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Regression analysis is a versatile tool with numerous applications across diverse domains. Its utility extends to
several tasks, including forecasting, inverse modeling, anomaly detection, and pattern identification. Over the
years, researchers have mainly focused on two regression categories: parametric and non-parametric analysis. In
light of the benefits and drawbacks of both methods, this work introduces a semi-parametric approach, combining
regression accuracy and interpretability. This is achieved by designing a hybrid model, that includes a physics-
based sub-model and a neural network. The proposed data-driven pipeline is applied to a relevant case study

from the energy sector, namely the analysis of building energy consumption, achieving high accuracy compared
to the parametric approach. Results demonstrate an increase in the mean coefficient of determination, from 0.77
to 0.94, with a MAPE drop from 5.5 % to 2.2%. Meanwhile, the semi-parametric model allows the assessment
of the thermal behavior of the buildings, thereby offering an improvement over black-box approaches.

1. Introduction

Regression analysis involves estimating the relationship between one
or more independent variables and one or more dependent variables.
The former variables are named explanatory or input variables, while
the latter represent the output of the regression models. Due to the
widespread use of data-gathering in all scientific fields, regression anal-
ysis is currently used in sectors such as econometrics, engineering, soci-
ology, and law [1]. The typical task of regression models is to examine
how a variation in one observed variable affects, or appears to affect,
the value of another [2]. This correlation between variables may be
functional or not, and it can be described by means of either trivial
or complex mathematical functions. In both cases, the use of regression
analysis may be beneficial for analysts, as it can be employed for several
tasks, such as forecasting, parameter identification, inverse modeling,
measurement & verification [3], data screening, and others [4].

Regression models can be classified into two main categories: para-
metric and non-parametric models, depending on the mathematical
function that describes the relationship between the input and output
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variables. The former are models that are defined by a finite number of
parameters. Parameters are trainable coefficients whose values are de-
termined on the basis of a fitting or training step. The simplest example
of a parametric model is univariate linear regression. In such a case, a
single output is calculated as a linear function of a unique explanatory
variable. Similarly, multivariable linear models compute the dependent
variable as a linear combination of the contribution of multiple input
variables. However, more complex parametric regression models, such
as polynomial or exponential ones, also exist. Parametric models are a
computationally efficient solution that can be easily employed for physi-
cal parameter estimations. However, they typically exhibit low accuracy
and are based on assumptions about the shape of the regression function.

Conversely, non-parametric regression models can capture complex
relationships between outputs and explanatory variables. Their im-
proved accuracy, combined with advances in computational capacity,
has led to the widespread adoption of these regression algorithms. In-
deed, Machine Learning (ML) algorithms — such as Neural Networks
(NN), Gradient Boosting (GB), and Support Vector Machine (SVM)
[5]— have garnered significant attention and become the focus of an
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expanding body of literature, with applications spanning a wide range
of research fields. A key aspect of non-parametric methods is that they
do not rely on any prior assumptions about the data distribution, that
is, they constitute an agnostic approach to regression. This represents
a major advantage for its widespread application across different sec-
tors. Indeed, these methods can easily be employed for those regres-
sion problems in which the functional laws underlying the distribution
of the dependent variables with respect to the inputs are unknown, or
are too complex to be modeled. Such tools make it possible, for in-
stance, to analyze the impact of independent variables which, in a para-
metric approach, would have been neglected. However, non-parametric
regression has a notable drawback: it lacks functional explainability,
which means that it is not per se interpretable. Moreover, functional
relationships may not be clear. This means that causality between the
explanatory and dependent variables is not guaranteed, and issues of
multicollinearity or non-causal correlation should be carefully consid-
ered when interpreting the results of non-parametric models [4].

Finally, semi-parametric models can be designed as hybrid ap-
proaches [6], combining a parametric function with a non-parametric
term to address regression problems [7]. These models overcome most
of the shortcomings of the previous approaches. Indeed, they can pro-
vide high regression accuracy [8], while preserving the interpretability
of some modeled functional relationships. However, their widespread
adoption is limited by a lack of extensive literature, which results in
their employment being relegated to limited sectors, such as economet-
rics [9]. To the best of our knowledge, these models have rarely been
applied in the energy sector field.

