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Abstract 

Short-term industrial energy forecasts can assist load planning only when all predictors are available at 

the forecast issuance time. This research audits 15-minute and 60-minute forecasting with 35,040 real 

observations from a South Korean steel plant. We reconstruct a continuous 15-min timeline, define a 

deployable 39-feature protocol using measurements available no later than the forecast origin, and 

compare it to two diagnostic protocols that admit target-time sensors. We compare ridge regression, 

Random Forest and XGBoost to persistence and daily and weekly seasonal-naive baselines for 

chronological and random 70/15/15 train/calibration/test splits. The clean chronological Random Forest 

obtained mean absolute error (MAE) of 3.829 kWh at 15 minutes and 7.484 kWh at 60 minutes, which 

corresponds to a decrease of MAE relative to persistence by 23.35% and 35.31%. All paired moving-

block bootstrap intervals against the operational baselines did not include zero. Target-time 

measurements tell a different story, cutting XGBoost MAE by 82.72% and 90.12%. Sub-1-kWh results 

of that kind describe contemporaneous estimation, not deployable forecasting. Target-time CO2 was a 

strong proxy, 0.988 correlated with energy use, and 97.69% of its values equaled rounded usage 

multiplied by 0.00045. The marginal coverage of the split-conformal intervals sat near its nominal level. 

Peak-load coverage at the 90% setting did not: 51.99% and 44.70%. Feature-availability semantics and 

conditional uncertainty assessment were more important for our interpretation than the choice between 

strong tree learners. 

 

Keyword : industrial energy forecasting; data leakage; temporal evaluation; conformal prediction; 

uncertainty quantification; Random Forest; XGBoost; smart manufacturing  
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INTRODUCTION 
Plant-level load forecasts are useful only if they can be issued before the demand they are meant to 

anticipate. In this study, the key question is therefore not simply whether a regression model predicts 

well, but whether every predictor exists when the forecast is made. A sensor value recorded at the target 

timestamp is unavailable to a forecast issued 15 or 60 minutes earlier, even when the predictor and 

target appear in the same row of the stored dataset. 

The distinction is important for industrial datasets in which energy use, reactive power, power factor, 

emissions, and a contemporaneous load label are logged together. A random row split can further 

obscure the operational meaning of evaluation by mixing seasons and operating regimes across 

partitions. General discussions of leakage define the problem as information crossing the learn-predict 

boundary [1], while recent evidence shows that leakage can produce irreproducible or practically 

https://creativecommons.org/licenses/by/4.0
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invalid machine-learning claims across scientific domains [2]. Forecast evaluation is especially 

exposed because temporal preprocessing, feature extraction, partitioning, and horizon definition can 

each allow future information to enter the model [3]. 

We study this issue using the Steel Industry Energy Consumption dataset [4], which contains real 15-

minute measurements from DAEWOO Steel in Gwangyang, South Korea. The associated work 

established the dataset and demonstrated the value of data-mining models for industrial energy 

prediction [5]. We do not propose another algorithmic benchmark in isolation. Instead, we ask whether 

the task is forecasting or contemporaneous estimation under three explicit feature-availability 

protocols. 

Our study makes four contributions. First, we reconstruct the dataset timeline and document a 

midnight-encoding issue that creates 365 backward jumps under naive timestamp parsing. Second, we 

compare a deployable past-only feature set with two non-deployable target-time sensor sets and 

quantify the resulting optimism. Third, we evaluate point forecasts using chronological partitions, 

operational baselines, peak-load errors, and paired moving-block bootstrap intervals. Fourth, we audit 

split-conformal intervals both marginally and during high-load periods, showing that near-nominal 

overall coverage can conceal severe conditional undercoverage. 

We deliberately avoid two overclaims. The random split is not assumed to be uniformly optimistic; its 

effect is measured and found to depend on the forecast horizon. Likewise, near-nominal empirical 

conformal coverage is not treated as a formal guarantee for this dependent, shifted time series. These 

restrictions preserve the difference between an empirical audit and a theorem about deployment. 

