon prediction [14,15], and TCN-LSTM hybrids transfer to maritime emissions [16]. Sector-

110 specific applications include transport [17,37-39], data centers [40], and energy-based national 

111 totals [41]. Marked publication emphasis on incremental architecture novelty, however, has not 

112 been matched by equally careful evaluation design, motivating the protocol adopted here.

113 2.2 Emissions modelling for data-sparse regions

114 For Africa specifically, ensemble tree methods have been applied to building-sector emissions 

115 across six nations [7], continent-wide emission determinants for 48 countries [8], carbon-

116 neutrality trajectories in sub-Saharan Africa [9], and transport emissions of the continent’s four 

117 largest emitters [10]; a national decarburization-planning framework has been proposed for 

118 Nigeria [42]. Beyond Africa, machine-learning gap-filling of subnational inventories 

119 demonstrates the feasibility of covariate-based estimation at scale [6]. Inventory-quality 

120 assessments document why such estimation is needed: most non-Annex I countries rely on Tier-

121 1 approaches with scarce activity data, and independent datasets disagree most where capacity is 

122 lowest [3-5,43]. Our LOCO formulation directly simulates this deployment setting, which, to our 

123 knowledge, has not previously been used to benchmark hybrid deep architectures at global scale.

124 2.3 Metaheuristic optimization, uncertainty, and explainability

125 Metaheuristic hyper parameter tuning is now standard practice in energy and emissions 

126 forecasting: PSO variants improve LSTM load forecasting [19,44], attention-augmented CNN-

127 LSTM demand models [20], and bidirectional recurrent emission predictors, while novel hybrids 

128 have been applied directly to CO2 prediction [21]. For uncertainty, conformal prediction supplies 

129 distribution-free finite-sample coverage [33,45]; ensemble conformalized quantile regression 
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130 extends it to probabilistic time series [34], with energy-domain applications in solar forecasting 

131 [46,47], and recent theory characterizes behavior under non-exchangeable data [35,48], directly 

132 relevant to our grouped country splits. For explainability, SHAP [36] is the de-facto standard in 

133 emission applications [49-51]. The present study integrates all three strands within a single, 

134 reproducible pipeline.

135 2.4 The gap this study fills

136 Table B3 positions this work against representative prior studies on five axes. To our knowledge, 

137 no previous study of machine learning for national CO2 estimation combines all of the following: 

138 (i) evaluation under strictly country-disjoint splits, so that no test country contributes any training 

139 signal; (ii) explicit naive benchmarks with scaled error, so that reported skill is measured against 

140 the persistence a random walk would deliver; (iii) inference clustered at the country level, so that 

141 repeated years within a country are not counted as independent evidence; (iv) architectural 

142 structure derived from an accounting identity rather than chosen by search; and (v) distribution-

143 free uncertainty quantification reported honestly under the grouped sampling the task requires. 

144 Individually each of these is established practice in some adjacent literature. Their absence in 

145 combination is what allows the field’s reported accuracies to look far better than they generalize, 

146 and supplying them in combination is this paper’s principal methodological contribution. The 

147 substantive contribution follows from it: once the evaluation is trustworthy, the ranking of what 

148 actually improves national emission estimation changes, and the binding constraint turns out to 

149 be data availability in specific countries rather than model capacity.
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150 3. Materials and methods

151 3.1 Data sources and panel construction

152 All measured series derive from Our World in Data’s harmonized CO2 and energy datasets [26], 

153 which redistribute the Global Carbon Budget national emission accounts [2] and the Energy 

154 Institute Statistical Review primary-energy statistics [25], accessed 26 July 2026. From the raw 

155 country-year records we retain 1990-2023 and exclude regional aggregates. Six covariates form 

156 the core feature set: primary energy consumption per capita 𝐸𝑡 (kWh person-1), GDP per capita 

157 𝐺𝑡 (constant international-$), population 𝑃𝑡, and the coal, oil, and gas shares of CO2, 𝑠𝑐𝑜𝑎𝑙
𝑡 =

158 coal CO2/CO2 and analogously for oil and gas. The target is per-capita fossil CO2, 𝑐𝑡 (t CO2 

159 person-1 yr-1).

160 Interior gaps of at most three consecutive years are filled by linear interpolation; series edges are 

161 extended with the nearest observed value. Countries are retained if all seven series are complete 

162 for all 34 years after this treatment, yielding a balanced panel of 112 countries × 34 years (3,808 

163 country-years); the ISO codes of the retained economies are listed in Table B4.

164 Imputation is material and unevenly distributed, and we report it in full. Table 3 gives the audit. 

165 Population, oil share and per-capita CO2 require no filling; energy per capita is filled for 0.7% of 

166 country-years and GDP per capita for 3.0%, but the coal and gas shares are filled for 6.4% and 

167 7.6% respectively. Critically, because the edge rule carries no length cap, some series are 

168 extended over long stretches: the longest single filled run reaches 31 years for the gas share, 26 

169 for the coal share and 16 for energy per capita. Twenty-five of the 112 countries contain at least 

170 one filled run exceeding three years, and nineteen contain a run exceeding ten; Table B5 lists the 

171 twelve longest. These countries are disproportionately low- and middle-income (El Salvador 31 
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172 years, Niger 29, Panama 28, Ghana 26, Jamaica 26, Guatemala 26, Cameroon 26, Rwanda 25, 

173 Benin 24), because it is precisely there that the international energy lineages are thin. Constant 

174 extension makes a covariate series artificially smooth and therefore artificially easy to predict 

175 from, so this imputation flatters rather than penalizes the affected countries; Section 4.4 

176 quantifies the effect and Section 5.3 discusses it. All country-level results below are annotated 

177 with imputation status, and the full per-country audit is released with the code.

178 The panel spans 0.03-364.8 t CO2 person-1 over 1990-2023. Because the eight-year window 

179 means prediction targets run 1997-2023, the largest modelled value is Qatar’s 76.7 t person-1 in 

180 1997; Kuwait’s 1991 value of 364.8 t person-1, a genuine artefact of the Gulf-War oil fires 

181 coinciding with a population collapse, enters only as covariate context and is never a prediction 

182 target.

183 For Experiment C, a seventh covariate, the low-carbon share of primary energy 𝑠𝑙𝑐
𝑡  (renewables 

184 plus nuclear), available from the Statistical Review lineage for 76 of the 112 countries (≥90% 

185 completeness), is added under identical processing with no additional imputation required. This 

186 sub-panel contains all the countries later identified as error-dominating outliers.

187 3.2 Problem formulation

188 Let 𝑖 index countries and 𝑡 years. Skewed magnitudes are log-transformed via equation (1),

189 𝑒𝑖,𝑡 = log10𝐸𝑖,𝑡,  𝑔𝑖,𝑡 = log10𝐺𝑖,𝑡,  𝑝𝑖,𝑡 = log10𝑃𝑖,𝑡          (1)

190 and the target is modelled in natural logarithm, equation (2),

191 𝑦𝑖,𝑡 = ln𝑐𝑖,𝑡.                                                   (2)
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192 For each country-year with at least 𝑊 years of history we form the covariate window of equation 

193 (3),

194 𝐗𝑖,𝑡 = [𝐱𝑖,𝑡―𝑊+1,…,𝐱𝑖,𝑡] ∈ ℝ𝑊×𝐹,  𝐱𝑖,𝜏 = 𝑒𝑖,𝜏,𝑔𝑖,𝜏,𝑝𝑖,𝜏,𝑠𝑐𝑜𝑎𝑙
𝑖,𝜏 ,𝑠𝑜𝑖𝑙

𝑖,𝜏 ,𝑠𝑔𝑎𝑠
𝑖,𝜏   (3)

195 with 𝑊 = 8 and 𝐹 = 6 (𝐹 = 7 in Experiment C), giving 3,024 samples (2,052 in Experiment C). 

