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ABSTRACT

In cement manufacturing, ensuring simultaneous compliance with compressive (CCS) and flexural strength (FS)
requirements is challenging due to their divergent responses to shared inputs. Industrial variability (e.g., fluc-
tuations in C3S content, grinding heterogeneity, and curing conditions) exacerbates this challenge, leading to
high batch rejection (15-20%) and excessive clinker overdesign that contributes 7% of global CO, emissions.
Traditional single-property models fail by treating CCS and FS in isolation, producing deterministic predictions
that ignore uncertainty, and conflating material-driven (aleatoric) with model-induced (epistemic) uncertain-
ty—precluding risk-aware decisions. To overcome these limitations, this study introduces the Multi-Property
Cement Strength Estimator (MPCSE)—the first joint probabilistic framework to model CCS and FS as full dis-
tributions via multi-head Gaussian Mixture Models with shared latent representations. MPCSE delivers four
innovations: (1) joint probabilistic modeling that captures cross-property dependencies (7.8% lower MAE for CCS
and 9.3% for FS versus single-property baselines); (2) explicit uncertainty decomposition enabling targeted
process control (e.g., tighter grinding for 36-52 pm particles reduces FS variability by 15%) and strategic data
collection (e.g., low-C3A regimes, < 4%); (3) a novel dual-strength compliance probability metric,
P(CCS > cmin NFS > fmin), revealing a near-total collapse to 0.38% at 50 MPa CCS / 9 MPa FS in industrial
settings (versus 11.2% under controlled laboratory conditions) and quantifying the previously unmeasured risk
of simultaneous failure; (4) context-dependent mechanistic interpretability via SHAP analysis, showing gran-
ulometry (uniformity index, SHAP = 0.032) dominates industrial variability while stoichiometry (C3S, SHAP =
0.058) governs laboratory performance—explaining the CCS-FS correlation gap (lab r = 0.945 vs. industry r =
0.101). MPCSE achieves > 95% confidence-interval coverage on industrial data and enables 12-15% clinker
reduction with approximately 25% fewer batch rejections through risk-aware rerouting of borderline batches,
advancing sustainable cement production.

1. Introduction

concrete beams [2], machine learning predictions of dynamic
compressive response in concrete-like materials [3], deep learning

Cement, the backbone of global infrastructure with an annual pro-
duction exceeding 4.1 billion tonnes, faces significant challenges in both
sustainability and performance. Variability in strength, driven by
inconsistent material properties and manufacturing conditions, results
in considerable financial and environmental costs [1]. Recent
reliability-based analyses of flexural strength in hybrid-reinforced
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models for plastic damage prediction under compression [4],
finite-element and deep-learning approaches for bond stress-slip
behavior [5], and high-fidelity mesoscale modelling algorithms for
concrete [6] have all highlighted the persistent impact of material and
process variability. Industrial data indicate that approximately 15-20%
of cement batches are rejected or downgraded [7], largely due to
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unexpected imbalances between compressive and flexural strength,
leading to material waste and increased CO, emissions. Cement pro-
duction alone contributes 7% of global CO; emissions, with much of the
excess emissions stemming from overdesign practices aimed at ensuring
compliance with strength requirements [1,6-8].

The mechanical performance of cement-based materials is primarily
governed by CCS, which determines load-bearing capacity, and FS,
which influences crack resistance and durability in applications such as
pavements and structural elements [9,10]. The challenge arises from the
divergent responses of compressive and flexural strengths to shared in-
puts, such as C3S content, particle-size distribution, and curing condi-
tions. For example, elevated tricalcium silicate (C3S) accelerates calcium
silicate hydrate (C — S — H) formation, enhancing CCS, but concur-
rently coarsens pore structure and destabilizes ettringite networks—-
critical for crack resistance—thereby compromising FS [11,12].
Similarly, particle size distribution governs both packing density
(benefiting CCS) and interfacial transition zone homogeneity (critical
for FS), yet industrial grinding variability introduces heterogeneity that
decouples these properties. Under controlled laboratory conditions
(Fig. 3), CCS and FS exhibit a strong correlation (r = 0.945); in
real-world production (Fig. 2), this collapses to near-zero (r = 0.101),
rendering lab-optimized mixes unreliable at scale. Recent advances in
active  structural control for construction stability [10],
acoustic-emission multifractal analysis of freeze-thaw damage [13],
risk-based optimization for structural maintenance and replacement
[14], multiscale indices for evaluating material discontinuities [15], and
quantum interval neural networks for uncertain structural static analysis
[16] further underscore the need for integrated, uncertainty-aware
frameworks to address such divergent property responses in cementi-
tious and related structural systems.

Regulatory standards intensify this dilemma. Currently, structural
specifications for cement-based materials, particularly those used in
pavements, precast elements, and thin-shell structures, demand
compliance with both CCS and FS criteria (e.g., 40 MPa CCS and 6 MPa
FS). Industry standards, such as ASTM C39 and C78, provide separate
testing methods for these properties. Still, regulations like EN 206-1
require that all specified properties, including both CCS and FS, be
satisfied for the material to be deemed compliant [17,18]. This neces-
sitates a joint probability approach for evaluating compliance, as
traditional models that predict individual strength properties fail to
assess the risk of meeting both simultaneously. The key metric is not
simply the probability of meeting CCS or FS thresholds independently,
but the joint probability P(CCS > cmin N FS > fmin), which captures the
likelihood of meeting both standards under real-world variability.

Traditional predictive models, including early empirical laws such as
Abram’s Law [19], as well as modern machine learning (ML) approaches
[20-22], are not well-equipped to address this duality. These models
typically treat CCS and FS as independent outputs, despite their shared
physicochemical drivers, and produce deterministic predictions that do
not reflect the inherent uncertainty in industrial production. Given the
variability in raw materials (e.g., = 8% C3S), process conditions (e.g.,
grinding and curing inconsistencies), and material properties, deter-
ministic point estimates like “CCS = 50 MPa” fail to capture the true
variability of cement strength in production environments. These
models are unable to answer critical quality control questions such as:
What is the probability that this batch will meet both CCS and FS
requirements?

To bridge this gap, this study transitions from deterministic predictions
to probabilistic modeling, representing cement strength as full probability
distributions rather than single-point estimates. This shift allows us to
quantify the range of possible outcomes under real-world conditions,
incorporating variability from both material and process sources. For
instance, instead of predicting a point estimate like “CCS = 45 MPa”, a
probabilistic model predicts a range such as “CCS is likely between
42-48 MPa with 95% confidence”, accounting for fluctuations in clinker
composition and grinding conditions. This approach transforms strength
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prediction into a tool for risk-aware compliance assessment rather than a
simple pass/fail judgment, enabling manufacturers to better manage
uncertainties and improve production quality.

Moreover, since CCS and FS are interdependent, predicting their
joint distribution is essential. These properties share common influen-
ces—like C3S content and particle size distribution—but respond
differently. For instance, even if the individual probabilities of meeting
CCS and FS requirements are high (e.g., P(CCS > ¢pin) = 0.9 and P(FS >
fmin) = 0.9), their joint probability P(CCS > cmin NFS > fnin) can be
much lower (e.g., <0.5) due to the weak correlation between these
properties in some production scenarios. While few multi-output models
attempt to predict both properties simultaneously [23,24], these models
fail to model the joint probability distribution, limiting the ability to
assess compliance risk comprehensively.

Additionally, existing methods conflate two distinct uncertainty
sources [25,26]: aleatoric (irreducible material/process noise, e.g.,
clinker heterogeneity) and epistemic (reducible model gaps, e.g., lack of
experiments on low-C3A formulations) [27]. Without decomposing
these uncertainties, manufacturers typically adopt a conservative over-
design approach, increasing clinker by 15-20%—to hedge against un-
known risks, directly exacerbating CO, emissions. Recent advances in
multi-task learning (MTL) and uncertainty quantification (UQ) offer
pathways to address these gaps [28,29], yet no framework integrates MTL
and UQ to predict the joint density of CCS and FS while linking uncertainty
decomposition to risk-aware compliance.

This study addresses these gaps through four fundamental materials-
science principles: (i) joint property modeling to capture co-variability
from shared physicochemical drivers (e.g., C3S, particle packing)
missed by decoupled approaches; (ii) explicit uncertainty decomposition
to separate aleatoric (irreducible material/process noise) from epistemic
(reducible model/data gaps) uncertainty, enabling targeted in-
terventions instead of conservative overdesign; (iii) explicit uncertainty
decomposition to separate aleatoric (irreducible material/process noise)
from epistemic (reducible model/data gaps) uncertainty, enabling tar-
geted interventions instead of conservative overdesign; and (iv) context-
dependent mechanisms that adapt to scale-specific drivers—-
granulometry dominating industrial production versus stoichiometry in
controlled laboratory settings—bridging the persistent lab-to-field per-
formance discrepancy.

Accordingly, this study proposes the Multi-Property Cement Strength
Estimator, which, to the best of the authors’ knowledge, is the first joint
probabilistic framework to model CCS and FS as full distributions via
multi-head Gaussian Mixture Models (GMMs) with shared latent rep-
resentations. A variational layer explicitly decomposes uncertainty,
enabling: (a) risk-aware compliance assessment via the novel dual-
strength metric P(CCS > Cmin NFS > fmin); (b) actionable process guid-
ance (e.g., tighter grinding for 36-52 pm particles reduces FS variability
by 15%); (c) strategic data collection (e.g., low-C3A < 4% regimes); and
(d) 12-15% clinker reduction with ~25% fewer batch rejections through
risk-aware rerouting of borderline batches.

1.1. Contributions

This study advances sustainable cement manufacturing through four
materials-focused innovations:

1. Joint strength distribution modeling: First framework to predict the
joint probability densities of CCS and FS via multi-head GMMs with
shared latent representations, reducing MAE by 7.8% (CCS) and
9.3% (FS) versus single-property models by explicitly modeling their
co-variability.

2. Actionable uncertainty decomposition: Isolates aleatoric (material/
process noise) and epistemic (model/data gaps) uncertainties to
enable targeted interventions—such as tighter grinding control for
36-52 pm particles and strategic data collection in low-C3A
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regimes—directly supporting clinker reduction and process
optimization.

3. Dual-strength compliance metric: Introduces P(CCS > cmin N FS > finin)
as the first dual-strength compliance metric, revealing near-total
collapse to 0.38% at 50 MPa CCS / 9 MPa FS in industrial settings
(versus 11.2% in laboratories)—quantitatively explaining why
batches meeting individual strength requirements still fail simulta-
neously under real-world variability.

4. Mechanistic interpretability: SHAP analysis uncovers context-
dependent drivers—granulometry dominates industrially (unifor-
mity index, SHAP = 0.032), while stoichiometry governs in labs
(C3S, SHAP = 0.058)—providing the first mechanistic explanation
for why laboratory-optimized formulations fail in production.

2. Relevant studies

This section critically examines advances in cement strength
modeling through the lens of industrial applicability and sustainable
manufacturing. Three research streams are critically examined: single-
property models, multi-property frameworks, and uncertainty-aware inter-
pretability. Despite growing interest in data-driven methods, current
approaches remain inadequate for managing the dual-strength compli-
ance challenge under real-world variability. This study identifies three
persistent gaps across existing work: (i) the treatment of compressive
and flexural strength as isolated properties, ignoring their shared
physicochemical origins; (ii) reliance on deterministic predictions that
obscure material-driven uncertainty and hinder risk-aware decision-
making; and (iii) a lack of actionable guidance for process optimization
or clinker reduction.

2.1. Single-property models: overlooking shared hydration mechanisms

Early machine learning efforts in cement science focused on pre-
dicting individual strength properties [20,30,31], achieving moderate
success but inherently overlooking the physicochemical coupling be-
tween compressive and flexural strength. For example, Chou and Pham
[32] achieved high CCS accuracy (R?> = 0.89) using ANNs but treated FS
as irrelevant, neglecting how the balance of sulfates governs both the
stability of ettringite (critical for FS) and the formation of C-S-H (for
CCS). Similarly, Qing and Li [33] applied XGBoost to predict both
properties separately (R?> ~ 0.91-0.92), yet failed to model their
co-variability under C3A/SO3; imbalance—a known cause of FS degra-
dation in sulfate-limited systems [34]. Sadrossadat et al. [35] validated
Gaussian process regression for CCS prediction (R? ~ 0.96, RMSE =
3.66 MPa), yet neglected FS entirely, reinforcing the practice of isolated
quality assessment.

More recent work incorporates granulometric features, such as par-
ticle size distribution [36], improving fidelity but still collapsing
inherent process noise into single-point estimates. Meddage et al. [37]
used explainable ML for graphene-modified concrete but offered no
mechanism to distinguish whether prediction errors stem from grinding
inconsistencies (aleatoric) or sparse data (epistemic). Consequently,
these models remain reactive tools for post-hoc assessment, not proac-
tive instruments for sustainable process control.

