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Abstract: Achieving Leadership in Energy and Environmental Design (LEED) certification
is a key objective for sustainable building projects, yet targeting LEED credit attainment
remains a challenge influenced by multiple factors. This study applies machine learning
(ML) models to analyze the relationship between project attributes, climate conditions,
and LEED certification outcomes. A structured framework was implemented, beginning
with data collection from the USGBC (LEED-certified projects) and US NCEI (climate data),
followed by preprocessing steps. Three ML models—Decision Tree (DT), Support Vector
Regression (SVR), and XGBoost—were evaluated, with XGBoost emerging as the most
effective due to its ability to handle large datasets, manage missing values, and provide
interpretable feature importance scores. The results highlight the strong influence of the
LEED version and project type, demonstrating how certification criteria and project-specific
characteristics shape sustainability outcomes. Additionally, climate factors, particularly
cooling degree days (CDD) and precipitation (PRCP), play a crucial role in determining
LEED credit attainment, underscoring the importance of regional environmental conditions.
By leveraging ML techniques, this research offers a data-driven approach to optimizing
sustainability strategies and enhancing the LEED certification process. These insights pave
the way for more informed decision-making in green building design and policy, with
future opportunities to refine predictive models for even greater accuracy and impact.

Keywords: sustainability; Leadership in Energy and Environmental Design credit targeting;
machine learning; climate factors

1. Introduction

The building and construction sectors significantly contribute to global energy con-
sumption and CO, emissions. According to the International Energy Agency (IEA), build-
ings account for approximately 30% of global energy use and 26% of energy-related CO,
emissions. When factoring in embodied emissions from building materials, their total
contribution rises to nearly one-third of global energy-related emissions [1]. Public aware-
ness of green buildings is increasing, driven by both regulatory and market factors [2-6].
In the United States, federal, state, and local authorities either incentivize or mandate
sustainable design and construction [7]. Beyond regulatory programs, market demand
and environmental concerns have further fueled interest in sustainable buildings and
certification systems. Since the 2000s, the Leadership in Energy and Environmental Design
(LEED) certification has been widely used in the U.S. and internationally to assess and
promote green building practices [8]. On average, LEED-certified buildings consume 25%
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less energy than non-LEED-certified buildings, contributing more than USD 29 billion to
the U.S. gross domestic product (GDP) [9,10]. LEED, developed by the U.S. Green Building
Council (USGBC), is a flexible certification system designed for various project types. Its
rating systems include Building Design and Construction (LEED BD + C), Interior Design
and Construction (LEED ID + C), Operations and Maintenance (LEED O + M), and Neigh-
borhood Development (LEED ND). These systems apply to new and existing buildings
across multiple sectors, including schools, healthcare facilities, data centers, warehouses,
hospitality venues, homes, commercial interiors, multifamily mid-rise developments, and
retail spaces [11,12].

As constructors plan new buildings or building owners and operators retrofit existing
structures for LEED certification, various considerations and challenges emerge. Among
these, the selection of target LEED credits remains one of the most critical and complex
decisions for LEED managers [13-16]. While achieving LEED certification provides sig-
nificant benefits, it often necessitates additional funding and presents implementation
challenges [17,18]. Initially, constructors were hesitant to participate due to uncertainties
in cost estimation [19] and potential productivity losses associated with adopting new
sustainable construction methods [20]. For instance, Mansouri et al. [21] demonstrated,
using a simulation-based study, that operational inefficiencies in earthmoving equipment
can significantly impact greenhouse gas (GHG) emissions, highlighting the need for inno-
vative planning tools to enhance sustainability in construction processes. However, with
the growing popularity of green buildings, planning to achieve certification has become
essential. Selecting the appropriate LEED credits from the rating system is challenging
due to direct factors such as budget constraints, tight schedules, and site-specific geo-
graphic and environmental conditions, as well as indirect factors like climate variables,
including local precipitation and sunlight availability [13,22]. Therefore, analyzing the
relationships between decision-making factors—including project type, other attributes,
and geographical factors such as climatic conditions—and LEED credits has become a
critical research focus.