196 The LOCO task is to learn 𝑓 such that 𝑦𝑖,𝑡 = 𝑓(𝐗𝑖,𝑡) generalizes to countries absent from training. 

197 Evaluation uses grouped five-fold cross-validation with countries as groups, so the test country’s 

198 entire target series is invisible during training; features are standardized per fold as in equation 

199 (4),

200 𝐗 = (𝐗 ― 𝛍𝑡𝑟) / 𝛔𝑡𝑟,                                       (4)

201 with 𝛍𝑡𝑟,𝛔𝑡𝑟 computed on training folds only. Within each training fold, one-seventh of the 

202 countries form an inner validation set for early stopping and hyperparameter selection, 

203 preserving country-disjointness at every level.

204 Scope of the “no own emissions” claim. The target country’s emission history is withheld by 

205 construction, and no lagged value of 𝑐 enters the feature set. The three fuel-share covariates are, 

206 however, ratios computed from that country’s own CO2 accounts, 𝑠𝑐𝑜𝑎𝑙 = coal CO2/CO2 and so 

207 on. They reveal no information about the level of emissions, which is the estimand, but they are 

208 not obtainable from a country that has no emission accounts at all; in a genuine deployment they 

209 would be derived from national energy balances instead. The task therefore simulates a country 

210 whose fuel mix is characterized but whose emission level is not. Section 4.2 reports a covariate 

211 ablation that removes the fuel shares entirely; it shows their contribution is under one percentage 

212 point of median error, so the distinction is minor in practice. Section 5.3 returns to the point.
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213 3.3 Kaya-motivated linear backbone

214 The Kaya identity decomposes national emissions as 𝐶 = 𝑃 ⋅ (𝐺/𝑃) ⋅ (𝐸/𝐺) ⋅ (𝐶/𝐸) [27,28]. 

215 Dividing by population and taking logarithms yields equation (5),

216 ln𝑐 = ln
𝐸
𝑃 + ln

𝐶
𝐸 ,                                             (5)

217 i.e., log per-capita emissions equal log per-capita energy plus log carbon intensity of energy. 

218 Because carbon intensity is, to first order, a mixture over fuel shares, equation (5) implies that a 

219 linear model in 𝑒,𝑔,𝑝,𝑠𝑐𝑜𝑎𝑙,𝑠𝑜𝑖𝑙,𝑠𝑔𝑎𝑠  should capture the bulk of cross-country variance, an 

220 implication our results confirm.

221 Two ridge estimators appear in this paper and must be distinguished. The benchmark ridge of 

222 Table 1 is fitted on the flattened window vec 𝐗 ∈ ℝ𝑊𝐹, equation (6),

223 𝛃 = argmin
𝛃 𝑛

( 𝑦𝑛 ― 𝛃⊤vec 𝐗𝑛 )2 + 𝜆 ∥ 𝛃 ∥ 2
2,           𝜆 = 1.                 (6)

224 The warm-start ridge used to initialize the hybrid’s linear head (Section 3.5) is the more 

225 parsimonious variant fitted on the most recent window step 𝐱𝑛,𝑊 ∈ ℝ𝐹 alone, so that the head has 

226 one weight per covariate. Fitted on the last step, ridge attains RMSE 3.343 and R² 0.761 in 

227 LOCO; fitted on the full window, RMSE 3.056 and R² 0.800. Table 1 reports the latter.

228 3.4 Benchmark models

229 Thirteen models are compared under identical folds and inputs: a training-set mean predictor; 

230 ridge regression (6); k-nearest neighbours (k = 7, distance-weighted); support vector regression 

231 (RBF kernel, C = 10, ε = 0.01); random forest (600 trees, depth ≤ 14); XGBoost [52] (800 trees, 
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232 η = 0.03, depth 6, subsample 0.85); LightGBM [53] (800 trees, η = 0.03, 63 leaves, subsample 

233 0.85, colsample 0.85, L2 penalty 1.5); LSTM; GRU; CNN-LSTM; CNN-BiLSTM-Attention; 

234 and the two proposed hybrids KG-CBA and PSO-KG-CBA. Classical learners operate on the 

235 flattened window vec 𝐗 ; deep sequence models consume 𝐗 directly. The LSTM cell [54] is 

236 given by equations (7)-(12):

237 𝐟𝜏 = 𝜎 𝐖𝑓𝐱𝜏 + 𝐔𝑓𝐡𝜏―1 + 𝐛𝑓                                           (7)

238 𝐢𝜏 = 𝜎(𝐖𝑖𝐱𝜏 + 𝐔𝑖𝐡𝜏―1 + 𝐛𝑖)                                    (8)

239 𝐨𝜏 = 𝜎(𝐖𝑜𝐱𝜏 + 𝐔𝑜𝐡𝜏―1 + 𝐛𝑜)                                     (9)

240 𝐜𝜏 = tanh(𝐖𝑐𝐱𝜏 + 𝐔𝑐𝐡𝜏―1 + 𝐛𝑐)                                     (10)

241 𝐜𝜏 = 𝐟𝜏 ⊙ 𝐜𝜏―1 + 𝐢𝜏 ⊙ 𝐜𝜏                                        (11)

242 𝐡𝜏 = 𝐨𝜏 ⊙ tanh(𝐜𝜏)                                             (12)

243 with 𝜎 the logistic function and ⊙  the Hadamard product. The GRU uses update and reset 

244 gates, equations (13)-(15),

245 𝐳𝜏 = 𝜎(𝐖𝑧𝐱𝜏 + 𝐔𝑧𝐡𝜏―1 + 𝐛𝑧)                                       (13)

246 𝐫𝜏 = 𝜎(𝐖𝑟𝐱𝜏 + 𝐔𝑟𝐡𝜏―1 + 𝐛𝑟)                                       (14)

247 𝐡𝜏 = (1 ― 𝐳𝜏) ⊙ 𝐡𝜏―1 + 𝐳𝜏 ⊙ tanh(𝐖ℎ𝐱𝜏 + 𝐔ℎ(𝐫𝜏 ⊙ 𝐡𝜏―1) + 𝐛ℎ).            (15)

248 The CNN-LSTM stacks two one-dimensional convolutions, equation (16),

249 𝐳(𝑙)
𝜏 = ReLU

𝑘

𝑗=1
𝐊(𝑙)

𝑗 𝐳(𝑙―1)
𝜏+𝑗―⌈𝑘/2⌉ + 𝐛(𝑙) ,                                  (16)
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250 before an LSTM encoder. All fixed deep baselines use 48 filters/units, kernel 3, dropout 0.25, 

251 Adam (10-3), batch 96, ≤90 epochs with early stopping (patience 9) on the inner country-disjoint 

252 validation loss of equation (17),

253 ℒ =
1
𝑁

𝑛
( 𝑦𝑛 ― 𝑦𝑛)2.                                           (17)

254 3.5 Kaya-guided CNN-BiLSTM-Attention (KG-CBA)

255 The proposed architecture decomposes the prediction into a physics-guided linear term and a 

256 learned residual, equation (18):

257 𝑦 = 𝛃⊤𝐱𝑊 + 𝛽0
⏟

Kaya head

  +   𝑟𝛉 𝐗
⏟

deep residual branch

.                                  (18)

258 The Kaya head is a single dense unit acting on the most recent window step, warm-started at the 

259 fold-specific last-step ridge solution (Section 3.3) and refined jointly during training. The 

260 residual branch applies two Conv1D layers (16), a bidirectional LSTM whose forward and 

261 backward states are concatenated in equation (19),

262 𝐡𝜏 = 𝐡𝜏 ‖ 𝐡𝜏 ,                                                    (19)

263 and additive temporal attention [55] that pools the sequence into a context vector through 

264 equations (20)-(22),

265 𝑢𝜏 = 𝐯⊤tanh(𝐖𝑎𝐡𝜏 + 𝐛𝑎)                                                (20)

266 𝛼𝜏 =
exp(𝑢𝜏)

∑𝑊
𝜏′=1 exp (𝑢𝜏′)

                                                   (21)
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267 𝐬 =
𝑊

𝜏=1
𝛼𝜏 𝐡𝜏,                                                    (22)

268 followed by a 32-unit dense layer, dropout, and a linear residual output whose kernel is 

269 initialized near zero so that training starts from the ridge solution. This design lets gradient 

270 descent spend capacity only where the log-linear Kaya approximation fails.

