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Accurate prediction of building heating and cooling loads is central to energy-efficient
design, and because these loads are strongly correlated, they represent a suitable multi-output
regression problem. This study compares six models from three families—linear (Linear
Regression, Polynomial Regression), kernel-based (Support Vector Regression, Kernel
Ridge Regression), and gradient-boosting ensembles (XGBoost, LightGBM)—for predicting
the heating (y1) and cooling (y2) loads, and additionally evaluates a joint neural network
(Joint NN) that predicts both outputs together. The models were assessed on the publicly
available Energy Performance of Buildings dataset, comprising 768 samples with eight input
variables and two highly correlated outputs (r = 0.98). Performance was measured by mean
absolute error (MAE), mean relative error (MRE), and mean squared error (MSE) using
10-fold cross-validation repeated 100 times, reported as mean =+ standard deviation.
LightGBM achieved the lowest error on both outputs (MAE = 0.0077 £ 0.0009 for heating
and 0.0173 £ 0.0022 for cooling), reducing MAE by 15.4% and 37.5% relative to the next-
best model, XGBoost. Paired statistical tests confirmed that this advantage was significant
across models. Although the two outputs are strongly correlated, the joint neural network did
not outperform the independent ensembles on this moderate-sized dataset, suggesting that
strong per-output models are better suited to data of this size. Residual analysis supported
these findings, with LightGBM producing residuals randomly dispersed around zero. Overall,
the study combines multiple error metrics, statistical testing, and residual diagnostics to guide
model selection in correlated multi-output energy prediction.
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1. Introduction

© [2026] The Author(s).

comfort [2]. Accurate estimation of heating and cooling

Multi-output prediction has become increasingly
important in data science, as many real-world problems
involve interdependent target variables [1]. Applications in
medicine, economics, engineering, and environmental
science often show strong correlations among outputs, and
treating them independently through single-output models
can discard structural information and reduce accuracy.
Building energy prediction illustrates this well:
interdependent loads such as heating and cooling must often
be estimated together, which places the problem naturally
within multi-output regression.

Growing concern over energy inefficiency has
intensified research on the energy performance of buildings
(EPB). HVAC systems account for a large share of building
energy use because of their role in maintaining thermal

loads is therefore essential for sizing these systems
appropriately, and depends on factors such as building
geometry, occupancy behavior, and climate.

Building energy simulation tools are widely used for this
purpose, but their complexity and computational cost have
motivated data-driven and machine learning alternatives [3,
4]. These models handle large datasets and capture nonlinear
relationships efficiently, which makes them well suited to
load prediction.

Despite this progress, prior work on multi-output
regression has often been limited in scope. Many studies
adopt single-output frameworks or focus only on linear
models, overlooking methods better able to capture
dependencies among targets [5, 6]. Deep and multi-task
learning approaches have also been applied to correlated
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energy loads. For example, hybrid CNN—GRU architectures
with hard-parameter sharing have been used to jointly
forecast cooling, heating, and electricity loads [7], and
transformer-based models have been proposed for floor-
level multi-load forecasting in real buildings [8]. Such
models capture complex interdependencies effectively but
typically rely on large training sets, which is not always
practical for moderate-sized design datasets such as EPB.

Comparative analyses spanning linear, kernel-based, and
ensemble families on a common multi-output energy task
therefore remain scarce. To address this gap, this study
systematically compares six representative models—Linear
Regression (LR), Polynomial Regression (PR), Support
Vector Regression (SVR), Kernel Ridge Regression (KRR),
XGBoost, and LightGBM—for the simultaneous prediction
of heating and cooling loads on the EPB dataset. To test
whether explicitly modeling the two outputs together is
beneficial, a joint multi-output neural network is also
evaluated against these independent learners. Few studies
have jointly compared models from all three families,
together with a joint multi-output baseline, under
arepetition-based cross-validation protocol on the EPB dataset.

This study addresses three questions that go beyond
simply ranking the models: (i) how model complexity
relates to predictive accuracy across correlated outputs;
(i1) whether jointly modeling the two outputs improves
accuracy over predicting them independently; and
(iii) whether aggregate error metrics alone adequately reflect
model quality, or whether residual diagnostics expose
structural limitations that these metrics miss.

The insights gained here are not confined to building
energy analysis; they can inform other multi-output
problems with interrelated targets, such as multivariate
economic analysis, multi-dimensional environmental
forecasting, and complex engineering system modeling [9 - 11] .

