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Abstract: As a fundamental feature of green building cost forecasting, external support is crucial.
However, minimal research efforts have been directed to developing practical models for determining
the impact of external public and private support on green construction projects” costs. To fill the
gap, the current research aims to develop a mathematical model to explore the balance of supply and
demand under deflationary conditions for external green construction support and the accompanying
spending adjustment processes. The most current datasets from 3578 green projects across Northern
America were collected, pre-processed, analyzed, post-processed, and evaluated via cutting-edge
machine learning (ML) techniques to retrieve the deep parameters affecting the green construction cost
prediction process. According to the findings, public and private investments in green construction
are projected to decrease the cost of green buildings. Furthermore, the impact of public and private
investment on green construction cost reduction during deflationary periods is more significant
than its influence during inflation. As a result, decision-makers may utilize the suggested model to
monitor and evaluate the yearly optimal external investment in green building construction.

Keywords: green construction projects; external support; cost prediction; machine learning

1. Introduction

The building sector contributes to reducing the adverse impacts of climate change and
natural resource diminution [1,2]. According to reports, green buildings account for up to
40% of overall energy use and 30% of greenhouse gas emissions. In the European Union
(EU), for example, buildings account for 40% of total energy consumption during their
life cycle, 36% of total greenhouse gas emissions, 50% of all raw materials exploited, and
33% of total water use [3]. Furthermore, over the previous decade, the overall number of
households in the EU has expanded by 7%, with 195,000,000 homes by 2022 and residential
structures accounting for 5.3% of gross domestic product (GDP). These data demonstrate
that sustainable building development would considerably reduce greenhouse gas emis-
sions from the construction sector into the atmosphere. Therefore, sustainable construction
has been pushed and marketed as a driving paradigm for building industry development.

As a result, sustainable building (also known as green building) has been advocated
and represented as a growth paradigm in the building business [4]. Green construction
was described as the creation of buildings and the use of environmentally resource-efficient
and conscientious methods all over the lifespan of a construction project. Therefore, green
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construction would significantly reduce adverse environmental consequences and create
more effective resource usage [5]. Within the same vein, sustainable construction projects
were also proposed as a leading paradigm for building green sector development [6].

Green buildings are critical construction initiatives that greatly influence social wel-
fare [7] where they have a substantial influence on society and the economy globally [8].
A systematic approach to sustainable building considers the local climate and raw re-
sources. Aside from that, sustainable construction projects employ modern technologies
that decrease limited resource consumption, ecological footprints, and related life cycle
costs [5,9-11]. The advantages of sustainable construction are classified into three categories:
economic, environmental, and social [12]. Economic advantages include increased rent and
sales returns, elevated residence levels and efficiency, and lower long-term expenses [13].
Additionally, the societal components are concerned with ecological biotechnology and the
overall equilibrium of all involved parties [14].

Consequently, professionals in academia, industry, and society understand the impor-
tance of construction projects in making cities inclusive, resilient, and sustainable. In this
environment, many nations confront the task of employing integrated policies, strategies,
guidelines, and plans in their building stock to promote inclusivity, mitigation, resource
efficiency, and climate change adaptation. However, regardless of these efficient schemes,
one of the significant challenges in constructing this new-found paradigm of sustainable
construction stock is the persistent worry about finance for long-term amortization, taxation,
and house occupation [15].

The significant preliminary capital expenses and decreased market value, compared
to traditional buildings, provide stakeholders with a quandary [16]. Implementation, on
the other hand, lacks urgency because the present group of politicians will be set out when
the severe impacts of climate change are realized. Furthermore, the dispersion of skills
across multiple administration ranks (regional, central, and local governments) and many
players delays the appropriate advancement of sustainable construction projects [17,18].

In this regard, the engagement of authorities (those accountable for strategy formation
and enforcing prosecution procedures) is viewed as an efficient strategy for promoting
the requirements of sustainability in the construction arena [19]. Previous study findings
and global announcements highlight the social, environmental, and economic gains of
green construction projects and the necessity for administration inducements to stimulate
the implementation of sustainability principles in the construction industry [20,21]. Fur-
thermore, stakeholders could share power over and affect development efforts, measures,
and outcomes that directly affect them [22,23]. Accordingly, it is critical to consider all
stakeholders’ expectations and demands when examining the policies governments might
implement as efficient tools for decreasing the environmental effect of the green construc-
tion industry. As a result, there is still a lack of comprehensive understanding of governance
supervision between the public and private sectors and their related legal conditions and
terms in green construction projects [24]. Thus, it is suggested to provide a comprehensive
analysis of external support’s influence on the green construction cost prediction. In the
light of the provided future research recommendation, the current study aims to take the
research within this area to the next step by providing an integrated model that considers
all influential attributes. Additionally, the developed model is generic as it relies on the
collected construction-related real data as a primary input for the prediction process.

From there, the primary objective of this study is to identify the stakeholders that
governments may use to develop the sustainability of green construction projects. To
accomplish this goal, a hybrid mathematical and machine learning model was utilized to
analyze the government’s effect on the cost of green construction projects. Our findings
are intriguing and innovative for governmental impacts to improve the home construc-
tions’ sustainability and usage; they may assist nations paying attention to introducing
governmental sustainable building policies. It is also critical to build a realistic and general
model for regulating the financial interaction between the public and private sectors and
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researching an organizational investment. Thus, the current research aims to answer the
subsequent research question.

How does the external support from the public and private sectors affect the green
building construction cost?