271 3.6 Particle swarm optimization of the hybrid

272 Six hyperparameters are tuned: convolution filters ∈ [16,64], kernel size ∈ {2,3,4}, BiLSTM 

273 units ∈ [16,96], dropout ∈ [0.05,0.45], learning rate ∈ [2 × 10―4,3 × 10―3] (log-scale), and 

274 batch size ∈ {48,64,96,128}. PSO [29] evolves six particles for five iterations (30 evaluations). 

275 Particle 𝑗 updates according to equations (23)-(24) as

276 𝐯𝑗←𝜔𝐯𝑗 + 𝑐1𝐫1 ⊙ 𝐩𝑏𝑒𝑠𝑡
𝑗 ― 𝐩𝑗 + 𝑐2𝐫2 ⊙ 𝐠𝑏𝑒𝑠𝑡 ― 𝐩𝑗                         (23)

277 𝐩𝑗←clip 𝐩𝑗 + 𝐯𝑗, 𝐥,𝐮                                              (24)

278 with inertia ω = 0.7, cognitive and social constants c₁ = c₂ = 1.5, 𝐫1,𝐫2 ∼ 𝒰(0,1)6, velocities 

279 clamped to 30% of each range, and fitness defined as inner-validation MSE on a country-disjoint 

280 split of the first training fold. The converged configuration (37 filters, kernel 4, 40 units, dropout 

281 0.231, learning rate 9.96×10-4, batch 48; validation MSE 0.0522) is retrained on all five folds, 

282 denoted PSO-KG-CBA (E-PSO-KG-CBA on the enriched panel). Table B1 reports the full 

283 search space alongside the converged values.
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284 3.7 Uncertainty quantification: conformalized Monte-Carlo dropout

285 Epistemic uncertainty is estimated by Monte-Carlo dropout [32]: with dropout active at 

286 inference, 𝑇 = 60 stochastic forward passes yield the predictive moments of equation (25),

287 𝑦(𝐗) =
1
𝑇

𝑇

𝑠=1
𝑦(𝑠) (𝐗),  𝜎2(𝐗) =

1
𝑇

𝑇

𝑠=1
( 𝑦(𝑠)(𝐗) ― 𝑦(𝐗))2.                 (25)

288 Because raw MC-dropout intervals are severely over-confident, we calibrate them per fold by 

289 split-conformal inference [33,34]: on each fold’s country-disjoint inner validation set, 

290 normalized nonconformity scores, equation (26),

291 𝑠𝑛 =
|𝑦𝑛 ― 𝑦(𝐗𝑛)|

𝜎(𝐗𝑛)                                                  (26)

292 are computed, the level-adjusted quantile 𝑞 = 𝑠(⌈0.9(𝑛𝑐𝑎𝑙+1)⌉) is extracted, and the test-fold 

293 interval, equation (27), is

294 [exp(𝑦 ― 𝑞𝜎), exp(𝑦 + 𝑞𝜎)].                                   (27)

295 Coverage validity assumes exchangeability between calibration and test units [35,48]; grouped 

296 country sampling violates this, and Section 4.5 quantifies the resulting shortfall rather than 

297 concealing it.

298 3.8 Explainability

299 Global attributions use SHAP [36]. For a tree ensemble 𝑓 and feature 𝑗, the attribution is given 

300 by equation (28),

301 𝜙𝑗 =
𝑆⊆ℱ\{𝑗}

|𝑆|! (|ℱ| ― |𝑆| ― 1)!
|ℱ|! [𝑓(𝑆 ∪ {𝑗}) ― 𝑓(𝑆)],                        (28)
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302 computed exactly via TreeExplainer on the enriched LightGBM and aggregated over the 56 

303 window columns by covariate and by lag. Because the flattened design matrix is lag-major 

304 (column index = 𝜏 ⋅ 𝐹 + 𝑗), the attribution array is reshaped to (𝑁,𝑊,𝐹) before aggregation; 

305 aggregating under the transposed layout silently interchanges covariates and lags. Temporal 

306 importance of the hybrid is read directly from the learned attention weights 𝛼𝜏 in (21).

307 3.9 Evaluation metrics and clustered statistical testing

308 With observed 𝑐𝑛 and predicted 𝑐𝑛 = exp(𝑦𝑛) on the raw scale, accuracy is scored by equations 

309 (29)-(33);

310 RMSE = 1 𝑁
𝑛

(𝑐𝑛 ― 𝑐𝑛)2                                         (29)

311 MAE = 1 𝑁
𝑛

|𝑐𝑛 ― 𝑐𝑛|                                                 (30)

312 MAPE = 100 𝑁
𝑛

|𝑐𝑛 ― 𝑐𝑛 𝑐𝑛|                                      (31)

313 MdAPE = 100 ⋅ median𝑛|𝑐𝑛 ― 𝑐𝑛 𝑐𝑛|                                 (32)

314 𝑅2 = 1 ―
∑

𝑛 (𝑐𝑛 ― 𝑐𝑛)2

∑
𝑛 (𝑐𝑛 ― 𝑐)2 .                                             (33)

315 For the temporal experiment, the mean absolute scaled error against the in-sample naive forecast 

316 [22], equation (34),

317 MASEℎ =
1
𝑁 ∑

𝑛|𝑐𝑛 ― 𝑐𝑛|
1

𝑇𝑡𝑟 ― ℎ ∑𝑇𝑡𝑟

𝑡=ℎ+1|𝑐𝑡 ― 𝑐𝑡―ℎ|
,                                  (34)
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318 flags genuine skill (MASE < 1); the denominator is computed per country on the training period, 

319 so each country’s errors are scaled by its own naive difficulty. Because the denominator is in-

320 sample while the numerator is out-of-sample, persistence itself need not attain MASE = 1: it 

321 scores 1.198 at h = 1 in the 2021-2023 window, reflecting genuinely higher post-2020 volatility, 

322 and 0.995 in the pre-pandemic replication.

323 Clustered inference. The out-of-fold sample contains 27 repeated years for each of 112 

324 countries, so country-years are far from independent. We therefore report three quantities for 

325 every model pair: a paired Wilcoxon signed-rank test on absolute percentage error at the 

326 observation level (the conventional but anticonservative test, retained only for comparison); a 

327 paired Wilcoxon test on per-country median APE, with 𝑛 = 112 clusters; and a cluster bootstrap 

328 that resamples countries with replacement (10,000 draws) to obtain a 95% confidence interval 

329 and two-sided p-value for the difference in pooled median APE. Conclusions are drawn from the 

330 clustered tests. Software: Python 3.12.3, TensorFlow 2.21.0 (CPU), XGBoost 3.4.0, LightGBM 

331 4.7.0, scikit-learn 1.8.0, SHAP 0.52.0; global seed 42 with per-fold offsets.

