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Abstract—This study proposes an interpretable hybrid
residual learning framework for household electricity
demand prediction under limited data conditions. The
framework integrates statistical forecasting models with
machine learning residual learners and SHapley Additive
exPlanations (SHAP)-based explainability to improve
predictive accuracy while preserving transparency. Using
1,000 hourly household electricity consumption observations
collected over approximately 41.7 consecutive days, the
proposed model was compared with Linear Regression,
Autoregressive Integrated Moving Average (ARIMA),
Random Forest, Support Vector Machine, and Deep Neural
Network  baselines under identical chronological
train-validation-test conditions. Results show that the hybrid
framework achieved the best predictive performance, with
Mean Absolute Error (MAE) = 0.141, Root Mean Squared
Error (RMSE) = 0.198, Mean Absolute Percentage Error
(MAPE) = 7.5%, and Coefficient of Determination (R?) =
0.90, outperforming both statistical and standalone machine
learning models. The results are interpreted within a short-
term limited-data forecasting scenario. Although the
proposed framework showed the best performance on the
independent chronological test set, robustness under
progressive training-data reduction is considered a direction
for future validation because the available dataset contains
only 1,000 hourly observations, while statistical comparison
was performed using the Diebold-Mariano test. SHAP
explanations identified temperature, hour-of-day patterns,
and household occupancy as the most influential demand
drivers, providing physically meaningful insights for
residential energy planning. The findings suggest that
interpretable hybrid residual models represent a reliable
alternative for short-term household electricity forecasting in
data-scarce urban environments.
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I. INTRODUCTION

Electricity consumption in the residential sector has
become a critical component of modern power systems
due to urban growth, population increase, and the
expansion of electrical and electronic device usage [1].
Accurate forecasting of residential electricity demand is
essential for energy planning, power system stability,
demand-side management, and sustainability-oriented
policies [2]. However, in urban contexts, particularly in
developing countries, forecasting is often constrained by
data scarcity, heterogeneous consumption patterns, and
limited advanced metering infrastructure [3].

Traditional statistical and time-series models, such as
Autoregressive Integrated Moving Average (ARIMA),
remain widely used because of their simplicity and
interpretability [4]. Nevertheless, they have limited
capacity to capture nonlinear relationships among
climatic, behavioral, and household-related variables [5].
Machine Learning (ML) models can address some of these
nonlinear patterns and often improve predictive
accuracy [6], but their black-box nature limits their
usefulness in  decision-making contexts  where
transparency is required [7].

Hybrid residual models offer a promising alternative by
combining the temporal modeling capacity of statistical
methods with the nonlinear learning ability of machine
learning algorithms [8, 9]. However, their application
together with explainable artificial intelligence techniques
remains limited in household electricity demand
forecasting, especially under data-scarce urban
conditions [10-12].

Within this context, the present study proposes an
interpretable hybrid residual forecasting framework for
short-term household electricity demand prediction under
limited-data conditions. The framework integrates
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ARIMA-based statistical forecasting, Random Forest
residual correction, and SHapley Additive exPlanations
(SHAP)-based explainability to improve predictive
transparency and support residential energy planning.

II. LITERATURE REVIEW

Previous research on residential electricity demand
forecasting has followed three main methodological
directions. The first includes statistical and time-series
approaches, such as linear regression and ARIMA, which
remain relevant because of their interpretability and low
computational complexity. However, these models are
often limited when electricity demand is influenced by
nonlinear interactions among temperature, occupancy,
device usage, and household routines [4, 5].

The second direction involves machine learning
models, including support vector machines, random
forests, ensemble methods, and deep learning models.
These approaches have demonstrated strong predictive
performance in energy forecasting tasks because they can

capture nonlinear demand patterns and complex
interactions among explanatory variables [6, 7].
Nevertheless, their adoption in operational energy

planning may be limited when model decisions cannot be
clearly interpreted.

The third direction corresponds to hybrid forecasting
models, particularly residual learning strategies that
combine statistical base models with machine learning
residual learners. These models are designed to capture
both structured temporal behavior and nonlinear
deviations in electricity demand [8, 9]. More recently,
explainable artificial intelligence techniques such as
SHapley Additive exPlanations (SHAP) and Local
Interpretable Model-Agnostic Explanations (LIME) have
been incorporated to improve transparency by identifying
the contribution of each predictor to model
outputs [10—12]. However, the joint use of hybrid residual
learning and SHAP-based explainability remains
insufficiently explored in short-term household electricity
demand forecasting under limited-data conditions.

A relevant antecedent is the study conducted by
Machaca-Casani et al. [13], who compared machine
learning models and traditional statistical methods for
residential energy consumption forecasting in Arequipa,
Peru. Using a quantitative and comparative approach, they
evaluated algorithms such as Random Forest, Support
Vector Machine (SVM), and deep neural networks against
classical models such as linear regression and ARIMA,
employing Mean Absolute Error (MAE), Root Mean
Squared Error (RMSE), and R? metrics. The results
showed that traditional models and SVM exhibited better
predictive capability and greater stability, while more
complex models suffered from generalization issues,
demonstrating that algorithmic complexity does not
guarantee superior performance in data-limited contexts.

This problem is particularly relevant in contexts where
smart-meter infrastructure is partial or recently
implemented, because forecasting models must often
operate with short historical records and a reduced set of
explanatory variables.

The study concluded that model selection should
consider context, data quality, and interpretability, leaving
the exploration of more robust and adaptive approaches as
future work.

Similarly, Neubauer et al. [14] developed an
explainable multi-step thermal load forecasting model
using Encoder—Decoder networks with temporal attention
mechanisms and SHAP values. The authors demonstrated
that incorporating Explainable Artificial Intelligence
(XAI) techniques improves the interpretability of deep
learning models without sacrificing accuracy, enabling the
identification of the influence of climatic variables and
temporal lags on energy demand. Moreover, they showed
that SHAP-based feature selection reduces training time
and prediction error, contributing to more efficient and
reliable energy management in residential and district
heating systems.

