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ARTICLE INFO ABSTRACT
Keywords: The rising global demand for air conditioning systems, driven by increasing temperatures and
Global warming urbanization, has led to higher energy consumption and greenhouse gas emissions. HVAC sys-
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tems, particularly AC, account for nearly half of building energy use, highlighting the need for
efficient cooling solutions. Passive cooling, especially radiative cooling, offers potential to reduce
cooling loads and improve energy efficiency. However, most studies focus on idealized condi-
tions, neglecting the real-world variability of indoor and outdoor environments. This study
proposes a novel machine learning-based ensemble stacking model to predict ventilation rates in
passive cooling buildings, addressing the challenges of black-box modeling. The model’s per-
formance is improved across key metrics such as R2, RMSE, and MAE. For the first time, uncer-
tainty and sensitivity analysis is applied to assess the impact of indoor and outdoor conditions on
ventilation rates. Sensitivity analysis shows that the reference model’s ventilation rate highly
depends on inlet air temperature, internal temperatures at 0.1 and 0.2 m, and internal wall heat
flux, with optimization of these parameters having a significant impact on building performance.
In contrast, the test building relies on fewer parameters, with external temperature, outlet air
temperature, and net roof radiation being notable factors; as ambient temperature increases, so
does the ventilation rate. The analysis reveals that uncertainties have minimal impact in the
reference building, while the test building demonstrates greater sensitivity during warmer
months, emphasizing the importance of accounting for seasonal variations. This research un-
derscores the significance of optimizing key features to enhance natural cooling and ventilation,
contributing to sustainable climate control solutions and providing an interpretable, robust model
for predicting ventilation rates in energy-efficient buildings.

1. introduction

In recent years, energy consumption has surged significantly due to the increasing reliance on air conditioning (AC) systems. This
trend is expected to escalate sharply, particularly in middle-income countries, as family incomes rise and global temperatures increase
[1]. Given that HVAC systems, including air conditioning, account for approximately half of the total energy consumed in buildings,
minimizing their energy consumption is of paramount importance [2,3]. As illustrated in Fig. 1, the global trend in AC usage since
1990, with projections extending to 2050 [4], underscores the urgency of addressing this issue.
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The heightened energy demand associated with AC systems has precipitated energy crises, particularly in developing nations,
exacerbating environmental challenges [5]. The heavy reliance on fossil fuel-based energy sources for air conditioning not only leads
to increased greenhouse gas emissions [6] but also contributes to air pollution and climate change [7-9]. Therefore, it is critical to
advance sustainable and energy-efficient air conditioning technologies to mitigate these adverse effects [10]. Although there has been
notable growth in the development of environ mentally friendly cooling technologies, these advancements remain insufficient to meet
the growing demand [11].

One of the proper ways to mitigate the adverse effect of active cooling is passive cooling in buildings [12,13]. By doing so, the
required cooling load can be reduced, enhancing the efficiency of buildings [14,15]. In recent years, radiative cooling has piqued the
interest of scholars, as it can be easily employed in buildings to reduce cooling load demand [16]. Zeyghami et al. [17] Proposed
principles of radiative cooling in buildings for both daytime and nighttime cooling. Xu et al. [18] Proposed an emitter composed of six
nanospheres embedded in a Polyvinylidene fluoride (PVDF) matrix to enhance radiative cooling. Tang et al. [19] proposed a radiative
cooling composite for window glass. This study demonstrated that the proposed material effectively reduced buildings’ indoor tem-
peratures. Gong et al. [20] introduced an innovative design for a self-regulating radiative cooler. In this study, paraffin is combined
with a radiative cooler to enable dynamic adaptation to temperature changes through liquid-solid transitions. The results indicate that
the proposed coolers can lead to energy savings in buildings across various cities and climates. Luo et al. [21] introduced an innovative
method for passive radiative cooling during the day, utilizing a coating made of yttrium oxide (Y20s) and polydimethylsiloxane
(PDMS). This design effectively enhances solar reflectance and emissivity on the building window, providing high radiative cooling
efficiency even under intense solar radiation. Tang et al. [22] Evaluated the effectiveness of Magnesium oxide (MgO) radiative cooling
in buildings and conducted a life-cycle assessment of the material. Zhang et al. [23] assessed the effectiveness of super-amphiphobic in
passive cooling of buildings. In another study, Feng et al. [24] produced an inorganic coating to cool a building passively. Sun et al.
[25] utilized a woody laminate to make a building efficient in terms of energy.

This body of work represents significant advancements in passive cooling technology, effectively reflecting solar radiation and
facilitating the transfer of interior heat to the cooler outdoor environment through building openings [26-32]. These innovative
materials can substantially increase the rate of heat rejection from building interiors, contributing to the mitigation of urban heat
island effects [33-38]. However, while promising, the majority of these studies have primarily focused on evaluating cooling per-
formance of new materials under idealized conditions, often neglecting the substantial variability inherent in real-world building
environments where both interior and exterior conditions can fluctuate significantly.

Achieving an optimal cooling rate, which necessitates the efficient removal of heat, presents challenges that are often under-
estimated [39]. On particularly hot days, these surface materials can indeed lower the temperature differential across external
insulation. However, if the temperature gradient reverses, inhibiting outward heat flow becomes problematic due to insulation effects.
Moreover, the post-COVID-19 emphasis on healthy ventilation further complicates the rejection of heat from indoor environments. As
efforts to cool indoor spaces below ambient temperatures increase, outdoor air exchanges can quickly become the predominant source
of heat [40].

Consequently, an alternative approach must be considered. Fortin et al. [40] conducted an experimental study proposing a novel
design for a single-occupant building that integrates radiative cooling with buoyancy-driven airflow, targeting energy efficiency in hot
and dry climates. The study involved creating a temperature gradient between the interior and exterior, utilizing aluminum sheets
coated with white polyvinylidene fluoride (PVDF) mounted on a T-shaped aluminum frame above the roof as radiative cooling sur-
faces. Additionally, water-filled chambers served as thermal storage to enhance the temperature differential, generating buoyancy
forces to drive airflow. This innovative design was benchmarked against a conventional reference box, where results demonstrated that
the model maintained an interior temperature 3.9 °C cooler than the external average and 8.9 °C lower than traditional standards. The
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Fig. 1. Global Air Conditioner Stocks, per million units, 1990-2050 [4].
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findings highlight that this model can effectively reduce cooling loads across various building types, leveraging the synergy between
radiative cooling and buoyancy forces. With its use of simple, inexpensive, accessible, and environmentally friendly materials, this
approach offers a viable cooling solution, particularly impactful in enhancing ventilation rates and minimizing energy demands in hot
and humid climates.

However, considerable uncertainties exist regarding practical building variables, including indoor and outdoor temperatures,
humidity, heat flux, and the thermal mass of walls. These uncertainties play a critical role in the performance of ventilation rates and
can profoundly impact indoor air quality [41,42]. Although the results of the Fortin study has shown potential, it has yet to
comprehensively assess how these indoor and outdoor conditions influence ventilation rates. Addressing this gap is essential for the
effective design and control of passive cooling systems.

