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Abstract

Reducing embodied greenhouse gas emissions in the initial design phase is essential for
attaining low-carbon buildings, as the highest potential for reduction exists prior to the
finalization of construction decisions. While Building Information Modelling (BIM) and
Life Cycle Assessment (LCA) have been progressively integrated for embodied carbon
evaluation, current frameworks are predominantly deterministic, offer minimal uncertainty
quantification, and seldom utilize machine-learning-assisted optimization to facilitate de-
sign decision-making. This paper presents an uncertainty-aware BIM–LCA methodology
to solve these shortcomings, integrating automated quantity takeoff, probabilistic carbon
assessment, and explainable machine-learning optimization. The proposed methodol-
ogy integrates IFC-based BIM models, Bills of Quantities (BoQs), and regional life cycle
inventory databases to conduct a cradle-to-grave embodied carbon assessment. Quan-
tities produced from BIM were checked against BoQ data, and the uncertainty related
to material quantities and emission factors was assessed by Monte Carlo simulation. A
machine-learning surrogate model was created with 1200 design samples to facilitate swift
optimization, and SHapley Additive exPlanations (SHAPs) were utilized to determine the
most significant design factors. A mid-rise residential structure in Chongqing, China, en-
compassing a gross floor area of 9750.03 m2, was used as a case study. The baseline Global
Warming Potential (GWP) was calculated as 514.29 ± 30.09 kgCO2e/m2 (A1–A5), with
product-stage emissions (A1–A3) accounting for roughly 89.28% of total embodied carbon,
predominantly from concrete and steel. Enhanced BIM maturity lowered uncertainty by
roughly 20%. Optimization resulted in a 38.13% decrease in embodied carbon, reducing
GWP to 318.21 kgCO2e/m2. SHAP research identified the percentage of material reuse
and concrete composition as the primary factors influencing carbon reduction. The sug-
gested framework offers a clear and replicable decision-support mechanism for low-carbon
building design that accounts for uncertainty.

Keywords: BIM-LCA integration; embodied carbon; early-stage design; net-zero buildings;
parametric optimization; uncertainty analysis
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1. Introduction
Studying the characteristics of carbon dioxide emissions and the potential for emission

reductions in the construction industry in China is meaningful. The construction sector has
significantly contributed to atmospheric heat emissions, increasing global temperatures [1].

Global greenhouse gas emissions constitute 39% of energy use [1,2] and 11% of material
manufacturing [3]. The substantial footprint stems from embodied carbon emissions from
material extraction, production, transportation, construction, maintenance, and end-of-
life processes, rather from operational emissions during building occupancy [4,5]. Due
to climate challenges, EU regulations such as Levels, Taxonomy, and EPBD now require
life cycle analyses for environmental claims [6,7]. These policies assess life cycle impacts
as operational emissions decrease through energy efficiency regulations [8,9]. In new
energy-efficient buildings, embodied carbon exceeds operational carbon, comprising more
than 50% of total life cycle emissions [10], requiring early life cycle assessment tools for
cost-effective mitigation [11].

Building Information Modeling has changed sustainability practices through auto-
mated quantity takeoffs, smooth data interchange, and visual understanding of envi-
ronmental effects, replacing labor-intensive manual LCA procedures [12]. Compared to
conventional approaches, integration of BIM and LCA has been shown to improve effi-
ciency and reduce calculation time while maintaining acceptable accuracy [13,14]. Such
integrations have been applied to a range of life cycle stages defined from the product and
construction stages to the end-of-life and beyond-system boundaries, and across scales
ranging from individual buildings to larger developments [10,15].

Although progress has been made, significant problems remain with widespread
BIM-LCA adoption [16]. Poor interoperability between systems hinders data transfer
from BIM tools to Glodon GTJ2021 [14,17,18]. Mismatches between BIM elements and
life cycle databases complicate impact assessment and require manual intervention [6,19].
These challenges increase in early design stages with incomplete models, especially for
those lacking LCA expertise [14]. Uncertainty from incomplete information and material
assumptions affects decision reliability [3,20]. Gaps exist in renovation projects, database
content, and environmental–economic integration. Current visualization methods remain
static and inaccessible, limiting group decision-making [21].

Despite considerable progress in the integration of BIM and LCA for the evaluation
of embodied carbon, numerous critical deficiencies persist. Primarily, the majority of
current BIM–LCA procedures depend on deterministic calculations and offer minimal
attention to the propagation of uncertainty stemming from material quantities, emission
factors, and preliminary design assumptions. Second, despite the recent introduction of
machine-learning approaches to enhance sustainable building design, their incorporation
into BIM–LCA frameworks for the optimization of embodied carbon is still limited. Current
research predominantly emphasizes predictive accuracy, offering minimal insight into how
design choices affect carbon results. Third, localized BIM–LCA frameworks for residential
structures in China are limited, especially those that include region-specific emission
variables and probabilistic analysis.

The contributions of this study are threefold. This paper presents an uncertainty-
aware BIM–LCA system to mitigate these limitations, incorporating automated BIM-based
quantity extraction, Monte Carlo uncertainty analysis, and machine-learning-assisted
optimization. This study makes three key contributions:

1. A BIM–LCA workflow is established to automate quantity takeoff and embodied car-
bon evaluation for preliminary residential construction design.
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2. Monte Carlo simulation is utilized to clearly quantify the uncertainty related to
material quantities and emission parameters, hence enhancing the reliability of car-
bon estimations.

3. An XGBoost surrogate model integrated with SHAP-based explainable artificial intel-
ligence is utilized to discern critical design factors and enhance low-carbon material
methods, resulting in a 38.13% decrease in embodied carbon compared with the
baseline design.

RQ1: How can BIM and LCA be integrated to provide reliable embodied-carbon
assessments during early-stage residential building design?

RQ2: How does uncertainty propagation influence embodied-carbon estimates and
design decision-making?

RQ3: Which design variables most strongly affect embodied carbon, and how can
machine-learning-assisted optimization support low-carbon building design?

