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Abstract: Residential land is the basic unit of urban-scale carbon emissions (CEs). Quanti-
fying and predicting CEs from residential land are conducive to achieving urban carbon
neutrality. This study took 84 residential communities in Susong County, Anhui Province
as its research object, exploring the nonlinear relationship between the urban built envi-
ronment and CEs from residential land. By identifying CEs from residential land through
building electricity consumption, 14 built environment indicators, including land area (LA),
floor area ratio (FAR), greening ratio (GA), building density (BD), gross floor area (GFA),
land use mix rate (Phh), and permanent population density (PPD), were selected to estab-
lish an interpretable machine learning (ML) model based on the XGBoost-SHAP attribution
analysis framework. The research results show that, first, the goodness of fit of the XGBoost
model reached 91.9%, and its prediction accuracy was better than that of gradient boosting
decision tree (GBDT), random forest (RF), the Adaboost model, and the traditional logistic
model. Second, compared with other ML models, the XGBoost-SHAP model explained
the influencing factors of CEs from residential land more clearly. The SHAP attribution
analysis results indicate that BD, FAR, and Phh were the most important factors affecting
CEs. Third, there was a significant nonlinear relationship and threshold effect between
built environment characteristic variables and CEs from residential land. Fourth, there
was an interaction between different dimensions of environmental factors, and BD, FAR,
and Phh played a dominant role in the interaction. Reducing FAR is considered to be an
effective CE reduction strategy. This research provides practical suggestions for urban
planners on reducing CEs from residential land, which has important policy implications
and practical significance.

Keywords: residential land; machine learning; XGBoost model; SHAP algorithm; carbon
emissions; built environment factors; nonlinear relationship

1. Introduction

Cities, as hubs of human economic activity and resource consumption, are the primary
regions responsible for global warming and climate change. In 2023, carbon emissions (CEs)
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from urban areas accounted for over 80% of the world’s total, making cities the primary
source of CEs [1]. The household is the fundamental unit of urban life. Residential land
serves as the fundamental unit of urban land use. According to relevant statistical data,
residential energy consumption in China accounts for 30-40% of the energy consumption
within the urban construction sector, and CEs from buildings on residential land occupy a
significant proportion [2]. In addition, low-carbon residential areas serve as crucial spatial
carriers and fundamental units for building low-carbon cities. Therefore, investigating the
mechanisms by which the spatial structure and other built environments of residential areas
influence residents’ CEs holds immense importance for urban low-carbon construction and
is a vital step toward achieving carbon neutrality goals in China and beyond [3].

Scholars have engaged in heated discussions surrounding the accounting and pre-
diction methods for CEs from different types of land use. Based on different principles
and methods, CE prediction for different types of land use can be divided into qualita-
tive prediction and quantitative prediction. The former relies on the observer’s ability to
analyze and make predictions based on experience, while the latter involves construct-
ing mathematical models using historical data and mathematical methods. Currently,
research on CE prediction from urban construction land at the macro scale mainly focuses
on quantitative analysis. Common data sources include remote sensing data, land use
data, electricity consumption, and other statistical data. Analysis methods mainly include
time series analysis, regression analysis, and principal component analysis. Common
prediction models include the DPSIR model [4], the TOPSIS model [4], the LMDI model [5],
the STIRPAT model [6-9], the LEAP model [10], and the EKC model [11,12], which have
played an important role in predicting CEs from buildings, planning pathways for carbon
neutrality, and evaluating environmental policies. For example, analytical methods such as
grey correlation analysis [13], multiple linear regression analysis [14], Pearson analysis [15],
one-way ANOVA [16], and the chi-square test [17] are often used to analyze the effects
and interactions between spatial and non-spatial factors and CEs from construction land
in a comprehensive way. However, these methods have certain limitations in dealing
with complex nonlinear relationships and multi-dimensional feature data. On the other
hand, research on CE prediction from residential land at the micro scale is relatively scarce.
Some domestic scholars, such as Jiang Haiyan [18], Wang Weigiang [19], Wu Wei [20], and
ZhangLi chunyi [21], have used multiple linear regression models to explore the impact
mechanism of residential land CEs from the perspective of built environment factors, such
as floor area ratio (FAR), greening rate (GR), building density (BD), and gross floor area
(GFA). The research findings confirm that various built environment factors significantly
impact CEs from residential land. A favorable built environment can notably enhance the
microclimate, energy demand, and energy intensity of residential land, thereby influencing
its CEs. This provides a valuable reference and insight.

These studies reveal the impact of the built environment on CEs to a certain extent.
However, due to the limited data sources and high variable complexity, traditional regres-
sion models have limitations in prediction accuracy and applicability.