To illustrate, Bijarniya et al. [43] evaluated the feasibility of passive cooling across various Indian cities through a comparative
analysis of three types of radiative cooler surfaces, yet did not consider indoor factors such as the building’s internal temperature.
Similarly, Wu et al. [44]examined the cooling effect of radiative sky cooling within indoor environments, while neglecting other
critical influences, such as solar irradiance.

A review of existing literature reveals that previous research has not fully addressed the impact of both internal and external
conditions on ventilation rates in passive cooling buildings. While studies have made significant strides in predicting ventilation rates
through numerical simulations and experimental measurements [45-48], discrepancies often arise between the results of numerical
models and experimental data [47]. This inconsistency underscores the need for alternative approaches to improve prediction reli-
ability. In this context, data-driven methods, particularly machine learning models, have shown promise due to their ability to capture
complex linear and nonlinear relationships in datasets [49,50]. Despite their potential, the application of single machine learning
models—commonly referred to as "black-box" methods—remains widespread, especially for energy-related predictions in buildings
[51,52].

One major limitation of single-model approaches is their inherent instability. For instance, algorithms like XGBoost (Xgb) are prone
to fluctuations in output when small changes are made to the input data, which limits their practical application in real-time scenarios
[53]. To address this, ensemble learning techniques have recently been introduced as a means to combine multiple models and reduce
instability, enhancing prediction accuracy for both classification and regression tasks [54]. However, while ensemble methods have
been widely used in various domains due to their reliability and accuracy [55-58], their application in estimating ventilation rates for
passive cooling buildings has not been thoroughly explored. Moreover, an important gap in the literature lies in determining the
optimal combination of base learners for ensemble methods. While previous studies have demonstrated the use of ensemble models,
such as in gas turbine efficiency forecasting [56] or performance detection in aviation [55], they do not detail how base learners were
selected, which may result in overfitting and increased computational time. Additionally, the use of limited base learners, such as in
energy consumption forecasting [59], can limit the generalizability of the model to other applications.

A recent study by Wang et al. [60] addressed this gap by employing an exhaustive search method to evaluate all possible com-
binations of six base models for building energy prediction. This approach identified an optimal ensemble configuration that reduced
the Mean Absolute Percentage Error (MAPE) by 4.9%-6.6 % compared to the best single model while improving computational ef-
ficiency by eliminating redundant base learners. However, despite its thoroughness, Wang et al.’s method only used a limited set of six
base models, leaving potential for further improvement with a more diverse selection of learners and by adopting advanced opti-
mization techniques.

The present study fills this research gap by extending the principles of exhaustive search with a more extensive ensemble
framework and a Genetic Algorithm (GA) optimization approach. Specifically, we incorporate a broader array of ten base models—K-
Nearest Neighbors (K-NN), Multilayer Perceptron (MLP), Random Forest (RF), Support Vector Regression (SVR), Linear Regression
(LR), AdaBoost, Lasso, XGBoost, Decision Tree (DT), and LightGBM—allowing for greater flexibility and more tailored model con-
figurations. GA is employed to systematically optimize the combination and selection of base learners, enhancing model robustness. By
doing so, we bridge the research gap related to the optimal selection and configuration of ensemble models, providing a scalable, high-
performing ensemble solution adaptable to diverse applications beyond the limited scope of previous studies.

This expanded framework not only addresses the limitations in base model selection highlighted by Wang et al. [60] but also
advances ensemble modeling by enhancing predictive accuracy, establishing a robust foundation for ventilation rate prediction and
other related fields.

Another critical challenge in using machine learning models is the lack of interpretability, which can obscure the understanding of
underlying patterns in the data. To overcome this, the Shapley Additive Explanations (SHAP) method, widely used for providing
interpretability in complex systems, is integrated into this study [61-63]. However, the application of SHAP to assess the influence of
indoor and outdoor conditions on ventilation rates remains unexplored. This research fills this gap by presenting the first compre-
hensive model for predicting ventilation rates in passive cooling buildings while identifying the key parameters influencing these rates.

This study’s primary contributions include:

1. Proposing a novel ensemble learning framework for the sensitivity and uncertainty analysis of indoor and outdoor conditions
affecting ventilation rates in passive cooling systems.

2. Utilizing Genetic Algorithms to optimize base learner selection and combination in the stacking ensemble model, enhancing both
accuracy and robustness.

3. Identifying critical factors that influence ventilation rates, which can inform the design of more effective passive cooling solutions
and open new avenues for future research.
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To validate the proposed model, we utilize four datasets extracted from a study by Fortin et al. [41], focusing on two buildings
during November and September. These datasets represent different ventilation rate patterns, ensuring the model’s robustness across
varying conditions. Recursive feature elimination is used to prioritize the most influential variables. The findings of this research are
organized into five sections: methodology, results of the enhanced ensemble model incorporating uncertainty and sensitivity analysis,
conclusions, and research limitations, challenges and future prospects.

2. Methodology

Topanga Canyon, known as hot and dry area, is in the Santa Monica Mountains in Los Angeles County, California. The data of the
research were collected from the recent work of Fortin et al. [40]. The extracted data are divided into two categories: reference (as the