2. Literature Review
2.1. Embodied Carbon Assessment

LCA is the main way to measure the carbon in buildings over time looks at whole
buildings, and focuses on products [8,22]. These rules include parts A1–A3, B1–B7, and
C1–C4, and have benefits beyond the system [9]. A detailed method that tracks the supply
chain can miss data, especially in the early stages [23]. Hybrid models use economic tables
for a fuller picture but lose local details [24]. Studies of over 650 building LCAs have shown
that greenhouse gases can constitute 20–50% of low-energy building emissions. The global
average for stages A1 to A5 is approximately 600 kgCO2e/m2 at the beginning. Differences
in regions arise from system boundaries, allocation methods, and local data [10]. As the EU
reduces operational emissions, embodied emissions rise due to changes that cut materials
like concrete and steel, which can account for up to 70% of the initial impact [8]. They
fail early checks due to poor inventories and unclear data, so probabilistic models such as
Monte Carlo and fuzzy logic are needed to handle uncertainties in materials and data [20].
New methods combine process and input–output data with BIM metrics for better accuracy,
with less than 5% inconsistency compared with full life cycle assessments [3].

2.2. BIM Applications

The Building Information Model has transformed sustainability assessments by au-
tomating quantity takeoffs, facilitating dynamic Life Cycle Assessment, and replacing
manual spreadsheets, with discrepancies under 1% and an 80% time savings [13,14]. Recent
developments include AI-assisted semantic enrichment and multi-objective optimization
through Python visual scripting for GWP, LCC, and social-LCA exploration [3,18]. Para-
metric Life Cycle Assessment executes variants such as Grasshopper and incorporates
LOD-restricted benchmarks. While effective in detailed designs with less than 1% vari-
ance in educational building cases, this approach applies only to new construction, not
renovation, where embodied energy exceeds 70% due to demolition and material reuse
challenges [14]. These analyses focus on Global Warming Potential rather than holistic Life
Cycle Sustainability Assessment, limiting their effectiveness for circular economy goals
such as the 70% metal threshold of EU Taxonomy. BIM enables district-level extensions
with CityGML for urban CIM and embedded impact aggregation [17].

2.3. The Link Between BIM and Design-Oriented Carbon Assessment

Although some advancements exist, BIM–LCA coupling has systematic deficien-
cies inhibiting design phase implementation [3]. Interoperability issues such as non-
standardized IFC maps and schema differences cause manual steps leading to 20% errors
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in LOD 100–200 models [17]. Incomplete semantics, including placeholders and regional
LCI variances, reduce reliability with limited visualization via MC or fuzzy sets [3,20]. Early
phases show doubled errors from unrefined placeholders [12]. Research on renovations,
dynamic openBIM exchanges, and integrated decision aids is limited. Static outputs fail
non-expert users by missing causal links between options and reductions, whereas LOD
inconsistencies persist without unified guidelines for BIM–LCA alignment [14,17].

2.4. Technological Advancements in BIM–LCA Integration

Recent improvements have mitigated deficiencies through AI/ML-enhanced automa-
tion and interactive technologies. Recent studies have introduced Natural Language
Processing (NLP)-based semantic models to autonomously rectify incomplete Building
Information Modelling (BIM) semantic data prior to the integration of building components
into life cycle inventory databases, thereby enhancing automation and minimizing man-
ual intervention in embodied carbon assessment [3,25]. Topological rules with machine
learning for semantic enhancement, such as BOT ontologies, enable lossless IFC exchanges
without plugins, as demonstrated in BIM4D [26]. Interactive 3D visualization in openBIM
viewers, with color-coded transparencies and box plots, illustrates the GWP uncertainty
range, aiding non-expert hotspot investigations [3]. ML surrogate models accelerate fore-
casts by replacing finite element analysis with real-time embedded carbon estimates via
SketchUp plugins, while copula nested Monte Carlo methods assess aleatory and epistemic
methods [27,28]. Parametric tools such as CAALA and Grasshopper integrate PLCA for
LOD adaptive operations [29]. LLMs/ML hybrids enhance low-carbon designs through
optimization [30]. The validated cases show variances below 1%, saving 20 h; however,
harmonization of the EPD is required [14,26].

3. Methodology and Materials
3.1. Framework Overview

This study establishes a methodological framework within Building Information
Modelling (BIM) to enable early-stage assessment of embodied carbon in construction
projects, as schematically outlined in Figure 1. The framework systematically integrates
data from detailed BIM models, Bills of Quantities (BoQs), and life cycle inventory (LCI)
databases, ensuring that material quantities are derived from geometrically accurate mod-
els, align with practical feasibility, and adhere to prevailing procurement standards [14,31].
As illustrated in Figure 1, the proposed methodology follows a structured sequential work-
flow: it begins with the development of BIM models at advanced levels of detail, proceeds
to automated quantity takeoffs validated against BoQs, assigns material-specific carbon
emission factors from LCI sources, conducts embodied carbon calculations at both the ele-
ment and whole-building levels, and concludes with uncertainty analysis and verification
of the results. The visual representation in Figure 1 further clarifies the interdependencies
among these stages and highlights the feedback mechanisms for validation. This approach
emphasizes reproducibility and consistency by aligning with established BIM author-
ing platforms and life cycle assessment (LCA) software frameworks, thereby facilitating
reliable and scalable carbon accountability from the initial design phase.
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Figure 1. Methodological framework for BIM-based embodied carbon assessment.

The workflow integrates progressively detailed BIM models with automated quantity
extraction, Bill of Quantities (BoQ) validation, and life cycle inventory data to compute
embodied carbon at both the element and building levels. Construction-stage emissions
were incorporated, and the uncertainty was quantified using a Monte Carlo simulation to
reflect the variability in material quantities and emission factors. The framework empha-
sizes interoperability, validation, and uncertainty awareness, providing reliable decision
support for early-stage low-carbon building design.

3.2. Overview of Project

The proposed BIM–LCA framework was applied to a prototypical mid-rise residential
building in Chongqing, China, for demonstration. The structure comprises eleven above-
ground stories and one underground level, with a gross floor area (GFA) of 9750.03 m2

and an overall height of 32.6 m. The building uses a conventional reinforced concrete
(RC) frame, masonry infill, structural steel components, and standard finishes. A mate-
rial reuse fraction of 70% (by mass) was adopted, which is consistent with the regional
2023 demolition recovery rate reported by Pomponi et al. (2021) [27].

3.3. Construction of Model

The typology reflects the prevalent mid-rise construction in rapidly urbanizing regions
and allows for generalization of the findings to similar contexts worldwide. This study
adopts a cradle-to-grave perspective in accordance with EN 15978:2024, covering modules
A1–D. All analyses were performed at Level of Development (LOD) 300; LOD 400/500
(fabrication and as-built) were excluded because the target was early-stage design, but the
framework can be extended to these levels in future work. A visual representation of the
project’s BIM model is provided in Figure 2.
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Figure 2. BIM model. (a) Architectural plan, (b) structural plan, and (c) model of building section.

