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Abstract

This study investigated sulfoaluminate cement grout intended for water-rich tunnel appli-
cations and developed machine-learning models for predicting its fresh-state properties.
The experimental programme included a 31-mixture base series varying the water-to-binder
ratio, Class F fly ash, steel slag, and polycarboxylate ether (PCE) superplasticizer dosage;
a hydroxyethyl cellulose (HEC)-modified series with a fixed binder composition; and a
static-water turbidity series used to evaluate particle dispersion resistance. Flowability,
setting time, compressive strength, and turbidity were measured. The results showed that
the water-to-binder ratio, fly ash, steel slag, PCE, and HEC affected the balance between
workability, setting behaviour, strength development, and static-water dispersion resis-
tance. Increasing the HEC dosage from 0.004 to 0.006 reduced turbidity by 84.1–94.7%
under static-water conditions, whereas an HEC dosage of 0.007 reduced the 7 and 28 d
compressive strengths by 51.5% and 40.7%, respectively. Machine-learning models trained
on the 31-mixture HEC-free dataset provided exploratory predictions of flowability and ini-
tial and final setting times. Extra Trees, support vector regression, and Extra Trees gave the
lowest nested leave-one-out cross-validation (LOOCV) errors for flowability, initial setting
time, and final setting time, with R2 values of 0.819, 0.743, and 0.767, respectively. Shapley
Additive Explanations (SHAP) analysis indicated that the water-to-binder ratio dominated
flowability prediction, whereas fly ash contributed strongly to setting-time prediction. The
results provide complementary experimental and data-driven evidence for comparing
sulfoaluminate cement grout formulations within the investigated composition domain.

Keywords: calcium sulfoaluminate cement; cementitious grout; hydroxyethyl cellulose;
static-water dispersion resistance; fresh-state properties; machine learning

1. Introduction
Water and mud inrush constitute major geological hazards during tunnel construction

in water-rich fractured rock, fault zones, and karst formations. Such events can destabilize
the excavation face, induce ground collapse, interrupt construction, and threaten the safety
of underground structures [1–3]. Grouting is therefore widely used to fill water-bearing
fractures and cavities, reduce formation permeability, and improve the integrity of weak-
ened surrounding rock. In underwater shield tunnelling and karst ground, however, the
injected grout is exposed directly to groundwater before hardening [4]. Hydrodynamic
shear, buoyancy, and dilution may disperse cement particles, reduce grout retention, and
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produce heterogeneous or discontinuous hardened bodies. Grouts intended for these envi-
ronments must consequently combine pumpability and diffusion capacity with controllable
rapid setting, washout resistance, high slurry retention, and sufficient early strength [5].

Conventional Portland-cement suspensions generally cannot satisfy all these require-
ments without modification. Cement-sodium silicate dual-fluid systems are widely used
to achieve rapid gelation, but their setting behaviour can be sensitive to composition and
environmental conditions, while insufficient washout resistance may limit their effective-
ness under flowing water [5]. Anti-washout admixtures provide an alternative route by
increasing the viscosity, water retention, and cohesion of cementitious suspensions [6–9].
Early studies established fluidity, washout loss, residual strength, and slurry retention
as useful indicators for evaluating underwater grout [7,8]. Subsequent research demon-
strated that cellulose derivatives, gums, polyacrylamide, and hydrogel-based admixtures
can improve washout resistance through water sorption, adsorption, particle bridging,
and polymer-network formation [10–12]. Nevertheless, increasing cohesion generally re-
duces flowability, and excessive polymer addition may retard hydration, entrain air, or
reduce hardened strength. Rapid-setting anti-washout grout design therefore involves a
multi-property balance rather than the maximization of viscosity or setting rate alone.

Sulfoaluminate cement (SAC) offers a promising binder for rapid water-blocking
applications because of its rapid hardening, high early strength, and relatively low clinker-
production temperature [13–15]. Its early behaviour is primarily associated with rapid
ye’elimite hydration and ettringite formation, while the subsequent development of the
hydrate assemblage depends on sulfate availability, water content, and supplementary
constituents [16]. Recent studies have consequently investigated SAC-based grouts for
water-bearing and broken rock strata [17,18]. Sha et al. showed that a rapid-hardening
SAC grout could provide favourable diffusion, anti-washout behaviour, early strength,
and reinforcement performance when PCE and cellulose ether were used to regulate its
fresh properties [17]. Industrial mineral additions provide additional opportunities to tailor
SAC-based grouts. Fly ash can influence ettringite formation, particle packing, setting,
and strength development [19], whereas finely ground steel slag has been explored as
a mineral component of composite grouts for underground engineering [20]. However,
mineral replacement may also dilute rapidly reacting clinker phases or introduce particles
with different morphology and reactivity. The combined influence of fly ash and steel slag
on the fresh-state and setting behaviour of rapid-hardening SAC paste therefore requires
systematic investigation.

Chemical admixtures are needed to reconcile the competing requirements of flowa-
bility and underwater stability. PCE improves particle dispersion through electrostatic
repulsion and steric hindrance, whereas cellulose ethers increase water retention and sus-
pension cohesion [21–26]. The effectiveness of their combination depends on adsorption,
compatibility with early hydration products, polymer chemistry, and dosage [25,26]. Stud-
ies of SAC-based materials have shown that HEC and related cellulose ethers can alter
water distribution, setting behaviour, and early hydration [23,24]. However, increased
water retention does not necessarily indicate adequate underwater stability, and the dosage
required to reduce particle dispersion may adversely affect flowability or strength. Tur-
bidity provides a direct indication of the release of fine cementitious particles into the
surrounding water and can therefore complement conventional flow, setting, and strength
measurements [6,7]. Comparatively few studies have evaluated these properties together
in an SAC paste containing fly ash, steel slag, PCE, and HEC. In particular, the combined
influence of water content and HEC dosage on cementitious-particle dispersion under
static-water conditions remains insufficiently quantified. Increasing water content may
improve pumpability but may simultaneously reduce paste cohesion and increase particle
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release. This limits the formulation of mixtures that can remain pumpable while rapidly
developing resistance to underwater dispersion.