Previous research on LEED credit selection [23-27] has employed a range of methodolo-
gies, including statistical analysis, multi-criteria decision-making (MCDM) techniques, and,
more recently, data mining approaches incorporating artificial intelligence (Al)-based solu-
tions. Pushkar [28], for example, assessed the effects of a project’s size on the achievement
of LEED for operations and maintenance. The results reveal that medium-sized projects
excelled in sustainable structures and energy categories, while large projects performed
best in location, transportation, and water efficiency. Medium-to-large projects showed
similar outcomes in materials, resources, and indoor environment quality. Wu et al. [27]
examined if there are significant differences in LEED credits across various building types
and regions. Although these studies offer valuable insights, they are limited in their ability
to provide actionable strategies for new projects [18], especially those involving dynamic
non-linear relationships between variables. On the other hand, MCDM techniques, such
as the Analytical Hierarchy Process (AHP) [29,30] and the Technique for Order Preference
by Similarity to Ideal Solution (TOPSIS) [31], have also been utilized. For example, Seyis
and Ergen [32] integrated the Delphi method, multi-attribute utility technique, and TOPSIS
technique to create a decision support tool and use the relative weights of the attributes that
were determined following expert opinions to guide experts in selecting suitable credits
based on project delivery attributes. Madanayake et al. [33] proposed a decision-making
model that combines the AHP and Monte Carlo simulations [34], considering multiple
criteria such as project cost fluctuations, environmental impact, schedule implications, and
construction productivity. Similarly, Attallah et al. [35] proposed an MCDM approach
for ranking green building certification credits using the ELECTRE III method. Their
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selection criteria included factors such as project type and location, client type, and the
architect/engineer’s experience and familiarity. Although these types of studies are effec-
tive in case studies, they often rely on expert experience and knowledge, and the credit
selection process remains complex [18].

As projects continue to increase in number and the relationships between factors influ-
encing credit selection grow more complex, Al-based methods have become a promising
solution to tackle non-linear challenges and improve overall effectiveness and accuracy. Ma
and Cheng [13] developed a framework using the Random Forest (RF) algorithm to select
credits based on project and climate factors. Similarly, Jun and Cheng [16] employed and
compared three classification algorithms—RF, AdaBoost Decision Tree, and Support Vector
Machine (SVM)—for selecting target LEED credits based on the project’s information and
climatic factors. Cheng and Ma [36] proposed a case-based reasoning (CBR) approach to
aid LEED managers in selecting target credits for green building projects by referencing
similar certified cases.

According to Table 1, previous studies examining the relationship between LEED
credits and affective features can be divided into three categories. The first category em-
ployed statistical methods, which were limited in features and ability to capture non-linear
relationships. The second category depended on surveys and expert opinions, leading to
complexity in scaling and time-consuming processes; these results were often influenced
by the expert’s experience and lacked overall generalizability. The third category used Al
tools, but their datasets were limited and not comprehensive across all regions. In contrast,
this paper analyzes project attributes and climate features by examining 67,347 projects
across approximately 5500 cities and all U.S. states and territories. This approach promises
more accurate and stable results. Additionally, it considers multiple versions of LEED
rather than being restricted to just one version.
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Table 1. Summary of previous studies on the relation of LEED credits and affective features.

Study

Method

Features

Dataset Size

Limitation

Focuses only on project
size, misses other

- . . . 94 factors and non-linear
Pushkar [28] Statistical analysis Project size projects relationships, limited to
LEED-EB V4, small
dataset
Lack of actionable
- . - 3416 strategies, limited to
Wu et al. [27] Statistical analysis Building types projects LEED 2009, small
dataset

Relies on expert

Seyis and Delphi method, Project delivery Expert opinion inions. mav not
Ergen [32] MAUT *, TOPSIS **  attributes pertoprions - opthions, may no
generalize well
Project cost fluctuations,
nvironmental impact Depends on expert
Madanayake AHP, Monte Carlo € onmenta’ impact, .. knowledge,
. . schedule implications, =~ Expert opinions . .

etal. [33] simulation construction time-consuming to

productivity implement

Statistical analysis,

Project type, location,

Depends on expert

Attallah et al. [35] ELECTRE III, Chen't ype, , Expert opinions knqwle(,ige, limited
Simulation architect/engineer’s projects’ features and
experience regions
Gross sqft, total Depepdg on availability
Case-based ropertv ares. Owner 1000 and similarity of past
Cheng and Ma [36] reasoning (CBR), f 5 r}(l)'ect t’ o and roiects cases, limited to
ANN ybe, projec’ yb pro) LEED-NC v2009, small
location, grade level d
ataset
. 912 Limited to LEED-EB
Ma and Cheng [13] Random Forest (RF)  Climate factors projects 2009, small dataset
Jun and Cheng [16] RF, AdaBoost Project information, 912 Limited to LEED-EB
& Decision Tree, SVM  climatic factors projects 2009, small dataset

* Multi-attribute utility technique. ** Technique for order of preference by similarity to ideal solution.