In recent years, the advantages of machine learning (ML) in handling multi-
dimensional data have been continuously verified, and the modeling results are often
more scientific and accurate. It can compensate for the deficiencies of mathematical models
and, therefore, is widely used by scholars in carbon emission prediction models in different
fields. Commonly used ML models include support vector machine (SVM) [22-25], ran-
dom forest (RF) [26,27], extreme gradient boosting (XGBoost) [28-35], gradient boosting
decision tree (GBDT) [36], and back propagation (BP) [37,38]. Among them, in the XGBoost
model, as an improved algorithm of GBDT, regularization rules have been incorporated
to mitigate the risk of overfitting, which significantly reduces model prediction errors
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by optimizing the algorithm sequence and integrating decision trees [39]. The XGBoost
model excels in handling nonlinear relationships and complex interactive effects in spatially
heterogeneous data, offering advantages such as a fast computation speed, high accuracy,
and strong robustness. It has been widely applied in various fields such as transportation
CE prediction [40], automobile CE prediction [41], user behavior prediction [42], and heart
disease risk prediction [43,44]. However, the “black box” nature of the XGBoost model
makes its solution process opaque, making it difficult to explain the importance of various
influencing factors. To address this issue, Shapley Additive exPlanation (SHAP) values,
as an interpretability tool for ML models, have been widely used in feature importance
analysis in recent years. By fairly allocating variable contributions, SHAP values can
effectively identify key features and explore relationships between variables, offering excel-
lent visualization effects. Scholars such as Santos R M [45], Alireza F [46], Shi W [47], Li
Yangtao [41], Wang Zhijiang [48], and Yang Dongfeng [49] have successfully introduced
SHAP values into fields such as transportation CE prediction and user behavior analysis
for quantitative analysis of the contribution of features to prediction results. For instance,
Li Yangtao et al. uncovered the critical factors influencing vehicle CEs by utilizing SHAP
values in conjunction with the XGBoost model [41]. Wang Zhiqiang et al. employed SHAP
values to scrutinize the individual and interactive effects of multiple features on CEs during
the building design phase [48]. Yang Dongfeng et al. utilized SHAP values to investigate
the nonlinear correlation between the built environment and street vitality as well as the
interactive effects among various built environment elements [42]. SHAP values possess
advantages, such as the strong global and local interpretability of variables, the fair allo-
cation of variable contributions, and excellent visualization effects, compensating for the
poor interpretability of tree-based models such as decision trees and RE. However, there
has been little research on using the XGBoost model combined with SHAP values to carry
out CE prediction for residential land.

This study aimed to conduct research on the nonlinear relationship between CEs from
residential land use and the built environment based on an ML multi-model comparison in
an attempt to address the limitations of existing research. Firstly, given that most research is
conducted macroscopically and lacks an in-depth exploration of CE prediction and impact
mechanisms, especially at the residential community level, this study innovatively focuses
on the prediction of CEs from residential land, combining built environment characteristics
such as FAR and BD to explore their nonlinear relationship. Secondly, in response to the
lack of data dimensions, this study integrates multiple sources of data, including remote
sensing data, land use data, and electricity consumption data, to construct a comprehensive,
high-dimensional feature set that aims to improve the model prediction accuracy. In
terms of model selection, this study uses the XGBoost model as the core, optimizing the
prediction performance through its advantages in handling nonlinear relationships and
complex interactive effects. It also utilizes SHAP values to conduct an explanatory analysis
on the model prediction results, quantifying the contribution weights of each feature to
CEs, revealing key influencing factors and their mechanisms of action, and providing a
CE prediction method for residential community planning and design. Furthermore, by
employing feature engineering methods such as recursive feature elimination, the feature
selection process was optimized, improving the prediction accuracy and reliability of the
model. Establishing a CE prediction model for residential land use based on the XGBoost
model demonstrates a certain level of reliability and innovation. This study transforms
the prediction of CEs from residential land from a subject matter of other disciplines into
a problem that urban planning can explore. It not only achieves breakthroughs in the
accuracy of CE prediction for residential land but also provides a scientific basis for the
construction of low-carbon cities. In the context of global climate change in particular, it
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holds significant theoretical and practical implications for achieving carbon neutrality goals
and low-carbon city practices.

2. Materials and Methods
2.1. Study Area

This study selected the central urban area of Susong County of Anhui Province as the
research area. The county, located in the southwest of Anhui Province at the junction of the
Anhui, Hubei, and Jiangxi provinces and having a history of about 1000 years, possesses a
typical climate characteristic of hot summers and cold winters. By combining indicators
such as the construction time of residential land, the number of households (NOH), the
size of the residential land area (LA), and the FAR, 84 typical residential land samples
within the central urban area of the county were selected. To make the survey samples
more representative, the selected residential land was of various types, including old resi-
dential areas, affordable housing, resettlement housing, and large residential communities,
which have diverse built environmental characteristics. This provides a certain level of
representativeness for studying the relationship between residential land CEs and construc-
tion environmental factors as well as predicting residential land CEs. The distribution of
residential land samples in the study area is shown in Figure 1.
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Figure 1. Schematic diagram of the residential land sample.

2.2. Data Sources

Data on electricity consumption by buildings and built environment characteristics
across various residential land uses provide crucial support for the prediction of CEs from
residential land. Through data collection and field research, this study gathered information
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on electricity consumption by buildings and built environment characteristics from sample
residential land plots in the central urban area of Susong County. Specifically, this included
electricity consumption data for buildings within the sample residential land plots in the
county from 2021 to 2023 as well as built environment characteristic indicators such as LA,
GFA, GR, FAR, and BD. Data on the permanent population density (PPD) and workforce
density (WFD) were obtained through discussions and visits to relevant departments. The
statistical data on explanatory variables and target characteristics of residential land in the
study area are shown in Table 1.

Table 1. Statistical data on explanatory variables and target characteristics.