The simultaneous variation of binder composition, water content, and chemical ad-
mixtures creates a multidimensional mixture-design problem. In addition, cementitious-
material properties may be affected not only by nominal mixture proportions but also
by material-source and batch variability. For example, Vasconcellos et al. showed that
aggregate batch significantly influenced the elastic modulus of concrete and proposed
characteristic values 6–11% lower than the corresponding mean values [27]. Conventional
trial-and-error testing can identify controlled trends but becomes inefficient when several
mixture variables and performance targets are considered concurrently. Machine-learning
methods have increasingly been used to predict the properties of concrete, mortar, and
cementitious grout from mixture composition [28–33]. Liu et al. combined laboratory
testing and machine learning to predict multiple properties of cement-based grouting
materials and subsequently identify potential proportions [29]. Other studies have ap-
plied data-driven methods to cement-grout proportioning, multi-objective concrete design,
and adaptive experimental selection [30–33]. Nevertheless, model performance can be
overestimated when hyperparameter selection and performance evaluation use the same
cross-validation information [34]. Moreover, point-prediction accuracy alone does not
explain how mixture variables influence model outputs or communicate the uncertainty
associated with predictions. SHAP provides model-based attribution of predictions to
input variables [35], while distribution-free procedures such as Jackknife+ can provide
prediction intervals for new observations [36]. These techniques are particularly relevant
to small experimental datasets, provided that validation, interpretation, and applicability
limits are reported cautiously.

Therefore, this study investigated the effects of the water-to-binder ratio, Class F fly
ash, steel slag, PCE, and HEC on the flowability, setting behaviour, compressive strength,
and static-water dispersion resistance of SAC paste. This study addresses this gap by ex-
amining how mineral additions, water content, and admixtures jointly affect the fresh-state
behaviour and static-water dispersion resistance of SAC grout. In addition, a small-dataset
machine-learning analysis was used as a complementary tool to predict flowability and
setting time for the HEC-free mixtures and to evaluate the uncertainty of these predic-
tions. The experimental component comprised a 31-mixture HEC-free base series, an HEC
performance series based on a fixed reference binder, and a water-to-binder-ratio-HEC
turbidity matrix. In a complementary data-driven component, the 31-mixture base dataset
was used to predict flowability and initial and final setting times. Candidate algorithms
were compared through nested cross-validation, out-of-fold SHAP values were used for
model interpretation, and Jackknife+ intervals were used to illustrate prediction uncertainty.
The machine-learning analysis was restricted to the HEC-free base mixtures, whereas the
HEC experiments independently evaluated workability, setting, strength, and static-water
dispersion resistance for the reference binder.

2. Materials and Methods
2.1. Materials

The materials used to prepare the cementitious grout pastes included sulfoaluminate
cement (SAC), Class F fly ash, steel slag powder, a polycarboxylate-based superplasticizer
(PCE), hydroxyethyl cellulose (HEC), and tap water. R-SAC 42.5 sulfoaluminate cement
supplied by Jiahua Special Cement Co., Ltd. (Leshan, China) was used as the primary
binder. Class F fly ash and 200-mesh steel slag powder were used as supplementary
solid constituents and partially replaced the SAC by mass. PCE was used to regulate

https://doi.org/10.3390/constrmater6050071

https://doi.org/10.3390/constrmater6050071


Constr. Mater. 2026, 6, 71 4 of 22

the flowability of the fresh paste, while HEC was used as a viscosity-modifying and
anti-dispersion admixture. Tap water was used for all mixtures.

2.2. Mixture Proportions and Preparation

The mixture series and test programme are summarized in Table 1, the detailed mixture
can be seen in Appendix A. The SAC, Class F fly ash, 200-mesh steel slag powder, and
HEC, when used, were dry-mixed according to the designed proportions. Fly ash, steel
slag, and HEC dosages were expressed relative to the total binder mass. Tap water and
PCE were subsequently added. The pastes were mixed at low speed for 60 s and high
speed for 30 s, followed by a 90 s pause for scraping the blade and bowl, and a final 60 s of
high-speed mixing.

Table 1. Summary of experimental series and test programme.

Experimental Series Number w/b FA Steel Slag PCE (mL) HEC Tests

Water-to-binder-ratio
series 4 0.40–0.80 0 0 0 0 F, S

Fly-ash series 5 0.5 0.10–0.50 0 0 0 F, S

Steel-slag series 5 0.5 0 0.10–0.50 0 0 F, S

Fly-ash–steel-slag series 10 0.5 0.10–0.40 0.10–0.40 0 0 F, S

PCE series 3 0.5 0.2 0.2 1–3 0 F, S

Combined w/b–binder
series 4 0.60, 0.80 0.10, 0.20 0.10, 0.20 0 0 F, S

HEC performance series 8 0.5 0.1 0.1 0 0–0.007 F, S, C

Static-water turbidity
series 12 0.40–0.60 0.1 0.1 0 0.003–0.006 T

Note: FA, steel slag, and HEC are expressed as mass fractions of the total binder. F = flowability;
S = initial and final setting times; C = 7 and 28 d compressive strengths; T = static-water turbidity.

Three experimental series were prepared. The base series comprised 31 HEC-free mix-
tures with varying water-to-binder ratio, fly ash, steel slag, and PCE dosage for flowability
and setting-time tests. The HEC performance series used a fixed water-to-binder ratio of
0.50 and a binder containing 80% SAC, 10% fly ash, and 10% steel slag; the HEC dosage
ranged from 0 to 0.007 for evaluating flowability, setting time, and 7 and 28 d compressive
strengths. The turbidity series used the same binder composition with water-to-binder
ratios of 0.40–0.60 and HEC dosages of 0.003–0.006. Flowability, setting time, and turbidity
were measured using three independently prepared fresh-paste specimens for each mixture.
For compressive strength, three prisms were prepared for each mixture and curing age and
then fractured into six half-prisms for testing.