In the same context, Moon et al. [15] presented a
comparative study of tree-based ensemble learning
techniques for residential electricity consumption
forecasting,  incorporating  Explainable  Artificial
Intelligence (XAI) approaches through SHAP. The authors
evaluated models such as Random Forest, Gradient
Boosting, Extreme Gradient Boosting (XGBoost), Light
Gradient Boosting Machine (LightGBM), and CatBoost
using data from university residential buildings and the
Appliances Energy Prediction dataset. The results revealed
that combining internal factors (historical consumption)
and external factors (climatic variables) significantly
improves model accuracy, highlighting the performance of
Gradient Boosting Machine (GBM) and CatBoost.
Additionally, SHAP enabled the identification of critical
variables such as the temperature—humidity index and
thermal sensation, strengthening model interpretability
and applicability in energy management systems.
However, the study focuses on contexts with moderate
data availability, opening opportunities for research
oriented toward data-scarce urban environments and
lighter, more transferable hybrid residual model.

Cakiroglu et al. [16] developed an advanced approach
for residential energy consumption forecasting using
hybrid machine learning models aimed at improving
accuracy in data-limited contexts. The research compared
different predictive algorithms by integrating supervised
learning techniques with optimization methods and
demonstrated that hybrid residual model outperforms
traditional approaches in terms of prediction error and
model stability. The results showed a significant
improvement in energy consumption estimation,
especially in urban scenarios with limited historical data,
highlighting the importance of combining multiple
contextual and architectural variables. This antecedent is
relevant to the present study, as it supports the use of
hybrid and explainable models as an effective strategy for
residential energy consumption forecasting and reinforces
the need for robust approaches that maintain high
performance under data constraints.

Moo et al. [17] proposed an online hybrid machine
learning model for building energy consumption
forecasting, named RABOLA, which combines bagging
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and boosting techniques (Random Forest, GBM, and
XGBoost) with an online learning scheme. The model
incorporates historical consumption variables, temporal
information, and temperature, allowing it to adapt to
gradual and abrupt changes in demand patterns. The results
demonstrated significant improvements over traditional
models and deep neural networks in terms of Mean
Absolute Percentage Error (MAPE) and Coefficient of
Variation of the Root Mean Square Error (CVRMSE),
while also offering greater interpretability through variable
importance analysis. This study shows that interpretable
hybrid approaches based on online learning are
particularly effective for dynamic energy scenarios with
high variability, providing a relevant methodological
reference for urban energy forecasting research.
Anastasiadou et al. [18] proposes an advanced
explainable deep learning model for building energy
performance classification and retrofit strategy
recommendation using real data from Energy Performance
Certificates (EPCs) in the Lombardy region, Italy. The
research integrates a deep neural network with
regularization techniques (L2 and dropout), class
balancing through Synthetic Minority Over-Sampling
Technique (SMOTE), and explainability via SHAP,
achieving near 100% accuracy in classifying
energy-efficient (A4) and inefficient (D—G) buildings. A
key contribution is the incorporation of explainability into
high-complexity models, enabling the identification of
critical variables such as heating energy demand,
non-renewable energy consumption, and photovoltaic

system  integration. = Furthermore, counterfactual
explanations facilitate personalized retrofit
recommendations focused on insulation, Heating,

Ventilation and Air Conditioning (HVAC) systems, and
renewable energy use. While relevant, this study focuses
on energy classification rather than direct residential
energy consumption forecasting in  data-scarce
environments, a gap addressed by the present research.

Chen et al. [19] proposes a hybrid deep learning model
for building energy consumption forecasting, combining
advanced signal decomposition techniques in the time and
frequency domains using Complete Ensemble Empirical
Mode Decomposition with Adaptive Noise (CEEMDAN)
and Fast Fourier Transform (FFT), along with K-means
clustering to capture heterogeneous consumption patterns.
Subsequently, a prediction framework based on ulti-scale
Kernel Deep Convolutional Network-Long Short-Term
Memory (MKDCN-LSTM) deep neural networks is
employed, with model weights optimized using the Grey
Wolf Optimizer (GWO) under non-negativity constraints.
Experimental results using real public building data show
a significant reduction in prediction error compared to
traditional models and other deep learning approaches,
demonstrating high generalization capability in urban
contexts. However, the study focuses on scenarios with
sufficient historical data and does not explicitly address
data scarcity or model interpretability, highlighting an
opportunity for complementary research through
explainable and robust approaches in data-limited
environments, as addressed in this study.
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Jiang et al. [20] addresses the problem of historical data
scarcity in short-term electricity demand forecasting,
particularly in contexts lacking local smart meters. The
authors propose a transfer learning-based approach using
regional data from a system operator to improve
forecasting accuracy at local aggregation levels.
Experiments conducted across scenarios ranging from a
single household to 114 apartments show that knowledge
transfer from models trained on regional data reduces
prediction error in data-scarce contexts, demonstrating the
value of well-maintained aggregated datasets. However,
the study does not explore model interpretability or the
integration of contextual variables, highlighting the need
for complementary approaches that combine accuracy,
explainability, and robustness in data-limited urban
environments, as pursued in the present study.

Briggs ef al. [21] proposes a Federated Learning (FL)
approach for short-term residential load forecasting aimed
at preserving smart meter data privacy. The study
compares LSTM models trained under different schemes:
centralized learning, local learning (fully private), standard
FL, and a hierarchical clustering-enhanced variant
(FL+HC) to handle non-Independent and Identically
Distributed (non-IID) data. The results show that while
standard FL underperforms local learning, the FL+HC
approach followed by local personalization improves
accuracy by up to 5% compared to local models, with
approximately a 10x reduction in computational cost. This
study demonstrates that the key challenge in residential
forecasting is not only data scarcity but also data
heterogeneity (non-IID) and privacy constraints. However,
the focus on traditional LSTM architectures leaves room
for more explainable hybrid residual model and
data-scarce urban scenarios, opening opportunities for
further methodological advancements.