Goal and Objectives

This study aims to investigate the relationship between LEED credit achievement and
a project’s attributes, including its type, size, ownership, and surrounding climatic factors.
Our objective is to develop an Al-based model for predicting suitable LEED credit targets
using available green building data. This study contributes to the body of knowledge
by implementing advanced Al algorithms, including ensemble learning techniques, and
leveraging a large-scale green building dataset across the United States. It incorporates a
comprehensive set of features, including complete climatic factors (temperature, precip-
itation, humidity, snowfall, and wind speed). Using a feature importance analysis, this
study identifies key contributors to optimizing LEED credit targets for new buildings. Com-
pared to existing Al-based studies, this research utilizes a significantly larger dataset (over
60,000 records), a more comprehensive set of attributes, and, most importantly, incorporates
advanced Al techniques to better capture the complex relationships between input features
and the target LEED score.
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2. Materials and Methods

Advancements in Al, including machine learning, deep learning, computer vision,
and generative Al, have increasingly shaped civil engineering research [37-42], particularly
in sustainability-focused studies [43—46]. This study benefits from machine learning models
to investigate the relationship between the achievements of LEED credits and project
attributes and climate variables. The methodology framework is shown in Figure 1. The
required data for this study were collected from two public databases.

Step 1: Data CoIIection\ ,Step 2: Preprocessing

LEED-Certified N S Categorizing Project
Projects g EEUIENE g Attributes
(USGBC) 7
~ 7 ‘ ~
. Find Nearby Get Longitude and
Climate Data A -— 5
(US NCEI) Weather Stations Latitude by Address

- l - ;'

Final Projects

Dataset
"Step 3: Model Selection
v o [} ) v
DT SVR | XGBoost

'Step 4: Optimization and Analysis
. ) Y

Results and
Discussion

Optimization
(Optuna)

« Feature Importance <—

Figure 1. Framework for LEED project credit targeting.

The first is a dataset of LEED projects collected from the USGBC website [8], and the
second is the climate variable dataset of weather stations from the US National Centers for
Environmental Information (NCEI) website [47]. After preprocessing the data, different
ML models were applied, and the best of them, in terms of performance, were selected
to develop the final optimized model. Finally, the most important features are identified
and discussed.

All experiments were conducted using Google Colab, a cloud-based platform running
on a Google Compute Engine backend. The models were implemented in Python 3.11
using the scikit-learn library. The computations were performed on the default Colab
environment without GPU or TPU acceleration. The system was equipped with an Intel(R)
Xeon(R) CPU @ 2.20GHz (2 vCPUs), approximately 12.7 GB of RAM, and 107.7 GB of
disk space.
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2.1. Data Collection

The USGBC provides the LEED project directory, which contains LEED-certified
projects around the globe on their website publicly [8]. This study utilized the dataset
supplied on this website, which included 174,471 projects at the time of the study in 2025.
The dataset contains information like address, points achieved (credit score), owner types,
project types, gross floor area, etc. Additionally, the National Centers for Environmental
Information (NCEI) provides U.S. Climate Normal data, calculated for a uniform 30-year
period from almost 15,000 U.S. weather stations, on their website [47]. This study uses the
annual dataset, which contains the averages and statistics of temperature, precipitation,
and other climatological variables.

2.2. Data Preprocessing
2.2.1. Data Filtering

Data filtering is the first step of preprocessing the data applied to the LEED project
dataset. Some projects are confidential in this dataset, and their information is missing,
so these projects are dropped. Since this study focuses on U.S. projects, data from other
countries has been excluded. Lastly, the LEED credit for some projects is missing, and
because this parameter is the target of this study, the missing ones are also removed. By
performing these filtrations, the total number of projects reached 68,549. Figure 2 illustrates
the geographic distribution of publicly available projects used in this study across the U.S.
Green dots represent buildings that have been certified, blue indicates those that have
achieved the silver level, yellow represents those that have achieved the gold level, and red
denotes buildings that have reached the highest certification level, platinum.