2.2. Multi-property frameworks: prediction without risk awareness

Recent multi-output models [38-42] aim to unify strength predic-
tion, but none jointly model both CCS and FS as probabilistic distribu-
tions. Najmoddin et al. [8] used multi-output XGBoost to predict CCS,
FS, and tensile strength simultaneously (R? = 0.94), yet provided no
uncertainty decomposition or compliance risk metric. Onyelowe et al.
[23] applied physics-informed ML to recycled aggregate concrete but
focused solely on tensile strength, ignoring the CCS-FS interplay central
to structural specifications.
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Bayesian methods offer partial progress: Imam et al. [24] generated
+1.8 MPa uncertainty bounds for CCS using BNNs, but these unde-
composed intervals cannot guide targeted interventions (e.g., “deciding
whether to tighten grinding or collect more low-C3A data?”). Mel-
kumyan et al. [43] introduced multi-task GPs for slump and CCS but
omitted FS entirely. Crucially, no existing framework computes the joint
compliance probability P(CCS > cmin N FS > fmin)—the very metric that
determines batch acceptance under EN 206-1. Without this, models
cannot support the risk-aware rerouting of borderline batches to
non-structural uses, missing a key opportunity to cut rejection rates by
~25% and clinker use by 12-15%.

2.3. Uncertainty quantification and interpretability: from statistical
artifacts to actionable intelligence

While UQ [44-46] and explainable AI (XAI) [47-49] are emerging in
cement informatics, their integration remains superficial. Tamuly et al.
[25] used conformal prediction to quantify CCS uncertainty but did not
decompose it into aleatoric (material/process noise) and epistemic (data
gaps) components—essential for distinguishing between “unavoidable
variability” and “fixable model limitations”. Han et al. [50] achieved
high CCS accuracy (RMSE = 1.24 MPa) but ignored FS and joint
behavior, limiting relevance to dual-strength specifications.

Interpretability efforts similarly lack industrial grounding. Sun et al.
[51] identified C3S as a key CCS driver via SHAP but did not contrast
industrial vs. laboratory contexts or link findings to process actions (e.g.,
“Optimize SO3 to 2.3% for ettringite stability”). Long et al. [52] focused
only on slump and CCS, omitting FS—the property most sensitive to
granulometric noise in production.

In contrast, the proposed MPCSE bridges these gaps by: (i) modeling
CCS and FS as a coupled system governed by shared drivers (e.g., C3S,
PSD), (ii) decomposing uncertainty to enable targeted process control (e.
g., tighter grinding for 41-52 pm particles) and strategic data collection
(e.g., low-C3A regimes), (iii) quantifying dual-strength compliance risk
to replace binary pass/fail decisions with resource-efficient, risk-
informed allocation. This transforms predictive modeling from a statis-
tical exercise into a sustainability-enabling tool for precision cement
manufacturing.

3. Dataset acquisition, and statistical analysis

This study leverages two complementary datasets—industrial and
laboratory—to rigorously evaluate the proposed Multi-Property Cement
Strength Estimator under contrasting conditions of variability and con-
trol. This dual-dataset design directly addresses the central challenge of
sustainable cement production: bridging the gap between lab-optimized
formulations and real-world performance, where unquantified vari-
ability drives excessive clinker use and batch rejection.

3.1. Cement specimen preparation and strength measurement

All specimens were prepared in strict accordance with ASTM C39, EN
206-1, and GB/T 17671-2021 standards [53], ensuring industrial
relevance and cross-dataset comparability. The protocol involved me-
chanical homogenization of cement, water, and standardized sand
(1:2:6 mass ratio), vibration-assisted compaction, and a two-stage
curing process: initial setting at 20°C for 24 h, followed by 27 days of
immersion under controlled conditions. By applying identical prepara-
tion and testing protocols to both the industrial (M = 163) and labo-
ratory (M = 50) specimens, procedural variability was eliminated,
isolating the effects of intrinsic factors—such as C3S content, particle
size distribution, and curing fluctuations—on compressive and flexural
strength. This standardized approach ensures that strength measure-
ments reflect true material behavior, enabling direct comparison of
microstructure-property relationships across scales. Subsequent Pear-
son correlation analyses (Figs. 2 and 3) quantify how these intrinsic
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factors govern strength outcomes under differing levels of process
control.

3.2. Industrial dataset: capturing real-world variability

3.2.1. Analysis of key statistics

The industrial dataset, sourced from an active cement plant, captures
the natural variability inherent to large-scale production—a primary
driver of clinker overuse and CO; emissions. As shown in Fig. 1, inline
laser particle analyzers monitored 22 granulometric properties (e.g.,
PSD, SSA), while chemical assays captured key clinker phases. Despite
missing features due to assay costs, the dataset exhibits balanced di-
versity in critical inputs: particle size distributions span industrially
relevant ranges (e.g., <3 pm: 9.53-14.68%), and surface area (S/g:
322.83-418.27 m?/kg) reflects typical grinding heterogeneity.
Crucially, target variables show high measurement consistency—CCS
(49.2-56.2 MPa, st. dev. 1.21) and FS (8.0-9.0 MPa, st. dev. 0.20)—
ensuring that observed model challenges stem from genuine process
noise, not measurement error.

This dataset validates MPCSE’s suitability for joint modeling: (a)
physicochemical gradients (e.g., 45-65 um fraction: variance 1.48)
correlate with C-S-H formation mechanisms; (b) granulometric pa-
rameters (uniformity index: 0.70-0.94) govern particle packing
efficiency—a shared driver of CCS and FS. Table 1 provides full
descriptive statistics, confirming the dataset’s capacity to test unified
density estimation under real-world uncertainty.

3.2.2. Pearson correlation analysis: decoupling strength in production

The industrial correlation matrix (Fig. 2) reveals a stark decoupling
of CCS and FS (r = 0.101), underscoring why lab-optimized mixes fail in
practice. Granulometric features dominate: fine fractions (<3 ym, <10
um) strongly correlate with specific surface area (r = 0.936-0.971),
governing hydration kinetics, while coarse particles (>45 ym) show
weak negative links to CCS (r = —0.092) and negligible FS ties (r =
0.016), reflecting their detrimental impact on reactivity. Critically,
process proxies like shading and illuminance exhibit conflicting signal-
s—positive with CCS but negative with FS—highlighting how environ-
mental artifacts obscure material-property relationships. This
complexity necessitates MPCSE’s joint modeling and uncertainty
decomposition to disentangle true drivers from noise.

3.3. Laboratory dataset: controlled validation of mechanistic drivers

3.3.1. Analysis of key statistics
The laboratory dataset (M = 50) provides a tightly controlled

30em
d
(depth)

|

55cm
(height)

Fig. 1. Inline integration of a laser particle size analyzer into an operating
cement factory for continuous real-time monitoring of particle size distribution
(PSD)—a key determinant of cement fineness, hydration reactivity, and final
mechanical strength development. The main analyzer housing (black rectan-
gular box, indicated by arrow) measures exactly 90 cm (width) x 55cm
(height) x 30 cm (depth).
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benchmark to validate MPCSE’s ability to capture fundamental cement
chemistry. Key clinker phases span scientifically meaningful ranges: C3S
(42.14-73.91%, variance 34.74) and C3A (4.68-9.15%, variance 1.37)
cover stoichiometric extremes governing early/late strength trade-offs,
while sulfate balance (SO3: 2.10-2.40%) reflects precise alkali-sulfate
optimization. Target variables combine intentional diversity (CCS:
26.0-61.8 MPa) with high precision (FS st. dev.: 0.47), enabling robust
evaluation of multi-property generalization. Granulometric (SSA:
341-360 m?/kg) and chemical gradients (C4AF: 6.40-12.68%, SiOa:
2.31-22.81%) rigorously test whether joint modeling preserves micro-
structure-property linkages across formulation extremes. Table 2 details
full statistics, confirming its suitability for validating unified density
estimation under idealized conditions.

3.3.2. Pearson correlation analysis: coupled strength in control

In stark contrast to industrial data, the laboratory correlation matrix
(Fig. 3) shows near-perfect CCS-FS coupling (r = 0.945), confirming
their shared dependence on stoichiometry and hydration kinetics.
Chemical drivers dominate: C3S strongly enhances CCS (r = 0.86),
while sulfate balance (SO3) stabilizes ettringite networks critical for FS.
Antagonistic phase interactions—CsS vs. C2S (r = — 0.965)—mirror
known compositional trade-offs, providing a rigorous testbed for
MPCSE’s ability to disentangle competing effects. This controlled envi-
ronment validates that MPCSE’s architecture correctly captures funda-
mental cement science, while the industrial dataset tests its resilience to
real-world noise.

4. Research methodology

The Multi-Property Cement Strength Estimator addresses the core
challenge of sustainable cement production: managing the compressi-
ve-flexural strength trade-off under real-world variability. Rather than
treating compressive and flexural strength as isolated outputs, MPCSE
models their joint behavior through a unified framework that integrates
fundamental cement chemistry with probabilistic machine learning. As
shown in Fig. 4, the architecture comprises three synergistic modules
designed to mirror the physical reality of cement hydration: (i) hierar-
chical encoding of physicochemical drivers, (ii) explicit decomposition
of material- and model-induced uncertainty, and (iii) task-specific esti-
mation of full-strength distributions via multi-head Gaussian Mixture
Models (GMMs).

The framework begins by encoding key hydration determi-
nants—such as C3S content, sulfate balance, particle size distribution,
and curing conditions—into high-level representations that govern
microstructural evolution. These features are processed through a
shared latent space 2, which captures common mechanisms (e.g., C-S-H
nucleation, ettringite stability) that jointly influence CCS and FS.
Crucially, a variational inference layer then decomposes total predictive
uncertainty into two actionable sources: aleatoric uncertainty, arising
from irreducible material and process noise, and epistemic uncertainty,
reflecting model limitations due to sparse data or extrapolation. From
this disentangled representation, two independent GMM heads generate
full probability distributions for CCS and FS. This design preserves both
cross-property dependencies (e.g., shared sensitivity to sulfate balance)
and property-specific responses (e.g., FS’s heightened vulnerability to
pore coarsening). The detailed training procedure is described in Algo-
rithm 1.

Algorithm 1. Training process of MPCSE
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Input: Dataset D = {(x,-, Sces,is sFS,i)}{"il, Batch size B, KL weight A, Total epochs T = 500,
Gaussian components (Nccg = 2, Neg = 2), Learning rate n = 0.01

Output: Conditional PDFs gccs(Sces|x) and grg(Sgg|x)

1 Initialize parameters 6 = {Ogaredr Occs, Ors }

Initialize Adam optimizer with n; Apply gradient clipping |VO| < 1.0; Set step decay scheduler

(y = 0.1 every 100 epochs);
2 forepocht < 1toT do

3 for each batch (x;, Sccs, Sps)E, in D do
4 Feature Extraction: h; = ResMLP(x;)
5 Variational Sampling: u,log 62 = Linear(h;); z; = u + € © exp(0.5loga?), € ~
N, D)
6 Task-Specific GMM Prediction:
7 {accs,j» Hees,js U(%cs,j}?ﬂ = GMMccs(2;)
8 {as j, trs,j» OFs j }i=1 = GMMgs(2;)
9 Loss Calculation:
1
10 LS = _EZil log X5 aces iV (Sces i Mecs,j» 08cs,))
1
1 ﬁstL = —EZ?=110gZ]2'=1 aFS,jN(SFS,i; HES,j» UFzs,j)
1 4
12 Ly =5 X0 Xgtq(uia + exp(logaly) —logaly — 1)
13 Liotar = Lii1 + Lyint ALx
14 Backpropagation: 60 < 0 —nVg Ly
15 end for

16 if t mod 100 = 0 then

17 nenxy
18 end if
19 end for

20 Return: Trained MPCSE model for joint CCS/FS density estimation.

4.1. Task definition

MPCSE models the conditional probability distributions of CCS and
FS given input features x. Formally, it operates on a dataset & =

M
{ (xh SCCS.is SFS,i) }i:1 , where:

e x; € R? encodes chemical composition (C3S, CsA, SO3), physical prop-
erties (particle size distribution, specific surface area), and curing
conditions;

® scesi,Srsi € Rso are experimentally measured 28-day strengths
(MPa).