Variables Unit Mean Std Dev Min Max
Independent Variables
Land Area (LA) m? 33,490.37 27,366.59 631.67 176,357.74
Number of Households (NOH) 480.00 345.00 6.00 2080.00
Gross Floor Area (GFA) m? 71,807.07 59,913.52 1084.64 438,641.01
Floor Area Ratio (FAR) 1.93 0.62 1.10 4.16
Greening Rate (GR) % 0.32 0.04 0.20 0.46
Building Density (BD) % 27.86 5.04 16.21 39.45
Permanent Population Density (PPD) 476.40 188.24 180.00 860.00
Workforce Density (WFD) 1.70 1.11 0.11 4.92
Land Use Mix Rate (Phh) 0.76 0.12 0.45 1.00
Road Network Density (RND) km /km? 4.10 0.79 2.15 6.15
Intersection Density (ITD) 2.00 1.66 0.23 8.12
Public Transport Network Density
(PTND) e 1.47 0.38 1.05 2.60
Point of Interest (POI) —_— 3.88 2.40 0.15 9.54
Parking Area Ratio (PAD) o 0.99 0.40 0.15 2.30
Dependent Variables
Carbon Emissions (CEs) 103 kgCOqe 328291 3016.23 123.15 15,086.93
CEs per unit building area 103 kgCOye 0.08 0.10 0.01 0.47

Due to the different residential land areas, to mitigate the impact of land area size on
CEs and address the variable scale differences caused by data with different dimensions,
data normalization was applied to ensure the reasonableness of the sample size in the
feature space. Normalization aims to reduce the data scale, minimize data prediction errors,
and accelerate algorithm convergence.

2.3. Research Methods
2.3.1. Analytical Framework

This study analyzed the complex nonlinear relationship between the built environ-
ment of residential land and CEs, progressing from data collection and processing to the
construction and comparison of various ML models, and, finally, exploring the SHAP
impact mechanism (Figure 2). This included collecting data and calculating indicators for
the independent variables of the model, specifically the built environment of residential
land, and the dependent variable of the CEs. This also included utilizing the Python 3.13.2
programming language to establish an interpretable ML model based on the XGBoost-
SHAP attribution analysis framework. This was achieved through comparative analysis
between the XGBoost model and other multi-model prediction outcomes, assessing the
significance of feature variables on the model’s prediction results. The SHAP method
was then employed to interpret and visualize the model’s results, thereby exploring the
nonlinear relationship between the built environment and residential land CEs as well as
the interactive effects among various built environment elements.
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Figure 2. Schematic showing the workflow of this study.

2.3.2. Construction of Model Feature Set
(1) Dependent Variables

The dependent variable of the residential land carbon emission prediction model in
this study was the carbon emission amount from residential land. According to the carbon
emission coefficient method, the carbon emission amount from residential land is calculated
by multiplying the energy consumption data by the carbon emission coefficient per unit of
energy consumption. When calculating CEs from household travel and household living,
the carbon emission coefficient values refer to the Carbon Emission Intensity Table for
Public Transportation in China published by the domestic profit organization Green Source
Group and the Citizen Energy Conservation and Emission Reduction Handbook from the
Ministry of Science and Technology of China, which indicates that the carbon emission
coefficient for electricity per unit of energy consumption is 0.98.

CZZSiXeiXF

where C is the building factor, S is the building area, e is the unit building energy consump-
tion, and F is the unit energy consumption carbon emission coefficient.

(2) Independent Variables

At the level of the built environment, scholars such as Ewings have depicted the
built environment using the “5Ds” model [49], which includes density, diversity, design,
destination accessibility, and distance to transit. Chinese scholars generally believe that
factors such as LA, GFA, FAR, PPD, and BD are closely related to land CEs. The study’s
selection of independent variable indicators for residential land primarily considered
the controllability, quantifiability, and accessibility of the indicators from the perspective
of spatial planning. Ultimately, the most relevant factors affecting CEs from residential
land were selected as independent variables, including LA, GFA, FAR, GR, and BD. The
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definitions and measurement methods of the independent variables are summarized in
Table 2.

Table 2. Summary of definitions of independent variables and measurement methods.

Variable Grouping Variable Measuring Method Data Sources
Land Area (LA) / Planning data
Basic Attributes Number of Households (NOH) / Planning data
Gross Floor Area (GFA) / Planning data
Total floor area above
Floor Area Ratio (FAR) ground /Research scope Planning data
area
Greening Rate (GR) Green land area/Research Planning data
scope area
Total area of building
Building Density (BD) foundation/Total area of Planning data
Density construction land
Permanent Population Density Population within the
(PPD) research scope/Research
scope area Statistical yearbook,
Number of positions departmental research
Workforce Density (WFD) within the research
scope/Research scope area
The logarithmic ratio of the
various types of land areas  Survey data on land use
Diversity Land Use Mix Rate (Phh) to areas of regions is from 0 change in Susong
to 1 (the closer to 1, the County
lower the mixing degree)
Road Network Density (RND) Road length/Research
scope area
Number of Internet map
Intersection Density (ITD) intersections/Research
Design scope area

Building parking spaces in
residential areas/Total

Parking Area Ratio (PAD) number of households in

residential areas Planning data
Distance to transit Public Transport Network Total length of bus
Density (PTND) routes/Research scope area
Destination Point of Interest (POI) POI/Research scope area Internet map