Fresh paste was tested immediately or cast into 40 mm × 40 mm × 160 mm moulds and
vibrated for 120 +/− 5 s for compressive-strength testing. The specimens were demoulded
after 24 h and cured at 20 +/− 1 ◦C and a relative humidity of at least 90%. Results from
repeated tests were reported as mean ± standard deviation.

2.3. Test Methods
2.3.1. Flowability

Fresh-paste flowability was measured according to GB/T 50448-2015 [37]. The moist-
ened truncated-cone mould was filled with paste and lifted vertically to allow free spread-
ing. After spreading ceased, the maximum diameter and its perpendicular diameter were
measured, and their arithmetic mean was taken as the flowability value for that test. For
each mixture, three independently prepared specimens were tested, and the mean value and
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standard deviation of the three flowability results were reported. The test was completed
within 6 min after mixing began.

2.3.2. Setting Time

Initial and final setting times were determined using a Vicat apparatus according to
GB/T 1346-2024 [38], with water addition defined as time zero. The initial setting was
reached when the needle stopped 4 ± 1 mm above the base plate. After the mould was
inverted, final setting was reached when the needle penetrated no more than 0.5 mm and
the annular attachment no longer left a visible impression. Each endpoint was confirmed
by two successive measurements. Three independently prepared specimens were tested
for each mixture, and the mean and standard deviation were reported.

2.3.3. Compression Test

At 7 and 28 d, three 40 mm × 40 mm × 160 mm prisms were first fractured into six
half-prisms. Each half-prism was compressed through a 40 mm × 40 mm loading area
according to GB/T 17671-2021 [39]. Compressive strength was calculated as fc = Fmax/A,
where fc is the compressive strength, Fmax is the maximum load at failure, and A is the
loaded area. The mean of six measurements was reported. If one value differed from the
mean by more than 10%, it was excluded and the remaining five values were averaged.
The result was considered invalid if a second value exceeded this limit or if two or more of
the original six values exceeded it. Strength results were reported to 0.1 MPa.

2.3.4. Static-Water Turbidity Test

Static-water turbidity was measured to evaluate the release of fine cementitious parti-
cles from fresh paste. Approximately 200 mL of freshly mixed paste was loaded into the
grout reservoir and pressure-injected into a container holding 4000 mL of quiescent clean
water. Turbidity was measured using a meter with a range of 0–400 NTU. Three indepen-
dently prepared specimens were tested for each combination, and the mean and standard
deviation were reported. When all readings exceeded 400 NTU, the result was reported as
>400 NTU and treated as right-censored. These observations were excluded from calcula-
tions of numerical means, standard deviations, percentage reductions, and conventional
analysis of variance. Lower turbidity indicated less suspended-particle release under the
specified static-water conditions, rather than complete anti-washout performance.

2.3.5. Statistical Analysis

Results from three independently prepared specimens were expressed as mean ± stan-
dard deviation. Quantifiable turbidity measurements obtained at HEC dosages of 0.004–0.006
were analysed using two-way analysis of variance, with water-to-binder ratio and HEC
dosage treated as fixed factors. Their interaction was also evaluated, and statistical signifi-
cance was defined as p < 0.05. Results exceeding 400 NTU at an HEC dosage of 0.003 were
excluded from the analysis of variance.

3. Results and Discussion
3.1. Flowability

Figure 1 shows the effects of the investigated mixture variables on paste flowability.
The plotted values are the means of three independently prepared specimens, and the
error bars in Figure 1a–e indicate the corresponding standard deviations. Flowability
generally increased with the water-to-binder ratio, fly ash content, and PCE dosage. Steel
slag produced a non-monotonic response, whereas high HEC dosages reduced flowability.
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Figure 1. Effects of mixture variables on grout-paste flowability: (a) water-to-binder ratio; (b) Class F
fly ash content; (c) steel slag content; (d) PCE superplasticizer dosage; (e) HEC dosage; (f) measured
fly-ash-steel-slag combinations. Error bars in panels (a–e) represent the standard deviation of three
independently prepared specimens.

As shown in Figure 1a, the water-to-binder ratio produced the largest overall change.
For the paste without fly ash or steel slag, increasing the water-to-binder ratio from 0.40 to
0.80 increased the flowability from 267.5 to 335.5 mm. At a ratio of 0.80, the investigated
binder compositions produced similar values of 335.5–336.5 mm, indicating that the influ-
ence of binder composition became less evident at high water contents. This behaviour
may be attributed to the greater amount of free water available for particle separation and
lubrication, thereby reducing flow resistance [40,41].
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Increasing the fly ash fraction from 0 to 0.50 increased the flowability from 272.0
to 314.0 mm (Figure 1b). Since particle packing and early hydration were not directly
examined, this improvement can be interpreted from both particle-packing and early-
hydration perspectives based on previous studies. Class F fly ash commonly contains
smooth, approximately spherical particles, which can reduce interparticle friction and
facilitate particle rearrangement during spreading through a ball-bearing effect. In addition,
replacing part of the rapidly hydrating sulfoaluminate cement with fly ash may modify the
early hydration process and reduce early structural build-up during the short flowability
test, thereby preserving more free water for lubrication [42,43].