1.1. Regression analysis in the energy sector

Regression algorithms are fundamental tools for the analysis of en-
ergy systems, with many applications in measurement & verification
[10], inverse modeling and parameter identification [11,12], forecast-
ing renewable energy production [13], and more. Two main trends can
be identified in the literature on regression analysis within the energy
sector. The first involves the use of simple models to characterize the
parametric impact of some relevant explanatory variable. However, this
approach often involves heavy assumptions to reduce the complexity of
the problem, neglecting relevant observable variables. This is, for in-
stance, the case of univariate linear Energy Signature (ES) models for
buildings [3]. These models describe the relationship between a thermal
force, which is generally modeled considering the outdoor temperature,
and the thermal demand of a building. This approach provides inter-
pretable models, which may be described by means of a finite number
of physics-grounded parameters, which, in turn, may be used to eval-
uate buildings’ characteristic parameters and efficiency [14]. Although
they are easy to implement, as they only require one input variable to
be monitored, the model may not capture some important information
[15]. Other examples of parametrical regression models are multivari-
able ones [16], which may consider multiple input variables.

The second trend is that of the black-box forecasting approach. The
use of multiple input variables, along with the introduction of a num-
ber of efficient advanced ML-based methods, enhances the possibility
of achieving high forecasting accuracy. Olu-Ajayi et al. [17] found that
Deep NNs have the highest forecasting accuracy in predicting the en-
ergy consumption of residential buildings. Other algorithms have been
equally employed, such as SVM. Cai et al. [18] recently used this algo-
rithm to forecast the heating and cooling demand in buildings, demon-
strating its prediction accuracy and robustness.

Both the previous approaches suffer from specific drawbacks. On the
one hand, parametric regression models generally fit poorly with real-
world data, as the impact of most of the variables that concur to the
thermal phenomena of the building are neglected. Besides, most appli-
cations consider a very limited number of input variables —even just
one, in most cases—. On the other hand, non-parametric models can also
entail certain issues related to computational complexity, data-intensity
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and lack of interpretability. Indeed, such models do not offer insights
into the underlying issues of buildings’ thermal behavior, the impact of
some specific input variables, or the causes of inefficiencies.

Given the limitations of both parametric and non-parametric meth-
ods, the lack of applications of semi-parametric models in the energy
sector, and the importance of regression analysis, this paper proposes
a semi-parametric regression algorithm for analyzing building thermal
behavior. This approach can be expected to guarantee a high regression
fit with the data, while preserving the interpretability of the parametri-
cally modeled functions [6]. The proposed model includes a univariate
ES model, which describes the thermal response of a building to changes
in the outdoor temperature, and an Neural Network (NN) regression
model, which is employed to infer the deviation of the impact of tem-
perature from the expected modeled relationship, as well as to describe
the effects of additional explanatory variables.

The proposed methodology was applied to a real-world case study,
which involved two years of hourly load measurements from 18 build-
ings. A semi-parametric model was trained for each building to predict
the thermal load and to estimate the characteristic parameters of the ES
models. The model was then compared with reference parametric and
non-parametric models. The main novelties and contributions presented
in this paper can be resumed as follows:

e A semi-parametric model has been proposed for a regression anal-
ysis to overcome the shortcomings of both parametric and non-
parametric algorithms.

e This model is applied to a real-world dataset from the energy analysis
sector, representing, to the best of our knowledge, one of the first
semi-parametric approaches in this research field.

e The parametric branch of the model is based on a reference physics-
based model. The typical physical parameters of the problem can be
calculated, ensuring interpretability and providing valuable insights
into the regression task.

e The non-parametric regression branch can be employed to infer the
influence of any additional explanatory variables, including the ef-
fects of unmodeled physics, thereby enhancing regression accuracy.

The remaining of the paper is organized as follows. Section 2 presents
the semi-parametric regression model and the data-driven pipeline for
its application. Section 3 dives into the analyzed real-world case study
and provides some practical details for implementation. Section 4 de-
scribes and discusses the experimental results, while final conclusions
and future works are presented in Section 5.