The objective is to estimate the joint behavior of CCS and FS by
approximating their conditional densities while preserving in-
terdependencies. This is achieved using task-specific GMMs:

D(sk|x) ~ gi(sk|x; ©) = Zj:akj(z)'v/’"ﬁ(sk;ﬂk,’(z)v 6;%;(2) )7 @

where k € {CCS,FS}, 2 = f(X; Oshared) is the shared latent representation,
and Ny is the number of Gaussian components. The full parameter set
0O = {Oghared; Occs, Ors } includes weights for shared feature extraction,
variational uncertainty decomposition, and task-specific distribution
heads.
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Table 1

Descriptive statistics of the industrial cement dataset(M=163) encompassing particle size distribution (PSD)parameters, physical properties, and mechanical strength

outcomes.
Property Mean St. Error Median Mode St. dev. Variance Min Max Range
<1pm 1.81 0.01 1.78 1.37 0.17 0.03 1.37 2.77 1.40
< 3 pym 11.93 0.07 11.88 9.53 0.91 0.82 9.53 14.68 5.15
< 10 ym 40.79 0.21 40.37 35.79 2.64 6.98 35.79 46.65 10.86
< 16 ym 58.74 0.25 58.31 52.81 3.15 9.91 52.81 67.59 14.78
< 24 ym 75.17 0.24 74.68 69.46 3.08 9.46 69.46 85.75 16.28
< 32 pum 84.85 0.20 84.26 79.64 2.61 6.82 79.64 94.41 14.77
< 65 um 98.82 0.04 98.84 97.51 0.47 0.22 97.51 99.77 2.26
<70 ym 99.35 0.02 99.40 98.45 0.29 0.08 98.45 99.81 1.36
> 45 ym 4.19 0.08 4.37 0.45 1.06 1.12 0.45 6.50 6.05
> 80 ym 0.28 0.01 0.25 0.10 0.13 0.02 0.10 0.70 0.60
3-16 ym 46.82 0.19 46.62 41.68 2.48 6.14 41.68 54.31 12.62
3-32 ym 72.92 0.16 72.63 68.86 2.03 4.10 68.86 80.13 11.26
16-24 ym 16.43 0.06 16.61 14.78 0.77 0.60 14.78 18.24 3.46
32-45 ym 8.55 0.08 8.70 4.85 1.03 1.06 4.85 10.33 5.48
45-65 ym 5.45 0.10 5.76 0.74 1.21 1.48 0.74 7.75 7.01
65-80 ym 1.05 0.03 1.10 0.01 0.40 0.16 0.01 2.03 2.02
S/g 364.10 1.52 362.81 322.83 19.35 374.51 322.83 418.27 95.45
Dso 13.00 0.07 13.11 11.00 0.93 0.87 11.00 14.94 3.94
Uniformity index 0.84 0.00 0.83 0.80 0.05 0.00 0.70 0.94 0.24
Distribution width 2.76 0.01 2.74 2.61 0.16 0.02 2.28 3.14 0.86
Shading 24.98 0.34 23.30 17.10 4.34 18.87 17.10 36.03 18.93
Illuminance 766.25 8.38 709.68 668.85 107.05 11459.13 668.85 1056.01 387.16
CCS (MPa) 51.66 0.09 51.50 50.40 1.21 1.47 49.20 56.20 7.00
FS (MPa) 8.39 0.02 8.40 8.50 0.20 0.04 8.00 9.00 1.00

By modeling strength as full probability distributions-not point
estimates—MPCSE enables risk-aware decision-making. Manufacturers
can quantify the likelihood of simultaneous compliance with dual-
strength standards, replace conservative overdesign with precision
batching, and directly support the sustainability goals of low-carbon
cement production.

4.2. Feature extractor

The feature extractor module encodes key hydration determi-
nants—such as C3S content, sulfate balance, particle size distribution,
and curing conditions—into high-level representations that govern
microstructural evolution. These inputs exhibit non-additive, time-
dependent interactions: early-age C3S reactivity influences late-stage
CsS contribution, while ultrafine particles (<3 pm) simultaneously
enhance packing density and increase water demand. To capture these
long-range dependencies without vanishing gradients, a residual
multilayer perceptron (MLP) with skip connections is employed—a
choice motivated by cement science, not architectural novelty.

Given input features x € R?, the L-layer network computes:

h; = ¢(Wix+by),

hz = ¢(W2h1 erz) Jrh],

hL = ¢(WLhL,1 + bL) + hL—l~, for = 2, 7L (2)

where ¢ is LeakyReLU (@ = 0.01), and weights are initialized via Xavier
uniform. The output h; € R™ embeds both direct effects (e.g.,
C3S-driven C-S-H nucleation) and indirect couplings (e.g., sulfate-
mediated ettringite stability), ensuring downstream uncertainty
decomposition operates on “physically grounded features”, not statisti-
cal artifacts.

4.3. Variational layer

The variational layer resolves a critical industrial dilemma: dis-
tinguishing between “irreducible material noise” (e.g., 8% C3S fluc-
tuations, grinding heterogeneity) and “reducible model gaps” (e.g.,

sparse data in low-C3A regimes). This separation is essential for targeted
interventions—tighter process control versus strategic experimentation.
Formally, the layer maps h;, to a shared probabilistic latent space z:

", = Wth +bﬂ, logof = WUhL +bg,

followed by reparametrized sampling:
1
Z=p,+eOexp (5 1°ga§> L€~ 17(0,1). ®3)

Here, 62 quantifies aleatoric uncertainty (material/process noise),
while p, captures epistemic uncertainty (model/data limitations). This
disentanglement transforms uncertainty from a passive byproduct into
actionable intelligence: aleatoric hotspots guide grinding optimization,
while epistemic boundaries prioritize data collection.

A crucial conceptual point arises from this formulation. While the
subsequent multi-head Gaussian Mixture Models (Section 4.4) parame-
terize separate distributions for CCS and FS to maintain property-
specific flexibility and computational tractability, the shared latent
representation z encodes common drivers (e.g., C3S content, sulfate
balance, particle packing), thereby inducing cross-property dependence
and capturing covariance in the joint density. The model does not
explicitly parameterize a full multivariate GMM; instead, it approxi-
mates the joint distribution as:

p(CCS, FS|x) = / p(CCS|2)p(FS|z)p(z|x)dz, ©))

which assumes conditional independence given the latent state z—a
standard and well-justified approximation in deep latent variable
models for multi-output regression. This design choice balances
property-specific expressiveness with computational efficiency and is
empirically validated by the framework’s ability to reproduce observed
correlations. On the laboratory dataset, where CCS and FS are strongly
coupled, the model achieves a predicted correlation of r = 0.854 +
0.062 compared to the observed r = 0.941 + 0.040. On the industrial
dataset, where the properties are nearly independent due to process
variability, the model correctly captures the weak correlation with
predicted r = —0.065 + 0.071 versus observed r = 0.071 + 0.157. These
results, together with > 95% confidence interval coverage, demonstrate
robust capture of co-variability under both controlled and industrial
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Fig. 2. Pearson correlation matrix for the industrial cement dataset (M = 163). Values range from — 1-1, where positive coefficients (green) indicate direct re-
lationships and negative coefficients (blue) indicate inverse relationships. The near-zero correlation between CCS and FS (r = 0.101) reveals minimal coupling under
real-world production conditions-contrasting sharply with laboratory settings (Fig. 3, r = 0.945).

Table 2
Statistical summary of the laboratory dataset (M=50) encompassing chemical composition, mineralogical phases, and mechanical performance.
Property Mean St. Error Median Mode St. dev. Variance Min Max Range
Insoluble Residue 0.13 0.01 0.13 0.10 0.04 0.00 0.07 0.22 0.15
Alkali 0.67 0.02 0.68 0.70 0.16 0.03 0.38 1.11 0.73
LOI 0.60 0.07 0.45 0.12 0.51 0.26 0.08 2.39 231
SO3 2.21 0.01 2.20 2.10 0.10 0.01 2.10 2.40 0.30
SSA (cm?/g) 350.79 0.81 350.50 360.00 5.86 34.37 341.00 360.00 19.00
Sieve Residue 2.88 0.07 2.80 2.80 0.49 0.24 2.00 3.60 1.60
MgO 3.12 0.10 3.08 2.94 0.74 0.54 1.53 4.82 3.29
CsS 60.42 0.82 61.03 42.14 5.89 34.74 42.14 73.91 31.77
CsA 7.00 0.16 6.90 7.46 1.17 1.37 4.68 9.15 4.47
K,O0 0.81 0.03 0.80 0.79 0.24 0.06 0.38 1.55 1.17
NayO 0.14 0.01 0.12 0.12 0.08 0.01 0.05 0.42 0.37
f — CaO 1.06 0.07 0.95 0.76 0.49 0.24 0.35 2.73 2.38
Fe,03 3.32 0.05 3.34 3.39 0.35 0.12 211 4.17 2.06
C4AF 10.09 0.15 10.14 10.35 1.08 1.16 6.40 12.68 6.28
Al,03 4.76 0.06 4.73 4.71 0.40 0.16 3.80 5.40 1.60
SiOy 20.80 0.37 21.12 21.07 2.68 7.17 2.31 22.81 20.50
CoS 15.41 0.77 14.63 14.88 5.53 30.53 3.36 33.86 30.50
CCS (MPa) 52.37 0.92 53.90 54.80 6.66 44.36 26.00 61.80 35.80
FS (MPa) 8.22 0.07 8.40 8.40 0.47 0.22 6.90 8.80 1.90

Note: LOI = Loss on Ignition; SSA = Specific Surface Area; All chemical compositions in %, except SSA in cm?/g and strengths in MPa.
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conditions. profiles, MPCSE provides the foundation for “dual-strength compliance
risk  assessment”—a  cornerstone of sustainable, precision
manufacturing.

4.4. Multi-head estimator

The multi-head estimator models CCS and FS as full probability 4.5. Loss function and optimization
distributions—p(sccs|2) and p(srs|z)—while respecting their shared ori-

gins and divergent responses. Both properties stem from common The MPCSE model is optimized to balance three materials-science
drivers (e.g., C3S, particle packing), yet FS is more sensitive to pore objectives: (i) accurate prediction of compressive and flexural
coarsening and ettringite destabilization. Each head transforms 2 into a strength, (ii) meaningful quantification of irreducible material noise
GMM: versus reducible model gaps, and (iii) preservation of physicochemical
a = Softmax (Wa_kz 4 bu.k)a () couplings (e.g., C3S—sulfate trfide-offs) under real-world.varlablhty. This
’ ’ ensures the model learns interpretable representations of cement
e = W2+ by, ©) hydration—not Jl'lst .Statlstlcal patFerns. o '
Central to this is Kullback-Leibler (KL) regularization [54], which
62 = Softplus(W,iz + b,), 10o) en.fo.rC(.as. phys'lcochemlcal plausibility in t1.1e shared la.tent space z by
minimizing divergence between the variational posterior g(z|x) and a
yielding the conditional density: standard normal prior p(z) = ./'(0,1):
o 7 —1§:i(2+e (loge?,) —loga?, ~ 1) ©
g(selz) = Zakj'ﬂ"ﬂ(sk;ﬂkj,ﬁj),k € {CCS,FS}. (8) KL=5p 22 Hiq T €xpllogo; 80i 4 )
=1 g
This design accommodates property-specific physics: CCS: Enhanced where B is batch size and n, latent dimensionality. During training, logo®
by fine particles (<3 pm) via packing density, FS: Degraded by the same is clamped to [ -5, 5] for numerical stability.
fines due to shrinkage cracking, Shared risks: Clinker fluctuations The full loss combines task-specific negative log-likelihoods (NLL)
(+8% C3S) propagate through 2 to both outputs. By preserving cross- with KL regularization:
property dependencies while enabling independent uncertainty Liotal = LSS +LES, + 2 Lt , (10)
Data fidelity Uncertainty regularization
Insoluble -
Alkali -0.03
LOI -0.09 0.40 0.75

S03 --0.01-0.05 0.01

K20 -0.16 0.47 -0.07
-0.50

MgO -0.22 0.16 0.16-0.12 0.21

cao --0.11}'j;;suz-o.37-o.ogﬂﬁ
Fe203 --0.14-0.06-0.09-0.02-0.04-0.19-0.07 -0.25
Al203 --0.22-0.03-0.20 0.27 -0.14-0.28-0.04 0.12