The main contributions of this study are as follows:

¢ We compare six models from three
methodological ~ families—linear, kernel-based, and
gradient-boosting ensembles—on a common multi-output
building energy task.

® We evaluate a joint multi-output neural network
against independent per-output models to test whether
exploiting the correlation between outputs improves
accuracy.

® We adopt a repetition-based protocol (10-fold
cross-validation repeated 100 times) with paired statistical
testing, reporting both accuracy and the stability of each
model.

® We combine residual diagnostics with error
metrics, showing that models with similar error magnitudes
can differ in structural adequacy, and provide insight into
the asymmetry between heating- and cooling-load
prediction.

2. Materials and Methods

This section describes the regression task, the models
compared, the dataset and its preprocessing, the model

configurations, and the evaluation procedure. Fig. 1
summarizes the workflow, which follows a standard
machine learning pipeline from data preparation to
evaluation.
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Fig. 1 Experimental workflow for the multi-output EPB

benchmarking study.

Multi-Output Regression

Multi-output regression, also called multi-target or
multivariate regression, predicts several continuous outputs
at once [12]. It is useful when the targets are related or share
underlying factors, since modeling them together can
improve accuracy and reduce prediction bias. In building
energy analysis, this setting arises naturally because loads
such as heating and cooling depend on the same design
variables and are often required together [13, 14].

Predictive Models

Six independent models from three families of
increasing complexity were compared, together with a joint
neural network.

Linear Regression (LR) models the relationship between
the inputs and each output as a linear equation [15]. It is
simple, fast, and easy to interpret, and serves here as a
baseline against which the more flexible models are judged
[16, 17]. Its main limitation is that it cannot represent
nonlinear behavior.

Polynomial Regression (PR) extends LR by adding
higher-order and interaction terms, allowing it to fit curved
relationships while keeping the linear-model framework [18
- 20]. It provides an intermediate step between linear and
nonlinear methods, though high-degree terms can lead to
overfitting on small datasets.
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Support Vector Regression (SVR) maps the inputs into a
high-dimensional feature space through a kernel function
and fits a regression function within a tolerance margin [21
- 23]. With an RBF kernel it captures nonlinear patterns and
remains stable on small or noisy data, which suits energy
and environmental problems.

Kernel Ridge Regression (KRR) combines ridge
regression with the kernel trick, solving a regularized least-
squares problem with an L2 penalty [24 - 26]. Its closed-
form solution makes training fast, and the RBF kernel lets it
model nonlinear input—output relationships.

Extreme Gradient Boosting (XGBoost) is a gradient-
boosted tree ensemble in which each new tree corrects the
errors of the previous ones [27]. It adds L1 and L2
regularization and efficient tree construction, giving strong
accuracy on structured, high-dimensional data [28, 29].

Light Gradient-Boosting Machine (LightGBM) is also a
gradient-boosted tree ensemble, but it grows trees leaf-wise
rather than level-wise and uses techniques such as gradient-
based one-sided sampling and exclusive feature bundling to
speed up training [30 - 32]. These features often yield lower
loss and faster computation.

In addition to these six independent models, a joint
multi-output neural network (Joint NN) based on shared
hidden layers was evaluated, following the multi-task

Table 1 Variables in the EPB dataset.

learning principle of exploiting correlations among related
outputs [7, 8]. The independent models train a separate
regressor for each output, whereas the network predicts both
loads at once through shared hidden layers, allowing it to
use the correlation between the two outputs. This gives a
direct comparison between independent and joint
approaches to multi-output prediction.

Dataset and Preprocessing

The experiments used the Energy Performance of
Buildings (EPB) dataset [33], which is publicly available
and contains 768 building samples. Each sample has eight
input variables (x1—x8) describing the building geometry
and two output variables, the heating load (yl) and the
cooling load (y2). Table 1 lists the variables. All values are
numeric, and no entries are missing. The two outputs are
strongly correlated (Pearson » = 0.98), which motivates
comparing independent and joint modeling.

Both inputs and outputs were scaled to the range [0, 1]
using min-max normalization. To prevent information
leakage, the scaler was fitted only on the training fold of
each split and then applied to the corresponding test fold.
Because the outputs were also scaled, the error values
reported later (MAE, MRE, MSE) are expressed on the
normalized [0, 1] scale rather than in physical units.

