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1 INTRODUCTION
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This study combines an experimental lightweight-concrete program with a small-sample machine-learning
benchmark. Eleven mixtures were produced by replacing normal-weight fine and coarse aggregates with
expanded clay at volumetric ratios from 0 to 100%. Density and compressive strength were measured at 7,
14, and 28 days. Under the adopted requirement of 28-day strength not lower than 40 MPa, the mixture
containing 60% lightweight and 40% normal-weight aggregate provided the lowest measured density (1925
kg/m?) while retaining 42.7 MPa compressive strength. Python-based degree-2 polynomial models were fitted
to the 11 series averages and compared by leave-one-out cross-validation (LOOCV) with Random Forest,
XGBoost, and a compact multilayer perceptron. The polynomial model achieved the best LOOCV density
performance (R? = 0.9883; RMSE = 31.33 kg/m?®) and remained competitive for strength (R?=0.9700; RMSE
= 0.91 MPa), whereas the MLP produced the best strength score. The results support an interpretable
polynomial model for preliminary screening of this small, single-factor dataset, while broader predictive
claims require larger multi-factor data.

experimental interpretation of  reinforced
members [9]. More broadly, computational modeling

Structural lightweight concrete reduces structural
self-weight, but its performance depends strongly on
lightweight-aggregate type, grading, moisture
condition, and replacement ratio. Studies using
expanded clay and other porous aggregates show a
recurring  density-strength  trade-off: moderate
replacement can reduce unit weight while retaining
structural performance, whereas excessive porosity or
aggregate replacement can cause substantial strength
loss [1]-[6].

Experimental optimization remains essential, but
computational analysis can make mixture screening
more systematic. Lightweight-concrete response has
been examined through numerical structural
models [7], dispersion-based theoretical assessment
of concrete properties [8], and combined analytical-
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can transform measured operational variables into
quantitative engineering indicators [10], while data-
driven workflows can convert heterogeneous
observations into  structured decision-support
priorities [11]. Neural networks and other machine-
learning methods have also been applied to concrete-
strength  prediction and lightweight-concrete
composition design [12]-[16]. These studies show
that computational model value depends on dataset
size, input dimensionality, and the validation
protocol.

The present dataset is intentionally small and
structured: eleven mixture series vary only the total
lightweight-aggregate replacement ratio, whereas the
water-to-cement ratio and superplasticizer dosage
remain constant. In this setting, a flexible black-box
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model may overfit and may perform poorly when a
left-out endpoint must be predicted. A transparent
benchmark is therefore needed to determine whether
a low-degree polynomial is sufficient or whether
Random Forest, XGBoost, or a neural network
provides better leave-one-out generalization.

This study experimentally evaluates density and
compressive strength of expanded-clay concrete
produced under hot and dry conditions in Uzbekistan
and identifies a strength-constrained mixture. A
reproducible Python workflow then fits degree-2
polynomial models and benchmarks them against
three machine-learning regressors using LOOCV.
The contribution is a combined experimental and
computational procedure for preliminary mix
screening, with fitted-data and cross-validated
metrics reported separately.

2 MATERIALS AND METHODS

2.1 Materials

An experimental program was conducted to evaluate
structural lightweight concrete under the hot and dry
climatic conditions of Uzbekistan. The reference
mixture was designed for concrete class B30 and used
a combination of normal-weight and expanded-clay
aggregates.

Figure 1: The process of determining the strength of
expanded clay using standard cylinders.

PS450K32.5 Portland cement from
Namangantsement was used as the binder. River-
gravel sand from the Uychi district served as the
normal-weight fine aggregate, and granite gravel with
a density of 2665 kg/m?® and a particle size of 5-20
mm served as the conventional coarse aggregate.
Expanded clay produced by Junior Business-Trade
LLC was used as the lightweight aggregate. Figure 1
illustrates aggregate-strength testing, and Table 1
summarizes the measured properties of the expanded-
clay fractions.
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Table 1: Main characteristics of lightweight aggregates.

Values by particle size,
No Properties Unit mm
5-10 | 10-20 5-20
1 | Bulk density | kg/m® | 880 720 730
Compressive
o | strengthof |y, 16 | 23 | 24
cylindrical
specimens
3 | Water % | 14| 17 16
absorption
4 Erost cycles | 25 25 25
resistance

The reference B30 mixture composition is given
in Table 2.

Table 2: Material for 1 m? of concrete mix.

Material Quantity
Cement (kg) 440
Fine aggregate (kg) 1072
Coarse aggregate (kg) 800
Water (kg) 169

2.2 Experimental Program and
Specimen Preparation

Expanded clay was pre-soaked for 24 h and brought
to a saturated-surface-dry condition before batching
to limit unintended changes in effective water content
and workability.