332 3.10 Experiment B: temporal forecasting protocol

333 To situate the LOCO results against conventional forecasting, we recast the panel as an ℎ-step-

334 ahead task in which the target country’s own emission history is available, so that persistence is 

335 well defined. Predictors are the eight-year window of the six covariates augmented with the 

336 country’s own lagged log emissions (56 columns); withholding the latter would handicap the 

337 learners relative to persistence and make the comparison uninformative. Targets are formed in 

338 two ways: a level formulation predicting 𝑦𝑡+ℎ directly, and a log-growth formulation predicting 

339 𝑦𝑡+ℎ ― 𝑦𝑡. Models are trained on all pairs with 𝑡 + ℎ ≤ 2017 and tested on target years 2021-
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340 2023, with a pre-pandemic replication trained through 2012 and tested on 2015-2019. Baselines 

341 are persistence, 𝑐𝑡+ℎ = 𝑐𝑡, and drift, 𝑦𝑡+ℎ = 𝑦𝑡 + ℎ𝛥3 with 𝛥3 the mean of the last three log-

342 changes. Six learners are evaluated under each formulation, and each learner is compared against 

343 persistence by a cluster bootstrap over countries.

344 4. Results

345 4.1 Panel characteristics

346 Figure 1 summarizes the panel: mean per-capita emissions decline gently after 2007 while 

347 trajectories diverge. Figure 2 confirms the Kaya expectation: ln CO2pc correlates at r = 0.93 with 

348 log energy per capita and r = 0.82 with log GDP per capita, while fuel shares carry weaker 

349 marginal correlations. Continental distributions (Figure 3) span three orders of magnitude. The 

350 framework is depicted in Figure 4 and the KG-CBA architecture in Figure 5.

351

352 Figure 1. Per-capita CO2 in the 112-country panel, 1990-2023: (a) panel mean with 

353 interquartile range; (b) selected national trajectories (log scale).
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354

355 Figure 2. Pearson correlation matrix of the log-transformed target and the six core covariates 

356 (3,808 country-years).

357

358 Figure 3. Distribution of per-capita CO2 by continent (log scale).
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359

360 Figure 4. Overview of the experimental framework.

361

362 Figure 5. The Kaya-guided CNN-BiLSTM-Attention (KG-CBA) architecture.

363 4.2 Experiment A: 112-country LOCO benchmark

364 Two diagnostics confirm that tuning and training behaved as intended. The PSO fitness trace 

365 converges well inside the 30-evaluation budget: the global-best inner-validation MSE improves 

366 in four steps from 0.0645 to 0.0522 and is unchanged over the final fourteen evaluations (Figure 

367 6). Fold-1 learning curves for the four fixed deep baselines show training and inner-validation 
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368 loss falling together, with early stopping halting each run between roughly twelve and forty 

369 epochs, well short of the 90-epoch cap, and no upward drift in validation loss thereafter (Figure 

370 7).

371 Table 1 reports out-of-fold accuracy for all thirteen models plus the ensemble; Figure 8 shows 

372 the comparison and Figure 9 predicted-observed agreement across four orders of magnitude.

373 Three patterns stand out. First, the task is learnable but hard: the mean predictor fails 

374 catastrophically (MAPE 337.8%), whereas every covariate-using learner achieves MAPE below 

375 50%. Second, the Kaya mechanism dominates. Ridge regression, linear in log space, attains R² = 

376 0.800 and MdAPE 16.3%, outperforming every tree ensemble and every unguided deep network, 

377 including the plain CNN-BiLSTM-Attention (MdAPE 20.8%); both gaps survive country-

378 clustered testing (ridge vs LightGBM p = 0.006; ridge vs CNN-BiLSTM-Attention p = 0.002). 

379 Third, physics guidance closes the gap from the deep side: adding the Kaya head lifts the 

380 hybrid’s MdAPE from 20.8% to 15.7%, and both KG-CBA and PSO-KG-CBA significantly 

381 outperform the unguided architecture under clustering (p = 0.002 for each).

382 The ensemble’s advantage over ridge does not survive clustered inference. Table 2 contrasts 

383 the two testing regimes. Averaging ridge, GRU and PSO-KG-CBA gives the best point accuracy 

384 in the study (MAPE 23.5%, MdAPE 15.1%), and an observation-level Wilcoxon test returns p = 

385 7 × 10-10 against ridge. But the per-country test gives p = 0.098 and the cluster bootstrap p = 

386 0.22, with a 95% interval for the median-APE difference of [-2.20, +0.41] percentage points that 

387 comfortably spans zero. We therefore claim no significant improvement of the ensemble over 

388 ridge alone. The ensemble does significantly beat GRU (p = 0.0006) and the PSO-tuned hybrid 

389 (p = 0.022), so the gain is real relative to the deep constituents and illusory relative to the linear 

390 one. The composition of the ensemble was chosen after inspecting out-of-fold performance and 
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391 is therefore not the product of a protected selection procedure; this is a further reason to treat its 

392 margin cautiously. Per-fold results reinforce the caution: across the five folds the ensemble’s 

393 MdAPE ranges from 10.1% to 25.6% and the ranking of the leading models is not stable (Table 

394 B2), so a single pooled comparison overstates the precision with which the leading models can 

395 be separated.

396 Covariate ablation. Because three of the six covariates are ratios derived from the target 

397 country’s own CO2 accounts (Section 3.2), we retrained ridge without them. Using only energy 

398 per capita, GDP per capita and population, MdAPE rises from 16.3% to 16.9% and R² falls from 

399 0.800 to 0.775; using log energy per capita alone, MdAPE is 17.9% and R² 0.723 (Table B6). 

400 The fuel shares are therefore worth well under one percentage point of median error. Essentially 

401 all of the achievable LOCO accuracy is obtainable from energy-economic covariates that carry 

402 no emission-account provenance whatsoever, so the estimator is deployable for a country with no 

403 inventory of any kind.

404

405 Figure 6. PSO convergence over 30 fitness evaluations. (Supplementary)
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406

407 Figure 7. Fold-1 training dynamics of the four fixed deep baselines. (Supplementary)

408

409 Figure 8. Experiment A leave-country-out error by model.

410

411 Figure 9. Out-of-fold predicted versus observed per-capita CO2 (log-log).

412 Table 1. Out-of-fold LOCO performance, Experiment A (112 countries, 6 covariates).

Model RMSE MAE MAPE (%) MdAPE (%) R²

Mean 7.415 4.408 337.8 63.3 −0.178

kNN 5.119 2.729 49.7 39.0 0.439
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Model RMSE MAE MAPE (%) MdAPE (%) R²

SVR 4.881 2.100 32.3 21.3 0.490

Random forest 4.233 1.824 28.7 19.1 0.616

XGBoost 4.043 1.775 28.0 18.4 0.650

LightGBM 3.943 1.813 28.4 18.6 0.667

LSTM 3.815 1.703 27.6 18.2 0.688

CNN-LSTM 3.773 1.707 28.1 20.8 0.695

CNN-BiLSTM-Attn 3.812 1.790 28.6 20.8 0.689

GRU 3.629 1.644 25.1 18.5 0.718

Ridge (Kaya log-linear) 3.056 1.443 25.2 16.3 0.800

KG-CBA (ours) 4.595 1.898 26.0 15.7 0.548

PSO-KG-CBA (ours) 4.748 1.914 27.2 16.7 0.517

Ensemble (Ridge + GRU 

+ PSO-KG-CBA)

3.557 1.530 23.5 15.1 0.729

413 Table 2. Observation-level versus country-clustered inference on paired absolute percentage 

414 error. Δ is the difference in pooled median APE (percentage points); the interval is a 95% cluster 

415 bootstrap over countries (10,000 draws). Conclusions follow the clustered columns.

