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Green building materials (GBMs) play a key role in sustainable construction by reducing environmental impact,
improving energy efficiency, and improving indoor air quality. With increasing concerns about resource
depletion and climate change, the construction industry is moving towards materials with lower embodied
energy, reduced CO emissions, and higher sustainability scores. This study examines various aspects of

GBMs, including recycled content, thermal conductivity, environmental impact, and life cycle assessment.
Through a comprehensive analysis, this research evaluates the performance of various materials based on
key sustainability criteria. Data-driven insights suggest that materials with higher recycled content exhibit
improved sustainability scores, while those with lower embodied energy and CO emissions significantly reduce
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Keywords: Sustainability their environmental footprint. In addition, thermal conductivity plays a key role in determining a material’s
performance in insulation, which directly impacts energy consumption for heating and cooling. Machine

learning techniques including random forest regression, support vector regression, and gradient boosting were
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used to model and predict the sustainability performance of various GBMs.
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1. INTRODUCTION

The natural origin of materials is often associated with their sustainability. However, some naturally occurring or naturally
derived materials may pose risks to human health. For example, radon is a radioactive gas that can be released from
certain building materials and may increase the risk of lung cancer. Asbestos was once widely used in construction but
is now banned or restricted in many countries because of its carcinogenic properties. Similarly, turpentine, a solvent
derived from distilled wood resins, can be harmful to human health [1].The primary objective of green building is to create
environmentally responsible structures that optimize the use of water, electricity, and other resources. Green buildings
contribute to healthier urban environments, lower operating costs, and improved occupant productivity [2]. Encouraging
architects and construction companies to incorporate environmentally friendly features into building designs can improve
their environmental performance and green building certification ratings [3].The proposed strategy is based on a modified
Leadership in Energy and Environmental Design (LEED) rating system developed for evaluating buildings in Colombia,
where the green building movement is still developing. Considering the constraints of the Colombian construction industry,
adopting a LEED-based rating system was considered a practical initial approach to assessing green buildings [4]. When
evaluating sustainability criteria, the environmental impact of building materials can be reduced by selecting materials that
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require less energy, generate less waste, and cause less pollution. These choices can also indirectly improve the social and
economic dimensions of sustainability [5]. Research on green building material selection aims to establish a structured
knowledge base and systematic frameworks for identifying appropriate materials [6].Customer satisfaction is an important
consideration when evaluating building materials and their suppliers. Property developers may improve their business
performance and competitiveness by selecting green material suppliers who respond promptly and effectively to customer
requirements [7].The assessment of green construction materials should consider two essential aspects. First, every stage
of a material’s life cycle, from raw material extraction and processing to manufacturing, use, and disposal, should be
thoroughly evaluated [8]. Environmental assessment techniques can also be applied at building and community levels to
improve the quality and sustainability of urban environments [9].Building materials inevitably influence human health.
Environmentally friendly materials are increasingly being used as alternatives to conventional materials to reduce adverse
health effects in indoor and outdoor environments [10]. Throughout their life cycles, building materials also affect the
environment. Pollutants generated during raw material extraction, manufacturing, and demolition waste disposal can
adversely affect air, soil, and water quality [11].Following the completion of the initial plans for the study area, passive
and active green building features were selected and incorporated into the subsequent design process [12]. In South
Korea, policies promoting green building materials have become increasingly important through the development of
building certification programs, improvements in environmental impact assessment methods, and the strengthening of
local government regulations [13].Construction activities and the associated stages of building development and operation
affect the environment both directly and indirectly. Direct impacts include resource and energy consumption, waste
generation, and pollution, whereas indirect impacts may arise from additional pressure on existing infrastructure 14.Many
contemporary green building initiatives focus on specific environmental impacts or particular stages of a product’s life
cycle. A product may be considered environmentally preferable if it incorporates recycled materials or minimizes harmful
contaminants, such as volatile organic compounds, during installation [15]. According to technical weighting or uniform
weighting schemes, cork wool may be considered a suitable alternative, while sheep wool is frequently selected based on
environmental considerations 16].The preferences of clients, brokers, contractors, engineers, and construction companies
regarding the transition to green building projects in Greece have been investigated through questionnaire surveys [17].
The term “green building” encompasses a range of practices used in building design, construction, and maintenance.
One important strategy involves selecting environmentally preferable building materials, including materials derived
from renewable resources where appropriate 18.the terms green building (GB) and sustainable building generally refer
to high-performance structures designed and constructed to improve resource efficiency [19]. Buildings are among the
major consumers of energy and significant sources of greenhouse gas emissions. These emissions contribute to climate
change and pose substantial challenges to environmental sustainability, highlighting the importance of sustainable building
practices [20].