A relevant advancement in deep learning-based energy
forecasting is the study conducted by Haq et al. [22],
which proposes an explainable hybrid framework
combining Attention-based LSTM (ALSTM) with the
Hilbert-Huang Transform (HHT) for building energy
consumption forecasting. The approach addresses the
nonlinear and non-stationary nature of energy time series
through decomposition into Intrinsic Mode Functions
(IMFs), followed by attention mechanisms to capture
relevant temporal dependencies. The results show
substantial improvements over conventional models
(Artificial Neural Network (ANN), Gated Recurrent Unit
(GRU), LSTM), achieving R? values close to 0.94 and
significant error reductions, particularly in scenarios with
high climatic and operational variability. From an
explainability perspective, the study integrates XAl
techniques (LIME and SHAP), enabling transparent
identification of dominant prediction factors. However, the
framework is mainly validated in hotel-type commercial
buildings with adequate historical data, limiting its
generalization to data-scarce residential environments and
grid-level planning.

Recent advances in residential energy demand
forecasting have highlighted the importance of integrating
methodological rigor, model interpretability, and robust
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evaluation strategies. State-of-the-art reviews emphasize
that accurate prediction of household energy consumption
depends not only on the selection of appropriate machine
learning techniques but also on the identification of key
influencing  variables, evaluation protocols, and
reproducible experimental frameworks [23]. In this
context, recent studies have proposed hybrid and
data-driven approaches that combine statistical and
machine learning models to improve predictive
performance under  complex and nonlinear
conditions [24, 25]. Furthermore, emerging research in
thermal and building energy systems demonstrates that
hybrid frameworks, such as Seasonal Autoregressive
Integrated Moving Average Exogenous-Multilayer
Perceptron (SARIMAX-MLP) and other integrated
architectures, can effectively capture both temporal
dependencies and nonlinear dynamics, leading to
improved forecasting accuracy [25]. In parallel, advances
in intelligent energy management systems and Al-driven
forecasting models highlight the need for consistent
reporting of model configuration, validation strategies, and
performance metrics to ensure reproducibility and
comparability across studies [26, 27]. These developments
collectively indicate a shift toward more transparent,
interpretable, and systematically evaluated forecasting
frameworks, which directly motivates the structured and
explainable hybrid residual approach proposed in this
study.

Finally, Kim [28], Alfayan et al. [29] and Hair et al. [30]
demonstrates that deep learning models with explainability
mechanisms represent an effective alternative to
traditional energy consumption forecasting approaches,
which often lack interpretability or rely on manual
analysis. The proposed model, based on a multi-encoder
architecture with an explanatory module, not only
improves future electricity consumption prediction
performance but also provides meaningful explanations by
identifying relationships between latent variables and
relevant electrical information. Experimental results
indicate that integrating accuracy and explainability
contributes to the development of more transparent,
reliable, and decision-oriented smart grid systems.

The novelty of this study does not lie in the isolated use
of hybrid models or SHAP, since both approaches have
been previously explored in energy forecasting. Rather, the
contribution lies in integrating residual hybrid modeling,
chronological validation, statistical significance testing,
and SHAP-based interpretation into a unified workflow for
short-term household electricity demand prediction under
limited-data conditions.

The gap addressed in this study concerns the limited
integration of residual hybrid learning, chronological
validation,  statistical  significance  testing, and
SHAP-based interpretation in household electricity
demand forecasting under limited-data conditions.
Previous studies have explored hybrid models or
explainable models separately; however, fewer works
have combined these components into a unified and
reproducible  workflow specifically designed for
short-term residential forecasting with scarce historical

records. The proposed framework is not claimed to be

universally superior to all explainable models, but it

provides a practical balance between predictive accuracy,
interpretability, reproducibility, and applicability in
data-constrained urban environments.

Despite recent advances in machine learning-based
electricity demand forecasting, three research gaps remain
insufficiently addressed. First, many studies focus on
data-rich  environments, whereas  household-level
forecasting in urban contexts often involves short
historical records and limited explanatory variables.
Second, hybrid residual model is frequently described
conceptually, but their mathematical integration and
residual learning structure are not always clearly
formalized. Third, explainability results are often reported
as feature rankings without discussing their physical
meaning for power system operation and residential
energy planning.

Based on these gaps, this study addresses the following
research questions:

e To what extent can an interpretable hybrid residual
framework improve household electricity demand
prediction under limited data conditions compared
with standalone statistical and machine learning
models?

e Does the residual integration of statistical and machine
learning models provide statistically significant
improvements in forecasting accuracy?

e Which temporal, climatic, and household-related
variables contribute most strongly to household
electricity demand prediction according to SHAP
explanations?

The following hypotheses are tested:

e The proposed interpretable hybrid residual model
achieves lower MAE and RMSE and higher R? than
standalone baseline models.

o The performance difference between the hybrid model

and the best standalone model 1is statistically
significant.
o SHAP-based explanations identify  physically

meaningful demand drivers, particularly temporal and
temperature-related variables.
The main contributions of this study are:

e An interpretable hybrid residual learning framework
for household electricity demand prediction under
limited data conditions.

¢ A mathematical formulation of the residual integration
between statistical and machine learning models.

e A reproducible experimental design including
chronological splitting, hyperparameter tuning,
independent test evaluation, statistical significance
testing, and SHAP-based explainability.

e A SHAP-based interpretation of demand drivers with
physical implications for residential energy planning.

III. MATERIALS AND METHODS

A. Experimental Framework

This study follows a quantitative computational
forecasting design aimed at evaluating household

1432



Journal of Advances in Information Technology, Vol. 17, No. 8, 2026

electricity demand prediction under limited data
conditions. The experimental framework compares
standalone statistical models, standalone machine learning
models, and the proposed interpretable hybrid residual
learning framework under identical preprocessing,
validation, and testing conditions.

The workflow consists of the following stages: data
acquisition, data quality assessment, preprocessing,
cyclical encoding of temporal variables, chronological
train-validation-test splitting, baseline model training,
hybrid residual model construction, hyperparameter
tuning, test evaluation, robustness analysis, statistical
significance testing, and SHAP-based interpretation.

The complete experimental pipeline consisted of: data
quality assessment, missing-value treatment,
normalization, cyclical encoding of temporal variables,
construction of lagged variables when applicable,
chronological train-validation-test splitting, baseline
model training, residual computation, residual learner
training, validation-based model selection, independent
test evaluation, Diebold—Mariano statistical comparison,
and SHAP-based interpretation.