Certification Level |
® Platinum
o Gold
® Silver
@ Certified

Figure 2. Geographical distribution of selected green buildings of US in this study.

2.2.2. Merging the LEED Dataset with Climate Data

Another key data preprocessing step involves merging climatic data with the LEED
dataset using geospatial information. The projects’ nearby weather stations should be
identified to add climate variables to project data. To achieve this, we must know the
geographic coordination of the projects, but the only related information in this regard
were ones like street, city, state, and zip code. Therefore, as a first step, these location data
were merged to demonstrate the full address for a project. We used Google Map API to
extract the longitude and latitude by sending the addresses. As a result, we could obtain the
location information for more than 98 percent of projects, which narrowed them down to
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67,347. On the other hand, in the weather dataset, some stations had missing data for some
climate variables. In this regard, assigning one nearest station to the project may have led
to missing data for that project. So, a radius of 20 km was considered around each project
location, and the stations in this range were assigned to the project. The corresponding
climate variables of each project were calculated by averaging the values of the nearby
stations. Maria et al. [48] compared the Haversine formula and the Euclidean method for
distance calculations. They found that the Haversine formula yielded results more aligned
with Google Maps, making it better suited for geographic applications. Therefore, to
calculate the distance between projects and stations in this process, the Haversine formula
was used, as shown in Equation (1).

Distance = 2r arcsin<\/1 — COS((PZ — (Pl) + cos (plz-cos (PZ.(l — COS(M — Al)) ) , @

where @1 and ¢, represent the latitude of point 1 and point 2 and A; and A; represent the
longitude of point 1 and point 2.

2.2.3. Handling Missing Values

Since some features in the dataset contain missing values, they must be addressed
before training the machine learning models. However, certain models, such as XGBoost,
can handle missing data under specific conditions. Various techniques are available for
managing missing data, depending on the nature and extent of the missing values [49]. One
is dropping the feature with missing values when the feature is not important or valuable.
Second is to drop the rows which contain missing values. This may lead to loss of the
majority of data because unless the dropped datapoint is relatively small. Another method
is imputing the missing values. The most common way to impute data is replacing the
missing values with the mean for the numerical data and the most frequent values for the
categorical data [50]. In this study, the imputation method was used for the DT and SVR
models, and, since XGBoost model has built-in methods for handling missing values, the
missing values were ignored for this model.

2.2.4. Category Encoding

The project dataset includes three categorical features: LEED version, owner type,
and project type. Although their default values are basically categorical, to achieve better
results, we labeled them to decrease the number of categories. Figure 3 shows the number
of projects per category.

Category encoding is a crucial step in machine learning, especially when dealing
with categorical variables [51]. Different methods are used to convert these categories into
numerical values that models can interpret. The most common include the following: Label
Encoding, which is suitable when there is an ordinal relationship between categories [52];
One-Hot Encoding, which creates a new binary column for each category [53]; Frequency
Encoding, which replaces each category with the frequency or count of occurrences in the
dataset; Target Encoding, which replaces each category with the mean of the target variable
for that category; and Leave-One-Out Encoding, a variant of target encoding where the
target value for a given category is the mean of the target variable for all instances of
that category, except for the current instance. According to the categorical features in this
study, since there are no ordinal relationships between categories, the number of categories
is relatively high and the frequency of the category does not provide additional insight
for the model; the Label Encoding, One-Hot Encoding, and Frequency Encoding are not
suitable for this study. So, Target Encoding and Leave-One-Out Encoding are used for the
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categorical features in this study. Figure 4 illustrates these two encoding methods using a

hypothetical example.
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Figure 3. Frequency of projects in the (a) LEED version, (b) owner type, and (c) project type categories.