Steel slag produced a less systematic response (Figure 1c). The flowability varied
between 253.5 and 275.5 mm as the steel slag fraction increased from 0 to 0.50, without a
monotonic trend. Figure 1f further shows that the highest value, 314.0 mm, was obtained
at a fly ash fraction of 0.50 without steel slag, whereas relatively low values occurred in
mixtures containing 0.10 steel slag and low fly ash fractions. Thus, the effect of steel slag
appeared to depend on the accompanying binder composition rather than solely on its re-
placement fraction. Unlike fly ash, steel slag powder may introduce particles with different
surface characteristics, density, and calcium-bearing mineral phases [20]. These charac-
teristics can affect water demand, particle packing, interparticle interactions, and early
hydration behaviour in cementitious pastes [44]. Therefore, the non-monotonic flowability
response observed here is more reasonably interpreted as the result of coupled physical
and early hydration effects among sulfoaluminate cement, fly ash, and steel slag, rather
than a simple replacement-level or dilution effect. Composition-dependent interactions
between steel slag and calcium sulfoaluminate cement have also been reported [44].

As shown in Figure 1d, increasing the PCE dosage from 0 to 3 mL increased the flow
diameter from 276.0 to 313.5 mm. PCE can improve cement-particle dispersion through
steric hindrance and release water retained within particle agglomerates, thereby reducing
flow resistance. The observed trend agrees with previous studies in which PCE increased
the fluidity of calcium sulfoaluminate cement pastes [45,46].

The HEC series was evaluated at a fixed water-to-binder ratio of 0.50 using a binder
containing 80% SAC, 10% fly ash, and 10% steel slag. HEC had little effect at dosages up
to 0.003, with flowability remaining between 283.5 and 287.5 mm (Figure 1e). At higher
dosages, flowability decreased progressively, reaching 221.0 mm at an HEC dosage of 0.007.
This reduction may be attributed to the thickening and water-retention effects of cellulose
ether, which increase liquid-phase viscosity and restrict particle movement [21]. Excessive
HEC should therefore be avoided when adequate grout flowability is required.

3.2. Setting Time

Figure 2 shows the effects of the mixture variables on initial and final setting times.
Fly ash, steel slag, and high HEC dosages generally prolonged setting, whereas the effect
of the water-to-binder ratio depended on binder composition.

As shown in Figure 2a, the initial setting time of the paste without fly ash or steel slag
changed non-monotonically with increasing water-to-binder ratio. It decreased from 15 min
at a water-to-binder ratio of 0.40 to 14 min at 0.60 and then increased to 18 min at 0.80.
Meanwhile, the final setting time increased from 18 to 24 min. For the paste containing 10%
fly ash and 10% steel slag, increasing the water-to-binder ratio from 0.50 to 0.80 extended
the initial and final setting times from 25 and 52 min to 46 and 68 min, respectively.
Higher water content generally increases particle separation and requires more hydration
products to establish a continuous rigid network [47]. Since Vicat setting is determined
from penetration resistance, the measured setting time is also affected by the consistency
and structural build-up of the fresh paste, not only by the rate of hydration. Mixtures
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with higher initial flowability may require a longer time to develop sufficient resistance
to needle penetration, whereas mixtures with lower flowability or faster workability loss
may reach the apparent setting threshold earlier [41]. The contrasting responses of the
unblended and blended pastes suggest that the influence of water content depended on
binder composition and consistency evolution.

 
(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 

 
(f) 

Figure 2. Effects of mixture variables on initial and final setting times: (a) water-to-binder ratio;
(b) Class F fly ash content; (c) steel slag content; (d) HEC dosage; (e) initial-setting heat map; (f) final-
setting heat map.

Fly ash produced the most pronounced retardation among the mineral additions
(Figure 2b). Increasing the fly ash fraction from 0 to 0.50 extended the initial setting time
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from 15 to 60 min and the final setting time from 22 to 98 min. For SAC pastes, setting is
closely related to early ye’elimite hydration and the rapid formation of ettringite-bearing
products. Replacing SAC with Class F fly ash reduces the proportion of rapidly reacting
clinker phases and introduces a supplementary component with lower early reactivity. This
can slow the accumulation and interconnection of early hydration products required to form
a rigid skeleton, thereby extending both initial and final setting times [16,19]. However,
the influence of fly ash depends on sulfate availability and binder composition. Ioannou
et al. reported that fly ash shortened the final setting time in a calcium sulfoaluminate-
calcium sulfate system containing anhydrite [16], indicating that this effect should not be
generalized beyond the investigated mixture system.

Steel slag also generally prolonged setting but produced a less regular response
(Figure 2c). Increasing the steel slag fraction from 0 to 0.50 extended the initial setting
time from 15 to 35 min and the final setting time from 22 to 78 min. The final setting time
decreased slightly from 43 min at a steel slag fraction of 0.10 to 41 min at 0.20, indicating a
non-monotonic response at low replacement levels. This response may reflect the combined
influence of SAC dilution, the lower early reactivity of steel slag, and the contribution
of calcium-bearing phases in steel slag to the evolving hydration environment [44,48].
Therefore, the setting response of steel-slag-containing SAC paste should be interpreted as
composition-dependent rather than as a simple replacement-level effect.

The HEC series was evaluated at a fixed water-to-binder ratio of 0.50 using a binder
containing 80% SAC, 10% fly ash, and 10% steel slag. At HEC dosages up to 0.004, the initial
setting time remained between 15 and 17 min, whereas the final setting time increased from
20 to 31 min (Figure 2d). At higher dosages, both setting times increased rapidly, reaching
36 and 68 min at an HEC dosage of 0.007. Since adsorption, pore-solution viscosity,
polymer-network formation, and ion transport were not measured, HEC can modify
setting through several coupled processes, including water sorption, adsorption on cement
particles, increased pore-solution viscosity, and polymer-network formation, as reported
in previous studies. These effects may restrict water and ion transport and can delay the
contact and intergrowth of early hydration products, thereby postponing the formation of
a continuous load-bearing skeleton [23,24]. Thus, HEC had a limited influence on initial
setting at low dosages but caused pronounced retardation at higher dosages.