Table 1
Dataset description.
Abbreviation Name Unit Explanation
VR Ventilation Rate m/s The recorded ventilation rate in both buildings (Reference and Test), which is the target of modeling
in this study. All below parameters are used as inputs in the machine learning model.
T Air Temperature °C The ambient air temperature around the building, which influences heat exchange with the
structure.
WS Wind Speed m/s The speed at which wind is moving across the building’s exterior, affecting ventilation and cooling
through convection.
NLR Net Longwave Radiation w/ Net thermal radiation emitted from the building surface, driven by temperature differences between
m? the building and the atmosphere.
EST Effective Sky Temperature °C Apparent temperature of the sky as perceived by the building, impacting the building’s radiative
heat exchange.
ARH Ambient Relative Humidity % The relative moisture content of the air surrounding the building, influencing condensation and
heat transfer.
WD Wind Direction - Directional source of wind affecting the building, determining which sides are exposed to airflow.
Al Atmospheric Irradiance w/ Intensity of solar radiation impacting the building’s exterior, contributing to heat gain.
m2
BP Barometric Pressure mbar Atmospheric pressure around the structure, influencing weather patterns and the rate of heat
transfer.
DP Dew Point Temperature °C The temperature where air reaches full saturation and condensation begins, relevant for moisture
control on building surfaces.
WG Wind Gust m/s Measures peak wind speeds occurring in short bursts, which can affect the building’s stability and
cooling patterns.
SI Solar Irradiance w/ The intensity of direct solar energy on building surfaces, contributing to internal heat gain.
mZ
HFTSR Heat Flux Top Side Radiator w/ Rate of heat transfer measured on the radiator’s top surface, showing heat gain or loss to the
m? surrounding air.
HFISR Heat Flux Interior Side w/ Heat transfer occurring on the radiator’s indoor surface, indicating the amount of heat released into
Radiator m? the room.
HFIWR Heat Flux Interior Wall w/ Heat flux across interior walls in reference or test setups, showing heat retention or dissipation
Reference/Test m? inside the building.
STTMR/T Surface Temp. Thermal Mass °C Temperature at the surface of the thermal mass in each setup, showing heat storage capability.
Reference/Test
ATCG Air Temp. at Top Convection °C Temperature at the convection guard’s top edge, which helps control convective heat transfer rates
Guard in both building.
FVIR Flow Velocity at Inlet m/s Velocity of air entering the building in either setup, affecting ventilation and cooling efficiency.
Reference/Test
HFTMR/T Heat Flux Thermal Mass w/ Heat flow through the thermal mass in reference and test buildings, indicating comparative heat
Reference/Test m? retention properties.
STTSR Surface Temp. Top Side °C Temperature on the top side of the radiator’s surface, indicating heat exchange between the radiator
Radiator and the ambient air.
STIWR/T Surface Temp. Interior Wall °C Temperature of interior wall surfaces in reference and test buildings, showing differences in heat
Reference/Test absorption and retention.
1T0.1 R/T Interior Temp. at 0.1m °C Measures indoor temperature at a height of 0.1 m, showing thermal conditions near the floor level
Reference/Test in each setup.
FVOR/T Flow Velocity at Outlet m/s Airflow velocity exiting the building, which helps assess exhaust rates and ventilation effectiveness
Reference/Test in each setup.
STTSR/T Surface Temp. Thermal Mass °C Surface temperature of the thermal mass, reflecting the efficiency of heat retention across the
Reference/Test different setups.
STISR Surface Temp. Interior Side °C Temperature on the indoor side of the radiator, showing how much heat is transferred into the
Radiator room.
HSR/T Heat Source Reference/Test w/ Heat load applied within each building setup.
m2
IT0.2 R/T Interior Temp. at 0.2m °C Indoor temperature at a height of 0.2 m, indicating thermal distribution across vertical levels in
Reference/Test each building.
ATIR&ATOR/ Air Temp at Inlet and Outlet °C Temperature of air entering and exiting each building, showing the overall heating or cooling effect
T Reference/Test along the ventilation path.
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baseline) and test (as the proposed model). Each dataset was recorded daily in September and November at 15-min intervals. These
data include both internal and external conditions. Table 1 provides a description of the recorded variables in the datasets used for this
study. In this revision, we have specified the removal of FVOR and FVIR to prevent any potential correlation effects that could
compromise model accuracy. Additionally, certain time-dependent indoor and outdoor variables have been excluded, as these could
introduce correlations that might affect the model’s effectiveness. The primary goal of this research is to present an enhanced ensemble
model that combines stacking and a genetic algorithm, forming the basis for sensitivity and uncertainty analysis. This model assesses
the influence of various features on ventilation rates across multiple datasets. Fig. 2 outlines the research methodology.

To achieve this, the data are processed, and essential features are selected using the recursive feature elimination method. The
dataset is divided into 80 % for training and 20 % for testing, ensuring that the test set remains unseen throughout the training process.
From the 80 % training set, 20 % is used as a validation set, following the concept of k-fold cross-validation to enhance model
robustness and avoid overfitting.

Several base learners, including KNN, RF, LR, SVR, DT, MLP, AdaBoost, GBM, LightGBM, and Lasso, are employed to construct the
stacked ensemble model. Details of the hyperparameters for the base and meta-learners are shown in Tables A4 and A5 in Appendix A.
The GA optimizes the selection and combination of these base learners to minimize the RMAE, thereby improving the accuracy of
predictions. Finally, LR serves as the meta-learner to consolidate predictions from the base learners, creating a robust model for
sensitivity and uncertainty analysis.

Given the uncertainty in the internal and external variables of the building, the impact of uncertain parameters on the distribution
of the output, which is the instantaneous ventilation rate, will be examined. Finally, SHAP sensitivity analysis is performed on the
learned model to determine the impact of each feature on the ventilation rate. This study is valuable as it offers engineers deep insights
into innovative building designs and aids in their development by identifying key parameters that affect ventilation rates.

2.1. Ventilation rate description

The datasets from different months reveal notable variations in reference and test data values, with the majority of the data
centered around zero, as shown in Fig. 3. In September, 673 reference data entries were utilized, presenting an average ventilation rate
of 6.87e-5 m/s and a maximum rate of 0.00015 m/s. Correspondingly, 673 test data points, with an average ventilation rate of 2.43e-5
m/s and a peak rate of 0.00013 m/s, were employed for model evaluation. For November, a total of 1345 reference data entries were
used, showing an average ventilation rate of 7.81e-5 m/s and a maximum rate of 0.00016 m/s, while the 1345 test data points
exhibited an average ventilation rate 5.08e-5 m/s with a maximum rate of 0.00017 m/s.
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Fig. 2. Research workflow
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Fig. 3. Ventilation rate distribution analysis in reference and test buildings in September and November

It is also observed that where the data is non-zero, there is an imbalance in distribution, indicating that the dataset suffers from
significant imbalances. This imbalance presents challenges in model training, as it intensifies the difficulty of accurately capturing the
variations within the data.

2.2. Recursive elimination feature selection

Given the number of features in this study, ranging from 15 to 30, we were compelled to employ appropriate variable selection. To
achieve this, we implemented the Recursive Feature Elimination (RFE) method to obtain a smaller subset of the dataset. This approach
allows the model to identify complex patterns in the data with greater accuracy and speed [64,65]. Firstly, it trains a machine learning
model on all available features. Then, these features are ranked based on their importance scores [66]. Afterward, the least important
features are removed from the datasets. Subsequently, the model is retrained using the reduced set of features [67]. Finally, Steps 1 and
2 are iteratively executed until the desired number of features is obtained [68].

2.3. Stacked ensemble model

The stacked ensemble method is a model integration strategy that combines statistical theoretical knowledge with machine
learning. This method includes several base models and a meta-model that fully leverages the advantages of each algorithm to achieve
better predictive performance [60,69]. To ensure model diversity, we utilized a variety of base models, including K-NN, RF, DT, MLP,
Lasso, GBM, LightGBM, SVR, LR, AdaBoost. Subsequently, a meta-model, specifically LR, was employed to integrate these base models.
Initially, the stacking method trains single models using k-fold cross-validation on the training set at the base level. As shown in Fig. 4,
for validation, the training data are divided into five equal parts, and in each computational run, one of the five parts is used for model
validation. By repeating this process up to five times, the likelihood of encountering overfitting is minimized. Then, the outputs of the
base models, as shown in Fig. 4, are used as new input data for the meta-model [70]. The new data are used to train the meta-model.
When constructing a stacked ensemble model, it is crucial to consider both the accuracy and diversity of the base models. Stacked
learning employs robust base models to ensure high accuracy. By utilizing various algorithms, the base models achieve diversity,
which allows for a thorough examination of the internal relationship between indoor and outdoor conditions and the ventilation rate,
thereby enhancing predictive performance. The meta-model is usually a well-stable model, combining different base models. The
specific steps of the stacked ensemble algorithm are as follows:
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Fig. 4. Workflow of the stacked ensemble model

1. Sample data (X, «s), where ‘n’ is the sample number and ‘s’ is the features number, and building ventilation rate is (Y1), the target
of the study. The datasets are divided into training and test sets [71,72].