3.4. Quantity Extraction in the BIM System

A parametric BIM model was developed in GTJ2025 and exported through a vendor-
neutral exchange format to guarantee lossless geometry and property sets. LOD 300 was
selected because it provides reliable geometric and material information while maintaining
manageable modeling effort. High levels (LOD400-500) require fabrication-level detail
unavailable during conceptual and schematic design phases. The material quantities were
extracted automatically from the model and cross-checked against the project’s Bill of
Quantities (BoQ). The relative deviation was calculated as follows:∣∣∣∣QBIM − QBoQ

QBoQ

∣∣∣∣× 100% (1)

The primary materials (concrete, reinforcing steel, and masonry) deviated by <±5%,
satisfying the predefined tolerance. When deviations exceeded ±5%, BoQ values were
adopted as reference quantities after manual verification. Materials contributing <1% of the
total mass were grouped as “other” under the ISO 14044 cut-off rules. Minor insulation de-
viations were reconciled with the BoQ values to maintain a conservative, traceable dataset.
The final Bill of Materials (BoM) totaled 20,680.20 t: 14,450.79 t of reinforced concrete,
2403.48 t of cement, 275,63 t of sand and aggregates, 2078.84 t of masonry/brickwork,
711.73 t of steel (reinforcing and structural), and 759.73 t of insulation/fenestration.

3.5. Material Masses and Embodied Carbon Inventory (A1–A3)

The validated quantities were multiplied by the material density to derive mass. The
embodied carbon for phases A1–A3 was calculated using region-specific emission factors
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(kgCO2e/kg), considering China’s cement-intensive concrete production and coal-reliant
steel manufacturing. Life cycle inventory data were sourced from the 2023 edition of
the Chinese Environmental Product Declaration (EPD) platform, together with publicly
accessible regional EPD statistics encompassing cradle-to-gate (A1–A3) industrial processes.
Electricity-related procedures were modified utilizing the regional grid emission factors
(0.5703 kgCO2e/kWh for the Southwest China Grid, 2022) released by the Ministry of
Ecology and Environment of the People’s Republic of China to accurately represent local
electricity generation attributes.

As indicated in Table 1 and Figure 3, during stages A1–A3, alongside the material
inventory and the embodied carbon emissions, concrete is the primary source, contributing
37.5% of the total A1–A3 embodied carbon (1679.31 tCO2e), owing to its substantial mass of
14,450.8 t, which offsets its relatively low emission intensity. Cement is the second-largest
contributor, accounting for 16.6% (741.16 tCO2e) of emissions due to its carbon-intensive
production process. Reinforcing steel contributes 25.7% (1151.76 tCO2e); although it is
present in limited quantity (667.8 t), its high emission intensity significantly amplifies its
impact. Insulation materials (417.81 tCO2e, 9.3%) and masonry blocks (402.46 tCO2e, 9.0%)
also represent notable emission sources, suggesting opportunities for low-carbon optimiza-
tion through material substitution. Structural steel and aggregates contribute minimally to
overall emissions.

Table 1. Material-level inventory.

Material Category Quantity
(kg)

EC
(kgCO2e)

EC
(tCO2e)

Concrete 14,450,790.8 1,679,306.81 1679.31
Cement 2,403,482.83 741,158.47 741.16

Insulation 759,729.93 417,808.62 417.81
Sand and aggregates 275,626.60 1439.17 1.44

Masonry blocks 2,078,839.17 402,456.51 402.46
Reinforcing steel 667,778.90 1,151,760.47 1151.76
Structural steel 43,952.85 82,856.97 82.86
GRAND TOTAL 20,680,201.08 4,476,787.02 4476.80

 

Figure 3. (a) Emission carbon by material, and (b) proportions of emissions contributions.
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The normalized A1–A3 intensity is as follows:

ECnorm =
ECtotal
AGFA

[
kgCO2e/m2

]
(2)

The normalized A1–A3 intensity of 459.16 kgCO2e/m2 ≈ 0.459 tCO2e/m2 is in line
with the reference values of comparable Chinese mid-rise buildings, and material pro-
duction has been achieved; however, optimization is needed through mixed design or
alternative schemes. As shown in Figure 3, material-level embodied carbon contributions
for product stages A1–A3 highlight the dominance of concrete (≈37.5%) and reinforcing
steel (≈25.7%) in total embodied emissions.

3.6. Construction-Stage Emissions (A4–A5)

A4 (transport) was excluded, because supplier distances were unknown at the design
stage; a conservative 5% uplift on A1–A3 factors was applied per Chinese standard DB
37/T 5148. A5 emissions were calculated from the site energy (using Equation (3)): diesel
for concrete pouring and electricity for temporary installations.

ECconst =
p

∑
k=1

Ek · EFk (3)

where Ek represents energy consumption (kWh or L), and EFk represents the corresponding
emission factor.

The total A5 was 313.66 tCO2e (~6.25% of A1–A5), confirming the dominance of
material production.

As presented in Table 2 and Figure 4, electricity consumption is identified as the
primary source of on-site carbon emissions, amounting to 160.19 tCO2e and contributing
51.07% of the total construction-phase footprint. Diesel fuel represents the second largest
contributor, with 78.72 tCO2e (25.1%), followed by machinery operation at 67.17 tCO2e
(21.41%) and compressed air at 7.58 tCO2e (2.42%). Overall, electricity and diesel account for
more than three-quarters of the A5 emissions, highlighting the structural predominance of
these two energy sources in on-site energy use. Although machinery operation constitutes a
relatively lower share of total emissions, its notable per-hour emission intensity underscores
the importance of improving equipment efficiency and optimizing machinery selection to
reduce carbon impacts during construction.

Table 2. Construction-stage emissions.

Energy Source Quantity Unit (Aggregated) Weighted Avg EF
(kgCO2e/Unit)

EC
(kgCO2e)

EC
(tCO2e)

Electricity
(All types) 297,750 kWh 0.538 160,189.5 160.19

Diesel fuel
(All types) 29,330 L 2.684 78,721.72 78.72

Machinery operation
(Energy equiv.) 4820 hour 13.935 67,166.70 67.17

Compressed Air 8925 m3 0.850 7586.25 7.58
TOTAL A5 — — — 313,664.17 313.66
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Figure 4. Breakdown of construction-stage emissions (A5), showing the relative contributions of
electricity, diesel fuel, machinery operation, and compressed air to the total on-site embodied carbon.