Project ID Owner Type LEED Credit|Target| Leave-One-Out
1 Educational Institutions 50 45 40
2 Educational Institutions 40 45 50
3 Government Entities 90 — ®—
5 Government Entities 80 80 80
5 Government Entities 70 80 85
6 Individuals 30 30 30

P

(90+80+70)/3 = 80

Average Credits of Projects in the 'Government Entities' Category =

Average Credits of Projects in the 'Government Entities' Category

excluding project 3 = (80+70)/2 =75

Figure 4. Illustration of target and leave-one-out encoding.

2.2.5. Final Dataset

In the final dataset, the features include four project attributes: LEED version, owner

type, project type, and gross floor area. Additionally, there are eight climate variables:

average temperature (TAVG), diurnal temperature range (DUTR), cooling degree days
(CLDD), heating degree days (HTDD), total precipitation (PRCP), snowfall (SNOW), the
average number of days with precipitation exceeding 0.01 inches (PRCP_GEO0.01), and the
average number of days with snowfall greater than 0.1 inches (SNOW_GEO0.1). Table 2
presents the selected project attributes and climate factors used in this study, along with
their data types and units. Table 3 presents the descriptive statistics for the numerical input
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features. Also, Table 4 provides a few examples of data points from the final dataset after

preprocessing, prepared for machine learning algorithms.

Table 2. Final chosen variables in this study.

Category Feature Type Unit
Project attribute LEED version Categorical -
Owner Type Categorical -
Project Type Categorical -
Gross Floor Area Numerical Sq ft
Climate variables TAVG Numerical Fahrenheit
DUTR Numerical Fahrenheit
CLDD Numerical Fahrenheit
HTDD Numerical Fahrenheit
PRCP Numerical Inches
SNOW Numerical Inches
PRCP_GEO0.01 Numerical Day
SNOW_GEO0.1 Numerical Day
Table 3. Descriptive statistics.
Feature Count Mean Star.ldz?rd Min 25% 50% 75% Max
Deviation
Grojif;oor 67,347 82,482 323,003 0 2026 5669 64,263 37,000,000
TAVG 65,797 59 8 13 52 57 65 82
DUTR 65,797 20 3 8 18 20 22 38
CLDD 65,797 1627 1122 0 768 1301 2612 6289
HTDD 65,797 3725 2077 0 1949 4150 5376 18,846
PRCP 66,945 37 15 2 23 41 47 176
SNOW 61,621 17 24 0 0 4 25 463
PRCP_GEO0.01 66,282 102 38 12 77 113 125 285
SNOW_GEO0.1 61,621 9 13 0 0 2 13 100
Table 4. Sample of the final dataset.
=
o e i 6@ T B =)
o3| 3 E. & - o N s =g <2 g % g’
> 7 2 = > ¢ £ 2 2 & & 2 »
=] — [e)
g = 2 S a 2 o S =~ 3 9 ha E
g 3 3 > -
= 73} ®» E pact = g
LEED v4 Investors Office 163,887 682 23.0 29481 17413 380 02 867 04 61
LEED v4 gﬁg’gfte Industrial 135000 503 20.8 6492 59800 507 365 131.0 121 43
LEED v2009 Investors Office 438,580 619 212 17770 28778 527 05 1175 03 64
LEED v2009 Investors Warehouse 1,331,763 65.5 29.1 1767.1 1566.6 11.0 0.0 36,5 0.0 61
LEED v4 Educational = 34000 532 204 9504 52178 486 252 1257 130 51
Institutions

2.3. Model Selection

We employed machine learning models to analyze the impact of various parameters
on the LEED credits achieved by the projects. To do so, we first identified the target variable
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and its associated features. In this study, the target variable is the LEED points earned
by a project, represented as a continuous numerical value, making regression models the
appropriate choice. Figure 5 illustrates the distribution of data based on the target variable.

Distribution of PointsAchieved original data

10000 -

8000 -

6000 -

Frequency

4000 -

2000 -

20 40 60 80

100 120
PointsAchieved

Figure 5. The distribution of data based on the LEED points achieved by projects.

For the regression analysis aimed at the achieved predicting points, as the first step,
we selected three models to choose the best one for the final model in case of performance.
The models employed include the following: (1) Decision Tree (DT), (2) Support Vector
Regression (SVR), and (3) XGBoost. These models were chosen to balance interpretability,
computational efficiency, and predictive accuracy, ensuring a robust analysis of LEED
credit achievement [54-58]. The final model will be selected based on a performance
benchmarking [59] comparison of the tested models.

