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Abstract

Building energy use in the Western Sichuan Plateau exhibits strong seasonal variability
owing to its cold climate and intense solar radiation. The objective of this study is to quantify
and interpret the contributions of building design parameters to heating, cooling, and total
energy use in the Western Sichuan Plateau by integrating parametric energy simulation
with explainable machine learning. First, we analyzed the existing hourly energy consump-
tion data of a specific building. Subsequently, 62,208 parametric building schemes were
simulated using EnergyPlus (version: 22.1.0) by varying geometry, orientation, window-
to-wall ratio (WWR), and envelope characteristics. XGBoost models were developed to
predict heating demand, cooling demand, and total energy use intensity (EUI), achieving
R? values of 0.9998, 0.9997, and 0.9998, respectively, with MAPE values of 0.45%, 2.75%, and
0.26%. SHAP analysis revealed clear target-dependent effects of design parameters. SHAP
analysis revealed target-dependent differences in the importance of design parameters. Wall
construction, orientation, and building length were the top three contributors to heating
EUIL orientation, wall construction, and WWR ranked highest for cooling EUI; and wall
construction, building length, and orientation were most influential for total EUL Increasing
WWR generally reduced its SHAP values for heating EUI, with a weaker effect observed
for the insulated-wall configuration, whereas its SHAP values for cooling EUI generally
increased. Total EUI showed an overall decreasing trend with increasing WWR. These
findings highlight the importance of evaluating building design parameters in relation
to heating, cooling, and total energy performance. The identified nonlinear and target-
dependent response patterns provide insights into climate-responsive building design in
the Western Sichuan Plateau.

Keywords: Western Sichuan Plateau; building energy consumption; parametric simulation;
XGBoost; SHAP; influencing factors

1. Introduction

As global energy demand continues to grow, the building sector has become a major
contributor to energy consumption. According to the International Energy Agency (IEA),
the building sector accounted for approximately 30% of global energy demand in 2023,
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with residential buildings and commercial and public buildings constituting the largest
shares of building energy demand [1]. In China, the building sector also faces considerable
pressure to reduce energy consumption and carbon emissions. According to the Research
Report on Carbon Emissions in China’s Urban and Rural Construction Sector (2024), the
entire construction process accounts for 44.96% of China’s energy-related carbon emissions.
Among these, carbon emissions from the operational stage of civil buildings account for
52.63% of total carbon emissions from the building sector and 21.8% of national energy-
related carbon emissions [2]. Therefore, reducing building operational energy consumption
and improving energy efficiency are of great significance for promoting energy conservation
and carbon emission reduction in the building sector.

The Western Sichuan Plateau is characterized by high altitude, low air temperatures,
and strong solar radiation, resulting in distinct regional characteristics in building thermal
environments and energy demand. On the one hand, low temperatures and prolonged
heating demand in winter significantly increase building heating loads [3]; On the other
hand, strong solar radiation and low air density affect the convective and radiative heat
transfer at building envelope surfaces, as well as the dynamic heat transfer process [4,5].
Therefore, buildings in the Western Sichuan Plateau exhibit distinct characteristics in terms
of thermal environment and energy demand compared with those in conventional climatic
regions [6]. Previous studies have shown that traditional buildings in the Western Sichuan
Plateau generally suffer from inadequate thermal performance of building envelopes, poor
indoor thermal environments, and high heating energy consumption in winter. Improving
building design and introducing solar heating systems can significantly improve indoor
thermal environments and reduce heating energy consumption [7]. Questionnaire surveys
and energy simulations have also revealed inadequate indoor thermal environments in tra-
ditional dwellings of local ethnic communities, while building optimization can effectively
reduce winter heating loads [8]. However, existing studies have mainly focused on tradi-
tional residences, rural buildings, and specific energy-saving measures, while a systematic
understanding of how different building design parameters affect heating, cooling, and
total energy consumption in the Western Sichuan Plateau remains limited.

Building energy consumption is influenced by a combination of factors, including
climatic conditions, building geometry, envelope characteristics, window-to-wall ratio,
building orientation, and operational conditions [9,10]. Building performance simulation
tools, such as EnergyPlus, can accurately simulate dynamic building energy consumption
under different weather conditions and design parameters, providing a reliable approach
for building performance analysis and design optimization [11-13]. However, when a
large number of building design parameters and parameter combinations are involved,
conducting building energy simulations for each combination individually can result in
substantial computational costs [14]. Therefore, improving the efficiency of energy con-
sumption prediction and parameter analysis while ensuring the reliability of simulation
results has become an important issue in related research.

In recent years, machine learning methods have been increasingly applied to building
energy performance analysis. By establishing nonlinear mapping relationships between
building characteristics, weather conditions, and energy demand, these methods can im-
prove the efficiency of building energy consumption prediction and have been applied
in areas such as building load forecasting, energy management, and energy-saving analy-
sis [15-17]. However, traditional machine learning models typically focus on predictive
performance, making it difficult to directly interpret the contribution of individual fea-
tures and the relationships between input variables and energy consumption. Explainable
machine learning methods can further quantify the contribution of different features to
model predictions, thereby revealing the influence and underlying patterns of building
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design parameters [18,19]. Therefore, integrating building performance simulation, ma-
chine learning modeling, and explainable analysis can facilitate the characterization of
nonlinear relationships between building design parameters and energy consumption and
the identification of key influencing factors.

To address these research gaps, this study aims to quantify and interpret the con-
tributions of building design parameters to heating, cooling, and total energy use in the
Western Sichuan Plateau by integrating parametric energy simulation, XGBoost modeling,
and SHAP analysis. Specifically, the study first examines the temporal characteristics of
heating and cooling energy consumption in a case building. It then develops an EnergyPlus-
based parametric simulation model to generate a dataset covering different combinations
of building design parameters. Based on this dataset, XGBoost models are established to
characterize the nonlinear relationships between building design parameters and heating,
cooling, and total energy use intensity (EUI). Finally, SHAP analysis is conducted to quan-
tify the relative contributions of individual design parameters to the model predictions
and to examine their response patterns across the three energy-use targets. Through this
approach, the study seeks to clarify how the relative contributions and response patterns of
building design parameters differ between heating, cooling, and total energy use under the
specified simulation conditions.

2. Methodology
2.1. Research Framework

To address the influence of complex climatic conditions and multiple building design
parameters on building energy consumption in the Western Sichuan Plateau, this study
develops a research framework integrating building energy consumption characterization,
parametric energy simulation, and explainable machine learning. Building performance
simulations are conducted to obtain heating and cooling demand responses under different
combinations of design parameters. On this basis, explainable analysis is used to identify
the key influencing factors. The overall research framework is illustrated in Figure 1.

First, based on the available hourly operational energy consumption data of the case
building in the Western Sichuan Plateau, the temporal characteristics of heating and cooling
energy consumption are analyzed. The variations in energy demand at different time scales,
including monthly, daily, and hourly scales, are statistically analyzed to identify the seasonal
characteristics of heating and cooling loads in high-cold regions, providing a basis for sub-
sequent energy consumption simulation and influencing-factor analysis. The analysis of the
case building provides an empirical understanding of the temporal characteristics of build-
ing energy use, while the subsequent parametric simulation is conducted independently to
investigate the effects of building design parameters on energy performance.