3.7. Life Cycle Assessment and Uncertainty Analysis

The cradle-to-grave GWP (A1–A5) was assessed using a mass-flow approach:

GWPmodule [kg CO2e] =
n

∑
i=1

mi · CFi

[
kg CO2e kg−1

]
(4)

where mi represents the mass of material i (in kg), and CFi is its associated characterization
factor (kgCO2e/kg−1). The uncertainty ranges allocated to material amounts (±3–5%)
were obtained from BIM quantity-validation trials documented in prior research [32,33].
The uncertainty related to emission factors (±10–20%) was assessed using the pedigree
matrix method introduced by Weidema and Wesnaes, which was later modified in the
ecoinvent methodology. The pedigree matrix assesses data quality based on reliability,
completeness, and temporal, geographical, and technical representativeness, thus offer-
ing a systematic framework for measuring uncertainty in life cycle inventory informa-
tion [34,35]. The uncertainty ranges align with recognized methodologies for uncertainty
characterization in life cycle assessment and are extensively utilized in designing LCA
studies that employ Monte Carlo simulation [36–38]. Uncertainty propagation was ex-
ecuted via a Monte Carlo simulation of 10,000 iterations, implemented in Python 3.12
(random seed = 42) [37,38]. The analyzed uncertainty ranges are not fixed values, but
indicative intervals based on pedigree matrix scores attributed to the foundational life
cycle inventory data, representing fluctuations in data quality rather than capricious as-
sumptions [34,35,39,40]. Transportation emissions (A4) were not explicitly modeled due
to limited supplier distance data; instead, a conservative 5% uplift was applied to A1–A3
emissions in accordance with Chinese standard DB 37/T 5148. A5 was calculated separately
based on the site energy consumption, as shown in Table 2 and Figure 4. The mean total of
A1–A5 = 4476.80 + 223.84 + 313.66 = 5014.3 tCO2e (95% CI: 4472–5570 tCO2e; CV = 5.85%;
σ = ±293), corresponding to 514.29 kg/m2 (σ = ±30.10, 95% CI: 458.65–573.05). The Sobol
indices revealed that emission factors contributed > 60% of the variance, highlighting the
need for local inventory data for reliable embodied carbon assessment.
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3.8. Monte Carlo Simulation of BIM–LCA Uncertainty

Figure 5a shows the probability density of Global Warming Potential (GWP) for the A1–
A5 life cycle modules for 10,000 Monte Carlo iterations. The resulting distribution is close
to normal, with a mean of 517.02 kgCO2e/m2, a standard deviation of 30.10 kgCO2e/m2,
and a coefficient of variation of 5.82%, indicating moderate variability in the embodied
carbon estimates. The value of the deterministic analysis (514.29 kgCO2e/m2) is in high
agreement with the simulated mean and shows very good correspondence between the
nominal BIM–LCA dataset and the probabilistic model. The 95% confidence interval
of 461.3–575.8 kgCO2e/m2 defines the plausible region of embodied carbon values in a
situation of input uncertainty.

 

Figure 5. Cont.
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Figure 5. (a) Monte Carlo distribution of normalized GWP(KgCO2e/m)2. (b) Cumulative distribution
function. (c) Statical summary. (d) Total building emissions. (e) Monte Carlo simulation convergence
of mean behavior.
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Figure 5b shows the cumulative distribution function (CDF) of the simulated results
of the global warming potential (GWP). The S-shaped curve is the stochastic distribution of
the outcomes, meaning that approximately 50% of GWP values are expected to be below
the mean. The shaded area outlines the 95% probability range, which means that high-
emission scenarios are unlikely. Consequently, this model is a risk-oriented way of looking
at embodied carbon estimates and facilitates probabilistic decision-making in regard to
carbon estimates for buildings.

Figure 5c shows the quantitative characteristics of the model as a box plot. The orange
horizontal line within the box signifies the median (50th percentile) of the Monte Carlo
simulation outcomes. The central tendency is 516.3 kgCO2e/m2, and the IQR is between
495.4 and 537.9 5 kgCO2e/m2. The 5th and 95th percentiles (469.0 and 567.7 5 kgCO2e/m2)
show a wide range in this dataset. The specific reference value (514.29 5 kgCO2e/m2) is
within the IQR, indicating that the fundamental BIM-LCA figure is statistically consistent
with the results of the stochastic simulation.

Figure 5d shows the distribution of total building emissions in tCO2e. The simulation
gives a 5041 tCO2e mean, 294 tCO2e variance, and a 95% confidence interval range of
4498 to 5614 tCO2e. This almost Gaussian distribution shows that the variations in the
quantity of components and discharge factors are spread evenly throughout the BIM–LCA
framework. The data therefore provide a probabilistic evaluation of the total embodied
carbon in the building.

Figure 5e depicts the convergence behavior of the Monte Carlo simulation. The red
dashed horizontal line denotes the final converged mean GWP derived from the Monte
Carlo simulation, serving as a visual reference for the stabilized mean value. The mean
GWP reaches a stable level as the number of iterations increases and reaches approximately
517 kgCO2e/m2. The initial oscillations die quickly after several thousand iterations, which
indicates that 10,000 iterations are sufficient to reach statistical stability. The reference
deterministic value is always consistent with the mean simulation answer throughout the
process, further demonstrating the robustness of the primary baseline estimate.

The results indicate that Monte Carlo simulation offers a robust framework for evalu-
ating uncertainty in BIM-based life cycle carbon assessment, while validating the reliability
of fixed embedded carbon estimations.

4. Design Optimization
Forty design variants were generated using a scripted parametric design framework with

structural and thermal constraints (wall U-value ≤ 0.24 W m−2 K−1, building height ≤ 32.6 m).
These variants represented different combinations of envelope materials, structural sys-
tems, and material reuse strategies. To develop the surrogate model, 1200 design samples
were produced by Monte Carlo random sampling inside the established design space.
Five primary design variables—-concrete replacement ratio, recycled steel content, insula-
tion thickness, timber substitution ratio, and material reuse rate—-were randomly picked
from their respective engineering design ranges utilizing independent uniform probability
distributions. Each sampled design configuration underwent automatic evaluation via the
BIM–LCA workflow to ascertain the associated embodied carbon emissions.

The parameter ranges delineated in Table 3 were determined based on engineering
viability, prevailing construction methodologies, and pertinent building design standards.
Independent uniform probability distributions were utilized due to the absence of previous
probabilistic information regarding the design variables in the initial design phase. Monte
Carlo random sampling produced 1200 unique design configurations, each assessed by the
proposed BIM–LCA workflow prior to training the XGBoost surrogate model.
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Table 3. Design variables and Monte Carlo sampling ranges used for surrogate model generation.