Si02 -0.19-0.00-0.02-0.04 0.10 -0.07 0.08 -0.43-0.26

-0.00
SSA --0.08-0.13-0.01-0.10-0.12-0.10 0.26 0.08 -0.15-0.02
SR -0.26 0.48 0.36 -0.09 0.49 0.31-0.36-0.26-0.20 0.09-0.12
C3s —-0.11-0.37-0.14-0.16-0.44-0.20@ 0.14-0.29:1/55510.26 -0.21 | =82
C3A --0.13-0.00-0.150.26 -0.11-0.16 0.00 -0.41-0.02-0.18-0.05-0.34
C25-0.14 0.28 0.10 0.11 0.36 0.13 -0.23 0.15 -0.19 0.170.26 - —0.50
C4AF --0.14-0.06-0.09-0.01-0.04-0.20-0.07 0.12-0.43 0.08-0.25 0.14 -0.41-0.23
f_cao --0.21-0.02-0.23 0.08 -0.05 0.01 -0.19 0.00 0.03 -0.28-0.26-0.12 0.07 0.02-0.15 0.00
CCS --0.03 -0.14-0.10 0.08 0.23-0.150.12 0.14 0.16-0.150.01 0.19 0.04-0.15-0.13 o
FS --0.03 -0.12-0.11 0.07 0.30-0.100.06 0.15 0.31-0.21 0.07 0.11-0.01-0.10-0.26 Ak
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Fig. 3. Pearson correlation matrix for the laboratory cement dataset (M = 50). Values range from — 1-1, where positive coefficients (blue) indicate direct re-
lationships and negative coefficients (red) indicate inverse relationships. The strong correlation between compressive and flexural strength (r=0.945) reveals tight
coupling under controlled conditions.
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Fig. 4. Semantic architecture of the proposed Multi-Property Cement Strength Estimator. The framework integrates three synergistic modules: (1) Feature extractor
that extracts hierarchical representations from physicochemical inputs; (2) Variational layer that transforms encoded features into a shared latent space 2z, explicitly
separating aleatoric uncertainty from epistemic uncertainty; and (3) Multi-head estimator that generate full probability distributions for compressive and flexural
strength from the shared latent representation. The architecture preserves cement-chemical interpretability by encoding common drivers in z while allowing
property-specific response patterns. This design enables joint probabilistic modeling, uncertainty decomposition, and dual-strength compliance assessment—the
three core innovations of MPCSE.
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with A = 2.15 x 10~5—a cross-validated value that balances strength
prediction fidelity against uncertainty regularization. The NLL for
property k € {CCS,FS} is:

Ni

- 18 .
L= — B Z log Z O (2i)-A (Sk,ﬁﬂk.j(zi)v ”1%; (2:) ) an
=

i=1

This balance is critical for industrial applicability. An excessively
large 4 oversmooths 2, weakening sensitivity to key hydration trade-offs
(e.g., C3S/sulfate interactions governing ettringite stability). Too small a
A inflates epistemic uncertainty, obscuring genuine material variability.
The chosen A preserves microstructural sensitivity while isolating alea-
toric uncertainty from clinker fluctuations (+8% C3S) and curing
inconsistencies.

Optimization uses Adam (n = 0.01, ; = 0.9, f, = 0.999) with step
decay (y = 0.1 every 100 epochs) and gradient clipping (|| V0|2 < 1.0)
to stabilize training under industrial batch-to-batch variability. Back-
propagation coordinates updates across: (i) task-specific heads (shaping
individual strength distributions), and (ii) shared encoder (capturing
common pathways like C3A-induced brittleness). This joint optimization
ensures z encodes both shared mechanisms and divergent respon-
ses—enabling reliable joint distribution modeling for risk-aware
formulation design.

4.6. Dual-strength compliance probability metric

The dual-strength compliance probability P(CCS > cmin N FS > fiin)
provides a risk-aware framework for evaluating simultaneous compli-
ance with ASTM/EN standards—replacing binary pass/fail judgments
with continuous risk assessment. This is essential in industrial produc-
tion, where unquantified variability causes unnecessary batch rejections
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despite acceptable individual strengths.

As established in Section 4.3, the model does not explicitly param-
eterize a full multivariate Gaussian mixture distribution. Instead, it as-
sumes conditional independence of CCS and FS given the shared latent
representation 2, which encodes common physicochemical drivers (e.g.,
CsS content, sulfate balance, particle size distribution). The joint density
is constructed using Eq. (4). Under this conditional independence
framework, for a specific draw of 2, the predictions for CCS and FS are
independent, yielding:

P(CCS > Cmin;FS meinlxisz) = P(CCS > Cminlz) X P(FS meinlz)~

The overall joint probability is then obtained by taking the expec-
tation over the posterior distribution of z given x;:
Piac = Eiaix) [P(CCS > Crinl2)-P(ES > fin|2)].

In practice, this expectation is approximated using the mixture
model parameters directly. The exceedance probability for each strength
property is computed from its GMM parameters:

N krnin - i
Pk > kninlx) = > o [1 - <1><—_”k-f> } .k € {CCS, FS}, 12)

= Ok

where @ is the standard normal cumulative distribution function, and
Qkj, Hiej» Okj are the mixing weight, mean, and standard deviation of the
j-th Gaussian component for property k. The joint probability is then:

P

joint

= P(CCS > Cminlxi) X P(FS meinlxi)-

This formulation correctly propagates uncertainty through the latent
space while preserving the dependencies induced by shared physico-
chemical drivers. The batch-averaged compliance probability across M

Input: Trained model fy, Validation set D,

S

scalers: scalersC , scalerf,S

= {x;}M,, Thresholds Cypin, finin, Target

Output: Compliance probability P(Cpin, frnin)

~ CCS r FS
1 Cmin < Scalery (cmin); fmin < Scalery (fmin)

2 sum < 0

3 fori « 1toM do

2
4 {accs jr Hecs, j Uccs,j}j=1 < fo(xp)
2
5 {ars ko trs jo OFs i tke=1 < fo (%)
6

7 z P
PFS - Z aFS,k [1 — P (fmma luFS,k):|
=] FS,k
8 sum « sum + PCCS X PFS
9 endfor

10 P« sum/M

11 returnP

2 .
Cmin — Hccs,j
Pecs < Z accs,j [1 -0 (—
= gccs,j

10
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validation samples is:

_ 1 &
p(cmimfmin) :M ij(tl))int

—

Algorithm 2. formalizes this computation, enabling consistent evalu-
ation across threshold grids (e.g., cmin € {30, 35,40, 45,50, 55,60} MPa,
fmin € {5,6,7,8,9,10} MPa).

By quantifying dual compliance probabilistically, manufacturers can
move beyond deterministic pass/fail decisions to risk-informed quality
control:

o High-confidence batches (P > 0.95): Proceed directly to structural
applications with minimal risk of non-compliance.

e Borderline batches (0.7 < P < 0.95): Reroute to non-structural
applications (e.g., pavements, backfill) rather than outright rejec-
tion, recovering value while maintaining safety.

o High-risk batches (P < 0.7): Trigger targeted process adjustments
(e.g., grinding optimization, sulfate balance correction) or additional
testing before disposition.

Algorithm 2. Dual-strength compliance probability estimation
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As demonstrated in Section 5.5, this risk-aware approach reduces
batch rejection rates by approximately 25% while maintaining 93.7%
joint compliance at moderate thresholds (45 MPa CCS / 8 MPa FS). By
transforming uncertainty from a source of conservative overdesign into
actionable intelligence, the dual-strength compliance probability metric
directly supports sustainable, precision manufacturing.

4.7. Uncertainty decomposition in cement strength predictions

Distinguishing between sources of strength variability is essential for
effective quality control. Two distinct uncertainties affect CCS and FS:
aleatoric uncertainty (irreducible material/process noise, e.g., 8% C3S
fluctuations) and epistemic uncertainty (reducible model gaps from sparse
data, e.g., low-C3A regimes). Conflating these leads to reactive over-
design; separating them enables targeted interventions—tighter
grinding control for aleatoric hotspots, focused experimentation for
epistemic boundaries. The proposed framework decomposes uncertainty
via the multi-head GMM architecture. For property k € {CCS,FS}, total
predictive uncertainty is the second raw moment:

N;
Y ) =E[s | x] =Y " aj(2) | 0f(2) + iy (2) |, (13)
S—— =
Aleatoric  Epistemic

where 2z = fy(x) captures shared physicochemical features. This disen-
tanglement transforms uncertainty into actionable intelligence:

e Aleatoric: Trreducible variability (¢2) reflecting batch heterogeneity,

Input: Model fp; Feature x;; Training range [L, U];

Margin 6 = (U — L)/2; Samples per regime m = 100
CCS
Outp“t: ualeatoric’ ualeatorlc’ uggisstemic’ ueplstemlc

1 Ry« [LUL Ry« [L—6,L]JU[U U+ 6]

1
2 x?ynth ~ U(Ral) xsynth U(Rep)
3 fori «1tomdo
4 xg’al) < Replace xf in median input with x?}lmthi
5 xg'ep) < Replace x; in median input with xsynth ;
6 endfor
7 forallx, € {x(’ ab ep)} ", do
8 [a, 1, 0]ccs, rs < fo (xp)
9

Ugstm-append Z“ccs,j (Ugcs,j + H%cs,j)
Jj
10
Ufprqr-append Zaps,j (Jl«gs,j + .u}Z?S,j)
j

11 end for

CCS,FS CCS,FSt: 0
12 ualeatoric < mean (utotal [l] | xf € [L' U])

CCS/FS CCS,FS @ )
13 uepistemic € mean (utotal l] | x l [L’ U])
14 return ualeatorlc' ualeatorlc' u(e:gisstemic' ueplstemlc
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e Epistemic: Reducible uncertainty (4?) indicating data-scarce regions.

Algorithm 3. Uncertainty decomposition via synthetic perturbation

Algorithm 3. quantifies these components via controlled perturba-
tion. For feature Xy (e.g., x<1: particles < 1 pm), the following steps are
performed:

1. Define training range [L, U] (e.g., [1.37,2.77] for x.1),

2. Generate synthetic samples within [L,U] (aleatoric) and outside
(epistemic),

3. Compute mean uncertainty in each regime.

This reveals how deviations impact confidence: e.g., x.1 > 2.77
spikes epistemic uncertainty (poor model reliability in over-ground re-
gimes), while high aleatoric uncertainty in [L, U] indicates persistent
batch variability—guiding whether to adjust manufacturing practices or
collect new data.

5. Results and discussions

This section presents a comprehensive experimental validation of the
Multi-Property Cement Strength Estimator, addressing seven interrelated
questions critical to sustainable cement manufacturing under real-world
variability. The analysis progresses from architectural validation to in-
dustrial impact, leveraging both industrial (M = 163) and laboratory (M
= 50) datasets to ensure robustness across scales. The research questions
explored are: (a) Are MPCSE’s core components essential? (b) Does joint
modeling outperform decoupled approaches? (c¢) How does MPCSE
compare to state-of-the-art baselines? (d) Can decomposed uncertainty
guide process optimization? (e) What is the dual-strength compliance
probability under real-world thresholds? (f) What is the reliability of
risk assessments based on the 95.7% confidence interval coverage? (g)
What mechanistic insights explain context-dependent driver
divergence?

First, the necessity of the different modules in MPCSE’s architecture
is validated through a 5-fold ablation study on industrial data (Section
5.1). Next, MPCSE is compared against single-head and separate
modeling architectures (where CCS and FS are predicted independently)
in Section 5.2. MPCSE is benchmarked against five representative
baselines—including Physics-Informed Models (PIM), XGBoost, and
Bayesian Neural Networks—and demonstrates superior robustness in
industrial settings (Section 5.3). Section 5.4 demonstrates how uncer-
tainty decomposition transforms predictive noise into actionable intel-
ligence. The dual-strength compliance metric P(CCS > cmin N FS > finin)
is introduced to replace binary pass/fail judgments with continuous risk
assessment (Section 5.5). The reliability of these risk assessments is
validated by 95.7% confidence interval coverage (Section 5.6). Finally,
Section 5.7 explores the mechanistic interpretability of the model using
SHAP (SHapley Additive exPlanations) analysis.

5.1. Ablation study: necessity of MPCSE components

To validate the necessity of each architectural component in the
Multi-Property Cement Strength Estimator, a 5-fold cross-validation abla-
tion study is conducted on the industrial dataset (M = 163). Four var-
iants are evaluated: (i) the full MPCSE; (ii) “No-Shared Encoder”, which
uses separate MLP encoders for CCS and FS; (iii) “No-Variational”, which
replaces the variational layer with a deterministic bottleneck; and (iv)
“Point-Estimate”, a deterministic multi-task MLP that outputs scalar
predictions without uncertainty quantification. All models use identical
hyperparameters, training protocols, and feature sets. Performance is
assessed using MAE (MPa), 95% confidence interval (CI) coverage (%),

12
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and the dual-strength compliance probability
P(CCS > 50 MPaNFS > 8 MPa)—a realistic high-performance
threshold aligned with EN 206-1 specifications for precast elements,
where 98.77% of industrial batches meet these individual requirements
(Table 1).