Figure 2e,f further show that setting time depended on the relative proportions of
fly ash and steel slag rather than only on their total replacement. At a total replacement
fraction of 0.40, the initial/final setting times were 45/74 min for 40% fly ash, 20/40 min
for 20% fly ash—20% steel slag, and 30/60 min for 40% steel slag. The substantially shorter
setting times of the blended mixture indicate that the effects of the two additions were not
simply additive but depended on their relative proportions. This composition-dependent
response is consistent with previous evidence that the influence of fly ash on SAC setting
depends strongly on the binder composition and sulfate environment [16].

3.3. Compressive Strength

Figure 3 shows the effect of HEC dosage on the 7 and 28 d compressive strengths of
the reference mixture with a water-to-binder ratio of 0.50 and a binder containing 80% SAC,
10% fly ash, and 10% steel slag. Both strengths decreased continuously with increasing
HEC dosage. The 7 d compressive strength decreased from 31.3 MPa without HEC to
15.2 MPa at an HEC dosage of 0.007, corresponding to a reduction of 51.5%. Similarly, the
28 d strength decreased from 39.9 to 23.7 MPa, representing a reduction of 40.7%. Although
the 28 d strength remained higher than the corresponding 7 d strength, later-age strength
development did not compensate fully for the adverse effect of HEC.
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Figure 3. Effect of HEC dosage on the 7 and 28 d compressive strength.

Since air content, porosity, and hydration products were not measured, the strength
reduction may be associated with increased air entrainment, higher porosity, and delayed
early hydration as suggested by previous studies. Li et al. [49] reported that HEC reduced
the mechanical strength of calcium sulfoaluminate cement mortar, although its effect
was weaker than that of some other cellulose ethers. Hydroxyethyl methyl cellulose has
also been reported to introduce micron-scale pores and increase the porosity of calcium
sulfoaluminate cement mortar, thereby reducing compressive strength [50]. These findings
are consistent with the present results.

3.4. Static-Water Dispersion Resistance

Figures 4 and 5 show the effects of the water-to-binder ratio and HEC dosage on the
static-water turbidity of mixtures containing 80% SAC, 10% fly ash, and 10% steel slag.
At an HEC dosage of 0.003, all readings exceeded the 400 NTU measurement limit and
were treated as right-censored observations. At HEC dosages of 0.004 and 0.006, turbidity
ranged from 180.3–250.2 NTU to 9.6–39.9 NTU, respectively. Increasing the HEC dosage
from 0.004 to 0.006 reduced turbidity by 94.7%, 93.6%, and 84.1% at water-to-binder ratios
of 0.40, 0.50, and 0.60, respectively.

 
(a) 

 
(b) 

 
(c) 

Figure 4. Effect of HEC dosage on turbidity: (a) HEC dosage at a water-to-binder ratio of 0.40;
(b) HEC dosage at a water-to-binder ratio of 0.50; (c) HEC dosage at a water-to-binder ratio of 0.60.
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Figure 5. Effects of water-to-binder ratio and HEC dosage on static-water turbidity: (a) turbidity
variation with HEC dosage; (b) response heatmap of turbidity across the investigated mixtures.

For the quantifiable data, both the water-to-binder ratio and HEC dosage significantly
affected turbidity, whereas their interaction was not significant. Since viscosity and cohesion
were not measured directly, the reduction in turbidity can be attributed to the viscosity-
enhancing, water-retention, and cohesion-improving effects of HEC as reported in the
literature. After hydration, HEC chains increase the viscosity of the liquid phase and may
form a polymer network within the fresh paste, which may restrict water migration and
reduce the release of fine cementitious particles into the surrounding water [21,25,26,51].
This mechanism is consistent with previous anti-washout grout studies in which turbidity
was used as an indicator of particle dispersion into water [6,7]. The higher turbidity
observed at larger water-to-binder ratios can be explained by the lower solid concentration
and weaker cohesion of the paste, which make fine particles more susceptible to separation
and suspension during water contact. However, turbidity reflects suspended-particle
release rather than total material retention, flowing-water erosion, or underwater hardened
performance. The results should therefore be interpreted as evidence of improved static-
water dispersion resistance rather than complete anti-washout performance.

This improvement was accompanied by reduced workability and strength. In the
companion HEC series with the same binder composition and a water-to-binder ratio
of 0.50, an HEC dosage of 0.006 reduced flowability to 234.5 mm, while the 7 and 28 d
compressive strengths were 16.3 and 23.8 MPa, respectively. HEC dosage should therefore
be selected by balancing static-water dispersion resistance, flowability, setting time, and
compressive strength.

4. Machine-Learning Methods and Results
4.1. Dataset Construction and Preprocessing
4.1.1. Dataset Description

The machine-learning dataset represented mixtures prepared using R-SAC 42.5 sul-
foaluminate cement, Class F fly ash, 200-mesh steel slag powder, PCE, and tap water. Fly
ash and steel slag partially replaced SAC and were expressed as mass fractions of the
total binder.

The dataset comprised 31 HEC-free mixtures in which the water-to-binder ratio, fly
ash content, steel slag content, and PCE dosage were varied. These four parameters were
used as model inputs, while flowability and initial and final setting times were used as
outputs. The HEC performance and static-water turbidity series were not included in model
development. Flowability was calculated as the mean of three independently prepared
flowability tests, while the setting times were calculated from three independently prepared

https://doi.org/10.3390/constrmater6050071

https://doi.org/10.3390/constrmater6050071


Constr. Mater. 2026, 6, 71 12 of 22

replicates. The unrounded mean values were retained for model training and evaluation.
The statistical characteristics of the dataset are summarized in Table 2.

Table 2. Statistical data of the machine-learning dataset.