Design Variable Symbol Sampling Range Distribution Unit Basis

Concrete replacement ratio Rc 0–20 Uniform % Practical design alternatives
Recycled steel

content Rs 0–50 Uniform % Typical recycled steel availability

Insulation thickness ti 50–150 Uniform mm Building energy code
Timber substitution ratio Rt 0–30 Uniform % Structural feasibility

Material reuse rate Rr 30–70 Uniform % Regional demolition recovery rate

The dataset was partitioned into 80% training data and 20% testing data, with five-fold
cross-validation utilized throughout model building to enhance generalization and reduce
overfitting, achieving an RMSE of 1.7% relative to full LCA results and a Pearson correlation
coefficient of 0.98. This Monte Carlo sampling method ensures extensive coverage of the
multidimensional design space while maintaining statistical independence among the
sampled design variables, thus enhancing the resilience and reproducibility of the surrogate
model. The optimal variant (V4) achieved a 38.13% reduction in GWP (1942 tCO2e) through
partial concrete substitution with timber (20%), adoption of a CLT-based envelope, and
70% material reuse, reducing normalized emissions from 514.29 to 318.21 kgCO2e/m2.
This study aligns with recent comparative life cycle studies of residential structures in
China, which indicated that substituting reinforced concrete with cross-laminated lumber
significantly decreases embodied greenhouse gas emissions while preserving comparable
structural performance [25]. Compared with full LCA simulation runtimes, surrogate-based
evaluations require less than 1 min per variant.

The proposed BIM–LCA framework was implemented for a typical mid-rise residential
building (11 aboveground stories and one underground level) with a gross floor area (GFA)
of 9750.03 m2 in China, constructed using a standard reinforced concrete mid-rise design.
The baseline design comprised a concrete frame, masonry partitions, standard finishes, and
70% material reuse. Automated quantity takeoff from GTJ2025 generated a Bill of Materials
(BoM) totaling 20,680.20 t (20,680,201.08 kg), comprising 14,450.79 t of reinforced concrete,
2403.48 t of cement, 275.63 t of sand and aggregates, 2078.84 t of masonry blocks/clay
brickwork, 711.73 t of steel (667.78 t reinforcing steel plus 43.95 t structural steel), and
759.73 t of insulation (mineral wool)/windows. Examining a mid-rise residential building
as a case study reveals common construction techniques in rapidly urbanizing areas,
providing valuable insights applicable to similar global contexts.

4.1. Embodied GWP Assessment and Hotspots

The total life cycle Global Warming Potential (GWP) was assessed following EN 15978 stan-
dards, covering modules A1–A5, yielding a value of 514.29 ± 3 0.09 kgCO2e/m2 at Level of
Development 300 (mean ± 95% confidence interval, 10,000 Monte Carlo iterations), as shown in
Table 3. This value represents an exhaustive cradle-to-grave assessment, including production
(A1–A3) and construction (A4–A5).

The production stage (A1–A3) contributed 89.28% of the total (459.16 kgCO2e/m2), driven
by carbon-intensive materials (concrete: 172.27 kgCO2e/m2 and steel: 126.63 kgCO2e/m2).
The construction stage (A4–A5) contributed 10.72% (55.13 kgCO2e/m2), reflecting on-site
energy consumption (electricity: 16.4 kgCO2e/m2; diesel/machinery: 15.2 kgCO2e/m2).
As illustrated in Figure 6, the production stage (A1–A3) predominantly influences the
embodied Global Warming Potential (GWP), while the construction stage (A4–A5) accounts
for a very minor fraction of the total life-cycle emissions. These proportions align with
those of concrete-intensive buildings, where material production (A1–A3) dominates the
total GWP due to the high volume of concrete (32.9% of total emissions) and steel (24.2% of
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total emissions), whereas the operational/end-of-life phases contribute minimally to the
durability of reinforced concrete structures.

Figure 6. Life cycle module contribution to total Global Warming Potential (kgCO2e/m2), demon-
strating the dominance of production-stage emissions (A1–A3) in the embodied carbon profile.

Table 4: GWP breakdown by lifetime modules with pedigree-based uncertainty assessments. It
is important to note that the values have been rounded for presentation, and slight discrepancies
result from the propagation of uncertainty in the Monte Carlo simulations.

Table 4. GWPs of the life cycle modules.

Life Cycle Module GWP
(kgCO2e/m2) % of Total σ (kg/m2) Uncertainty

(CV %)

A1–A3 459.17 89.28% ±26.86 5.85%
A4 22.96 4.46% ±1.84 5.85%
A5 32.17 6.26% ±2.57 5.85%

TOTAL ~514.29 100% ±30.09 5.85%
Note: CV = 5.85% from the Monte Carlo simulation (n = 10,000). 95% CI calculated as mean ± 1.96σ.

Material hotspots indicated that concrete and cement (47.5% of total A1–A3 GWP,
248.34 kgCO2e/m2), insulation/masonry (16.1% of total GWP, 84.13 kgCO2e/m2), and
steel (24.2% of the total GWP, 126.63 kgCO2e/m2) were the largest contributors. These
correspond to mid-rise residential benchmarks (460–592 kgCO2e/m2 for A1–A3). This
discovery aligns with the material-intensive nature of mid-rise concrete frames and the
increased utilization of high-emission materials owing to structural demands. Targeting
these hotspots would logically provide the most significant leverage for reduction, since
they are characterized by high volume and severe difficulty.

The transition from LOD100 (conceptual) and LOD200 (schematic) to LOD300 (de-
tailed) represents a 50% reduction in epistemic uncertainty. This improvement is attributed
to the enhanced correlation between the extensive dataset in the BIM models and the
improved mapping of environmental information. Lower Levels of Detail (LODs) involve
more assumptions, leading to increased variability; in contrast, higher LODs refine inputs,
thereby narrowing confidence ranges without significantly altering mean estimates. This
incremental enhancement can substantiate the efficacy of the framework for iterative design
and initial decision-making and significantly influence subsequent outcomes.
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4.2. Optimization of Carbon Reduction

An XGBoost machine-learning surrogate model, as shown in Figure 7, utilizing the
simulation dataset, achieved a root mean square error (RMSE) of 1.7% and provided near-
real-time feedback for design iterations. This minimal inaccuracy highlights the reliability
and representativeness of connecting challenging iterations of LCA with expedited alter-
natives. Future work will focus on integrating additional performance metrics to further
enhance the predictive capabilities of the model.