2.3.1. Decision Tree (DT)

The DT is a widely used machine learning algorithm for both classification and
regression tasks, favored for its high interpretability and versatility in handling both
numerical and categorical data. A key advantage of this model is its visual representation
of decision paths, which simplifies the understanding of how predictions are derived from
the input variables [60]. Its ability to model complex non-linear relationships also makes it
well-suited for predicting LEED credits. However, the challenge of overfitting requires the
careful tuning of hyperparameters to ensure that the model remains generalized to new
data [61].

2.3.2. Support Vector Machine (SVM)

The SVM is a robust machine learning model used primarily for classification, but
which is also effective in regression [62]. It works by finding the hyperplane that best
separates different classes or predicts values, maximizing the margin between data points.
SVM is favored for its effectiveness in high-dimensional spaces and its flexibility in handling
various types of data through different kernel functions. SVR is an extension of SVM that is
used for predicting numerical values.
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2.3.3. XGBoost

XGBoost, short for eXtreme Gradient Boosting, is an advanced implementation of
gradient-boosting algorithms that known for its speed and performance. This algorithm is
designed to be highly efficient, scalable, and flexible. It works by sequentially building a
series of decision trees, where each tree attempts to correct the residuals or errors of the
previous trees [63,64]. The strength of XGBoost lies in its ability to handle large datasets
with a robust framework for handling missing data, regularizing to prevent overfitting,
and tuning a variety of hyperparameters to optimize performance [65].

2.3.4. Performance Metrics

To evaluate the predictive performance of each model, this study employed standard
statistical metrics commonly used in regression analysis [66]. The selected metrics—RMSE,
R-squared, MAE, and MAPE—are defined in Equations (2)—(5). These equations represent
the mathematical calculations used to evaluate the accuracy of regression models by
comparing the predicted values . to the actual values y; across n observations, where ¥ is
the meaning of the observed data.

1 5
RMSE =\ -} e = Y. 2)

R2 —1_ Dk — y}c)j 3)
Y1k =)

1& .
MAE = EZ|yk_]/k| (4)
k=1
MAPE = % Yk — Yk (5)
n Yk

2.3.5. Hyper-Tuning Parameters

To improve the model’s results, machine learning models need to be optimized by
identifying the best parameters that provide the best performance. In this study, Optuna is
used for automatic hyperparameter optimization [67]. It efficiently searches for optimal
hyperparameter values using an iterative trial-and-error process, aiming to improve the
model’s performance. It employs a Bayesian optimization algorithm called Tree-structured
Parzen Estimator to estimate the promising areas for hyperparameter values. Table 5
presents the optimum values for the parameters of the XGBoost model.

Table 5. Optimum values for the parameters of the XGBoost model.

Parameter Optimum Value
n_estimators 300
max_depth 10
learning_rate 0.054
subsample 0.930
colsample_bytree 0.709
min_child_weight 2

3. Results

Table 6 presents the performance metrics of the three models evaluated in this study.
Since the DT and SVR models do not inherently handle missing values, data imputation
was performed to address any missing entries before training these models. Additionally,
the hyperparameters of the XGBoost model were optimized using Optuna to enhance its
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performance. XGBoost outperformed the other models across all performance metrics,
achieving the lowest Mean Squared Error (MSE) of 50.76, Mean Absolute Error (MAE) of
4.70, and Root Mean Squared Error (RMSE) of 7.12. Additionally, XGBoost demonstrated
the highest R-squared value of 0.81, indicating the best fit to the data. The Mean Absolute
Percentage Error (MAPE) for XGBoost was also the lowest at 9.05%, showing its superior
predictive accuracy.

Table 6. Performance metrics comparison of ML models.