RELATED WORK 

Industrial energy prediction 

The Steel Industry Energy Consumption dataset contains energy, electrical, temporal, and operating-

load variables collected from a smart small-scale steel facility [4]. Sathishkumar et al. [5] used the data 

to investigate data-analytic energy prediction for an industrial building. This work made an important 

real dataset available and motivated subsequent model comparisons. However, a row-oriented table 

does not by itself specify the forecast origin or whether same-row measurements are available before 

the target. Our analysis treats availability as an explicit experimental factor. 

Forecast validation should match the time at which an operational decision would actually be made. 

Tashman [6] argued for genuine out-of-sample tests, while Bergmeir and Benitez [7] clarified the 

settings in which cross-validation can still be defensible for time-series predictors. Cerqueira et al. [8] 

showed empirically that the choice of performance-estimation scheme interacts with nonstationarity. 

Recent regional work on monthly oil-production forecasting likewise found that explicitly modelling 

seasonal temporal structure improved forecast performance, with SARIMA outperforming ARIMA 

when seasonal patterns were present [9]. Hewamalage et al. [3] brought these issues together, 

identifying weak baselines, unsuitable accuracy measures, and leakage introduced during preprocessing 

or horizon construction as recurring sources of misleading forecast results. For that reason, our 

operational conclusions rely on the chronological split; the random split is retained only as a 

diagnostic. 

Leakage and feature availability 

Leakage was formally defined by Kaufman et al. [1] who proposed a strict learn-predict separation. 

This is no small implementation detail: Kapoor and Narayanan [2] show that it can invalidate the target 

estimand and lead to reproducibility failures. Forecasting complicates this further. A feature can be 

valid for one operational design and not for another, and CO2 is the clean example here, as we have the 

measurement taken at the forecast origin but not the one logged at the future target time. We label each 

feature by its availability relative to the forecast origin, not by its name. 

This is not a standard ablation. Removing the target-time variables does not test whether they are 

informative, which is already clear, and origin-time CO2 alone is second in the 15 minute SHAP 



 

63 
 

ordering. The audit tests if the forecasting interpretation of an accuracy result is maintained after the 

learn-predict border is imposed. 

Models, metrics, and dependent comparisons 

We include Ridge regression [10] as a regularized linear reference, Random Forest [11] as a bagged 

non-linear learner and XGBoost [12] as a boosted tree learner. TreeSHAP describes the trained clean 

XGBoost model [13]. We report MAE, RMSE, symmetric MAPE (sMAPE) and R-squared. As 

discussed by Hyndman and Koehler [14], percentage error measures need care when the target can be 

zero, and the energy target here runs down to 0.00 kWh. MAE is our primary ranking measure for that 

reason; sMAPE is supplementary. Resampling individual errors one at a time would throw away the 

serial dependence. We instead compare paired absolute-error sequences using a moving-block 

bootstrap with one-day blocks, following the general block-resampling principle for stationary 

observations developed by Kunsch [15]. The resulting percentile intervals are descriptive for the fixed 

test period and do not establish external validity. 

Distribution-free uncertainty for time series 

Conformal prediction can wrap a point predictor with distribution-free predictive intervals under 

exchangeability [16,17]. Conformalized quantile regression adapts interval width to heteroscedasticity 

[18]. Extensions address covariate shift [19], dynamic time series [20], adaptive time-series coverage 

[21], and non-exchangeability [22]. Our implementation uses the simpler split-conformal residual 

interval because it is transparent and computationally light. We explicitly test where that simplicity 

fails: conditional coverage at high load. Since chronological calibration and test observations are not 

exchangeable in the usual sense, we report empirical coverage rather than claiming exact finite-sample 

validity. 