Results (Table 1) confirm that all three MPCSE components are
essential for sustainable, risk-aware quality control. The full MPCSE
achieves the lowest MAE for both CCS (0.863 MPa) and FS (0.156 MPa),
near-perfect CI calibration (96.3% for CCS, 95.7% for FS), and the
highest dual-strength compliance (93.7%). Removing the shared latent
space (“No-Shared”) degrades CI coverage by 4-7 %age points and re-
duces joint compliance by 1.0 pp—confirming that shared representa-
tions are critical to capture common drivers like C3S and particle
packing efficiency, which jointly govern strength outcomes under real-
world variability. Eliminating the variational layer (“No-Variational™)
causes the largest drop in CI coverage (87.7% for CCS), revealing that
explicit uncertainty decomposition is indispensable for reliable risk
assessment. Without it, manufacturers cannot distinguish between
irreducible material noise (e.g., grinding heterogeneity) and reducible
model gaps (e.g., sparse low-C3A data)—leading to either overdesign or
unwarranted rejections. Finally, the deterministic “Point-Estimate”
baseline, while competitive in MAE, cannot quantify compliance risk or
support resource-efficient batch allocation, highlighting the irreplace-
able role of probabilistic modeling in reducing clinker overuse and batch
rejection.

Collectively, this ablation confirms that all three components—-
shared latent space, variational uncertainty decomposition, and multi-
head GMM—are essential for MPCSE’s ability to deliver accurate, cali-
brated, and actionable strength predictions in industrial settings.

5.2. Comparative analysis of joint vs. separate modeling architectures

This study rigorously evaluates whether joint probabilistic modeling
significantly outperforms single-property approaches in predicting
compressive and flexural strength under real-world material and process
variability—addressing a core challenge in sustainable cement produc-
tion: reducing clinker overuse and batch rejection through reliable dual-
strength assessment. A comparison of three strategies is presented: (i)
the proposed multi-head Gaussian Mixture Model (GMM) with shared
latent representations and task-specific heads, (ii) a single-head GMM
that estimates a unified distribution for both properties, and (iii) sepa-
rate modeling using independent models for CCS and FS. Performance is
assessed on industrial and laboratory datasets using MAE, RMSE, R?, and
NLL.

5.2.1. Analysis of model performance on industrial dataset

The industrial dataset presents a critical testbed: weak CCS-FS cor-
relation (r = 0.101) and high batch-to-batch variability from grinding
inconsistencies, clinker heterogeneity (+8% C3S), and curing fluctua-
tions—conditions that drive conservative overdesign and 15-20% batch
rejection. Table 2 shows the multi-head GMM’s superiority for sustain-
able quality control.

For CCS, the multi-head architecture reduces MAE by 7.8% versus
single-head (0.863 + 0.091 vs. 0.936 + 0.147) and is the only approach
achieving positive R% (0.146 + 0.062)—proving its ability to extract
signal from noise. Separate modeling fails (R> = —0.005 + 0.187),
confirming that decoupled models cannot capture shared granulometric
drivers like fine particles (< 3 pm, r = 0.936 with Blaine fineness) and
uniformity index, which govern packing density and hydration kinetics.

For FS, the multi-head GMM achieves 9.3% lower MAE than single-
head (0.156 + 0.028 vs. 0.172 + 0.032) and the least negative R?
(-0.070 + 0.086), demonstrating robustness despite FS’s narrow range
(8.0-9.0 MPa) and sensitivity to shading effects (r = —0.242). Crucially,
its task-specific uncertainty modeling enables reliable risk asses-
sment—unlike single-head’s marginally better NLL (1.354 vs. 1.429),



M. Islam et al.
which lacks property-specific adaptability for actionable decisions.

5.2.2. Analysis of model performance on laboratory dataset

In controlled laboratory conditions—where CCS-FS correlation is
strong (r = 0.945), and stoichiometry dominates—the multi-head GMM
maintains its edge in uncertainty calibration, critical for R&D efficiency.
It achieves the lowest NLL for FS (1.371 + 0.296), outperforming single-
head (1.401 + 0.138) and separate modeling (1.655 + 0.314) (Table 3).
While single-head shows slightly better CCS calibration (NLL:
1.419 4+ 0.230), its rigid parameterization fails at stoichiometric ex-
tremes (e.g., C3S > 68%), yielding unstable R? ( — 0.293 + 0.402). The
multi-head framework adapts by preserving property-specific
pathways—C3S, mediated C-S-H nucleation for CCS and ettringite sta-
bility for FS—within a shared latent space.

These results validate that the shared-latent, task-specific architec-
ture resolves a fundamental limitation of prior work: it captures mech-
anistic couplings (e.g., fine particles enhancing CCS via packing density
yet degrading FS through shrinkage cracking) while accommodating
property-specific responses. This balance enables robust dual-strength
prediction across scales—supporting both industrial risk-aware control
and laboratory formulation refinement.

5.3. Performance comparison with baseline models

This subsection evaluates the Multi-Property Cement Strength Esti-
mator against five representative baseline models: Multi-output XGBoost
[40], Gaussian Process Regression (GPR) [41], Multi-task Gaussian
Process (GP) [42], Physics-Informed Model (PIM) [55], and Bayesian
Neural Network (BNN) [56]. Performance is assessed using Mean Ab-
solute Error (MAE), Mean Absolute Percentage Error (MAPE), and Root
Mean Square Error (RMSE) for compressive and flexural strength pre-
dictions across both industrial (M = 163) and laboratory (M = 50)
datasets are shown in Fig. 5(a-f).

In the industrial dataset in Fig. 5(a), MPCSE achieves competitive
CCS prediction (MAEccs = 0.863 + 0.091MPa), closely trailing PIM
(0.841 £ 0.076MPa) and Multi-output XGBoost (0.860 + 0.099MPa).
Crucially, MPCSE outperforms all baselines in FS prediction, as shown in
Fig. 5(b), achieving an MAEgg = 0.156 + 0.028MPa—a 3.1% improve-
ment over PIM (0.161 4+ 0.030MPa). Its RMSEccs = 1.085 4+ 0.155MPa
shown in Fig. 5(e) is significantly lower than all alternatives, indicating
superior robustness to outliers and batch-to-batch variability. This is
visually evident in Fig. 5(e), where MPCSE’s error bars are consistently
shorter—reflecting tighter error distributions enabled by its multi-head
GMM architecture and joint modeling of CCS-FS interdependencies.

The slight advantage of PIM in CCS metrics stems from its incorpo-
ration of domain-specific constraints (e.g., hydration kinetics, phase
reactivity), which enhance accuracy for well-characterized mixes.
However, PIM’s deterministic nature limits its utility in risk-aware

Table 3

Ablation study results using 5-fold cross-validation on the industrial dataset (M
= 163). Thresholds for dual-strength compliance set at CCS > 50 MPa and FS >
8 MPa.

Model MAE MAE (FS) CI Cov. CI Cov. Joint

Variant (CCs) (CCS) (FS) Comp.
[MPa] [MPa] [%] [%] [%]

Full MPCSE 0.863 + 0.156 + 96.31 + 95.72 + 93.72 +
0.09 0.03 7.05 5.06 2.33

No-Shared 0.878 + 0.170 + 91.97 + 89.02 + 92.78 +

Encoder 0.14 0.02 7.55 8.05 1.30

No-Variational ~ 0.887 + 0.168 + 87.71 + 90.87 + 91.87 +
0.13 0.02 9.47 6.62 1.66

Point-Estimate ~ 0.969 + 0.173 + N/A N/A N/A
0.15 0.02

Note: CI Cov. refers to 95% Confidence Interval Coverage. N/A indicates metrics
not supported by the model type.
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quality control—it cannot quantify dual-strength compliance probabil-
ity or distinguish between material-driven variability and model limi-
tations. In contrast, MPCSE’s probabilistic framework provides
actionable uncertainty estimates, enabling manufacturers to assess
P(CCS > cmin NFS > fmin) and make informed decisions about batch
allocation—directly supporting clinker reduction and rejection
avoidance.

Multi-output XGBoost performs competitively in MAEcs, reflecting
its ensemble learning capacity to handle heterogeneous industrial data
(Fig. 5(a)). However, its lack of joint distribution modeling results in
higher RMSEgs = 0.209 + 0.035MPa (vs. MPCSE’s 0.193 + 0.038MPa)
in Fig. 5(f), indicating greater sensitivity to outliers—a critical drawback
in production environments where consistency is paramount.

On the laboratory dataset, PIM achieves the best overall accuracy
(MAEccs = 3.145 + 1.123MPa, MAEgs = 0.318 + 0.084MPa) shown in
Fig. 5(a-b), outperforming MPCSE (3.755 £+ 1.286MPa,
0.342 + 0.110MPa). This reflects the alignment between PIM’s physics-
informed assumptions and tightly controlled lab conditions (e.g., stable
CsS, minimal curing variation). Nevertheless, MPCSE offers more reli-
able uncertainty quantification, as evidenced by its lower MAPEgg =
0.043 +0.014 (vs. BNN’s 0.075 + 0.074; Fig. 5(d)), thanks to its varia-
tional uncertainty decomposition. This capability is essential for trans-
lating predictions into confidence intervals that support real-world
decision-making.

Across both datasets, GPR and Multi-task GP exhibit the highest
errors—e.g., Multi-task GP’s RMSE¢cs = 7.235 + 2.729MPa on indus-
trial data in Fig. 5(e)—due to sensitivity to noise and limited capacity to
capture non-additive interactions. BNN shows high variance (e.g.,
RMSEccs = 5.613 + 4.507MPa on laboratory data) in Fig. 5(e), indica-
tive of overfitting in low-noise regimes. Overall, MPCSE’s balanced
performance—particularly its low RMSE, robust uncertainty calibration,
and ability to model joint strength distributions—highlights its suit-
ability for industrial applications.

5.4. Uncertainty decomposition for process guidance

This experiment analyzes predictive uncertainty in compressive and
flexural strength modeling, isolating contributions from two distinct
sources: aleatoric uncertainty and epistemic uncertainty. By perturbing key
features across industrial and laboratory datasets, the analysis reveals
how different environments shape uncertainty profiles: granulometric
variability dominates in industrial settings, while stoichiometric preci-
sion governs in controlled labs.

5.4.1. Industrial uncertainty decomposition: granulometry-driven control
points

Employing Algorithm 3, systematic perturbation reveals distinct
uncertainty profiles: aleatoric uncertainty dominates central value
ranges, while epistemic uncertainty peaks at feature extremes (Fig. 6).
Crucially, FS consistently exhibits 8-12% higher aleatoric uncertainty
than CCS across granulometric parameters, confirming its heightened
sensitivity to particle packing efficiency and curing humidity—key
drivers of interfacial transition zone quality. Three key patterns emerge:

1. Aleatoric hotspots in mid-range particles: FS uncertainty peaks at
1.80-1.99 in the 41-52 um range shown in Fig. 6(c), aligning with
Stovall & de Larrard’s void-reduction principle: suboptimal packing
increases porosity, weakening FS more than CCS.

2. Epistemic boundaries at operational extremes: Low illuminance (<550
lux) spikes uncertainty in both properties (CCS: 1.89, FS: 1.85; Fig. 6
(g)), reflecting model limitations under atypical sensor conditions (e.
g., night shifts). High shading (>36%) elevates epistemic uncertainty
(CCS: 1.76, FS: 1.80; Fig. 6(a)), indicating under represented high-
roughness batches prone to surface defects.

3. Cross-property synergies at optimal granulometry: A uniformity index of
0.85-0.90 jointly suppresses aleatoric uncertainty by 12-18% (Fig. 6
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(b)), enabling co-optimization of mechanical performance through
balanced fine/coarse particle ratios.

For industrial practice, this decomposition delivers actionable
guidance:

e Tighter grinding control: Optimizing 41-52 um particles reduces FS
uncertainty by up to 15%,

e Targeted data collection: Regions like < 70pm > 99.5% retention
require focused experimentation (Fig. 6(f)),

o Risk-aware batch allocation: Batches with epistemic uncertainty
> 1.75 can be rerouted to non-structural uses, reducing rejection
rates—directly supporting resource efficiency.

5.4.2. Laboratory uncertainty decomposition: stoichiometric sensitivity

In controlled laboratory settings—where granulometric variability is
minimized—chemical composition dominates uncertainty profiles. FS
consistently exhibits 7-12% higher aleatoric uncertainty than CCS
(Fig. 7), reflecting its greater sensitivity to hydration kinetics and phase
balance. Key mechanistic insights emerge:

1. Sulfate balance: A pronounced trough in aleatoric uncertainty at SO3
=2.2-2.4% (Fig. 7(g)) confirms sulfate optimization stabilizes
ettringite networks—essential for FS without compromising CCS.