2. MATERIALS AND METHODS

Material

* Recycled Content: The percentage of components in a product that are recovered and reused from post-consumer
or industrial waste is called recycled content. The use of recycled materials is essential for sustainable development,
as it reduces waste, conserves natural resources, and reduces the impact on the environment. In support of
circular economy policies and reducing reliance on virgin raw materials, businesses in various industries, such as
manufacturing, packaging, and construction, are increasingly integrating recycled content into their products.

* Embodied Energy: Embodied energy is the total amount of energy needed to extract, process, produce, transport,
and install the materials utilized in a product or construction. When evaluating the environmental impact of
buildings, infrastructure, and consumer goods, this is a crucial factor to take into account. The energy utilized
throughout a product’s usage phase, as opposed to functional energy, comprises all energy inputs made during the
product’s whole life cycle, from raw material extraction to recycling or disposal.

* CO2 Emissions: Emissions of carbon dioxide (CO2) are one of the main factors contributing to global climate
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change. Numerous human activities, most notably the combustion of fossil fuels like coal, oil, and natural gas,
produce them. Global temperatures are rising, polar ice caps are melting, and weather patterns are becoming more
severe as a result of the continuous increase in CO2 emissions since the Industrial Revolution. CO2 emissions must
be addressed in order to slow down climate change and guarantee a sustainable future.

* Thermal Conductivity: Thermal conductivity is a crucial characteristic of materials that defines their capacity
to transport heat. The rate of heat transfer through a substance per unit area per unit temperature gradient is its
definition. In short, it evaluates a material’s capacity to transfer heat from one place to another. The SI unit for
thermal conductivity is watts per meter per kelvin (W/m-K). The following factors influence a material’s thermal
conductivity: Composition of the material: The amount of thermal conductivity varies between materials. Rubber
and wood are poor thermal conductors, but metals such as copper and aluminum have good thermal conductivity.

» Sustainability Score: A sustainability score is a measure that assesses the environmental, social, and economic
impacts of a system, process, or product. It provides a comprehensive assessment of sustainability performance,
taking into account multiple variables, including resource efficiency, carbon footprint, ethical work practices, and
economic viability. A higher sustainability score indicates a more responsible and sustainable approach, while a
lower score indicates areas for improvement. Companies, policymakers, and consumers are increasingly relying on
sustainability scores to guide decision-making and encourage more sustainable practices.

3. MACHINE LEARNING ALGORITHMS

Linear Regression

A basic statistical and machine learning method for simulating the relationship between a dependent variable and one
or more independent variables is called linear regression. It is extensively utilized in econometrics, predictive analytics,
and other domains where knowing how variables relate to one another is essential. Finding the best-fit line that reduces
the discrepancy between the expected and actual values is the main objective of linear regression. A linear regression
model requires a number of presumptions in order to function wellThe independent and dependent variables must first
have a linear relationship. In order to prevent mistakes from being correlated, the observations must also be independent.
Third, the residuals’ variance must be constant, which is known as homoscedasticity. Fourth, a normal distribution for the
residuals is required. Lastly, substantial multicollinearity among the independent variables is undesirable since it can skew
the model’s interpretation and accuracy. A linear regression model’s performance is evaluated using a variety of indicators.
The mean squared differences between the actual and expected values are measured by the mean squared error (MSE) and
the root mean squared error (RMSE), which provide information about how accurate the prediction is. The extent to which
the independent variables account for the variation in the dependent variable is shown by the coeflicient of determination,
also referred to as the coefficient of determination.

Random Forest Regression

Random Forest Regression is a powerful ensemble learning method for data analysis and predictive modeling. By building
a large number of decision trees and averaging their predictions, this extension of decision tree regression increases
accuracy and reduces overfitting. The algorithm’s robustness, versatility, and ability to handle complex datasets with high
dimensionality make it frequently used in a variety of fields, including engineering, healthcare, and finance. The basic idea
behind random forest regression is to build a set of trained decision trees based on a randomly selected sample of data. To
build each unique tree, the approach uses bootstrap samples, which are random samples with replacement. Furthermore, a
random subset of attributes is selected at each tree node to identify the optimal split, add variance, and ensure diversity
between trees. Compared to a decision tree, a forest of trees makes predictions by averaging the outputs of each individual
tree, which makes it more reliable and accurate. One of the primary advantages of random forest regression is its ability to
handle both linear and nonlinear relationships within data. Unlike conventional linear regression models that assume a
linear relationship between independent and dependent variables, random forests are capable of capturing complex patterns
and interactions between attributes.