2. For each base model, k-fold cross-validation is performed to avoid overfitting. The training set is randomly divided into five equal
parts. Four out of the five parts are used to train the base models [73]. Fig. 3 illustrates the operation of the stacked ensemble model.
Then, by predicting the base models, the outputs of the models are placed side by side in parallel to create new data for modeling.
Meanwhile, the data are fed to the meta-model to make the final prediction, considering the most accurate initial predictions. In the
final step, the test data set aside at the beginning is used for validation.

2.4. Improved stacked ensemble model

The ensemble learning method includes two primary steps: making base models and combinations them [74]. The selection of base
models should have appropriate accuracy and diversity, while meta-learning models are usually simple and stable algorithms.
Therefore, in the following study, linear regression has been used for meta-learning. However, the selection of base and meta-learning
models directly affects the prediction results in the ensemble learning method [75,76]. Therefore, choosing the appropriate settings for
model combination is very important.

In this study, a genetic algorithm was employed to determine the optimal combination of models within the ensemble learning
framework. The process by which the genetic algorithm selects the appropriate model combination is illustrated in Fig. 5 [77,78]. To
identify the optimal combination of initial models, the RMSE is defined as the objective function of the GA. This approach enhances the
accuracy of the proposed model.

2.5. Evaluation parameters

The performance and accuracy of machine learning models in each case study will be evaluated using three criteria: Equation (1),
the coefficient of determination (RZ); Equation (2), the mean absolute error (MAE); and Equation (3), the root mean square error



M. Mohsenpour et al. Heliyon 11 (2025) e41572

Update Variation and
Crossover Rate

SVR . 0 r T | n T
MLP | () [ | 0
RF . "
B O 0
DT '
B |2 '
kNN |0 | : 0 0/ 0 [
S _ 4
o O
w 00 L B o p
GBM | () I | 0 0
LightGBM [ | 0 0
Ada Boost | | 0 n 0
1 - = i 2 " 2 1 r
Offspring Selection and Crossover Varlation End
the Best Individual
Rr:enlhn ‘
No Yes
Fig. 5. Workflow of genetic algorithm to find the optimum combination of base learners
(RMSE) [79].
N
2 (Yia — Yie)
RZ=1-"] M
> (Ve — )
=1
1 N
MAE = D [Yja = Yipy| x 100% (®)
o1
RMSE = 3

2.6. Uncertainty analysis

In this section, 1000 random samples were generated using the Latin Hypercube Sampling (LHS) method [80,81]. The data dis-
tribution for key parameters was then analyzed, accounting for recording uncertainties. External variables, such as air temperature,
radiation level, and relative humidity, were incorporated. Initially, the input variables were classified into two categories: indoor and
outdoor uncertain variables, to assess the influence of both internal and external factors on the distribution of ventilation rate data. The
enhanced model subsequently predicts the ventilation rate, and these predictions are ranked in ascending order, focusing on the 95 %
confidence interval. The results will reveal variations in the ventilation rate distribution and pinpoint the uncertainties that most
significantly impact model output.

2.7. Ensemble-based sensitivity analysis

The SHAP method is based on game theory. This method can explain how the output of any machine learning model is interpreted
by linearly adding a value to all input variables [82,83]. Therefore, this method is used for sensitivity analysis. The SHAP method is
described as follows: According to Equation (4), Ag can be considered a constant that plays a role in the equation. Then, another
variable (A;) is considered to be multiplied by each recorded data point to examine the change in the prediction made by the learned
model. In this method, when the absolute value of the model’s output is larger, it indicates a greater impact on the output [84]. During
this calculation, each input is analyzed individually to study its impact precisely.
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3. Result and discussion
3.1. RFE

RFE method is a widely used technique in machine learning for selecting essential features from a dataset. It works by initially
training a model on the entire dataset and then iteratively removing less important features. This process helps in minimizing the input
data while retaining the most significant features for the model’s performance. The effectiveness of this method in reducing the
dataset’s complexity is demonstrated in Table 2, which highlights the selected features after applying RFE. The RFE method indicates
that the number of features in both the reference and test data has been reduced by up to 40 %. Furthermore, analysis of the retained
features in the reference data suggests that the ventilation rate in the reference building is more strongly influenced by internal factors.
Specifically, 60 % of the retained features are related to internal conditions, including internal heat flux, thermal storage heat flux,
internal temperature at a distance of one-tenth meter, internal temperature at a distance of two-tenths meter, incoming air temper-
ature, and outgoing air temperature. In contrast, the retained features in the test data for November show an equal dependence on both
internal and external factors.

Considering the increase in recorded features in the data provided by Fortin et al. [40], it can be observed that November exhibits
similar conditions to September in terms of the importance of external condition features. As shown in Table 3, ambient temperature,
atmospheric radiation, and effective temperature have a greater impact during this month. However, the extent of their influence will
be further explored in the sensitivity analysis section. Table 2 demonstrates that the number of features for modeling in both datasets
has been reduced to 10, suggesting that accurate and reliable modeling can be achieved with only around 30 % of the original data.
Descriptions of the remaining features used as inputs for the ML models are provided in Table 3."

3.2. Standard stacked ensemble model

In this study, we aimed to utilize a stacked learning model to accurately and precisely model the ventilation rate in buildings based
on internal and external parameters. To incorporate diverse models within the ensemble learning framework and capture complex
patterns within the provided data, we employed ten classical models as base models. These base models include K-NN, RF, SVR, MLP,
DT, Lasso, GBM, LR, LightGBM, and AdaBoost. The primary task of these models is to provide initial predictions for modeling. Sub-
sequently, a linear regression model was used for the final prediction in the meta-model.

The results in Table 4 indicate that the standard stacked model significantly improved the performance of modeling in September
for both the reference and test models. Table 4 shows that the R? value in the reference dataset reached 0.96 for the ensemble model. In
contrast, the best classical model in the reference dataset reported an R? value of 0.955 for the LightGBM model. Although the
improvement in the ensemble model is only 0.5 %, this improvement is significant due to the nature of the ventilation rate, which
ranges between 0 and 0.0002. Based on other evaluation parameters, such as MAE and RMSE, the ensemble model has some weak-
nesses, as its error rate is higher than that of the gradient boosting model. The gradient boosting model has the lowest error in MAE and
RMSE. According to Table 4, the MAE is 4.22e-06, and the RMSE is 1.15e-05, while for the ensemble model, the values are 5.2e-06 and
1.18e-05, respectively. However, based on the table, it can be seen that the MLP, SVR, and Lasso models showed the weakest
performance.

Furthermore, in the test dataset (September), the result are slightly different. The result in Table 4 shows that the ensemble model
performs better than other base algorithms in terms of R? and RMSE. The calculated results for these two parameters are 0.85 and
1.29e-05, respectively. These results indicate the presence of error even in the best-presented model. It means that complicating the
modeling process is ineffective, and the amount of recorded data should be rose. It is noteworthy that the GBM model performed better
in the MAE evaluation. Consistent with the reference results, the MLP, SVR, and Lasso models demonstrate notable deficiencies in
achieving accurate modeling.