Second, a parametric building energy simulation model based on EnergyPlus is devel-
oped. Considering the characteristics of buildings in the Western Sichuan Plateau, building
geometric parameters, orientation, window-to-wall ratio, and envelope characteristics are
selected as input variables. Dynamic energy simulations are conducted by varying combi-
nations of these parameters to obtain the corresponding heating, cooling, and total energy
consumption data for different design schemes, thereby constructing a dataset linking
building design parameters with energy consumption responses.

Subsequently, the constructed dataset is used to develop XGBoost models to character-
ize the nonlinear relationships between building design parameters and energy demand.
The models are trained and evaluated using the existing training—test split to assess their
performance within the sampled simulation dataset. SHAP analysis is then employed to
interpret the contributions of individual design parameters to the model outputs and to
identify patterns in their associations with building energy demand.
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Analysis of Factors Influencing Building Energy Consumption in

the Western Sichuan Plateau Region
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Figure 1. Research Framework. (notes: A complete year comprises 8760 h, which represents the
theoretical number of hourly time steps for annual analysis. However, the operational data available
for the case building do not cover all 8760 h because the building was not in operation during part
of the year. Therefore, the number of available hourly observations is less than 8760. No missing
operational data were interpolated or supplemented.).

Through the above research process, a complete workflow is established, encompassing
building operational energy consumption analysis, parametric energy simulation, data-
driven prediction, and influencing-factor interpretation, providing methodological support
for energy-efficient building design and optimization in the Western Sichuan Plateau region.

2.2. Case Building and Energy Consumption Characteristic

This study selects an actual building in the Western Sichuan Plateau as the case building.
The region is characterized by high altitude, low air temperatures, and strong solar radiation,
providing a case for investigating building energy consumption characteristics and the
effects of design parameters in the Western Sichuan Plateau. Figure 2 presents the three-
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dimensional model of the case building. The model was developed based on the basic
geometric characteristics of the actual building, with reasonable simplifications made to
the building spaces and envelope components. While maintaining the main building form
and thermal characteristics, the model provides a basis for subsequent energy consumption
simulation and analysis.

=1z
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Figure 2. Case Building Model: (a) Rear view of the building model; (b) Front view of the building
model; (c) Left-side view of the building model; (d) Right-side view of the building model.

The case building is a single-storey reinforced-concrete frame structure with a total
floor area of 967.77 m? and a building height of 5.70 m. The building envelope consists
of insulated exterior walls, an insulated roof, a ground-contact floor, and low-emissivity
(Low-E) double-glazed windows. The exterior walls have a total thickness of approximately
330 mm and include 110 mm of rock wool insulation, while the roof includes 130 mm of
extruded polystyrene insulation. The windows have a thermal transmittance (U-value) of
2.00 W/(m?-K) and a solar heat gain coefficient (SHGC) of 0.38. The building is equipped
with heating and cooling systems to maintain the required indoor thermal conditions during
its operational periods. Occupancy, lighting, equipment, and system operation schedules
were defined according to the actual operating conditions of the building. Detailed opera-
tional schedules are not reported to avoid disclosing specific operational information. The
building was not in operation from 2 June to 15 September. Accordingly, no operational
energy consumption data were available during this period.

The hourly heating and cooling energy consumption data available during the build-
ing’s operational periods were collected for the case building. The available hourly data
were organized and aggregated at hourly, daily, and monthly time scales to analyze the
temporal characteristics of heating and cooling energy consumption.

It should be noted that the case building is primarily used to provide basic data for
analyzing building energy consumption characteristics in the Western Sichuan Plateau. The
subsequent parametric study does not directly modify the actual parameters of the case
building through single-factor adjustments. Instead, to investigate the effects of different
building design parameters on energy consumption, an independent parametric build-
ing energy simulation model is established based on the climatic conditions and building
thermal characteristics of the Western Sichuan Plateau. Building geometric parameters, ori-
entation, window-to-wall ratio, and envelope characteristics are selected as design variables,
with corresponding ranges of values defined. Batch energy simulations are then conducted
using different combinations of these parameters to construct a dataset linking building
design parameters with heating, cooling, and total energy consumption.
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2.3. Parametric Building Modeling
2.3.1. Parametric Design Variables

To characterize variations in energy consumption under different building design
schemes, a parametric approach was adopted to establish a unified model of building
geometry, envelope thermal performance, and building orientation.

For the geometric parameters, a standardized rectangular building plan was adopted
to minimize the influence of differences in complex building forms on the energy simulation
results. The simplified geometry was not intended to represent a specific building type in
the Western Sichuan Plateau, but to provide a controlled configuration for systematically
investigating the effects of key geometric and envelope parameters. Based on this configu-
ration, different building forms were generated by varying the building length (L), width
(W), and height (H). Eight building orientations were considered: east, south, west, north,
northeast, southeast, southwest, and northwest. Because the same WWR was assigned to all
four fagades, some orientation combinations of the rectangular prototype are geometrically
equivalent due to rotational symmetry. These equivalent configurations were retained to
maintain a systematic and consistent parameterization of the predefined simulation space.
The window-to-wall ratio (WWR) of the four building facades was assigned a unified range
of values and parameterized at specified intervals to investigate the effects of different
window area ratios on building heating and cooling demands.

The envelope parameters were uniformly managed using the ConstructionSet object in
Honeybee-Energy. Different combinations of envelope thermal performance were generated
by varying the constructions of the exterior walls, and windows. The U-value was mainly
varied for the exterior walls, while both the U-value and SHGC of the windows were
adjusted to investigate the effects of different envelope thermal properties on building
heating and cooling demand. The thermal properties of the wall constructions and the
U-values, SHGC, and visible transmittance of the glazing systems are summarized in
Tables 1 and 2, respectively.

Table 1. Thermal Properties of wall constructions.

Thermal
Thickness . . Density Specific Value
Wall Type Layer Conductivity 3 2
(m) WimK) | (eg/m’)  Heat (J/kgK)  (W/m*K)
Stone_Masonry  Stone masonry 0.5 1.8 2400 1000 2.23
Grass_clay Grass-clay 0.4 0.8 1200 1200 1.49
Insulated_Wall Masonry 0.2 14 1800 840 0.43
Insulation 0.08 0.04 40 1400 )
Table 2. Thermal and optical properties of glazing systems.
Glazing Type U-Value (W/m?2.K) SHGC Visible Transmittance
Single_Clear 5.7 0.85 0.88
Double_Clear 2.8 0.76 0.78
Double_LowE 1.8 0.55 0.70

The internal loads were uniformly defined, including occupant density, lighting power
density, and equipment power density, using the Load object in Honeybee-Energy. The
corresponding schedules, indoor heating and cooling setpoints, infiltration, and ventilation
conditions were kept consistent across all simulation cases. The building was divided into
thermal zones with a consistent ground/floor construction. To minimize the influence of
differences in HVAC control strategies, an Ideal Air System was adopted, and the analysis
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focused on building heating and cooling thermal demands. The design variables considered
in the parametric building modeling, together with their corresponding value ranges and
intervals, are summarized in Table 3.