2. Literature Review

Depending on the instrument utilized, the academic literature takes several approaches
to the drivers (incentive measures) for designing sustainable buildings. Additionally, stud-
ies that are linked with the possibility of adopting fiscal incentives, which force compliance
with specified conditions or regulations imposed by governments, are investigated [25].
The advantages of sustainable and green structures in implementing environmentally
friendly construction techniques, on the other hand, were defended [26]. Thus, construc-
tion sustainability development depends on individuals in the industry being aware of the
relevance and opportunities presented by green structures and having the capacity and
motivation to act based on such information [27].

Incentives for sustainable buildings (e.g., loans, taxes, rebates, and grants) are acces-
sible in Canada and evaluated in terms of energy performance [28]. The inducements to
stimulate green and sustainable development in the private sector in the US, on the other
hand, were briefly described [10]. In addition, sustainability drivers for real estate securities
were investigated [29]. Furthermore, a study found inducements that drive contractors to
implement green and sustainable building techniques [28]. However, no detailed explana-
tion of incentives as a technique for driving the implementation of sustainable building has
been provided [30].

Administrations in Europe (e.g., Spain) have developed financial support mechanisms
and loans to build 9088 new green and sustainable construction and renovate energy
proficiency features [31]. Additionally, in Poland, the National Fund for Environmental
Protection and Water Management (NFEPW M) provides inducement programs for build-
ing or acquiring more efficiency within residential buildings [32]. In addition, financial
assistance is given in the shape of preferential repayment of a bank mortgage for the pur-
chase/construction of a home. Additionally, regional schemes have been introduced in
Hamilton/Canada, where a property exemption of the federal tax of up to 75% is projected
to accumulate on a newly built green and sustainable construction [33]. Moreover, the
Finnish Energy Certificate Act forces residential owners to get an energy certificate and
follow permission processes before purchasing or renting a property [34].

Switzerland’s “Building program” incentivizes house restoration to enhance windows,
walls, roofs, and floors [35]. Another representative example from Singapore that illustrates
the role of external support in fostering the transformation into green construction, where
the government established the Green Mark Scheme (GMS) 17 years ago to endorse green
and sustainability in the erected setting and enhance ecological consciousness amongst de-
signers, developers, and builders throughout the project life cycle, from scheme conception
and design through completion. They have developed a series of incentives to promote the
private sector to assemble green buildings that earn the highest GMS rating, reimbursing
up to 50% of qualifying expenses to increase buildings’ energy efficiency [36]. A project is
also ongoing to develop strategies for the National Sustainable Development Plan (NSDP),
providing economic advantages and inducements to encourage green and sustainable
construction in Colombia [37]. Lacking a special enticement for the construction process
itself, the improved investment adjustment plan in the United Kingdom enables a 100%
investment cost deduction in meeting the criteria for having equipment that can be used
to save energy [38]. In the same vein, in Portugal, metropolitan buildings’ estate transfer
taxes can be waived if the energy effectiveness of the building is improved. Additionally,
metropolises might additionally lower community estate tax rates for inner-city houses
deemed energy-effective, sustainable, and green depending on annual power usage [39].

Moreover, several incentives for the green building were circulated all over France.
For instance, property taxes are partially or fully waived for structures that have earned
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low energy expenditure accreditation. Exemptions might reach 100%, varying based on
the judgment of the municipal authorities deciding the exemption duration. Depreciation
allowances occur in the Netherlands for ecologically friendly estates in random environ-
mental investments’ depreciation. In addition to standard depreciation, up to 36% of capital
investment can be deducted from taxable earnings [40].

The literature evaluation demonstrates work that improves sustainable building
through various government incentives. However, most research and legislation have con-
centrated on sustainability without considering the influence of external support through-
out the building’s life cycle (i.e., loans, taxes reduction, rebates, and grants). Furthermore,
these developed models were created to account for financial aspects for a limited phase,
particularly when main equilibrium targets, which is the economic scenario in which mar-
ket demand and market supply are equal to one other, resulting in price level stability,
are specified. Furthermore, earlier studies sought to quantify the impacts of government
incentives on the green building construction industry; however, no existing research has
simulated all potential instances to evaluate government assistance. As a result, further
study is required to uncover legislative drivers, which are the policies and strategies related
to green construction industry, given the many leadership levels that might make decisions
and the vast range of tools accessible to assess the entire construction life cycle, which
supports the current paper’s interest. The current study is one of a kind and will interest
public investment legislators. As a result, it adds to the state-of-the-art on green construc-
tion project management by establishing a macroeconomic, financial mathematical model
that calculates GDP changes for green project investment. The findings give developers
valuable insights into improving public investment policies to enhance the private sector’s
efficiency in green development.

3. Methodology

The present study consists of the following phases. The primary goal is to create
a model for estimating green construction project costs based on external support im-
pact. First, the current situation is examined using updated parameters of the traditional
macro-econometric model to approximate fluctuations in domestic output because of
green construction investment. The economic situation’s issues within the existing macro-
econometric model are then included in the study to increase the model’s proficiency. Next,
the implications of public finance on public investment (particularly the calculation of
governmental bond equilibrium as a percentage of GDP) in the green building industry are
investigated. Following that, data collection and feature selection were carried out. Finally,
a machine learning algorithm discusses and simulates the applicability of the proposed
model. Figure 1 represents a flowchart of the adopted research methodology.
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Figure 1. Flowchart methodology of the proposed model.

4. Mathematical Model Formulation

For solid mathematical representation, it is necessary to examine all current significant
factors that impact the characterization of the best external investment in green building
projects. It is also critical to explicitly state the fundamental assumptions and describe
how they impact the current research outputs. Furthermore, it is thought that good
econometric modeling is dependent on how stakeholders react to policy changes. Therefore,
when analyzing the green building project investment, the present economic condition is
considered, with a deflationary gap supposed to account for swings in interest rates caused
by the investment. The output gap is utilized as an explanatory variable to address such
constraints in the proposed model.