2.3.3. Machine Learning Model: The XGBoost Model

The XGBoost model was first proposed by Chen T Q [50] as an ensemble-tree-based
model. It iteratively generates numerous decision trees and then combines the results of
all the trees to create the final model. Each individual decision tree is built on the basis of
minimizing a specified loss function, and, each time a new decision tree is created, cases
that were misestimated by the previous tree are given higher weights. This method can be
used to construct both regression and classification models, significantly improving the
computational efficiency of GBDT through distributed computing. Generally speaking, the
XGBoost model is more than ten times faster than other GBDT algorithm frameworks. The
XGBoost model is built using multiple weak learners, with CART decision trees as the base
learners, employing a gradient boosting algorithm. It introduces Lasso regularization (L1)
and Ridge regularization to control the complexity of the model, preventing overfitting and



Land 2025, 14, 440

8 of 21

enhancing the model’s generalizability. Additionally, the XGBoost model supports various
types of base classifiers, calculates the negative gradient of the model, and iteratively trains
multiple times, continuously adding trees during the training process to fit the residuals of
the previous predictions and, thereby, gradually improve the model’s accuracy.

The XGBoost model randomly selects 80% of the dataset samples as the training set
for modeling and uses the remaining 20% of the dataset samples as the validation set to
validate the constructed model (Figure 3). The CE prediction function expression of the
XGBoost model is:

}?i(t) = f; ()
where }?i(") is the predicted CE value for the t-th iteration; xiSEt is the feature variable for
CEs; and f,, (x§°) is the prediction function regarding x;°*.

Iteration=n
Random seed=n |

Training set ‘ | Testset ‘ :

[ Histogram
visualization

Feature
transformation

Feature
transformation

Hyper

parameters ‘ Inference ‘:
tuning ’
Model ‘ Visualization ‘ i
training E—

Visualization ‘

Figure 3. Calculation process of the XGBoost model.

This study used the “hyper-parameter grid search” method to adjust key parameters,
including the learning rate (which controls the learning speed and has a significant impact
on overfitting), max-depth (which determines the complexity of each tree and thus affects
overfitting), and lambda and alpha (which prevent overfitting). Specifically, it involves
training all listed parameter combinations in a loop until the optimal parameter combina-
tion is found. In detail, the possible values for the learning rate are 0.01, 0.1, and 0.3, the
max-depth can take values of 4, 5, 6,7, 8, 9, and 10, the min-child-weight (which determines
the minimum sample weight of leaf nodes and is used to prevent overfitting) can take
values of 1, 2, 3, and 4, and the lambda and alpha can take values of 0.05, 0.1, 0.2, and 1.
By traversing all parameter combinations, the optimal parameters that achieve the best
model performance were found to be a learning rate of 0.01, a maximum tree depth of 10, a
min-child-weight of 4, a lambda of 0.05, and an alpha of 0.2. As an ensemble tree-based
model, XGBoost first iteratively generates numerous decision trees and then combines
the results of all the trees to create the final model. Each individual decision tree is built
on the basis of minimizing a specified loss function and, each time a new decision tree is
constructed, cases that were misestimated by the previous tree are given higher weights.
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The XGBoost model is built by combining multiple weak learners, using decision trees
as base learners, and employing the gradient boosting algorithm. It controls the complexity
of the model by introducing Lasso regularization (L1) and Ridge regularization, which help
to prevent overfitting and improve the model’s generalizability. Additionally, the XGBoost
model supports various types of base classifiers and trains iteratively by calculating the
negative gradient of the model, gradually improving the model’s accuracy.

2.3.4. Analysis of Correlation Between CEs and Characteristic Factors

Although the XGBoost model has advantages such as high predictive accuracy and a
fast prediction speed, its inherent “black box” nature in machine learning leads to a lack of
transparency in the prediction process due to the complexity of the model, which contains
a large number of parameters and connections. While the model excels at identifying
correlations between input and output data, it cannot explain the causal relationships
involved, resulting in limited interpretability [51-53]. For example, a disease prediction
model may be able to predict high-risk populations but cannot explain the underlying
reasons. To address this issue, a hybrid model based on an improved XGBoost model
combined with SHAP is proposed. SHAP, derived from the Shapley value principle in game
theory, calculates the marginal contribution of characteristic factors (influencing factors)
to the model’s predictions. The SHAP value (attribution value) corresponding to each
feature can be understood as the importance of individual input features in contributing
to the model’s predicted value, revealing the thresholds and interactive synergistic effects
between explanatory variables and the explained variable. The SHAP formula is:

[TJ'(n —|T|)!

SHAP(f,x,S) =} o

TeS

[f(x) = flxs/T)]

where f is the prediction function of the model; x is the observed feature vector; S is the
geometry of all features; n is the number of features; and xg, is the observed value of all
features except T. The main impact of each variable was determined by subtracting the
SHAP interaction value from the SHAP value.