Type Variable Unit Minimum Maximum Mean

Input Water-to-binder ratio - 0.4 0.8 0.535

Input Fly ash content - 0 0.5 0.152

Input Steel slag content - 0 0.5 0.152

Input PCE dosage mL 0 3.0 0.194

Output Flowability mm 253.5 336.5 288.3

Output Initial setting time min 14 60 28

Output Final setting time min 18 98 50

The water-to-binder ratio ranged from 0.40 to 0.80, the fly ash and steel slag fractions
each ranged from 0 to 0.50, and the PCE dosage ranged from 0 to 3 mL. The measured
flowability ranged from 253.5 to 336.5 mm, while the initial and final setting times ranged
from 14 to 60 min and from 18 to 98 min, respectively.

4.1.2. Data Preprocessing and Nested Validation

Before model development, the dataset was checked for missing and invalid values,
and the inputs and outputs were matched using the mixture identification numbers. No
missing values were identified. Standardization was applied to the scale-sensitive models,
including Ridge, SVR, KNN, and Kernel Ridge:

xstd = (x − µ)/σ

where xstd is the standardized value, and µ and σ are the mean and standard deviation
estimated from the corresponding training data. The SVR target values were also stan-
dardized during model fitting. All scaling parameters were estimated within the relevant
training fold and applied subsequently to the validation or test data, thereby preventing
data leakage. Tree-based models were trained using the original input scales.

Since the dataset contained only 31 mixtures, nested cross-validation was used for
hyperparameter selection and performance evaluation. The validation procedure consisted
of an outer leave-one-out cross-validation loop and an inner five-fold cross-validation
loop. In each outer iteration, one mixture was held out as the test sample, while the re-
maining 30 mixtures formed the outer training set. Within this outer training set, five-fold
cross-validation was used to select the hyperparameter combination that minimized the
validation RMSE. The selected model was then refitted using all 30 outer-training mixtures
and applied once to the held-out mixture. This procedure was repeated 31 times, so that
each mixture was predicted once as an out-of-fold test sample. All preprocessing parame-
ters, including standardization, were estimated only from the corresponding training fold
and then applied to the validation or test sample.

4.2. Machine-Learning Models and Evaluation Methods
4.2.1. Selection of Machine-Learning Models

Seven regression algorithms were evaluated to establish relationships between the mix-
ture variables and measured properties. The models were chosen to provide a deliberately
broad but relatively simple candidate set suitable for a small experimental dataset. Ridge
regression was included as a regularized linear baseline; KNN represented local similarity-
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based prediction; SVR and Kernel Ridge represented kernel-based nonlinear regression;
and Random Forest, Extra Trees, and Gradient Boosting represented tree-ensemble ap-
proaches capable of capturing nonlinear and interaction effects [52–58]. Thus, the selected
methods covered different bias-variance trade-offs without relying on a single pre-assumed
optimal algorithm.

Ridge regression was used as the linear baseline. It applies an L2 penalty to reduce
coefficient instability arising from correlations among input variables [52]. Support vector
regression (SVR) with a radial basis function kernel was used to represent nonlinear
relationships while controlling model complexity through the regularization parameter
C and insensitive-loss parameter ε [53]. K-nearest-neighbour regression estimates an
output from neighbouring observations in the feature space and was included as a local
nonparametric method [54]. Kernel Ridge combines ridge regularization with a kernel
transformation, enabling nonlinear regression in a transformed feature space [55].

Three tree-based ensemble models were also evaluated. Random Forest averages
regression trees constructed using bootstrap samples and randomized feature selection to
reduce prediction variance [56]. Extra Trees introduces additional randomness through
randomly selected split thresholds, thereby increasing diversity among the individual
trees [57]. Gradient Boosting sequentially constructs weak regression trees, with each new
tree fitted to reduce the residual errors of the preceding ensemble [58].

The hyperparameter search spaces are summarized in Table 3. Within each outer
LOOCV training set, hyperparameters were selected separately for each model and pre-
dicted property by minimizing the mean inner-validation RMSE. The same predefined
search spaces were used in every outer iteration. Logarithmically spaced values were
considered for regularization and kernel parameters, while restricted ranges were used for
tree depth and neighbourhood size to limit model complexity given the small dataset. Scale-
sensitive models were fitted using the standardization procedure described in Section 4.1.2,
whereas tree-based models used the original input scales. A random seed of 42 was used
for the stochastic ensemble models to ensure reproducibility.

Table 3. Hyperparameter search space.

Model Hyperparameter Search Space

Ridge α: 0.01, 0.1, 1, 10, 100

SVR C: 1, 10, 100; γ: scale, 0.1, 1; ε: 0.01, 0.1, 0.2

KNN k: 2, 3, 5, 7; weights: uniform/distance; p: 1, 2

Kernel Ridge α: 0.01, 0.1, 1, 10; γ: 0.01, 0.1, 0.5, 1

Random Forest Trees: 300; depth: 2, 4, None; leaf: 1, 2; features: 1.0, sqrt

Extra Trees Trees: 300; depth: 2, 4, None; leaf: 1, 2; features: 1.0, sqrt

Gradient Boosting Estimators: 50, 150; rate: 0.03, 0.1; depth: 1, 2; leaf: 1, 2

4.2.2. Model Evaluation

The predictive performance of each potential algorithm was evaluated using the outer-
loop predictions generated by nested cross-validation. In each outer LOOCV iteration,
hyperparameters for each potential model were selected exclusively within the 30-sample
training set using five-fold cross-validation. The selected configuration was then refitted
using the complete outer training set and applied to the held-out mixture. Thus, the outer
test sample was not involved in standardization, hyperparameter selection, or model fitting.
This procedure avoided the optimistic bias that can arise when the same resampling results
are used for both model selection and performance evaluation [34].
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After completing all 31 outer iterations, the pooled out-of-fold predictions were evalu-
ated using the coefficient of determination (R2), root-mean-square error (RMSE), and mean
absolute error (MAE):

R2 = 1 − ∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − y)2

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)2

MAE =
1
n

n

∑
i=1

|yi − ŷi|

where yi and ŷi are the measured and predicted values, respectively; y is the mean measured
value; and n is the number of samples. A higher R2 indicates better agreement between the
measured and predicted values, whereas lower RMSE and MAE values indicate smaller
prediction errors. RMSE gives greater weight to large deviations, while MAE represents the
average absolute prediction error. The models were compared separately for flowability,
initial setting time, and final setting time. For each output property, the model with the
lowest observed outer-loop RMSE was identified as the apparent best-performing model;
MAE was used as the secondary criterion when necessary. The complete comparison results
are presented in Table 4.