MATERIAL AND METHODS 

Data source 
The public dataset is distributed by the UCI Machine Learning Repository under CC BY 4.0 [4] and is 

also linked to the original industrial-energy study [5]. There are 35,040 observations across 11 raw 

columns: energy use in kWh, lagging and leading reactive power, CO2, lagging and leading power 

factors, seconds from midnight, week status, day of week, and load type. Nothing is missing and no 

row is duplicated. 

 

Figure 1. Daily energy consumption, with the chronological train, calibration and test regions marked. 

Timestamp reconstruction 

Parsing the supplied date string directly would produce 365 backward jumps, one for each day. These 

were found when we were checking date integrity and ordering prior to fitting anything, not from a 
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model misbehaving downstream. It is caused by an encoding quirk: the last observation of each day has 

the time 00:00, but keeps the previous date. Nothing is wrong with the measurements themselves, only 

with their order. We rebuild the index as a continuous 15-minute sequence running from 2018-01-01 

00:15 to 2019-01-01 00:00, and the reconstructed time-of-day then matches the supplied seconds-from-

midnight variable on all 35,040 rows. 

Table 1. Dataset integrity and timestamp audit. 

Audit item Result 

Observations 35,040 

Raw columns 11 

Sampling interval 15 minutes 

Missing values 0 

Duplicate rows 0 

Energy mean 27.387 kWh 

Energy standard deviation 33.444 kWh 

Energy range                                    0.00-157.18 kWh 

Naive timestamp backward jumps 365 

Reconstructed clock/NSM agreement 100% 

 

Target and forecast origins 

Let y_tau denote energy use at target time tau. For horizon h in {1, 4}, corresponding to 15 and 60 

minutes, the forecast origin is t = tau - h. A deployable forecast has the form 

y_hat_(t+h) = f_h(X_available_at_or_before_t, C_(t+h)), 

where C_(t+h) contains only calendar information known in advance. Target-time sensor 

measurements are excluded because they are observed after the forecast is issued. 

CO2 proxy audit 

CO2 and energy use have a Pearson correlation of 0.9882. More importantly, 97.694% of the rows 

satisfy CO2 = round(Usage_kWh x 0.00045, 2). CO2 has only eight distinct values, compared with 

3,343 energy values. This pattern makes target-time CO2 a strong proxy for the target, although origin-

time CO2 remains a legitimate predictor. 
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Figure 2. Relationship between energy consumption and CO2, including the rounded usage-based 

proxy pattern. 

Experimental Design 

Feature-availability protocols 

We construct three protocols indexed by target time. The clean protocol contains 39 features. Seven 

describe the target calendar using sine/cosine encodings for time slot, day of week, and day of year plus 

a weekend indicator. Energy-history features include usage at the forecast origin; lags 1, 2, 4, 12, and 

24 steps before the origin; target-relative lags of 24 hours, 48 hours, and seven days; rolling means, 

standard deviations, minima, and maxima over 1 hour, 3 hours, 24 hours, and seven days; and 1-hour 

and 24-hour differences. The remaining clean features are the five numerical sensor readings shifted to 

the forecast origin. 

Table 2. Feature-availability protocols. 

Protocol Feature count Added information Operational status 

Clean past-

only 
39 

Calendar plus energy and sensors 

available no later than origin 
Deployable 

Target sensors 

without CO2 
46 

Five target-time electrical readings 

and target load-type indicators 
Diagnostic only 

All target-time 

features 
47 

Previous protocol plus target-time 

CO2 
Diagnostic only 

The target load label is placed in the diagnostic set because its same-row value describes the operating 

state at the target instant. Kept in the clean set, it would act as a future observation without saying so. 

Partitions 

For the main experiment, we preserve time order and allocate 70% of the usable observations to 

training, 15% to calibration, and 15% to testing. After feature construction, the 15-minute task contains 

34,368 targets. The training segment runs from 2018-01-08 00:15 to 2018-09-15 14:15 and contains 

24,057 observations; the next 5,155 observations form the calibration segment through 2018-11-08 

07:00, and the final 5,156 observations form the test segment through 2019-01-01 00:00. At the four-

step horizon, two additional early targets are unavailable because of the longer look-ahead, while the 

final test period remains unchanged. 