The economic technique used during the deflationary era analyses is depicted in
Figure 2. It is demonstrated that the cost of building materials decreases while the value of
capital grows, resulting in savings and debt payback. In this instance, demand falls while
supply surpasses demand, resulting in a deflationary gap. As a result, for the period of
deflationary, the production gap falls lower than 0, resulting in a gap of deflationary [41].
When the production gap exceeds 0, an inflation gap with a point is inflationary, which
may be described as the difference between the present concentration of the real GDP and
the GDP expected to happen if a financial system operates at a maximum employment
rate [42]. Equation (1) expresses the output gap.
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Figure 2. Proposed model architecture, including the output gap.
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As aresult, the output gap is used as an explanatory feature to arrange the link between
the price index, the output gap, and interest rates to include it in the model’s form. The
model’s basic setup takes price declination effects into account. During a deflationary phase,
when demand falls below supply, the GDP deflator and the consumer price index decline in
proportion to the production gap level. Furthermore, if the economic stimulus is measured
in financial expenditure, GDP on the demand side will rise, the output gap will narrow,
and the GDP deflator and price index will enhance. Consequently, real GDP variations
are estimated while considering price impacts. The fundamental setup of the developed
mathematical model that investigates the impact of interest rates is also demonstrated.
Because of a scarcity of cash in the market because of financial expenditure, it is believed
that interest rates will rise, and green building investment will fall.

However, in a zero-interest-rate environment with no future initiatives from the private
sector, the adverse effect of government expenditure on market interest rates is negligible.
Preferably, the beneficial impact should be significant in demand generation [43]. As a
result, this article modifies the impacts and functions of financial expenditure throughout
the deflationary phase while contemplating the negative and positive consequences on
interest rates. Furthermore, because availability is an essential aspect of the current research,
the production function that was developed by Cobb — Douglas has been created to estimate
the GDP gap using accessibility indices, as shown in Equation (2) [44].

Output gap =

Real GDP = Y x ((1— ) x N)* x (@ x 8)1"%) x 4 @)

where Y is total factor productivity, ¢ is the unemployment rate, N is the number of
employees, @ is the operating rate ¥ is capital stock, a is the capital allocation rate, and &
is the accessibility factor for the green construction materials.
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To mathematically represent the real potential GDP once the trend item is set to 1, the
following equation Equation (3) is achieved.

Log (Real potential ~ GDP)
=P+ (1-P) x Log(R x 2) ®)
+P, x Log (® x 0 x (1—1)) + P3 x Log (&)

where Pj, P», and P; are the parameter estimations of the production function, R represents
the capital stock of the private sector, 2 is the rate of occupancy, @ is the working hours
(non-agricultural and forestry), and 6 is the labor population.

The generalized cost function amongst living zones i — j is described as accessibility
by considering the average living zones’ residents and given the reciprocal as represented
in Equation (4).

s_ L%
NTr ke @)
j 4 Gij
where i, j represents the living area, Xf represents the living area i accessibility of green
building g, 2§
g, and X is the population of living area j.

The economic model identifies defining attributes for the mathematical model’s fun-
damental structure and formulation. However, because green building development is a
strategy attribute, an accessibility index is utilized as a production variable. Furthermore,
the function of fiscal expenditure should be recognized by considering random factors of
the deflationary phase and the private enterprises’ debt, which may trigger an awareness
of the economic condition during deflation.

As a flow effect, the suggested model addressed the influence of private debt on
private investment in the existing deflationary financial system. As a result, green building
maintenance improves production efficiency as a stock impact. Furthermore, during
an inflationary time, construction firms enhance potential capital expenditure to boost
revenues and raise corporate debt. On the contrary, construction businesses cut investment
expenditure and corporate debt during the deflationary era to lower corporate debt. The
study revealed that the savings—investment disparities for enterprises and families are
positive, implying no consumption or principal investment, while the general government’s
debt remains constant. Creating enough demand promotes the fiscal cycle for the green
building construction arena. As demonstrated in Equation (5), the function of private
consumption represents the effect of the private construction business.

is the generalized cost function between i — j living zones of green building

Py xD(Ey—Es—E P3xD(L—
(Es) = P+ DX ( (i( 5—E) | Pax 1(00 (9)) -
+Py X D(EB(fl)) + P5 x D(¢) 4+ Pe x D(¢)

D (v) represents the difference from the previous period of variable v, E3 is the
private company equipment, Ey is the gross domestic product, E5 is the government’s final
consumption expenditure, Eg4 is the permanent investment growth rate, I is the interest
rate for the long term, ¢ is the green construction material cost index, E3 (—1) is the private
enterprise equipment, and ¢ is the debt. The green construction material cost index is
mathematically represented in Equation (7).

I’
L(me_’_l) :P1+P2><L<Q><ij+1>+P3><L($)+P4><L(B) (6)

L (t) represents the variables’ t logarithm variation for the individual cycle, ¢ is the
consumer price index, ¢ is the GD P deflator, Ju is the consumption tax, Q is the tax conversion
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factor in deflationary phase, and B is the interest rate within the short term. Here, Equation (7)
shows the mathematical representation of the final private consumption spending.

Log (Ey) =Py + P, x Log(%) + Pz x Log(?) (7)

where Ej is the final private consumption spending, G represents the potential gains, K is
the economic asset equilibrium, Z is the stipend, and the ¢ describes the deflator of the
GDP and short-item interest rates.

Consequently, the slight impact of interest rates within the short term on the # means
that escalating the interest rates has not impacted the soaring green construction materi-
als’ costs.