Role Symbol Variable Type Range
Input x1 Relative compactness numeric 0.62 -0.98
Input x2 Surface area numeric 514.50 — 808.50
Input x3 Wall area numeric 245.00 -416.50
Input x4 Roof area numeric 110.25 - 220.50
Input x5 Overall height numeric 3.50-7.00
Input X6 Orientation numeric 2-5
Input x7 Glazing area numeric 0.00—-0.40
Input x8 Glazing area distribution numeric 0-5

Output yl Heating load numeric 6.01 -43.10

Output y2 Cooling load numeric 10.90 — 48.03

Table 2 Model configurations.
Model Implementation Key settings
LR scikit-learn, LinearRegression Ordinary least squares
PR scikit-learn, PolynomialFeatures + Degree 2 with interaction terms
LinearRegression
SVR scikit-learn, SVR RBF kernel; C = 1.0; epsilon = 0.01; gamma = scale
KRR scikit-learn, KernelRidge RBF kernel; alpha =0.01; gamma = 1.0
XGBoost xgboost 3.3.0 100 estimators; max depth 3; learning rate 0.1; L2 A= 1.0
LightGBM lightgbm 4.6.0 200 estimators; 31 leaves; learning rate 0.1; L2 A = 1.0
Joint NN scikit-learn, MLPRegressor Hidden layers (32, 16); ReLU; learning rate 0.01; Adam;
early stopping
Model Configuration libraries. Each independent model was trained separately for

All models were implemented in Python 3.12.10. The
six independent models and the neural network used scikit-
learn 1.9.0, except for the two boosting models, which used
the official XGBoost (v3.3.0) and LightGBM (v4.6.0)

yl and y2, whereas the joint neural network predicted both
outputs together, explicitly using their correlation.
Hyperparameters were fixed rather than tuned by an
automated search, except for the neural network
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architecture, which was selected by a preliminary
comparison of several configurations. Table 2 lists the
settings for each model.

Evaluation Strategy

Each model was evaluated with 10-fold cross-validation
repeated 100 times, giving 1,000 train—test splits per model
and output. In every repetition the data were shuffled and
divided into ten folds; the model was trained on nine folds
and tested on the remaining one. Results are reported as the
mean and standard deviation of MAE, MRE, and MSE over
all 1,000 splits, where the standard deviation reflects how
stable each model is across repetitions.

To assess whether the differences between models were
significant, the best model was compared with each of the
others using a paired Wilcoxon signed-rank test over the
1,000 evaluations, with the effect size given by Cohen's d
and the 95% confidence interval of the error differences.

MRE can become very large when a target value is close
to zero, so it was computed only for test samples whose
normalized target exceeded 0.1. All reported figures come
from the test folds, so they measure how well each model
generalizes to unseen data rather than how well it fits the
training data.

The three metrics are the mean absolute error (MAE),
the mean relative error (MRE), and the mean squared error
(MSE), defined in Eq. (1) — (3).

The MAE quantifies the average magnitude of the
prediction error regardless of its direction, as defined in Eq. (1).

n
1
MAE = HZlActuali — Predict;| @)

i=1

The MRE expresses the average deviation relative to the
actual value, which allows comparison across variables with
different scales; a smaller MRE indicates higher accuracy.
As noted above, it was computed only over samples whose
normalized target exceeded 0.1. It is defined in Eq. (2).

1v |Actual; — Predict;|
MRE = —
n Actual;

i=

2

Table 3 MAE performance of each model on unseen test data.

The MSE is the average of the squared errors, which
gives more weight to large deviations. It is therefore
sensitive to models that produce occasional large errors, as
defined in Eq. (3).

n
1
MSE = HZ(lActuali — Predict;|)? 3)

i=1

In these equations, Actual; is the true value of the output
variable, Predict; is the predicted value, and n is the
number of samples, with i ranging from 1 to n.

Beyond these aggregate metrics, model adequacy was
examined through residual analysis. For each model, the
residuals (actual minus predicted) of a representative fold
were plotted against the predicted values to check whether
the errors scatter randomly around zero; such a pattern
indicates that no systematic structure remains unmodeled.
These plots are presented in Fig. 2—8.

3. Results and Discussion

Seven models were evaluated: six that predict each
output independently—Linear Regression (LR), Polynomial
Regression (PR), Support Vector Regression (SVR), Kernel
Ridge Regression (KRR), XGBoost, and LightGBM—and a
joint neural network (Joint NN) that predicts both outputs
together. The independent models span three families of
increasing complexity, from simple linear baselines to
kernel-based methods and gradient-boosting ensembles,
while the Joint NN tests whether modeling the two outputs
together improves accuracy.