Figure 7. Cont.
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Figure 7. (a) Actual vs. predicted (test set). (b) Reduction distribution. (c) GWP distribution.
(d) Residual plot. (e) Feature importance.
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Figure 7a compares the observed Global Warming Potential (GWP) values and the
values for the test data predicted by the XGBoost surrogate model. The results show
good agreement between the predicted and observed values, with data points closely
clustered around the red dashed line denoting the 1:1 reference line (y = x), which rep-
resents perfect prediction. The model achieves R2 = 0.9966, RMSE = 3.29 kgCO2e/m2,
and MAE = 2.60 kgCO2e/m2, which means that the model has extremely high predictive
accuracy and low error dispersion. These findings confirm that the surrogate model is suffi-
ciently accurate for approximating BIM–LCA outputs and can be used for quick evaluation
of design alternatives.

Figure 7b presents the distribution of embodied carbon reduction rates calculated from
the optimization scenarios. Most solutions are in the 20–40% reduction range, showing
large potential for carbon mitigation by changing design parameters. The optimization
yields a solution that results in approximately 38.1% reduction, which is very close to the
predefined target of reduction of 38.13%.

Figure 7c shows the distribution of the predicted GWP values of the optimized design
scenarios. The majority of the outcomes are clustered between 300 and 400 kgCO2e/m2,
which is a substantial decrease from the baseline value of 514 kgCO2e/m2. The best
configuration results in approximately 318 kgCO2e/m2, which corresponds to the targeted
reduction of 38.13% of the embodied carbon.

Figure 7d represents the distribution of residuals between the predicted and actual
GWP values. The residuals are randomly distributed around zero with no discernible
patterns, which indicates that there is no systematic bias. This behavior indicates that the
model errors are roughly homoscedastic, and that the surrogate model provides a good
model of the relationships between the input parameters and the resulting GWP.

Figure 7e shows the relative importance of the input variables of the surrogate model.
The reuse percentage is the most influential parameter, followed by the type of structural
system, concrete proportion, and floor height. In contrast, the parameters related to the
envelope and ratio of the window have relatively low importance. These results suggest that
material reuse and structural configuration are dominant factors determining embodied
carbon performance among the explored design spaces.

The best variant (V4) achieved a 38.13% reduction in GWP, at 514.29 ± 30.09 kgCO2e/m2,
by 20% substitution of the concrete with a timber frame, a cross-laminated timber envelope,
and 70% reuse of materials. The model outperforms the baseline, as it shifts to biogenic
materials, which have lower upfront emissions and sequestration, and reuses credit for
reduced virgin inputs. The key work content includes the following: (1) timber substituting
concrete (20%): ~70 kgCO2e/m2 (because timber has a negative or low biogenic GWP
compared with the clinker-based emissions of concrete); (2) brick to CLT envelope shift:
~90 kgCO2e/m2 (including bio credit 14 kgCO2e/m2, improved insulation efficiency, and
lighter material profile); (3) material reuse (70%): ~39.2 KgCO2e/m2 (25% reduction in
A1–A3 emissions through recycled aggregates and components to avoid extraction).

Table 5 demonstrates the results of parametric optimization, revealing a consider-
able reduction in embodied Global Warming Potential (GWP) from the baseline scenario
(514.29 ± 30.09 kgCO2e/m2) to the ideal variant, V4 (318.21 ± 18.62 kgCO2e/m2), repre-
senting a 38.13% decrease. These benefits were achieved through a variety of measures,
including structural material substitution, envelope alteration, and better material reuse.
Notably, the incorporation of lumber and a 70% reuse rate yielded the greatest marginal
effect. The accompanying machine-learning surrogate revealed a low prediction error
(RMSE 1.4–1.7%), supporting its robustness for quick scenario evaluation.
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Table 5. Comparison of the parametric variations and GWP results (Pareto front, 40 iterations).

Variant Structure Envelope Reuse % GWP (kgCO2e/m2) Reduction % ML RMSE %

Baseline (V0) Concrete-frame Brick 0 514.29 ± 30.09 – –
V1 Concrete Low-C brick 30 453.79 ± 26.55 11.76 1.40

V2 Hybrid
concrete-timber Brick 50 393.57 ± 23.02 23.47 1.50

V3 Concrete CLT 70 364.27 ± 21.31 29.17 1.60

V4 Timber-frame
(20% subst.) CLT + reuse 70 318.21 ± 18.62 38.13 1.70

Note: Uncertainty values show mean ± σ (1 standard deviation), with 95% CI in brackets. Baseline σ = 30.09 kg/m2

from Monte Carlo simulation (CV = 5.85%); variant uncertainties propagated using relative CV. Absolute val-
ues: baseline = 5014 ± 293 tCO2e (95% CI: 4472–5570); V4 = 3103 ± 182 tCO2e (95% CI: 2747–3458); total
avoided = 1912 tCO2e.

Further geometry optimization can reduce the related GWP of the envelope by
11.76% (~49 kgCO2e/m2) by compacting the surface-to-volume ratio, and a smaller façade
means fewer façade materials due to less exposure. The incorporation of low-clinker
concrete into the residual elements resulted in an additional 43% reduction in emissions
in the elements (~84 kgCO2e/m2) by lowering the calcination of the limestone. Layer
interventions have compounded effects: material substitutions reduce the intensity, reuse,
and geometry control quantity, and the overall logic is optimized.

This optimized GWP (318.21 kgCO2e/m2) is significantly below the aspirational
net-zero target level for residential buildings under stringent standards (approximately
300–400 kgCO2e/m2 whole life), demonstrating its transferability to the Chinese construc-
tion context.

4.3. SHAP-Based Analysis of the XGBoost Surrogate Model

Figure 8 illustrates the SHAP-based interpretability study of the XGBoost surrogate
model, comprising a SHAP summary plot, two dependence plots, and an interaction plot.
Collectively, these visualizations offer insights into the significance, directional influences,
and interconnections of design elements impacting embodied carbon emissions.

Figure 8a of the SHAP summary reveals that reuse percentage dominates the antici-
pated Global Warming Potential (GWP), followed by structure type (concrete), concrete
percentage, and floor height. The window ratio, wall thermal performance, and building
envelope have little effect. Increasing reuse rates consistently lowers SHAP values and
embodied carbon emissions. High concrete use improved the SHAP and GWP.