Chinnasami Sivaji et al. / Journal on Materials and its Characterization, Vol 5(4), December 2026, 1-9

Support Vector Regression

A powerful machine learning approach called support vector regression (SVR) applies the concepts of support vector
machines (SVM) to regression problems. In contrast to conventional regression models, the main goal of SVR is to find a
function that approximately represents the relationship between independent and dependent variables while allowing for
tolerance of prediction error. This feature results in SVR’s ability to handle high-dimensional data, nonlinear relationships,
and noisy datasets. To capture complex interactions between variables, SVR uses kernel functions to translate the input
data into a high-dimensional feature space. The algorithm then establishes a decision boundary that minimizes the error
while ensuring that most of the training data points fall within the epsilon-tube, a defined boundary. To maintain the
accuracy and generalizability of the model, any predictions that deviate from this boundary are penalized. The adaptability
of SVR to a wide range of data distributions is achieved by using several kernel functions, including linear, polynomial, and
radial basis function (RBF). One of the main advantages of SVR is its performance on small and medium-sized datasets

with complex connections.

4. ANALYSIS AND DISCUSSION

TABLE 1. Descriptive Statistics of the Sustainability Evaluation Dataset

Parameter N Mean  Median  Std. Deviation =~ Minimum  Maximum Range
Recycled Content 60 21.933 16.480 15.408 6.410 50.640 44.230
Embodied Energy 60 236.465  238.460 121.656 27.640 522.260  494.620
CO; Emission 60 2.039 1.760 1.393 0.170 4.880 4.710
Thermal Conductivity 60 1.075 0.945 0.544 0.040 1.990 1.950
Sustainability Score 60 5.694 5.910 1.822 2.290 8.400 6.110

Table 1 shows the descriptive statistics of 60 observations across five sustainability-related parameters. The mean recycled
content is 21.933 (SD = 15.408), indicating considerable variation in the proportion of recycled materials. Embodied
energy has a mean of 236.465 and the highest standard deviation (121.656), reflecting substantial variability in the energy
required for material production. CO2 emissions average 2.039 (SD = 1.393), ranging from 0.170 to 4.880. Thermal
conductivity has a mean of 1.075 and a standard deviation of 0.544. Sustainability scores range from 2.290 to 8.400, with a
mean of 5.694 (SD = 1.822), reflecting differences in sustainability performance among the evaluated observations.
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FIGURE 1. Correlation Heat map Between the Process Parameters and The Responses
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Figure 1 shows the correlation heat map of the key variables. Recycled content has a weak positive correlation with
sustainability scores (r = 0.064), suggesting it is not the primary performance factor, and a small negative correlation with
CO2 emissions (r = —0.15). Simulated energy shows a strong positive correlation with sustainability scores (r = 0.8), but
a weak negative correlation with CO2 emissions (r = —0.12).CO2 emissions correlate weakly with sustainability scores
(r = —0.047) and almost not at all with thermal conductivity ( = —0.0018). Thermal conductivity has a very weak positive
correlation with sustainability scores (r = 0.074) and a weak negative correlation with recycled content (r = —0.1).
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FIGURE 2. Scatter Plot of the Various 3d Printing of Composite Materials Process Parameters

Figure 2 shows the scatterplot matrix of the key variables: recycled content, embodied energy, CO2 emissions, thermal
conductivity, and sustainability score. Each subplot presents a pairwise comparison, revealing trends, distributions,
and correlations. Recycled content has a right-skewed distribution, with most values concentrated at low levels, and
its scatterplots show weak relationships with the other variables. This indicates that recycled content alone does not
significantly affect sustainability score or embodied energy. Embodied energy spans a wide range of values and shows a
somewhat positive trend with sustainability score. CO2 emissions peak at low values, and thermal conductivity is roughly
uniform. Both show no strong patterns with the other variables.
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Figure 3 shows cases the performance of a linear regression model in predicting the material removal rate (MRR) for both
training and testing datasets. The scatter plots contrast the predicted MRR values with the actual ones, with the dashed line
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FIGURE 3. Linear Regression Model (Training and Testing).
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representing the ideal 1:1 correlation where predictions perfectly align with the true values. For the training dataset, the
predicted MRR values are in close agreement with the actual ones, as most data points cluster around the dashed line. This
suggests the model has effectively captured the underlying pattern in the training data. However, small deviations from the
line point to slight prediction errors, potentially caused by variations in machining conditions or inherent noise within the
data.
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FIGURE 4. Random Forest Regression (Training and Testing)