2. Alkali-silica reactivity: Elevated epistemic uncertainty in FS at low
alkali (<0.5%; Fig. 7(b)) highlights model limitations in predicting
ASR-induced cracking—a known durability concern.

3. C3S-FS trade-off: Divergent aleatoric peaks—CCS maximized at
55-67% C3S, FS at 42-55%—reveal an inverse relationship that
enables balanced formulation design.

These patterns provide actionable stoichiometric guidance: Maintain
alkali levels between 0.5-0.8% to reduce FS uncertainty by 15% through
effective ASR suppression; Target SO3 = 2.3% =+ 0.1% to optimally
balance CCS-FS interplay; Compensate for high f —CaO (>2.5%) with
gypsum adjustments to mitigate expansion risks (Fig. 7(e)).

5.4.3. Transforming quality control through uncertainty awareness

Uncertainty decomposition enables three transformative shifts in
cement quality control: First, real-time quantification of physicochem-
ical trade-offs supports adaptive formulation design. Reducing ultrafines
(< 1 pm) below 1.5% decreases CCS aleatoric uncertainty by 10%, but
increases water demand—necessitating compensatory SOs; adjustments
to preserve ettringite stability for FS.

Second, epistemic uncertainty thresholds (> 1.75) enable rational
decision-making: high-uncertainty batches are rerouted to non-
structural applications, reducing rejections and cutting quality control
costs—while maintaining ASTM/EN compliance through risk-aware
allocation.

Third, epistemic boundaries guide strategic data collection in un-
derrepresented regions (e.g., low C3A, suboptimal curing), improving
model robustness, and reducing reliance on conservative overdesign.
This directly contributes to sustainability by lowering CO, emissions
through precision-driven clinker substitution.

By transforming uncertainty into actionable intelligence, MPCSE
resolves the compressive—flexural strength trade-off—reducing material
waste, enhancing multi-property robustness, and advancing sustainable
cement production under real-world variability.

5.5. Dual-strength compliance probability under industrial variability

This experiment introduces the dual-strength compliance probability
metric, defined as P(cmin, fmin) = P(CCS > Cmin NFS > fumin), across
threshold grids aligned with ASTM/EN standards (e.g., CCS > 50MPa,
FS > 9MPa) employing Algorithm 2. This probabilistic metric quantifies
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the likelihood that a cement formulation simultaneously meets dual
mechanical performance criteria—offering a continuous, risk-aware
alternative to traditional binary pass/fail quality control. By
leveraging MPCSE’s full joint distribution of CCS and FS, manufacturers
can assess compliance under real-world variability rather than relying
on deterministic point estimates. As illustrated in Fig. 8, compliance
exhibits a sharp decline as thresholds increase, providing a quantitative
framework for addressing the compressive—flexural strength trade-off
through actionable risk estimation.

5.5.1. Analysis of dual compliance probability in industry and laboratory
datasets

In the industrial dataset (Fig. 8(a)), compliance remains near-perfect
(P ~1.0) for moderate thresholds (e.g., CCS < 45MPa, FS < 8MPa),
indicating robust performance under typical production constraints.
However, compliance collapses dramatically at higher thresholds:

1. At CCS = 50MPa and FS = 9MPa, only 0.38% of batches meet both
criteria,

2. Increasing CCS to 60 MPa while maintaining FS > 10MPa reduces
compliance to effectively zero (P = 1.8 x 1078).

This degradation stems from fundamental hydration mechanisms:
excessive C3S content (> 75%), often used to boost early-age CCS, ac-
celerates C-S-H gel formation but coarsens pore structure and increases
microcracking susceptibility—reducing FS by up to 12%. Similarly,
sulfate imbalance (SO3; < 2.2%) destabilizes ettringite (AFt) phases,
leading to brittle failure despite adequate compressive strength.

In contrast, as shown in Fig. 8(b), the laboratory dataset character-
ized by tightly controlled curing and material consistency, maintains
higher compliance:

1. At CCS = 45MPa and FS = 9MPa, compliance is 11.2%—signifi-
cantly better than industrial settings,

2. Yet this still reflects a steep decline compared to lower thresholds (e.
g., CCS = 45MPa, FS = 8MPa: P = 69.1%).

The stark disparity between lab and industrial performance high-
lights the impact of real-world variability—=+8% C3S fluctuations,
granulometric heterogeneity, and curing inconsistencies—that disrupts
the otherwise predictable CCS-FS relationship. While stoichiome-
try-driven formulations excel in laboratories, they lack resilience in
production environments, where grinding-induced particle packing in-
efficiencies dominate strength outcomes.

These findings transform compliance assessment from deterministic
rule-based checks into a continuous risk estimation framework. By
modeling the full joint distribution of CCS and FS, manufacturers can:

o Identify threshold adjusted formulations that balance strength proper-
ties within acceptable compliance ranges,

e Reroute borderline batches to non-structural applications rather than
rejecting them outright,

e Optimize process parameters such as particle size distribution and
sulfate balance to stabilize both strengths.

For instance, maintaining SO3 levels within 2.2-2.4% and limiting
C3S to < 75% preserves ettringite stability, improving FS reliability
without compromising CCS targets. Constraining fine particles (< 3 pm)
to ~12% mitigates water demand spikes and brittleness associated with
densified C-S-H networks. This probabilistic compliance evaluation
provides actionable insights into multi-property trade-offs, directly
supporting sustainable cement production through uncertainty-aware
risk control.
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Fig. 6. Uncertainty decomposition heatmaps for eight key features from the industrial dataset, showing mean total predictive variance partitioned into aleatoric and
epistemic components for CCS and FS. (a) Shading: epistemic uncertainty spikes at extremes (>36% shading), indicating model limitations under atypical curing
conditions. (b) Uniformity index: joint epistemic reduction at optimal uniformity (0.85-0.90), enabling co-optimization of CCS/FS reliability. (c) 41-52 um particles:
dominant aleatoric FS uncertainty in mid-range particles, signaling sensitivity to particle packing dynamics. (d) Central particle bins: FS shows 8-12% higher
aleatoric uncertainty than CCS, driven by particle heterogeneity. (e) Median particle size ranges: elevated aleatoric FS uncertainty (1.67-1.83) vs. CCS (1.65-1.76).
(f) Ultrafine particles: synchronized epistemic spikes for CCS/FS at extremes (<97.5% or >99.8% retention). (g) Illuminance: epistemic dominance at low light (<550
lux), correlating with sensor noise in material handling. (h) 1.1-2.2 ym range: peak aleatoric CCS uncertainty (1.72), reflecting clinker reactivity variability. Color
intensity scales with variance magnitude (warmer colors indicate higher uncertainty).
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Fig. 7. Uncertainty decomposition for eight key laboratory features, showing aleatoric and epistemic uncertainty for CCS and FS across key stoichiometric features.
(a) Sulfate balance (SO3): aleatoric uncertainty trough at 2.2-2.4% SOs3, confirming sulfate optimization stabilizes ettringite networks. (b) Alkali content: elevated
epistemic uncertainty in FS at low alkali (<0.5%), highlighting model limitations in predicting alkali-silica reaction (ASR)-induced cracking. (c) CsS content:
divergent aleatoric peaks for CCS (maximized at 55-67% C3S) and FS (maximized at 42-55% C3S), revealing an inverse relationship. (d) Free lime (f —C,0): elevated
aleatoric uncertainty in FS at high f —C,0 (>2.5%), indicating expansion risks. (e) Specific surface area (SSA): aleatoric uncertainty decreases with increasing SSA for
CCS, but increases for FS, reflecting competing effects on hydration kinetics. (f) C3A content: epistemic uncertainty spikes at low C3A (<5%), indicating data scarcity
in low- C3A regimes. (g) Silica (SiO,): aleatoric uncertainty peaks at intermediate SiO, content (15-20%), reflecting complex interactions with other oxides. (h) Iron
oxide (Fep03): low uncertainty across range, indicating stable effect on both strengths. Color intensity represents variance magnitude.
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5.5.2. Borderline batch quantification for risk-aware rerouting

The dual-strength compliance probability framework enables a
transformative shift from binary pass/fail decisions to risk-aware batch
allocation. At industrial thresholds of 50 MPa CCS and 8 MPa
FS—common specifications for structural applications—batches can be
classified into four risk categories based on their joint compliance
probability Pjyin: (Table 4).

Crucially, 45 of 163 industrial batches (27.6%) fall within the
borderline compliance range (0.30 < Pjoinc < 0.70). These batches
exhibit substantial uncertainty in simultaneously meeting both strength
requirements and represent candidates for rerouting to non-structural
applications (e.g., pavements, backfill, or low-stress elements) rather
than outright rejection. The 25% reduction in batch rejection is derived
from this risk-based reclassification:

Borderline batches

= 27.6% =~ 25%.
Total batches 7:6% %

Rejection reduction =

This assumes that all borderline batches can be successfully rerouted
to non-structural applications, converting potential waste into usable
product. This risk-aware rerouting strategy directly supports sustainable
production goals by reducing material waste while maintaining safety
through appropriate application matching.

Complementing the borderline category, 16 batches (9.8%) achieve
high-confidence compliance (Pjoin; > 0.95) and are suitable for critical
structural uses, while 58 batches (35.6%) remain acceptable
(0.70 < Pjoint < 0.95) for standard structural applications. Only 44
batches (27.6%) are classified as high-risk (Pjoin: < 0.30), indicating
probable failure under dual-strength criteria. This risk stratification
demonstrates how probabilistic compliance assessment replaces con-
servative overdosing with precision allocation—redirecting borderline
batches to appropriate applications rather than rejecting them, thereby
reducing material waste and supporting sustainable production goals.

5.6. Confidence interval calibration and practical implications

This subsection evaluates the calibration performance of the Multi-
Property Cement Strength Estimator through 95% confidence interval
(CI) coverage analysis [57] on both industrial (Fig. 9) and laboratory
datasets (Fig. 10). The goal is to assess whether predictive intervals
accurately quantify uncertainty—avoiding under-confidence (intervals
too narrow) or over-conservatism (intervals too wide)—and how this

18

Table 4
Comparison of average performance metrics for CCS and FS on the industrial
dataset.

Metric MPCSE S-head Separate
MAE (CCS) 0.863 + 0.09 0.936 + 0.15 0.971 £ 0.12
MAPE (CCS) 0.017 + 0.00 0.018 + 0.00 0.019 + 0.00
RMSE (CCS) 1.085 + 0.16 1.119 £ 0.17 1.171 + 0.18
R2 (CCS) 0.146 + 0.06 0.093 £ 0.11 —0.005+0.19
MAE (FS) 0.156 + 0.03 0.172 £+ 0.03 0.161 + 0.03
MAPE (FS) 0.019 + 0.00 0.020 + 0.00 0.019 + 0.00
RMSE (FS) 0.193 + 0.04 0.208 + 0.04 0.200 + 0.04
R? (FS) -0.070 £ 0.09 -0.251 £ 0.16 -0.164 + 0.23
NLL (CCS) 1.429 + 0.26 1.354 £ 0.15 1.452 +0.17
NLL (FS) 1.545 + 0.37 1.548 £ 0.25 1.543 £ 0.30

Note: S-head = Single-head architecture; Separate = Individually trained
models; Best results are highlighted in bold.

enables precision manufacturing and risk-aware quality control in
real-world production.

5.6.1. Calibration analysis on industry dataset

The industrial dataset presents a challenging environment charac-
terized by weak CCS-FS correlation (r = 0.101), granulometric di-
versity, and significant process-induced noise. Fig. 9(a) and Fig. 9(b)
illustrate the 95% CI coverage for compressive and flexural strength
predictions, respectively.

For flexural strength, MPCSE achieves exceptional calibration with
95.7% coverage—marginally exceeding the nominal 95% target—while
maintaining remarkably tight intervals (average width: 0.85MPa) and
low prediction error (RMSE: 0.20MPa). This precision reflects the
model’s ability to isolate FS-specific sensitivity to particle packing effi-
ciency and curing consistency, enabled by task-specific GMM heads that
leverage shared latent representations to balance aleatoric (material-
driven) and epistemic (model-driven) uncertainties. The narrow Cls
indicate high confidence in predictions despite batch-to-batch vari-
ability, supporting reliable decision-making without conservative
overdesign.

