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ARTICLE INFO ABSTRACT

Keywords: The construction sector is a major contributor to global environmental impacts, largely driven by the embodied
Artificial intelligence emissions of structural materials. Early-stage material selection therefore represents a critical opportunity for
Circularity

impact reduction; however, conventional life-cycle assessment (LCA) approaches remain limited in systemati-
cally evaluating large numbers of feasible material configurations under multiple and often conflicting sus-
tainability criteria, constraining effective decision-making during design. To address this limitation, this study
develops an artificial intelligence-driven decision-support framework for the systematic exploration and opti-
misation of construction material configurations within a fixed building design. The framework integrates LCA
modelling, scenario-based material substitution, predictive modelling using mixture-of-experts backpropagation
neural networks, and sustainability-oriented optimisation within a unified workflow. A reinforced-concrete office
building in the United Kingdom is used as a case study to generate 1500 technically feasible material scenarios by
varying concrete compositions (including GGBS and fly ash substitution), reinforcement steel production routes,
cement formulations, and end-of-life pathways. Scenario outputs from OneClick LCA are used to train the pre-
dictive models, enabling rapid estimation of multiple sustainability indicators, which are subsequently coupled
with a shuffled frog leaping optimisation algorithm using a composite sustainability index. The results demon-
strate that the framework efficiently identifies material configurations that balance environmental, circularity,
and cost-related performance while expanding the range of feasible design solutions beyond conventional
scenario-based evaluation. The proposed framework provides a scalable and flexible decision-support tool for
early-stage design, enabling systematic assessment of trade-offs and supporting informed material selection
under practical design and feasibility constraints.

Embodied carbon
Life-cycle assessment
Material optimisation
Sustainable construction

1. Introduction

The construction sector is a major contributor to global environ-
mental impacts, driven by its intensive consumption of energy and raw
materials throughout the building life cycle (Liu and Qian, 2019;
Ahmadi et al., 2024). At the same time, the sector plays a critical role in
societal development by delivering infrastructure that underpins eco-
nomic activity and enhances quality of life (Alwan et al., 2017; Ajayi
et al., 2025). In this context, life cycle assessment (LCA) and life cycle
costing (LC) have emerged as a well-established and systematic frame-
work for quantifying key environmental impacts, including global
warming potential (GW), acidification (AC), resource depletion, and
energy use, thereby supporting sustainability-driven decision-making in
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the construction industry (Dinh et al., 2020; Sabet et al., 2025).

At the application level, LCA-LC studies on construction and de-
molition waste management show that selective demolition combined
with high-quality recycling significantly reduces GW and resource
depletion compared with downcycling and landfill scenarios (Maria
et al., 2018; Devaki and Shanmugapriya, 2022; Dong et al., 2023).
Beyond waste management practices, the selection of construction sys-
tems and materials plays a critical role in shaping environmental im-
pacts across the entire building life cycle (AbouHamad and Abu-Hamd,
2019; Barbhuiya and Das, 2023). Furthermore, extending the assess-
ment beyond end-of-life (EoL) strategies at the building level can
significantly influence key impact categories, including GW, AC, and
eutrophication (EU) (Ghaffarianhoseini et al., 2021).
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However, despite these advances, significant limitations remain in
design-stage LCA application. In practice, feasible design alternatives
are constrained by extensive data requirements. These include time-
intensive material substitution, evaluation of multiple EoL strategies,
and modelling of numerous scenarios (Hassan Khan et al., 2025;
Plociennik et al., 2025). These demands introduce high data and
methodological complexity, which hampers scalable and consistent
application (Hafliger et al., 2017). Additional challenges include inter-
operability issues, dependence on material classification systems, and
limited  coverage of multiple environmental indicators
(Ghaffarianhoseini et al., 2021; Drewniok et al., 2023). As a result, de-
signers are frequently restricted to a narrow set of material options for a
given design layout (Nouri and Hu, 2025; Sesana et al., 2026).

Even recent LCA innovations that leverage automated and digital
design environments — such as building information modelling (BIM)-
based workflows (Guo et al., 2025), BIM-based decision models for
alternative load-bearing structural systems (Vilutiene et al., 2020),
Revit-based configurations (Hernandez et al., 2023; Lima et al., 2024),
and using commercial platforms such as OneClickLCA (Carvalho et al.,
2021; Ahmadi et al., 2025) - remain predominantly evaluative in na-
ture. These approaches have improved data integration and reduced
manual input requirements, enhancing the efficiency and consistency of
LCA workflows and enabling comparative analysis of design alterna-
tives, with reported reductions in data - processing effort and improved
transparency in environmental assessment. However, their application
is largely limited to scenario-based comparisons, such as identifying up
to 30-40% variations in embodied impacts across alternative structural
systems or achieving up to 36% reductions through circular design
strategies. Although recent modelling and BIM-integrated approaches
have improved data availability and automation, they remain primarily
assessment-driven (Huang et al., 2025 with limited capability to provide
continuous feedback or enable optimisation-oriented modelling for
guiding early-stage design decisions toward minimum-impact solutions.

To enable exploration of more diverse design scenarios, several
decision-support approaches have been proposed, including the use of
multi-criteria sustainability indicators, optimisation techniques, pre-
dictive models, and uncertainty-informed assessments to support com-
parison of alternatives and management of trade-offs during design
(Serrano-Baena et al., 2023; Parece et al., 2025a, 2025b; Valipour et al.,
2025). These approaches have demonstrated the ability to improve de-
cision transparency and capture multi-dimensional sustainability per-
formance, with reported reductions in embodied impacts and costs (e.g.,
up to 24-49% reductions in emissions and waste, and significant cost
savings), as well as improved environmental performance through
optimised material selection (e.g., ~30% carbon reduction). However,
these approaches remain limited, as they primarily rely on predefined
alternatives or case-specific scenarios and do not support systematic
evaluation of a comprehensive range of material combinations within a
fixed design configuration, nor enable continuous, large-scale explora-
tion of the design space. The second approach employs optimisation-
based modelling frameworks, yet only a limited number of studies
explicitly integrate LCA and LC at the core of the design process. Within
this category, the existing body of work remains sparse. For example,
Gachkar et al. (2025) focused on improving automated and efficient
data integration using supervised learning techniques, achieving high
matching accuracy and reducing manual processing time by up to 90%,
thereby enabling scalable and real-time LCA workflows for construction
decision-making. Igbal et al. (2025) nvestigated weak-learner artificial
intelligence (AI) models to predict and optimise the environmental im-
pacts of different building types, demonstrating high predictive accu-
racy and enabling early-stage design optimisation with 10-20%
reductions in both life-cycle impacts and costs. Meanwhile, Yadav et al.
(2025) employed hybrid deep learning coupled with genetic algorithms
to identify solutions that balance high structural performance with
reduced carbon footprints, achieving up to 30-35% reductions in CO2
emissions and 10-15% cost savings while maintaining structural
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strength, highlighting the potential of multi-objective optimisation for
sustainable material design.

Despite these advances, existing studies remain fragmented in the
way they support design-stage decision-making. Dai (2026) highlighted
that current building LCA studies remain affected by inconsistent system
boundaries, inventory data, impact categories, and limited integration
of broader sustainability dimensions, which restricts their ability to
provide definitive design guidance. Similarly, Piadeh and
Pournaghshband (2026) showed that Al has increasing potential for
circularity assessment, lifecycle-related prediction, resource recovery,
and decision support; however, existing applications remain constrained
by data limitations, transferability issues, and insufficient integration
into holistic circularity-assessment frameworks. In optimisation-based
building LCA, Mohtashami et al. (2026) further demonstrated that
case-based LCA scenarios may identify the best option only among
predefined alternatives, whereas optimisation-based LCA is required to
search a wider solution space and identify near-optimal cost-emission
efficient solutions. These studies collectively show that the material-
selection problem cannot be treated as a simple linear LCA calcula-
tion, because interactions among material categories, manufacturing
routes, recycled content, EoL pathways, and sustainability indicators
generate a combinatorial and multi-dimensional decision space. This
limitation is also confirmed by the recent systematic review of BIM-
based LCA by Parece et al. (2025a, 2025b), who emphasised that BIM-
LCA research has progressed in automation, data extraction, and envi-
ronmental assessment, but remains less developed in supporting actual
design decision-making.