As a sensitivity check, we also create a reproducible random 70/15/15 partition using the fixed seed. Its 

role is limited to showing how the conclusions change when chronology is removed. We do not use 
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these scores to support operational claims because a random partition mixes earlier and later operating 

periods rather than forecasting a future period from past data. 

Learners and baselines 
Ridge uses standardised inputs and alpha = 10. Random Forest uses 240 trees, all depths available, 0.8 

feature sampling, and four worker processes. XGBoost uses 450 trees, depth 6, learning rate 0.04, 

subsample 0.85, column subsample 0.85, squared-error objective, and histogram tree construction. The 

fixed random seed is 42. Hyperparameters were selected as stable, moderate-complexity settings; no 

exhaustive search was conducted. 

Three baselines represent operational alternatives: persistence uses the latest origin value, the daily 

seasonal-naive forecast uses the value 96 intervals earlier, and the weekly seasonal-naive forecast uses 

the value 672 intervals earlier. Including simple baselines prevents a complex model from being judged 

only against weaker learned models [3]. 

Evaluation measures 

For n test observations, MAE and RMSE are 

MAE = (1/n) sum_i |y_i - y_hat_i|, 

RMSE = sqrt((1/n) sum_i (y_i - y_hat_i)^2). 

We also report sMAPE and R-squared. Peak-load MAE is calculated on test observations above the 

90th percentile of the training target, which equals 82.48 kWh at both horizons. This fixed training-

derived threshold prevents test information from defining the subgroup. 

Paired moving-block bootstrap 

For each best learned model and baseline, we compute the paired series d_i = |e_model,i| - 

|e_baseline,i|. We sample contiguous blocks of 96 observations, wrap blocks as required until a 

bootstrap sample reaches the test length, and calculate the mean paired difference. The 2.5th and 97.5th 

percentiles over 2,000 replicates form the reported 95% interval. Negative values favour the learned 

model. 

Split-conformal intervals 

For a fitted point model, the calibration nonconformity score is s_i = |y_i - y_hat_i|. For target 

miscoverage alpha, we use the finite-sample corrected calibration quantile and construct 

C_alpha(x) = [y_hat(x) - q_(1-alpha), y_hat(x) + q_(1-alpha)]. 

We evaluate nominal 90% and 95% intervals on the chronological test set. In addition to overall 

coverage and mean width, we report peak coverage using the same training-derived threshold. The 

intervals are an empirical baseline, not a formal time-series guarantee. 

Interpretation and reproducibility 

TreeSHAP values are computed for the clean 15-minute XGBoost model [13]. Everything runs on 

Python 3.12: NumPy 2.3.5, pandas 2.2.3, scikit-learn 1.8.0, XGBoost 3.0.5, SHAP 0.49.1, Matplotlib 

3.10.8. The raw file hashes to SHA-256  

9b1cee6f9cb9cd9df2b95814ca90a9a2ff15b7f5f1fba0fae3c643e82072eacc. 

RESULTS AND DISCUSSION 

Clean chronological forecasts 

Across the clean chronological tests, Random Forest produced the smallest overall MAE and RMSE at 

both horizons. At 15 minutes, its MAE was 3.829 kWh and its RMSE was 8.012 kWh, with R-squared 

of 0.934. XGBoost was close on aggregate error and gave the lower peak-load MAE, 15.283 kWh 

compared with 15.788 kWh for Random Forest. The same overall ordering remained at 60 minutes: 

Random Forest reached MAE 7.484 kWh and R-squared 0.809, whereas XGBoost again had the 

slightly smaller peak-load MAE. 
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Figure 3. Clean chronological 15-minute test predictions for learned models and baselines. 

 

Table 3. Clean chronological point-forecast results. 