In contrast, compressive strength exhibits broader CIs (average
width: 5.29MPa) due to the higher inherent variability of clinker phase
fluctuations (£8% C3S) and curing inconsistencies. Nevertheless, the
model achieves 96.3% coverage, demonstrating robust uncertainty
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Fig. 9. Coverage of 95% confidence intervals for compressive and flexural strength predictions on industrial data. (a) CCS predictions: 96.3% coverage with an
average width of 5.29 MPa and RMSE of 1.23 MPa. (b) FS predictions: 95.7% coverage with an average width of 0.85 MPa and RMSE of 0.20 MPa. The dashed line

indicates the nominal 95% coverage level.

quantification without underconfidence or excessive conservatism. This
balance ensures that manufacturers are neither misled by overly opti-
mistic bounds nor penalized by unnecessarily wide margins.

Crucially, the joint architecture adapts to property-specific uncer-
tainty profiles: tighter intervals for FS reflect its responsiveness to
grinding control and uniformity, while wider intervals for CCS accom-
modate raw material heterogeneity. This adaptive behavior validates
MPCSE’s capacity to support risk-informed allocation—for example,
rerouting borderline batches to non-structural applications rather than
rejecting them outright—thereby reducing waste and improving
resource efficiency.

Moreover, the shared latent representation enhances robustness
across both uncertainty types. At an optimal uniformity index
(0.85-0.90), both strengths exhibit reduced CI widths and lower overall
uncertainty, confirming that well-graded particle distributions stabilize
microstructure development and improve predictability. This synergy
supports joint optimization strategies that co-enhance the reliability of
CCS and FS under industrial constraints.

5.6.2. Calibration analysis on laboratory dataset

In controlled laboratory settings, MPCSE maintains a strong cali-
bration of flexural strength, achieving 96.0% coverage of its 95% con-
fidence intervals with a narrow average width of 1.98MPa (Fig. 10(b)).
This high precision reflects the effectiveness of task-specific GMM heads
in minimizing aleatoric noise under consistent hydration conditions,
where granulometric variability is low, and stoichiometry is tightly
controlled. The tight intervals enable reliable prediction of FS within
+0.1MPa, supporting fine-tuning of mix designs for optimal crack
resistance.

However, for compressive strength, the model shows a slight under-
coverage (92.0% coverage; Fig. 10(a)) despite broader intervals

(a)

(20.58MPa average width). This indicates residual epistemic uncer-
tainty in capturing the Dbehavior of high-strength for-
mulations—particularly those with C3S > 68%, where accelerated
C-S-H formation interacts non-linearly with sulfate balance and curing
kinetics. Although the shared latent space accommodates these extremes
by expanding uncertainty bounds, 8% of observations fall outside the
predicted range, indicating limitations in extrapolation.

This divergence arises from the implicit prioritization of the archi-
tecture of FS robustness—driven by its lower intrinsic variability in
controlled environments—while preserving CCS-FS dependencies
through shared feature learning. For research applications, the near-
perfect FS calibration enables precise formulation tuning (e.g., SO3 =
2.3% + 0.1% for stable ettringite formation), significantly accelerating
mix design cycles by reducing the need for iterative experimental vali-
dation.

In contrast, the lack of coverage in CCS highlights specific epistemic
gaps at stoichiometric extremes (C3S > 70%), guiding targeted data
collection efforts toward high-performance concrete development
rather than heuristic trial-and-error testing. This transforms uncertainty
into a diagnostic tool for improving the model.

5.6.3. Precision manufacturing enabled by calibrated uncertainty

The well-calibrated confidence intervals produced by MPCSE enable
a paradigm shift in cement quality control: replacing blanket safety
margins with risk-informed, precision tolerances that balance structural
reliability and resource efficiency. In industrial settings, the 95.7%
coverage for flexural strength—achieved with a narrow average interval
width of 0.85MPa—allows manufacturers to enforce strict yet realistic
specifications (e.g., FS > 8.0 +£ 0.85MPa for precast panels) without
conservative overdesign. For compressive strength, broader intervals
(5.29MPa width) achieve 96.3% coverage, appropriately accommoda-

(b)

cted 95% CI
inCl

CCS Value

Sample Index

Sample Index

Fig. 10. Coverage of 95% confidence intervals for compressive and flexural strength predictions on laboratory data. (a) CCS predictions: 92.0% coverage with an
average width of 20.58 MPa and RMSE of 4.82 MPa. (b) FS predictions: 96.0% coverage with an average width of 1.98 MPa and RMSE of 0.47 MPa. The dashed line

indicates the nominal 95% coverage level.
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ting inherent material variability (+8% Cs3S fluctuations).

This calibrated uncertainty directly enables substantial clinker
reduction. Industry practice typically adds 15-20% excess clinker to
guarantee >95% compliance under unquantified risk [7]. Using MPCSE
at a moderate performance target of CCS > 45 MPa and FS > 8 MPa
(Tables 5), 94.5% of the 163 industrial batches fall into high-confidence
or acceptable categories. Scenario analysis on the industrial dataset
combined with Monte Carlo simulation (10,000 draws from the fitted
GMMs) and standard strength—clinker relations (Abram’s law approxi-
mation) shows that this risk-aware lowering of the target strength by
5-7 MPa permits elimination of 12-15% of the current safety-margin
clinker while still achieving > 93% dual-strength compliance. This
directly translates to an estimated 8-10% reduction in CO, emissions
without compromising structural integrity.

Complementing clinker savings, MPCSE also enables ~25% avoid-
ance of batch rejection. At the stricter specification of 50 MPa CCS /
8 MPa FS, 27.6% of batches are borderline (0.30 < Pjyin; < 0.70) and
can be safely rerouted to non-structural applications instead of outright
rejection (Table 4).

In laboratory contexts, the 96.0% FS coverage (1.98MPa width)
supports precise stoichiometric fine-tuning (e.g., SO3 = 2.3% + 0.1%),
while the 92.0% CCS coverage at high-C3S extremes highlight epistemic
gaps for targeted data collection. By explicitly linking interval width to
uncertainty source—aleatoric via task-specific heads and epistemic via
the shared latent space—MPCSE transforms predictive uncertainty into
actionable intelligence, resolving the long-standing trade-off between
stringent quality control and sustainable production.

5.7. SHAP analysis: context-dependent strength drivers

5.7.1. SHAP experimental setup

To identify the dominant physicochemical drivers of compressive
and flexural strength, a SHAP (SHapley Additive exPlanations) analysis
[58] was conducted on the MPCSE framework. This approach enables
feature attribution that respects both task-specific uncertainties and
shared latent dependencies, providing interpretable insights into how
input variables influence joint strength predictions under real-world and
controlled conditions.

The analysis used the KernelExplainer from the shap library, with the
first 50 samples from both datasets selected for explanation. The full
standardized dataset served as the background distribution to approxi-
mate expected model behavior across representative cement formula-
tions. Task-specific distribution parameters (uccs, ppg) Were extracted
through variational inference, and SHAP values were computed for
these mean predictions. To ensure robustness across multi-component
outputs, attributions were aggregated over Gaussian mixture compo-
nents:

— 4)111 + 4)#2 _ ¢Il3 + ¢Il4

s =T 5 s = T —

Table 5

Comparison of average metrics for CCS and FS on the laboratory dataset.
Metric MPCSE S-head Separate
MAE (CCS) 3.755 £ 1.29 3.531 £+ 1.09 3.559 £ 1.11
MAPE (CCS) 0.064 + 0.03 0.069 + 0.02 0.070 £ 0.02
RMSE (CCS) 5.046 + 1.81 4.577 + 1.32 4.647 + 1.60
R? (CCS) -0.500 + 0.45 -0.293 + 0.40 -0.296 £ 0.40
MAE (FS) 0.342 £ 0.11 0.375 £ 0.07 0.386 £ 0.12
MAPE (FS) 0.043 + 0.01 0.047 £+ 0.01 0.049 + 0.02
RMSE (FS) 0.446 + 0.14 0.454 + 0.09 0.490 £ 0.16
R? (FS) -0.109 + 0.21 -0.226 + 0.36 -0.366 £ 0.54
NLL (CCS) 1.532 + 0.31 1.419 + 0.23 1.602 + 0.32
NLL (FS) 1.371 + 0.30 1.401 + 0.14 1.655 + 0.31

Note: S-head = Single-head; Separate = Separate Modeling. Best results are
highlighted in bold. Errors represent one standard deviation.
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Table 6

Borderline batch analysis at CCS > 50 MPa and FS > 8 MPa thresholds.
Risk Category Number of Batches Percentage
High-confidence (Pjoinc > 0.95) 16 9.8%
Acceptable (0.70 < Pjoine < 0.95) 58 35.6%
Borderline (0.30 < Py, < 0.70) 45 27.6%
High-risk (Pjoin < 0.30) 44 27.0%
Total 163 100.0%

Note: Pjoint = P(CCS > 50 MPa FS N > 8 MPa). Borderline batches (highlighted)
are candidates for rerouting to non-structural applications, enabling a potential
~25% reduction in batch rejection.

Table 7
Clinker-reduction scenario analysis at moderate performance thresholds (CCS >
45 MPa and FS > 8 MPa).

Risk Category Number of Batches Percentage
High-confidence (Pjin; > 0.95) 108 66.3%
Acceptable (0.70 < Pjyin; < 0.95) 46 28.2%
Borderline (0.30 < Pjine < 0.70) 8 4.9%
High-risk (Pjine < 0.30) 1 0.6%

Total 163 100.0%

Note: Pjoine = P(CCS > 45 MPaNFS > 8 MPa). At this moderate threshold
enabled by MPCSE’s calibrated uncertainty, 94.5% of batches (high-confidence
+ acceptable) achieve dual compliance, allowing a 12-15% clinker reduction
compared with current overdesign practices while maintaining > 93% overall
compliance.

where ¢, denotes SHAP values for each Gaussian parameter in the
respective GMM head. Absolute mean SHAP values were then computed
across all samples to rank feature importance, enabling us to distinguish
between granulometric dominance in industrial settings and
stoichiometry-driven control in laboratory environments.

5.7.2. Industrial dataset: granulometry and process dominance

In real-world cement production, granulometric features emerge as
the primary determinants of mechanical performance, particularly
under operational variability such as inconsistent curing and clinker
phase fluctuations. As shown in Fig. 11, the uniformity index is the most
influential factor, with mean SHAP values of 0.032 for CCS (Fig. 11(a))
and 0.029 for FS (Fig. 11(b)). Optimized particle packing at uniformity
index > 0.90 enhances CCS by 5.2MPa—a result consistent with Stovall
& de Larrard’s (1986) [59] void-reduction model, which links narrow
particle size distributions (PSD) to reduced porosity and improved ma-
trix density. Ultrafine particles (< 65 pm fraction) exhibit divergent
effects: beneficial for CCS (+0.011) due to accelerated hydration ki-
netics, but detrimental to FS (-0.014) by increasing brit-
tleness—validating Tsivilis et al.’s [60] concept of the “brittleness
trade-off.” This reflects the conflict between early-age densification and
long-term crack resistance.

Process parameters further modulate predictive behavior: elevated
shading (> 28%) correlates with microstructural degradation in FS
(SHAP = -0.007), consistent with Pellenq et al.’s [61] nanoscale inter-
facial transition zone (ITZ) simulations, while illuminance > 800 lux
improves particle dispersion, reducing agglomeration and enhancing FS
reliability (SHAP = +0.012). These findings confirm that industrial
strength outcomes are governed not only by composition but also by
grinding quality, handling conditions, and environmental exposur-
e—necessitating models that account for process-induced heterogeneity.

5.7.3. Laboratory dataset: chemical composition as primary driver
In controlled laboratory conditions, chemical stoichiometry domi-
nates strength development, accounting for over 70% of variance in
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both CCS and FS. In Fig. 12, C3S (mean = 60.42% + 5.89%) exerts the
strongest influence on CCS (mean |SHAP| = 0.058), where high-alite
formulations (> 65%) yield 8.3 MPa increases through accelerated
C-S-H nucleation—corroborating Taylor’s hydraulic activity hierarchy.
However, excessive C3S (> 68%) shows diminishing returns, reflecting
instability in C-S-H gel stoichiometry and increased microcracking risk.

As shown in Fig. 12(b) for FS, C;S (mean = 15.41% + 5.53%)
demonstrates synergistic enhancement when combined with specific
surface area (SSA) > 355m? /kg (SHAP = +0.028), supporting Scrivener
and Kirkpatrick’s [62] “strength duality” concept—where belite con-
tributes to late-stage matrix reinforcement and fracture toughness.

Crucially, sulfate balance plays a pivotal role: SO3 content centered
at 2.21% + 0.10% achieves optimal ettringite stability, with deviations
of £0.1% reducing CCS by 1.4MPa—consistent with Lothenbach et al.’s
[63] sulfate-balance principle. Alkalis (Na,O® = 0.67% + 0.16%)
disproportionately affect FS (SHAP = -0.031), confirming Rajabipour
et al.’s [64] mechanism of alkali-silica reaction (ASR)-induced micro-
cracking under moisture-rich environments—a key degradation
pathway in durable concrete systems.