Experimen

t

Compariso

n

MdAP

E A / B 

(%)

p 

(observation

-level)

p (per-

country

)

Δ 

[95% 

CI]

p (cluster 

bootstrap

)

Conclusio

n
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Experimen

t

Compariso

n

MdAP

E A / B 

(%)

p 

(observation

-level)

p (per-

country

)

Δ 

[95% 

CI]

p (cluster 

bootstrap

)

Conclusio

n

A Ensemble 

vs Ridge

15.1 / 

16.3

6.9 × 10-10 0.098 −0.76 

[−2.20

, 

+0.41]

0.22 not 

significant

A Ensemble 

vs GRU

15.1 / 

18.5

1.8 × 10-30 0.007 −2.57 

[−3.77

, 

−1.20]

0.0006 significant

A Ensemble 

vs PSO-

KG-CBA

15.1 / 

16.7

3.6 × 10-31 0.074 −1.33 

[−2.85

, 

−0.22]

0.022 significant

A PSO-KG-

CBA vs 

CNN-

BiLSTM-

Attn

16.7 / 

20.8

6.3 × 10-22 0.004 −3.51 

[−5.97

, 

−0.97]

0.0016 significant

A KG-CBA 

vs CNN-

15.7 / 

20.8

4.9 × 10-26 0.004 −3.42 

[−5.84

0.0018 significant
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Experimen

t

Compariso

n

MdAP

E A / B 

(%)

p 

(observation

-level)

p (per-

country

)

Δ 

[95% 

CI]

p (cluster 

bootstrap

)

Conclusio

n

BiLSTM-

Attn

, 

−1.21]

A Ridge vs 

LightGBM

16.3 / 

18.6

8.3 × 10-25 0.026 −3.10 

[−4.91

, 

−1.03]

0.0058 significant

A Ridge vs 

CNN-

BiLSTM-

Attn

16.3 / 

20.8

3.1 × 10-34 0.007 −4.29 

[−7.05

, 

−1.64]

0.0024 significant

C Ensemble 

vs Ridge

7.35 / 

7.72

0.483 0.491 −0.20 

[−0.66

, 

+0.36]

0.56 not 

significant

C E-PSO-

KG-CBA 

vs 

LightGBM

8.09 / 

13.10

1.7 × 10-56 0.0002 −3.85 

[−6.03

, 

−1.95]

0.0001 significant

C Ensemble 7.35 / 5.1 × 10-31 0.004 −0.86 0.0014 significant
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Experimen

t

Compariso

n

MdAP

E A / B 

(%)

p 

(observation

-level)

p (per-

country

)

Δ 

[95% 

CI]

p (cluster 

bootstrap

)

Conclusio

n

vs E-PSO-

KG-CBA

8.09 [−1.45

, 

−0.35]

416 4.3 Error anatomy and the covariate-availability effect (Experiment C)

417 A Pareto decomposition of squared error (Figure 10) reveals extreme concentration: the six 

418 worst-fitting economies contribute 79.3% of the ensemble’s total squared error and 84.3% for the 

419 hybrid alone. The composition of that group is only partly stable across models. Singapore, Qatar 

420 and Kuwait appear in the top six under all six models examined; Iceland, Norway, Luxembourg 

421 and Saudi Arabia exchange places depending on the estimator. What the group shares is 

422 structural: hydro- and geothermal-dominant grids (Norway, Iceland), hydrocarbon-exporting 

423 states (Qatar, Kuwait, Saudi Arabia), and city-states with bunker-fuel and finance-driven energy 

424 profiles (Singapore, Luxembourg). The residuals, in other words, locate the failure of the Kaya 

425 carbon-intensity proxy, and the identity of the specific worst six should not be over-interpreted.
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426

427 Figure 10. Pareto decomposition of squared error by country. Dark red marks the three 

428 economies that are outliers under every model examined; orange marks the remainder of this 

429 model’s top six.

430 Experiment C tests the implied remedy. Adding the low-carbon share of primary energy on the 

431 76-country sub-panel substantially improves accuracy (Table 4; Figure 11 shows the like-for-like 

432 comparison on identical countries). On those same 76 countries, ridge improves from MAPE 

433 22.2% / MdAPE 14.3% to 14.1% / 7.7%, and the ensemble from 21.9% / 13.7% to 14.5% / 

434 7.35%. Median error is therefore roughly halved (−46% for ridge, −46% for the ensemble) while 

435 mean error falls by about a third (−36% and −34%). The ensemble is statistically 

436 indistinguishable from ridge on this panel (p = 0.56) but significantly better than the hybrid alone 

437 (p = 0.0014), and the hybrid significantly beats LightGBM (p = 0.0001). The practical reading is 

438 direct: where energy-mix statistics exist, a single covariate is worth more than any architectural 

439 innovation evaluated here.
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440

441 Figure 11. Effect of adding the low-carbon energy share (identical 76 countries).

442 Table 3. Imputation audit for the 112-country panel (3,808 country-years). “Longest run” is the 

443 maximum number of consecutive filled years for any single country.

Variable Filled country-years % of panel Longest run (yr)

Per-capita CO2 (target) 0 0.00 0

Population 0 0.00 0

Oil share 0 0.00 0

Energy per capita 28 0.74 16

GDP per capita 114 2.99 —

Coal share 244 6.41 26

Gas share 291 7.64 31

Low-carbon share (76-country sub-panel) 0 0.00 0

444 Countries with at least one filled run exceeding three years: 25 of 112. Exceeding ten years: 19 

445 of 112.
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446 Table 4. Out-of-fold LOCO performance, Experiment C (76 countries, 7 covariates).

Model RMSE MAE MAPE (%) MdAPE (%) R²

LightGBM 4.520 2.048 22.8 13.1 0.622

E-PSO-KG-CBA (ours) 3.682 1.593 16.0 8.1 0.749

Ridge 3.037 1.284 14.1 7.7 0.829

Ensemble (Ridge + E-PSO-KG-CBA) 3.306 1.409 14.5 7.35 0.798

447 4.4 Regional performance and African case studies

448 Table 5 gives the full continental breakdown, which is more nuanced than a two-region 

449 comparison suggests. On median APE, Europe is easiest (12.5%) and North America hardest 

450 (19.6%); Africa (16.8%) sits between Oceania (18.8%) and Asia (15.8%). On mean APE the 

451 ordering nearly reverses and Africa (26.6%) is close to Europe (23.6%). Africa is therefore not 

452 uniformly the hardest region; rather, its error distribution has a heavier right tail, consistent with 

453 a small number of countries whose energy structure is poorly proxied.

454 Table 5. Ensemble absolute percentage error by continent, Experiment A.

Continent Median APE (%) Mean APE (%) 75th pct (%) n (country-years)

Europe 12.50 23.60 25.67 1053

South America 14.84 20.45 26.24 216

Asia 15.83 23.43 26.93 999

Africa 16.77 26.63 26.77 459

Oceania 18.76 18.03 25.22 54
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Continent Median APE (%) Mean APE (%) 75th pct (%) n (country-years)

North America 19.63 21.46 27.41 243

455 Among African economies with fully observed covariate series, leave-country-out accuracy is 

456 strong: South Africa attains a median APE of 3.4% and Egypt 5.5% (both with no imputed 

457 country-years), and Nigeria 8.0%. Figure 12 shows observed trajectories tracked within the 90% 

458 conformal bands of a model that never saw these countries during training. For inventory gap-

459 filling in data-sparse settings, this is the deployment-relevant accuracy level.