The data were drawn from the Energy Performance of
Buildings (EPB) dataset [33], whose eight input variables
(x1—x8) are used to predict the heating load (yl) and the
cooling load (y2). The two outputs are strongly correlated
(Pearson r = 0.976), which is what makes a joint approach
plausible. Each model was evaluated with 10-fold cross-
validation repeated 100 times, and MAE, MRE, and MSE
were recorded on the test folds in every run, so the results
reflect generalization to unseen data. Tables 3—5 summarize
the three metrics for the six independent models, and the
Joint NN is discussed separately below.

LR PR SVR KRR XGBoost LightGBM
yl 0.0564+0.0059 0.0152+0.0014 0.0342+0.0055 0.0253+0.0022 0.0092+0.0010 0.0077+0.0009
y2 0.0611+0.0066 0.0301+0.0036  0.0446+0.0058 0.0377+0.0035 0.0277+0.0034 0.0173+0.0022

Table 4 MRE performance of each model on unseen test data.

LR PR SVR KRR XGBoost LightGBM
yl 0.1533%£0.0152 0.0462+0.0054 0.0902+0.0125 0.0774+0.0079 0.0242+0.0033 0.0210+0.0033
y2 0.1900+0.0187 0.0775+0.0069 0.1321+0.0155 0.1245+0.0129 0.0718+0.0068 0.0487+0.0053

104



T. Luangrungruang & G.Phatai / CREATIVE SCIENCE 18(3) (2026) 266914

Table 5 MSE performance of each model on unseen test data.

LR PR SVR KRR XGBoost LightGBM
yl 0.0063+0.0012  0.0004+0.0001 0.0040+0.0012  0.0010+0.0002 0.0002+0.0000  0.0001+0.0000
y2 0.0075+0.0016  0.0020+0.0004  0.0050+0.0011 0.0024+0.0005 0.0017+0.0004  0.0006+0.0002

Table 3 reports the MAE. The two boosting ensembles
give the lowest errors on both outputs, with LightGBM best
(0.0077+0.0009 for heating and 0.017340.0022 for cooling),
followed by XGBoost. PR ranks next, ahead of the kernel-
based models, as its interaction terms capture much of the
nonlinearity; LR shows the highest errors, reflecting its
inability to represent nonlinear behavior.

Table 4 reports the MRE, which expresses the deviation
relative to the true value. The ranking matches the MAE
results, with LightGBM again attaining the smallest values
(0.0210+0.0033 for heating and 0.0487+0.0053 for cooling).
The wide margin between the boosting ensembles and the
remaining models reflects the advantage of gradient
boosting in learning complex input—output relationships.

Table 5 reports the MSE, which penalizes large errors
more heavily. LightGBM again gives the lowest values
(0.0001+0.0000 for heating and 0.0006+0.0002 for
cooling), with XGBoost close behind. PR remains
competitive, ahead of the kernel-based models (KRR and
SVR), while LR trails, consistent with its weaker fit to the
nonlinear structure of the data.

Across all three metrics, the ranking is consistent:
LightGBM is best, XGBoost second, PR third, followed by
the kernel-based models and then LR. LightGBM also
shows the smallest variance across repetitions, so it is not
only the most accurate but also the most stable. The
difference between the two outputs is consistent for every
model: the cooling load (y2) is harder to predict than the
heating load (yl), with higher errors on all metrics. For
LightGBM, for example, the cooling MAE (0.0173) is more
than double the heating MAE (0.0077), suggesting that the
cooling load depends on the inputs in a more complex way.

To test whether these differences are statistically
significant, LightGBM was compared with each other
model using a paired Wilcoxon signed-rank test over the
1,000 evaluations, with Cohen's d and 95 % confidence
intervals of the error differences. LightGBM's advantage is
significant against every model (p <0.001), with large effect
sizes in almost all cases. The one exception is the heating
load against XGBoost, where the two are statistically close
(95% CI of the MAE difference [—0.0003, 0.0033], spanning
zero); for the cooling load, however, LightGBM is clearly
ahead (Cohen's d =4.08). This matches the tables, where
the two ensembles are near-identical on heating but diverge
on cooling.