5.7.4. Comparative analysis: mechanistic divergence between industrial and
laboratory settings

The SHAP analysis reveals a fundamental mechanistic divergence
between industrial and laboratory contexts, directly explaining the stark
difference in CCS-FS correlation: ry,q = 0.101 vs. rj,, = 0.945. In in-
dustrial production, granulometric variability—such as PSD heteroge-
neity and grinding inconsistencies—dominates strength outcomes,
obscuring underlying chemical dependencies and decoupling CCS and
FS. Conversely, laboratory conditions minimize physical noise, isolating
stoichiometric effects and enabling strong inter-property coupling.

Crucially, alkali sensitivity differs across contexts: industrial batches
exhibit amplified FS degradation under high Na,0®! (SHAP =-0.031 vs.
lab: —0.021), highlighting environment-modulated ASR risks. Similarly,
the dominance of < 70 pm fraction in industry data (mean = 99.35% +
0.29%, |SHAP| = 0.032) contrasts with the C3S-driven patterns seen in
the lab, underscoring how scale-specific constraints reshape strength
determinants.

These insights validate established cement principles while resolving
apparent contradictions in strength modeling. By identifying context-
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dominant drivers—particle packing efficiency in industry and phase
stoichiometry in lab—the framework enables targeted formulation
strategies that adapt to scale-specific constraints. It supports a paradigm
shift toward process-aware modeling: industrial models prioritize
granulometric stability and resilience, while laboratory models refine
chemical optimization, ultimately bridging the gap between R&D pre-
cision and real-world robustness—directly supporting sustainable
cement production through risk-informed, resource-efficient quality
control.

5.8. Discussion

This study advances cement science by reframing the compressi-
ve-flexural strength trade-off—not as an irreconcilable conflict, but as a
manageable consequence of process-induced heterogeneity that can be
quantified, decomposed, and transformed into actionable control stra-
tegies. The integration of probabilistic modeling with physicochemical
interpretation uncovers three fundamental insights that challenge con-
ventional assumptions in cement formulation and open new pathways
for sustainable production.

First, the analysis demonstrates that the apparent “strength inter-
play”—the weak correlation between CCS and FS in industrial settings
(r = 0.101) versus strong coupling in laboratories (r = 0.945)—is not
inherent to hydration chemistry, but emerges from scale-dependent
dominance of granulometric over stoichiometric drivers. In controlled
environments, where material consistency minimizes physical vari-
ability, stoichiometry governs performance: C3S content drives C-S-H
formation, and SO3 balance stabilizes ettringite networks. However, in
real-world production, grinding inconsistencies and particle packing
inefficiencies dominate, decoupling the two properties. This resolves a
long-standing discrepancy in cement literature: formulations optimized
in labs fail in practice, not due to chemical inadequacy, but because
granulometric noise masks underlying stoichiometric relationships.
SHAP analysis reveals this shift explicitly—uniformity index and D50
emerge as primary drivers in industry, while C3S and SO3 dominate in
lab conditions—validating the need for context-aware models that adapt
to production scale.

Second, the analysis establishes that uncertainty is not uniform across
the property space, and its decomposition provides a mechanistic lens
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Fig. 11. SHAP (SHapley Additive exPlanations) summary plots for the joint modeling of CCS and FS on the industry dataset. (a) Top 10 features for CCS predictions:
uniformity index is the most influential (mean |SHAP|=0.032), followed by fine particle fractions and shading. (b) Top 10 features for FS predictions: uniformity
index also dominates (mean |SHAP|=0.029), with illuminance and ultrafine particles showing significant effects. Each point represents a sample, colored by feature

value (red: high, blue: low).
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Fig. 12. SHAP summary plots for the joint modeling of CCS and FS on the laboratory dataset. (a) Top 10 features for CCS predictions: C3S content is the most
influential (mean |[SHAP|=0.058), followed by sulfate balance (SOs) and specific surface area (SSA). (b) Top 10 features for FS predictions: C3S content also
dominates, with synergistic effects from SSA and C,S. Each point represents a sample, colored by feature value (red: high, blue: low).

for process optimization. Aleatoric uncertainty peaks in mid-range
particle fractions (41-52 pm), aligning with Stovall & de Larrard’s
void-reduction model, where suboptimal packing increases porosity and
microcracking susceptibility—particularly detrimental to flexural
strength. This identifies a critical grindability-strength trade-off: finer
grinding enhances reactivity but introduces heterogeneity that degrades
reliability. Conversely, epistemic uncertainty spikes at process extremes
(e.g., shading >36%, ultrafine retention >99.8%), signaling regions
where data scarcity limits predictive confidence. These findings redefine
uncertainty from a statistical artifact into a diagnostic tool for
manufacturing quality—enabling targeted interventions: tighter
grinding control where aleatoric noise dominates, and focused experi-
mentation where model trust is low.

Third, the concept of dual-strength compliance risk is introduced as a
more meaningful metric than deterministic pass/fail criteria. The near-
total collapse of P(CCS > 50MPa N FS > 9MPa) to just 0.38% in indus-
trial settings—compared to 11.2% in laboratory conditions—reveals
that high-performance specifications are not inherently unattainable,
but require risk-aware allocation rather than blanket overdesign. This
challenges the traditional paradigm of increasing clinker content to
compensate for unquantified risks. Instead, the proposed framework
enables precision manufacturing: borderline batches (0.3 < Pjoinc < 0.7)
can be safely rerouted to non-structural applications, reducing batch
rejection rates by ~25% (relative to current rejection volume) and
clinker usage by 12-15%. The latter is achieved by eliminating conser-
vative overdesign—industry typically adds 15-20% excess clinker for
safety, whereas MPCSE achieves 93.7% compliance at nominal clinker
content (Table 1). This shifts quality control from reactive to proactive,
supporting both economic efficiency and CO, reduction.

These insights collectively suggest a new principle in cement systems
design: multi-property robustness arises not from eliminating vari-
ability, but from understanding its sources and managing it strategically.
Future research should explore how this framework can be extended to
other coupled properties (e.g., durability, shrinkage), alternative
binders (e.g., LC3, calcined clays), and dynamic curing conditions.
Moreover, the integration of uncertainty decomposition with digital
twins offers a pathway toward autonomous, self-calibrating cement
plants—where models continuously learn from new data, refine their
epistemic boundaries, and guide closed-loop process control.
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5.8.1. Model limitations and pathways for future improvement

While the Multi-Property Cement Strength Estimator demonstrates
robust performance across industrial and laboratory datasets, several
limitations must be acknowledged to guide future research and
deployment.

First, the model was trained on a single industrial dataset, limiting its
generalizability across different production plants or alternative cement
types such as low-carbon binders (e.g., LC3, calcined clays). Variability
in raw material sources, kiln processes, and grinding circuits introduces
plant-specific signatures that may affect model transferability. To
address this, future work should explore transfer learning or domain
adaptation techniques—enabling MPCSE to adapt to new environments
with minimal retraining. Such capabilities would support broader
adoption in heterogeneous manufacturing ecosystems and accelerate
digitalization across the global cement industry.

Second, the current framework provides static predictions based on
28-day strength, which does not capture time-dependent hydration
behavior under variable curing conditions. In real-world applications,
early-age strength development is critical for formwork removal, precast
demolding, and construction scheduling. Extending MPCSE to time-
resolved modeling—by incorporating temporal dynamics through
recurrent architectures or physics-informed ODE solvers—would
enhance its utility in dynamic settings such as accelerated curing, cold-
weather concreting, or real-time quality monitoring.

Third, although material composition and granulometric features
were thoroughly modeled, environmental factors such as ambient tem-
perature and relative humidity—known to significantly influence hy-
dration kinetics and microstructure evolution—were excluded from the
input space. These variables play a crucial role in field-cast concrete,
where diurnal cycles and seasonal variations affect final strength out-
comes. Incorporating them into the feature set could improve predictive
fidelity under real-world exposure conditions and enable site-specific
formulation adjustments.

Looking ahead, several promising pathways emerge for extending
the framework:

e Hybrid physics-informed neural networks: Integrating thermodynamic
constraints (e.g., phase equilibria, sulfate balance limits) with GMM-
based uncertainty quantification can bridge data-driven predictions



M. Islam et al.

and mechanistic understanding, enhancing model interpretability
and physical consistency.

e Reinforcement learning for adaptive formulation: Developing RL mod-
ules that optimize mix designs under uncertainty could enable
autonomous, risk-aware batching—balancing performance, cost,
and sustainability objectives in real time.

e Integration with curing control systems: Coupling MPCSE with real-time
sensors (temperature, humidity, maturity) offers potential for in-situ
strength estimation and feedback-driven process improvement:
moving toward closed-loop, self-calibrating production systems.

These extensions would position MPCSE not only as a predictive tool,
but as a foundational component of next-generation digital twins for
sustainable cement manufacturing—where models continuously learn,
refine uncertainty boundaries, and guide intelligent decision-making
across R&D, production and application scales.

6. Conclusion

This work resolves a long-standing challenge in cement science—not
by accepting the compressive—flexural “strength trade-off’ as an
intrinsic conflict, but by revealing it as an emergent consequence of
context-dependent responses to shared formulation and process vari-
ables. The proposed Multi-Property Cement Strength Estimator (MPCSE)
demonstrates that compressive and flexural strength are not causally
antagonistic; rather, both properties are jointly governed by common
drivers—such as C3S content, sulfate balance, and particle packing—yet
respond divergently under real-world variability. In controlled labora-
tory settings, where stoichiometry is precise and curing is stable, these
shared drivers produce tightly coupled strength outcomes (Pearson r =
0.945, p < 0.001). However, in industrial production, granulometric
heterogeneity, grinding inconsistencies, and environmental fluctuations
decouple the two properties (Pearson r = 0.101, p < 0.01), creating the
illusion of a fundamental trade-off.

Using multi-head Gaussian Mixture Models with shared latent rep-
resentations, MPCSE achieves statistically significant improvements
over single-property baselines: 7.8% reduction in Mean Absolute Error
for CCS (from 0.936 to 0.863 MPa) and 9.3% reduction for FS (from
0.172 to 0.156 MPa). The framework demonstrates excellent calibra-
tion, with 95% confidence intervals achieving 96.3% coverage for CCS
and 95.7% coverage for FS on industrial data—exceeding the nominal
95% target while maintaining tight interval widths (5.29 MPa for CCS,
0.85 MPa for FS). Critically, MPCSE introduces the dual-strength
compliance probability P(CCS > cmin NFS > fmin), revealing that
simultaneous compliance at high-performance thresholds (50 MPa CCS
/ 9 MPa FS) falls to just 0.38% in industrial settings—compared to
11.2% under controlled laboratory conditions—quantitatively explain-
ing why 15-20% of production batches are rejected despite meeting
individual strength requirements.

SHAP analysis uncovers a fundamental mechanistic divergence:
granulometry dominates in industrial production, with uniformity index
(SHAP = 0.032) and 36-52 pm particle fraction (FS aleatoric variance
1.80-1.99) emerging as primary control points, while stoichiometry
governs laboratory performance, with C3S (SHAP = 0.058) and SOs3
balance (optimal range 2.2-2.4%) as key drivers. This quantification
enables context-aware process optimization: tightening the 36-52 pm
particle fraction reduces FS variability by 15%, while maintaining SO3 at
2.3+ 0.1% stabilizes ettringite networks and improves FS reliability
without compromising CCS targets.

By transforming predictive uncertainty into actionable intelligence,
MPCSE directly supports sustainable cement production with three
quantitatively validated outcomes: (i) 12-15% reduction in clinker
usage through risk-aware formulation (maintaining 93.7% joint
compliance at moderate thresholds of 45 MPa CCS / 8 MPa FS); (ii)
27.6% reduction in batch rejection rates via intelligent rerouting of
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borderline batches (0.7 < P < 0.95) to non-structural applications; and
(iii) corresponding 8-10% decrease in CO; emissions per tonne of
cement produced, without compromising structural integrity.

Looking ahead, MPCSE establishes a foundation for next-generation
cement informatics that unifies materials science with probabilistic
machine learning. Future work will extend this framework to time-
resolved strength prediction (capturing early-age development at 1, 3,
7, and 28 days), integration with real-time curing sensors (temperature,
humidity, maturity), and hybrid architectures that embed thermody-
namic constraints into uncertainty-aware neural networks. As the in-
dustry advances toward low-carbon binders (e.g., LC3, calcined clays)
and digital quality assurance, uncertainty-aware joint modeling offers a
robust, interpretable foundation for next-generation cement design-
—transforming predictive uncertainty into actionable intelligence for
precision manufacturing.
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