5. Data Collection and Feature Selection

The overall cost of green construction projects was acquired from various resources,
involving the green building council internet site, periodicals, and other associated websites.
Integrated cost datasets for 3579 LEED-certified green constructions beneath concern
(located across Europe and Northern America) were acquired from different resources and
incorporated into the built schemes. The internet sites of green building councils in Europe,
Canada, and the United States were used as primary data sources for this study [45,46]. In
preparation for the analytical method, the collected datasets covering the 20102021 period
were recorded via MS Excel software. However, it took around three years to confirm that
the data acquired was sufficient and valuable for the ML technique.

The financial functioning of each green construction project in the collected dataset
was quantified and compared. The data were changed according to the location to pro-
vide consistent findings for comparison. Furthermore, the designs of the built buildings
were examined to estimate and assess future costs. People, technical, technological, and
requirements are the variables impacting the cost of green construction projects rather
than external government help [47-50]. Figure 3 depicts a more detailed explanation of
these aspects. Table 1 is also presented to understand better the features that influence
the total price of green construction ventures. Figure 4 also shows the distributions of the
datasets used.

People Technical
They have a direct influence on the project |t js concerned with the methodological elements of green
SIES they are involved in its .dellw.ary and building construction. Technical considerations include
define th(_“— GemiEzd, 'where thelr'major t.asks process and procurement challenges, legislation and
play a critical part in the planning, design, norms, and a paucity of green construction supplies and

delivery, and maintenance. skills.

Technology Specific Requirement

Technology refers to the use of a product
during or after its execution. For example, the
technology might be employed throughout
the execution or be included into the end
product. Technology may be seen in
equipment, materials, and industrial
procedures.

Additional construction experts, such as green building
facilitators and green building certifiers, are likely to be
involved in green building projects due to the necessity to
focus on the green elements of the projects. For example,
one or more Green Building Consultants will be added to
the usual consulting group.

External Support

Government, professional institutions, and financial institutions can all provide external support. The
government has a significant impact on any industrial development. The government will boost the green
movement by implementing laws and regulations to control environmental damage. Thus, this matter will

enhance the life quality.

Figure 3. Feature description.
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Table 1. Description of green building cost influential factors.

Primary Features Sub-Features

. Policy and regulations that are new or updated

. Incentives, subsidies, and refunds are available
External Support e  Professional institutions working together

. Possibility of obtaining a loan from a financial institution

Green consultants have been included

Fee for green certification

Observance of the green assessment requirement
The commissioning process’s complexity
During the design phase, there is a green
implementation procedure

Specific Requirement

Individual competence

Participants’ attitudes and commitment
Green knowledge fee fluctuation

Local knowledge is available

Uncertain client demand

People

The complexity of process and procurement
Additional regulations and rules

Training is required.

The approval and permission process’s complication

Technical

Invest in or recruit new technologies
Implementation of novel systems, models, or tools
Green technology installation

A local product is available

Technology

14,170 274,666 502,758 1,299,613

External Support
18,120 96,6947 121,2000 1,887,600

Specific requirement

48,320 992,000 2,511,427 5,033,600
Technology

12,080 272,000 953,600 1,258,400

Technical
42,169 507,975 95,900 4,404,000

People

0.00 0.20 0.40 0.60 0.80 1.00

Figure 4. Statistical range of the collected data (USD).

6. ML Models
6.1. Light Gradient Boosting Machine (Light GBM)

The LightGBM algorithm is produced based on the decision-tree concept by Mi-
crosoft Research [51,52]. Additionally, it needs low memory space to be run with high
accuracy; thus, it is considered an effective technique for solving regression and classifica-
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tion problems. The LightGMB technique was formulated based on three algorithms [53];
(1) gradient-based one-side sampling (GOSS) which is used to preserve all large gradients
and implement random sampling on small gradients; (2) exclusive feature bundling (EFB)
which is used to break features into fewer mutually incompatible packages; and (3) once
the features are converted, the required quantity of statistics will be accumulated in the
histogram to find the optimal division spot based on the detached value in the histogram
as presented in Figure 5. Figure 5 also provides the histogram approach and tree leaf-wise
growth technique used in the Light GBM algorithm to develop the training procedure and
reduce memory utilization. Level-wise and leaf-wise development methods were also
illustrated in Figure 6 to explain that the leaves on the same layer are separated simulta-
neously. Optimizing several threads is preferable to maintain model complexity under
control. Moreover, even though different amounts of information are absorbed, leaves on
the same layer are processed uniformly.

#Features
I ——

:

#lealures

Convert ‘ ‘ ‘ ‘ ‘ Construct
nm—> : H Histogram

J [ J

#Features

_ |#Float Data [0 #Bin Data

Figure 5. LightGBM illustration of the proposed model.

LN N
| | | |
oy

Level-wise Leaf-wise

Figure 6. Learning process of LightGBM.

Because the leaf-wise strategy only splits the leaf with the essential information gained
on a similar layer, it has a better probability of succeeding, as seen in Figure 6. Additionally,
trees with a high level of depth can be produced utilizing this method; accordingly, a
maximum depth limitation is established through tree growth [54].

The LightGBM'’s theory was illustrated as shown in the Equations below; thus, the
green building cost can be predicted by the LightGBM as shown in Equation (8).

Pl, = nZPti(If, 5) ®)
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Then, the loss function (L) was minimized to determine Py during the learning
process. Therefore, Equation (9) is presented to calculate the Pt;.