To assess the performance of the proposed model, it was tested on two additional datasets in November. The results, presented in
Table 5, demonstrate that the ensemble model can accurately predict the ventilation rate with an R? accuracy of 0.963 in the reference
dataset. Notably, the MAE and RMSE are calculated as 1.1e-5 and 5.9e-6, respectively. In contrast, for the GBM, these values are 3.93e-
6 and 8.78e-6. This highlights the ensemble model’s limitations in reducing these two parameters, a problem also observed in the
previous two datasets. Furthermore, the MLP, SVR, and Lasso models exhibited the weakest performance, underscoring their lack of
capability and efficiency in this domain.

The result in Table 5 shows that the GBM and decision tree-based models, like RF, have suitable capabilities for modeling. However,

Table 2

Number of initial and remained features.
Name Initial (Sep) Initial (Nov) Selected (Sep) Selected (Nov) Reduction (Sep) Reduction (Nov)
Reference 16 28 10 10 37.5% 65 %
Test 15 26 10 10 0.33 % 62 %
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Table 3

The selected feature description.
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Name Selected (Sep) Selected (Nov)

Reference Ambient Temperature Ambient Temperature
Wind Speed Atmospheric Radiation
Solar Radiation Effective Sky Temperature
Barometric Pressure Thermal Storage Heat Flux
Internal Heat Flux Internal Wall Heat Flux
Thermal Storage Heat Flux Air Temperature at Bottom of Roof Cavity
Internal Temperature at 0.1m Internal Temperature at 0.1m
Internal Temperature at 0.2m Internal Temperature at 0.2m
Inlet Air Temperature Inlet Air Temperature
Outlet Air Temperature Outlet Air Temperature

Test Ambient Temperature Ambient Temperature

Dew Point Temperature
Wind Speed

Wind Direction

Solar Radiation

Internal Heat Flux
External Heat Flux
Thermal Storage Heat Flux
Outlet Air Temperature

Wind Speed

Gust Speed

Net Radiation

Effective Sky Temperature
Atmospheric Radiation

Thermal Storage Surface Temperature
Internal Wall Temperature

Internal Temperature at 0.2m

Outlet Air Temperature

Table 4

Comparison of ML models and the standard stacked model (Sep).
Algorithm Reference Test

R? RMSE (m/s) MAE R? RMSE (m/s) MAE

K-NN 0.91 1.17E-05 4.37E-06 0.83 1.36E-05 7.15E-06
RF 0.89 1.24E-05 4.45E-06 0.84 1.34E-05 6.99E-06
SVR 0.041 1.24E-05 6.62E-05 0.012 5.20E-05 0.043
MLP 0.165 0.077 0.118 0.005 0.057 0.0256
DT 0.87 1.41E-05 5.07E-06 0.66 1.97E-05 9.82E-06
Lasso 0.06 6.72E-05 6.60E-05 0.39 3.46E-05 3.33E-05
GMB 0.955 1.15E-05 4.22E-06 0.81 3.46E-05 3.19E-06
LR 0.931 1.38E-05 8.15E-06 0.78 1.59E-05 8.06E-06
LightGbm 0.956 1.16E-05 5.54E-06 0.81 1.46E-05 8.13E-06
AdaBoost 0.92 1.46E-05 6.68E-06 0.73 1.76E-05 1.30E-05
StackedEN 0.96 1.18E-05 5.20E-06 0.85 1.29E-05 7.14E-06

Table 5

Comparison of ML models and the standard stacked model (Nov).
Algorithm Reference Test

R? RMSE (m/s) MAE R? RMSE (m/s) MAE

K-NN 0.92 1.38E-05 5.54E-06 0.95 1.30E-05 6.95E-06
RF 0.94 9.29E-06 4.06E-06 0.97 9.75E-06 4.80E-06
SVR 0.31 7.11E-05 6.96E-05 0.3 7.01E-05 6.39E-05
MLP 0.11 4.55E-02 3.20E-02 0.11 1.15E-01 8.63E-02
DT 0.925 1.33E-05 4.60E-06 0.95 1.25E-05 5.85E-06
Lasso 0.04 7.10E-05 7.01E-05 0.007 6.14E-05 5.81E-05
GMB 0.9578 8.78E-06 3.93E-06 0.959 1.20E-05 5.52E-06
LR 0.95 1.57E-05 9.75E-06 0.956 1.05E-05 5.52E-06
LightGbm 0.94 1.12E-05 5.42E-06 0.96 1.01E-05 5.52E-06
AdaBoost 0.9448 1.43E-05 7.87E-06 0.49 1.35E-05 1.14E-05
StackedEN 0.963 1.10E-05 5.90E-06 0.973 9.63E-06 4.74E-06

in modeling the test dataset, the ensemble model’s results are more robust. The results in Table 5 show that the ensemble model excels
in all three evaluation parameters compared to other models. The results presented in Table 5 for R%, MAE, and RMSE are 0.973, 4.74e-
6, and 9.63e-6, respectively. Even in the GBM and LightGBM models, lower values were estimated. These results indicate that the

proposed modeling approach can provide acceptable results.

It is noteworthy that, as in the previous three datasets, the MLP, SVR, and Lasso models cannot model the ventilation rate precisely.
This indicates that due to the limited data in modeling, such models cannot predict the ventilation rate accurately. Therefore, these
models are not suitable for this domain. However, this does not preclude their inclusion in the base model, as even weaker models in an
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ensemble can significantly contribute by capturing certain data patterns. To enhance the ensemble model, the next step involves
selecting the correct and accurate combination of base models using GA.

3.3. GA-based stacked ensemble model

Based on the results presented in the previous section, it can be observed that the ensemble model suffers from performance
improvement issues in key parameters, including MAE and RMSE. This can be attributed to errors in the base models. Therefore, the
importance of optimization algorithms in this context becomes evident. To fulfill the research objectives and enhance the model, a GA
was utilized to identify the optimal base models. The GA not only improves the evaluation parameters but also reduces the functional
complexity of the ensemble model. A single-objective optimization approach was used to implement the GA. Thus, the RMSE
parameter was considered the objective function of the optimization algorithm to provide the minimum RMSE by finding the best
number of base learners.

Table 6 shows the variables of the genetic algorithm for implementing the optimization.

After employing the GA to the reference and test datasets, the correct combination of base models was revealed. The proposed
method includes models such as K-NN, DT, MLP, GBM, and LightGbm. Despite the weak performance of the MLP model in all datasets,
it significantly aids in modeling the ventilation rate in buildings. However, the test data results differ significantly, primarily due to the
absence of the Random Forest (RF) model. This discrepancy highlights the inherent complexity of the test dataset, as established in the
previous section. Consequently, despite the application of the GA, 9 out of the initial 10 models are retained for modeling.

The results presented in Table 7 indicate that selecting the optimal combination of base models significantly enhances the per-
formance of the ensemble model. As shown in Table 7, the improved model surpasses the standard ensemble and GBM models, which
were previously identified as the best models, across all three evaluation parameters. Specifically, the improved model increases the R?
parameter by over one percent, achieving a value of 0.9717 in the reference dataset. Furthermore, there is a notable improvement in
the RMSE and MAE parameters. The improved model not only demonstrates growth but also outperforms the previously best models,
namely the ensemble and GBM models. In Table 7, the MAE and RMSE values are 4.13e-6 and 1.13e-5, respectively. Fig. 6A illustrates
the high accuracy of the proposed model.