460 Ghana’s leave-country-out median APE is 7.4%, but this figure must be read with care and we 

461 do not offer it as the study’s headline African result: Ghana carries a 26-year filled run in its fuel-

462 share covariates, so its apparently smooth covariate trajectory is substantially an artefact of the 

463 edge-extension rule rather than a measured series. The same caveat applies to Cameroon (6.1%, 

464 26 filled years), Rwanda (40.8%, 25 years), Benin (28.0%, 24 years) and Niger (44.8%, 29 

465 years). Restricting the LOCO benchmark to the 87 countries with no filled run longer than three 

466 years degrades ridge from MdAPE 16.3% to 17.6% and MAPE 25.2% to 27.5%, confirming that 

467 heavily filled countries are easier than average and that the full-panel numbers are mildly 

468 optimistic. Ghana is thus better read as an illustration of the data-scarcity problem this paper is 

469 about than as a demonstration of accuracy under it.
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470

471 Figure 12. African case studies with 90% split-conformal intervals. Countries carrying long 

472 imputed runs are flagged in the panel titles.

473 4.5 Uncertainty calibration

474 Raw MC-dropout intervals are severely over-confident: at a nominal 90% level they cover only 

475 13.2% of observations with a mean width of 0.47 t person-1. Per-fold split-conformal calibration 

476 widens them to an empirical coverage (PICP) of 81.9% with mean interval width 5.68 t person-1. 

477 The residual shortfall is attributable to non-exchangeability: calibration and test units belong to 

478 disjoint country groups, and fold-level conformal quantiles vary by nearly an order of magnitude 

479 (8.8 to 69.2), reflecting heterogeneous country difficulty. This is an honest limitation of split-

480 conformal inference under grouped sampling [35,48], and Section 5.3 outlines group-aware 

481 alternatives.

482 4.6 Explainability

483 SHAP attributions on the enriched panel (Figure 13) are dominated by log energy per capita 

484 (mean |SHAP| = 0.114), an order of magnitude above the low-carbon share (0.016), gas share 
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485 (0.008), log population (0.007) and the remaining covariates. Lag-wise attribution decays sharply 

486 and monotonically from the most recent window position (t: 0.118; t−1: 0.027; all earlier lags 

487 below 0.008), indicating that for this annual-resolution task the contemporaneous covariate 

488 vector carries almost all of the tree ensemble’s signal and the eight-year window adds little. Both 

489 findings are exactly what the Kaya structure of equation (5) predicts, since per-capita energy is 

490 the identity’s leading term.

491 This is worth stating plainly because it does not corroborate the covariate-availability argument 

492 of Section 5.2 in the way one might expect: SHAP ranks the low-carbon share well below energy 

493 per capita even though adding that covariate halves median error. The two results are compatible 

494 — SHAP measures a feature’s contribution to predictions within a fitted model, whereas 

495 Experiment C measures the change in generalization error from making the feature available at 

496 all, and a covariate can be decisive for the hardest countries while contributing modestly on 

497 average. The Experiment C contrast, not the SHAP ranking, is the evidence for the policy 

498 argument.

499 The hybrid’s attention weights (Figure 14) range from 0.095 to 0.142 against a uniform 0.125, 

500 declining gently from earlier to more recent window positions. Attention is therefore close to 

501 uniform pooling, and its value in this architecture lies more in adaptive aggregation than in sharp 

502 temporal selection.
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503

504 Figure 13. SHAP attributions on the enriched panel, by covariate and by window position.

505

506 Figure 14. Mean temporal attention weights by window position. (Supplementary)

507 4.7 Experiment B: the persistence benchmark in temporal forecasting

508 When the same data are recast as conventional forecasting with the target country’s own history 

509 available, naive persistence proves a formidable benchmark, but not an insurmountable one 

510 (Table 6, Figure 15).

511 At one-year horizons in the 2021-2023 window, persistence attains MAE 0.317 t person-1; only 

512 XGBoost improves on it, and by a small and marginally significant margin (level formulation 

513 MAE 0.296, Δ = −0.021, cluster-bootstrap p = 0.045). Every other learner ties or loses. At three 
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514 and five years, more learners edge ahead: random forest in log-growth form reaches MAE 0.481 

515 at h = 3 (p = 0.031) and 0.621 at h = 5 (p = 0.039), and XGBoost 0.599 at h = 5 (p = 0.0001). 

516 Several learners attain MASE below unity at the longer horizons, with ridge in log-growth form 

517 reaching 0.867 at h = 5.

518 Two qualifications matter more than these point gains. First, the margins are small: the best 

519 improvement over persistence at any horizon is 19% of MAE, against a drift baseline that is 

520 worse than persistence at every horizon in both windows. Second, and decisively, the ranking 

521 does not replicate. In the pre-pandemic 2015-2019 window, no learner significantly beats 

522 persistence at h = 1 or h = 3, and only random-forest log-growth does so at h = 5 (p = 0.047); 

523 ridge log-growth attains MASE 0.945 at h = 1 but its advantage is not significant under 

524 clustering. The learner that wins in one window is generally not the learner that wins in the other.

525 The implication for the literature is therefore narrower than a blanket claim that learning fails, 

526 but no less pointed. Annual national per-capita CO2 is close enough to a random walk that 

527 persistence must always be reported; margins over it are of order 5-15% of MAE, are horizon-

528 dependent, and are not stable across evaluation periods. Reported temporal R² values near unity, 

529 published without a naive baseline, largely re-describe persistence rather than demonstrate skill. 

530 The log-growth target formulation matters more than the choice of learner. The LOCO 

531 formulation is immune to this artefact because the target country’s history is withheld by 

532 construction.
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533

534 Figure 15. Experiment B: MASE against the in-sample naive benchmark, both evaluation 

535 windows. Values below the dashed line indicate skill.

536 Table 6. Experiment B, MAE (t CO2 person-1) and MASE by horizon. Bold marks a significant 

537 improvement over persistence under a country cluster bootstrap (p < 0.05).

Model

h=1 

MAE

h=3 

MAE

h=5 

MAE

h=1 

MASE

h=3 

MASE

h=5 

MASE

Test window 2021-2023

Persistence 0.317 0.531 0.738 1.198 1.030 1.101

Drift 0.380 0.680 0.933 1.425 1.363 1.424

Ridge (log-growth) 0.339 0.542 0.678 1.193 0.926 0.867

Random forest (log-

growth)

0.307 0.481 0.621 1.145 0.950 0.939

XGBoost (level) 0.296 0.506 0.599 1.188 0.983 0.963

LightGBM (log-growth) 0.307 0.528 0.621 1.202 1.014 0.971

Replication window 
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Model

h=1 

MAE

h=3 

MAE

h=5 

MAE

h=1 

MASE

h=3 

MASE

h=5 

MASE

2015-2019

Persistence 0.247 0.468 0.682 0.995 1.084 1.241

Drift 0.285 0.683 1.043 1.154 1.531 1.920

Ridge (log-growth) 0.239 0.429 0.598 0.945 0.990 1.108

Random forest (log-

growth)

0.246 0.453 0.567 0.976 1.028 1.088

XGBoost (level) 0.302 0.457 0.642 1.213 1.155 1.114

LightGBM (log-growth) 0.269 0.516 0.647 1.141 1.204 1.238

538 5. Discussion

539 5.1 Why physics guidance matters more than depth

540 The central empirical message is structural. In log space, the Kaya identity makes cross-country 

541 emission variation approximately linear in energy and fuel-mix covariates; unguided deep 

542 networks spend most of their capacity rediscovering this plane from roughly 2,400 training 

543 samples and still fall significantly short of ridge regression. Encoding the plane explicitly, warm-

544 starting a linear head at the ridge solution and letting the deep branch model only residuals, 

545 recovers the deep models’ competitiveness: both Kaya-guided hybrids significantly outperform 

546 the identical unguided architecture on median error. Yet the hybrids’ remaining weakness is 

547 instructive: their R² lags ridge badly (0.55 versus 0.80) because residual capacity occasionally 
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548 amplifies errors on extreme-scale economies, so they win on the median and lose on the mean 

549 square.