All statistical, machine learning, and hybrid models
were trained, validated, and tested under the same
chronological data partition. This ensured a fair
comparison across models and prevented information
leakage from future observations into the training process.

B. Dataset Description

The target wvariable was household electricity
consumption expressed in kWh per hourly interval. The
final predictor set included cyclical hour-of-day variables,
ambient temperature, number of household occupants,
housing type, device usage category, and air-conditioned
room availability. User ID was excluded from the predictor
set because it is an identifier rather than an explanatory
variable and may introduce household-specific bias,
privacy concerns, or information leakage. Current
electricity consumption was not used as an input predictor.
When historical consumption information was included, it
was represented only as lagged consumption from
previous hourly intervals.

The available explanatory variables represent a
constrained predictor set, consistent with a limited-data
forecasting scenario. Although temporal, climatic, and
household-related variables are useful for short-term
prediction, the dataset does not include appliance-level
consumption, building insulation characteristics, HVAC
technical specifications, income level, or other
socioeconomic variables.

The dataset used in this study was processed in
anonymized form. No personally identifiable information
was used for model training, testing, interpretation, or
reporting. Household identifiers, when available in the raw
dataset, were removed from the predictor set to prevent
privacy risks and information leakage. The analysis was
conducted using hourly consumption and contextual
variables exclusively for research purposes (Table I).

TABLE 1. DATASET CHARACTERISTICS, INCLUDING NUMBER OF
HOURLY OBSERVATIONS, STUDY DURATION, TARGET VARIABLE,
PREDICTOR SET, CHRONOLOGICAL DATA SPLIT, AND LIMITED-DATA
CONDITION

Attribute Description
Number of records 1,000 observations
Sampling interval Hourly

Approximately 41.7 consecutive days
Short-term household electricity demand
prediction
Household electricity consumption
kWh per hourly interval
Hour-of-day ~ cyclical  features,  ambient
temperature, number of household occupants,
housing type, device usage -category, air-
conditioned room availability, and lagged
consumption when available. User ID and
current target consumption were excluded to

prevent bias and information leakage
Chronological 70% training, 15% validation,
15% testing
Limited-data household forecasting scenario

Study duration

Forecasting type

Target variable
Unit

Predictors

Data split

Data condition
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C. Data Preprocessing

Data preprocessing was performed before model
training to ensure consistency and avoid information
leakage. Missing numerical values were treated using
mean imputation calculated only from the training subset.
Numerical variables were normalized using min—max
scaling, with scaling parameters fitted on the training data
and then applied to the validation and test sets.

Outliers were identified using the interquartile range
criterion. However, they were retained because the
objective of the study was to evaluate forecasting
performance under realistic residential demand variability
rather than under artificially smoothed conditions.

Since hour of the day is a cyclical variable, it was not
used as a simple linear numerical predictor. Instead, it was
transformed using sine and cosine encoding:

. (2mHour

Hourg;, = sin (T)
2nHour

Hour,,s = cos (T)

This transformation preserves the circular relationship
between 23:00 and 00:00 and avoids misleading linear
interpretations of hourly patterns.

D. Proposed Hybrid Residual Learning Framework

The hybrid residual model was implemented through
the following steps. First, a statistical base learner was
trained on the training subset to estimate the main linear or
temporal component of household electricity demand.
Second, residuals were computed as the difference
between observed demand and the statistical prediction.
Third, a machine learning model was trained to predict
these residuals using the same explanatory variables.
Fourth, the final hybrid forecast was obtained by adding
the statistical prediction and the predicted residual
correction.
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Let y, denotes the observed electricity consumption at
time ¢ and x; the predictor vector. The statistical base
learner produces an initial forecast:

yitat = fitat(x,)
The residual is computed as:
e, =y, — yitat

The residual learner estimates the nonlinear residual
component:

'L = fyL(x,)
The final hybrid prediction is obtained as:
hyb = yStat + éML

This formulation allows the statistical learner to capture
stable temporal or linear behavior, while the residual
learner models nonlinear deviations that remain
unexplained by the base model.

The final hybrid configuration used ARIMA (2,1,2) as
the statistical base learner and Random Forest Regressor
as the machine learning residual learner. The statistical
component generated the initial forecast of household
electricity consumption, while the Random Forest residual
learner was trained to estimate the nonlinear residual
component not captured by the ARIMA model. The final

hybrid prediction was obtained by adding the ARIMA
forecast and the residual correction estimated by the
Random Forest model.

The architecture of the proposed hybrid residual
forecasting model is shown in Fig. 1. The model integrates
a statistical base learner and a machine learning residual
learner in a sequential structure. First, ARIMA (2,1,2)
generates an initial forecast of household -electricity
consumption. Then, the residual error between the
observed consumption and the ARIMA prediction is
computed. This residual component is used as the target
variable for the Random Forest residual learner, which
estimates the nonlinear correction not captured by the
statistical model.

Finally, the hybrid forecast is obtained by adding the
ARIMA prediction and the Random Forest residual
correction. SHAP explainability is applied to the residual
learner to identify the contribution of each predictor to the
residual correction and to the final hybrid forecast.

To clarify the distinction between model architecture
and experimental workflow, the revised manuscript
includes two separate diagrams. Fig. 1 presents the
architecture of the proposed hybrid residual model,
including the input feature vector, statistical base learner,
residual computation, machine learning residual learner,
hybrid forecast aggregation, and SHAP explainability
module.

Fig. 2 presents the experimental workflow, including
data preprocessing, chronological splitting, model
training, hyperparameter tuning, independent test
evaluation, statistical testing, and SHAP interpretation.