Table 4. Nested-LOOCV performance of the potential models.

Predicted Property Model R2 RMSE MAE

Flowability (mm)

Ridge 0.774 11.608 9.266

SVR 0.785 11.318 9.144

KNN 0.673 13.950 9.081

Kernel Ridge 0.627 14.912 11.056

Random Forest 0.679 13.819 10.866

Extra Trees 0.819 10.397 7.808

Gradient Boosting 0.752 12.148 9.659

Initial setting time (min.)

Ridge 0.247 8.762 7.100

SVR 0.743 5.122 3.706

KNN 0.368 8.028 5.226

Kernel Ridge 0.622 6.208 4.129

Random Forest 0.542 6.833 4.997

Extra Trees 0.718 5.366 3.649

Gradient Boosting 0.481 7.274 5.256

Final setting time (min.)

Ridge 0.270 14.245 11.554

SVR 0.676 9.494 6.958

KNN 0.457 12.279 8.593

Kernel Ridge 0.600 10.547 7.284

Random Forest 0.603 10.510 8.132

Extra Trees 0.767 8.041 5.851

Gradient Boosting 0.595 10.607 8.279
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4.2.3. SHAP-Based Model Interpretation

SHAP was used to quantify the contribution of each input variable to the selected
model predictions [35]. For each outer LOOCV iteration, exact model-agnostic SHAP
values were calculated for the held-out mixture using only the fitted outer-training model.
An Independent masker constructed from the 30 outer-training mixtures was used as
the background distribution, and the held-out mixture was not included in either model
fitting or background construction. Global importance was calculated as the mean absolute
out-of-fold SHAP value across all 31 mixtures. To assess ranking stability, the mixture-level
out-of-fold SHAP values were resampled 10,000 times with replacement using a fixed
random seed. Bootstrap percentile 95% intervals and the probability of each variable
being ranked first were then calculated. SHAP values were interpreted as model-based
attributions rather than causal effects, particularly because the mixture variables were
compositionally constrained.

4.3. Prediction Performance and Model Interpretation
4.3.1. Prediction Performance

Table 5 summarizes the best-performing model for each target property, while Figure 6
compares the corresponding nested-LOOCV predictions with the measured results. Extra
Trees was selected for flowability, SVR for initial setting time, and Extra Trees for final
setting time. These output-specific results identify the algorithms that performed best under
the present validation procedure, but the selected model types do not establish whether
the underlying material responses are linear or governed by specific physical interactions.
Similar output-dependent differences in model performance have been reported in data-
driven concrete studies [28,33,59].

Table 5. Models with the lowest observed outer-loop RMSE for each predicted property.

Predicted Property Model with Lowest Observed RMSE R2 RMSE MAE

Flowability Extra Trees 0.819 10.397 mm 7.808 mm

Initial setting time SVR 0.743 5.122 min 3.706 min

Final setting time Extra Trees 0.767 8.041 min 5.851 min

As shown in Figure 6a, Extra Trees provided the best flowability prediction, with
an R2 of 0.819, an RMSE of 10.397 mm, and an MAE of 7.808 mm. Most predictions
followed the measured trend, although several mixtures in the upper flowability range
were underestimated. The selected model represents the best predictive result under the
specified nested-validation procedure and should not be interpreted as direct evidence of a
particular physical mechanism or functional relationship.

For initial setting time, SVR achieved an R2 of 0.743, an RMSE of 5.122 min, and
an MAE of 3.706 min (Figure 6b). The model reproduced the overall variation in initial
setting time, although deviations remained near the boundaries of the measured range. The
relatively similar performance of SVR and Extra Trees shown in Table 4 also indicates that
the selected algorithm should not be regarded as uniquely superior for this limited dataset.

For final setting time, Extra Trees achieved an R2 of 0.767, an RMSE of 8.041 min, and an
MAE of 5.851 min (Figure 6c). Most intermediate observations were represented reasonably
well, whereas the longest setting times remained underestimated. The contributions of the
individual mixture variables were therefore evaluated separately using out-of-fold SHAP
values rather than inferred from the selected model type.
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(a) (b) 
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Figure 6. Measured and nested-LOOCV-predicted values: (a) flowability predicted using Extra Trees;
(b) initial setting time predicted using SVR; (c) final setting time predicted using Extra Trees.

The predictive accuracy obtained in this study was lower than that reported in some
previous mortar and concrete studies. Baah et al. obtained an R2 of 0.957 for predicting
28 d mortar strength using 113 samples and an XGBoost model [33], whereas Zheng et al.
reported R2 values above 0.97 after hyperparameter optimization and feature selection
using 610 concrete mixtures [53]. These results are not directly comparable because the
predicted properties, dataset sizes, input variables, validation strategies, and model-tuning
procedures differed substantially. Reviews of concrete-property prediction have similarly
emphasized that model performance depends strongly on dataset size, data quality, input
selection, and the investigated material system [27]. Therefore, the results show that
the selected mixture parameters can provide preliminary predictions of flowability and
setting time.