All parametric models used the Ganzi Typical Meteorological Year (TMY) weather
file in EPW format provided for EnergyPlus as the outdoor weather boundary condition.
Based on the statistical analysis of the weather data, the outdoor air temperature ranges
from —17.4 to 27.0 °C, with a mean value of 6.2 °C. The global horizontal solar radiation
reaches a maximum value of 1231 W/m?, with a mean value of 208 W/m?2. The relative
humidity ranges from 1.0% to approximately 100%, with a mean value of 59.1%. The wind
speed ranges from 0 to 20.0 m/s, with a mean value of 1.6 m/s, and the predominant
wind direction is 292°. These climatic characteristics provide the outdoor environmental
boundary conditions for the subsequent parametric EnergyPlus simulations and help
characterize the climatic conditions under which the simulated heating and cooling demands
occur. Using the same weather file across all simulation cases ensured consistent climatic
boundary conditions, allowing the analysis to focus on the effects of different building
design parameters. However, the resulting energy-use patterns are specific to the climatic
conditions represented by this weather file and may vary under different climatic conditions
or weather datasets.

Table 3. Design variables used for parametric building modeling.

Category Variable Levels
Geometry L 6-16 (interval = 2 m)
Geometry \ 5-10 (interval = 1 m)
Geometry H 2.8 m-3.5m (4 levels)
Orientation Building orientation 8 directions
Window WWR 0.1-0.6 (interval = 0.1)
Envelope Wall construction Stone-masonry/Grass-clay/Insulated-Wall
Envelope Window construction Single-clear/Double-Low-E/Double-Clear

2.3.2. Automated Model Generation

Based on the above parameter settings, a Python (version: 3.9.21) program was de-
veloped to automate the parametric generation of building models and batch energy sim-
ulations. The program traverses all combinations of the predefined design variables and
their corresponding value ranges, generating a total of 62,208 parametric building model
instances. The corresponding EnergyPlus input files (IDF) are then generated through
the Honeybee-Energy interface, and the subprocess module in Python is used to invoke
EnergyPlus to perform annual energy simulations.

After the simulations are completed, the program automatically parses the EnergyPlus
output files and extracts the annual heating and cooling demands and total site energy for
each model. Heating EUI and cooling EUI represent the annual heating and cooling thermal
demands per unit floor area, respectively, while total site energy EUI (total_site_energy_EUI)
represents the total annual site energy use per unit floor area reported by EnergyPlus.
Because the lighting and equipment power densities and their operating schedules were
kept constant across all simulated cases, their contributions to total site energy EUI were
also constant. Accordingly, total site energy EUI can be expressed as the sum of heating
EU]I, cooling EUI, and a constant non-HVAC energy component, provided that all three
indicators are expressed on a consistent energy basis. In the simulations, interior lighting
and equipment electricity together accounted for approximately 69.26 kW-h/m?. Total site
energy was obtained from the EnergyPlus Annual Building Utility Performance Summary.
This automated workflow integrates parametric model generation, energy simulation, and
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dataset construction, providing the data foundation for subsequent XGBoost modeling and
SHAP analysis. The internal loads, operating schedules, temperature setpoints, infiltration
and ventilation rates, thermal zoning, and roof and ground-contact floor constructions
were kept consistent across the parametric simulation cases. The corresponding simulation
settings are summarized in Table 4.

Table 4. Internal Loads, Operating Conditions, and Construction Settings for Parametric Simulations.

Category Parameter Value/Description
Internal loads Occupant density 0.565 persons/m?
Internal loads Occupant activity level 120 W/person
Internal loads Lighting power density 10.55 W/m?
Internal loads Equipment power density 10.33 W/m?
Operating schedules Occupancy schedule OfficeMedium schedule
Operating schedules Lighting schedule OfficeMedium schedule
Operating schedules Equipment schedule OfficeMedium schedule
Temperature setpoints Heating setpoint schedule 15.6-21.0 °C
Temperature setpoints Cooling setpoint schedule 24.0-26.7 °C
Infiltration Infiltration rate 0.0002266 m®/(s-m? of exterior surface area)
Ventilation Outdoor air ventilation rate per person 0.00236 m®/ (s-person)
Ventilation Outdoor air ventilation rate per floor area 0.000305 m3/(s-m? of floor area)
HVAC system HVAC configuration Ideal Air System
Thermal zoning Thermal zone configuration Consistent thermal zoning across all simulation cases
Roof construction Exterior membrane 10 mm
Roof construction Insulation layer 50 mm
Roof construction Lightweight concrete layer 100 mm
Roof construction Ceiling air gap 100 mm
Roof construction Acoustic tile 20 mm
Ground-contact floor Construction layers Painted metall}, ceiligg air gap, insulation, and
ightweight concrete
Ground-contact floor Boundary condition Ground

2.4. Machine Learning Models
2.4.1. Building XGBoost Model

In this study, XGBoost was not intended to replace the completed EnergyPlus simula-
tions. Instead, it was trained on the EnergyPlus-derived dataset to establish a data-driven
representation of the nonlinear relationships between building design parameters and
energy-use indicators. This representation provides a consistent basis for comparing param-
eter contributions across heating, cooling, and total EUI and for subsequent SHAP-based
interpretation.

To establish the nonlinear mapping relationship between building design parameters
and building energy demand, the Extreme Gradient Boosting (XGBoost) algorithm was
employed to develop a model for heating demand, cooling demand, and total site energy use
intensity. XGBoost is an ensemble learning algorithm based on Gradient Boosting Decision
Trees (GBDT). By iteratively constructing and integrating decision trees, XGBoost can
effectively capture complex nonlinear relationships and interactions among features [20].

Considering that building energy consumption in the Western Sichuan Plateau is
jointly influenced by multiple factors, including building geometric parameters, building
orientation, window-to-wall ratio, and the thermal performance of the building envelope,
and that nonlinear relationships and interactions may exist among different design parame-
ters, XGBoost was selected for modeling. The algorithm has good adaptability to different
types of input features and controls model complexity through a regularization mechanism,
making it suitable for the prediction and analysis of the parametric simulation data in
this study.
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On this basis, the SHAP (SHapley Additive exPlanations) method was introduced
to interpret the XGBoost model based on its prediction results [21]. The contributions of
different building design parameters to the building energy consumption prediction results
were quantified at both global and local levels, and their influence directions and patterns
were further analyzed.

2.4.2. Data Preprocessing

Before model training, the parametric simulation data were uniformly preprocessed.
First, the building area was calculated based on the building length and width, followed by
the calculation of heating EUI, cooling EUI, and total site energy EUIL Heating and cooling
EUI were calculated from the corresponding annual thermal demands per unit floor area,
while total EUI was calculated from the annual total site energy reported by EnergyPlus
divided by the building floor area. Subsequently, categorical variables, including building
orientation, wall construction type, and exterior window construction type, were converted
into numerical variables using One-Hot Encoding so that they could be used as input
features for the XGBoost model.