Their review identifies decision-support capabilities such as multi-
criteria evaluation, multi-objective optimisation, predictive modelling,
and sensitivity or uncertainty analysis as essential for translating LCA
results into design decisions. In this context, the key gap is not only the
calculation of environmental impacts, but the lack of integrated
frameworks able to generate alternatives, evaluate multiple sustain-
ability indicators, capture trade-offs, and guide designers toward
improved solutions during early-stage design. Therefore, an integrated
Al-assisted LCA decision-support framework is required to move beyond
predefined scenario comparison and enable systematic optimisation of
feasible material configurations within a fixed building design. It should
be noted that the underlying life-cycle assessment calculations
employed in this study remain fundamentally linear and are performed
using established LCA procedures. The motivation for introducing Al is
therefore not to replace or improve the numerical calculation of LCIA
indicators themselves. Rather, the challenge addressed here arises from
the combinatorial nature of the material-selection problem, where
multiple material families, recycled-content levels, manufacturing
routes, and end-of-life pathways interact to generate a large number of
feasible design configurations. Consequently, the contribution of the
proposed framework lies in supporting systematic exploration, evalua-
tion, and optimisation of this design space rather than replacing con-
ventional LCA calculations.

A major limitation of existing approaches lies in the absence of an
integrated decision-support framework (DSF) capable of systematically
guiding material selection under multiple, interdependent, and often
conflicting sustainability objectives (Moustafa et al., 2026). Current
LCA-based approaches are predominantly assessment-oriented, relying
on retrospective evaluation of predefined scenarios rather than actively
supporting the generation and optimisation of alternative design con-
figurations (Aghdam and Dixit, 2026; Shi et al., 2026). Consequently,
they provide limited capability for identifying optimal material combi-
nations within large and complex design spaces. An effective DSF is
therefore required to generate, evaluate, and rank feasible alternatives
while explicitly accounting for trade-offs among environmental impacts,
circularity potential, and economic performance.

A further challenge emerges when such frameworks are applied to
large combinatorial material-design spaces. Although LCA provides a
rigorous basis for sustainability assessment, each candidate material
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configuration must be evaluated across multiple environmental, circu-
larity, and economic indicators. As the number of feasible combinations
increases, repeated execution of full LCA calculations becomes compu-
tationally demanding, particularly when embedded within iterative
optimisation and scenario-generation procedures. This computational
burden restricts practical exploration of large solution spaces and limits
the scalability of optimisation-driven decision-support frameworks. To
overcome this limitation, increasing attention has been directed toward
integrated AI-LCA frameworks, where Al-based predictive models
function as computationally efficient surrogate evaluators of sustain-
ability performance. Such integration enables rapid assessment of large
numbers of material configurations while maintaining consistency with
LCA-based evaluation principles. More importantly, it facilitates large-
scale exploration of material combinations, supports analysis of com-
plex trade-offs between sustainability objectives and design constraints,
and improves the identification of optimal or near-optimal solutions
during the early design stage. Consequently, intelligent decision-support
tools capable of systematically generating and evaluating diverse ma-
terial scenarios within fixed design layouts are becoming increasingly
important (Rizzo, 2025; Ashkbous et al., 2026).

It is important to distinguish between Al-predictive modelling and
the DSF itself. Predictive models function primarily as surrogate evalu-
ators of sustainability performance, estimating key indicators such as
environmental burdens, recyclability, and cost (Dai et al., 2026). In
contrast, the DSF represents a higher-level integrative architecture that
combines scenario generation, predictive modelling, and optimisation
into a unified computational framework for systematic exploration of
the design space and identification of optimal or near-optimal solutions
(Kebede et al., 2026). Within this context, predictive models constitute
only one component of the broader decision-making process.

Al is introduced in this study not as a replacement for LCA, but as an
enabling mechanism for embedding LCA within a scalable and
optimisation-driven DSF. By serving as a computationally efficient sur-
rogate model, Al enables rapid prediction of sustainability indicators
across thousands of potential material combinations, thereby over-
coming the computational limitations associated with repeated full-
scale LCA evaluations. This integration enables continuous exploration
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of complex design spaces and supports efficient multi-objective opti-
misation under uncertainty. Such capability is particularly critical dur-
ing early-stage design, where rapid and informed decision-making is
essential despite incomplete information and competing sustainability
priorities. Accordingly, the proposed framework should be interpreted
as an optimisation-oriented decision-support system rather than a pre-
dictive replacement for LCA. While sensitivity-analysis methods can
efficiently quantify the influence of individual parameters and assess
uncertainty propagation within linear LCA models, they do not inher-
ently provide mechanisms for systematic search, ranking, and optimi-
sation of alternative material configurations under multiple
sustainability objectives. These functions are performed within the
present framework through the integration of predictive modelling and
optimisation procedures.

To address these limitations, this study develops an Al-driven
framework for systematic exploration and optimisation of construction
material configurations within a fixed building design. The approach
integrates LCA, scenario-based material substitution, predictive model-
ling, and optimisation to enable efficient evaluation across a large ma-
terial design space. A reinforced-concrete case study demonstrates the
framework's capability to identify environmentally efficient configura-
tions while maintaining structural equivalence.

2. Method and materials

The methodological framework is general and independent of spe-
cific building types or datasets; however, it is demonstrated through a
real-world case study. As illustrated in Fig. 1, the proposed framework
operates as an integrated decision-support workflow comprising three
interconnected stages. Stage 1 establishes the decision space by quan-
tifying the benchmark material inventory, generating feasible material-
substitution scenarios, defining sustainability-oriented performance
criteria, and constructing the underlying data library. Stage 2 forms the
predictive component of the framework, where the sustainability-based
mixture-of-experts models are developed to capture the relationships
between material configurations and sustainability performance in-
dicators. Unlike Al-based predictive modelling, which is used to
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Fig. 1. Overview of the proposed framework for sustainable construction material optimisation.
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estimate sustainability indicators for alternative material configura-
tions, sensitivity analysis is employed to interpret model behaviour and
quantify the influence of individual variables on the predicted outcomes.
Building upon these validated predictive relationships, Stage 3 repre-
sents the decision-support component of the framework, where
sustainability-index-based optimisation is used to systematically explore
the feasible design space and identify optimal or near-optimal material
configurations.

Accordingly, while sensitivity analysis is used to evaluate parameter
influence and model behaviour, the Al-assisted optimisation framework
enables systematic evaluation and ranking of alternative material con-
figurations within the decision-support process. Al therefore serves as
the predictive engine of the framework, sensitivity analysis provides
model interpretability and validation, and optimisation translates the
generated knowledge into actionable design decisions. The decision-
support capability therefore emerges from the integration of scenario
generation, sustainability assessment, predictive modelling, sensitivity
analysis, and optimisation within a unified workflow.

The scope of the present study is limited to building-level material
optimisation within a fixed reinforced-concrete office-building config-
uration and does not aim to perform a comprehensive urban-scale ma-
terial-stock or built-form assessment. The primary objective of the
research is to develop and validate an integrated Al-assisted LCA
framework capable of systematically exploring and optimising alterna-
tive material configurations under controlled geometric and functional
conditions. Accordingly, the benchmark building geometry, floor area,
occupancy function, and structural system were intentionally main-
tained constant to isolate the influence of material-selection strategies,
recycled content, and end-of-life pathways on sustainability perfor-
mance. Consequently, broader urban-planning variables, including
urban density, residential and commercial typologies, occupancy dis-
tribution, gross floor area per capita, and differences between urban,
suburban, and rural built forms, were considered beyond the scope of
the current investigation. Nevertheless, the proposed framework is
designed as a scalable methodology and can be extended in future work
toward multi-building and planning-scale applications to support
comparative sustainability assessment across different urban-
development and building-stock contexts.

2.1. Step 1: benchmark design layout

The benchmark model represents a business as usual (BaU) rein-
forced concrete office building located in the United Kingdom. As shown

HABITABLE )
STORIES

Includes parking and ancillary
spaces at lower levels

2,230 m? |

GROSS FLOORAREA )

INCLUDES

1,183 m?

DEDICATED HABITABLE
OFFICE SPACE )

Reflects conventional UK design without
intentional circular or recycled strategies.

P
BUSINESS-AS-USUAL (BaU) DESIGN}, /

Environmental Impact Assessment Review 121 (2026) 108582

inf Fig. 2, the building comprises five storeys with total gross floor area
is 2230 m?, of which 1183 m? is habitable office space. The structural
system consists of cast-in-place reinforced concrete moment-resisting
frames with shear walls, supported by reinforced concrete founda-
tions. Floor systems use two-way reinforced concrete slabs, consistent
with typical UK mid-rise office construction. The benchmark reflects
conventional design practice and standard material specifications,
without incorporating circular design strategies, recycled-content opti-
misation, or alternative EoL pathways.