2. Methodology
2.1. Semi-parametric regression model

Parametric models are regression algorithms that assume a certain
distribution of the output variables with respect to the input ones. This
distribution is described by means of a finite number of parameters,
which are the coefficients of the regression function [20]. Regression
functions can be expressed as:

y=fX)+e @

where y is the real output variable, X is the matrix of the modeled in-
puts, f is a parametric regression function, and e are the residuals be-
tween the output of the regression algorithm, f(X), and the real output.
The latter term can include noise, abnormal values, deviations from the
expected behavior with respect to the inputs, or unmodeled inferences
from other observable variables. The parametric function can feature
a variety of characteristic distributions, from simple linear regression
functions [11], to polynomial or sigmoidal [21], among others. In order
to select a proper function, it is necessary to consider the expected rela-
tionship between the input and the output variables. In the engineering
sector, a suitable choice could be the underlying physical law governing
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Fig. 1. Taxonomy of the proposed model. The rectangular, rounded and hexagonal blocks represent data, functions, and models, respectively, according to the
method presented in van Bekkum et al. [19]. Yellow and blue blocks are used for inputs and outputs respectively. (For interpretation of the references to color in this

figure legend, the reader is referred to the web version of this article.)

the problem. The typical model parameters can be trained by means of
data-driven techniques or be predefined based on prior knowledge.
Non-parametric models, on the contrary, do not assume any specific
shape for the function employed to calculate the dependent variable.
They can be written in a similar manner to the previous one [22]:

y=gX)+e @)

where g is the non-parametric regression function, and X is the matrix
of observed variables.

Non-parametric models, such as NNs, can capture complex relation-
ships among the considered variables. Since such models do not require
any domain-specific expertise to define the regression function, they are
commonly employed. Moreover, additional input variables can be in-
cluded in the regression task if necessary.

Semi-parametric models combine parametrical and non-
parametrical sub-models one to overcome the limitations of the
two previously mentioned approaches. In this paper, an additive
semi-parametric model (see Fig. 1) is proposed, expressed as:
y=fX)+gX)+e 3

The first sub-model, f(X), has to be selected according to the case
study, as it will be later demonstrated for the building consumption anal-
ysis in the following subsection. The non-parametric sub-model, g(X)
can be designed as a standard black-box regression approach. The aim
of the resulting semi-parametric model is to minimize the error term
by incorporating a larger number of input variables than the paramet-
ric model. Complex relationships are captured by using a NN as the
non-parametric sub-model. At the same time, such a model is intended
to preserve the benefits of the parametric regression task performed by
means of a physics-based model, such as the identification of the charac-
teristic coefficients of the problem, and to obtain a deep understanding
of the relationship between the modeled variables.

2.2. Parametric model for the thermal characterization of buildings

Energy Signatures (ES) are energy models that are used to describe
the responses of the thermal loads of buildings to variations in the out-
door variables. Univariate ES, which considers the outdoor temperature

as an input, can be considered as a reference model for parametric re-
gressions to describe the energy behavior of a building [3]. Such models
prescribe that the power consumption from a building cooling system is
a function of the outdoor temperature according to the following equa-
tion [23]:

foe = {(I)(Tot(TextTBP) lf Toxt < Tov “
e if Ty > Tgp

where P is the electrical load of the cooling system, kr,, is the total

heat loss coefficient of the building, T, is the outdoor temperature, Tgp

is the balance point temperature, and COP is the coefficient of perfor-

mance of the cooling system. A detailed description of an univariate ES

regression model is provided in Eiraudo et al. [23].

This approach, considering the relevant contribution of space cool-
ing to the final electrical demand of many buildings, is indispensable for
the energy characterization of buildings. Thus, this ES model is imple-
mented as the parametric sub-model of the semi-parametric regression
task.

2.3. Methodological framework

The regression tools presented in the previous sections were imple-
mented in a data-driven pipeline, as shown in Fig. 2. This pipeline in-
cludes: i) a pre-processing step, the successive implementation of the
ii) parametric sub-model and iii) non-parametric sub-model, and iv) a
post-processing step.

The aim of the pre-processing step is to handle the raw historical se-
ries of observed variables, and to guarantee their exploitability for the
regression task. To this aim, the format, resolution, and quality of the
data are considered. First, a data-filtering step is performed. In this case,
the input data are cleaned of any inconsistent measures. Elements con-
taining NaN values are eliminated from the dataset. Moreover, the distri-
butions of the most important explanatory variables, which, in this case,
are the outdoor temperature, and the output variable, namely the elec-
trical load, are considered to detect any possible measurement errors.
For this purpose, a moving average of the value of the electrical load
is calculated from the dataset elements, which are ordered according to
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Fig. 2. Fundamental steps of the proposed data-driven pipeline.

the considered explanatory variables. Moreover, the standard deviation
of the values is calculated over the domain by dividing the explanatory
variable domain into bins. Values are filtered out of the dataset, if they
fall outside the range of 3 standard deviations around the mean electri-
cal load value from the bin to which they belong. From this first step, a
filtered dataset, which we refer to as X,,,,, of the inputs and outputs is
obtained.