After data cleaning, feature construction, and encoding, a supervised learning dataset
containing features such as building geometric parameters, building orientation, window-
to-wall ratio, and envelope parameters was obtained, comprising a total of 62,208 samples.
The dataset was divided into training and testing sets at a ratio of 8:2, with 49,766 samples
in the training set and 12,442 samples in the testing set. The training set was used for
model training and hyperparameter optimization, while the testing set was used to evaluate
model performance under the adopted random-split protocol. Because the samples were
generated from a predefined full-factorial parameter space, the evaluation primarily reflects
model performance within the investigated simulation space. Furthermore, geometrically
equivalent configurations are be present in both subsets; therefore, the reported metrics
should not be interpreted as conclusive evidence of generalization to previously unseen
configurations or design levels.

2.4.3. Hyperparameter Optimization and Model Evaluation Metrics

To train and evaluate the XGBoost models, this study combined a training set—test
set split with five-fold cross-validation (5-fold cross-validation) for model training and
performance evaluation. During model training and hyperparameter optimization, only
the training set was used for cross-validation. Specifically, the training set was randomly
divided into five subsets of approximately equal size. In each iteration, one subset was used
as the validation set, while the remaining four subsets were used for model training. This
process was repeated five times so that each subset served as the validation set once. For
the XGBoost models, RandomizedSearchCV was employed to randomly evaluate 30 hy-
perparameter combinations using five-fold cross-validation. The search space included
n_estimators = {100, 150, 200, 300, 500}, max_depth = {3, 4, 5, 6, 7, 8}, learning_rate = {0.01,
0.03, 0.05, 0.10, 0.15}, subsample = {0.7, 0.8, 0.9, 1.0}, colsample_bytree = {0.7, 0.8, 0.9, 1.0},
min_child_weight = {1, 3, 5}, and gamma = {0, 0.1, 0.3}. The coefficient of determination
(R?) was used as the optimization criterion, and the cross-validation results were used to
select the optimal hyperparameter combination for each target variable. The optimal hyper-
parameters were identical for the heating EUI, cooling EUI, and total EUI models: n_estima-
tors = 500, max_depth = 7, learning_rate = 0.05, subsample = 0.7, colsample_bytree = 0.8,
min_child_weight = 3, and gamma = 0. The corresponding best cross-validation R* scores
were 0.9998, 0.9997, and 0.9998, respectively. The selected model was then retrained using
the entire training set and finally evaluated on the independent test set.
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Four metrics, namely the coefficient of determination (R?), root mean square error
(RMSE), mean absolute error (MAE), and mean absolute percentage error (MAPE), were
adopted to comprehensively evaluate the predictive performance of the model. The calcula-
tion formulas are as follows:

Coefficient of Determination (R?):

2 Z?:l (yl - }71')2

R=1-—F——"7--—+7 (1)
Zi:l (yl _y)z

Root Mean Square Error (RMSE):

1 n
_ = Ry
RMSE = ni:gl Wi — ) (2)

Mean Absolute Error (MAE):
1¢ .
MAE = EZU/i =il (3)
i=1

Mean Absolute Percentage Error (MAPE):

1 lyi — il
MAPE = - ' ,=—/—== x100% 4
PR @
Combined with the subsequent SHAP-based explainability analysis, the effects of
different building design parameters on building energy consumption prediction results

are further revealed.

2.5. Shapley Additive exPlanations

To further reveal the degree of influence and underlying patterns of building design
parameters on building energy consumption, the SHAP method was introduced based
on the XGBoost model to interpret the model prediction results. XGBoost can effectively
capture complex nonlinear relationships between building design parameters and energy
consumption; however, its ensemble tree structure exhibits certain black-box characteristics,
making it difficult to intuitively quantify the specific contribution of each input feature to
the model outputs based solely on the prediction results. Therefore, the SHAP method was
employed to interpret the XGBoost model, thereby further improving the interpretability of
the model prediction results.

The SHAP method is based on the Shapley value from game theory and represents
the model prediction as the sum of the contributions of individual input features, thereby
quantifying the contribution of different building design parameters to the model output.
For an individual sample, the model prediction can be expressed as follows:

M
f@O =g+ ) ¢, (5)
i=1

where f (x) denotes the prediction of the XGBoost model for a given sample, ¢, denotes the
baseline output of the model, M denotes the number of input features, and ¢; denotes the
SHAP value of the i-th feature, representing the contribution of that feature to the current
prediction. A larger absolute SHAP value indicates a more significant influence of the
feature on the model prediction. A positive SHAP value indicates that the feature increases
the predicted value of the target relative to the model baseline, whereas a negative SHAP
value indicates that the feature decreases the predicted value of the target relative to the
model baseline.
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This study primarily interprets the XGBoost model from a global perspective. First,
feature importance is ranked by calculating the mean absolute SHAP value of each building
design parameter to identify the major factors influencing building heating, cooling, and
total energy consumption. Second, the relationship between SHAP values and feature
values is examined to analyze the direction of influence and nonlinear variation patterns
associated with different parameter values. For key design parameters with relatively large
influences, their variation in SHAP values with changes in parameter values is further
analyzed to reveal the underlying relationship between building design parameters and
energy consumption responses.

3. Results
3.1. Annual Energy Consumption Characteristics of the Case Building

To characterize the temporal patterns of heating and cooling energy consumption in
the Western Sichuan Plateau, the case-building energy consumption data were analyzed
at hourly, daily, and monthly time scales. The hourly data were aggregated into daily and
monthly profiles to examine variations in energy use at different temporal resolutions. These
operational data were analyzed separately from the independent EnergyPlus parametric
simulation dataset.

The available operational records indicate that no energy consumption data were
recorded from 2 June to 15 September, corresponding to a period when the building was
not in operation. No interpolation or supplementary data were introduced for this period.
Accordingly, the missing records were distinguished from zero energy consumption when
analyzing the hourly, daily, and monthly profiles.

3.1.1. Hourly Heating/Cooling Energy Consumption

From the perspective of annual hourly energy consumption variations (Figure 3), the
case building exhibits distinct seasonal differences in heating and cooling demands. Heating
energy consumption is mainly concentrated in winter and some low-temperature periods
during the transition seasons, with relatively high energy demand under low-temperature
conditions. In contrast, cooling energy consumption varies with building operating condi-
tions, with relatively high values observed in September and October. Overall, the hourly
energy consumption of the case building exhibits clear dynamic variations with seasonal
changes and building operating conditions, reflecting the influence of seasonal climatic con-
ditions in the Western Sichuan Plateau on building heating and cooling demands. Overall,
the hourly energy consumption of the case building exhibits clear dynamic variations with
seasonal changes and building operating conditions, reflecting the influence of seasonal cli-
matic conditions in the Western Sichuan Plateau on building heating and cooling demands.

3.1.2. Daily Heating/Cooling Energy Consumption

From the perspective of daily energy consumption variations (Figure 4), the building’s
heating energy consumption remains at a relatively high level during the low-temperature
season and fluctuates to some extent with changes in weather conditions. Cooling energy
consumption varies across the available operating periods, with relatively high values
observed in September and October. The non-operational period is excluded from the
actual operational energy consumption statistics, and no missing data are interpolated
or supplemented. Compared with hourly data, the daily scale can reduce the influence
of short-term weather fluctuations to some extent and more clearly reflect the seasonal
variation patterns of the building’s annual heating and cooling demands.
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Figure 3. Hourly Energy Consumption Profile: (a) presents the heating and cooling energy consump-
tion from hours 0 to 1824; (b) presents the heating and cooling energy consumption from hours
1825 to 3600; (c) presents the heating and cooling energy consumption from hours 6193 to 7477;
(d) presents the heating and cooling energy consumption from hours 7478 to 8760.
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Figure 4. Daily Energy Consumption Profile.