2.1.1. Step 1.1: benchmark material quantification

Material quantities for the benchmark were derived from a detailed
take-off based on architectural drawings, structural layouts, and rein-
forcement schedules. The take-off was performed at element level and
subsequently aggregated into LCA categories. Reinforcement quantities
were calculated from bar schedules and geometric measurements,
covering foundations, columns, beams, slabs, shear walls, and stairs.
Concrete volumes were determined for all structural elements and
converted to material masses where required. Non-structural materials,
including masonry blocks, mortars, renders, and finishes, were quanti-
fied from measured surface areas using standard material densities.

All LCA modelling calculations were performed directly within the
OneClickLCA environment. LCA modelling was conducted using One-
Click LCA, selected for compatibility with EN 15978 workflows,
covering substructure, structure, enclosure, and primary finishing ele-
ments. Mechanical, electrical, plumbing, and fit-out systems were
excluded to ensure consistency with early-stage embodied carbon
assessment practice. The benchmark model includes substructure, su-
perstructure, enclosure, and primary architectural elements. Mechani-
cal, electrical, plumbing, HVAC systems, and secondary finishes were
excluded. Therefore, environmental coefficients and inventory factors
were not manually assigned but automatically retrieved from the
selected EPDs (Listed in Table A4 in the Appendix A) and generic
datasets associated with each material configuration. This workflow
ensured methodological consistency, traceability, and comparability
across all generated scenarios.

The environmental data used in this study were obtained through the
OneClickLCA platform, primarily based on EPDs provided by manu-
facturers and available within the platform database. For scenarios
where product-specific EPDs were not available, generic UK datasets
integrated within the platform were adopted. These generic datasets
represent country-specific average environmental profiles developed
using aggregated EPD information together with bottom-up life-cycle

STRUCTURAL SYSTEM:
CAST-IN-PLACE REINFORCED
)y CONCRETE MOMENT-RESISTING
Jz FRAMES, SHEAR WALLS, &
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SOFTWARE PLATFORM ~ ONECLICKLCA (EN 15978-COMPLIANT)
MATERIAL FOCUS GENERIC UK MATERIAL DATASETS
MODELING VARIABLES ~ MATERIAL SPECIFICATION & Eol ASSUMPTIONS ONLY

Fig. 2. Benchmark building specification for UK office baseline
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inventory modelling approaches adapted to UK manufacturing condi-
tions, transportation assumptions, energy mix, and end-of-life treatment
pathways (Pasanen, 2025). The datasets were applied consistently
across all scenarios to ensure comparability and alignment with EN
15804 and EN 15978-based life-cycle assessment practices.

Materials were modelled as virgin-dominant with default UK trans-
port assumptions. No recycled content, reuse, or recovery credits were
included. EoL scenarios followed standard disposal and landfill path-
ways, reflecting current industry practice. The benchmark establishes a
fixed reference against which all alternative material scenarios are
evaluated. In subsequent steps, geometry, building function, and base-
line quantities remain unchanged. Variations in environmental perfor-
mance therefore arise solely from differences in material specification
and EoL assumptions.

The contribution of principal life-cycle stages to the environmental
impact indicators of the benchmark building, obtained from the One-
Click LCA model, is summarised in Table 1, with further details provided
in Tables A1-A4 in the Appendix. As shown, the material stage (A1-A3)
accounts for the largest share of the LCA indicators and is therefore
selected as the primary target EC optimisation.

Table 2 presents material quantities of the BaU benchmark model
used as the reference for all subsequent scenario analyses. Quantities are
reported at material-category level to ensure a stable and transparent
baseline while avoiding unnecessary product-level disaggregation.
These quantities remain invariant across all scenarios; only material
composition, recycled content, and EoL assumptions are modified in
later steps.

The alternative scenario space is restricted to reinforcement steel
(REB), structural ready-mix concrete (RMC), and Portland cement
(CEM), as these dominate embodied environmental impacts in the
benchmark model and govern system response under fixed geometry
and function. The BaU LCA shows that REB, RMC, and CEM account for
the majority of production-stage impacts (A1-A3), particularly for
global warming, while other materials contribute comparatively minor
shares despite, in some cases, large quantities. Within reinforced-
concrete systems, these materials act as primary environmental con-
trol variables. Variations in composition or production route therefore
produce system-level impacts significantly greater than those associated
with non-structural materials. It should be mentioned here, although
materials such as plasterboard, glass, aluminium, insulation, bitumen,
plastics, paint, carpet, and copper were included within the baseline life-
cycle inventory, they were not parameterised within the framework
because their contribution to the total embodied impacts of the inves-
tigated reinforced-concrete structural system was comparatively smaller
than that of reinforcement steel, concrete, and cement. Furthermore,
maintaining these materials constant reduced unnecessary combinato-
rial complexity while preserving the dominant environmental drivers
governing system-level performance.

This dominance arises from coupled process-level characteristics.
Reinforcement steel exhibits high cradle-to-gate impact intensity due to
energy- and carbon-intensive production routes. Portland cement is
governed by clinker-related process emissions and high thermal energy

Table 1
Environmental impacts of BaU project.
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Table 2
Benchmark material quantities defining the BaU reference model.
Material category Specification Total GW
quantity (%)
REB_0: Reinforcement Reinforcement steel (rebar), 208,282 kg 30.80
steel generic, 0% recycled content,
A615

RMC_0: Structural 1643 m® 41.32

concrete (total)

Ready-mix concrete, normal
strength, generic, C25/30
(3600/4400 PSI), with CEM I,
0% recycled binders (280 kg/
m3 total cement)

Portland cement, generic,

CEM_0: Portland cement 489,282 kg 7.08

(total) CEM I, 0% recycled binders
Sand and gravel Aggregate (crushed gravel), 3,284,718 4.63
(aggregates) generic, dry bulk density, kg
1600 kg/m3

Chalk and gypsum-based
materials

Gypsum plaster board,
regular, 10% recycled
gypsum, 6.5-25 mm, 10.725
kg/m2 (for 12.5 mm), 858 kg/
m3

Ceramic glazed tile, 20 kg/m?;
Natural stone slab, flexible,
indoor usage, 20 mm, 52 kg/
m?, 2600 kg/m>, EN15804 +
Al

83,990 kg 2.53

Floor and wall finishes 5705 m? 13.64
(tiles, stone, mosaic)

and other materials

demand. Structural concrete inherits this burden from its cementitious
fraction, with binder composition controlling most embodied carbon.
Benchmark results confirm this coupling, showing that variation in these
streams produces first-order changes in life-cycle impacts, whereas non-
structural materials induce only second-order effects without altering
impact rankings.

Scenario generation therefore targets binder substitution in concrete,
recycled content and production-route variation in reinforcement steel,
and clinker-reduced cement formulations. These parameters address
dominant emission sources and represent the primary levers for modi-
fying system-level performance while preserving structural equivalence
and functional definition.

All remaining categories, including aggregates, autoclaved aerated
concrete blocks, mortars, gypsum-based products, and finishes, are
retained in the inventory but excluded from scenario parameterisation.
Although some occur in large quantities, their cradle-to-gate emission
factors are relatively low, and their contribution to total global warming
remains minor. In particular, aggregate production contributes negli-
gibly compared with the cement fraction in concrete. Including these
materials would increase combinatorial complexity without meaningful
impact variation. Restricting the scenario space to REB, RMC, and CEM
therefore preserves the principal environmental drivers and enables
focused comparison across technically relevant specifications.