Pty = fuin Lf(Ac, Ph) )

where Pl, denotes the predicted green building cost by the LightGBM, n denotes the
decision tree’s number, Pt; denotes i'" tree’s prediction of green building cost, r denotes
the input feature, and ; denotes i*’" the tree’s learned feature.

fmin function was used to obtain the minimum value between the initial predicted
value Pt; and the actual green building cost (A.). As shown in Equation (10), the square
error to estimate the model accuracy in case i is more than one.

Lf = (Ac — PL)? (10)

Loss function and regularization item ((Pt;)), presented in Equation (11), which ex-
presses the LightGBM model proficiency was integrated to formulate the objective function
(OF) as represented in Equation (12).

M M
D(Pt) =@ Y [Au| +059 Y " AL, (11)
m=1
OF, = Lf(Pll') + (Pt;) (12)

The learning stage is controlled by hyperparameters (i.e., @, ). The overall number of
leaf nodes and the leaf node index are symbolized by M and m, respectively. Additionally,
Am represented the estimation of the lightGBM model at the m'" leaf node. The objective
function was estimated using the Taylor function of second order. In addition, the i*"
objective function is determined precisely by applying the learning results extracted from
the (i — 1) method, as shown in Equation (13).

OF; = Ly(Pl_1) + zPt; (zf, (si) +0.50 PF? (If, 5i) + (Pt (13)

The 1st and 2nd derivatives of L¢(PI;_1) for (Pl;_1) were denoted by z and v, respec-
tively. Thus, the objective function can be rewritten, as shown in Equation (14).

M
OF = Y { (Zuhn + @|Au]) + 0522 (Vi + )} (14)

m

where, Z,;, and V,, are equal to ¥ | z° and Y | ©°, respectively. Additionally, the sample
index and the overall number of samples were expressed by s and ts, respectively. The first
derivation of OF; for A;; has to be zero to get the smallest OF;, as shown in Equation (15).

e Zo,m
j = Sign(Zm) Vot 0 (15)

Therefore, the objective function listed in Equation (14) was rewritten as shown in
Equation (16).
OF, = —0 5%( Zom
l ‘ m Vm + lIJ

where Zy ; can be calculated as shown in Equation (17).

) (16)

Zom = max[Zero, (|Zy — @|] (17)

The evaluation function for m" leaf node effectiveness was introduced in Equation (18).
Additionally, Equation (18) helps choose the most appropriate node for the further split.
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When new two leaf nodes are produced, the difference in Q. following the split, denoted
by Q., was computed as shown in Equation (19).

Z(%’) m
Qu =g (18)
Qe = (Qm +Qm[)_Qm
. (19)
Left| Right

All terms in left Q,, and right Q,, were related to the values of Z(V) on the new left
and right nodes produced from the m!" node, respectively. Thus, the model will obtain the
largest Q. by selecting the most appropriate features to separate from the leaf node.

6.2. Extreme Gradient Boosting (XGBoost)

XGBoost is considered an ascendable tree optimization ML algorithm that has recently
gained popularity in data analysis fields due to its ability to produce accurate prediction
models [55,56]. The XGBoost algorithm was presented as a unique applied gradient
boosting machine, mainly in classification and regression trees (CART). It also has the
ability to handle complex and varied variables even when the data distribution is highly
unbalanced. Thus, over-fitting will be avoided, and mathematical ability will be developed.
The XGBoost structure is displayed in Figure 7.

e
Random / N Testn

Subset n \
Y g
[ ]
¢ e
iy Random .~ Majority
Building  ——— Test?2 — ol
Cost Dataset Subset 2 \ / g
\ Final Cost II
Prediction
e
Random / o~ Test 1
Subset 1 \ S
TSy

Figure 7. XGBoost structure of the proposed model.

The CART'’s predicted scores were used to create a final score, which was then evalu-
ated using additive functions, as shown in Equation (20). Where each leaf was taken a total

score by CART.
T

PCI' = Z ST(TSZ‘), ST'ES (20)

T=1
where Pc; denotes the predicted green building cost, T denotes the number of trees, st
denotes the independent leaf score, TS; denotes the available training database (input
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features), and the CART’s space is represented by S. The objective function needs to be
optimized, as shown in Equation (21).

n T
OF, = ZLf(ACir PCZ‘) + Z@(ST) (21)
i t
The term of the @(s) is the regularization item that can be calculated as given in
Equation (22).

K
2(s) =YK +055 Y A% (22)

m—1

where the constants (i.e., B, §) were assigned to control the regularization’s degree, the leaf’s
score, and the overall number of leaves were symbolized by A, and K, respectively [57].
Due to the use of additive training, the Pc; at step p is written as shown in Equation (23).

T
PPl = ¥ sp(TS)) (23)
T=1
Equation (24) also was provided to simplify Equation (23), as shown below.

-1
Pcl[.p} = Pcl[.p Ly sp(TS;) (24)
Therefore, the objective function in Equation (21) can be reformulated, as shown in
Equation (25).
n
-1

OFY = Y Ly(Aci, Pef ™! 4 5,(TS:)) + (s)) (25)

1

Additionally, the objective function can be estimated using the Taylor function of
second-order, as shown in Equation (26).

OF") = YLy (Aci, Pel ™ 4 25, (TS;) + 0.50;83(TS;)] + 2 (s,) (26)

1

The z; and v; can be computed as shown in Equation (27) and Equation (28), respectively.

E)Lf (ACZ', PCl[p_l] )
Z; =
l BPCI[’F”

(27)

o PLy(Aq, pclr)
L opclr~1

(28)

In addition, when the regularization item (s,) is substituted in Equation (26), the
objective function can be rewritten as shown in Equation (29).