550 Ensembling narrows this asymmetry but, on the evidence of clustered inference, does not beat 

551 ridge alone. That negative result is the honest one, and it sharpens rather than weakens the 

552 paper’s message. For applied emission modelling the ordering of returns is: correct covariates 

553 first, physics-informed structure second, ensembling third, architectural novelty last. A study that 

554 had tested at the observation level would have reported the ensemble as decisively best (p < 10-9) 

555 and drawn the opposite methodological lesson.

556 5.2 Policy implications for inventory gap-filling

557 Experiment C converts a modelling observation into a statistical-capacity argument. One 

558 additional covariate, the low-carbon share of primary energy, halves leave-country-out median 

559 error and collapses the outlier problem, because it measures exactly the carbon-intensity term 

560 that fossil-fuel shares cannot see. Most African economies lack this statistic in the international 

561 energy lineages.

562 The imputation audit sharpens the same point from an unexpected direction. Of the 25 panel 

563 countries carrying filled runs longer than three years, the overwhelming majority are low- and 

564 middle-income, and nine are African. These are countries for which the international energy 

565 statistics are so thin that a balanced panel can only be constructed by carrying a single 

566 observation across two or three decades. Ghana is a case in point: it enters this study’s panel only 

567 because 26 years of its fuel-share series are extended from a handful of observations. The 

568 binding constraint on emission transparency in these countries is therefore not model capacity 

569 and not even the low-carbon covariate specifically, but the absence of basic, annually updated 

This manuscript is a preprint and has not been peer reviewed. The copyright holder has made the manuscript available under a  Creative Commons Attribution 4.0 International
(CC BY) license and consented to have it forwarded to EarthArXiv for public posting.license EarthArXiv

http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/


39

570 national energy balances. Investment there would yield disproportionate returns for Enhanced 

571 Transparency Framework implementation in non-Annex I countries [3-6,43], plausibly more 

572 than further model development. Where such balances do exist, as for South Africa and Egypt, 

573 leave-country-out estimation already achieves 3-6% median error without the country ever being 

574 observed.

575 5.3 Limitations and threats to validity

576 Six limitations qualify the findings. First, the balanced-panel requirement retains 112 countries, 

577 and 25 of these are retained only through long constant extension of their covariate series; the 

578 sensitivity analysis of Section 4.4 shows the full-panel results are mildly optimistic as a 

579 consequence, and the states most in need of gap-filling remain under-represented even so. 

580 Second, the three fuel-share covariates are ratios derived from CO2 accounts rather than energy 

581 balances. They carry no information about the emission level, but a country with no inventory at 

582 all would not have them. The ablation in Section 4.2 bounds this concern tightly: removing them 

583 raises MdAPE by only 0.6 percentage points, so the reported accuracy is not an artefact of 

584 emission-account provenance. Third, conformal coverage falls eight points short of nominal 

585 under grouped sampling; group-conditional conformal methods and non-exchangeability-robust 

586 weightings [35,48] are the natural remedies. Fourth, PSO was run with a modest budget (30 

587 evaluations) on a single fold’s inner split; larger budgets or multi-fold fitness could improve the 

588 hybrid further. Fifth, the ensemble composition was selected after inspecting out-of-fold results, 

589 which is one reason we do not claim significance for its margin over ridge. Finally, our 

590 Experiment B conclusions concern annual national aggregates over one- to five-year horizons 

591 and do not preclude learnable structure at finer temporal or spatial resolutions.
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592 6. Conclusions

593 This study reframed national CO2 modelling around the question inventories actually pose, 

594 estimating emissions for countries without usable emission records, and benchmarked thirteen 

595 models under strictly country-disjoint validation with country-clustered inference throughout. A 

596 physics-guided hybrid, KG-CBA, tuned by particle swarm optimization, significantly improves 

597 the identical unguided architecture (median APE 15.7-16.7% vs 20.8%), and a Kaya-motivated 

598 ridge regression significantly outperforms every tree ensemble and every unguided deep 

599 network. The best ensemble attains the study’s lowest point error (MAPE 23.5%, MdAPE 15.1% 

600 across 112 countries; MdAPE 7.35% with enriched covariates on 76 countries) but its advantage 

601 over ridge alone is not statistically significant once repeated years within countries are accounted 

602 for — a distinction that observation-level testing would have concealed.

603 Error analysis identified energy-mix data availability as the binding constraint, quantified the 

604 cost of its absence, and located it geographically in the countries least able to report. Where 

605 national energy balances exist, leave-country-out estimation reaches 3-6% median error for 

606 African economies such as South Africa and Egypt; where they do not, panels can be assembled 

607 only by extending sparse observations across decades, which is itself the clearest statement of the 

608 problem.

609 Equally important are the study’s negative results: unguided deep architectures do not beat a 

610 Kaya-motivated linear model in this regime; ensembling does not significantly beat that linear 

611 model either; split-conformal intervals under-cover under grouped sampling; SHAP does not 

612 rank the decisive covariate first; and in conventional temporal forecasting, learners beat naive 

613 persistence only by small margins that fail to replicate across evaluation windows. Future work 

This manuscript is a preprint and has not been peer reviewed. The copyright holder has made the manuscript available under a  Creative Commons Attribution 4.0 International
(CC BY) license and consented to have it forwarded to EarthArXiv for public posting.license EarthArXiv

http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/


41

614 will extend the framework to sectoral and subnational estimation, group-aware conformal 

615 calibration, and transfer to the full set of reporting-gap countries as covariate coverage improves.
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817 Nomenclature

Symbol Description Symbol Description

𝑐𝑖,𝑡 Per-capita CO2 (t person-1 yr-1) 𝛼𝜏 Attention weight at window 

step τ

𝑦𝑖,𝑡 ln𝑐𝑖,𝑡, modelling target 𝐬 Attention context vector

𝐸,𝐺,𝑃 Energy, GDP, population 𝛃 Kaya-head (ridge) coefficients

𝑠𝑐𝑜𝑎𝑙,𝑠𝑜𝑖𝑙,𝑠𝑔𝑎𝑠 Fuel shares of CO2 𝑟𝛉 Deep residual branch

𝑠𝑙𝑐 Low-carbon share of primary 

energy

𝜔,𝑐1,𝑐2 PSO inertia, cognitive, social 

constants

𝐗𝑖,𝑡 8-year covariate window (W × 

F)

𝐩𝑗,𝐯𝑗 PSO particle position, velocity

𝑊,𝐹 Window length (8), feature 

count (6/7)

𝑇 MC-dropout forward passes 

(60)