The system boundary adopted in this study is defined as cradle-to-
cradle. However, operational carbon emissions associated with mod-
ules B6-B7, together with other use-stage impacts related to modules B1-
B5, were excluded from the analysis. This exclusion was considered

Stage cycle Title LCA parameter (%)
GW AC EU PO OD AF AN
Al-A3 Construction Materials 69.04 64.90 66.68 69.86 71.56 29.74 65.60
A4 Transport 1.95 3.73 1.10 0.58 0.48 14.44 2.36
A5 Construction 6.57 7.02 9.66 7.14 5.87 4.51 8.13
B1-B3 Operational 5.43 5.10 5.24 5.49 5.63 2.34 5.16
B4-5 Replacement 15.51 14.58 14.98 15.70 16.08 6.68 14.74
Cl-C4 End of life 1.50 4.66 2.33 1.22 0.37 42.29 4.02

AC: Acidification potential; AF: Fossil Abiotic depletion; AN: Non-fossil Abiotic depletion, EU: Eutrophication potential; GW: Global warming potential; OD: Ozone

depletion potential; PO: Photochemical ozone formation
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appropriate within the defined scope and system boundary of the pre-
sent study because the primary objective was to isolate and quantify the
influence of material-selection and end-of-life strategies on sustainabil-
ity performance. To ensure a consistent basis for comparison, all non-
material parameters, including building geometry, floor area, struc-
tural configuration, occupancy assumptions, operational conditions,
building services, and service life, were maintained as fixed inputs
across all investigated scenarios. Consequently, the environmental,
economic, and circularity differences observed between scenarios arise
exclusively from changes in material composition and end-of-life man-
agement pathways.

It is acknowledged that other factors, such as renewable energy
systems, operational energy performance, maintenance strategies, user
behaviour, and variations in building service life, can significantly in-
fluence whole-life sustainability performance. However, these parame-
ters were intentionally excluded from the optimisation framework to
avoid introducing additional sources of variability that could obscure
the specific effects of material-related decisions. Therefore, the results
should be interpreted as a comparative assessment of alternative ma-
terial and end-of-life strategies under otherwise identical building con-
ditions. Future research may extend the framework by incorporating
operational energy systems, renewable technologies, maintenance in-
terventions, and dynamic service-life scenarios to provide a more
comprehensive whole-life optimisation approach.

2.1.2. Step 1.2: alternative material scenarios

An alternative material scenario is defined as a unique combination
of material specifications applied to a fixed benchmark geometry, with
building function, layout, and element quantities unchanged. Sub-
stitutions are restricted to functionally equivalent options to preserve
structural performance. Scenarios are generated by systematically
varying (i) concrete mix composition, (ii) recycled content of rein-
forcement steel, (iii) cement specification, and (iv) EoL treatment for key
material groups.

Tables A5 and A6 summarise the structure of the scenario space
derived from the benchmark model. Scenarios are constructed through
combinatorial assembly of discrete material options while preserving
geometry and quantities. Alternatives are selected from verified datasets
within OneClick LCA to ensure modelling consistency. From 124 RMC,
176 REB, and 47 CEM datasets, 8, 19, and 8 materials are selected,
respectively, based on geographical feasibility and industrial relevance
(UK/Ireland location, UK representation, or generic UK Environmental
Product Declarations - EPDs).

For ready-mix concrete, scenarios vary mixes within the same
strength class through partial substitution of Portland cement with
supplementary cementitious materials (e.g., GGBS or fly ash) at pre-
defined ratios. For reinforcement steel, scenarios vary recycled content
and production routes, from virgin-dominant to high secondary content.
For cement, scenarios incorporate clinker reduction and alternative EoL
recovery options. Modifications are applied individually and in combi-
nation, enabling assessment of isolated effects and interaction responses.

Although the scenario library was generated through systematic
combinatorial material substitutions, the resulting dataset does not
represent unconstrained synthetic data generation. All scenarios were
derived from a real-world reinforced-concrete office-building bench-
mark model using actual material quantities obtained from detailed
inventory take-offs. Furthermore, all alternative material specifications
and end-of-life pathways were selected exclusively from manufacturer-
specific Environmental Product Declarations (EPDs) and geographi-
cally relevant UK-based datasets available within the One Click LCA
platform. The generated scenarios were additionally constrained by
structural equivalence, practical constructability, material availability,
and realistic industry conditions to ensure technical feasibility and real-
world applicability.

This structured approach generates over 1500 technically feasible
scenarios for early-stage evaluation. Material quantities remain
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invariant across all models to ensure comparability. Variations in per-
formance therefore arise solely from differences in material specification
and EoL treatment, consistent with early-stage LCA practice and
enabling direct scenario comparison. All scenarios are constrained by
material availability, design feasibility, and dataset boundaries,
ensuring that the generated combinations remain representative of
realistic construction conditions rather than unconstrained synthetic
data.

2.1.3. Step 1.3: sustainability-oriented targets

Sustainability performance is evaluated using three target families
(Table 3). The first captures environmental impacts derived from life-
cycle inventory results in OneClick LCA. The second quantifies circu-
larity performance under scenario-specific product-stage and EoL rout-
ing. The third represents a monetary proxy for socio-economic burden
through LC outputs, where available.

Environmental performance was characterised using six midpoint
indicators derived from the LCA defined in ISO 14040 (ISO, 2015), ISO
14044 (I1SO, 2006), EN 15804 (BSI, 2019) and EN 15978 (BSI, 2012).
These indicators were selected to represent three key environmental
dimensions relevant to sustainable building design: Embodied carbon
(EQC) is included because climate-change mitigation is the dominant
sustainability objective in contemporary building design and is widely
recognised as the primary environmental performance indicator in the
construction sector (Cabeza et al., 2014; Ahmadi et al., 2025). Ozone
depletion (OD), AC, and EU), are selected to capture atmospheric and
ecosystem impacts arising from material production and EoL processes
(Kirchherr et al., 2017). Abiotic depletion of elements (AN) and fossil
resources (AF) are included to assess resource consumption and long-
term resource scarcity, which are central considerations in circular-
economy and material-efficiency assessments (Geissdoerfer et al.,
2017). Together, these six indicators provide coverage of climate im-
pacts, ecosystem impacts, and resource-depletion impacts while

Table 3
Sustainability-oriented targets used for scenario evaluation.

Indicator ID Unit Description Sensitivity to EoL
definition
Embodied EC kg Embodied climate- High; affected by
carboSOn COxz change impact across  recycling, recovery,
life-cycle stages and disposal routes
Acidification AC kg Emissions Moderate;
potential SOz contributing to influenced by
acidification of soils processing and
and water bodies transport at end of
life
Eutrophication EU kg Nutrient-related Moderate; sensitive
potential PO+~ impacts on aquatic to waste-processing
and terrestrial emissions
ecosystems
Ozone depletion OD kg Depletion of Indirectly
potential CFC11 stratospheric ozone influenced by
upstream and EoL
processes
Fossil Abiotic AF MJ Consumption of High; linked to
depletion fossil energy energy intensity of
resources production and
recovery
Non-fossil AN kg Sbe Depletion of mineral Reduced by higher
Abiotic and metal resources recycled content
depletion and effective
recovery
Circularity CE % Degree of circular Directly controlled
material inflow and by EoL routing
outflow
Life-cycle cost LC £K Comparative Influenced by

monetary burden
over the life cycle

disposal and
recovery pathways
where cost data
exist




A. Pournaghshband et al.

avoiding excessive redundancy between highly correlated environ-
mental indicators. Their selection therefore enables a balanced evalua-
tion of environmental sustainability while maintaining computational
efficiency and interpretability within the optimisation framework.
However, photochemical ozone formation is excluded due to negligible
variation across scenarios. Global warming is not retained separately, as
EC represents the climate-change impact of embodied life-cycle stages;
including both would introduce redundancy. EC is therefore adopted as
the representative climate metric.

The second target family quantifies circularity using building-level
metrics generated within the modelling platform (inspired by Ahmadi
et al., 2024, 2025). It captures upstream characteristics, including
recycled content and binder substitution (e.g., GGBS or fly ash), and
downstream EoL routing such as recycling, reuse, backfilling, or
disposal. Circularity thus reflects scenario-specific EoL definitions and
complements impact-based environmental indicators.

The third target family represents a monetary proxy for socio-
economic implications (LC), expressed through discounted outputs
recommended by EN 15978 and EN 15804 (BSI, 2012, 2019). Results
are reported consistently across all scenarios using cost-related outputs
within OneClick LCA. Values are interpreted comparatively rather than
as absolute estimates, reflecting the generic nature of the datasets and
their role as indicators of relative socio-economic burden rather than
project-specific costs.

2.1.4. Step 1.4: data library and normalisation

A centralised digital data library was established to support model-
ling and optimisation. Scenario outputs were compiled into a structured
matrix, where each row represents a material configuration and each
column a quantitative sustainability variable or encoded design
descriptor. Environmental, circularity, and life-cycle indicators were
stored in numerical form and linked to scenario identifiers through a
consistent coding structure. Categorical variables for material specifi-
cations and EoL pathways were encoded into machine-readable formats,
with a reference key maintained to preserve traceability. The dataset
was stored in interoperable tabular formats to ensure compatibility with
statistical analysis and supervised learning.