Secondly, the observed variables present in this dataset are con-
sidered. The variables that have to be modeled within the parametric
branch are included in X. At the same time, all the variables that are
expected to exert an impact on the output are included in the X matrix,
which will be the input of the non-parametric sub-model. It should be
noted that the variables included in X could also be included in X to
investigate any potential deviations in their impact on the output vari-
able, compared to the parametric sub-model output. Finally, the data
are normalized to range [0, 1] and split in both training and testing sets,
with a percentage of 66 % and 33 % of the instances respectively.

The parametric sub-model implementation starts with the definition
of the model to be employed. This can be done on the basis of physical
laws, hypothesis, domain expertise or data exploration considerations.
As explained in the previous section, the model considered for building
analysis is the univariate ES model (see 4). Thus, when the coefficients
of the parametric model are unknown, they can be estimated by either
a training or a fitting step, as required by the non-parametric branch of
the model.

The non-parametric sub-model is then implemented. In this case, this
is done by considering the residuals from the predictions of the former
branch, with respect to real values, as in following equation:

Pres =P — ﬁphys (5)

where P, is the residual electrical load, P is the real load of the build-
ing, and Pphys is the output of the ES sub-model.

In the proposed model, a simple feed-forward NN was employed as
the non-parametric regression algorithm. We employed a grid-search
performed on a number of hyperparameters, including the activation
function, learning rate, number of hidden layers and neurons per hidden
layer. Training is then performed on the network that features the most
adequate hyperparameters. Finally, the best achievable performance is
obtained by considering the epoch at which the minimum loss function
value was achieved in the previous step.

Hence, the outputs of the non-parametric branch are summed with
those of the ES model to obtain the final model predictions. The per-
formance of the model is compared with those of a parametric model
and a non-parametric one, in terms of coefficient of determination and
Mean Absolute Percentage Error (MAPE). The parametric sub-model is
then employed to estimate the characteristic coefficients of the building
studied. Finally, the impact of minor variables and the deviations from

the modeled behavior can be discussed considering the outputs of the
non-parametric branch.

3. Case study and experimental set up
3.1. Case study and variables
The model presented in the previous section was tested in a real-

world case study, which involved 18 real-world buildings from an
energy-intensive industrial sector. The analyzed buildings are all data
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centers located in different regions throughout Italy. Although these
facilities share some features with pure data centers, they are in fact
telecommunication (TLC) central offices, which host network equipment
mostly, like switching racks, servers and routers. Unlike high-variability
data centers, TLC central offices typically operate under more stable
and predictable IT loads, with less pronounced short-term variability.
This characteristic increases the relevance of weather-dependent mod-
els, such as the ES approach, while still leaving room for improvement
through the modelling of secondary influences. Indeed, cooling makes a
fundamental contribution to the final energy demand of such buildings,
because of the dense internal heat generated by the computing equip-
ment. As discussed in Eiraudo et al. [23], the ES is particularly relevant
for this case study, as air conditioning is the primary factor contributing
to variations in the final electrical demand.

The dataset considered for this study contains two years of measure-
ments with an hourly resolution. The variable included in the modeled
matrix, X, is the outdoor temperature, while the input matrix of the NN,
X, is obtained as follows:

X ={T,DP,RH, W, W, Py, G. Sy g Cpya S €11, day, s p. e } (6)

where T is the outdoor temperature, DP is the dew point, RH is the
relative humidity, W, is the wind velocity, W,,, is the wind gust speed,
P, is the atmospheric pressure, G is the solar radiation, sy, and ¢,
are the cyclic encodings of the wind angle (sine and cosine), s and ¢y
are the cyclic encodings of the hour of the day, day is a binary value that
represents whether a day is a working day or a holiday, and s, and ¢,
are the encodings of the day of the year. All these variables are expected
to exert an effect on the energy demand of the building, but a parametric
model that could clearly describe them would be too complex to design.

3.2. Software settings

All the algorithms were implemented and trained using Python 3.9.
The experiments were run using a laptop with an 11th Gen Intel Core
i7-1165G7 processor, 16 GB RAM and an Intel® Iris® Xe graphic card.
NNs models were implemented and trained using the Keras library [24],
while the grid-search procedure was conducted using the HyperBand
tuner [25].