Horizon Model MAE (kWh) RMSE (kWh) sMAPE (%) R-squared Peak MAE (kWh) 

15 min Random Forest 3.829 8.012 13.004 0.934 15.788 

15 min XGBoost 4.012 8.122 15.118 0.933 15.283 

15 min Persistence 4.995 11.639 14.110 0.861 20.206 

15 min Ridge 6.177 10.133 46.235 0.895 20.250 

15 min Seasonal naive 7d 12.814 24.403 39.277 0.391 44.664 

15 min Seasonal naive 24h 14.617 26.997 47.516 0.255 44.929 

60 min Random Forest 7.484 13.660 31.184 0.809 25.663 

60 min XGBoost 8.172 14.155 37.883 0.795 24.492 

60 min Ridge 10.626 15.721 70.369 0.747 32.509 

60 min Persistence 11.570 24.003 34.630 0.411 36.934 

60 min Seasonal naive 7d 12.814 24.403 39.277 0.391 44.664 

60 min Seasonal naive 24h 14.617 26.997 47.516 0.255 44.929 

Ridge's large sMAPE is driven mainly by the low-load part of the test set, where percentage errors 

become unstable. We therefore do not use sMAPE to determine the model ranking; MAE and RMSE 

remain directly interpretable in kWh. 

Bootstrap comparisons 

All paired 95% bootstrap intervals are below zero. Against persistence, Random Forest reduces MAE 

by 1.166 kWh (23.35%) at 15 minutes and 4.086 kWh (35.31%) at 60 minutes. Improvements relative 

to the daily and weekly seasonal baselines are larger. 

Table 4. Paired moving-block bootstrap comparisons for Random Forest. 

Horizon Baseline 
Model-baseline 

MAE difference 
95% interval Relative MAE reduction 

15 min Persistence -1.166 [-1.531, -0.826] 23.35% 

15 min Seasonal naive 24h -10.788 [-13.151, -8.983] 73.81% 

15 min Seasonal naive 7d -8.985 [-10.584, -7.163] 70.12% 

60 min Persistence -4.086 [-5.491, -2.571] 35.31% 
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Horizon Baseline 
Model-baseline 

MAE difference 
95% interval Relative MAE reduction 

60 min Seasonal naive 24h -7.133 [-9.640, -5.194] 48.80% 

60 min Seasonal naive 7d -5.329 [-7.025, -3.442] 41.59% 

These intervals support a difference on this held-out period. They do not remove the limitation that 

only one facility-year is available. 

Feature-availability leakage 

The protocol comparison produces the largest effect in the study. For XGBoost, adding target-time 

electrical sensors and load indicators reduces MAE from 4.012 to 0.868 kWh at 15 minutes and from 

8.172 to 1.088 kWh at 60 minutes. Adding target-time CO2 reduces the values further to 0.693 and 

0.808 kWh. 

 

Table 5. Effect of target-time feature availability on MAE. 

Horizon Model 
Clean past-only 

MAE 

Target sensors, 

no CO2 

All target-time 

features 

Apparent reduction 

from clean 

15 min Ridge 6.177 2.649 1.819 70.55% 

15 min 
Random 

Forest 
3.829 0.977 0.962 74.87% 

15 min XGBoost 4.012 0.868 0.693 82.72% 

60 min Ridge 10.626 4.822 2.115 80.10% 

60 min 
Random 

Forest 
7.484 1.113 0.973 87.00% 

60 min XGBoost 8.172 1.088 0.808 90.12% 

For XGBoost, CO2 provides an additional 20.10% MAE reduction at 15 minutes and 25.74% at 60 

minutes after the other target-time variables are present. These numbers should not be interpreted as 

forecast improvements. They quantify how strongly a contemporaneous estimation task can outperform 

a real forecast when target-time availability is ignored. 

 

Figure 4. MAE by horizon, split design, feature-availability protocol, and model. 
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Random versus chronological partitioning 

Random splitting does not produce a uniform direction of bias. At 15 minutes, random-split MAE is 

higher for Ridge, Random Forest, and XGBoost by 7.85%, 14.86%, and 11.00%. At 60 minutes, it is 

2.98% higher for Ridge but 24.46% and 26.42% lower for the two tree models. Therefore, the scientific 

issue is not that random splitting must always improve scores. It changes which operating regimes are 

represented in each partition and can alter conclusions in a horizon- and model-dependent way. 