The SHAP dependence plot for reuse percentage, as shown in Figure 8b, demon-
strates a monotonic correlation between material reuse and embodied carbon perfor-
mance. As the reuse fraction increases from 0% to 70%, SHAP values decrease from
+80 kgCO2e/m2 to 100 kgCO2e/m2, indicating substantial carbon-reduction advantages.
A reduction in concrete amplifies the diminishing impact of reuse methods, as illustrated
by the color gradient.

Figure 8c illustrates a positive link between the utilization of concrete and embodied
carbon emissions. Increasing the concrete content from 20% to 100% increased the SHAP
values, signifying enhanced contributions to GWP. Concrete production is a significant
contributor to embodied carbon in construction, as indicated by another study.

The SHAP interaction graphic, as shown in Figure 8d, elucidates the relationship
between reuse and concrete. High reuse rates and low concrete percentages yield the most
adverse SHAP values, whereas low reuse rates and high concrete contents result in the most
favorable SHAP values. These findings indicate that carbon-reduction strategies should
be evaluated collectively. Embedded carbon can be minimized primarily by optimizing
material usage and reducing concrete dependency.
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Figure 8. SHAP-based explainable artificial intelligence analysis of the XGBoost surrogate model:
(a) SHAP summary (beeswarm) plot showing the relative importance of design variables; (b) SHAP
dependence plot for material reuse percentage; (c) SHAP dependence plot for concrete percentage;
and (d) SHAP interaction plot illustrating the combined effects of reuse percentage and concrete per-
centage on predicted embodied carbon emissions. The dashed horizontal line in panels (b,c) indicates
the zero SHAP value, signifying the neutral impact of a feature on the model forecast; positive values
augment the expected embodied carbon (GWP), while negative values diminish it.

The SHAP analysis validates the reliability of the surrogate model and demonstrates
that material circularity and concrete reduction are essential for decreasing embodied
carbon within the design domain. The explainable-AI framework streamlines optimiza-
tion outcomes and facilitates low-carbon design decisions throughout the first stages of
building development [41].

4.4. Sensitivity and Uncertainty Analyses

Ua ∼ N(0, 0.10) and Ue ∼ Dir(0.05, 0.25). Nested Monte Carlo simulations propa-
gated the aleatory inherent variability and epistemic (knowledge gaps, e.g., data quality)
uncertainties over material amounts and carbon factors to obtain a total coefficient of varia-
tion (CV) of 5.85% (95% CI: 4472–5570 tCO2e; mean = 5014.3 tCO2e). This double strategy
is robust to real-world variability and avoids underestimation of the deterministic analysis.
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The Morris screening and Sobol variance-based sensitivity analyses identified the
top drivers:

(1) Concrete carbon factor: 38% (clinker variation was the main cause).
(2) Concrete density: 47.7% (influences the total weight).
(3) Material reuse factor: 7.1% (scales avoided the burden).
(4) Clinker content: 1.6% (direct emission link).

Table 6 presents the findings of the global sensitivity analysis, demonstrating that
concrete density (S1 = 0.481) and the concrete carbon factor (S1 = 0.384) contribute predom-
inantly to the variance in output, with insignificant interaction effects (S1 ≈ ST). These
results corroborate the assumption that characteristics linked to concrete considerably
influence both absolute emissions and model uncertainty. This emphasizes the strategic
necessity of optimizing mix design and applying localized emission variables in the early
stages of BIM–LCA decision-making.

Table 6. Key sensitivity results from Morris and Sobol.

Parameter S1_Normalized ST

Concrete_CF (kgCO2e/kg) 0.384 0.38

ρconcrete (kg/m3) 0.481 0.477

Material reuse factor 0.071 0.071

Clinker (%) 0.016 0.016

Steel CF (kgCO2e/kg) 0.048 0.048
Note: Sobol indices (S1) represent first-order effects; total-order indices (ST) account for parameter interactions.

These rankings indicate that optimizing the concrete mix design and implementing
reuse tactics are the most consequential. Additional reductions (20–25%) are feasible with
80% reuse or low-clinker concrete; however, EPDs from the EU may increase epistemic un-
certainty by approximately 10%, underscoring the necessity for a region-specific inventory.

The Figure 9 provides a thorough sensitivity analysis of the BIM–LCA model,
starting with bar charts (a, b, d) that present first-order (S1) and total-order (ST) Sobol
indices, along with their differences to highlight interaction effects. These result show
that “concrete density” and “concrete CF” are the primary drivers of GWP variability,
with minimal interactions. The Morris screening plot (c) complements this by mapping
parameters based on their overall importance (µ*) and interaction/non-linearity (σ),
reinforcing the significance of concrete properties while suggesting a relatively linear
model. Finally, a scatter plot (e) for “concrete CF” directly illustrates its strong positive
correlation with GWP.

Interactive 3D BIM visualization colors hotspots (such as red for high-GWP con-
crete) and uncertainty bands, for easy understanding by designers. Validation against
independent manual LCAs and standardized benchmarks confirmed the following:

(1) Framework bias < 5% vs. cradle-to-grave references for comparable buildings (n = 3 in-
dependent audits).

(2) XGBoost surrogate accuracy: 0.98 correlation with full simulations (RMSE = 1.7% ver-
sus baseline GWP of 514.29 kgCO2e/m2).

(3) This is consistent with the median residential GWP range (400–650 kgCO2e/m2

baseline), whereas the optimized variant (318.21 kgCO2e/m2) approaches aspirational
net-zero targets (300–400 kgCO2e/m2).
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Figure 9. Sobol sensitivity analysis for BIM-LCA framework following EN 15978:2011 for the
assessment of the environmental performance of buildings [42].

5. Discussion
Employing the BIM-LCA paradigm for a 9750.03 m2 mid-rise residential project

provides insights into embodied carbon management, parametric optimization, and uncer-
tainty propagation in the initial design phase. Systematically addressing the uncertainty of
LOD knowledge and semantically rich hotspots and scenario efforts has progressed from
fundamental evaluation to the most effective interventions [14,43].
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5.1. Embodied Carbon Hotspots and LOD Implications

Concrete, cement, and steel (reinforcing and structural) constitute the largest portion
of the baseline building GWP and account for approximately 72.9% of the total A1–A5
emissions, with insulation and masonry contributing a marginal ~16.4%. This distribution is
in line with the standards for mid-rise residential buildings [6,13]; therefore, the framework
can be used to identify material-intensive hotspots. Logically, such identification is the
basis for subsequent optimization to target high-efficiency parts.