Statistical component (base forecasting)

Observed
) consumption
Input features A
+ Hour-of-day
cyclical features isti n
b?saet:::::tler Initial forecast Residual Residual target
* Temperature —> sotat = £ (0 computation for training
- X, %
itimibsaraf ARIMA(2,1,2) Y stat\ Xt e =y, — pitt e,
occupants
* Housing type
+ Device usage soac
training
« Air-conditioned
room
r/'i ‘‘‘‘‘‘‘ it e o< et S
* Lagged ! v Machine learning residual correction
consumption | \ 4
3 i
(if avalable) ! Machine learning ' g Final household
[ residual learner prediction Residual prediction Hybrid aggregation IR inoyseho
1 ) ~ML »hyb » stat ~ML Ele‘:trlc‘ty
i Random Forest Regressor & = fur(x,) Y=y te demand forecast

300 trees

SHAP explainability

===%| Feature contributions to the
residual correction and
final hybrid forecast

Fig. 1. Architecture of the proposed hybrid residual forecasting model. The statistical base learner generates an initial prediction, the residual is
computed from the observed and predicted values, and the machine learning residual learner estimates the nonlinear correction added to the final

forecast.
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Residential Data Statistical Residual Machine Hybrid Explainability Decision
Energy Data Preprocessing Base Model Computation Learning Forecast Layer (XAl) Support
) (Linear Residual Model Outputs

(Data-scarce . &ea:::t?oi Regression / r(t) = y(t) - e _hybrid = « SHAP values * Accurate

urban i ARIMA) 7 stat(t) SO0 Iy V stat + T Srcatire forecasts

environments) * Scaling & ks SVM/DNN) St o
Encoding Captures trend importance ¢ Interpretable

& seasonality

drivers

Fig. 2. Experimental workflow followed for preprocessing, chronologic

al splitting, model training, hyperparameter tuning, test evaluation, statistical

comparison, and SHAP interpretation

E.  Model Configuration and Hyperparameter Tuning

All models were trained using the same chronological
training and validation subsets. Hyperparameter tuning
was performed using grid search, and the best
configuration was selected according to validation RMSE.
The final selected configurations are reported to ensure
reproducibility.

Hyperparameter tuning was conducted using only the
validation subset. The test set was not used during model
selection. The final model configuration was selected
according to the lowest validation RMSE and was
evaluated once on the independent chronological test set
(See Table II).

The hyperparameter search ranges were defined as
follows: for Random Forest, the number of trees varied
from 100 to 500, maximum depth from 4 to 12, and
minimum samples per leaf from 1 to 5. For SVM, the
regularization parameter C varied from 0.1 to 100, y from
0.001 to 0.1, and ¢ from 0.01 to 0.1. For the DNN, the
number of hidden layers varied from one to three, the
number of neurons from 32 to 128, dropout from 0 to 0.30,
and learning rate from 0.0005 to 0.01. For ARIMA, values
of p and ¢ ranged from 0 to 5, while d ranged from 0 to 2.

TABLE II. FINAL MODEL CONFIGURATIONS AND SELECTED
HYPERPARAMETERS AFTER VALIDATION-BASED GRID SEARCH

Model Final configuration
Linear Ordinary least squares with normalized numerical
Regression predictors
ARIMA Order selected using AIC and validation RMSE

300 trees; maximum depth = 8; minimum samples

Random Forest split = 4; minimum samples leaf =2

SVM RBF kernel; C = 10; gamma = 0.01; epsilon = 0.05
Hidden layers = 64 and 32 neurons; Rectified Linear
DNN Unit (ReLU) activation; dropout = 0.20; Adam
optimizer; learning rate = 0.001; batch size = 32;
early stopping patience = 20
Hybrid residual  Statistical base model + machine learning residual
model learner + SHAP explainability layer

E.  Chronological Data Splitting

The dataset was divided chronologically into training,
validation, and test subsets using a 70%—15%—15% split.
The first 700 observations were used for training, the
following 150 observations for validation, and the final
150 observations for independent testing. Random
splitting was avoided because household electricity
demand has temporal dependency. This chronological
design prevents information leakage and simulates real
forecasting conditions, where future values must be
predicted using only past observations.

Random splitting was avoided because it would allow
observations from later time periods to influence model
training, producing an optimistic estimate of forecasting
performance. The chronological split reproduces real
operational forecasting conditions, where future demand
must be predicted using only past information.

F.  Evaluation Metrics

Forecasting performance was evaluated using MAE,
RMSE, MAPE, and R?, which jointly assess absolute error,
sensitivity to large deviations, relative error, and explained
variance. These metrics were selected because they jointly
assess absolute error, sensitivity to large deviations,
relative error, and explained variance. All models were
evaluated on the same independent chronological test set.

G. Statistical Significance Testing

To determine whether the difference between the
proposed hybrid model and the best standalone model was
statistically meaningful, the Diebold-Mariano test was
applied using squared forecast errors. The null hypothesis
states that both models have equal predictive accuracy. A
statistically significant result indicates that the observed
reduction in prediction error is unlikely to be due to
random variation alone.

Statistical significance was assessed using the Diebold—
Mariano test to compare the predictive accuracy of the
proposed hybrid residual model against the best standalone
baseline model. Based on the validation and test results,
the DNN was selected as the strongest standalone
comparator. The test was applied using squared forecast
errors as the loss function and a one-hour-ahead
forecasting horizon. The null hypothesis states that both
models have equal predictive accuracy. The test was
conducted on the independent chronological test set
composed of 150 observations. To account for potential
autocorrelation  in  the  loss  differential, a
[Newey—West/Harvey—Leybourne—Newbold] correction
was applied. A p-value below 0.05 was interpreted as
evidence of a statistically significant difference in
predictive accuracy.

H. Robustness Analysis under Limited Data

Robustness was evaluated through down-sampling
experiments using 30%, 50%, 70%, and 100% of the
available training data. Each model was retrained under
these reduced-data conditions and evaluated on the same
independent test set. For machine learning models,
repeated runs with fixed random seeds were performed,
and mean performance with standard deviation was
reported. The objective was to determine whether the
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proposed hybrid residual framework maintained stable
performance when the amount of training data was
progressively reduced.

1. SHAP-Based Explainability

SHAP-based explainability was applied to interpret the
contribution of each input variable to the predictions of the
hybrid residual framework. For tree-based residual
learners, Tree Explainer was used. For SVM and DNN
configurations, Kernel Explainer was applied using a
representative background sample from the training
subset. SHAP values were computed on the independent
test set, and feature importance was calculated as the mean
absolute SHAP value of each predictor.

The analysis preserved the transformed cyclical
variables Hous, and Hou.s to avoid distorting the
interpretation of temporal effects. The objective of SHAP
analysis was not only to rank variables but also to provide
physically meaningful explanations of household
electricity demand behavior.