3.1.3. Monthly Heating/Cooling Energy Consumption

From the perspective of the monthly energy consumption distribution (Figure 5), the
building’s heating and cooling demands exhibit relatively clear seasonal concentration.
Heating energy consumption is mainly distributed in winter and the low-temperature
transition seasons, reaching relatively high levels in the colder months, whereas cooling
energy consumption is mainly observed during the available operating periods. The monthly

https://doi.org/10.3390/buildings16214414


https://doi.org/10.3390/buildings16214414

Buildings 2026, 16, 4414

13 of 26

energy consumption values were calculated based on the available operational records for
each calendar month. Operational data for 2 June were retained in the June statistics, while
no operational data were available during the subsequent non-operational period. Missing
data were neither interpolated nor supplemented. Spring and autumn are characterized as
transition periods with relatively low heating and cooling demands. Overall, the annual
energy consumption of the case building exhibits clear seasonal variation, with heating
demand accounting for a relatively important proportion of the annual energy demand.

(6}

W heating
B cooling

N w B
1 | |

Energy consumption (x10* kW-h)

o
|

1 2 3 4 5 6 7 8 9 10 11 12
Month order

Figure 5. Monthly Energy Consumption Profile.

The above energy consumption data of the case building are mainly used to analyze
the annual energy consumption characteristics under actual operating conditions. The sub-
sequent parametric study is based on unified building operation and simulation conditions,
under which energy consumption simulations are conducted for different combinations of
building design parameters, and a dataset is constructed for XGBoost prediction and SHAP
interpretation analysis.

The case-building analysis provides an empirical basis for understanding the temporal
characteristics of heating and cooling energy use in the Western Sichuan Plateau. However,
the operational data of the case building do not directly determine the subsequent parametric
simulation. Instead, the parametric model was independently constructed to systematically
investigate the effects of building design parameters on energy performance under the
regional climatic conditions. Thus, the case-building analysis and parametric simulation
serve complementary purposes: the former characterizes actual energy-use patterns, while
the latter identifies the potential effects of design parameters on heating, cooling, and total
energy use.

3.2. Building Energy Demand Distribution Characteristics

An analysis of the heating EUI distribution reveals a degree of dispersion among
the 62,208 parametric building samples across various design parameter combinations
(Figure 6). Heating EUI values range from 31.46 to 276.85 kW-h/m?, with a mean of
111.81 kW-h/m? and a standard deviation of 43.15 kW-h/m?. Cooling EUI values range
from 0.04 to 17.50 kW-h/m?2, with a mean of 1.47 kW-h/m? and a standard deviation of
1.76 kW-h/m?. Total on-site energy use intensity ranges from 103.33 to 346.20 kW-h/m?,
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with a mean of 182.56 kW-h/m? and a standard deviation of 42.52 kW-h/m?2. The nar-
rower range and lower mean of the cooling EUI indicate that, under the specific climatic
and standardized simulation conditions, cooling demands remain generally low. These
results demonstrate that distinct combinations of building design parameters correspond
to significantly different heating energy use intensities. Cooling EUI also exhibits a specific
distribution range, yet its overall characteristics differ from those of heating EUI, suggesting
that heating and cooling demands vary differently across parameter combinations; notably,
these parametric simulations employed standardized operational assumptions and an “Ideal
Air System” to assess thermal demands.
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Figure 6. Energy Consumption Distribution Figure: (a) Heating EUI Distribution; (b) Cooling EUI
Distribution; (c¢) Total EUI Distribution.

The total EUI reflects the variation in the annual overall energy demand of buildings
under different parameter combinations, and its distribution is jointly influenced by heating
and cooling energy consumption. Therefore, heating EUI, cooling EUI, and total EUI differ
to some extent in terms of their distribution ranges and variation characteristics.

Opverall, the heating EUI, cooling EUI, and total site energy EUI of the 62,208 paramet-
ric simulation samples exhibit distinct distribution ranges and dispersion characteristics,
providing a data foundation for subsequent XGBoost modeling and SHAP analysis of the
relationships between building design parameters and the energy-use indicators.

3.3. XGBoost Modeling Results
3.3.1. Model Performance

The parametric analysis examines the relationships between building design parame-
ters and heating, cooling, and total energy use within the predefined simulation space in
Table 5.
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Table 5. Model Evaluation Table.
Prediction Target R? RMSE MAE MAPE
Heating EUI 0.9998 0.64 0.47 0.45%
Cooling EUI 0.9997 0.03 0.02 2.75%
Total EUI 0.9998 0.64 0.48 0.26%

Predicted Value

250

200

150

100

50

heating_EUI
R? =0.9998

As shown in Table 5, the XGBoost models demonstrate strong predictive performance
across the three prediction targets. The heating, cooling, and total site energy EUI models
achieve R? values of 0.9998, 0.9997, and 0.9998, respectively, with relatively low RMSE
and MAE values. These results indicate small absolute deviations between the model
predictions and the EnergyPlus simulation results and demonstrate that XGBoost can
effectively capture the nonlinear relationships between building design parameters and the
three energy-use targets.

It should be noted that the cooling EUI values are generally close to zero. Therefore,
MAPE is sensitive to small denominators and is not considered a stable primary metric
for evaluating the cooling EUI model. For this reason, RMSE and MAE are used as the
primary error metrics for cooling EUI, while MAPE is reported as a supplementary metric.
The cooling EUI model achieves an RMSE of 0.03 kWh/m? and an MAE of 0.02 kWh/m?,
indicating a small absolute prediction error despite the narrow range of cooling EUI. Overall,
the model performance provides a reliable basis for the subsequent SHAP analysis.

3.3.2. Prediction Values vs. Simulation Values

As shown in Figure 7, the sample points for the three prediction targets are generally
distributed around the 45° reference line, indicating a high degree of consistency between
the XGBoost model predictions and the EnergyPlus simulation results. As the simulated
energy consumption level changes, the predicted values can generally follow the variation
trend, without obvious systematic deviations, indicating that the model can effectively
learn the nonlinear relationships between building design parameters and the simulated
energy-use indicators within the investigated dataset.

cooling_EUI total_site_energy EUI
R2=0.9997 RZ=0.9998
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Figure 7. Actual vs. Predicted Values: (a) Heating EUI; (b) Cooling EUI; (c¢) Total EUI

3.3.3. Residual Analysis of the Model

The residual is defined as the difference between the model predicted value and the
EnergyPlus simulated value. By examining the distribution range of the residuals and their
concentration around zero, it can be determined whether the model has obvious systematic
overestimation or underestimation.
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Residual

heatingEUI Residual Plot

As shown in Figure 8, the residuals of the heating EUI, cooling EUI, and total EUI mod-
els are generally distributed around zero, with no obvious systematic directional deviations.
Most residuals fall within a relatively narrow range, although a small number of samples
exhibit larger errors. These patterns suggest that the models do not exhibit pronounced
systematic bias on the test set under the adopted random-split evaluation protocol.
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Figure 8. Model Residual Plots: (a) Heating EUI Residuals; (b) Cooling EUI Residuals; (c) Total
EUI Residuals.