2.3.5. Precision Evaluation

The prediction accuracy of the machine model was evaluated through the coefficient of
determination (R?), mean absolute error (MAE), mean-square error (MSE), root mean square
error (RMSE), median absolute deviation (MAD), mean absolute percentage error (MAPE),
expected value saved (EVS), and mean squared logarithmic error (MSLE) indicators. The

calculation formulas for these indicators are as follows:
)
R2—1_ i1 (Vi — i)

" (yi—7,)°

1 N
MAE = _} 3 lyi — 3l

1w N
MSE = ;Zizl (vi —0:)°

j [— .
RMSE = \/nzi—l(yi - ]/1')2
MAD = YJy; — 7//n

1 .
MAPE = —} (lyi — §il /yi) * 100%
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1 i} 0,
MAPE = =} (lyi — §il /yi) + 100%

1n—1 5
MSLE = " ' (log, (1+y;) — log, (1 +§;))*

where y; is the actual value; y; is the actual mean; ¥, is the predicted value; n is the sample
size; and Var is the variance. The RMSE, MAE, MSE, and MAPE range from 0 to +oo, with
a value of 0 indicating perfect alignment between predicted and actual values; thus, the
larger the error, the greater the corresponding value. R? and EVS range from 0 to 1, with
scores closer to 1 indicating a better model fitting performance. The smaller the MSLE
value, the slighter the difference between the predicted result and the true value, indicating
a better fit of the model. The MAD represents the absolute value of the residual between
the predicted value and the median, unaffected by outliers, and the smaller the better.
Based on these predictive accuracy metrics, a preliminary assessment and selection were
made among the five algorithms. Further testing was required to assess the tolerance to
missing values and understand the applicability of the optimal model in different scenarios.

3. Results and Analysis
3.1. Model Performance and Comparison of Different Models

To verify the performance of the XGBoost model, multiple commonly used ML models
were established for comparison, including the GBDT model, the RF model, the Adaboost
model, and the traditional logistic model (Table 3, Figure 4). The results indicate that the
accuracy of the XGBoost model surpasses that of the other ML models. The XGBoost model
achieves a prediction R? of 91.9%, demonstrating excellent performance with minimal
differences between training and testing errors.

Table 3. Comparison table of the performance of different ML models.

XGBoost GBDT RF Adaboost Logistic
R? 0.919 0.732 0.836 0.538 0.610
MAE 0.043 0.063 0.055 0.061 0.051
MSE 0.012 0.015 0.011 0.013 0.035
RMSE 0.112 0.122 0.106 0.114 0.215
MAD 0.019 0.021 0.026 0.022 0.031
MAPE 0.261 0.115 0.144 0.191 0.121
EVS 0.291 0.160 0.358 0.257 0.481
MSLE 0.008 0.009 0.007 0.008 0.439

The comparative analysis between the XGBoost model and the RF model found that
the accuracy of the RF model is not significantly different from that of the XGBoost model.
Both the RF and XGBoost models are ensemble learning algorithms based on decision
trees. The difference lies in the fact that the RF model consists of multiple randomly
composed decision trees, each of which is independent. Test data are evaluated separately
in each decision tree, and the results from each tree are then combined to determine the
majority output as the result of the RF model. Conversely, the decision trees of the XGBoost
model are constructed sequentially, with each tree learning from the prediction results and
residuals of previous decision trees. Therefore, the prediction accuracy of the XGBoost
model is higher than that of the RF model.

A comparative analysis of the XGBoost model with the Adaboost model and the
GBDT model reveals that the Adaboost model initially sets initial weights for each weak
learner. If the prediction result of a weak learner after traversing all training data samples
is inconsistent with the true result, the total error of that weak learner increases, and its
weight changes accordingly. Through iteration, each weak learner obtains its corresponding
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weight, which is then combined according to different weights to form a strong learner.
Similarly, due to the iterative nature of the GBDT model, the training of each tree relies
on the residuals of the previous tree. This makes it difficult to achieve full parallelization
during training. When dealing with high-dimensional sparse datasets, invalid features can
increase the computational load and may lead to overfitting. The performance of the GBDT
model is inferior to that of other algorithms, such as the RF model and the XGBoost model.

e
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Figure 4. The correlation between predicted CEs and actual values.

Upon comparison and analysis of the XGBoost model and the traditional logistic
model, we found the latter to be a nonlinear regression model with a logistic function form.
Regression models are prone to underfitting and have a limited ability to handle nonlinear
relationships, difficulty in handling data imbalance issues, and limited feature selection
capabilities, resulting in significantly lower prediction accuracy compared with other ML
models. In summary, the XGBoost model demonstrates certain advantages.

The XGBoost model combined with SHAP values can handle high-dimensional feature
models, capture nonlinear relationships, and does not rely on the continuity of spatial data,
making it suitable for complex spatial data analysis. It has certain advantages, especially
when dealing with nonlinear relationships and high-dimensional feature data. The XGBoost
model method boasts numerous advantages, including: (1) extremely high prediction
accuracy, especially compared with traditional statistical models, with a superior predictive
capability; (2) no restrictions on data types (such as continuous and categorical variables)
and data distributions; (3) better handling of missing values and outliers; (4) no pre-
defined relationship type (such as linear) between independent and dependent variables,
allowing for better detection of potential nonlinear relationships; and (5) the XGBoost model
combined with SHAP values predicts the contribution of each feature, providing a high
degree of interpretability and enhancing the model’s transparency. These advantages have
made the XGBoost model one of the most popular ML methods in recent years. However,
the XGBoost model also has some drawbacks, such as an inability to perform significance
tests and a lack of coefficients and confidence intervals for independent variables, similar
to other ML models. However, the XGBoost model can provide the relative importance of
feature variables, which reflects the magnitude of the impact of independent variables on
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(@)

the dependent variables. At the same time, commonly used partial dependence plots can
visualize the relationship between changes in independent variables and the dependent
variables, which can compensate for the aforementioned disadvantages.