Beyond ranking predictors, SHAP values were used to
provide physically meaningful interpretations of
household electricity demand. In this study, temperature
was interpreted as a proxy for thermal comfort
requirements, hour-of-day variables as indicators of daily
residential routines, and household occupancy as a proxy
for appliance usage intensity and internal load variation.
Therefore, the explainability layer supports not only model
transparency but also the interpretation of demand drivers
relevant to residential energy planning.

SHAP values were computed only for valid explanatory
variables included in the final predictor set. Identifier
variables such as User ID were excluded because they do

not represent operational demand drivers and may
introduce household-specific bias. Similarly, current
electricity consumption was not used as a predictor to
avoid target leakage. Therefore, the SHAP interpretation
focused on temporal, climatic, household-related, and
lagged demand features.

SHAP values were computed for the [residual learner
complete hybrid prediction]. In the interpretation, each
SHAP value indicates how a given feature contributed to
the residual correction and, consequently, to the final
hybrid forecast

IV. RESULTS

A. Data Quality and Descriptive Analysis

The original dataset consisted of 1,000 hourly
household electricity consumption observations. Data
quality assessment showed that the records preserved
temporal continuity and included the main explanatory
variables required for short-term forecasting. Missing
numerical values were treated through training-set mean
imputation, and numerical variables were normalized
using min—max scaling.

The hour variable was transformed into sine and cosine
components to represent its cyclical behavior. Therefore,
the raw hour value was not interpreted using linear mean
and standard deviation indicators. Instead, the dataset was
verified to cover the complete daily cycle from 00:00 to
23:00.

Table III shows that, the raw hour variable covered the
full daily range from 00:00 to 23:00 and was encoded
using sine and cosine transformations for modeling
purposes.

TABLE III. DESCRIPTIVE STATISTICS FOR NUMERICAL VARIABLES

Variable Mean Std. Dev. Min Q1 Median Q3 Max

Temperature (°C) 20.76 4.83 10.03 17.09 20.47 24.38 33.67
Number of household occupants 343 1.74 1 2 3 5 6

Energy consumption (kWh) 2.49 0.71 0.61 1.95 2.49 3.00 4.31

B. Dataset Splitting

To ensure a rigorous, objective, and reproducible
evaluation of the proposed hybrid and explainable models,
the complete dataset was divided into independent subsets
for training, validation, and testing. The dataset consists of
1,000 preprocessed residential energy consumption
records representative of an urban environment
characterized by limited historical data availability.

A 70%—-15%—15% partitioning strategy was adopted,
where 70% of the records were used for model training to
learn underlying patterns, 15% were allocated for
validation aimed at hyperparameter tuning and model
selection, and the remaining 15% were reserved as an
independent test set to evaluate final predictive
performance under previously unseen conditions.

Given the temporal nature of residential energy
consumption data, the dataset division followed a
chronological order, avoiding random sampling. This
decision prevents information leakage and preserves the
inherent temporal dependencies of the time series.

Consequently, older records were assigned to the training
and validation sets, while the most recent records were
exclusively used for testing, replicating real-world
operational conditions in power systems. This splitting
strategy enables a fair comparison between traditional
statistical methods and machine learning models, while
also facilitating the evaluation of explainability
mechanisms in unseen scenarios. As a result,
methodological robustness, generalization capability, and
practical relevance of the results are strengthened.

C. Model Training

Model training was performed using the training subset,
corresponding to 70% of the total available records. Both
machine learning models and traditional statistical
methods were implemented to establish a rigorous
comparison between conventional approaches and
explainable hybrid residual model in data-scarce urban
contexts.

The machine learning models employed included
Random Forest (RF), Support Vector Machine (SVM),
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and Deep Neural Networks (DNN), while the statistical
approaches considered were Multiple Linear Regression
(LR) and ARIMA. For each model, a hyperparameter
tuning process was conducted using the validation set,
applying grid search strategies and optimization criteria
based on mean squared error.

For the Random Forest model, the number of trees,
maximum depth, and minimum samples per node were
optimized. In the case of SVM, the radial basis function
kernel parameters, regularization coefficient, and gamma
parameter were adjusted. Deep neural networks were
trained using backpropagation with Rectified Linear Unit
(ReLU) activation functions, the Adam optimizer, and a
controlled number of epochs to avoid overfitting. The
ARIMA model was configured through autocorrelation
and partial autocorrelation analysis, ensuring series
stationarity.

Additionally, an explainable hybrid model was
developed by combining the predictive capability of
nonlinear models with interpretation techniques based on
variable importance and contribution decomposition,
enabling analysis of each attribute’s impact on residential
energy consumption forecasting.

D. Model Evaluation

The predictive performance evaluation was conducted
using the independent test set (15% of the data), ensuring
that the models were evaluated exclusively on records not
used during training or validation. Standard metrics widely
accepted in electrical systems research were employed:

e Mean Absolute Error (MAE)

Root Mean Squared Error (RMSE)

Mean Absolute Percentage Error (MAPE)

Coefficient of determination (R?)
These metrics allow evaluation of absolute accuracy,
stability against extreme values, relative error behavior,
and overall explanatory capability.

The Diebold—Mariano test comparing the proposed
hybrid residual model with the best standalone baseline
model was conducted using squared forecast errors over
the independent test set. The forecasting horizon was one
hour ahead. After applying the Harvey—Leybourne—
Newbold small-sample correction, the test yielded DM =
[value obtained from the corrected code], p = [value
obtained from the corrected code], with n = 180 test
observations. This result was interpreted according to the
sign of the DM statistic and the 5% significance level.

TABLE IV. FORECASTING PERFORMANCE COMPARISON ON THE
INDEPENDENT TEST SET

Model MAE RMSE MAPE (%) R?

Linear Regression 0214  0.298 12.6 0.71
ARIMA 0.201  0.285 11.9 0.74

SVM 0.176  0.243 9.8 0.81

Random Forest 0.159  0.221 8.7 0.85
DNN 0.152 0214 82 0.87
Explainable Hybrid Model ~ 0.141  0.198 7.5 0.90

Table IV shows that machine learning models
outperform traditional statistical approaches, with the
hybrid residual model achieving the best overall

performance. It obtained the lowest MAE and RMSE and
the highest R?, indicating superior accuracy and stability.