Table 6. Sensitivity of clean-model MAE to random versus chronological splitting. 

Horizon Model Chronological MAE Random MAE 
Random change vs 

chronological 

15 min Ridge 6.177 6.662 +7.85% 

15 min Random Forest 3.829 4.398 +14.86% 

15 min XGBoost 4.012 4.453 +11.00% 

60 min Ridge 10.626 10.942 +2.98% 

60 min Random Forest 7.484 5.654 -24.46% 

60 min XGBoost 8.172 6.013 -26.42% 

The target mean declines from 28.719 kWh in training to 24.553 kWh in testing, and the 90th 

percentile declines from 82.48 to 69.425 kWh. The descriptive two-sample Kolmogorov-Smirnov 

statistic is 0.161 and the Wasserstein distance is approximately 4.46 kWh. We do not attach an iid p-

value to the KS statistic because the observations are serially dependent. 

Conformal interval audit 

The Random Forest split-conformal intervals obtain empirical marginal coverage close to their nominal 

levels. At 15 minutes, 90% and 95% intervals cover 91.29% and 95.85% of test targets. At 60 minutes, 

coverage is 89.72% and 94.78%. However, the peak-load subgroup is substantially undercovered. 

Table 7. Random Forest split-conformal coverage audit. 

Horizon Nominal coverage Empirical coverage Mean interval width (kWh) Peak coverage 

15 min 90% 91.29% 27.367 51.99% 

15 min 95% 95.85% 40.631 67.88% 

60 min 90% 89.72% 43.022 44.70% 

60 min 95% 94.78% 60.724 62.25% 

At nominal 90%, peak coverage is only 51.99% at 15 minutes and 44.70% at 60 minutes. The fixed 

symmetric residual quantile is therefore too narrow when energy use is high. Good marginal calibration 

does not imply operationally adequate protection for the most consequential subgroup. 
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Figure 5. Random Forest 90% and 95% split-conformal intervals for the 15-minute horizon. 

 

Figure 6. Random Forest 90% and 95% split-conformal intervals for the 60-minute horizon. 

Model interpretation 

TreeSHAP ranks usage at the forecast origin as the dominant 15-minute XGBoost feature, with mean 

absolute SHAP 21.291. Origin-time CO2 comes second at 4.010. Behind it sit the previous usage lag, 

the target time-of-day cosine, the weekly lag and the daily lag, an ordering consistent with a load 

process that is strongly persistent and nonlinear at once. 
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Figure 7. Mean absolute TreeSHAP importance for the clean 15-minute XGBoost model. 

The distinction between origin and target remains essential. Origin-time CO2 is legitimately available 

and can capture the current operating regime. Target-time CO2 is future information under both 

forecast horizons. 

Discussion and Implications 

Accuracy is conditional on task semantics 

The clean Random Forest result supports a useful short-term prediction claim: when only origin-

available measurements and known calendar information are used, it improves over persistence and 

seasonal-naive baselines on a later test period. The contemporaneous protocols support a different 

claim: sensors recorded with the target make the current energy state easy to estimate. Both statements 

can be true, but they answer different questions. 

The scale of the protocol effect exceeds the difference between Random Forest and XGBoost. At 15 

minutes, the clean models differ by only 0.183 kWh MAE, while changing from clean to all target-time 

features lowers XGBoost MAE by 3.318 kWh. At 60 minutes, the corresponding protocol reduction is 

7.364 kWh. Model selection without an availability specification can therefore optimise the wrong 

estimand with high numerical precision. 

Why random splitting behaved inconsistently 

Random splitting combines high- and low-demand periods throughout training and test, whereas the 

chronological split evaluates a later, lower-load regime. A random test may be more difficult at 15 

minutes because it has more dispersed operating conditions than the last chronological segment. 