Performance Metric DT SVR XGBoost

Mean Squared Error (MSE) 70.79 110.88 50.76
Mean Absolute Error (MAE) 5.32 7.67 4.70
Root Mean Squared Error (RMSE) 8.41 10.53 7.12
R-squared 0.74 0.59 0.81

Mean Absolute Percentage Error (MAPE) 10.17% 13.68% 9.05%
Training Time (Seconds) 0.55 211.73 9.58
Test Time (Seconds) 0.01 47.60 0.32
Total Execution Time (Seconds) 0.56 259.33 9.91

The Decision Tree (DT) model performed moderately well, having an MSE of 70.79,
MAE of 5.32, and RMSE of 8.41. It achieved an R-squared value of 0.74, which is lower
than XGBoost but significantly higher than SVR. The MAPE for DT was 10.17%, indicating
a slightly higher prediction error than XGBoost. In contrast, the SVR model exhibited
the weakest performance, with the highest MSE (110.88), MAE (7.67), and RMSE (10.53).
Its R-squared value was the lowest at 0.59, suggesting a relatively poor fit to the data.
Furthermore, the MAPE for SVR was the highest at 13.68%, reflecting the largest percentage
error among the models.

Overall, the results indicate that XGBoost is the most effective model for this dataset,
providing the most accurate predictions with the lowest error values and highest R-squared
score. The Decision Tree model performs reasonably well, but falls short compared to
XGBoost. SVR, however, struggles to capture the underlying patterns in the data, resulting
in the highest errors and lowest predictive accuracy.

Based on the performance metrics presented in Table 6, XGBoost was selected as the
best model for predicting LEED credit due to its superior accuracy and lower error rates
compared to DT and SVR. The best parameters obtained using this optimization process
were n_estimators = 300, max_depth = 10, learning_rate = 0.0536, subsample = 0.9296,
colsample_bytree = 0.7086, and min_child_weight = 2. These optimized settings contributed
to the improved efficiency and accuracy of the XGBoost model in this study.

To further evaluate the predictive performance of the optimized XGBoost model, a
residual analysis was conducted by plotting the absolute residuals against the actual LEED
credit values (Figure 6). Residuals, which are the absolute differences between predicted
and actual values, reveal the extent of prediction errors. The plot shows that residuals are
relatively lower for smaller LEED credit values, suggesting that the model performs with
higher accuracy in this range. As the actual LEED credit values increase, the spread of
residuals does expand slightly, but this could be attributed to the lower volume of data in
the higher credit ranges, as indicated by the credit distribution. Although there are some
outliers with larger residuals, they are relatively infrequent and do not significantly impact
the overall performance.
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Figure 6. The scatter plot of absolute residuals versus actual LEED credit values.

Figure 7 illustrates the correlation between actual and predicted values. The data
points are dispersed along a regression line, ideally representing a perfect fit where actual
values equal predicted values. The degree of scatter around this line indicates the model’s
accuracy; a tighter concentration suggests higher predictive power. Notably, the plot reveals
a cluster of data points at lower value ranges, suggesting higher accuracy in this segment
of the data.

Actual vs. Predicted Values

120 A

100 A

80 1

60 -

Predicted Values

201

Actual Values

Figure 7. The scatter plot of the correlation between actual and predicted values.

Figure 8 presents the learning curve of RMSE (Root Mean Squared Error) vs. training
samples for both the training and validation datasets. The RMSE for the validation dataset
is slightly higher than that of the training dataset, suggesting that the model performs very
well on the training data while encountering only a minor challenge when generalized to
unseen data. The convergence of the training and validation curves suggests a reduction in
overfitting as the training set size grows, implying that the model generalizes well to unseen
data. The relatively small gap between the two RMSE values indicates that the model
generalizes effectively and maintains strong performance on new data. As expected, the
training RMSE increases as the dataset grows, reflecting larger datasets’ natural tendency to
introduce more complexity and variance, while smaller datasets are more easily memorized,
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leading to lower RMSE. These observations suggest that the model is learning effectively
and generalizing well to unseen data.

Learning Curve

—&— Training Score
Validation Score

T T T T T T T T
5000 10000 15000 20000 25000 30000 35000 40000 45000
Training Samples

Figure 8. The learning curve of RMSE vs. training samples for both the training and validation
datasets.

The XGBoost model includes a built-in function that calculates the importance scores
of features related to the target variable. Figure 9 displays these scores in descending
order. It shows that the LEED version is by far the most important factor. The project type
follows as the second most crucial factor. The next four features pertain to climate variables,
highlighting the significant role that climate plays in earning LEED points. Conversely, the
Gross Floor Area, one of the main project attributes, is identified as the least important
feature for achieving LEED credits.