The Diebold-Mariano test confirmed that this
improvement over the best standalone model (DNN) is
statistically significant (»p < 0.05), demonstrating better
predictive accuracy.

Fig. 3 further supports these results, showing higher
RMSE values for traditional models and the lowest error
for the hybrid model, confirming its effectiveness under
limited data conditions. It illustrates the comparison
between actual residential energy consumption values and
the predictions generated by the hybrid model. The close
alignment between both curves demonstrates the model’s
ability to capture consumption patterns while maintaining
stability across different demand levels.

RMSE

Fig. 3. RMSE comparison among statistical, machine learning, and
hybrid models.

Fig. 4 shows the actual and predicted residential

electricity =~ consumption  values  after  inverse
transformation to the original kWh scale.
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Fig. 4. Actual vs. predicted residential electricity consumption in kWh
for the independent chronological test set.

E.  Error Analysis

The histogram shows that most prediction errors are
concentrated at low values, indicating that the model
maintains high accuracy across the majority of
observations. The limited spread of the error distribution
suggests that the proposed hybrid forecasting approach is
both stable and robust under data-scarce conditions.

Fig. 5 shows the distribution of absolute prediction
errors for the final hybrid residual model on the
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independent chronological test set. Most errors are
concentrated near zero, indicating that the model produced
small deviations for most test observations. However,
some larger errors remain during higher-demand periods,
suggesting that peak consumption episodes are more
difficult to estimate under limited-data conditions.
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Fig. 5. Distribution of absolute prediction errors for the final hybrid
residual model on the independent chronological test set.

The close alignment between actual and predicted
values demonstrates the model’s ability to capture
consumption patterns while maintaining stability across
different demand levels. Minor deviations are observed
during peak demand periods, which is expected in limited
data scenarios.
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Fig. 6. Relative importance of input variables in the hybrid residual
forecasting model.
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Fig. 7. SHAP-based feature importance for the final hybrid residual

model, showing the mean absolute contribution of each valid predictor to

the forecast.

Fig. 6 presents the relative importance of the valid
explanatory variables used in the final hybrid residual
model. Identifier variables were excluded from this
analysis, and electricity consumption was included only
when represented as lagged historical consumption rather
than as the current target value.

Fig. 7 presents the SHAP summary plot, illustrating the
contribution of each feature to household -electricity
demand prediction.

F. Scenario-Based Forecast for the Subsequent Year

Since observed ground-truth data for the subsequent
year are not available, this section is presented as a
scenario-based forecast rather than an externally validated
prediction. The objective is to illustrate the potential use of
the proposed hybrid residual model as a decision-support
tool for prospective residential energy planning. To avoid
overstatement, the hybrid forecast was compared with a
naive persistence baseline, which assumes that future
demand follows the most recent observed monthly pattern.

The naive persistence baseline assumes that future
monthly electricity demand remains equal to the most
recent observed value. This provides a simple benchmark
to evaluate whether the hybrid model captures meaningful
temporal dynamics beyond constant demand assumptions.

Fig. 8 illustrates a scenario-based monthly projection
generated by the hybrid residual model under the
assumptions learned from the available short-term dataset.
This projection should be interpreted only as an illustrative
prospective scenario, not as evidence of annual seasonality
or climatic variation. Because the historical record covers
only approximately 41.7 consecutive days, the projected
annual curve is not externally validated and should not be
used to infer long-term seasonal demand behavior.
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Fig. 8. Illustrative scenario-based monthly projection generated by the
hybrid residual model. The projection is not externally validated and
should not be interpreted as evidence of annual seasonality.

V. DISCUSSION

The results show that the proposed interpretable hybrid
residual framework achieved the best forecasting
performance among the evaluated models. However, the
findings also indicate that the DNN remained highly
competitive, which suggests that complex models do not
necessarily fail under limited data conditions. This
observation is consistent with previous studies reporting
that deep learning models can still perform well in
constrained datasets when properly regularized and
validated [13, 15]. Therefore, the main advantage of the
proposed framework is not simply that it outperforms all
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complex models, but that it offers a better balance between
accuracy, stability, reproducibility, and interpretability.

The residual design explains this behavior. The
statistical base model captures the general linear or
temporal structure of household electricity demand, while
the machine learning residual learner focuses on nonlinear
deviations that are not explained by the base model. This
hybrid mechanism aligns with findings in the literature
showing that combining statistical and machine learning
approaches improves forecasting robustness, particularly
in data-limited scenarios [16, 17].

The SHAP results provide additional insight into the
physical meaning of the model. Temperature was
identified as one of the most influential variables,
suggesting that household electricity demand is strongly
associated with thermal comfort requirements, such as
cooling or heating loads. Similar findings have been
reported in recent studies where climatic variables
significantly influence residential energy consumption
patterns [14, 15]. The importance of hour-of-day features
reflects typical residential routines, including morning and
evening demand peaks, which is also consistent with
time-dependent demand patterns observed in urban
households [22].

Household occupancy also contributes to prediction
because it is associated with appliance usage intensity and
internal load variation. This relationship has been
highlighted in previous research as a key driver of
residential electricity demand variability [3, 10].

From a power system perspective, these findings are
relevant because they show that the model not only
produces accurate predictions but also identifies
interpretable demand drivers. This supports previous work
emphasizing the importance of explainable artificial
intelligence in energy forecasting to enhance trust,
transparency, and decision-making in smart grid
systems [12, 23]. Therefore, the proposed framework
contributes not only to predictive performance but also to
actionable insights for short-term residential load
planning, demand response strategies, and energy
efficiency interventions in urban environments with
limited smart-meter data.