The proposed method also shows good performance in the test data. However, some errors in the test data can be attributed to the
inherent imbalance in the dataset, mentioned in the ventilation rate description section. Despite this issue, the improved model
substantially enhances the evaluation parameter results, demonstrating its robustness in handling the complexities of the test data.
According to Table 7, the R? parameter has increased by 4 percent, reaching a value of 0.89, which demonstrates the accuracy and
performance of the model. Additionally, there has been a significant improvement in the RMSE and MAE, with values of 1.12e-5 and
2.67e-6, respectively. It is noteworthy that the proposed method, due to its substantial improvement, can be applied to any dataset.
Fig. 6B illustrates the predictions of the improved model compared to the actual data in the reference dataset for September.

For validation of the proposed method, the reference and test data were also examined in November to highlight the importance
and robustness of the method in modeling. By employing the GA to select the most suitable base algorithms, the number of models in
the reference data was reduced to 5. For modeling in November, the presence of K-NN, RF, LR, SVR, and DT models in the initial
predictions provided acceptable results. It is noteworthy that the selection of the SVR model by the GA drew our attention, despite its
considerable error. This indicates that a model should not be dismissed solely based on weaknesses in evaluation parameters, as it may
still capture complex data behaviors. Consequently, the significance of the proposed method in this research is evident.

The results presented in Table 8 demonstrate that the improved ensemble model, which retains 5 out of the initial 10 base models,
delivers precise and acceptable outcomes compared to the ensemble and the GBM model. In the reference dataset, the improved model
achieved an excellent R? value of 0.983, representing nearly a two percent improvement. Additionally, the model attained very
suitable values in the MAE and RMSE metrics, with error rates of 3.97e-6 and 9.11e-6, respectively. These are the lowest errors
compared to other models. Fig. 7A illustrates the accuracy of the proposed model in correct detection.

The improvement in the test dataset by the optimized model was quite evident, retaining 8 out of the initial 10 base models. The R?
value reached 0.988, RMSE was 8.67e-6, and MAE was 3.79e-6. The improvement in the first metric was more than one percent, and
the error rates in the other two metrics showed a significant improvement. Indeed, the proposed model results illustrated that by
increasing the amount of data, it can achieve outstanding results across all evaluation parameters. Fig. 7B illustrates the accuracy of the
proposed model in correctly predicting the actual data.

Table 6
Defined genetic algorithm variables.
Variables Data
Population Size 50
Number of Generations 10
Selection Strategy Tournament Selection
Crossover Rate 0.5
Crossover Strategy Two-Point Crossover
Mutation Rate 0.2
Mutation Strategy Bit Flip (0.05)
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Table 7
Comparison between enhanced ensemble model and the best models (September).
Algorithm Reference Test
R? RMSE (m/s) MAE R? RMSE (m/s) MAE
GBM 0.955 1.15E-05 4.22E-06 0.81 3.46E-05 3.19E-06
Stacked EN 0.96 1.18E-05 5.20E-06 0.85 1.29E-05 7.14E-06
GA-Stacked 0.9717 1.13E-05 4.13E-06 0.89 1.12E-05 2.67E-06
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Fig. 6. Actual vs. Predicted Ventilation Rate (m/s) for November: Reference (A), Test (B).
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Table 8
Comparison between enhanced ensemble model and the best models (November).
Algorithm Reference Test
R? RMSE (m/s) MAE R? RMSE (m/s) MAE
GBM 0.955 1.15E-05 4.22E-06 0.957 8.78E-06 3.93E-06
Stacked EN 0.963 1.35E-05 5.90E-06 0.973 9.91E-06 4.74E-06
GA-Stacked EN 0.983 9.11E-06 3.97E-06 0.988 8.67E-06 3.79E-06
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Fig. 7. Actual vs. Predicted Ventilation Rate (m/s) for November: Reference (A), Test (B).
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3.4. Uncertainty analysis

Uncertainty analysis is a crucial tool in evaluating and managing the risks and uncertainties inherent in models and predictions.
This analysis helps us assess the accuracy and reliability of model results, thereby preventing incorrect decision-making. Typically,
statistical and probabilistic methods are employed in uncertainty analysis to predict various possible outcomes and examine the impact
of various factors on the final results.

In this research, following the development of an improved model, uncertainty analysis is conducted in the model’s input pa-
rameters. Considering that climatic data and data recording devices are inherently subject to uncertainties, the application of this
method is deemed essential and significant.

Table 9 presents the distribution, mean, minimum, and maximum values of each feature in the reference dataset for the month of
September. Features of the other datasets, used for uncertainty analysis, are documented in Appendix A. To facilitate a more precise
and appropriate analysis, the parameters with uncertainties were categorized into indoor and outdoor variables. This categorization
was employed to examine the impact of input parameter uncertainties on the standard deviation of the ventilation rate.

The results in Table 10 indicate that the standard deviation of the ventilation rate in September in the reference dataset is 6.68e-05.
After generating 1000 datasets with identical distributions in the input parameters, the results extracted from the improved model
show that the uncertainties in internal and external parameters generally have a minimal impact on the ventilation rate. The results
suggest that despite the uncertainties in internal and external conditions, the data distribution will ultimately be affected by up to 2 %.

In contrast, the test dataset reveals a distinct impact of parameters with uncertainties. As shown in Table 10, uncertainties in
internal variables, such as the heat flux from the top of the radiator, internal heat flux of the radiator, internal heat flux, and the outlet
temperature from the building, significantly affect the ventilation rate. The results indicate that, despite these uncertainties, it is
possible to reduce the standard deviation of the ventilation rate by up to 11 %. This suggests that accurate recording and precise control
of these parameters can substantially influence the building’s ventilation rate.

Additionally, as indicated by the results in Table 10, the impact of uncertainties in environmental parameters is estimated to be
2.91e-05. Consequently, the presence of uncertainty can reduce the distribution in the ventilation rate data by less than 7 %. This
suggests that the innovative building is more sensitive to uncertainties in the model’s input parameters.

The results presented in Table 11 indicate that the ventilation rate in the reference building for November is predominantly
influenced by internal variables. These variables include the heat flux of the thermal storage, the heat flux of the internal wall, the air
temperature at the bottom of the convective flow guard, the indoor temperature at distances of 0.1 m and 0.2 m, as well as the air
temperatures entering and exiting the building. These findings corroborate the results of feature selection conducted using the RFE.

The results indicate that, despite the uncertainties in environmental variables, it is possible to reduce the distribution of the
ventilation rate by approximately 1 %. In contrast, uncertainties in internal parameters can reduce this distribution by up to 2.5 %. This
behavior was similarly observed in the test dataset. The findings suggest that uncertainties in internal parameters can lead to a
reduction in the distribution of the ventilation rate by up to 2 % throughout the day. According to Table 11, with these reductions, the
standard deviation for internal and environmental variables is estimated to be 5.84e-05 and 5.90e-05, respectively.