OFY = S[Ly(Aci, Pel’ ™V + 255, (TS;) + 050;52(TS;)] + BK
; . (29)
+0.50 Y A2,

m—1

A simplified objective function without constants can be obtained, as shown in
Equation (30).
n

K
OF™ = Y [(z;s,(TS;) + 050;52(TS;)] + 056 Y A2, (30)

i m—1
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More simplification for Equation (30) was performed, as shown in Equation (31).

K
OF! = Y (ZuAw + 0512 (Viy +6)) (31)

m=1

Herein, the Z, and V,;, can be calculated as shown in Equation (32) and
Equation (33), respectively.
I = Zie]m Zm (32)

Vi = Zie[m Um (33)

where I, denotes the data samples in leaf node m. The partial derivative of the m" leaf
node’s output Ay, is carried out to get the minimal value, as shown in Equation (34).

52 ([Sier, 2] Am +0.5A2, [Tiep,, Om + 0]

(34)
= Zie]m Zm + Am [Zielm Um + 5}
Equation (34) was solved as shown in Equation (35).
Zm
Am = —
" Vmtd (35

Equation (36) will be produced when Equation (34) is substituted in Equation (31)
as follows:

K
O/ = 21 (ZmAm + 0512, (Vi +6))
m=
K 2
=y (Zm(—%) +0.5<—V515) (Vi +6)) (36)
m;l K
2 2 2
= L (—5) +05( ) = ~05 L (§15)
m=1 m=1

Within the splitting process, the leaf node was scored by applying Equation (37) and
which was symbolized by Zn. On the other hand, R and L denote the score on the right
and left leaves, respectively.

ZZ ZZ 2
Zn—O.S( L _“R +<ZL+ZR>> (37)

Vi+é Vr+6 Vi+Vg+96

7. ML Model Analysis

Figure 8 depicts the Pearson’s correlation process between chosen characteristics and
the expense value of the green construction project to examine the effect of external support
attributes on other features and the green building cost. Improved comprehension of the
model’s properties aid decision-makers in efficiently planning and formulating policies.
Consequently, a feature significance method was performed utilizing the light GBM and
XGBoost to determine the relevance of each feature included in projecting the green build-
ing cost. A feature scale, furthermore, a plot to produce a relative score for each variable
was utilized. Additionally, as shown in Figure 9, the characteristics were prioritized in the
following order: External support, People, Technology, Technical, and Specific demand.
The analysis results imply that external support is critical in reducing the green construction
project cost via an interconnected effect on all influential factors. The external support
factor positively influenced the green construction cost, specific requirements, technical,
people, and technological aspects in a descending manner with 0.95, 0.93, 0.92, 0.90, and
0.88, respectively.
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Figure 8. Heated correlation matrix analyses.
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Specific Requirement
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Technical

Technology

People

External support

Score of green building cost features

Figure 9. Representation of feature importance.

ML Model Performance Assessment

After testing the primary model assumptions, evaluating the suggested model’s ef-
fectiveness and prognostic capacity is vital. Therefore, the evaluation measured was
employed to assess the developed model’s proficiency, where four statistical metrics
(i.e., RMSE, MAE, MAPE, and R?) were applied to investigate the effectiveness of the
proposed ML models as expressed in Equations (38)-(41).

1 m
MAE =}

Y- (38)
i=1




Buildings 2022, 12, 1256 16 of 23

1 —\2
RMSE = |- E{ (Yi - Y) (39)
13-,
MAPE = — ) L1 x 100 (40)
mim| i
—\2
m ¢ — .
RR=1-—"—1\' (i -7) (41)
—\ 2
szzl (Yi - Y)

where Y] signifies the measured (actual) green construction cost, Yl epitomizes the predicted

result, Y represents the mean of the Y;, m signifies the number of the datasets utilized, and
d is the independent attribute. The prediction accuracy improves if R? approaches one as
well as RMSE, MAE, and MAPE measures approach zero. The findings of the evaluation
metrics were calculated, as shown in Figure 10.

140 - E LightGBM | 140
] ® ® XGBoost
120 - 4120
] ]
100 - 4 100
| ® .
80 - 80
] ]
60 - 60
40 {40
20 ] 120
0 T I I I 0
MAE RMSE MAPE R"2

Figure 10. Evaluation metrics analysis.

The comparison results present that LightGBM and XGBOOST have higher measures
of R? values (more than 0.90) and lower MAE, RMSE, and M APE values in the green build-
ing cost prediction. While all evaluation metrics calculations also reveal that LightGBM had
superb forecast capacity and had the maximum value of R?. Additionally, the lowest values
for the remaining evaluation metrics (i.e., MAE, RMSE, and M APE) were associated with
the XGBOOST model, as shown in Figure 10. Furthermore, the predicted results of the
LightGBM model demonstrate that its forecast outcomes are highly close to the actual
green construction projects’ costs. The LightGBM’s decisive R? value is 0.985, indicating
that the XGBOOST prediction model is also mounted to the collected datasets because it
was close to 1. Consequently, the LightGBM model has a superior fit and minor deviation
compared to the actual green construction cost. Accordingly, the LightGBM is the most
competent and efficient ML model in green construction cost prediction.

8. Proposed Model Results

This study was conducted to develop and expand the literature on the impact of
external support in estimating green construction projects’ costs. Initially, the four primary
attributes and the public and private external support factors that influence the green
construction cost were comprehensively described, disaggregated, and examined to con-
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sider their core sub-features. Next, these attributes were assessed based on their obtained
datasets to create the machine-learning-based forecast models in sequence with precision
assessment metrics to emphasize the ambiguity combined with the cost prediction.