The code used for data preprocessing, building, training, and
evaluating the models is available at this Github repository:
https://github.com/alfonsogijon/Buildings_hybrid.

4. Results and discussion

The data-driven pipeline detailed in Section 2 was applied to the
case study presented in Section 3. The pre-processing step led to a re-
duction of the dataset of about 9.9 %. The filtered out rows were pre-
dominantly samples containing NaN values and, albeit less frequently,
some values that were detected as being abnormal measurements by the
pre-processing algorithm.
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Table 1

Coefficient of determination and MAPE calculated using the different regres-
sion models. The numbers report the mean value and standard deviation for
the 18 buildings considered.

RrR? MAPE

Train Test Train Test
Parametric 0.772+0.091 0.771 £0.093 553%+148% 5.54%+1.50%
Semi-Parametric  0.938 £0.044 0.905+0.059 222%=+1.11% 3.10%+1.03%
Non-Parametric ~ 0.934 +0.048 0.905+0.057 232%+1.06% 3.06% +0.95%

Before conducting the model fit process, a cross correlation analysis
of the data was performed to observe the impact of the input variables
on the output. These steps are performed to ensure the correct adop-
tion of the parametric model, in this case, the ES model. Notice how,
as shown in Fig. 3, the electrical load is significantly more correlated
with the outdoor temperature than any other observed variable. This
provides a data-based endorsement, in addition to the physical one, of
the suitability of adopting the ES model.

A total of 18 parametric models were then trained, one for each stud-
ied building, according to the ES model described in Eiraudo et al. [23]
and to the Eq. (4). The resulting trained models were employed to cal-
culate the errors with respect to the predictions, which, in turn, were
used to train the non-parametric sub-model, so as to finally provide
the semi-parametric model predictions. Table 1 summarizes the perfor-
mance results achieved by the proposed semi-parametric model and the
considered benchmark models for the 18 case studies. As can be ob-
served, the semi-parametric model outperforms the reference ES model,
with an increase of 0.771 to 0.905 of the mean coefficients of determi-
nation, R2. This results in the regression error being almost halved. The
resulting model performance essentially matches that of the reference
NN-based black-box approach. These results prove that semi-parametric
models can combine the interpretability of parametric models with the
regression accuracy of complex ML methods.

It is worth noting that a further confirmation of the reliability of
the physics-based model is obtained from a correlation analysis of the
electrical load predicted by the parametric sub-models and the residu-
als. Indeed, as can be observed from the correlation heat map in Fig. 4,
the ES model is capable of effectively capturing all the linear correla-
tion with the outdoor temperature and, in turn, overriding any minor
relationships detected from variables cross-correlated with the temper-
ature, like the radiation. This is easily observed from a quick look at
the almost uncontaminated correlation vector of the residual electri-
cal load, P,.. Notwithstanding this, the successive implementation of a
non-parametric model led to the aforementioned boost in accuracy. This
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confirms the appropriateness of adopting a NN to model the complex in-
ference of the minor explanatory variables. It is worth noting that, due
to the relatively stable internal loads of TLC central offices, the most
significant NN contributions arose from systematic corrections to the
ES baseline rather than from tracking frequent, large, abrupt IT-driven
changes. Nevertheless, the NN branch successfully learned and repro-
duced certain recurring operational patterns, such as weekday versus
weekend cooling demand differences, which are not explicitly captured
by the parametric model.

Fig. 5 depicts the results for 2 of the 18 considered case studies.
The two rows show the prediction accuracy of the 3 considered regres-
sion approaches for Building A and Building B. The first case reports
MAPE values of 4.70 %, 2.08 %, and 3.09 % for the parametric, semi-
parametric, and non-parametric models, respectively. In this case, the
semi-parametric model not only preserves the advantages of a physic-
grounded regression model, compared to the agnostic black-box ap-
proach, it also provides a consistent improvement in performance. On
the other hand, the non-parametric model shows the best performance in
the second case study, with MAPE values of 5.88 %, 2.62 %, and 1.51 %,
respectively. In this case, the lower performance of the semi-parametric
model may be linked to the marked deviations of the real values from
the modeled ES, as shown by the dispersion of the points in the plot in
the bottom left. In the case of TLC facilities, sudden large load spikes
are rare compared to pure data centers. However, the hybrid model still
demonstrated its ability to anticipate smaller but recurring load varia-
tions linked to operational routines. For example, in Building A, regular
weekday morning increases in load-likely associated with scheduled net-
work operations, were well captured by the hybrid approach, reducing
the MAPE by more than 50 % compared to the parametric baseline. Con-
versely, rare, non-repeating anomalies (e.g., maintenance shutdowns)
remained difficult to predict without retraining.