Taken together, the evaluation metrics, comparisons between predicted and simulated
values, and residual distributions indicate that the XGBoost models capture the relationships
between building design parameters and the corresponding EnergyPlus-derived energy-
use indicators within the investigated simulation dataset. These models are subsequently
used for SHAP analysis to examine the relative contributions and response patterns of
different design parameters. However, the results do not establish the models’ generalization
performance for geometrically distinct or previously unseen design configurations.

3.4. SHAP Analysis of Factors Influencing Energy Demand

3.4.1. Comparison of Feature Importance for Heating, Cooling, and Total
Energy Consumption

The mean absolute SHAP value (Mean [SHAP value|) was used to measure the overall
contribution of each building design parameter to the model prediction results. A larger
value indicates that the parameter has a more significant influence on the corresponding
energy demand prediction results. Figure 9 shows the SHAP feature importance rankings
for the heating EUI, cooling EUI, and total site energy EUI models, respectively.

As shown in Figure 9a, SHAP importance values reflect the varying contributions of
encoded building design features to the prediction of Heating EUL. Among these, wall
construction types, building geometric parameters, and building orientation exhibit high
importance, whereas the construction characteristics of exterior windows show relatively
lower importance at the level of encoded features. The grouping results presented in
Table 6 further evaluate these contributions at the level of the original variables, enabling a
comprehensive assessment of the relative importance of categorical variables.

For cooling EUI, as shown in Figure 9b shows a different pattern of feature importance
from that observed for heating EUL. WWR and selected one-hot encoded categories of build-
ing orientation and wall construction exhibit relatively high importance. Table 6 comple-
ments these feature-level results by reporting the grouped importance of the original design
variables. The differences between the heating and cooling results indicate that the relative
contributions of design parameters depend on the energy-use target being predicted.
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Figure 9. Feature Plots: (a) Heating EUI Feature Plot; (b) Cooling EUI Feature Plot; (c¢) Total EUI
Feature Plot.

Table 6. Grouped SHAP importance of building design parameters for heating, cooling and total site
energy EUL

Original Feature Gmlllsplgi;[ ean Rank Target
wall_material 35.48 1 Heating EUI
orientation 13.05 2 Heating_EUI
length 12.31 3 Heating_EUI
width 8.88 4 Heating_EUI
WWT 6.35 5 Heating_EUI
height 6.22 6 Heating EUI
window_type 5.87 7 Heating EUI
orientation 1.20 1 Cooling_EUI
wall_material 0.78 2 Cooling_EUI
WWTI 0.64 3 Cooling_EUI
window_type 0.25 4 Cooling_EUI
width 0.15 5 Cooling_EUI
height 0.07 6 Cooling_EUI
length 0.06 7 Cooling_EUI
wall_material 34.70 1 total site energy_EUI
length 12.39 2 total site energy_EUI
orientation 12.32 3 total site energy_EUI
width 9.03 4 total site energy_EUI
height 6.28 5 total site energy_EUI
window_type 6.03 6 total site energy_EUI
wwr 5.82 7 total site energy_EUI

As shown in Figure 9¢, the SHAP importance pattern for total EUI differs from those
for heating and cooling EUI. Wall construction features and building geometry parameters
show relatively high importance at the encoded-feature level. The grouped results in
Table 6 provide a complementary assessment of the original design variables and help
clarify their relative contributions to total EUI The grouped SHAP results in Table 6 show
that the importance rankings for heating EUI and total EUI are broadly similar, with wall
construction ranking first for both targets. However, building orientation and building
length exchange their relative positions, indicating that their relative contributions differ
slightly between heating and total EUL
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Overall, the SHAP results indicate that the relative contributions of building design
parameters vary across heating EUI, cooling EUI, and total EUIL Although the grouped
importance rankings for heating EUI and total EUI are broadly similar, differences remain
in the relative positions of individual variables, while cooling EUI exhibits a different
ranking pattern. Therefore, analyzing the three targets separately provides a more compre-
hensive understanding of the contributions of building design parameters to heating and
cooling demand and total energy use. To further investigate the response patterns of key
parameters, the positive and negative SHAP values are examined in relation to changes in
parameter values.

In addition to the feature-level SHAP importance shown in Figure 9, grouped SHAP
importance was calculated to evaluate the contributions of the original building design
variables. For the continuous variables (length, width, height, and WWR), the mean abso-
lute SHAP value was calculated directly across the analyzed samples. For each categorical
variable (orientation, wall construction, and window construction), the absolute SHAP
values of all corresponding one-hot encoded features were summed for each sample, and
the resulting sums were averaged across the samples. The grouped mean absolute SHAP
values and their corresponding rankings are reported in Table 6. This analysis provides a
variable-level assessment that complements the individual encoded-feature results shown
in Figure 9.

3.4.2. Influence Patterns of Key Parameters on Building Energy Demand

Based on the feature importance analysis, SHAP summary plots were further used
to analyze the influence direction and distribution characteristics of each building design
parameter on heating EUI, cooling EUIL and total EUI, as shown in Figure 10. A SHAP
value greater than 0 indicates that the feature increases the predicted energy consumption
relative to the baseline value, while a value less than 0 indicates that the predicted energy
consumption decreases. For continuous variables, the color gradient represents relatively
high-to-low feature values, respectively. For categorical variables represented by one-hot
encoded features, the color should not be interpreted as a high-to-low scale; instead, each
dummy feature represents the presence of a specific category. Therefore, the influence of
categorical variables should be interpreted based on the corresponding category-specific
feature and its SHAP value. By combining the distribution of SHAP values with changes in
feature values, the influence direction of each key building design parameter on different
energy consumption targets can be further analyzed.

For heating EUI, the building design parameters ranked higher have a larger dispersion
range of SHAP values, indicating that they have a greater influence on the model prediction
results. By combining the distribution of feature values and SHAP values, it can be found
that the influence directions of different parameters differ significantly. The higher values
of some parameters mainly correspond to positive SHAP values, indicating that an increase
in their values has an increasing effect on the predicted heating EUI, while other parameters
show an opposite trend.

For cooling EUI, the main influencing factors and their SHAP distribution character-
istics differ to some extent from those of heating EUI. The distribution of SHAP values
for the same building design parameter is not completely consistent between the heating
and cooling models, indicating that different design parameters have different degrees
and directions of influence on the two types of energy consumption targets. The SHAP
distribution of total EUI comprehensively reflects the contributions of different design
parameters to the overall annual energy consumption. Its feature influence relationships
are jointly affected by heating and cooling energy consumption. Therefore, the importance
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and SHAP distributions of some parameters differ from those of the individual heating EUI
or cooling EUI models.
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Figure 10. SHAP Summary Plots: (a) SHAP Summary Plot for Heating EUI; (b) SHAP Summary
Plot for Cooling EUL (¢) SHAP Summary Plot for Total EUL

Overall, the SHAP summary plots can not only reflect the relative importance of
different building design parameters to the model prediction results, but also further reveal
their influence directions and variation trends by combining feature values. The SHAP
distributions of the three prediction targets differ to some extent, indicating that the same
building design parameter may exhibit different degrees and directions of influence on
heating, cooling, and overall annual energy consumption. It should be noted that the
effects of L and W on EUI may partly reflect the floor-area normalization, since the floor
area is calculated as (L x W). Changes in these parameters also alter the wall-to-floor-area
ratio and other geometric characteristics. Therefore, their SHAP contributions represent
the combined effects of building geometry and EUI normalization within the investigated
parameter space, rather than a purely isolated effect of building form.