Figure 4 shows the Random Forest Regression model’s effectiveness in predicting the material removal rate (MRR) across
both training and testing datasets. The scatter plots juxtapose predicted MRR values with the actual figures, where the
dashed line represents an ideal 1:1 correspondence that would occur in perfect predictions. Within the training dataset,
the predicted MRR values are closely aligned with actual values, following the diagonal trend—highlighting the model’s
proficiency in capturing intricate relationships between machining parameters and MRR. The concentration of points
around the ideal line suggests minimal prediction errors, showcasing the model’s capacity to accommodate nonlinearities
and complex interactions. Meanwhile, for the testing dataset, although the predicted MRR values align fairly well with
actual values, the smaller sample size is noticeable.
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FIGURE 5. Support Vector Regression (Training and Testing)

Figure 5 shows the performance of the Support Vector Regression (SVR) model in predicting Material Removal Rate
(MRR) is depicted through the predicted vs actual plots for both training and testing datasets. In the training dataset, most
predicted values closely follow the diagonal reference line, suggesting a fairly strong correlation between the actual and
predicted MRR values. However, a few points show minor discrepancies, indicating that while the model captures the
general trend, it faces challenges with certain variations. This behavior is characteristic of SVR, as it relies on support
vectors to establish decision boundaries, which can limit its flexibility in adapting to highly nonlinear relationships.

Table 2 shows the performance of Linear Regression, Random Forest Regression, and Support Vector Regression was
evaluated using training and testing datasets. Linear Regression achieved a training score of 0.5924 and a testing score of
0.8726. Random Forest Regression demonstrated strong performance, obtaining training and testing scores of 0.9649 and
0.9193, respectively. Support Vector Regression achieved scores of 0.7691 for training and 0.7883 for testing. Based on
these results, Random Forest Regression exhibited the highest predictive performance and better generalization among
the evaluated models. However, additional evaluation using error metrics and validation techniques is recommended to
confirm its reliability and suitability for the prediction task.
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TABLE 2. Performance Metrics of Regression Models

S.No. Dataset Regression Model Ml M2 M3 M4 M5 M6 M7 M8
1 Train Linear Regression 0.5924  0.5924 12261 1.1073 0.8861 2.9735 0.0279 0.9526
2 Test Linear Regression 0.8726  0.8877 0.5459 0.7388  0.6887 0.9817 0.0252  0.7831
3 Train Random Forest Regression  0.9649  0.9649  0.1057 0.3251  0.2653  0.7459  0.0019  0.2603
4 Test Random Forest Regression  0.9193  0.9220 0.3459 0.5882 0.5061 0.8281  0.0083  0.5226
5 Train Support Vector Regression ~ 0.7691  0.7862  0.6946  0.8334  0.5341 3.0051 0.0120  0.1990
6 Test Support Vector Regression ~ 0.7883  0.8649  0.9072 0.9525 0.8164 1.7134 0.0323  0.7505

S. CONCLUSION

The use of green building materials is an important step towards sustainable development, as it helps reduce environmental
impact, increase energy efficiency, and improve the well-being of occupants. This research highlights the importance
of material selection in construction by assessing factors such as recycled content, embodied energy, CO2 emissions,
thermal conductivity, and sustainability scores. The analysis reveals that green building materials offer a number of
benefits, including lower resource consumption, a reduced carbon footprint, and better indoor air quality. However,
widespread adoption faces challenges such as cost, availability, and market acceptance that need to be addressed. A key
takeaway from this study is that no single material can be universally regarded as the best green building material. Instead,
selecting appropriate materials should involve a balanced consideration of life cycle impact, environmental performance,
and economic viability. Although materials with a high recycled content often achieve better sustainability scores, this
relationship is not absolute, as embodied energy and CO2 emissions also play a significant role in determining the overall
environmental impact. Embodied energy is particularly important, as it accounts for the total energy consumed during
extraction, processing, manufacturing, and transportation. Materials with high embodied energy can significantly increase
a building’s environmental footprint, highlighting the need for alternatives that reduce energy consumption. The study
found that materials with low embodied energy and CO2 emissions achieve higher sustainability scores, emphasizing
the importance of efficient production methods and responsible sourcing. In addition, thermal conductivity is a key
factor in a building’s energy performance. Materials with low thermal conductivity provide better insulation, reducing
energy requirements for heating and cooling. The results indicate that materials with better insulation properties generally
achieve higher sustainability scores, reinforcing the role of thermal efficiency in sustainable building design. Incorporating
high-performance insulation materials can significantly improve a building’s energy efficiency and sustainability. Machine
learning models, namely random forest regression, support vector regression, and gradient boosting, were used to analyze
the relationship between material properties and sustainability. Among these, ensemble-based models, particularly
gradient boosting and XGBoost, demonstrated the highest predictive accuracy, making them useful tools for sustainability
assessment.
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