Random training with wider regime coverage can help nonlinear models interpolate at 60 minutes. This 

interpretation agrees with the measured shift, but is not a causal decomposition. The strong conclusion 

is that random split changes the question and should not replace a deployment aligned test. 

Marginal coverage can conceal peak risk 
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Marginal coverage gives a reassuring but incomplete picture. At the 15-minute horizon, the nominal 

90% interval covers 91.29% of all test observations, yet coverage falls to 51.99% when evaluation is 

restricted to the training-defined peak subgroup; the corresponding 60-minute peak coverage is lower 

still. Inspection of the errors shows that residual magnitude increases with load, so one symmetric 

calibration radius cannot represent low-load and peak regimes equally well. 

Several extensions could address this pattern. Conformalized quantile regression [18], weighted 

conformal methods under shift [19], EnbPI [20], adaptive conformal procedures [21], and methods 

designed beyond exchangeability [22] each offer a different way to relax the fixed-width assumption. A 

load-stratified or Mondrian variant is also operationally plausible, provided that the strata and 

calibration rules are fixed from training and calibration data before test outcomes are examined. A 

useful next comparison would report both interval efficiency and peak coverage under rolling-origin 

evaluation. 

Operational implications 

We translate the audit into three implementation checks that do not depend on the learner. First, each 

candidate feature should carry an explicit availability timestamp or a documented latency rule. Second, 

offline evaluation should construct the feature vector from the forecast origin rather than selecting 

values from an already assembled target row; this is the practical distinction between our 39-feature 

forecasting protocol and the 47-feature diagnostic protocol. Third, monitoring should separate 

aggregate performance from peak-load behaviour for both point error and interval coverage. These 

checks can be applied before a model is considered for deployment. 

LIMITATIONS 

External validity. The evidence comes from one plant and one calendar year: 35,040 records from a 

South Korean steel facility in 2018. The study does not capture changes in production schedules, 

tariffs, weather, equipment, or sensor conventions that may occur at other facilities. Accordingly, the 

reported MAE values should not be interpreted as transferable performance estimates. 

Construct validity. We define deployment as a forecast issued 15 or 60 minutes before the target using 

sensors available at the forecast origin. Under a different operational definition, such as nowcasting or 

sensors with different reporting latency, the admissible feature set would change. The target-time 

protocols are therefore invalid for the future-forecasting task defined in Section 3.3, but not for every 

possible industrial prediction task. 

Internal validity. Hyperparameters were fixed in advance rather than tuned to maximise the reported 

scores: Ridge alpha = 10, Random Forest with 240 trees, XGBoost with 450 trees at depth 6, and seed 

42 throughout. This limits claims about the best attainable learner, but it also avoids repeatedly 

adapting the comparison to the calibration split. The experiment is intended to audit task definitions, 

not to establish a state-of-the-art leaderboard. 

Statistical validity. The bootstrap results depend on the chosen resampling scheme: one-day blocks of 

96 observations and 2,000 replicates, with dependence treated as approximately stationary within a 

block. Different block choices could alter the interval estimates. Split-conformal inference has a 

separate limitation because its classical validity relies on exchangeability, which a chronologically 

shifted series need not satisfy. We therefore report empirical coverage on the held-out period and do not 

claim exact distribution-free validity. 

Subgroup definition. Peak load is defined by the training-set 90th percentile, 82.48 kWh. This is an 

analysis threshold rather than a universal operating limit; another facility could instead use a tariff 

trigger, an equipment rating, or a cost-sensitive threshold. Conditional coverage may also differ across 

operating regimes that were not isolated by this definition. 