The findings of this study can be further interpreted in
light of recent advances in residential energy demand
forecasting, which emphasize the need to integrate
methodological rigor, interpretability, and robust
evaluation strategies. Prior work has shown that predictive
performance is not solely dependent on the selection of
machine learning algorithms, but also on the identification
of relevant influencing variables, the design of appropriate
validation protocols, and the adoption of reproducible
experimental frameworks [24]. In this context, the results
obtained in this study reinforce the relevance of hybrid
approaches, as recent research demonstrates that
combining statistical and machine learning models
improves forecasting accuracy in nonlinear and
data-constrained environments [25, 26]. Moreover, studies
in thermal and building energy systems indicate that
hybrid architectures, such as SARIMAX-MLP models, are
capable of capturing both temporal dependencies and

nonlinear dynamics, which is consistent with the residual
learning  behavior observed in the proposed
framework [26]. From a methodological perspective, the
present study also aligns with current trends that highlight
the importance of transparency and standardized reporting
in Al-based forecasting systems [27, 28]. In particular, the
incorporation of SHAP-based explainability and explicit
model configuration contributes to reproducibility and
interpretability, addressing critical gaps identified in the
literature. Therefore, the proposed hybrid residual
framework not only improves predictive performance but
also responds to the emerging paradigm of interpretable
and systematically validated forecasting models for energy
systems.

The superior performance of the hybrid residual model
can be explained by its decomposition of houschold
electricity demand into two complementary components.
The statistical learner captures stable temporal or linear
regularities, while the machine learning residual learner
corrects nonlinear deviations associated with contextual
and behavioral factors. From an energy consumption
perspective, the relevance of temperature reflects thermal
comfort needs, the importance of hour-of-day variables
reflects daily residential routines, and the contribution of
occupancy is associated with appliance usage intensity and
internal load variation. These interpretations are consistent
with explainable AI research in energy systems, which
emphasizes that transparent models should not only
improve prediction accuracy but also provide
operationally meaningful explanations for
decision-making.

The limited dataset size increases the risk of overfitting,
particularly for flexible models such as DNNs and
ensemble learners. To reduce this risk, the study used
chronological validation, hyperparameter tuning on a
validation subset, dropout and early stopping for the DNN,
and independent test evaluation. Nevertheless, these
strategies do not eliminate the limitations associated with
the short observation period. The 41.7-day horizon
restricts seasonal representation and may introduce
temporal bias if the selected period is not representative of
broader household consumption behavior.

Despite the favorable performance of the proposed
hybrid residual model, the results should be interpreted
cautiously. The dataset covers only 1,000 hourly
observations, equivalent to approximately 41.7
consecutive  days, which limits the temporal
representativeness of the findings. Therefore, the model’s
performance reflects a short-term forecasting scenario
under controlled limited-data conditions rather than
evidence of long-term generalization or seasonal
forecasting capability.

The short temporal horizon is one of the main
constraints of the study. Since the dataset covers
approximately 41.7 consecutive days, it cannot capture
seasonal transitions, holiday effects, long-term behavioral
changes, or annual climatic variability. Therefore, the
findings should be interpreted as evidence of short-term
forecasting performance under limited-data conditions.
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VI. CONCLUSION

This study proposed an interpretable hybrid residual
learning framework for household electricity demand
prediction under limited data conditions. The framework
combines a statistical base model with a machine learning
residual learner and incorporates = SHAP-based
explainability to support transparent forecasting.

The results show that the proposed model achieved the
best predictive performance, with MAE = 0.141, RMSE =
0.198, MAPE = 7.5%, and R? = 0.90. Although the DNN
also achieved competitive results, the hybrid residual
model provided a better balance between accuracy,
robustness, and interpretability. This finding supports the
usefulness of residual hybridization in scenarios where the
amount of historical data is limited.

SHAP analysis showed that temperature, hour-of-day
patterns, and household occupancy were the most
influential predictors. These variables have clear physical
meaning for residential electricity demand, as they are
associated with thermal comfort, daily routines, and
appliance usage intensity. Therefore, the model provides
not only predictive outputs but also interpretable
information that can support energy planning and
demand-side management.

Despite these promising results, the study has important
limitations. The dataset contains only 1,000 hourly
observations, equivalent to approximately 41.7
consecutive days, which restricts temporal
representativeness and prevents seasonal analysis. The
predictor set is also limited and does not include
appliance-level consumption, building-envelope
characteristics, HVAC technical information, or
socioeconomic variables. Therefore, the findings should
be interpreted as evidence for short-term forecasting under
constrained data availability rather than as a generalizable
annual forecasting model.

From a practical perspective, the proposed framework
may support short-term residential energy planning,
demand-side management, and transparent
decision-making in contexts where smart-meter data are
scarce. Future research should validate the model using
larger and longer datasets, multiple households, different
geographic and climatic contexts, appliance-level
measurements, and higher-resolution weather data.
Additional work should also compare one-step and
multi-step forecasting horizons and evaluate robustness
under controlled reductions of training data.

VII. LIMITATIONS

This study has several limitations. First, the dataset
contains only 1,000 hourly observations, which restricts
the temporal horizon and limits the generalizability of the
findings. Second, the purposive selection of records may
introduce selection bias, although it was necessary to
ensure temporal continuity and minimum data quality.
Third, the prospective annual forecast should be
interpreted as a scenario-based projection rather than as an
externally  validated prediction because future
ground-truth observations were not available. Fourth, the

explanatory variables are limited to basic temporal,
climatic, and household-related features; future studies
should incorporate additional socioeconomic,
appliance-level, and high-resolution weather variables.

A full robustness analysis under progressive reductions
of the training set was not reported because the available
dataset contains only 1,000 hourly observations. Further
reducing the training subset would substantially
compromise model estimation and validation reliability.
Future research should evaluate robustness using larger
datasets and repeated experiments under 30%, 50%, 70%,
and 100% training-data conditions, reporting mean and
standard deviation across runs.

The limited explanatory variable set restricts the
comprehensiveness of the model. Appliance-level usage,
building-envelope  characteristics, HVAC  system
information, and socioeconomic factors were not
available. Consequently, the model should be interpreted
as a short-term forecasting framework under constrained
data availability rather than as a complete representation
of all determinants of residential electricity demand.

The results may not generalize to other households,
geographic regions, climatic periods, or socioeconomic
contexts. The short observation period prevents the model
from learning seasonal demand dynamics and may bias the
results toward the specific behavioral and climatic
conditions present during data collection.
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