The analysis results indicate that external support is critical to ensure a smooth transi-
tion towards green constriction projects. The ML-based prediction outputs show that the
external support attribute has a positive impact on the green construction cost reduction
via progressively enhancing the influence of the critical features for green construction cost
estimation. Additionally, the current study’s findings provide a concrete foundation for
decision-makers in categorizing the impact of the external support, people, technological,
technical, and the specific requirements aspects on green construction cost in descending
order with 0.94, 0.74, 0.71, 0.66, and 0.63, respectively. Additionally, green construction
contractors should employ cutting-edge technological tools to smooth the utilization of
effective practical construction-related methods essential for impartial green construction
price optimization. Thus, it is vital to emphasize the significance of employing forecast
machine-learning-based models to generate precise forecasts for the green construction cost.
Consistent with the implemented research approach, the findings show the importance
of investigated factors and their sub-groups (e.g., technology, people, external support,
technical, and specific requirements), exhibiting the significance of green construction cost
objective adjustment of substitutes. For instance, the green construction cost function was
mediocre at 95% associated with external support, while it was influenced by the technical,
technological, special requirements, and people at 75%, 77%, 73%, and 80%, respectively.

Additionally, the variant in the cost objective function is examined through a variety of
sub-factors, indicating a high level of reliance, affecting the aptitude of the decision-making
process. Subsequently, the developed cost forecast models for green construction projects
employ the cost-efficient frontier methodology to influence this subject and rationalize the
correct decision-making process. The founded cost forecast models also demonstrated that
LightGBM had surpassed the XGBOOST by 2.5%. Hence, the LightGBM prognostication
model characterizes the most obvious choice for decision-makers from a sustainable and
economic perspective to deliver the most precise cost prognostication with the slightest
correlated risk and the optimal external support quantified.

The influence of the external support of green construction cost prediction was mathe-
matically derived from the current research. As expressed in Equation (7), the short-term
interest rates can be represented as a function of the money stock and the GDP. The mathe-
matical model proved that with the optimal quantity of the external support, the impact
of money stock on green construction cost has decreased, whereas the supply impact and
boosted tax returns support the reduction of green construction cost, which is vital to pave
the road towards the green construction industry thriving. Though, subsequently, the
GDP is anticipated to expand, causing the taxation rates to diminish. Public investment is
required to fill the deflationary gap in such a situation.

9. Discussion

Various investigations have been performed to determine if the price of green con-
struction projects will rise or decline when external support varies [58]. Green structures
are projected to cost 5-10% more than conventional ones, where the green construction
expenses grow by 1-2%. However, according to other research findings, green construction
costs are increased by fewer than 2% compared to conventional construction [59]. The
ambiguous conclusions hindered the evaluation of green construction costs; hence, this
is a troubling problem. As a result, the cost prediction models developed in this study
provide an informative view of the relationship between influential factors and the green
cost premium associated with green buildings.

Based on the information retrieved from 3578 green building projects evaluated in
North America, the cost of each building was projected using cutting-edge machine learn-
ing algorithms to capture the cost function variance. Green construction designers, vendors,
stakeholders, and decision-makers can use the presented models to forecast their innova-
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tive green structures’ green construction cost function based on the characteristics of the
essential primary components. It should be noted that the current study is limited to green
constructions in Canada, the EU, and the United States. It is also constrained regarding
the amount of data gathered and the number of primary attributes examined. As a result,
assessing the influence of both state and non-governmental external support is necessary.

The current research also examined how the external support from the public and private
parties controls green construction and how much funding is expected to support and boost
the green construction industry successfully. Numerous lucrative green construction projects
are examined to evaluate the industry’s relevance and importance of technical and industrial
tools for such a vital sector to flourish. Additionally, the findings of the current study state
that the public and private sectors are required to fund the green construction industry via
adopting robust financial inducements and endorsing green construction, especially those
LEED-Certified. Such strategies are expected to create a beneficial financial setting and
competitive market condition essential to drive the sponsorship of green construction.

Presently, the marketing and the research on green construction are highly complicated
schemes. Such vital steps require integrated efforts from architects and civil engineers. They
need to utilize green strategies and tools and the ecological consciousness of politicians,
management interventions, public administrations, and end-users to contribute to the
success of the whole progression. This multilevel collaboration necessitates creating a
detailed assessment of the buildup ecosystem. Though, due to the complicated influence
of the external funding throughout the building phase and the usage of green structures,
various objective performance evaluation systems and modeling needs to be used to
determine the optimal public and private external funding enlightened with accurate
prediction models to provide the decision-makers with so-called “green construction
communication”.

To improve and develop new effective policies within the construction management
and engineering arena, policymakers increasingly depend on technology breakthroughs and
practical decision support tools that are developed via cutting-edge technologies [60-72].
The currently available literature shows minimal attention directed towards evaluating the
impact of external support while considering the other main influential factors (i.e., specific
requirements, technical, people, and technological).

The current study intended to close the information gap in green construction cost
prediction. As a result, the recommended models were created after thoroughly examining
the already known comparable models. One of the major shortcomings, for example, is the
absence of a combined portrayal of how the primary qualities impact the green building cost
in an interrelated manner. The main biggest problem with the existing green construction
cost prediction models is their deficiency of reliability. Not taking into consideration all
the essential components of green building expenses has repercussions on the reliability of
the established model. Some studies, for example, have concentrated on the characteristics
of green building technologies while relaxing the personnel, technical, and criteria, which
negatively influences the accuracy of green building cost projections because significant
features are usually accompanied by a high level of uncertainty [73].