To ensure comparability across heterogeneous indicators, a dimen-
sionless normalisation framework was applied, following Ahmadi et al.
(2025). All outputs were scaled relative to a fixed reference, as defined
in Eq. (1), expressing performance as proportional deviation from the
baseline. This removes unit inconsistency (e.g., kg COze, MJ, kg Sb-eq,
£k) and harmonises magnitude differences that could bias learning al-
gorithms. Burden indicators were scaled such that reductions yield
values below unity, while benefit indicators were transformed to
maintain a consistent minimisation orientation. This unified structure
enables coherent integration within multi-objective modelling and
index formulation.

RST;
WM if higher RST;; indicates better sustaniaiblity
ij

STi=3 " Rst, W
———_if higher RST;; indicates lower sustaniaiblity
RSTipay
where St;; denotes the normalised value of the i sustainability-
oriented target (e.g., EC or CE) for scenario j (i.e material's alternative
scenario under evaluation), and RST denotes the raw value of the
sustainability-oriented target.

2.1.5. Step 2: sustainability-based mixture of expert modelling

To ensure computational efficiency during optimisation, a back-
propagation neural network (BPNN) was adopted for predictive
modelling developed and trained using MATLAB R2023a. The initial
configuration used 38 input variables (8 RMC, 19 REB, 8 CEM, and 3 EoL
options) to predict eight outputs. This formulation was subsequently
revised. First, when the architecture was evaluated using the capacity
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sanity-check approach recommended by Vandersmissen and Oramas
(2024) and Hu et al. (2025), the samples-per-parameter ratio was
approximately 3.9 (see Part B in Appendix for full calculation). Although
not indicative of overfitting, this falls within a moderate regime where
generalisation is uncertain, limiting statistical robustness under the
bias—variance trade-off. Second, most parameters were concentrated in
the first hidden layer (38 x hidden neurons), meaning model capacity
was governed primarily by input dimensionality. This increases sus-
ceptibility to spurious correlations, particularly under multicollinearity
among inputs (Lighittha et al., 2026; Peng et al., 2026). Third, the multi-
output structure increases task complexity and may reduce model sta-
bility. Reducing input dimensionality or restructuring the input—output
formulation improves interpretability and reduces sensitivity to random
initialisation and data partitioning (Kang et al., 2026).

2.1.6. Step 2.1: feature analysis and extraction

To reduce input dimensionality, clustering analysis was applied
using Gaussian mixture models (GMM), hierarchical agglomerative
clustering (dendrogram analysis), t-SNE, and PCA projections of GMM
clusters (Appendix C). Results show that input variables can be reduced
while preserving the underlying data structure. Accordingly, the high-
dimensional input space was restructured by aggregating detailed ma-
terial variables into composite array-based descriptors. Instead of using
multiple individual inputs for CEM, REB, and RMC, each material family
was encoded as a single structured array capturing its internal compo-
sition. This transformation reduces effective dimensionality while pre-
serving intrinsic relationships among components. By compressing
correlated features into unified representations, the number of trainable
parameters—particularly in the first hidden layer—was significantly
reduced, improving model stability and generalisation.

2.1.7. Step 2.2: base model development

The BPNN architecture comprises three hidden layers, each with five
neurons (as shown in Fig. 3. This compact configuration balances model
flexibility and generalisation capacity, avoiding over-parameterisation
relative to the available dataset size (Piadeh et al., 2023; Bibri and
Huang, 2025). To further control model complexity and enhance flexi-
bility, a modular strategy based on the mixture-of-experts framework (Li
and Sung, 2025; Xi et al., 2025) was adopted. Instead of a single multi-
output network, separate models were trained for each target variable.
Each model is stored in a library and operates as an independent expert.

2.1.8. Step 2.3: performance assessment and sensitivity analysis

The performance of the expert models was evaluated using Root
Mean Square Error (RMSE) and the coefficient of determination (R2)
under previously unseen single-variation scenarios. However, this
evaluation alone is insufficient to demonstrate the true predictive
capability of the developed models, as these cases still represent in-
terpolations within the original scenario space. To address this limita-
tion, an additional 40 scenarios were constructed incorporating
different combinations of all considered material groups. These multi-
variate scenarios are entirely new and differ substantially from the
structure of the training data, thereby providing a more rigorous
assessment of the models' generalisation capability.

Beyond RMSE and R?, model bias was also examined to provide a
more comprehensive evaluation. Specifically, underestimation bias,
overestimation bias, and aggregate emission bias were quantified to
assess systematic prediction errors and to verify that the models do not
consistently under- or over-predict emissions across different material
configurations.

In addition to the quantitative performance metrics, three explain-
able artificial intelligence (XAI) analyses were conducted to ensure the
transparency, reliability, and robustness of the developed models. These
included Layer-wise Relevance Propagation (LRP) to identify the
contribution of input features to model predictions, Shapley Additive
Explanations (SHAP) analysis to quantify and interpret feature
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Fig. 3. Structure of the mixture of expert models developed

importance across scenarios, and systematic underfitting and over-
fitting checks using the 40 newly constructed multivariate scenarios.

2.1.9. Step 3: sustainability index-based optimisation

Unlike the predictive modelling phase, where scenarios were
generated through controlled substitutions with one material varied at a
time, the optimisation framework enables simultaneous adjustment of
multiple material shares. The model is therefore not restricted to pre-
defined substitution pathways and can generate new material combi-
nations within defined feasibility bounds. This facilitates exploration of
more diverse and complex mixtures not explicitly represented in the
training dataset. The optimisation stage addresses a fundamentally
different problem from conventional sensitivity analysis. Sensitivity-
analysis techniques evaluate how variations in predefined input pa-
rameters influence model outputs, whereas optimisation seeks to iden-
tify material configurations that best satisfy specified sustainability
objectives while respecting practical design constraints. The role of the
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Al-based surrogate models is therefore to enable rapid evaluation of
candidate solutions during the search process, allowing efficient
exploration of a large feasible solution space that would otherwise
require repeated execution of full LCA simulations.

Among the evaluated optimisation techniques, the shuffled frog
leaping algorithm (SFLA) was selected here as shown in Fig. 4. This is
mainly because, compared with commonly used optimisation ap-
proaches such as response surface methodology (Dewi et al., 2025),
multi-objective optimisation (Sandanayake et al., 2022), and genetic
algorithm or NSGA-II (Galimshina et al., 2022), SFLA provides a
favourable balance between exploration and exploitation through
cooperative information exchange between subgroups, enabling effec-
tive exploration of complex solution spaces while maintaining conver-
gence stability (Piadeh et al., 2024). This characteristic is particularly
advantageous for optimisation problems involving multiple interacting
design variables, nonlinear predictive models, and high-dimensional
sustainability trade-offs (Offie et al., 2023), as considered in this

Phase 2: Memeplex Evolution and Convergence

Partitioning into 10-Frog Memeplexes

GPU-Accelerated
Exploitation
Computation is offloaded
to a GPU to maximize
leaping and searching
efficiency.

TERMINATE &
The cycle repeats until the DL LRI
“best frog" improvement

falls below 5%.

Fig. 4. Workflow of the Shuffled Frog Leaping Optimisation Algorithm used in this study
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study. Furthermore, SFLA exhibits relatively low parameter sensitivity
and computational demand compared with several evolutionary opti-
misation approaches, enhancing its suitability for iterative optimisation
processes integrated with Al-based predictive frameworks (Chamlal
et al., 2024). The combination of convergence stability, computational
efficiency, and robustness under complex nonlinear conditions therefore
motivated the selection of SFLA as the optimisation engine for the pro-
posed framework (Azghandi et al., 2025).

2.1.10. Step 3.1: sustainability index as objective function

The primary objective function adopted in the optimisation frame-
work is the SI, conceptually inspired by Carreira-Barral et al. (2026).
However, the original formulation has been extended and refined, as
presented in Eq. (2), to better accommodate the structure of the pre-
dictive modelling framework and the multi-criteria nature of the design
problem. The purpose of the SI is to integrate multiple performance
criteria, according to the decision-maker's strategic preferences, into
a single scalar objective function that enables systematic comparison
and optimisation of material design scenarios.