𝛍𝑡𝑟,𝛔𝑡𝑟 Fold-wise standardization 𝑞 Conformal quantile
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Symbol Description Symbol Description

moments

𝐟,𝐢,𝐨 LSTM forget/input/output gates 𝑠𝑛 Normalized nonconformity 

score

𝐳,𝐫 GRU update/reset gates 𝜙𝑗 SHAP value of feature j

𝐡𝜏 Hidden state at step τ MASEh Mean absolute scaled error, 

horizon h

𝐊(𝑙) Conv1D kernel, layer l PICP/MPIW Interval coverage / mean 

width

818 Appendix A. Algorithms

819 Algorithm A1: PSO hyperparameter optimization of KG-CBA.

820 Input: bounds [l,u] for (filters, kernel, units, dropout, log-lr, batch);

821        swarm size J=6, iterations K=5; country-disjoint train/val split of fold 1

822 Initialize positions p_j ~ U(l,u), velocities v_j ~ U(-1,1)·0.15(u-l)

823 for k = 1..K:

824     for j = 1..J:

825         hp <- decode(p_j)                     # round ints, exponentiate lr

826         model <- build_KG_CBA(hp); warm-start Kaya head at last-step ridge solution

827         train with early stopping (patience 6, <=60 epochs) on inner val

828         f_j <- min validation MSE; checkpoint state to disk

829         update personal best (p_j*, f_j*) and global best (g*, f*)

830     v_j <- 0.7 v_j + 1.5 r1 (p_j* - p_j) + 1.5 r2 (g* - p_j);  clip to 0.3(u-l)
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831     p_j <- clip(p_j + v_j, l, u)

832 Output: g* = (37, 4, 40, 0.231, 9.96e-4, 48), f* = 0.0522

833 Algorithm A2: KG-CBA training with ridge warm start (per fold).

834 Input: fold-k training countries; inner split by country (6/7 train, 1/7 val)

835 1. Standardize windows with training moments (mu_tr, sigma_tr)

836 2. Fit ridge (lambda=1) on LAST-STEP covariates -> (beta, beta0)

837 3. Build network: Dense(1) Kaya head initialized at (beta, beta0);

838    Conv1D x2 -> BiLSTM -> dropout -> additive attention -> Dense(32) ->

839    residual head initialized ~ N(0, 1e-3); output = Kaya head + residual

840 4. Train jointly, Adam(lr), MSE loss, early stopping patience 9, <=90 epochs

841 5. Save model and scaler; predict held-out countries of fold k

842 Algorithm A3: Country-clustered comparison of two models.

843 Input: out-of-fold APE vectors a, b over N country-years; country labels g

844 1. p_obs      <- Wilcoxon signed-rank(a, b)                  # reported for contrast only

845 2. per-country medians A_c = median(a | g=c), B_c likewise

846    p_country  <- Wilcoxon signed-rank(A, B) over the C countries

847 3. cluster bootstrap: for r = 1..10000

848        draw C country labels with replacement

849        delta_r <- median(pooled a - b over drawn countries)

850    CI  <- 2.5th and 97.5th percentiles of delta

851    p_boot <- 2 * min(P(delta<=0), P(delta>=0))

852 Output: (p_obs, p_country, delta, CI, p_boot); conclude from p_boot
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853 Appendix B. Extended tables

854 Table B1. PSO search space and converged configuration.

Hyperparameter Range Best

Conv1D filters [16, 64] 37

Kernel size {2, 3, 4} 4

BiLSTM units [16, 96] 40

Dropout [0.05, 0.45] 0.231

Learning rate [2×10-4, 3×10-3] (log) 9.96×10-4

Batch size {48, 64, 96, 128} 48

855 Table B2. Per-fold MdAPE (%) of the leading models, Experiment A. Fold heterogeneity 

856 motivates the block-level uncertainty treatment.

Fold Ridge GRU PSO-KG-CBA Ensemble

1 11.6 15.7 11.7 10.1

2 23.2 29.5 24.9 25.6

3 18.1 18.4 17.7 18.3

4 15.8 14.2 17.6 13.7

5 13.8 17.3 13.0 10.7

857 Table B6. Covariate ablation, ridge regression under identical LOCO folds.
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Covariate set RMSE MAE

MAPE 

(%)

MdAPE 

(%) R²

All six (energy, GDP, population, three fuel 

shares)

3.056 1.443 25.2 16.3 0.800

Energy, GDP, population only (no CO2-

derived inputs)

3.244 1.567 26.7 16.9 0.775

Log energy per capita only 3.595 1.690 28.5 17.9 0.723

858 Table B3. Positioning against representative prior studies of ML-based CO2 modelling.

Study Task

Country-

disjoint 

CV

Naive 

baseline

Clustered 

inference

Physics 

guidance UQ

Ajala et 

al. 2025 

[11]

Daily 

forecasting, 4 

regions

No Partial No No No

MAKE 

2026 [12]

Multivariate 

forecasting

No No No No No

AQAH 

2026 [14]

Daily 

national 

forecasting

No No No No No

CCPE 

2026 [15]

Plant-level 

prediction

No No No No No
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Study Task

Country-

disjoint 

CV

Naive 

baseline

Clustered 

inference

Physics 

guidance UQ

Applied 

Sciences 

2025 [16]

Maritime 

emissions

No No No No No

Africa 

studies 

[7-10]

Sectoral 

prediction

No No No No No

Sci. Data 

2026 [6]

Subnational 

gap-filling

Partial No No No Partial

This 

study

LOCO 

inventory-

gap 

estimation

Yes 

(grouped 

5-fold)

Yes 

(persistence, 

drift, MASE)

Yes 

(cluster 

bootstrap)

Yes 

(Kaya 

head)

Yes 

(conformal 

MC-

dropout)

859 Columns record whether each study’s published protocol includes the listed safeguard, as 

860 reported in its methods section; a “No” indicates the safeguard is not described rather than that it 

861 was tested and omitted.

862 Table B4. The 112 economies of the main panel: AFG, ALB, ARE, ARG, ARM, AUS, AUT, 

863 AZE, BEL, BEN, BGD, BGR, BIH, BLR, BOL, BRA, BWA, CAN, CHE, CHL, CHN, CMR, 

864 COD, COL, CUB, CYP, CZE, DEU, DNK, DOM, DZA, EGY, ESP, EST, FIN, FRA, GBR, 

865 GEO, GHA, GRC, GTM, HKG, HRV, HUN, IDN, IND, IRL, IRN, IRQ, ISL, ISR, ITA, JAM, 
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866 JOR, JPN, KAZ, KGZ, KOR, KWT, LBN, LBY, LTU, LUX, LVA, MAR, MDA, MEX, MKD, 

867 MLT, MMR, MOZ, MYS, NER, NGA, NLD, NOR, NZL, OMN, PAK, PAN, PER, PHL, POL, 

868 PRT, QAT, ROU, RUS, RWA, SAU, SEN, SGP, SLV, SRB, SVK, SVN, SWE, SYR, THA, 

869 TJK, TKM, TUN, TUR, TWN, TZA, UKR, URY, USA, UZB, VEN, VNM, YEM, ZAF. The 

870 76-country enriched sub-panel comprises those with ≥90% low-carbon-share coverage. Per-

871 country imputation status is given in table_imputation_runs.csv.

872 Table B5. Countries with the longest filled covariate runs (top 12 of the 25 exceeding three 

873 years).

ISO Longest filled run (yr) ISO Longest filled run (yr)

SLV 31 RWA 25

NER 29 BEN 24

PAN 28 BOL 21

GHA 26 LBY 15

JAM 26 SEN 12

GTM 26 TUN 11

CMR 26 TZA 9

874
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