4.3.2. SHAP-Based Interpretation of Mixture Variables

Figure 7 presents the out-of-fold SHAP distributions, while Table 6 summarizes the cor-
responding mean absolute SHAP values. For the Extra Trees flowability model, the water-
to-binder ratio was the dominant input, with a mean absolute SHAP value of 13.805 mm.
Higher water-to-binder ratios produced strongly positive SHAP values, whereas lower
ratios generally produced negative contributions. Fly ash and steel slag had smaller mean
absolute SHAP values of 6.040 and 5.453 mm, respectively. Higher fly ash fractions gen-
erally increased predicted flowability, while high steel slag fractions tended to produce
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negative contributions. These model-based patterns were broadly consistent with the
controlled experimental results in Section 3.1. The water-to-binder ratio was ranked first
in 99.99% of the bootstrap resamples, indicating that its dominant contribution was stable
within the present dataset.

 
(a) (b) 

 
(c) 

Figure 7. Out-of-fold SHAP distributions for the selected models: (a) flowability predicted using Extra
Trees; (b) initial setting time predicted using SVR; (c) final setting time predicted using Extra Trees.

Table 6. Mean absolute out-of-fold SHAP values for the selected prediction models.

Input Variable Flowability (mm) Initial Setting Time (min) Final Setting Time (min)

Water-to-binder ratio 13.805 3.701 3.258

Fly ash content 6.04 3.787 5.902

Steel slag content 5.453 1.867 3.782

For initial setting time, fly ash and the water-to-binder ratio had similar mean absolute
SHAP values of 3.787 and 3.701 min, respectively, followed by steel slag at 1.867 min.
Higher fly ash fractions were generally associated with positive SHAP values and therefore
longer predicted initial setting times. However, fly ash and the water-to-binder ratio were
ranked first in 52.81% and 47.19% of the bootstrap resamples, respectively, indicating
that their relative ranking was not stable. For final setting time, fly ash was the most
influential input, with a mean absolute SHAP value of 5.902 min, followed by steel slag at
3.782 min and the water-to-binder ratio at 3.258 min. Fly ash was ranked first in 92.32%
of the bootstrap resamples, indicating a comparatively stable dominant contribution. The
positive contributions associated with high fly ash and steel slag fractions were consistent
with the experimentally observed setting retardation described in Section 3.2.

4.3.3. Mixture-Property Prediction and Staged Formulation Assessment

To obtain formulation-level predictions, the selected Extra Trees, SVR, and Extra Trees
models for flowability, initial setting time, and final setting time, respectively, were refitted
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using all 31 observations. Prediction uncertainty was quantified using Jackknife+ [36]. For
each target property, 31 leave-one-out models were fitted, and potential predictions were
combined with the corresponding absolute residuals to construct nominal 80%, 90%, and
95% prediction intervals. Unlike global cross-validation metrics, these intervals describe
the uncertainty associated with an individual formulation-level prediction [60].

Figure 8 presents a reconstruction of the reference formulation used in the HEC
performance series, with a water-to-binder ratio of 0.50, fly ash and steel slag fractions of
0.10, and no PCE. The predicted flowability, initial setting time, and final setting time were
254.5 mm, 23 min, and 52 min, respectively. The corresponding nominal 90% Jackknife+
prediction intervals were 224.0–294.3 mm, 9–38 min, and 28–76 min, respectively. Owing to
the limited number of leave-one-out fits, the nominal 90% and 95% intervals corresponded
to the same finite-sample order statistics and therefore coincided. The wider relative
intervals for the setting-time predictions indicate greater uncertainty than that associated
with flowability.

 
(a) (b) 

 
(c) 

Figure 8. Point predictions and nominal Jackknife+ prediction intervals for the reference formulation:
(a) flowability; (b) initial setting time; (c) final setting time.

The models therefore provide a preliminary screening tool for HEC-free base formula-
tions within the investigated composition domain. Point predictions allow formulations
to be compared and ranked according to flowability and setting time, while prediction
intervals communicate the uncertainty of each estimate. The experimental HEC series
complements this model-based screening by evaluating the effects of HEC on workabil-
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ity, setting behaviour, compressive strength, and static-water dispersion resistance of the
reference binder.

5. Conclusions
This study shows that SAC-based grout for water-rich tunnel applications should

be designed by balancing rapid setting, sufficient workability, static-water dispersion
resistance, and mechanical strength, rather than by optimizing any single property. The
following conclusions were drawn:

1. The water-to-binder ratio, fly ash, steel slag, PCE, and HEC jointly controlled the
fresh-state behaviour of the grout. Higher water-to-binder ratio, fly ash content,
and PCE dosage generally improved flowability, whereas excessive HEC reduced
flowability. Fly ash and steel slag generally prolonged setting, but their combined
effects were composition-dependent, indicating that binder replacement should be
selected according to the targeted workability-setting window.

2. HEC was the most effective variable for improving static-water dispersion resistance.
Increasing the HEC dosage from 0.004 to 0.006 reduced turbidity by 84.1–94.7%,
but this benefit was accompanied by reduced flowability and compressive strength.
Therefore, HEC dosage should be treated as a trade-off parameter: sufficient to
suppress particle dispersion, but limited to avoid unacceptable losses in pumpability
and hardened performance.

3. The machine-learning models provided useful preliminary predictions of flowability
and setting time within the investigated HEC-free dataset. Extra Trees, SVR, and
Extra Trees gave the lowest observed outer-loop errors for flowability, initial setting
time, and final setting time, respectively, with R2 values of 0.819, 0.743, and 0.767.
SHAP analysis indicated that the water-to-binder ratio was the dominant input for
flowability prediction, while fly ash was a key input for setting-time prediction.

4. The practical role of the machine-learning component is preliminary comparison of
HEC-free base formulations, not final engineering qualification. Future work should
expand the dataset to include HEC-modified mixtures, compressive strength, and
dispersion-related outputs, and should validate selected formulations using indepen-
dent material batches and dynamic-water washout tests before field application.
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sheet/DV01OSnNzdGdVdGNm?tab=BB08J2 (assessed on 1 September 2026).
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