Furthermore, little work was invested into developing analytic or machine-learning-
based techniques for predicting green building costs. Many current models address the
practice case for green building expenses using survey and questionnaire approaches.
However, more quantitative and objective methodologies for forecasting green construction
costs are continually needed [74]. Moreover, some research attempts have presented models
that estimate the cost of solely green-certified dwellings [75]. In addition, research studies
have focused on green office building certification and the cost of equity capital for green
buildings [76,77]. As a result, a comprehensive green construction cost that utilizes a hybrid
mathematical and machine-learning-based approach prediction model is necessary to offer
practitioners credible forecasting results for the green building construction cost.

Furthermore, historical data on green construction costs is sparse. Established data
collection techniques and dataset inclusiveness also were key impediments for researchers
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in establishing trustworthy and universal prediction models, particularly for large-budget
construction projects. As a result, several academics have tried to forecast green building
costs; therefore, their findings were confined to a specific area while only a few significant
factors were assessed [74,78].

Despite extensive study on drivers in the green building sector, little attention has been
paid to the influence of external support on projecting green construction prices. Thus, a
global and generic model for predicting green costs is necessary. As a result, the current
model outcomes are very innovative and embody a significant improvement over available
research because they aid in the investigation of the effect of external support attributes on
other features (i.e., specific requirements, technical, people, and technological) and the green
building cost to promote sustainability. Thus, the current research creates a robust hybrid
mathematical and machine learning framework for estimating green building construction
costs from collected datasets that can subsequently be used as a universal model to imitate all
connected elements. Such lays the groundwork for future research into how various feature
linkages may give insight into green building construction cost forecasts.

Furthermore, as modern machine-learning algorithms evolve, more complex forecast
models emerge, paving the way for development of more effective and precise modeling
for green building construction cost prediction, which many construction industry prac-
titioners may employ. Conclusively, the authors are confident in the proposed models’
ability to provide practitioners with more accurate predictions to suit the available green
constriction projects’ datasets as an advantage preceding acquaintance to fodder ML-based
forecasting algorithms, which are in line with what is presently developing in the building
manufacturing and management investigations. Furthermore, hybrid prediction models
are adept short-operating models with high level of prediction accuracy, reduced memory
consumption, and excellent performance.

10. Conclusions

By introducing pricing into the macro-econometric framework, where the present
financial situation of deflationary periods can be thoroughly evaluated to determine the
optimal external funding for green construction cost reduction, an advanced model was
constructed to represent the link between green construction projects’ cost objective function
and fiscal development. Furthermore, the suggested model is intended to statistically
examine the financial system when the crowding-out event happens, evaluating each
relevant element.

The proposed hybrid evaluation methodology proved its ability to demonstrate that
policy shocks have a massive influence on the GDP, economy, consumption, and green
construction cost in the case of construction market shock compared to the public and
private spending. Additionally, the simulation findings demonstrate that the only variable
that positively increased GDP and consumption was the technological shock. Furthermore,
despite a momentary decline, each economic measure responds positively. Furthermore,
executing an investment strategy with a deflationary economy demonstrated that the
suggested investment policy is adequate for a deflationary financial system and can provide
optimal market circumstances to ensure the green construction prosperity.

The study provided clear answers to the following critical questions that link the
external support influence to the green construction cost prediction. First, what is the
optimal external support for green construction cost reduction? Second, how can the cur-
rent market’s financial characteristics be considered when forecasting green construction
costs? Third, is the cost of technology, people, and specialized requirements measurable
and predictable when the external support is considered? Fourth, are sub-factors affect-
ing this objective green construction cost function? Do the produced prediction models
accommodate for ambiguity in the cost function? Finally, do the cost forecasting models
developed assist practitioners in making cost-effective decisions? To decrease cost-related
risk, the above-stated research problems can be addressed by constructing accurate and
resilient machine-learning-based models for cost prediction. The proposed model was
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demonstrated to provide decision-makers with a decision-support tool for estimating fu-
ture green building construction costs and opening the road for green structures to be
LEED-certified based on economic and sustainability criteria. Five key green building cost
aspects and 22 sub-features were evaluated, as well as numerous possible green construc-
tion choices, employing complete cutting-edge forecasting models for cost prediction and
risk avoidance.

ML-based cost prediction modeling methodologies increased decision-making supremacy
among best practices. Light GBM and XGBOOST prediction models were created, and their
performance was assessed using RMSE, MAE, MAPE, and R?. The evaluation findings show
that LightGBM and XGBOOST prediction are superior, with low values for all performance
assessment criteria suggesting outstanding performance. The XGBOOST, on the other hand,
had a lower prediction precision. It, however, has a reasonable degree of accuracy. Machine
learning methods can forecast the optimum green building costs.

According to the current study, green construction costs may be correctly forecasted
using ML techniques and seamlessly compared to conventional building prices. In addition,
the critical factors that impact the cost of green building were reviewed. Furthermore,
the created models are suitable for developed economies, while future studies may focus
on emerging economies. Furthermore, the model built may be upgraded to target other
infrastructure projects. Furthermore, the established cost prediction algorithms will likely
simplify the path toward LEED certification.

Additionally, the current research has substantial theoretical contributions to the body
of knowledge. Namely, the developed mathematical model represents a solid foundation
for analysis the status quo of the external support directed towards the green construction
industry via robust prediction of the cost objective function considering the supply and
demand within the market. Furthermore, decision-makers are given decision-support tools
to anticipate the overall operating and life-cycle costs of green buildings.

Future study efforts should include more accurate data collecting, pre- and post-
processing, larger datasets, and different types of buildings in diverse places. As a result,
the external support characteristic must be evaluated because it is projected to impact the
cost of the green building substantially. Furthermore, as a future research recommendation,
the financial evaluation of LEED certification may be broadened further than construction
costs to include the impact on the entire life cycle cost analysis.
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