The formulation allows the relative importance and inclusion or
exclusion of each target variable to be controlled through an adjustable
weighting factor W;. By modifying these weights, the optimisation
framework can represent different sustainability priorities without
altering the underlying predictive models. This adaptable weighting
structure ensures that the optimisation process remains flexible and
transparent, while maintaining a unified and mathematically consistent
decision-making framework aligned with varying policy, environ-
mental, or economic objectives.

SI — Zi*number of mrge(sv\]iXSTi (2)

Wi
i=number of targets |

where W; is the importance weight assigned to the ith sustainability-
oriented target, ST; denotes the normalised value of the ith
sustainability-oriented target.

The weighting factors can be interpreted as direct inputs from
stakeholders or decision-makers, allowing the framework to reflect
different strategic priorities. By adjusting these weights, users can
emphasise environmental performance, circularity, or economic con-
siderations without modifying the underlying predictive models. This
enables the framework to function as a flexible decision-support tool
tailored to varying design objectives and policy requirements.

2.1.11. Step 3.2: model constrains and boundaries

The decision variables representing material shares for RMC, REB,
and CEM were formulated as compositional variables and were there-
fore subject to strict mixture constraints. Each share variable was
bounded within the interval [0%, 100%], and the total contribution
within each material group was constrained to sum exactly to 100% (i.e.
S(i:1 — 9) REM; = 100; S(i:1 — 20) REB; = 100; 3(i:1 — 9) CEM; =
100), thereby preserving physical consistency and mass balance within
the mixture formulation.

To reflect practical blending, procurement, and supply-chain con-
siderations, a sparsity constraint was imposed on the number of simul-
taneously active components in each material group. Specifically, no
less than 1 and no more than “n” components per group (i.e.1 < Nnz
(group materials) < n) were permitted to have non-zero contribution.
This parameter can be adjusted according to the decision-maker's pref-
erences, thereby controlling the structural complexity of the resulting
mixture configurations.

To prevent the selection of unrealistically small material fractions, a
minimum activity threshold was introduced, and quantities were
rounded according to practical construction constraints. For RMC and
CEM, thresholds were defined based on standard material supply units,
with quantities rounded up to the nearest whole unit to avoid fractional
material usage. For REB, the threshold was determined based on stan-
dard bar lengths, with quantities rounded up to the nearest whole bar to
ensure constructability. This requirement ensures that each active
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component contributes a practically meaningful amount to the mixture
and prevents the optimisation algorithm from exploiting extremely
small fractional allocations. The EoL variables were treated as discrete
categorical parameters and constrained to integer values. Following
each optimisation update, a feasibility-repair mechanism was applied to
ensure compliance with all compositional and discrete constraints. This
procedure retained only the mlargest share components within each
material group and subsequently renormalised them to satisfy the 100%
mixture constraint. The parameter mcan be specified according to the
designer's preferred level of mixture sparsity, providing flexibility in
controlling the diversity and practicality of optimised material config-
urations. These constraints can be adjusted to reflect stakeholder pref-
erences, procurement strategies, and practical implementation
requirements, thereby linking the optimisation process to real-world
decision-making conditions.

2.1.12. Step 3.3: sustainability optimisation outcomes and material
configuration analysis

To examine the behaviour of the optimisation framework under
different sustainability priorities, five weighting strategies were defined
for the SI. These scenarios were developed collaboratively through a
focus-group workshop, implemented based on the recommendations of
Piadeh et al. (2020) and involving 15 stakeholders selected from local
authorities, industry, and academia. The validation and selection of
stakeholders were also conducted in accordance with the recommen-
dations of Parece et al. (2025a, 2025b). The characteristics of the
selected stakeholders are provided in Table A7 in Appendix A.

In A1, EC was prioritised by assigning it a weight of 0.65, while the
remaining criteria were each assigned a weight of 0.05. The same
weighting structure was adopted in A2 and A3, where CE and LC were
prioritised respectively. The use of a dominant weight of 0.65 ensures
that the selected indicator strongly influences the optimisation objec-
tive, whereas assigning equal minor weights (0.05) to the remaining
indicators retains their influence while preventing them from domi-
nating the optimisation process. This weighting structure therefore al-
lows the evaluation of optimisation behaviour when one sustainability
objective is intentionally emphasised while the remaining criteria are
still considered.

To examine balanced sustainability priorities, A4 assigns dominant
weights of 0.25 to EC, circularity (CE), and LC, while remaining in-
dicators receive 0.05 each. This configuration prioritises environmental
impact, circularity, and economic performance while retaining second-
ary environmental effects. A5 defines a neutral case, assigning equal
weights of 0.125 to all eight indicators, allowing optimisation without
predefined preference.

For practical interpretation, solutions are restricted to a maximum of
three active material options per group. This avoids highly fragmented
mixtures that are impractical for procurement and construction. The
constraint improves interpretability and aligns results with typical in-
dustry sourcing practices. For each strategy, the three best-performing
solutions are retained and analysed to identify consistent patterns in
material configurations.

To verify the reliability of the optimisation results, the optimal ma-
terial combinations predicted by the Al-based framework were re-
evaluated using OneClickLCA. This step enabled direct comparison be-
tween predicted sustainability indicators and values obtained from the
original life-cycle assessment model. Agreement between predicted and
observed results was assessed using normalised root mean square error
(NRMSE) and normalised residual error, providing an independent
validation of the predictive-optimisation workflow.

3. Results and discussion
3.1. Performance assessment of prediction models

Fig. 5 compares predicted and observed values for all eight
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Fig. 5. Performance assessment of expert-based model developed on single variate scenarios: (a) EC train, (b) EC test, (c) AC train, (d) AC test, (e) EU train, (f) EU

test, (g) OD train, (h) OD test, (i) AF train, (j) AF test, (k) AN train, (1) AN test,

sustainability indicators. Across all cases, the scatter points align closely
with the 1:1 reference line, indicating strong agreement between the
model predictions and the values obtained from the OneClick LCA
simulations. The coefficients of determination remain consistently high
for both training and testing datasets, ranging approximately from
98.20% to 99.98%, while the normalised prediction errors remain
generally low. These results indicate that the developed models suc-
cessfully reproduce the response of the original LCA simulations under
single-factor variation.

The highest predictive accuracy is observed for EC, AC, and LC. For
EC, the models achieve R? values of 99.98% and 99.96% for training and
testing, respectively, with NRMSE values of only 0.08% and 0.12%,
indicating an almost exact reconstruction of the simulated response. AC
and LC show similarly strong performance, with R? values exceedingly
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approximately 99.5% and prediction errors remaining below about
1.9%. These indicators are largely governed by dominant material pa-
rameters, which leads to relatively smooth response relationships that
can be learned efficiently by the predictive framework. Slightly larger
deviations appear for indicators such as EU and CE, where testing errors
increase moderately compared with training results, with NRMSE values
reaching around 2-3% while maintaining R? values above 99%. Greater
dispersion is observed for OD and AN, where R? values decrease slightly
to approximately 99.25% and 98.20% and the NRMSE approaches about
5-6% in some cases.

The results demonstrate that the developed models accurately
reproduce the response of the single-variation scenario space. However,
these cases still represent interpolation within the original design
domain. A more rigorous assessment of model robustness therefore
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requires evaluation under multivariate conditions, which is presented in
Fig. 6 using newly generated combinations of material variables.

Fig. 6 provides a rigorous and independent validation of the pre-
dictive framework, as the developed models were evaluated using 40
newly constructed multivariate scenarios with completely unseen ma-
terial compositions that were not represented in the original training
dataset. These additional scenarios were intentionally generated to
assess the robustness, stability, and generalisation capability of the
models under new combinations of input variables, thereby reducing the
likelihood that the reported high prediction accuracy is associated with
overfitting. Overall, the agreement between predicted and observed
values remains strong for all indicators, with R? ranging from 96.5% to
99.24%. The best overall fit is obtained for AC and LC, with R? values of
99.24% and 99.11%, respectively, while CE, EU, and OD also remain
highly accurate with R2 values above 98.4%. Even EC, which shows the
lowest R? = 96.5%, still achieves confirming that the developed models
retain strong predictive capability under simultaneous variation of
multiple material groups.