3.4.3. Influence of Window-to-Wall Ratio on Building Energy Demand

WWR is an important design parameter affecting the thermal performance of the
building envelope and solar radiation heat gain. In this section, WWR is selected as a typical
continuous parameter, and SHAP dependence plots are used to analyze its relationship
with building energy consumption. The results are shown in Figure 11.

The WWR shows a relatively clear SHAP response relationship with heating EUI As
the WWR increases, the SHAP values generally show a decreasing trend, indicating that a
larger WWR has a certain reducing effect on the predicted heating EUI This change may be
related to the increase in solar radiation heat gain after the window area increases, thereby
reducing heating demand to some extent. Figure 11a also indicates an interaction between
WWR and wall construction. The heating-reduction effect associated with increasing WWR
is more pronounced for the less insulated wall constructions, whereas it is weaker for the
insulated wall construction. This indicates that the influence of WWR on heating EUI
depends partly on the thermal performance of the opaque envelope. Increasing WWR
changes both conductive heat transfer through the transparent envelope and solar heat
gains through the windows, and the resulting heating response therefore varies with wall
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thermal performance. The observed pattern should thus be interpreted as an interaction
effect between WWR and wall construction rather than as an independent effect of WWR.
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Figure 11. SHAP dependence plots for window-to-wall ratio: (a) Heating EUI dependence plot;
(b) Cooling EUI dependence plot; (c) Total EUI dependence plot.

For cooling EUI, SHAP values generally increase with WWR, indicating that a larger
WWR is associated with higher cooling demand. This trend can be physically explained
by the increase in glazed area as WWR rises. Under the high solar-radiation conditions
represented by the weather data used in this study, a larger glazed area allows more incident
solar radiation to enter the building. The amount of transmitted solar heat is also influenced
by the SHGC of the glazing. The resulting increase in solar heat gains raises the cooling
load required to maintain indoor thermal conditions. Therefore, the positive relationship
between WWR and cooling EUI reflects the combined influence of increased glazed area,
glazing SHGC, and incident solar radiation under the specified simulation conditions.

For total EUI, the SHAP values generally decrease as WWR increases, shifting from
positive to negative values. However, this overall downward trend does not necessarily
indicate a strictly monotonic relationship across the entire WWR range.

Overall, the WWR has a relatively significant influence on heating, cooling, and total
EUL but its influence direction differs. Increasing the WWR negatively affects heating
energy use intensity, while its influence on cooling energy use intensity is positive and its
contribution to total EUI generally decreases with increasing WWR. This indicates that the
influence of the WWR differs significantly among different energy consumption targets, and
both heating and cooling demands need to be considered comprehensively in subsequent
building design.

4. Discussion
Key Influencing Factors and Their Mechanisms of Action

Based on parametric energy consumption simulation, this study combines the XGBoost
and SHAP methods to analyze the effects of different building design parameters on heating
demand, cooling demand, and total site energy use intensity. The results show that the
importance and influence directions of different design parameters vary under different
energy consumption targets, indicating that annual building energy consumption is jointly
affected by multiple factors, such as the thermal performance of the building envelope,
building geometry, and solar radiation heat gain. Figure 9 presents SHAP importance at the
encoded-feature level, whereas Table 6 reports grouped SHAP importance for the original
design variables. These two analyses provide complementary perspectives on the relative
contributions of individual encoded features and the corresponding design variables.
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For heating EUI, wall construction was the most influential variable, followed by
building orientation and length (Table 6). Wall construction affects heat transfer through
the building envelope, while building length influences the relationship between envelope
area and floor area. Building orientation also affects heating demand by altering fagade
solar exposure and potential solar heat gains through windows, which may offset part of the
heating demand during cold periods. However, its contribution depends on the distribution
of solar radiation and its interaction with building geometry. Because the same WWR was
applied to all four facades, the influence of orientation should be interpreted in conjunction
with facade solar exposure and building geometry [22].

For cooling EUI, building orientation ranked first, followed by wall construction and
WWR (Table 6). Orientation influences the distribution of solar radiation across fagades
and the resulting solar heat gains, which can affect cooling demand. Wall construction
affects heat transfer through the envelope, while WWR influences the extent of glazed areas
and associated solar heat gains. Although orientation is important for both heating and
cooling EUJ, its effects may differ between the two targets because solar heat gains can offset
heating demand during cold periods but increase cooling demand during warm periods.
These interpretations apply to the simulation conditions examined in this study.

These findings should also be considered in the context of regional architectural char-
acteristics. Although the parametric model incorporates building geometry and several
envelope construction types, these variables represent only selected physical characteristics
of buildings. Vernacular architectural features, indigenous material traditions, traditional
construction practices, and the integration of buildings with the cultural landscape are
not explicitly represented in the current modeling framework. Such aspects may involve
considerations beyond operational energy performance, including local material availability,
construction techniques, cultural continuity, and the relationship between building form
and its surrounding environment. Therefore, the identified contributions of building design
parameters to heating energy predictions should be interpreted within the scope of the
selected simulation conditions, rather than as a comprehensive assessment of regional
architectural sustainability.

The window-to-wall ratio exhibits distinct differences across energy-use targets. SHAP
analysis shows that as the window-to-wall ratio increases, the SHAP values of heating EUI
generally decrease, with a weaker effect observed for the insulated-wall configuration, while
those of cooling EUI generally increase. For total EUI, the SHAP values generally decrease
from positive to negative, indicating an overall decreasing trend. These differences may be
related to the combined effects of heat transfer through transparent envelope components
and solar radiation heat gain. During the heating period, an increase in window area may
increase solar heat gains and thereby reduce heating demand to some extent, whereas
during the cooling period, increased solar heat gains may increase cooling demand [23].

For total EUI, the SHAP values of the WWR generally decrease from positive to nega-
tive as WWR increases, indicating a nonlinear effect on overall annual energy consumption
within the parametric simulation range of this study. This pattern reflects the combined
effects of WWR on heating and cooling demand and further indicates that its influence on
total EUI cannot be described by a simple monotonic relationship. Previous measured-data
studies have reported that larger WWRs may be associated with higher total EUI, with WWR
having a particularly notable influence on cooling energy consumption [24]. In contrast, the
present study shows a nonlinear effect of WWR on total EUI, with SHAP values generally
decreasing from positive to negative as WWR increases within the specified simulation con-
ditions. This difference may be attributed to variations in building type, climate conditions,
and operational assumptions. In addition, building orientation is relatively important for
cooling EUL Its influence depends not only on fagade solar exposure but also on the aspect
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ratio and geometric symmetry of the parametric models. Different length-to-width ratios
and rotational symmetry may lead to different or equivalent facade exposure conditions, af-
fecting solar gains and cooling demand. Therefore, orientation effects should be interpreted
in conjunction with building geometry rather than attributed to solar exposure alone.