3.2. Analysis of Feature Importance Based on SHAP Values

The contribution of independent variables to the prediction of CEs from residential
land was analyzed through the XGBoost model combined with SHAP values, as illustrated
in Figure 5. The relative importance was used to accurately indicate the contribution and
ranking of a certain independent variable to the prediction of the CEs, as demonstrated
in Table 4. Among the independent variables, BD had the greatest impact on CEs from
residential land, with a relative importance of 33.16%. This was followed by FAR, land use
mix rate (Phh), road network density (RND), PPD, and GFA. The variables with a lower
contribution were WFD, POI density, GR, and intersection density (ITD). Most of the SHAP
values for these points were scattered around 0, indicating that these variables have a small
impact on CEs from residential land. BD, FAR, RND, PPD, and GFA had a positive impact
on the model prediction, while public transport network density (PTND) and GR had a
negative impact on the model.

(b) High

BD +6.8 AN R Ie) Bgdnw . o o ob RGOV
FAR PR PRSI U S,
Phh [ p—. B SR
RND cabfonioes. o oniapiae. ..
PPD e ae e E T
GFA s oy Sl - pan e .
LA Senapi - U e - E
PAD B §
PTND ~—jmpgind dfad =
NOH e -ge. .. ..
WFD o odplp—
POI adpeifpm
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ITD |
2 3 4 5 6 7 10 5 0 5 10 L
mean(|SHAP value|) SHAP value (impact on model output)
Figure 5. SHAP feature importance of built environment factors. (a) Importance score ranking of the
model prediction characteristics; (b) Every feature’s impact on the model’s output.
Table 4. Relative importance of built environment characteristic indicators.
Variable Relative Importance% Rank
Land area (LA) 2.21 7
Number of households (NOH) 0.61 10
Gross floor area (GFA) 4.30 6
Floor area ratio (FAR) 27.74 2
Greening rate (GR) 0.20 13
Building density (BD) 33.16 1
Permanent population density (PPD) 6.04 5
Workforce density (WFD) 0.56 11
Land use mix rate (Phh) 11.93 3
Road network density (RND) 10.72 4
Intersection density (ITD) 0.15 14
Public transport network density (PTND) 0.84 9
POI density 0.33 12
Parking area ratio (PAD) 1.21 8
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3.3. The Nonlinear Impact and Threshold Effect of the Built Environment on CEs from
Residential Land
In order to better reveal the complex nonlinear relationship between the dependent
variables and independent variables, a fitting curve was introduced into the predicted
SHAP scatter plot through locally weighted scatterplot smoothing (LOWESS) to smooth
the variations between data points, visually capture the trend of the feature variables, and
exhibit the nonlinear relationship and threshold effect between the built environment’s
independent variable characteristic indicators and residential land CEs (Figure 6).
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Figure 6. Nonlinear impact of built environment indicators on CEs from residential land. (a) LA,
(b) GFA, (c) FAR, (d) BD, (e) PPD, (f) WED, (g) RND, (h) PTND, (i) PAD, (j) Phh, (k) NOH, (1) GR.

As shown in Figure 6a,b,e,fk, as the values of LA, GFA, BD, PPD, WFD, and NOH
increased, the corresponding SHAP values also increased, indicating that higher feature
values have a greater positive impact on the model’s predictions, leading to an increasing
trend in CEs. When the LA value is below 48,855.09 m?, the GFA value is below 89,898.44 m?,
the BD value is below 26.91%, the PPD value is below 521.00 ten thousand people/km?,
and the WFD value is below 1.92, the SHAP values are negative, indicating that excessively
low LA, GFA, BD, PPD, WFD, and NOH values are negatively correlated with CEs from
residential land, which aligns with conclusions from existing research [54-59]. A larger
community land and total building area implies a greater number of permanent residents.
At the same time, high LA and GFA values affect factors such as sunlight, thermal radiation,
and air flow on the plot. An excessively high GFA increases the plot’s absorption of solar
radiation, thereby affecting the local microclimate of the residential area. Rosenfeld A
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believes that, as the BD on a plot increases, the heat island effect will intensify, leading to
an increase in CEs [56]. Jiang Haiyan et al. conducted field surveys in 33 communities in
Guangzhou and similarly found a positive correlation between the building area of the
community and CEs [18]. Wang Xiaodan’s research found that an expansion in community
size and an increase in total building area would result in higher CEs [57]. On the other
hand, high BD values can reduce the distance between buildings to some extent, leading
to poorer lighting and ventilation conditions for some buildings. To meet indoor lighting
and comfort needs, residents may need to rely more on artificial lighting and mechanical
ventilation systems, thereby increasing electricity consumption and resulting in higher
CEs. High BD values can also cause shading between buildings, affecting the utilization
of solar energy in winter and increasing energy consumption for heating. The Urban
Morphology Research Laboratory in France analyzed the relationship between the average
plot BD and CEs in 25 cities around the world, proving that BD is a key factor influencing
CEs from built-up areas [58]. Zhou Xuefan conducted simulations based on a mesoscale
meteorological model (Weather Research Forecasting, WRF) and found that neighborhoods
with higher BD values also had correspondingly higher building energy consumption [59].