The error metrics further confirm this robustness, although the in-
dicators do not perform identically. AF shows the lowest relative error,
with NRMSE = 1.25%, followed by EC (2.42%) and LC (3.72%), indi-
cating particularly stable prediction of these responses. CE, AC, and EU
remain within a moderate error band of about 4.5-5.0%, while OD
reaches 5.93%. The largest relative deviation occurs for AN, where
NRMSE increases to 10.65% despite R? remaining high at 98.37%. This
combination suggests that the model captures the overall trend of AN
well but exhibits larger local deviations for some multivariate cases.
From a modelling perspective, this is reasonable, as AN is more likely to
respond to distributed upstream inventory effects rather than to a single
dominant material driver.

The bias terms show that systematic error remains limited for most
indicators. For EC, EU, and AF, NBiasT is effectively zero, indicating that
overestimation and underestimation are well balanced. LC also shows a
very small total bias (0.37%), while CE exhibits a slightly larger positive
total bias (0.81%), suggesting mild net overprediction. AC and OD show
small negative total bias values (—0.61% and — 0.06%), indicating
negligible net underprediction. The clearest directional bias appears for
AN, where NBias— = 10.40% and NBiasT = —7.54%, showing that the
model tends to underestimate this indicator more frequently or more
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strongly than it overestimates it. Nevertheless, the overall alignment of
the data around the 1:1 line confirms that this effect is limited to a small
number of cases and does not compromise the general predictive reli-
ability of the framework.

This multivariate validation is a key strength of the study. Unlike the
single-variation tests, these scenarios assess whether the models can
predict sustainability responses for genuinely new combinations of
material variables. The consistently high R? values, moderate NRMSE
values for most indicators, and generally low signed bias confirm that
the expert-based framework generalises well beyond the original sce-
nario set and can be used with confidence in the subsequent optimisa-
tion stage.

The exceptionally high prediction accuracy achieved by the devel-
oped models can be partially attributed to the underlying characteristics
of life-cycle assessment calculations. Several environmental indicators,
particularly EC and life-cycle cost LC, are derived from inventory-based
calculations in which environmental burdens are directly linked to
material quantities through predefined characterisation factors. Conse-
quently, these indicators tend to exhibit relatively smooth and deter-
ministic response surfaces, which inherently enhance predictability
compared with many engineering problems governed by complex
physical phenomena and stochastic behaviour.

Nevertheless, the prediction task remains considerably more com-
plex than a simple linear mapping between material quantities and
sustainability outcomes. The developed dataset incorporates multiple
material alternatives, discrete substitution strategies, and alternative
end-of-life pathways, resulting in a large combinatorial solution space.
Furthermore, different sustainability indicators are governed by distinct
mechanisms. For example, EC and LC are primarily influenced by ma-
terial inventories, whereas circularity performance CE is strongly
affected by recovery, reuse, and recycling routes at the EoL. This
behaviour is reflected in the SHAP analyses, which demonstrate sub-
stantial differences in feature importance across the sustainability in-
dicators. The varying influence patterns suggest that the predictive
framework captures indicator-specific relationships and interactions
rather than merely reproducing a single deterministic trend. Therefore,
while the structured nature of LCA calculations contributes to the high
prediction accuracy, the results also demonstrate the capability of the
proposed Al framework to learn complex interactions among material
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selection, end-of-life management strategies, and multiple sustainability
objectives.

3.2. Sensitivity analysis of predictive models

The analysis focuses on EC, CE, and LC, which represent the most
widely used sustainability indicators in both research and industrial
decision-making, while the remaining indicators are provided in the
Figs. A5-6 in the Appendix. Fig. 7(a) presents the uncertainty behaviour
of the models as the proportion of training data decreases. Three stages
can be observed. With large training datasets, prediction error remains
very low, indicating strong resistance to overfitting. As the available
data decreases, the model adapts while maintaining relatively stable
accuracy. When the training data becomes significantly limited, pre-
diction error increases more rapidly. The similar behaviour observed for
EC, CE, and LC indicates that the predictive architecture maintains
stable learning characteristics under varying data availability.

The influence of individual input variables is illustrated by the LRP
diagrams shown in Figs. 5(b), 5(d), and 5(f). In these graphs, the
thickness of the connections represents the relative contribution of each
variable to the prediction. The bold links therefore indicate the domi-
nant information pathways learned by the network. For EC and LC, the
strongest connections originate from RMC and REB, indicating that
concrete composition and reinforcement steel content are the primary
drivers of embodied impacts and LC. In contrast, CE shows stronger links
associated with EoL variables, reflecting the greater importance of re-
covery and recycling pathways in determining circularity performance.

The SHAP analyses presented in Figs. 5(c), 5(e), and 5(g) provide
quantitative insight into the mechanisms governing each sustainability
indicator. For EC, the largest SHAP distributions are associated with
RMC and REB, indicating that variations in these materials exert the
greatest influence on total carbon emissions. This behaviour is expected
because concrete and reinforcement constitute the majority of the
structural mass and are also among the most carbon-intensive materials
within the life-cycle inventory. Consequently, marginal reductions in
cement content, substitution with supplementary cementitious mate-
rials, or optimisation of reinforcement quantities are likely to produce
substantially greater carbon savings than modifications to secondary
material groups. A similar pattern is observed for LC, where RMC and
REB again dominate the SHAP rankings. The consistency between EC
and LC suggests a strong coupling between environmental and economic
performance. In practical terms, strategies aimed at reducing concrete
and reinforcement demand may simultaneously reduce both embodied
carbon and project cost, indicating the presence of potential co-benefits
rather than trade-offs. This finding is particularly important for early-
stage design, where decisions regarding structural materials can influ-
ence both sustainability and budget performance.

In contrast, the CE exhibits a fundamentally different behaviour. The
dominant SHAP values are associated with EoL routing variables, while
most material-selection variables exhibit relatively limited influence.
This suggests that circularity performance is governed less by the
quantity of materials used and more by what happens to those materials
after the building reaches the end of its service life. Therefore,
improving circularity requires interventions such as increasing recycling
rates, enhancing material recovery pathways, and designing for future
disassembly and reuse, rather than simply reducing material
consumption.

The differing SHAP patterns also reveal an important sustainability
trade-off. Variables that strongly influence EC and LC are not necessarily
the same variables controlling CE. As a result, a solution optimised solely
for carbon reduction may not achieve the highest circularity perfor-
mance, and vice versa. This observation justifies the multi-objective
optimisation framework adopted in this study, as single-objective opti-
misation would fail to capture the competing influences of material
selection and end-of-life management strategies.

Furthermore, the narrow SHAP distributions observed for several
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material variables indicate that their influence remains consistently low
across the analysed scenarios. From a practical decision-making
perspective, these variables may be considered lower-priority design
parameters, allowing stakeholders to focus resources and optimisation
efforts on the relatively small number of variables that drive the ma-
jority of sustainability outcomes. This provides a transparent basis for
prioritising design interventions and supports more efficient allocation
of engineering effort during early-stage sustainable building design.

Complexity in prediction task also is reflected in the SHAP analyses,
which demonstrate substantial differences in feature importance across
the sustainability indicators. The varying influence patterns suggest that
the predictive framework captures indicator-specific relationships and
interactions rather than merely reproducing a single deterministic trend.
Therefore, while the structured nature of LCA calculations contributes to
the high prediction accuracy, the results also demonstrate the capability
of the proposed Al framework to learn complex interactions among
material selection, end-of-life management strategies, and multiple
sustainability objectives.

The interpretability analyses also provide practical insight for
decision-makers and designers. By identifying the dominant variables
influencing each sustainability indicator, the SHAP and LRP results
enable stakeholders to better understand which material groups and EoL
pathways govern environmental, circularity, and economic perfor-
mance. This improves transparency of the optimisation process and
supports more informed material-selection strategies by highlighting
where modifications in material composition are likely to produce the
greatest sustainability benefits. Furthermore, the consistency between
the explainability analyses and the underlying physical behaviour of the
material system increases confidence in the reliability and practical
applicability of the proposed Al-driven framework. The consistency
between LRP and SHAP results confirms that the predictive models
capture physically meaningful relationships between material compo-
sition, EoL pathways, and sustainability indicators. This interpretability
also provides confidence that the optimisation framework developed in
the next section operates on realistic and well-structured input-output
relationships, thereby supporting reliable identification of optimal ma-
terial configurations.