3.5. Sensitivity analysis

Sensitivity analysis using SHAP is an advanced method for evaluating the impact of input variables on the output of machine
learning models. This method, grounded in game theory and the concept of SHAP values, enables the precise calculation of each input
variable’s contribution to the final result.

The results depicted in Fig. 8A indicate that the inlet air temperature of the reference building, as well as the internal temperatures
at 0.2 m and 0.1 m, have the most significant impact on ventilation rates. The findings suggest that reducing the inlet air temperature of
the reference building in September can increase the ventilation rate. Conversely, increasing the inlet air temperature decreases the
ventilation rate.

Furthermore, the internal temperatures at 0.1 and 0.2 m significantly affect the ventilation rate. Notably, there is an inverse
relationship between these two parameters: increasing the temperature at 0.2 m increases the ventilation rate, while increasing the
temperature at 0.1 m decreases it. This suggests the presence of natural convection flow, which can enhance the ventilation rate,

Table 9
Statical description of inputs.
Category Parameter Unit Distribution Minimum Maximum Mean Standard Deviation
Outdoor Variables Ambient Temperature (c) Normal 7.28 38.93 21.91 9.33
Wind Speed (m/s) Normal 0.1 1.42 0.44 0.32
Solar Radiation (W/m?) Normal 1.91 191.99 54.71 70.57
Barometric Pressure (mbar) Normal 981.76 988.99 985.51 1.67
Indoor Variables Internal Heat Flux (W/m?) Normal —29.73 28.31 —9.25 15.49
Thermal Storage Heat Flux (W/mz) Normal —-33.72 15.57 —3.49 12.37
Indoor Temperature at 0.1m Distance ) Normal 20.52 32.23 25.84 2.97
Indoor Temperature at 0.2m Distance c) Normal 21.17 32.98 26.48 2.99
Air Temperature Entering the Building (c) Normal 9.2 40.5 23.98 9.15
Air Temperature Exiting the Building c) Normal 20.08 43.84 30.07 5.96
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Table 10
Uncertainty analysis of indoor and outdoor variables (September).
Data Parameter Actual Std New Std Impact on Standard Deviation (%)
Reference Outdoor Variables 6.68 e—05 6.55 e—05 —2.002
Indoor Variables 6.68 e—05 6.60 e—05 -1.28
Test Outdoor Variables 3.12e-05 2.91 e—05 —6.85
Indoor Variables 3.12e-05 2.78 e—05 -11.11
Table 11
Uncertainty analysis of indoor and outdoor variables (November).
Data Parameter Actual Std New Std Impact on Standard Deviation (%)
Reference Outdoor Variables 7.17e-05 7.11 e—05 —0.75
Indoor Variables 7.17e-05 6.99 e—05 —2.44
Test Outdoor Variables 5.96 e—05 5.90 e—05 -1.05
Indoor Variables 5.96 e—05 5.84 e—05 -1.97

particularly since the ventilation system is installed in the roof of the building. The results for the outlet air temperature in the
reference building corroborate this finding. Additionally, solar radiation positively impacts the ventilation rate. As shown in Fig. 8A,
controlling solar radiation can enhance ventilation and natural cooling.

In contrast, the test building in September is increasingly influenced by ambient temperature. Due to the building’s efficiency, the
ventilation rate rises with the increase in ambient temperature. Solar radiation and gust speed also positively impact the building’s
ventilation, indicating its suitability for hot and dry environments, as it can facilitate ventilation through pressure differences. The
second most influential parameter on the ventilation rate in the test building is the outlet air temperature. The results in Fig. 8B show
that a decrease in temperature can potentially increase ventilation. It is worth noting that other input parameters, except for the
thermal storage heat flux, have minimal impact on the ventilation rate. Given the importance of heat flux, there is potential to expand
this part of the research, considering that the thermal storage in the provided data is assumed to be water.

Analysis of the SHAP method results for the November datasets indicates that the reference building is influenced by external
temperature during this month. An increase in external and inlet temperatures leads to a decrease in the ventilation rate. However, it is
important to note that the ventilation rate is dependent on several other parameters, as illustrated in Fig. 9A. The internal temperatures
at 0.1 m and 0.2 m exhibit an inverse relationship, corroborating the findings from the previous section. Additionally, the heat flux in
the internal walls and thermal storage significantly impacts the ventilation rate. Specifically, increasing the heat flux in these two
parameters can enhance ventilation. Furthermore, as shown in Fig. 9A, other parameters such as effective sky temperature and outlet
air temperature have minimal impact on the ventilation rate.

According to Fig. 9B, the test building, unlike the reference building, relies on fewer parameters. The results indicate that an in-
crease in temperature leads to an improvement in the building’s ventilation. Comparing the reference and test buildings, creating a
temperature difference is an effective method for enhancing ventilation. Therefore, modeling internal temperature in future research
would be beneficial. The second most important parameter in the test data is the net radiation emitted on the roof of the building. An
increase in this parameter enhances the ventilation rate. In other words, greater radiation reflection on the roof positively impacts the
ventilation rate. The results presented in Fig. 9B regarding environmental radiation confirm that a decrease in environmental radiation
can improve ventilation, although this improvement is slight compared to the other two parameters.

4. Conclusion

Considering the global climate changes, the demand for air conditioning systems has significantly increased, while the greenhouse
gas emissions associated with these systems, including refrigerants, exacerbate global warming. Therefore, employing natural cooling
in buildings plays a crucial role in mitigating the problems caused by air conditioning systems. In this research, using the published
data [40], the building was modeled by employing the enhanced machine learning model in order to identify the most relevant feature.
To reduce the issues of black-box modeling, uncertainty and sensitivity analysis based on machine learning was developed.

The results of this research can be summarized in three points:

1. The improved ensemble stacking model significantly improved the results of the machine learning model in all three parameters,
consisting of R%, RMSE, and MAE. By using the proposed model, the power and accuracy of the method in all data sets have been
demonstrated. This means that the proposed method can be applied to all black-box problems.

2. Given the uncertainty in the internal and external environmental conditions in the recorded data sets, for the first time, uncertainty
analysis based on the improved model was employed. The results show that the uncertainty in internal and external parameters has
a minimal impact on the ventilation rate in the reference model. On the other hand, in September, the test building shows sub-
stantial impact of uncertainty on the distribution of ventilation rate data. Therefore, the sensitivity of the test building in September
to uncertainty is higher than that of the reference building and even the test building in November.
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Fig. 8. Machine learning-based SHAP sensitivity analysis (September): Reference (A), test (B)

3. Using sensitivity analysis based on the improved model, it can be concluded that the reference model in both examined months is
highly dependent on the inlet air temperature, internal temperatures at 0.1 and 0.2 m, and internal wall heat flux. Optimizing the
control of these parameters significantly impacts the development of this building. It is worth noting that, given the special
importance of the test building, the significance of input parameters based on the improved model was also examined. The findings
indicate that the test building, during the two considered periods, depends on fewer parameters. According to the results in the
previous section, the test building is influenced by outdoor conditions, outlet air temperature, and net radiation from the roof. A
notable point in these results is that an increase in ambient temperature will enhance the ventilation.
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5. Research limitations, challenges and future prospects

This study has several limitations, notably the imbalance in the datasets used, which include instances with near-zero ventilation
rates. This imbalance can lead to significant errors in the models, as the lack of sufficient data for these extreme conditions hinders the
model’s ability to make accurate predictions. Unfortunately, the necessary data to address this imbalance is not available in this study,
posing a challenge to model performance. A potential avenue for future research is to explore techniques for handling data imbalance,
such as data augmentation, synthetic data generation, or advanced balancing algorithms, particularly in cases where access to
comprehensive datasets is limited.