Feature Importance in XGBoost

LEED Version -
Project Type
CLDD +

PRCP A
SNOW_GED.1

PRCP_GE0.01 +

Features

Owner Type +
SNOW A
DUTR +
TAVG A
HTDD A

Gross Floor Area

0.0 0.1 0.2 03 0.4 Q0.5
Feature Importance Score

Figure 9. The feature importance scores in XGBoost.

4. Discussion

In this paper, we implemented the three ML models and found that two of them,
including DT and XGBoost, which is also a decision-tree-based model, gave better results
than the SVR model, which struggles with large datasets due to high computational cost.
Besides the performance metrics, which showed the better performance of the XGBoost,
the other features of this model, like handling missing values and providing inherent
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feature importance scores, which make it more interpretable, led us to continue with this
model for further analysis. Hypertuning the parameters of the XGBoost model resulted in
a well-fitted model for our case, which showed relatively low errors.

The LEED version emerges as the most important factor, suggesting that variations
in scoring criteria and policies across different versions significantly impact the points
achieved by projects. Although the points required for each certification level (Certified,
Silver, Gold, Platinum) are defined within each version, differences in credit requirements
and weighting across versions may contribute to substantial variations in project scores.
This highlights the evolving nature of LEED standards and their influence on certification
outcomes. The second most important factor is the project type, which demonstrates that
different types of projects do not face the same conditions in their pursuit of LEED points.
This may be because of differences in the overall budget dedicated to various types or
differences in the requirements they must meet to achieve certification. The next four
features are climate variables, which underscore the climate’s significant role in obtaining
LEED points. Interestingly, CDD is the most effective climate variable, while TAVG, another
variable related to temperature, does not seem very important relatively. It shows that,
in regions with hot summers and high CDD, some LEED credit categories have become
more critical and more challenging to achieve. PRCP as the second important climate
factor also seems reasonable because some credits are related directly to the amount of
precipitation, like credit associated with controlling the stormwater, which makes more
sense to be achieved in regions with high PRCP [68].

Compared to previous studies, this paper benefits from a large dataset encompassing
a broader range of project types, regions, and climates. This, indeed, makes the results
more reliable. However, this study still has some limitations. First, the budget or cost
parameter is not considered a feature in this study, which absolutely is a significant factor
affecting the achievement of LEED credits. Second, this study did not investigate LEED
credit categories independently as target variables, which would have made the results
more interpretable. Future research could expand the model presented in this study to
target LEED credit categories. For instance, one key category in the LEED rating system
is Energy and Atmosphere, which emphasizes optimizing energy performance [12]. This
presents opportunities to utilize energy optimization and sustainability tools, such as load
forecasting techniques [69-71] and prescriptive maintenance systems [72], to enhance the
selection and prediction of LEED credits.

5. Conclusions

This study demonstrates the effectiveness of machine learning in predicting LEED
credit attainment, with XGBoost outperforming DT and SVR due to its superior handling
of large datasets, missing values, and interpretation of feature importance. This analysis
reveals that LEED version and project type were the most influential factors, highlighting
variations in certification criteria and project-specific challenges. Additionally, climate
variables, particularly CDD and PRCP, played a significant role, emphasizing the impact of
regional climate conditions on sustainability outcomes.

These insights can inform project planners and policymakers in tailoring sustainability
strategies based on project attributes and environmental conditions. Moreover, the model
can assist decision-makers in optimizing investments by identifying the most impactful
strategies for achieving LEED certification, whether by constructing new sustainable build-
ings or by enhancing existing ones. Beyond guiding investment decisions, this research
can benefit sustainability consultants and developers by providing data-driven recommen-
dations on the most feasible LEED credits under specific project and climate conditions.
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Additionally, it can contribute to developing targeted financial incentives and regulatory
policies that promote green building practices more effectively.

Despite the robustness of the model and the comprehensive dataset used, certain
limitations remain. The absence of budget-related factors may overlook critical financial
constraints affecting LEED credit attainment. Moreover, analyzing LEED credit categories
separately as target variables could provide deeper insights into how specific credits are
influenced by project and climate attributes. Future research should incorporate eco-
nomic considerations and a more granular examination of credit categories to enhance the
interpretability and applicability of machine learning models in sustainable building certifi-
cation.
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