3.3. Performance evaluation of optimisation model

Fig. 8 confirms that weighting structure governs both SI magnitude
and solution behaviour. Circularity-focused optimisation (A2) achieves
the lowest SI, indicating that targeting CE is most effective within the
explored design space. Balanced strategies (A4-A5) produce similarly
competitive results, whereas single-objective emphasis on EC or LC (A1,
A3) leads to higher SI, reflecting poorer trade-offs across sustainability
dimensions. The variation among the top solutions within each strategy
is negligible, indicating convergence toward stable regions rather than
dispersed local optima. This behaviour demonstrates robustness of the
optimisation process and suggests that multiple near-equivalent con-
figurations exist within each weighting regime. Contribution patterns
align with the imposed priorities. Single-objective strategies drive
dominance of the targeted indicator, while balanced strategies redis-
tribute influence across EC, CE, and LC. In particular, A4 achieves a
controlled distribution across the three primary dimensions, and A5
produces the most uniform profile, with no single indicator governing
the outcome. Overall, the results highlight that weighting design
directly controls both optimisation direction and solution structure, and
that balanced formulations provide more stable and practically mean-
ingful outcomes. Agreement between predicted indicators and recalcu-
lated results in OneClick LCA further supports the reliability of the
framework.

To validate the optimised scenarios, all scenarios were reconstructed
in the software, and the corresponding data were extracted. Fig. 8(f)
illustrates the residual error between the optimised solutions and the
same scenarios reconstructed within the software environment. As
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shown, residuals for all indicators are centred close to zero, indicating
minimal systematic bias between predicted and recalculated results.
NRMSE values remain low overall, with AF at 1.39%, EC at 2.46%, and
LC at 2.76%, confirming high predictive accuracy for key optimisation
targets. Although AN report a relatively higher normalised error, its
residual distribution is narrow and consistently slightly negative, indi-
cating localised bias rather than dispersion. In contrast, AC, EU, and OD
exhibit wider residual spreads, reflecting greater variability despite
moderate error levels. This suggests that error magnitude alone does not
fully capture model behaviour, and distribution characteristics must also
be considered. Overall, the combined evidence from NRMSE values and
residual distributions confirms that the Al-based optimisation frame-
work provides stable and reliable predictions, with strong agreement
with recalculated results from OneClick LCA.

The optimisation results were further analysed to assess the influence
of weighting strategies on material composition. As shown in Fig. 9,
RMC mixtures consistently comprise two to three components, with one
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dominant share, indicating stable yet flexible mix selection. A similar
pattern is observed for REB, where a single reinforcement option gov-
erns the composition, with minor secondary contributions. Greater
sensitivity is observed in the cement group. The LC-focused strategy
(A3) produces a highly concentrated solution, with a single option ac-
counting for about 94% of the mix, whereas balanced strategies (A4-A5)
distribute shares more evenly across alternatives, reflecting broader
trade-off exploration. EoL selections also vary systematically, aligning
with the priorities embedded in each weighting scheme. Overall, the
framework generates distinct material configurations that remain
practically implementable, while clearly reflecting the imposed sus-
tainability objectives.

The optimisation results provide insight into the interaction between
material selection, environmental performance, and life cycle in
reinforced-concrete systems. Across all strategies, system behaviour is
governed primarily by structural concrete and reinforcement steel,
confirming their dominant role in embodied impacts identified in the
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benchmark LCA. When environmental indicators are prioritised, solu-
tions favour modified concrete compositions and alternative reinforce-
ment specifications that reduce embodied impacts while preserving
structural equivalence. In contrast, the cost-driven strategy (A3) shifts
the solution toward cost-efficient options, producing highly concen-
trated material selections and reduced diversity. The circularity-focused
strategy (A2) introduces stronger influence of EoL routing, promoting
configurations that enhance recovery performance while maintaining
competitive environmental outcomes.

Balanced strategies (A4-A5) generate intermediate solutions,
moderating environmental, circularity, and cost objectives without
dominance of a single criterion. Overall, the results demonstrate that the
framework enables systematic exploration of LCA-LC trade-offs and
identifies practically implementable configurations that improve envi-
ronmental performance without disproportionate cost penalties, sup-
porting informed material optimisation at early design stages. From a
policy perspective, the proposed framework provides a practical tool for
supporting emerging regulations on embodied carbon and resource ef-
ficiency in the built environment.

By enabling systematic evaluation of material configurations at the
design stage, the framework can assist in aligning building projects with
national and international targets related to carbon reduction, circular
economy, and sustainable construction. In particular, it supports early-
stage decision-making required by standards such as EN 15978 and
evolving regulatory initiatives targeting whole-life carbon assessment.
Furthermore, the ability to quantify trade-offs between environmental
impact, circularity, and cost provides a basis for more informed policy
development, including material efficiency strategies, low-carbon pro-
curement guidelines, and performance-based building regulations.

4. Conclusion

This study developed an integrated artificial intelligence-assisted
framework for exploring and optimising construction material config-
urations using LCA, circularity metrics, and LC within a unified
modelling workflow. A reinforced-concrete office building case study
was used to generate a large set of technically feasible material sce-
narios, which were then used to train predictive models and support
sustainability-oriented optimisation. Unlike conventional scenario-
based LCA studies, the proposed optimisation framework allows the
simultaneous adjustment of multiple material shares, enabling the
generation of new material combinations within defined feasibility
boundaries rather than restricting analysis to predefined substitution
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pathways.

For the investigated case study, the underlying LCA calculations
remain predominantly linear; however, the proposed framework ad-
dresses the optimisation and decision-support challenges associated
with exploring large material-design spaces rather than the calculation
of LCIA indicators themselves. The main findings of the study can be
summarised as follows:

- A scenario library of 1500 technically feasible material configura-
tions was generated by varying concrete mixes, reinforcement steel
production routes, cement formulations, and EoL pathways.

The developed predictive models reproduced the LCA outputs with
very high accuracy. Across all sustainability indicators, coefficients
of determination generally exceeded 98-99%, while prediction er-
rors remained low in both single-variation and multivariate valida-
tion scenarios.

The optimisation framework demonstrated that sustainability out-
comes are strongly influenced by the weighting strategy applied to
the SI. Different optimisation strategies produced distinct trade-offs
between environmental performance, circularity, and LC.

The optimisation process consistently converged toward stable re-
gions of the material design space, indicating robust algorithm per-
formance and well-defined sustainability optima.

Material configuration analysis revealed that only a limited number
of dominant material options govern sustainability performance
within each group. In particular, optimised mixtures typically relied
on two to three primary alternatives for concrete, reinforcement
steel, and cement.

The results demonstrate that combining predictive modelling with
optimisation enables efficient exploration of complex material
design spaces while preserving engineering feasibility and con-
structability constraints.

Although, the framework provides a scalable decision-support
approach for early-stage sustainable material selection, enabling de-
signers to evaluate LCA and LC trade-offs and identify feasible material
optimisation strategies, following limitations should be acknowledged:

- The generation of large scenario libraries currently requires manual
modelling within the LCA software environment. Constructing
thousands of scenarios therefore becomes time-consuming and
impractical without automation.
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- The framework relies on available environmental product declara-
tions (EPDs) and generic database records. The underlying envi-
ronmental datasets were adopted as provided by the software and
were not independently verified.

The case study focused on a single reinforced-concrete building
configuration, which may limit the direct generalisation of results to
other building typologies or structural systems.

This study is limited to a single office-building case study and does
not explicitly consider variations across urban density, residential
and commercial building typologies, occupancy patterns, gross floor
area per capita, or differences in built-form characteristics between
detached housing, apartment buildings, and other urban develop-
ment configurations. Consequently, broader planning-scale impli-
cations related to population density, housing distribution, and per-
capita environmental impacts were beyond the scope of the present
analysis. Future work should therefore extend the proposed frame-
work to multiple building typologies and urban contexts to support
wider planning-scale sustainability assessment and comparison of
environmental impacts across different built-form and occupancy
conditions.

Although the proposed framework provides a scalable and flexible
approach for Al-assisted material optimisation at the building level,
the present study is limited to a single reinforced-concrete office-
building case study and does not explicitly account for variations in
urban density, residential and commercial building typologies, oc-
cupancy distribution, gross floor area per capita, or regional built-
form characteristics. Consequently, broader planning-scale implica-
tions associated with different urban-development patterns and
building-stock compositions were beyond the scope of the current
investigation. Future research should therefore extend the proposed
framework toward multi-building and planning-scale applications,
enabling comparative sustainability assessment across urban, sub-
urban, and rural contexts while incorporating variations in building
typology, occupancy characteristics, and regional material-
consumption patterns to better support urban and regional sustain-
ability planning.
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