The Joint NN did not improve on the independent
models. Even after its architecture was selected by a
preliminary search, its errors (MAE 0.0267 for heating and
0.0429 for cooling) place it among the mid-ranked models—

better than LR but well behind LightGBM and XGBoost—
and its variance is much larger (for heating, +0.0132 versus
+0.0009 for LightGBM). Two factors explain this. First, the
dataset is moderate in size (768 samples), which limits a
neural network. Second, because the two outputs are
strongly correlated and already well predicted from the
shared inputs, training them jointly adds little over training
them separately. On this dataset, strong per-output learners
are therefore the more effective and more stable choice,
consistent with the earlier expectation that deep and joint
models tend to need larger datasets.

Linear Regression Residual Plots (Predicted vs Residuals)
.............. 2

Fig.2 LR residual plots.

Polynomial Regression Residual Plots (Predicted vs Residuals)
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Fig. 4 SVR residual plots.
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Kernel Ridge Regression Residual Plots (Predicted vs Residuals)
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Fig. 5 KRR residual plots
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Fig. 7 LightGBM residual plots.

Light Gradient Boosting Machine (LightGBM) Residual Plots (Predicted vs Residuals)
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Fig. 8 Joint NN residual plots.

Feature importance from LightGBM offers some insight
into the predictions. For both outputs, the relative
compactness (x1), glazing area distribution (x8), glazing
area (x7), and orientation (x6) are the most influential

variables, while the surface area (x2) and overall height (x5)
contribute almost nothing. The negligible role of x2 and x5
is likely because they are geometrically tied to the relative
compactness, so their information is already captured by x1.

Aggregate error metrics do not reveal whether a model
systematically over- or under-predicts in particular regions,
so residual analysis was used to complement them. For a
well-specified model, the residuals should scatter randomly
around zero with no visible pattern. The residual plots for all
seven models are shown in Fig. 2-8.

The residual plots agree with the metric-based findings.
LR shows clear patterns and heteroscedasticity, confirming
that it misses much of the nonlinear structure. SVR and KRR
reduce these effects but still leave residuals clustered in
some regions, and PR, despite its low errors, retains mild
structure at the extremes. XGBoost produces a more
balanced spread, and LightGBM shows the most random
and even dispersion around zero, indicating the least
systematic bias across both outputs. The Joint NN's
residuals are more scattered, consistent with its higher and
less stable errors.

4. Conclusion

This study compared six independent models and a joint
multi-output neural network for predicting the heating and
cooling loads of buildings, using the EPB dataset under a
repetition-based cross-validation protocol. Among all
models, LightGBM achieved the lowest error on both
outputs, and paired statistical tests confirmed that its
advantage over the other models was significant, except on
the heating load, where it was statistically comparable to
XGBoost. LightGBM also showed the smallest variance
across repetitions, indicating stable as well as accurate
predictions.

Two findings stand out beyond the overall ranking. First,
the cooling load was consistently harder to predict than the
heating load across all models, pointing to a more complex
dependence on the design variables. Second, although the
two outputs are strongly correlated, the joint neural network
did not outperform the independent models; on a dataset of
this size, strong per-output learners were both more accurate
and more stable. Feature-importance analysis further
indicated that relative compactness, glazing area
distribution, glazing area, and orientation were the main
drivers of both loads. These findings are based on a single
benchmark dataset with fixed hyperparameters and should
be interpreted within those limits.

In practical terms, these results suggest that gradient-
boosting models such as LightGBM are well suited to
building load estimation during early design, where fast and
reliable predictions from a limited set of design parameters
can support energy-efficient decisions and HVAC sizing
without the cost of detailed simulation. The feature-
importance results also highlight which design variables
most influence the loads, which can help prioritize design
choices. To support reproducibility, the full implementation,
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including all model configurations and the evaluation
procedure, is provided as supplementary material.

5. Suggestions

This study points to several directions for future work.
First, the joint model tested here was a single feedforward
network; other multi-task architectures—such as shared-
representation networks combining gradient boosting with
neural feature extraction—may exploit output correlations
more effectively, particularly on larger and more dynamic
datasets where neural models are better supported. Second,
hyperparameters were fixed in this study, so systematic
tuning through grid, random, or metaheuristic search could
further improve model generalization. Third, the feature-
importance analysis could be extended with dedicated
explainable-Al methods, such as SHAP, to examine variable
interactions in more depth and support the adoption of these
models in building management systems. Finally, applying
the framework to other datasets and domains—such as
renewable energy forecasting, environmental monitoring, or
urban energy networks—would help establish how well the
findings generalize beyond a single benchmark.
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