Additionally, this study does not consider occupant behavior or the impact of harsh weather conditions, both of which can
significantly influence ventilation rates and cooling efficiency in passive cooling buildings. These factors, along with varying human
interactions with building systems, create a dynamic environment that may affect the model’s accuracy and applicability. Further-
more, the study does not assess the feasibility of passive cooling systems across diverse environmental conditions globally, which is
crucial for understanding how such systems perform in various climates. Future research could expand on these limitations by
incorporating occupant behavior, exploring the effects of extreme weather conditions, and evaluating the feasibility and performance
of passive cooling buildings in different geographical regions to provide more generalizable and practical insights.
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Appendix A

Table Al
Statical Description of Reference (November)

Category Parameter Unit Distribution =~ Minimum  Maximum  Mean Standard
Deviation
Outdoor Ambient Temperature c) Normal —-0.96 24.82 9.42 8.32
Variables Atmospheric Radiation w/ Normal 226.98 295.47 255.27 12.02
2
m°)
Effective Sky Temperature W/ Normal —21.63 —4.47 —14.16 3.05
2
m°)
Indoor Variables Thermal Storage Heat Flux W/ Normal —6.76 5.39 —0.185 3.46
2
m®)
Internal Wall Heat Flux w/ Normal —1.38 1.01 -0.31 0.572
m?)
Air Temperature at Bottom of Convection Shield ~ (C°) Normal —5.61 22.17 4.86 8.34
Indoor Temperature at 0.1m Distance (&) Normal 11.021 17.78 14.024 1.43
Indoor Temperature at 0.2m Distance c”) Normal 11.58 18.28 14.59 1.46
Inlet Air Temperature to Building (c) Normal 0.48 28.69 11.9 9.274
Outlet Air Temperature from Building (c) Normal 10.62 33.79 18.4 6.34

18


https://doi.org/10.5281/zenodo.8164886

M. Mohsenpour et al.

Table A2

Statical Description of Test (September)
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Category Parameter Unit Distribution Minimum Maximum Mean Standard Deviation
Outdoor Conditions Ambient Temperature c) Normal 7.28 38.93 21.91 9.33
Dew Point Temperature ()] Normal —3.41 13.99 6.9 3.64
Wind Speed (m/s) Normal 0.1 1.42 0.441 0.326
Wind Direction -) Normal 0.42 359.29 181.91 87.99
Instantaneous Wind Speed (m/s) Normal 0.15 2.9 0.77 0.58
Solar Radiation (W/m?) Normal 1.91 191.99 54.71 70.57
Indoor Conditions Heat Flux Above Radiator (W/m?) Normal —53.6 56.07 15.54 31.48
Internal Radiator Heat Flux (W/m?) Normal —29.73 28.31 —9.25 15.49
Internal Heat Flux (W/m?) Normal -11.76 15.02 -1.14 5.165
Outlet Temperature from Building ) Normal 9.8 35.01 20.5 5.93
Table A3
Statical Description of Test (November)
Category Parameter Unit Distribution Minimum Maximum Mean Standard Deviation
Outdoor Variables Ambient Temperature [(e9)] Normal —-0.96 24.82 9.42 8.32
Wind Speed (m/s) Normal 0.11 2.03 0.5 0.37
Instantaneous Wind Speed (m/s) Normal 0.2 4.79 0.92 0.76
Net Radiation (W/mz) Normal —198.93 —-57.17 —108.41 40.8
Atmospheric Radiation (W/m?) Normal 226.9 295.4 255.27 12.2
Effective Sky Temperature [(e)] Normal -21.61 —4.47 —14.16 3.05
Indoor Variables Thermal Storage Surface Temperature [(e9)] Normal 0.28 10.83 5.83 2.01
Internal Wall Surface Temperature (W/m?) Normal -12.12 1.24 -5.9 3.013
Indoor Temperature at 0.2m Distance (€ Normal —0.39 13.56 5.92 3.61
Outlet Temperature from Building (o)) Normal 0.08 14.8 6.71 3.51

Table A4

Hyperparameter Configurations of Base Learners for Models in Reference and Test Buildings (September)

Algorithm Model 1 (Reference) Model 2 (Test)
KNN n_neighbors = 5, p = 2, weight = "uniform’ n_neighbors = 5, p = 2, weight = "uniform’
RF n_estimators = 200, random_state = 42 n_estimators = 350, random_state = 42
XGB n_estimators = 200, random_state = 42, learning rate = 1.1 n_estimators = 200, random_state = 42, learning rate = 1.1
LR Default Default
SVR kernel = "sigmoid’, C = 0.15 kernel = "sigmoid’, C =1
DT max_depth = 100 max_depth = 45
MLP hidden layer = 2, neuron= (75, 25), random_state = 42, max_iter = 500 hidden layer = 1, neuron = (80), random_state = 42, max_iter = 500
Adaboost n_estimators = 250, learning rate = 0.9 random _state = 42 n_estimators = 135, learning rate = 0.85, random state = 42
GBM n_estimators = 100, learning_rate = 0.9 random state = 42 n_estimators = 150, learning rate = 1 random state = 42
LightGBM n_estimators = 300, learning_rate = 0.6, random _state = 42 n_estimators = 250, learning _rate = 0.78, random _state = 42
Lasso alpha = 1.0, random state = 42 alpha = 2.0, random _state = 42

Table A5

Hyperparameter Configurations of Base Learners for Models in Reference and Test Buildings (November)

Algorithm Model 3 (Reference) Model 4 (Test)
KNN n_neighbors = 4, p = 1, weight = "uniform’ n_neighbors = 5, p = 2, weight = "uniform’
RF n_estimators = 150, random_state = 42 n_estimators = 300, random_state = 42
XGB n_estimators = 200, random_state = 42, learning_rate = 0.1 n_estimators = 200, random_state = 42, learning_rate = 0.25
LR Default Default
SVR kernel = ’sigmoid’, kernel = ’sigmoid’, C = 0.85
DT max_depth = 120 max_depth = 60
MLP hidden layer = 2, neuron= (25, 25), random_state = 42, max_iter = 300 hidden layer = 2, neuron= (110, 10), random _state = 42, max_iter = 300
Adaboost n_estimators = 250, learning rate = 1 random_state = 42 n_estimators = 135, learning rate = 1.1, random_state = 42
GBM learning rate = 0.7, random_state = 42 n_estimators = 150, learning rate = 1 random state = 42
LightGBM n_estimators = 250, learning rate = 1, random_state = 42 n_estimators = 100, learning rate = 0.8, random_state = 42
Lasso alpha = 1.0, random _state = 42 random_state = 42
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