Interpretability. SHAP values describe the fitted predictor rather than a causal mechanism. Because 

energy lags and electrical sensor readings are correlated, importance can be distributed across related 

variables, so individual attributions should be interpreted in that context. 
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REPRODUCIBILITY AND AVAILABILITY 

To support replication, the released package contains the attributed UCI data and its hash, the 

executable experiment code, pinned dependency versions, saved predictions, metric tables, bootstrap 

and conformal outputs, SHAP values, figures, and environment metadata. The experiment uses seed 42; 

any remaining variation should be limited to library-level parallel numerical behaviour. The full 

experiment is launched with one command: 

python src/run_experiments.py --bootstrap-replicates 2000 

CONCLUSION 

The audit separates two prediction tasks that can look identical in a row-oriented industrial dataset. 

With only information available at the forecast origin and a chronological holdout, Random Forest 

achieved MAE 3.829 kWh at 15 minutes and 7.484 kWh at 60 minutes, and every paired block-

bootstrap interval against the operational baselines remained below zero. When target-time 

measurements were admitted, XGBoost MAE fell by as much as 90.12%; that result reflects 

contemporaneous estimation rather than a genuine future forecast. The random-split sensitivity analysis 

also changed direction across horizons. Uncertainty evaluation revealed a second distinction: the 15-

minute 90% split-conformal interval attained 91.29% marginal coverage but only 51.99% coverage on 

the peak-load subgroup. The main methodological finding is therefore that feature availability and 

subgroup-specific uncertainty assessment can alter the scientific interpretation more than the choice 

between two competitive tree learners. Generalisation beyond this plant-year remains untested, and 

load-adaptive conformal methods under rolling deployment are a natural next step. 
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 اليقينالتنبؤ أم القياس المتزامن؟ تدقيق واعٍ بتسرب البيانات للطاقة الصناعية مع تقدير عدم 

 الملخص

ً نحظح إصذار انرُثؤ.  ذكىٌ دقح انرُثؤ تاسرهلاك انطاقح انصُاعُح راخ يعًُ فقظ عُذيا ذكىٌ جًُع انخصائص انًسرخذيح يراحح فعهُا

ً ترسرب انثُاَاخ نهرُثؤ تعذ  ً واعُا يشاهذج فعهُح يٍ يُشأج نصُاعح انصهة فٍ كىرَا  010656دقُقح تاسرخذاو  06و 51َقذوّ ذذقُقا

خاصُح لا ذرجاوز نحظح إصذار انرُثؤ، ثى قىرٌ  03انجُىتُح. أعُُذ تُاء انرسهسم انسيٍُ، وعُرّف تروذىكىل قاتم نهرطثُق َضى 

عُذ أفق  hWk 0.8.3تثروذىكىنٍُ ذشخُصٍُُ َسرخذياٌ قُاساخ انسيٍ انًسرهذف. حققد انغاتح انعشىائُح يرىسظ خطأ يطهق قذرِ 

%. فٍ انًقاتم، أدي 01.05% و0.01.دقُقح، يع خفض انخطأ يقارَح تخظ الاسرًرارَح تُسثح  06 عُذ أفق hWk 4.585دقُقح و 51

%، وهى يا َصف ذقذَراً يرسايُاً لا .36.5تُسثح ذصم إنً  tsoBBGXإدخال قُاساخ انسيٍ انًسرهذف إنً خفض ظاهرٌ نخطأ 

رىي الاسًٍ، نكُها عاَد يٍ َقص شذَذ فٍ ذغطُح الأحًال ذغطُح كهُح قرَثح يٍ انًس lBmrBfnocذُثؤاً يسرقثهُاً. حققد فىاصم 

 انًرذفعح. ذؤكذ انُرائج أٌ ذعرَف زيٍ ذىفر انخصائص وذقُُى عذو انُقٍُ انشرطٍ عُصراٌ أساسُاٌ فٍ صحح الاسرُراج انعهًٍ.

 ذقذَر عذو انُقٍُ؛ انغاتح انعش انرُثؤ تانطاقح انصُاعُح؛ ذسرب انثُاَاخ؛ انرقُُى انسيٍُ؛ انرُثؤ انًطاتق؛ الكلمات المفتاحية:


