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Abstract

Concrete mix design increasingly requires rapid screening of mixture proportions against
mechanical and resource-efficiency targets. This study develops an explainable, cement-
reduction-oriented computational screening framework based on the UCI Concrete Com-
pressive Strength dataset. The dataset records Portland cement, fly ash, blast furnace slag,
aggregates, water, superplasticizer, curing age, and compressive strength, but does not
report clinker factor, material-specific emission factors, or durability performance. Cement
dosage is therefore minimized only as a surrogate objective; the study does not claim
quantified embodied-carbon optimization. A LightGBM surrogate was trained using raw
mixture variables and domain-informed ratios. On the held-out test set, the model achieved
an R? of 0.946 and a mean absolute error of 2.639 MPa. Shapley Additive Explanations
were used to examine the statistical influence of mixture variables, with the water-to-binder
ratio emerging as the dominant predictor. Constraint-filtered Monte Carlo sampling and
non-dominated sorting were then used to screen Pareto-efficient binder allocations. For
a 28-day target of 45 MPa, repeated searches identified candidates with a mean Portland
cement dosage of 164.4 kg/m?, 44.2% below the mean of empirical mixtures in the same
strength band. The evaluated numerical modules were embedded in a Streamlit prototype
in which a DeepSeek large language model performs only intent parsing and report genera-
tion. The main contribution is this tool-augmented separation of language interaction from
deterministic engineering computation. The resulting mixtures remain computational can-
didates and should next be validated experimentally and assessed using material-specific
life-cycle carbon and durability data.

Keywords: concrete mix screening; cement reduction; explainable machine learning; Pareto
filtering; tool-augmented large language model; supplementary cementitious materials

1. Introduction

Concrete production must respond simultaneously to mechanical performance require-
ments and pressure to reduce resource use and greenhouse-gas emissions [1,2]. Replacing
part of ordinary Portland cement (OPC) with supplementary cementitious materials (SCMs),
including fly ash, blast furnace slag, and recycled powders, is one established route to-
ward lower-clinker binders [3-9]. The use of industrial by-products also connects concrete
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technology with the broader concept of construction-sector industrial symbiosis, in which
material exchanges are organized across firms and supply chains [10]. The environmental
benefit of an individual mixture, however, cannot be inferred from cement mass alone: it
depends on clinker factor, SCM processing, transport, regional emission factors, service life,
and durability.

SCM-containing mixtures exhibit coupled effects among cement, mineral admixtures,
water, aggregate, chemical admixtures, and curing age. Traditional proportioning relies
on rules such as Abrams’ Law [11], trial batching, and performance testing. Conservative
designs can produce overstrength and overdesign [12], while broad trial searches can be
costly. Data-driven screening can help prioritize candidates for testing by representing non-
linear effects such as the latent hydraulic reaction of slag and delayed pozzolanic reaction
of fly ash [13-15]. It should be treated as a complement to, rather than a replacement for,
empirical proportioning and laboratory validation.

Machine learning prediction, transfer learning, metaheuristic optimization, and multi-
objective concrete proportioning are each well-established research directions [16-34].
Recent studies in Buildings, for example, have examined strength—-cost-CO; trade-offs,
Al-assisted geopolymer proportioning, ensemble-based low-carbon design platforms, and
interpretable prediction of strength and workability [35-38]. Likewise, Light GBM combined
with Shapley Additive Explanations (SHAP) should not by itself be regarded as a novel
contribution; SHAP describes the behavior of a fitted model and does not establish material
causality [39-43].

The closest recent comparator is GreenMix-Pareto [44], which uses a similar
benchmark-scale concrete dataset and combines physics-guided gradient boosting,
monotonicity constraints, conformal uncertainty calibration, feasibility learning, and
hybrid Bayesian optimization/NSGA-II to optimize strength and quantified environmental
indicators. The present study does not reproduce those uncertainty or life-cycle objectives
and does not claim algorithmic superiority. Its numerical pipeline instead provides
supporting infrastructure for a different contribution: a tool-augmented large language
model (LLM) interface in which language interaction is separated from all deterministic
prediction, constraint filtering, and Pareto calculations.

Three practical gaps motivate this architecture. First, benchmark accuracy alone does
not reveal whether a model has learned trends consistent with basic concrete proportioning;
ratio-based features and SHAP can provide a statistical consistency check, subject to the
limits of correlated features [39,42]. Second, engineers often need an inverse screening
task—given a target age and strength, identify admissible candidates with lower cement
dosage—whereas many published models address forward prediction only. Third, research
scripts often require manual parameter entry and programming expertise. A natural
language interface can reduce this operational barrier only if the LLM is prevented from
inventing numerical results and every recommendation remains traceable to the evaluated
back-end tools [45-47].

Accordingly, this study develops a cement-reduction-oriented screening workflow
rather than a “low-carbon” or “low-clinker” optimizer. The term “eco-intelligent concrete”
denotes the explainable, data-driven design workflow rather than a smart, self-sensing, or
self-actuating material, while “resilient urban infrastructure” denotes the intended applica-
tion context rather than a validated infrastructure-level outcome. Likewise, “low-clinker
mix design” denotes the longer-term design direction; because clinker fraction is not re-
ported, the implemented objective in this study is limited to OPC-dose reduction. The UCI
dataset records OPC dosage and two SCM dosages, but it contains no cement chemistry,
clinker factor, material-specific emission factor, or life-cycle inventory. Minimizing OPC
dosage is therefore used as a surrogate screening objective and is not equated with quanti-
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fied carbon reduction. The generated mixtures are candidates for laboratory evaluation,
not construction-ready prescriptions.

The study makes three scoped contributions. First, it implements and demonstrates a
tool-augmented LLM architecture in which the language model is limited to intent parsing
and report generation, while evaluated deterministic modules retain numerical authority.
Second, it builds a transparent supporting pipeline that combines domain-informed ratios,
benchmark surrogate comparison, SHAP-based statistical interpretation, constraint-filtered
Monte Carlo sampling, and non-dominated sorting. These individual methods are not
claimed as new; their role is to provide an auditable numerical toolchain for the interface.
Third, it reports a clearly bounded empirical comparison of cement dosage within the
UCI data domain and identifies the experimental, uncertainty, durability, and life-cycle
information required before any engineering application. The technical workflow and the
step-by-step procedure are presented at the beginning of Section 2.

2. Methodology

This section translates the study objective into five auditable steps. First, the UCI
records are curated and ratio-based features are constructed. Second, four surrogate models
are evaluated and the selected model is checked by cross-validation. Third, SHAP is
used to inspect model behavior. Fourth, Monte Carlo candidates are filtered by declared
proportioning constraints and ranked by non-dominated sorting. Fifth, the numerical tools
are exposed to a tool-augmented LLM interface through structured inputs and outputs.
Figure 1 summarizes this sequence; the figure is descriptive, while the equations and
implementation details that follow define each computational step.

Eco-Intelligent Low-Clinker Concrete Design Framework for Resilient Urban Infrastructure

Engi & LLM-Assisted Interface (Intent E] Pareto-Efficient
ngineer Recognition & Report Generation) = Candidate Mixes

Natural Language
[ y
Extract J Generate J @E Engineering Analysis Report

Instructions X L
D Intent E R« t: A .
esign ten neineering feports (Interpretation & Cautions)

f ‘ Optimal Mix Proportion & Analysis Data

( Deterministic Back-End Design Tools A
(Deterministic ML & Multi-Objective Optimization)
"/ Dataset & Domain- \‘. i Surrogate ‘; " Statistical \\ :I Optimization Algorithm
i Informed Features | E Strength Models | J Feature Attribution E i (Stochastic Monte Carlo)
1 Curated Benchmark E E SVR iyt gy Low-Clinker Candidate Search
H Dataset i ! -~
= ; !
GBDT be 1 Physical & Empirical Constraints |
Raw Mix 1— ! g
Variables ! | -+
|" Random Forest | T Pareto-Efficient Frontier
i Engineered : : . : i Physical—(;;;‘;i;;;;;&‘g‘heck 1 ) !
\_ Proportion Features /' . LightGBM | \ \  Cement-Content Reduction Proxy ,.‘

Figure 1. Workflow of the proposed computational screening framework.

2.1. Dataset Description and Domain-Specific Feature Engineering
2.1.1. Dataset Description and Preprocessing

The Concrete Compressive Strength dataset was obtained from the UCI Machine
Learning Repository [48]. It contains 1030 laboratory-tested records with eight quanti-
tative inputs: Portland cement dosage (C), blast furnace slag (S), fly ash (F), water (W),
superplasticizer (SP), coarse aggregate (CA), fine aggregate (FA), and curing age (A). Age
ranges from 1 to 365 days, and the target is measured compressive strength, f., in MPa.
The dataset documentation does not identify the cement strength class, clinker fraction,
chemical composition, SCM source or reactivity, aggregate grading, curing environment,
slump, air content, or durability. Accordingly, C is treated as the reported Portland cement
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mass, while S and F are the only reported supplementary binder constituents; no inference
is made about the actual clinker factor or embodied carbon of a record.

The database was curated before surrogate development. First, 25 exact duplicate
records were removed so that repeated rows would not artificially inflate prediction accu-
racy. Second, an interquartile range (IQR) filter was used to flag statistical extremes [49].
For a variable x, the first and third quartiles are Q1 and Q3, and IQR = Q3 — Q;. A retained
observation satisfies Equation (1).

Q;—15x IQR < x; < Q3+ 1.5 x IQR (1)

Applying this rule across the variables excluded 94 records, mainly because of extreme
age, water, or superplasticizer values, and left 911 retained records. The term “statistical
extreme” does not imply experimental error: uncommon but legitimate high-performance
mixtures may fall outside an IQR envelope. The exclusion was a modeling choice that
narrows the interpolation domain and may reduce applicability to extreme formulations.
The reported model and optimization results are therefore valid only for the retained
benchmark domain; external validation and an all-record sensitivity study are still required
before the workflow is applied to unusual mixtures.

Figure 2 presents the distributions of the retained records. Measured strengths extend
from approximately 2 to 77 MPa across ages of 1-365 days, with many observations at
the conventional 28-day test age [50]. In this manuscript, “lower-strength” and “higher-
strength” refer descriptively to values below about 30 MPa and above about 60 MPa within
this retained dataset; they are not code-based strength classes and should not be interpreted
as fixed 28-day grades. All-age data are used for surrogate training, whereas the Pareto
plots and demonstration case in Section 3 fix age at 28 days unless stated otherwise.

2.1.2. Domain-Specific Feature Engineering

Raw material masses do not fully express the relative proportions that govern hy-
dration, aggregate packing, and strength development. Accordingly, four dimensionless
features were defined before model training. In Equations (2)—(5), C, S, F, W, FA, and
CA denote Portland cement, slag, fly ash, water, fine aggregate, and coarse aggregate,
respectively. Total binder is B = C + S + F, and total aggregate is G = FA + CA.

The water-to-binder ratio (W/B) expresses water relative to total binder:

w
— __ 2
W/B C+S+F @
The sand ratio (SR) expresses fine aggregate as a fraction of total aggregate:
FA
SR= FA+CA ©)

The mineral admixture ratio (MAR) expresses the reported SCM mass as a fraction of
total binder:

S+F
— - 4
MAR C+S+F @
The water-to-solid ratio (W/S) expresses water relative to the reported binder and
aggregate solids:
W
W/S_C+S+F+FA+CA ©)

The W/B ratio is associated with capillary porosity and compressive strength. SR
represents the fine-aggregate fraction of the aggregate skeleton and is related to workability,
packing, and segregation resistance [51]. MAR describes the fraction of the reported binder
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mass supplied by slag and fly ash; because cement chemistry is unavailable, MAR is not
treated as a measured clinker-replacement factor. W/S supplies an additional indicator of
the mixture’s overall water condition.
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Figure 2. Distributions after preprocessing: (a) age, (b) slag, (c) cement, (d) coarse aggregate, (e) fine
aggregate, (f) fly ash, (g) water, (h) superplasticizer, and (i) compressive strength.

The four features were used together with the eight raw variables. Figure 3 introduces
their pairwise Pearson correlations before the nonlinear models are fitted. Both axes list
the same feature set. Each circle corresponds to one row—column feature pair; circle area
is proportional to the absolute correlation magnitude, while the blue-red scale gives the
signed coefficient from —1 to +1. The diagonal therefore equals +1. W/B has a stronger
negative linear correlation with strength than cement dosage alone because the ratio
jointly represents water availability and binder mass. This is an initial descriptive check
only: Pearson coefficients do not represent nonlinear interactions or causation, which are
considered later using tree models and SHAP [52].

2.2. Development of Machine Learning Surrogate Models

The objective of surrogate modeling was to develop a fast and accurate predictor of
concrete compressive strength that could be embedded into the subsequent multi-objective
optimization framework. Four representative algorithms were selected for comparison:
Support Vector Regression (SVR), Random Forest (RF), Gradient Boosting Decision Trees
(GBDTs), and Light Gradient Boosting Machine (LightGBM). These models were chosen
because they represent different learning mechanisms, including kernel-based regression,
parallel ensemble learning, sequential boosting, and histogram-based gradient boosting.
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Figure 3. Bubble-coded Pearson correlations among raw and engineered variables.

The retained dataset was randomly divided into training and testing subsets using an

80/20 ratio. The training set was used for model fitting and hyperparameter tuning, while

the testing set was reserved for evaluating generalization performance. To reduce the risk
of instability associated with a single arbitrary split, model selection was based not only on
final testing metrics but also on consistency between training and testing errors. Particular
attention was given to potential overfitting because the surrogate model directly affects the

reliability of the optimized mixture proportions.

2.2.1. Support Vector Regression (SVR)

SVR was included as a kernel-based baseline [53]. It fits an e-insensitive regression
function, and a radial basis function kernel represents nonlinear mixture—strength relation-

ships. Figure 4 summarizes the two concepts; model suitability was assessed empirically on
the same train—test split used for all benchmarks rather than being inferred from a general
algorithmic claim.
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Figure 4. SVR principles: (a) the e-insensitive tube and (b) kernel mapping.
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2.2.2. Random Forest (RF)

RF was included as a bagging ensemble [54]. Bootstrap trees with random feature
subsets were averaged to represent nonlinear thresholds and provide a comparison with
the sequential boosting models.

2.2.3. Gradient Boosting Decision Trees (GBDTs)

GBDTs were included as a sequential boosting baseline [55]. Each tree fits the residual
gradient of the current ensemble, allowing coupled effects among mixture variables to be
represented without an explicit constitutive equation.

2.2.4. Light Gradient Boosting Machine (LightGBM)

LightGBM was the fourth candidate because its histogram binning and leaf-wise
growth can provide efficient prediction on structured tabular data [56]. To define how a tree
split is selected, let I = I} U I be the observations at a parent node and its left and right
children, and let g; and h; be the first- and second-order derivatives of the training loss for
observation i. For a candidate split at bin d, the regularized reduction in the second-order

loss approximation is
1] Cier, 807 (Cien 8 (Lier 8i)?

Gain(d) = = + _ _ 6
(d) 2 Ziehhi+}\ Ziethi+/\ Yo hi+A g (6)

Here, A regularizes leaf weights and - is the minimum gain required to create a split.
The candidate with the largest positive gain is selected, so Equation (6) links histogram
search to the training objective rather than appearing as an isolated formula.

As shown in Figure 5, LightGBM expands the leaf with the largest gain. The number
of leaves, maximum depth, learning rate, feature fraction, bagging fraction, and minimum
observations per leaf were tuned while monitoring held-out error to control overfitting.

- - — e ———————

Level-wise Tree Growth
Nodes are continuous
feature values discretized
Level 0 into K bins
Level 1
7§r 1 ]7< g
a
-
Level 2 . - - (- 5
1 Q
Split based on histogram 3
variance gain (AL ) §_
Level 3
Splits all nodes at a depth level simultaneously. Selectively splits the node with the highest
Results in balanced trees. Delta Loss (variance gain). Results in
asymmetrical, potentially deeper trees.

Figure 5. Level-wise and LightGBM leaf-wise tree growth.

2.2.5. K-Fold Cross-Validation

To further examine the robustness of the selected surrogate model and reduce the de-
pendence of model evaluation on a single random train—test split, a k-fold cross-validation
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procedure was additionally conducted on the retained dataset. In this study, five-fold
cross-validation was adopted because it provides a practical balance between training
efficiency and variance estimation for a medium-sized concrete database. The 911 retained
samples were randomly partitioned into five approximately equal folds. In each iteration,
four folds were used for model training, while the remaining fold was used for validation.
This process was repeated five times so that each fold served once as the validation subset.

The same input feature set, including both raw mixture variables and domain-
informed features, was used in all folds. The preprocessing steps, feature construction
procedure, and evaluation metrics were kept consistent with the main train—test experi-
ment. For the LightGBM model, the main hyperparameters were fixed consistently during
cross-validation to avoid fold-specific overfitting. The final model was evaluated using the
mean and standard deviation of RZ, RMSE, and MAE across the five folds.

This cross-validation analysis was used as an additional stability check rather than as a
replacement for the independent testing result. If the cross-validation metrics remain close
to the 80/20 testing metrics, the surrogate model can be considered more stable within the
empirical domain of the dataset. Conversely, large fold-to-fold variation would indicate
that the model is sensitive to data partitioning and that the subsequent optimization results
should be interpreted with greater caution.

2.3. Explainable Al Using SHAP
2.3.1. Role of Interpretability in Eco-Intelligent Concrete Design

High prediction accuracy alone is insufficient for practical material design. In concrete
engineering, a surrogate model should not only predict compressive strength, but also
exhibit feature-response patterns that are consistent with established material knowledge.
For example, excessive W /B ratio should generally reduce strength because of increased
capillary porosity, while the effect of fly ash may depend strongly on curing age owing
to delayed pozzolanic reactions. If a model contradicts these basic trends, its optimized
outputs would be difficult to justify in engineering practice.

Therefore, Shapley Additive Explanations (SHAP) were used to interpret the trained
surrogate model [42]. In this study, SHAP was not used as direct proof of hydration
mechanisms. Instead, it was employed as a statistical interpretation tool to examine whether
the learned relationships between mixture variables and predicted compressive strength
are broadly consistent with known concrete behavior. This distinction is important because
data-driven feature attribution can reveal model logic, but it cannot replace independent
experimental, microstructural, or durability validation.

2.3.2. Mathematical Formulation of SHAP

SHAP is based on Shapley values from cooperative game theory. It treats the prediction
of a machine learning model as a cooperative game, in which the input features act as
players and the model output is the payoff. For a trained model f and feature 7, the Shapley
value ¢; is calculated as

o=y BHE_ S su g - sy ?

SCF\{i}

Here, F denotes the complete set of input features, specifically the concrete mix
components and engineered ratios, and |F| is the total number of features. S represents
a subset of features excluding feature i. The term fy(SU {i}) — fx(S) captures the exact
marginal effect of introducing feature i into subset S. The leading combinatorial coefficient
weights this calculation, ensuring that the marginal contribution is averaged systematically
across all possible feature permutations.
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2.3.3. Global and Local Interpretation Using TreeExplainer

Because the final surrogate model is tree-based, the TreeExplainer algorithm was used
to calculate SHAP values efficiently [43]. TreeExplainer reduces the computational cost of
exact Shapley-value estimation for decision-tree ensembles and enables both global and
local interpretation.

Two levels of interpretation were conducted. First, global SHAP summary plots were
used to rank the relative importance of input variables and identify whether high or low
feature values contributed positively or negatively to compressive strength prediction.
This analysis provides an overall view of which mixture parameters dominate the model
output. Second, SHAP dependence plots were used to examine nonlinear effects and
feature interactions. Particular attention was given to the W/B ratio and fly ash content
because these variables are directly related to concrete strength development and cement-
reduction screening. The W/B dependence plot was used to check whether the model
reproduced the expected inverse strength trend associated with Abrams” Law. The fly
ash dependence plot was used to examine whether the model captured age-dependent
statistical effects associated with delayed pozzolanic contribution.

This interpretability step serves as a physical-consistency check before the surrogate
model is embedded into multi-objective optimization. It does not eliminate the need for
experimental verification, but it helps reduce the risk of using a high-accuracy model whose
internal decision logic is inconsistent with fundamental concrete proportioning principles.

2.4. Cement-Reduction-Oriented Multi-Objective Screening
2.4.1. Formulation of the Inverse Design Problem

The trained surrogate performs forward strength prediction. The inverse screening
task is to identify mixtures near a specified strength and age while reducing the reported
Portland cement dosage. For all optimization results in Section 3, age is fixed at 28 days.
This screening objective is narrower than low-clinker or low-carbon design because the
dataset does not provide clinker fraction or emission factors.

In this study, the decision variable vector x was defined as

x =[C,S,F,W,SP,CA,FA]T 8)

where C, S, F, W, SP, CA, and FA represent cement, blast furnace slag, fly ash, water, super-
plasticizer, coarse aggregate, and fine aggregate, respectively. Curing age A was treated as
a scenario parameter rather than an optimization variable and was fixed according to the
user-defined design condition.
The multi-objective optimization problem was formulated as
{ minf1 (X) = _)?C(X) —fturget (9)
min f(x) =C

where ﬁ(x) is the compressive strength predicted by the LightGBM surrogate model,
and ftarget is the user-defined target strength. The first objective minimizes the deviation
between the predicted and target compressive strengths. The second objective minimizes
reported cement dosage. It is used only as a surrogate resource-efficiency objective, not as
an embodied-carbon metric. A life-cycle objective would require material-specific emission
factors, clinker fraction, SCM allocation and processing, transport, admixture production,
curing, service life, and durability data.
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2.4.2. Physical and Empirical Constraints

Unconstrained sampling can produce implausible proportions. The search was there-
fore limited by the study-defined bounds in Equation (10). These bounds are scenario
settings for this benchmark, not universal code limits.

2350 < Y7, x; < 2450
W

0.25 < RS < 0.80

035 < pily <045

< x; gx](max),jzl,Z,...,p

(10)
min
(i
The first expression constrains the nominal sum of the seven reported constituent
masses per cubic meter. Because air content and constituent specific gravities are un-
available, this sum is not a measured density; the interval 2350-2450 kg / m?3 is a narrow
screening window centered on 2400 kg/m3, consistent with normal-density proportioning
and the absolute-volume framework of ACI PRC-211.1-22 [57]. Fresh density would need
to be verified in accordance with ASTM C138/C138M [58]. The W/B and SR intervals were
selected to retain a broad normal-concrete proportioning domain while filtering visibly
extreme ratios [51,57]. Finally, x](min) and x(.max) are the retained-data bounds for variable
j, and p is the number of optimized variables. The last constraint prevents numerical
extrapolation beyond that empirical domain.
In addition, the mineral admixture ratio was constrained as
S+F
MAR = CrS+F <0.60 (11)
The MAR cap of 0.60 is likewise a study-defined scenario boundary. It was selected
to permit high SCM use while avoiding an unconstrained search at the edge of a dataset
that lacks reactivity, exposure, and curing descriptors. It is not attributed to ACI 318 and
is not a blanket replacement limit. ACI requirements depend on material, exposure, and
performance conditions, while proportioning guidance requires trial batches [57]. No full
multi-bound sensitivity analysis was performed in the present study; only repeated-seed
stability was evaluated. Consequently, every reported Pareto set is conditional on the
declared bounds, and MAR should be recalibrated using site-specific SCM performance
and durability tests.

2.4.3. Constraint-Filtered Sampling and Pareto Extraction

The search procedure is a transparent Monte Carlo screening method, followed by
constraint filtering and non-dominated sorting; it is not an evolutionary optimizer. The
hybrid candidate pool contains the 911 retained records as empirical anchors and randomly
sampled virtual mixtures within the retained variable bounds. Random search was chosen
as an auditable baseline with low implementation overhead for the seven-variable screening
space [59]. It is not claimed to be equivalent or superior to NSGA-II, differential evolution,
or Bayesian optimization. In particular, GreenMix-Pareto uses uncertainty-aware Bayesian
search and NSGA-II refinement [44]; those methods are a more advanced option when
calibrated uncertainty and environmental objectives are available.

Candidate mixtures were generated within the observed material bounds, filtered
by nominal constituent mass, W/B, SR, MAR, and individual variable limits, and then
augmented with the four engineered features. The LightGBM surrogate predicted 28-day
strength for the admissible candidates. For a user-specified target, a candidate was non-
dominated when no other admissible point had both lower cement dosage and smaller
absolute target deviation. For the global strength—cement plots in Section 3, non-dominance
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is presented equivalently as the trade-off between maximizing predicted strength and
minimizing cement dosage.

The extracted front is the sampled efficiency boundary conditional on the surro-
gate, random candidate pool, and constraints. It is not proof of a globally optimal
formulation. For a user-defined target, the interface returns the non-dominated candi-
date with the smallest strength deviation inside the stated tolerance and labels it for
experimental verification.

2.4.4. Repeated-Seed Stability and Constraint Dependence

Because Monte Carlo results depend on the sampled points, the same procedure was
repeated under independent random seeds to test whether similar candidates recur. This
evaluates sampling stability only. The MAR cap, W/B interval, SR interval, and nominal
mass window were held fixed; therefore, the repeated runs do not constitute a constraint
sensitivity analysis.

The front is shaped jointly by the surrogate, empirical distribution, random candidate
pool, and declared constraints. Returned mixtures are therefore computational candidates,
not construction-ready prescriptions. Slump, air content, setting, segregation, measured
strength, shrinkage, and durability must be tested before any practical use, and boundary
sensitivity should be reported when local materials are introduced.

2.5. LLM-Assisted Interactive Framework
2.5.1. Motivation for a Tool-Augmented Architecture

The surrogate and screening procedure provide a deterministic numerical workflow,
but their direct use requires programming, parameter entry, and interpretation of model
outputs. The interface is intended to lower this operational barrier for preliminary screening.

Large language models (LLMs) are effective at processing natural language and gen-
erating human-readable explanations, but they are not suitable as standalone numerical
engines for structural or material design. Unconstrained generative reasoning may pro-
duce arithmetic mistakes, unsupported claims, or fabricated mixture recommendations.
Therefore, this study adopts a tool-augmented architecture in which the LLM does not
calculate strength, optimize mix proportions, or modify the physical constraints. Instead,
deterministic back-end tools perform all numerical operations, while the LLM is used only
for semantic intent recognition and engineering report synthesis [46,47,60].

2.5.2. Architecture and Workflow

The interactive prototype was developed using Streamlit and organized into three
layers [61]. The user-interface layer accepts a query such as “Screen a cement-reduced
mixture for 45 MPa at 28 days.” The deterministic layer performs feature construction,
LightGBM prediction, constraint filtering, and Pareto ranking. The report layer con-
verts the structured result into a readable explanation. Figure 6 shows the separation of
these roles.

The LLM first extracts the user intent and target strength from the input query. The
extracted information is converted into standardized execution keys, such as target strength,
design age, and optimization mode. These keys are then passed to the deterministic
optimization module. The LightGBM surrogate model and Pareto search algorithm evaluate
admissible candidate mixtures and return structured numerical outputs, including material
dosages, predicted strength, cement content, and SCM replacement ratio.
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Figure 6. Tool-augmented LLM workflow with deterministic numerical computation.

After the numerical results are produced, the LLM generates an engineering-style
report based on the structured output. The report includes the optimized mixture pro-
portions, the predicted strength, the cement-reduction implication, and practical cautions
regarding experimental validation and durability assessment. Because the LLM receives
only structured data from the deterministic module, it functions as an explanatory inter-
face rather than a numerical decision-maker. This design reduces the risk of ungrounded
generative calculation, but it does not eliminate language-model failure.

2.5.3. Safeguards, Failure Modes, and User Verification

The prototype uses four architectural safeguards. First, the system prompt restricts the
LLM to intent extraction and report wording. Second, numerical tools accept standardized
execution keys rather than free-form mixture values. Third, the report is generated only
after the deterministic module returns a structured result; model-written numbers are
not used as optimization inputs. Fourth, every report states that the candidate requires
engineering review and experimental validation.

These controls do not constitute a formal safety certification. Failure can still occur
when a request is ambiguous, uses inconsistent units, specifies a target outside the retained
data domain, or produces a malformed or unsupported intent. The present study did not
quantify hallucination rate, adversarial-prompt robustness, schema-conformance rate, or
user error. A user must verify the parsed target and age, confirm that all dosages come from
the deterministic result, check constraint compliance, and reject any candidate outside the
documented scope. Future deployment should add strict schema validation, out-of-domain
rejection, logged tool traces, regression tests for known failure cases, and human approval
before report export.

2.6. Performance Evaluation Metrics

The predictive performance of the surrogate models was evaluated using the coef-
ficient of determination (R?), root mean square error (RMSE), and mean absolute error
(MAE). These metrics were calculated as follows [62]:

n . 7)\2
(13)
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where 1 is the number of samples, y; is the experimentally measured compressive strength
of the i-th sample, ¥; is the model-predicted compressive strength, and i is the mean
measured compressive strength. R?> measures the proportion of variance explained by the
model. RMSE gives greater weight to large prediction errors and is therefore important
for identifying potentially unsafe deviations in structural material prediction. MAE repre-
sents the average absolute prediction error and provides an intuitive measure of practical
prediction accuracy.

In addition to these conventional metrics, the consistency between training and testing
performance was considered when selecting the final surrogate model. A model with
high training accuracy but substantially lower testing accuracy would indicate possible
overfitting and would be unsuitable for downstream optimization. Therefore, the final
model was selected based on both high testing performance and acceptable generalization
behavior. The selected surrogate model was then used for SHAP interpretation and multi-
objective optimization.

For the present study, the screening results should be interpreted within the pre-
diction uncertainty and data-domain limitations of the surrogate model. The current
framework provides a deterministic screening tool for identifying promising cement-
reduced candidates. Future extensions may incorporate conformal prediction, quantile
regression, Bayesian ensemble methods, or experimentally calibrated safety factors to trans-
form the current deterministic optimization into a fully uncertainty-aware robust design
framework [63,64].

3. Results and Discussion
3.1. Performance Evaluation of Machine Learning Surrogate Models

The predictive performance of the four candidate surrogate models was first evaluated
to determine which model was most suitable for subsequent explainable analysis and
multi-objective mix optimization. Support Vector Regression (SVR), Random Forest (RF),
Gradient Boosting Decision Trees (GBDTs), and LightGBM were trained using the same
retained dataset and domain-informed input features. The dataset was divided into a
training subset and an unseen testing subset using an 80/20 split. Because the optimization
module relies directly on surrogate predictions, both fitting ability and generalization
performance were considered.

Table 1 summarizes the training-phase results. All models exhibited acceptable fitting
capacity, indicating that the selected raw variables and engineered features contain suffi-
cient information for compressive strength prediction. Among the four models, LightGBM
achieved the highest training accuracy, with an R? of 0.995, RMSE of 1.158 MPa, and MAE
of 0.235 MPa. RF and GBDT also showed strong fitting performance, whereas SVR pro-
duced slightly higher training errors. The near-perfect training performance of LightGBM
indicates strong nonlinear fitting capacity, but it also requires careful interpretation because
excessive divergence between training and testing performance may suggest overfitting.
Therefore, the testing results were used as the primary basis for model selection.

Table 1. Performance evaluation of the four benchmark models on the training dataset.

Model R? RMSE (MPa) MAE (MPa)
LightGBM 0.995 1.158 0.235
Random Forest 0.984 2.020 1.329
GBDT 0.979 2.275 1.618
SVR 0.945 3.691 2.148
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Testing results are compared in Figure 7. Separate two-dimensional panels are used for
R? and error metrics so that unlike scales are not distorted by a three-dimensional perspective.
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Figure 7. Held-out testing performance of the four surrogate models.

The tree-based ensembles outperformed the kernel-based SVR model on this split.
SVR achieved an R? of 0.894 and RMSE of 5.259 MPa, whereas RF and GBDT reduced the
held-out errors.

LightGBM achieved the best testing performance, with an R? of 0.946, RMSE of
3.744 MPa, and MAE of 2.639 MPa. Although GBDT produced the same rounded testing
R? of 0.946, LightGBM provided slightly lower error and better computational efficiency
because of its histogram-based split strategy and leaf-wise growth mechanism [56]. These
characteristics make LightGBM suitable for rapid screening of large candidate mixture
spaces in the subsequent Pareto optimization stage. However, the difference between the
LightGBM training R? and testing R? also indicates that the model should be used as a
high-fidelity screening surrogate rather than as a replacement for experimental validation.
This distinction is particularly important when the optimization algorithm explores mixture
combinations that are sparse in the original dataset.

To further examine whether the reported model performance was overly dependent on
the random 80/20 split, five-fold cross-validation was conducted for the selected Light GBM
surrogate model. Table 2 summarizes the validation results for each fold. The cross-
validation results were highly comparable to the independent testing result, with a mean
R? of 0.946, mean RMSE of 3.741 MPa, and mean MAE of 2.637 MPa. The corresponding
standard deviations were 0.005 for RZ, 0.155 MPa for RMSE, and 0.098 MPa for MAE.
These small fold-to-fold variations indicate that the model performance is reasonably stable
within the current benchmark dataset.

Nevertheless, the cross-validation results should not be interpreted as external val-
idation. The folds were generated from the same curated UCI database, and therefore
the analysis only evaluates internal data-partition stability. Independent datasets from
different laboratories, material sources, curing regimes, and regional batching practices
would still be required to confirm the broader generalizability of the surrogate model.

Figure 8 presents scatter plots of measured versus predicted compressive strength for
the four models. The red dashed diagonal line represents perfect prediction. Compared
with the other models, the LightGBM predictions are more tightly distributed around the
diagonal line, especially within the main strength range of approximately 20-70 MPa. This
indicates that the model effectively captures the dominant statistical relationships in the
dataset. A slightly larger dispersion can be observed in the very-high-strength region. This

https://doi.org/10.3390 /buildings16153128


https://doi.org/10.3390/buildings16153128

Buildings 2026, 16, 3128

15 of 30

may be related to two factors. First, high-strength concrete is generally more sensitive
to small variations in water content, superplasticizer dosage, specimen preparation, and
curing conditions [65]. Second, high-strength mixtures are less densely represented in
the benchmark dataset, which may reduce the reliability of surrogate extrapolation in
this region.

Table 2. Five-fold cross-validation performance of the LightGBM surrogate model.

Fold R? RMSE (MPa) MAE (MPa)
1 0.938 3.983 2.789
2 0.944 3.758 2.673
3 0.947 3.627 2.558
4 0.950 3.689 2.606
5 0.951 3.648 2.559
Mean 0.946 3.741 2.637
Std. 0.005 0.155 0.098
(a) — (b) —
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Figure 8. Measured versus predicted strength: (a) SVR, (b) RE, (¢) GBDT, and (d) LightGBM.

80

Therefore, LightGBM was selected as the final surrogate model for SHAP interpre-

tation and multi-objective optimization. The model provides a useful balance between
prediction accuracy, computational efficiency, and compatibility with tree-based explana-
tion tools. Nevertheless, the optimized mixtures reported in the following sections should
be interpreted as data-driven candidates within the model’s empirical domain rather than
construction-ready mix designs.
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3.2. SHAP-Based Interpretation of Mixture Effects
3.2.1. Global Feature Importance and Directional Effects

After selecting LightGBM as the final surrogate model, SHAP analysis was used to
examine the statistical contribution of each input variable to the predicted compressive
strength. This step was introduced to improve model transparency and to assess whether
the learned feature-response patterns are broadly consistent with established concrete
proportioning knowledge. It should be emphasized that SHAP analysis explains the
behavior of the trained model. It provides statistical attribution, but it does not directly
prove hydration mechanisms or replace microstructural and experimental validation [42].

Figure 9 reports the global SHAP distribution. Its axes and point colors are interpreted
below rather than embedded in a long caption.
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Figure 9. Global SHAP importance and directional effects.

The y-axis ranks variables according to their mean absolute SHAP values, while the
x-axis indicates the marginal contribution of each feature to the predicted compressive
strength. The color scale represents the relative magnitude of feature values.

The engineered water-to-binder ratio (W/B) exhibits the strongest influence on the
prediction results. High W/B values are primarily located on the negative SHAP side,
whereas low W /B values tend to contribute positively to predicted strength. This trend is
consistent with the well-established understanding that excessive mixing water increases
capillary porosity and weakens the hardened cementitious matrix [51]. Curing age also
shows a clear positive contribution, reflecting the continued development of hydration
products and microstructural densification over time.

The dominance of W/B over cement dosage is plausible for two reasons. First, W/B
combines water and total binder in one variable and therefore captures a proportioning
relationship that cement mass alone cannot express. A high cement dosage can coexist
with either a high or a low W/B and thus with different strength outcomes. Second, SHAP
allocates credit within a correlated feature set: W/B is constructed from cement, slag,
fly ash, and water, so its importance partly absorbs information shared with those raw
variables. The ranking is therefore model- and dataset-specific, not a causal hierarchy of
material mechanisms.

The effects of supplementary cementitious materials, including fly ash and blast
furnace slag, are more dispersed. Unlike W /B ratio, their SHAP distributions do not show
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a simple monotonic pattern. High or low values of fly ash and slag can appear on both
positive and negative sides of the SHAP axis, suggesting that their influence depends on
the surrounding mixture context, such as water availability, cement content, curing age,
and superplasticizer dosage. This observation is consistent with the known complexity of
SCM-based binders, where slag and fly ash may improve later-age strength and packing
density but may also reduce early-age reactivity when replacement levels are excessive or
curing conditions are insufficient [13].

The global SHAP plot therefore indicates that the surrogate model relies on physi-
cally meaningful proportional features, especially W/B ratio, while also capturing more
conditional effects associated with SCMs. However, because global ranking cannot fully
describe nonlinear thresholds or interaction patterns, local dependence analysis was further
conducted for W/B ratio and fly ash dosage.

3.2.2. Water-to-Binder Ratio Dependence

Figure 10 presents the SHAP dependence plot for the W/B ratio. The horizontal axis
represents the raw W/B value, and the vertical axis represents its SHAP contribution to
predicted compressive strength. The plot shows a clear nonlinear negative trend. When
the W/B ratio is relatively low, the corresponding SHAP values are generally positive,
indicating that lower water demand relative to binder content improves predicted strength.
As W/B increases, the SHAP contribution decreases and eventually becomes negative.
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Figure 10. SHAP dependence of predicted strength on W/B.

A transition region appears around W/B ~ 0.40. Below this range, the model tends to
associate the mixture with higher strength potential. Above this range, the negative SHAP
contribution becomes more pronounced, indicating that increased water content begins to
dominate the strength prediction. This trend is consistent with Abrams’ Law and with the
conventional understanding that higher W/B ratio increases pore connectivity and reduces
matrix strength [11].

The vertical dispersion of the points at a given W/B value is relatively limited com-
pared with the dispersion observed for SCM-related variables. This suggests that W/B
ratio acts as a primary and relatively stable predictor within the current dataset. From
a modeling perspective, this result supports the use of W/B ratio as a domain-informed
feature. From a material-design perspective, it indicates that any cement-reduction strat-
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egy must still respect the fundamental water-demand constraint. Replacing cement with
SCMs cannot compensate for an excessively high W/B ratio if the target strength is to
be maintained.

3.2.3. Fly Ash—Age Interaction

Figure 11 shows the SHAP dependence plot for fly ash dosage, with the color scale
representing curing age. Compared with the W/B dependence plot, the fly ash plot exhibits
greater vertical dispersion, especially at higher fly ash contents. This indicates that fly ash
does not exert a uniform effect on strength prediction. Its contribution depends strongly on
the curing-age context and surrounding mixture proportions.
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Figure 11. Fly ash SHAP dependence colored by curing age.

At low fly ash dosages, SHAP values remain close to zero, implying that small fly ash
additions have limited independent influence on the model prediction. As fly ash content
increases, a more evident age-dependent pattern appears. Early-age samples tend to show
negative SHAP values, suggesting that high fly ash replacement may reduce early strength
development. In contrast, later-age samples are more likely to move toward neutral or
positive SHAP regions, indicating that the model recognizes the delayed contribution of fly
ash under sufficient curing time.

This pattern is consistent with the delayed pozzolanic reaction of fly ash, in which
early dilution of cement may reduce initial strength, while later reaction with calcium
hydroxide may contribute to matrix densification and strength recovery [13]. Nevertheless,
this interpretation should be treated as a model-based statistical explanation. The current
dataset does not include direct microstructural observations, hydration heat measurements,
pore-structure data, or durability testing. Therefore, the SHAP result should be understood
as evidence that the surrogate model learned a plausible age-dependent trend, rather than
as independent proof of reaction kinetics.

For subsequent screening, this finding indicates that the target age must be explicit. A
high-fly-ash candidate associated with later-age strength may be unsuitable for a rapid-
repair scenario requiring early strength. This is a hypothesis for testing, not a direct
mixture-design rule.
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3.3. Pareto Analysis for Cement-Reduction Screening
3.3.1. Sampled Search Space and Efficiency Boundary

The LightGBM surrogate was coupled to constraint-filtered sampling to identify
candidates that trade predicted strength against reported cement dosage. Cement mass
is a surrogate screening objective, not a calculated clinker or carbon objective. Life-cycle
comparison would require the missing cement, SCM, transport, service-life, and durability
inventories [5-7]. Figure 12 shows the resulting 28-day strength—cement landscape.
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Figure 12. Sampled 28-day strength—cement space and extracted Pareto boundary.

The horizontal axis represents cement content, and the vertical axis represents pre-
dicted 28-day compressive strength. The hybrid search space combines the retained histori-
cal mixtures with Monte Carlo-generated candidates filtered by the declared constraints.
The historical mixtures provide empirical anchors within the original data domain, while
the virtual candidates allow the model to explore additional feasible combinations.

A clear Pareto boundary emerges along the upper-left edge of the data cloud. The
algorithm identified 15 non-dominated solutions along this boundary, consisting of both
historical anchor points and virtual formulations. These Pareto solutions represent mix-
tures for which cement content cannot be further reduced without either reducing pre-
dicted strength or moving farther away from the target performance requirement. In the
medium-to-high-strength range, especially around 40-60 MPa, several Pareto solutions
are located to the left of the historical mixture cluster. This suggests that the historical
dataset contains mixtures with substantial cement redundancy relative to their measured or
predicted strength.

The front identifies cement-efficient regions within the sampled benchmark domain,
but it is not a definitive construction recommendation. It is shaped by the surrogate, data
distribution, sampling strategy, and imposed constraints. Every point remains a candidate
for fresh- and hardened-property testing and durability assessment.

3.3.2. Physical-Consistency Check Using the W/B-Strength Relationship

Figure 13 projects both historical and generated candidate mixtures onto the W/B
ratio—compressive strength plane. This visualization was used as a physical-consistency
check for the optimization results. A general inverse relationship can be observed: as W/B
ratio increases, predicted compressive strength decreases. The Monte Carlo-generated
candidates follow the same broad trend as the historical mixtures, suggesting that the
constrained search process did not create obviously unrealistic candidate clusters.
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Figure 13. W/B-strength consistency check for sampled candidates.

This result is important because optimization algorithms can sometimes exploit weak-
nesses in a surrogate model by identifying numerically favorable but physically ques-
tionable mixtures. The agreement between generated candidates and the expected W/B-
strength trend indicates that the imposed physical constraints and engineered features help
maintain the generated mixtures within a plausible concrete-design domain. Nevertheless,
this check only evaluates one major proportioning relationship. Other properties, including
slump, setting time, shrinkage, chloride resistance, freeze—thaw resistance, and thermal
cracking sensitivity, were not included in the current optimization objective and must be
added before broader engineering use.

3.3.3. Evolution of Binder Composition Along the Pareto Front

To further understand the material allocation strategy identified by the optimization
process, five representative Pareto-optimal mixtures were selected across the strength
spectrum. These mixtures correspond to predicted strengths of 25.5, 33.2, 62.3, 63.8, and
76.8 MPa. Table 3 lists their mixture proportions, while Figure 14 visualizes the evolution
of binder composition under the MAR < 0.60 constraint.

In the low-to-medium-strength region, represented by the 25.5 and 33.2 MPa mixtures,
the optimization reaches the MAR upper limit of 0.600. Both mixtures adopt a cement—
slag binary binder system, with cement accounting for only 40% of the total binder. This
indicates that, within the current dataset and constraint system, slag replacement is an
efficient strategy for reducing cement content when the target strength is moderate. The
W /B ratios of these two mixtures remain relatively high, which is compatible with their
lower target strengths.

Table 3. Five representative 28-day Pareto points from the sampled search.

Predicted Cement Sla; Fly Ash Total
Strength (kg/m®) ( /ng13) (ky /m?) Binder MAR W/B Cement (%) Binder System
(MPa) & 8 8 (kg/m?)

255 102.0 153.0 0.0 255.0 0.600 0.753 40.00 Cement-Slag Binary
332 122.6 183.9 0.0 306.5 0.600 0.664 40.00 Cement-Slag Binary
62.3 196.3 204.3 70.4 471.0 0.583 0.302 41.70 Ternary (C-S-F)
63.8 220.5 242.3 51.4 514.2 0.571 0.296 42.90 Ternary (C-S-F)
76.8 286.3 200.9 0.0 487.2 0.412 0.297 58.80 Cement-Slag Binary
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Figure 14. Binder composition of five sampled Pareto points.

When the strength target increases to the 62-64 MPa range, the binder system transi-
tions toward a ternary cement-slag—fly ash composition. The 62.3 MPa mixture contains
196.3 kg/m3 cement, 204.3 kg /m3 slag, and 70.4 kg/m? fly ash, while the 63.8 MPa mixture
contains 220.5 kg/m3 cement, 242.3 kg/m? slag, and 51.4 kg/m? fly ash. Both mixtures
maintain high SCM replacement levels while sharply reducing W/B ratio to approximately
0.30. This suggests that, in the current optimization space, high strength is achieved not
by simply increasing cement content, but by combining low W /B ratio with optimized
SCM allocation.

The adjacent 62.3 and 63.8 MPa points were retained deliberately to show the local
slope of the sampled front, not because both are equally attractive recommendations.
Under the two plotted objectives, the 63.8 MPa point remains non-dominated because no
sampled candidate achieved at least 63.8 MPa with cement dosage at or below 220.5 kg/m?3.
Nevertheless, gaining 1.5 MPa required 24.2 kg/m? more cement and 43.2 kg/m?> more
total binder than the 62.3 MPa point. Its low incremental strength efficiency makes it a
poor knee-point choice, and it would normally be rejected unless the additional predicted
strength were specifically required. Pareto membership alone therefore does not determine
the preferred engineering solution.

At the highest selected strength level of 76.8 MPa, fly ash is eliminated from the Pareto-
optimal binder system, and the mixture returns to a cement-slag binary composition.
Cement content increases to 286.3 kg/m?, while slag remains substantial at 200.9 kg/m?.
The MAR decreases to 0.412, and W/B remains close to 0.30. This result may indicate
that the model favors slag over fly ash in the high-strength region because slag generally
contributes more actively to strength development under suitable alkalinity and curing
conditions [66]. However, this high-strength solution should be interpreted cautiously. The
high-strength region of the original dataset is relatively sparse, and the elimination of fly
ash may partly reflect the data distribution learned by the surrogate model rather than a
universal material rule. Additional high-strength ternary-binder experiments would be
required to confirm whether this trend holds beyond the current dataset.

Overall, the sampled front contains different cement-allocation patterns across the
strength range. Moderate-strength points tend to reach the imposed MAR cap, whereas
higher-strength points combine lower W/B with more selective SCM allocation. These
patterns are hypotheses for targeted mixture testing, not general binder-design rules.
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3.3.4. Stability of Pareto Candidates Under Repeated Sampling

Because the Pareto front was extracted from a stochastic Monte Carlo search space,
the stability of the selected cement-reduced solution may be affected by random sampling.
To examine whether the 45 MPa candidate mixture was an isolated outcome of a single
random trial, the optimization procedure was repeated ten times. In each run, the same
retained historical dataset, feature-engineering procedure, LightGBM surrogate model,
physical constraints, and target strength of 45 MPa were retained. Only the random seed
used for generating virtual candidate mixtures was changed.

Table 4 summarizes the selected Pareto-efficient candidate from each repeated run.
The cement contents ranged from 161.8 to 167.0 kg/m?, while the predicted compressive
strengths remained within 44.7-45.2 MPa. The mean cement content was 164.4 kg/ m3,
with a standard deviation of 1.6 kg/m?>. The mean predicted strength was 44.9 MPa, with a
standard deviation of 0.2 MPa. The MAR and W /B values also showed limited variation,
suggesting that the repeated searches converged toward a similar binder allocation region.

These results indicate that the 45 MPa cement-reduced candidate is not a singular
numerical artifact generated by one Monte Carlo trial. Instead, the repeated searches
consistently identified mixtures with similar cement contents, SCM replacement ratios,
and W/B ratios within the imposed feasible domain. Nevertheless, this analysis only
evaluates stochastic search stability. It does not quantify experimental variability, material-
source variability, or prediction uncertainty of the surrogate model. Therefore, the se-
lected mixture should still be regarded as a computationally screened candidate requiring
laboratory verification.

Table 4. Repeated-sampling stability for the 28-day, 45 MPa candidate.

Run Cement (kg/m3®) Predicted Strength (MPa) MAR W/B
1 164.4 448 0.586 0.392

2 162.9 45.1 0.590 0.389

3 166.2 449 0.582 0.395
4 163.7 45.0 0.588 0.391
5 165.1 447 0.585 0.394
6 161.8 45.2 0.594 0.387
7 167.0 448 0.580 0.396
8 164.0 449 0.587 0.392
9 163.2 45.1 0.591 0.390
10 165.8 448 0.584 0.393
Mean 164.4 449 0.587 0.392
Std. 1.6 0.2 0.004 0.003

3.4. Tool-Augmented LLM Demonstration
3.4.1. Deployment of the Interactive Interface

The final step was to embed the deterministic surrogate and screening modules into
an LLM-assisted interface. The purpose of this interface is to reduce the operational barrier
for using data-driven mix screening. In conventional workflows, engineers must manually
operate scripts, set constraints, run optimization routines, and interpret numerical outputs.
The proposed interface allows the user to submit a natural-language design request, while
the back-end system performs deterministic prediction and candidate ranking. Figure 15
shows the Streamlit interface.

The interface provides a code-free environment in which users can initiate a design
request, specify target strength, and view the resulting mix proportions and engineering
interpretation. Compared with conventional graphical interfaces that depend mainly on
fixed forms and manual parameter inputs, the language-assisted interface allows more
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flexible engineering queries. This design may improve accessibility for preliminary material
screening in batching plants, design offices, and research laboratories.

Green Concrete Intelligent Design Agent

Multi Objective Optimization an

Intelligent Optimization Green & Eco-Friendly Al Interpretation

100K Monte Carlo Parameter Search Minimize Cement Usage & Carbon Emissions Expert-Level Formula Analysis & lasights

Hello! I'm your Al Civil Engineering Assistant.

1 can help you with:

« Mix Design - Create low-carbon concrete formulas for target strength
« Data Query - Retrieve historical database statistics

« Consultation - Answer questions about concrete materials

Example requests:

* "Design a 45 MPa low-carbon concrete mix"

e "Query historical data for 40-50 MPa concrete"

Enter your engineering requirements (e.g., Query 45MPa historical data)...

Figure 15. Streamlit interface for the tool-augmented screening workflow.

Figure 16 illustrates the operational workflow. When a user submits a query such as
“Screen a cement-reduced mixture for 45 MPa at 28 days,” the LLM first extracts the target
strength and identifies the user intent. The extracted information is then converted into
standardized execution keys and passed to the deterministic optimization module. All
strength prediction, constraint filtering, and Pareto search operations are performed by the
back-end LightGBM and optimization algorithms rather than by the generative model.

This separation is essential for engineering reliability. The LLM is not allowed to
invent mixture proportions or conduct numerical optimization independently. Instead, it
functions as a semantic parser and report generator. This architecture reduces the risk of
ungrounded numerical generation while preserving the usability advantage of natural-
language interaction. Nevertheless, the current interface has not yet been evaluated through
a systematic user study, hallucination-rate test, or large-scale field deployment. Therefore,
the present result should be regarded as a prototype demonstration of interface feasibility
rather than a completed industrial software validation.

"Design a 45 MPa low-carbon concrete mix"

LOW-CARBON CONCRETE MIX DESIGN RECOMMENDATION REPORT

Report No: LCC-2026-027

Date: February 27, 2026

Prepared for: Engineering Design Team

Subject: Optimized 45 MPa Low-Carbon Concrete Mix Design Based on Machine Learning Algorithm

1. Executive Summary

This report presents an optimized concretell

~ Optimal solution ready! Calling DeepSeek Al...

Building 45.0 MPa physical constraint space...

Running 100,000 Monte Carlo optimizations...

Figure 16. Natural-language request and deterministic screening execution.
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3.4.2. Example Case: 45 MPa Cement-Reduced Candidate

To demonstrate the workflow, a 45 MPa target strength was used as an example
design request. The optimization module searched the physically admissible candidate
space and identified a Pareto-efficient mixture with a predicted strength of 44.8 MPa. The
selected mixture required 164.4 kg/m? of Portland cement. This value was compared with
142 historical mixtures in the original dataset whose strengths were within the 40-50 MPa
range. These historical mixtures had an average cement content of 294.6 kg/m?, with a
standard deviation of 92.5 kg/m?. Therefore, the selected candidate corresponds to a 44.2%
reduction in cement content relative to this empirical benchmark.

A direct ACI PRC-211.1 benchmark was not calculated because the UCI records do
not provide the required project inputs, including specified slump, nominal maximum
aggregate size and grading, specific gravities, air content, exposure class, or trial-batch
adjustments [57]. Claiming an ACI-designed comparator without these inputs would create
a false precision. The 142-record strength-band comparison is therefore reported explicitly
as an internal empirical benchmark, not as evidence that the candidate outperforms ACI
proportioning. A future experimental study should design a code-informed control mixture
from complete local material data and compare strength, workability, durability, and cement
efficiency under the same test conditions.

This reduction should be interpreted as a cement-content reduction within the bench-
mark dataset, not as a complete life-cycle carbon reduction. Cement dosage is a dominant
contributor to concrete’s embodied carbon, but full carbon accounting would also require
the emission factors of slag and fly ash, local SCM availability, transport distance, grinding
or processing energy, admixture dosage, curing regime, durability-related service life, and
maintenance requirements [5-7]. Therefore, the result demonstrates the potential of the
framework for identifying cement-efficient candidates, while further life-cycle and experi-
mental validation remains necessary before practical adoption. Figure 17 shows how these
qualifications are communicated with the structured numerical output.

3. Cement Content Analysis

3.1 Descriptive Statistics

Metric Value (kg/m®)  Interpretation

Mean 294.6 Average cement content across all mixes
Median 284.0 Central tendency, less sensitive to outliers
Minimum 141.9 Lowest recorded cement content
Maximum  540.0 Highest recorded cement content

Range 398.1 Indicates high variability in practices

3.2 Key Observations

* Wide Dispersion: The range of 398.1 kg/m? suggests substantial differences in mix design strategies, possibly due to

variations in materials (e.g., supplementary cementitious materials), curing conditions, or regional standards.

* Skewness Indicator: The mean (294.6) is higher than the median (284.0), indicating a right-skewed distribution. This

implies that some mixes use exceptionally high cement content, pulling the average upward.

* Potential Outliers: The maximum value (540.0 kg/m?) is notably high for this strength range and may represent special

applications (e.g., early-strength requirements) or non-optimized mixes.

Enter your engineering requirements (e.g., Query 45MPa historical data)...

Figure 17. Structured candidate output and generated engineering report.
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The report presents the screened component dosages, predicted strength, SCM re-
placement information, and explanatory notes in an engineering-readable format. In-
stead of exposing raw numerical arrays, the interface translates the optimization result
into a practical material-design summary. This is useful for early-stage decision-making
because engineers can quickly identify whether a candidate mixture is worth further
laboratory testing.

The main advantage of the interface is not that it replaces engineering judgment,
but that it connects deterministic optimization with accessible communication. The LLM
provides explanation and formatting, while the numerical core remains controlled by
evaluated deterministic algorithms and physical constraints. This design is aligned with
the requirements of safety-sensitive material design, where interpretability, traceability,
and constraint control are more important than unconstrained generative flexibility.

3.5. Scope and Limitations

The results establish an internally evaluated computational workflow, not an externally
validated concrete design method. The UCI database contains only Portland cement, fly ash,
slag, conventional aggregates, water, superplasticizer, age, and strength. It omits cement
chemistry, regional by-products, aggregate grading, many chemical admixtures, curing
environment, fresh properties, durability, and life-cycle inventories. Cross-validation parti-
tions this same database and cannot demonstrate transfer to another laboratory, material
source, or region. The outlier filter further narrows the applicable domain.

The optimization objective is limited to predicted compressive strength and reported
cement dosage. It does not calculate clinker content or carbon emissions and does not
test workability, setting, air content, shrinkage, cracking, transport properties, freeze—thaw
resistance, or service life. SHAP attributes the fitted model rather than material causality,
and repeated Monte Carlo runs measure sampling stability rather than predictive or
experimental uncertainty. Finally, the LLM interface has not undergone systematic user,
hallucination, adversarial, or field evaluation. These boundaries preclude construction use
without experimental calibration and professional review.

3.6. Targeted Research Outlook
3.6.1. Multi-Source Regional Dataset Expansion

The first priority is a harmonized database from multiple laboratories and regions. It
should record cement type and chemistry, SCM source and reactivity, aggregate grading and
specific gravity, admixture chemistry, curing temperature and humidity, and comparable
fresh and hardened properties. Laboratory- or region-held-out validation should replace
random internal folds as the principal generalization test.

3.6.2. Durability-Coupled Robust Optimization

Candidate selection should jointly consider strength, slump retention, setting, shrink-
age, chloride penetration, carbonation, sulfate and freeze-thaw resistance, and service-life
indicators. Material-specific life-cycle inventories should then replace cement dosage with
quantified carbon, energy, and resource objectives. Code-informed control mixtures and
laboratory trial batches are needed to benchmark practical value.

3.6.3. Uncertainty-Aware Surrogate Prediction

Prediction intervals and chance constraints should be added through conformal cali-
bration, quantile models, or Bayesian ensembles. Robust optimization should propagate
both surrogate uncertainty and plausible material-source variability. GreenMix-Pareto [44]
provides a relevant comparator for this next stage, while systematic sensitivity analysis
should quantify the effect of every feasibility bound.
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3.6.4. Industrial Deployment and Field Validation of the LLM Tool

The interface requires strict input schemas, unit normalization, out-of-domain re-
jection, immutable tool logs, prompt-injection tests, failure-case regression suites, and
explicit human approval. Controlled user studies should measure intent-extraction ac-
curacy, unsupported statement rate, correction burden, and reproducibility. Only after
laboratory validation of returned mixtures and monitored pilot use should field deployment
be considered.

4. Conclusions

The study shows that ratio-informed features, a tree-based strength surrogate, sta-
tistical explanation, and constraint-filtered sampling can be assembled into a traceable
preliminary screening chain. Within the retained UCI domain, LightGBM gave the strongest
held-out performance, W/B carried the largest model attribution, and repeated sampling
located a stable 45 MPa region with substantially lower reported cement dosage than
the internal strength-band benchmark. These findings describe model behavior and
a sampled trade-off; they do not establish a new material mechanism or a validated
low-carbon mixture.

The contribution to knowledge is the explicit separation of numerical authority from
language interaction in concrete proportioning. The surrogate and Pareto components
provide deterministic, inspectable tools, while the LLM is restricted to converting user
intent into execution keys and structured results into prose. This architecture offers a
reproducible way to use an LLM in a safety-sensitive materials workflow without treating
generative text as an engineering calculator.

The contribution to practice is correspondingly limited but useful: the prototype can
rank cement-reduced candidates for laboratory testing and communicate why a candidate
was returned, which constraints governed it, and what must still be verified. It cannot
replace ACI proportioning, trial batching, durability design, life-cycle assessment, or
professional approval.

The evidence remains bounded by one curated benchmark, no external or experimental
validation, a cement-mass surrogate instead of quantified carbon, fixed feasibility bounds,
and an unevaluated LLM user interface. The next research step is therefore not immediate
deployment but the four-stage program defined in Section 3.6: multi-source validation,
durability- and life-cycle-coupled objectives, uncertainty-aware robust screening, and
controlled laboratory and field evaluation of both the mixtures and the interface.
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The following abbreviations are used in this manuscript:

ACI American Concrete Institute

GBDT Gradient Boosting Decision Tree

IOR Interquartile range

LightGBM Light Gradient Boosting Machine

LLM Large language model

MAE Mean absolute error

MAR Mineral admixture ratio

ML Machine learning

OorC Ordinary Portland cement

RF Random Forest

RMSE Root mean square error

SCM Supplementary cementitious material

SHAP Shapley Additive Explanations

SR Sand ratio

SVR Support Vector Regression

W/B Water-to-binder ratio

W/S Water-to-solid ratio

XAI Explainable Artificial Intelligence
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