As shown in Figure 6c, communities with lower FAR values are more likely to generate
high CEs. There is a U-shaped curve between plot ratios and residential land CEs, with
critical values of 1.62 and 2.74. FAR values above the critical value have a promoting effect
on CEs. Further analysis reveals that the impact of FAR on CEs from residential land is
related to its land use intensity. When residential land is utilized in an extensive manner,
the high base coverage leads to an increase in FAR, which, in turn, has a positive effect
on CEs. Conversely, when residential land is utilized in a compact manner, the low base
coverage results in a lower FAR, leading to higher CEs from residential land [60].

As the Phh within residential land increased, the smaller corresponding SHAP value
indicated a more pronounced negative predictive impact on the model. When the Phh
exceeded approximately 0.73, it exerted a negative influence on CEs from residential land
(Figure 6j). Masnavi’s research shows that, as the Phh within residential areas increases,
CEs from these areas gradually decrease. The Phh not only affects the CEs from buildings
on a plot but also influences residents’ choice of transportation modes. Residential land
with a higher Phh can reduce the probability of vehicle travel by 70% compared with land
with a lower mix, thereby significantly decreasing CEs from residential land [61].

As the RND and parking area ratio (PAD) increased, the corresponding SHAP value
also increased. When the RND was higher than 4.65 and the PAD was greater than 1.40,
there was a clear proportional relationship between the interval and the CEs (Figure 6g,i).
Multi-story residential land with a relatively high PAD and built after 2015 had the highest
CEs. The proportion of residents traveling by car in such residential areas was as high as
50%, which increased the CEs of residential land to a certain extent. Residents in residential
land that were built earlier had a relatively higher proportion of walking and non-vehicle
travel, resulting in lower per capita CEs.

As Figure 6h,] illustrate, an increase in PTND and GR corresponds to a lower SHAP
value, indicating a negative correlation with CEs from residential land. A high PTND
near residential areas encourages residents to opt for low-carbon modes of transportation,
thereby reducing CEs to some extent. The GR within residential areas can enhance the
local microclimate, absorbing carbon dioxide and releasing oxygen, which helps lower
greenhouse gas emissions, mitigate the urban heat island effect, and reduce the usage of air
conditioning and cooling equipment, ultimately leading to decreased energy consumption
and CEs from these areas.
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3.4. Analysis of Interaction Effects Among Key Built Environment Variables

The feature interaction dependency graph illustrates the complex interaction rela-
tionships among multiple feature indicators (Figure 7). The analysis results indicate that
multiple characteristic indicators interact with BD and there is a positive interaction be-
tween GFA and BD. Both factors interact in the same direction, indicating that a higher GFA
and BD will positively interact with and exacerbate CEs. Conversely, there is a negative
interaction between FAR and BD. When the FAR is below approximately 2.0 and the BD
exceeds approximately 35%, the two exhibit a positive interaction, thereby increasing CEs
in residential land.
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Figure 7. The interactive effect of independent variables on CEs from residential land.

The impact of land Phh and BD on CEs in residential land is inversely related. Only
when the Phh is lower than 0.8 and combined with a high BD do the two positively interact,
thereby increasing CEs from residential land. When the FAR is less than approximately 2.0,
an increase in Phh generally results in stable or even slightly reduced CEs. This suggests
that reducing the FAR can be an effective strategy to decrease CEs from residential land.
Additionally, PAD and public PTND are mutually exclusive, and both values at a low level
negatively impact CEs. Therefore, to reduce CEs from residential land, it is necessary to
match the two within a reasonable range. The existence of these interactive effects indicates
that changes in a single factor may produce unexpected results through interactions with
other factors.
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4. Conclusions and Limitations

4.1. Conclusions

This study took 84 residential plots in the Susong County of Anhui Province as its

research object and used the XGBoost model combined with the SHAP value analysis

method to deeply explore the nonlinear relationship between built environment factors

and residential land CEs, providing data support and guidance to planning practice for

achieving the goal of urban carbon neutrality. The main conclusions are as follows:

)

@)

®)

4)

®)

(6)

Comparative analysis revealed that the XGBoost model exhibits excellent performance.
With a fitting degree of 91.9% and good prediction accuracy, the XGBoost model signif-
icantly outperforms mainstream ML models such as the GBDT model, the RF model,
the Adaboost model, and the traditional logistic model, validating its outstanding
advantages in quantitatively analyzing nonlinear relationships. Combined with the
SHAP value analysis corresponding to each feature, the interpretability of the model
was further enhanced, providing an intuitive analytical path for revealing the complex
relationships between built environmental factors;

In the analysis of key influencing factors and their importance, analysis of the SHAP
value showed that BD, FAR, and Phh are key factors affecting CEs from residential
land. The relative importance of these features was 33.16%, 27.84%, and 18.72%,
respectively. In addition, RND and PPD are also important variables that cannot
be ignored. The results show that the CEs of residential land are affected by the
comprehensive influence of multi-dimensional built environment characteristics, but
the marginal effects of some variables are more prominent;

In the analysis of the nonlinear relationship and threshold effect, we found a significant
nonlinear relationship and threshold effect between residential land CEs and major
built environment factors. For example, FAR and carbon emissions show a “U”-curve
relationship. When the FAR reached a critical value (1.62 to 2.74), CEs began to
increase significantly. An increase in LA, GFA, BD, and PPD also showed a positive
dynamic effect on CEs. In addition, Phh, PTND, and GR had a restraining effect on
CEs. This indicates that, in the actual planning process, the complex interactions
between variables should be rationally balanced to avoid the negative effects of high
CE “inflection points”;