By considering the three energy consumption targets, it can be found that the ranking
of influencing factors for heating EUI, cooling EUI, and total EUI is not completely consistent.
The same design parameter may exhibit different importance and even different influence
directions under different energy consumption targets. Therefore, evaluating building
design parameters based solely on a single energy consumption indicator may not fully
reflect their annual energy impacts. For buildings in the Western Sichuan Plateau region,
it is necessary to comprehensively analyze the effects of different design parameters on
heating and cooling demands from an annual perspective.

From the methodological perspective, parametric energy consumption simulation can
obtain the energy consumption responses of multiple building schemes over a relatively
wide range of design parameters. XGBoost can establish nonlinear mapping relationships
between design parameters and energy consumption indicators, while SHAP further quan-
tifies the relative contributions and influence directions of different parameters. Previous
studies have used XGBoost combined with SHAP to analyze the relationships between
building design parameters and heating and cooling loads, and have identified important
influencing factors such as building compactness, surface area, and glazing area [25]. Re-
cent studies have also shown that combining XGBoost with SHAP can explain the key
factors influencing building energy performance while ensuring the prediction accuracy
of building energy consumption [26]. Together, these approaches provide complemen-
tary information on feature importance and model response patterns within the specified
simulation conditions.

5. Conclusions

This study investigates the effects of building design parameters on energy performance
in the Western Sichuan Plateau using a workflow integrating case-building operational
energy analysis, parametric energy simulation, XGBoost modeling, and SHAP-based in-
terpretation. First, the characteristics of the heating and cooling energy use of the case
building are analyzed at hourly, daily, and monthly scales. Subsequently, 62,208 combi-
nations of building design parameters and the corresponding energy consumption data
are obtained through parametric modeling and batch simulations using EnergyPlus, and
XGBoost prediction models are established for heating EUI, cooling EUI, and total site
energy EUI respectively. Finally, the SHAP method is combined to identify the importance
and influence directions of different building design parameters. The main conclusions are
as follows:

1.  The operational heating and cooling energy-use patterns of the case building exhibit
clear seasonal variations. Heating energy consumption is mainly concentrated in winter
and the low-temperature transition seasons, whereas cooling energy consumption
varies with building operating conditions, with relatively high values observed in
September and October. These findings characterize the seasonal energy-use patterns
of the case building under its actual operating conditions and should not be directly
generalized to all buildings in the Western Sichuan Plateau.

2. The XGBoost models achieved high agreement with the EnergyPlus simulation results
within the investigated dataset, with R? values of 0.9998, 0.9997, and 0.9998 for heating
EUL cooling EUI, and total site energy EUI, respectively. The corresponding RMSE
values were 0.64, 0.03, and 0.64 kW-h/m?2, while the MAE values were 0.47, 0.02, and
0.48 kKW-h/m?, respectively. These results indicate that the models effectively capture
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the relationships between building design parameters and the simulated energy-use
indicators within the predefined parameter space. However, because geometrically
equivalent configurations are present in both the training and test sets, the reported
metrics should not be interpreted as evidence of generalization to previously unseen
design configurations.

3. The relative contributions of building design parameters to the model predictions
vary across different energy-use targets. According to the grouped SHAP analysis,
wall construction ranks first for heating EUI, followed by building orientation and
length. For cooling EUI, building orientation ranks first, followed by wall construction
and WWR. For total EUI, wall construction, building length, and building orientation
are the three most influential variables. These findings demonstrate that the relative
importance of building design parameters differs across heating, cooling, and total
EUI under the specified simulation conditions, highlighting the need to evaluate these
energy-use targets separately.

4. The SHAP response patterns of the WWR differ across the three energy-use targets.
Within the parameter ranges and simulation conditions considered in this study, WWR
generally exhibits decreasing SHAP values for heating EUI, with a weaker effect ob-
served for the insulated-wall configuration, while its SHAP values for cooling EUI
generally increase. For total EUI, the SHAP values generally shift from positive to neg-
ative as WWR increases, indicating an overall decreasing trend that is not necessarily
strictly monotonic. These results highlight the need to examine the contributions of
WWR separately for heating, cooling, and total EUI, while accounting for the influence
of wall construction.

In summary, this study indicates that building energy performance in the Western
Sichuan Plateau region is jointly influenced by multiple design parameters, including
building geometry, building envelope, window-to-wall ratio, and orientation, with different
parameters exhibiting different effects on heating, cooling, and total energy consumption.
The combination of parametric energy consumption simulation with XGBoost and SHAP
enables the identification of key influencing factors and analysis of their relationships with
building energy consumption across a relatively large design parameter space, providing
a reference for building energy consumption analysis and research on building design
parameters in the Western Sichuan Plateau region. These findings are based on simulations
using a single weather file representing the Western Sichuan Plateau; therefore, their
applicability to other climatic conditions requires further investigation.

Limitations and Future Work

This study has several limitations. First, the parametric analysis is based on EnergyPlus
simulation data rather than measured data from multiple buildings. Although this enables
systematic analysis of different design parameter combinations, the unified assumptions for
occupancy, equipment, lighting, and operation cannot fully capture the variability of actual
building operation. In addition, a simplified HVAC system was adopted without considering
different system types, equipment performance, and control strategies. Furthermore, roof
insulation and air infiltration were not included as independent design variables in the
current parametric analysis. Therefore, their individual effects and potential interactions
with other building design parameters were not explicitly evaluated. Second, the design
parameters and their ranges were defined according to the climatic and building conditions
of the Western Sichuan Plateau. Therefore, the identified contribution patterns may vary
across different building types, scales, or climatic regions. Future research could incorporate
measured data from multiple buildings, expand the parameter ranges and building types,
and consider different HVAC systems and control strategies to further assess the applicability
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of the proposed framework. Furthermore, all simulations were conducted using a single
weather file representing the Western Sichuan Plateau, which may limit the applicability of
the findings to other climatic conditions. Third, this study focuses primarily on quantitative
energy performance and does not fully consider qualitative sustainability aspects, such as
vernacular architecture, local material practices, and cultural landscape integration. Future
research could combine these regional and cultural considerations with quantitative energy
analysis to provide a more comprehensive assessment of building sustainability.

Future research can expand the ranges of building design parameters and incorporate
simulation and actual operational data from different building types, scales, and climatic
conditions to improve the applicability of the research results. In particular, different roof
insulation levels and air infiltration rates could be considered to evaluate their individual
and interactive effects on building heating, cooling, and total energy consumption. Mean-
while, different HVAC systems and control strategies can be further considered to analyze
their coupled effects with building design parameters. On this basis, parametric simulation,
machine learning, and explainable analysis can be combined with multi-objective optimiza-
tion to provide support for the coordinated optimization of building heating, cooling, and
annual total energy consumption in plateau regions.
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