The integration of the non-parametric sub-model with the physics-
based one may be more intuitively understood by analyzing Fig. 6,
where the ES and the predictions of the semi-parametric model from
Building A are shown. It can be observed how the physics-based model
shows a good fit to the data. Such a model enhances the identification
of the important characteristics parameters of the studied building, such
as the balance point temperature and cooling system COP, which depict
values of 6.9 °C and 3.72, respectively.

On the other hand, the hybrid approach leads to an effective perfor-
mance boost, as the predictions of the model move from the reference
ES line to a more precise fit of the output variable values. The displace-
ment of the prediction points is due to the complex inference estimated
by the NN model from the additional explanatory variables contained
in X.
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Fig. 7. Deviations from the modeled impact of the outdoor temperature on the energy consumption for Building C and Building B.
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Finally, the outputs of the semi-parametric model can be investigated
in more detail to provide further insights of the regression problem. In
particular, it may be interesting to discuss the reliability of the hypoth-
esis adopted when assuming a parametric model. For instance, in this
case, linear behavior was assumed, since it is the shape that ES models
fit. The predictions of the hybrid model can be projected with respect
to the modeled explanatory variable, as shown in Fig. 7. The resulting
reference line can then be compared with the one obtained when us-
ing the ES model. In the case shown in the subplot on the left, which
refers to Building C, the correctness of the assumed impact of the outdoor
temperature on the electrical load can be confirmed by considering the
irrelevant deviations of the projected line obtained by the hybrid model,
with respect to the original ES. On the contrary, if the reference outputs
for Building B in the subplot on the right are considered, three important
deviations from the assumed behavior can be observed at lower temper-
atures than 5 °C, from about 20 °C to 25 °C, and over 3 °C, respectively.
This suggests that this particular case study needs to be studied in more
detail to understand the possible causes of the deviation from the ex-
pected response to changes in the outdoor temperature.

5. Conclusions

This paper introduces a hybrid model approach for semi-parametric
regressions, combining a parametric physics-based sub-model and a
black-box non-parametric one. The former one is modeled according
to the physics of the problem, while the latter comprises a feed-forward
NN. The data-driven pipeline, which includes pre-processing, model fit-
ting, hyperparameter tuning, and post-processing, is described.

The proposed model has been applied in a real-world case study re-
lated to the energy sector and, specifically, to the analysis of energy con-
sumption in buildings. The model was employed to predict the energy
demand of 18 buildings, and its performance was evaluated against ref-
erence parametric and non-parametric models. The proposed model was
able to reduce the mean regression error by almost half, compared to
the parametric model, and to achieve a mean absolute percentage error
of 3.10% and a determination coefficient of 0.905. These performance
metrics match those of non-parametric models. However, compared to
the latter, the semi-parametric model was able to preserve the physics-
grounding, and thus the interpretability of the trained model. Because of
that, it is better suited to estimate the typical parameters of the analyzed
buildings and to provide relevant insights into the problem dynamics.
While the present application focuses on TLC central offices, whose in-
ternal loads are generally more stable than those of high-variability data
centers, the proposed methodology remains applicable to a wide range
of building types. In scenarios with greater operational volatility, the
non-parametric branch could be expected to play an even more promi-
nent role in capturing rapid load changes, provided such patterns are
sufficiently represented in the training dataset.

Considering the importance of the interpretation of regression mod-
els, as well as the scarce literature discussing this topic, an explainabil-
ity analysis step regarding the non-parametric sub-model will be under-
taken as the first future development of the present study. This step can
be used to assess the impact of the additional input variables and to shed
light on the unknown physics underlying the regression task.

The performance of the models in terms of computational complex-
ity and data intensity should also be analyzed in depth to assess the
potential for Big Data applications. Furthermore, the modular design of
the proposed semi-parametric model is intended to support applications
across different research sectors. Therefore, future work will focus on
analyzing datasets from diverse case studies and implementing specific
parametric models for each application.
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