Advancing from LOD100 to LOD300 reduced epistemic uncertainty by 20%, because
of the larger amounts of data granularity and automatically aligned semantic databases
of BIM and LCA. This is consistent with the findings that, with an enhanced LOD in BIM,
LCA also has more choices that are better than those in detailed reports [26,44]. Without
this progression, early assessment is likely to be too high or too low, and the designer will
not have sufficient confidence in their design. This framework helps to fill this gap through
an iterative process.

5.2. Parametric Optimization and Material Substitution

The parametric simulation indicated that, after 20% concrete-to-timber substitution
and a brick-to-CLT envelope shift combined with 70% material recycling, the embodied
GWP of the design solution was reduced by 38.13% (from 514.29 to 318.21 kgCO2e/m2)
compared with that of the concrete-masonry baseline to 1911 tCO2e (3103 tCO2e optimized
vs. 5014 tCO2e baseline). Carbon sequestration, the reuse of timber, and the direct cur-
tailment of A1–A3 emissions are low-carbon levers, and the Sobol sensitivity analysis
and SHAP interaction values demonstrate that material reuse and concrete substitution
together increase the reduction in embodied carbon. Their collective impact surpassed
the aggregate of their individual first-order effects, indicating statistically significant in-
teraction effects within the examined design space [32]. The conditional relationships
of these interventions amplify the overall decarbonization effect, with no trade-offs in
terms of structural integrity or thermal performance (wall U-value ≤ 0.24 W m−2 K−1,
height ≤ 32.6 m constraints maintained).

5.3. Sensitivity and Uncertainty Insights

Monte Carlo simulation and Sobol indices revealed that concrete carbon factors, den-
sity, and reuse rates were most influential. Linear A1–A3 decreases with increasing reuse
percentage, verifying that material circularity works well [28,33], which is a high-leverage
strategy that is robust against different parameters.

Furthermore, low-clinker concrete formulations combined with elevated reuse rates
(80%) could yield additional GWP reductions of 20–25% (65–81 kgCO2e/m2 reduction
from the optimized baseline of 318.21 kgCO2e/m2). However, these gains are tempered
by epistemic uncertainty arising from regional discrepancies in Environmental Product
Declaration (EPD) data. Current reliance on the Chinese Building Carbon Emission Fac-
tor Database for construction materials introduces an ~10% uncertainty penalty due to
differences in electricity grids, clinker-to-cement ratios, and transportation logistics. This
underscores the critical role of data provenance in LCA reliability: probabilistic assessment
(e.g., Monte Carlo-derived confidence intervals) enables defensible carbon reduction claims,
whereas deterministic point estimates risk overestimating benefits when applied to regional
construction contexts without localized inventory data.

5.4. Validation and Benchmark Alignment

The optimized design variant (V4:318.21 kgCO2e/m2) aligns with aspirational net-zero
residential building benchmarks (300–400 kgCO2e/m2 whole-life GWP) and demonstrates
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state-of-the-art decarbonization viability for mid-rise residential construction. Independent
validation of the BIM–LCA framework confirmed a bias of < 5% (absolute bias < 157.8 tCO2e)
relative to manual spreadsheet cradle-to-grave LCA calculations, whereas the ML surrogate
replicated 0.99 of the full LCA outputs, validating the reliability and accuracy of the automated
BIM-LCA pipeline.

Interactive 3D hotspot visualizations and uncertainty bands help designers quickly
understand and iterate. This transparency enhances stakeholder acceptance and logically
connects technical outputs to decision-making.

5.5. Implications of Design

Integrating BIM–LCA with parametric design tools and ML surrogate models pro-
vides four core benefits for low-carbon residential construction in China and comparable
global contexts:

(1) Substantial embodied carbon reductions: Up to 38.13% GWP reduction (196.08 kgCO2e/m2)
via material substitution and circularity, with compounded gains from geometry opti-
mization and low-clinker concrete;

(2) Expedited multi-scenario assessment: <1 min optimization loop via the ML surrogate,
eliminating computational barriers to early phase decarbonization testing;

(3) Precise hotspot and uncertainty definition: LOD300-aligned emission hotspots and
statistically robust 95% confidence intervals 4472–5570 tCO2e) for resilient, data-driven
design choices;

(4) Alignment with net-zero standards: The optimized GWP (318.21 kgCO2e/m2) meets
global aspirational net-zero residential benchmarks, with scalability to other concrete-
intensive mid-rise projects.

This integrated approach embeds carbon analytics into the earliest stages of design,
preventing the lock-in of high embodied emissions and ensuring that targeted decarboniza-
tion actions align with project constraints and global climate goals [14].

5.6. Limitations and Future Work

Numerous limitations persist, including reliance on a singular case-study building,
restrictions of regional data, and the omission of operational carbon. Subsequent study
ought to broaden the framework to encompass various building typologies, integrate
whole-life carbon evaluation, and investigate multi-objective optimization that accounts
for carbon, cost, and structural performance.

6. Conclusions
This research established a framework for uncertainty-aware Building Information

Modeling (BIM) and Life Cycle Assessment (LCA) to assess and enhance embodied carbon
in the initial design phase of residential structures. The proposed framework integrates
IFC-based Building Information Modeling (BIM), Life Cycle Assessment (LCA), Monte
Carlo uncertainty analysis, and machine-learning-assisted optimization to offer a visible
and reproducible method for facilitating low-carbon design decisions.

The framework was implemented in a mid-rise residential structure in Chongqing,
China. The findings indicated a baseline embodied carbon of 514.29 ± 30.09 kgCO2e/m2

(A1–A5), with product-stage emissions (A1–A3) accounting for roughly 89.28% of over-
all impacts. Concrete and steel were recognized as the primary sources of emissions.
The uncertainty study indicated that enhanced BIM maturity can diminish uncertainty
by roughly 20%. The optimized design resulted in a 38.13% decrease in embodied car-
bon, reducing emissions to 318.21 kgCO2e/m2. The XGBoost surrogate model attained a
prediction accuracy of around R2 = 0.98, whereas SHAP analysis revealed that material
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reuse % and concrete content were the most significant variables influencing embodied
carbon performance.

This study’s primary contribution is the integration of uncertainty quantification and
explainable machine-learning optimization into a BIM–LCA workflow, overcoming the
limits of traditional deterministic methods. The results underscore the significance of
circular material techniques and low-carbon material selection in mitigating embodied
emissions during the initial design phase.
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