In terms of the interaction effects between features and optimization strategies,
through an analysis of feature interaction dependency graphs, it was found that
the interaction effects between built environment elements deserve attention. For
example, there was a positive interaction between BD and GFA, and a joint increase
in the two will aggravate CEs. There was a negative interaction between FAR and
BD, and reducing the FAR can be an effective means of reducing CEs. Combining
these mechanisms, urban planners should implement structural interventions based
on multi-feature collaborative optimization design, targeting key variables such as
FAR and Phh to achieve a win—win situation of carbon emission reductions and
efficiency improvements;

In terms of insights from planning practice, the findings of this study offer specific
implementation pathways for low-carbon urban planning, encompassing optimizing
FAR, enhancing Phh and PTND, and reasonably controlling BD. Simultaneously, this
study underscores the significance of multi-feature collaborative design in enhancing
carbon reduction outcomes, thereby providing intuitive and practical guidance for
policymakers and planning practitioners;

In terms of the significance of the theoretical innovation, introducing the XGBoost
model into the field of CEs from residential land provides a new and efficient pre-
dictive tool for this area that has high theoretical value. The XGBoost model has
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advantages such as a fast computation speed and the ability to handle large-scale
data. Compared with traditional methods like linear regression models and time
series analysis, it can more accurately capture the nonlinear relationships between CEs
from residential land and various complex built environment factors, improving the
accuracy and reliability of predictions and providing stronger technical support for
subsequent research and practice. Secondly, research on land use has always been one
of the core contents of spatial planning theory and practice. As a fundamental basis
for guiding low-carbon urban development, spatial planning mainly achieves this by
controlling land use characteristics such as land nature, development intensity, and
spatial form. Through the analysis of the results from the XGBoost model, it is possible
to quantitatively reveal the relationships between specific built environment factors
such as BD, FAR, PPD, and the completeness of transportation facilities with CEs
from residential land. This changes our previous qualitative or vague understanding
of how built environment factors affect CEs, allowing for better control of land use
characteristics such as land nature, development intensity, and spatial form. The
potential for using spatial planning as a structural adjustment method for emission
reductions in CE control is enormous. It not only provides a more accurate theoreti-
cal basis for governments and relevant departments to formulate targeted emission
reduction measures but also offers scientific support for developing urban planning
and environmental protection policies, enhancing the relevance and effectiveness of
these policies. Finally, the research findings contribute to enriching and improving the
development of low-carbon city theory. In-depth studies on CEs from residential land
and their relationship with built environment factors can provide empirical support
and a theoretical foundation for constructing a more comprehensive and systematic
theoretical framework for low-carbon cities. This will promote the application and
development of low-carbon city theory in practice and provide theoretical guidance
for achieving urban sustainable development goals.

4.2. Limitations

Although this study achieved certain innovative results, there are also some shortcom-

ings that require further improvement in future research:

)

@)

®)

The data coverage and variables need further expansion. The limitations of the
data sources have resulted in some important variables not being included in the
analysis. For example, factors such as household income, occupational structure, and
differences in user energy consumption behavior may indirectly affect residential land
CEs. The absence of these variables may lead to an incomplete analysis of the impact
mechanism of residential land CEs. Future research should expand the data collection
scope from multiple channels and introduce more socioeconomic variables to further
optimize the explanatory power of the model;

Further multi-model comparative analysis is needed to optimize model algorithms.
Currently, ML models are primarily based on the XGBoost model for analysis. How-
ever, in the field of ML, new algorithms, such as the LightGBM model, have demon-
strated excellent performance in multiple domains due to their high efficiency and
low memory consumption. Future research could attempt to introduce emerging
algorithms, such as LightGBM and CatBoost, for supplementary analysis and model
comparison, thereby further enhancing the model’s performance and verifying the
robustness of conclusions;

More comparisons of regional differences and spatial multi-scale analysis need to be
performed. This study took Susong County in Anhui Province as a case study, which
has a certain degree of regional representativeness. However, there are significant
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differences in built environment characteristics, resident behavior patterns, and carbon
emission structures among different regions. In the future, cross-regional comparative
studies can be conducted on a larger scale while introducing multi-scale analysis
methods, ranging from the block scale to the overall city scale, to explore the impact
of spatial scale changes on model performance and the importance of key variables;

(4) Policy applications and emission reduction simulation testing need to be optimized.
This study provides several quantitative results and policy recommendations but fails
to further simulate the dynamic impact of the implementation of specific planning
policies on CEs. In the future, policy experiments and dynamic simulation tools can be
combined to assess the actual emission reduction effect of specific planning schemes
through scenario construction and intervention simulation, providing more reliable
data support for policy feasibility studies.

In summary, this study not only verifies the superiority of the XGBoost model in
predicting CEs from residential land and analyzing the nonlinear relationship between
built environmental factors and CEs from residential land but also reveals the crucial
significance of optimizing built environmental factors of residential land use in achieving
urban carbon neutrality. Future research needs to further improve the data and algorithm
systems, expand the scope of research, deepen policy applications, and provide more
comprehensive and scientific empirical evidence and decision support for the construction
of low-carbon cities.
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