Initial trials replaced only the conventional coarse
aggregate. As shown in Figure 2, this approach did
not reduce concrete density sufficiently; therefore, the
second experimental stage replaced both fine and
coarse normal-weight aggregates with expanded clay.

Eleven mixtures with total lightweight-aggregate
replacement ratios from 0 to 100% were then
prepared. The replacement schedule, constant w/c
ratio of 0.38, and number of specimens per age are
given in Table 3.

A universal superplasticizer was added at 1% of
cement mass. Specimens were cured at 20 = 2°C and
approximately 95% relative humidity. Three 100 X
100 x 100 mm cubes from each series were tested at
7, 14, and 28 days.

Figure 3 shows the prepared cube specimens and
molds.

Compressive-strength testing followed GOST
10180-2012 [17]. Specimen dimensions and mass
were recorded before loading, and cubes were
centered on the compression-machine platen. Load
was increased continuously to failure at 0.3-0.5
MPa/s (Fig. 4).
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Figure 2: Bulk density of concrete.

Table 3: Mix design of lightweight and normal-weight aggregates.

Mix ID Lightweight, agg. (%) Normal weight agg. (%) w/c Number of specimens per age
H-1 0 100 0.38 3
L+H-2 10 90 0.38 3
L+H-3 20 80 0.38 3
L+H-4 30 70 0.38 3
L+H-5 40 60 0.38 3
L+H-6 50 50 0.38 3
L+H-7 60 40 0.38 3
L+H-8 70 30 0.38 3
L+H-9 80 20 0.38 3
L+H-10 90 10 0.38 3
L-1 100 0 0.38 3

Figure 3: Prepared cube specimens and molds.

e
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Figure 4: Compression testing process of cube specimens.
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2.3 Computational Analysis and
Predictive Modeling

The computational analysis used the 11 series
averages reported in Table 4. The sole varying input
was the total lightweight-aggregate replacement ratio
(%); w/c = 0.38 and superplasticizer dosage = 1%
were constant. Targets were hardened density and 28-
day compressive strength. Degree-2 and degree-3
polynomial regressions were evaluated, and R?, root
mean squared error (RMSE), and mean absolute
percentage error (MAPE) were calculated.

Generalization was estimated by leave-one-out
cross-validation (LOOCV): each mixture series was
withheld once, the model was fitted to the remaining
ten series, and the withheld response was predicted.
Polynomial degree was selected from {2, 3} by
LOOCYV, retaining degree 2. The full-data degree-2
fit was used only to describe trends and generate
Figures 5 and 6; LOOCV metrics in Table 5 were
used for model comparison.

Three additional regressors were benchmarked
under the same LOOCV protocol: Random
Forest [18], XGBoost [19], and an 88 multilayer
perceptron. Random Forest used 100 trees; XGBoost
used 100 boosting rounds with learning rate 0.1; and
the MLP used the L-BFGS solver on standardized
inputs and targets. Random Forest and MLP results
were averaged over ten random seeds. Computations
were implemented in Python with scikit-learn [20]
and XGBoost [19].

3 RESULTS AND DISCUSSION

Table 4 summarizes the measured density and
compressive strength of the 11 mixture series. At 7

days, compressive strength reached approximately
64-66% of the 28-day value for most mixtures; at 14
days, most mixtures reached approximately 90-98%.

The expanded-clay aggregate properties were
assessed against  structural-lightweight-concrete
criteria in ACI 213R [21] and ASTM C330/
C330M [22]. The measured bulk densities in Table 1
are consistent with lightweight-aggregate
classification for the investigated fractions.

Mixture screening minimized density subject to a
28-day compressive-strength constraint of at least 40
MPa. Among the measured series, L+H-7 (60%
lightweight and 40% normal-weight aggregate)
provided the lowest density satisfying this constraint:
1925 kg/m? at 42.7 MPa. The polynomial model was
used as an interpretable trend model rather than as a
substitute for the experimental constraint check.

The degree-2 polynomial models were fitted
directly to the 11 series averages in Table 4. For 28-
day compressive strength, the fitted model achieved
R?=0.9885, RMSE = 0.56 MPa, and MAPE = 1.27%.
For density, the corresponding values were R?
0.9943, RMSE = 21.83 kg/m?, and MAPE = 0.87%.
These are in-sample fit metrics; generalization is
assessed separately by LOOCYV in Table 5.

The degree-2 polynomial fit for
compressive strength is shown in Figure 5.

For mixture L+H-7 at a 60% lightweight-
aggregate replacement ratio, the degree-2 polynomial
models predicted a 28-day compressive strength of
4221 MPa and a density of 1962.10 kg/m*. The
corresponding experimental values were 42.7 MPa
and 1925 kg/m?, respectively. Thus, the fitted model
underestimated compressive strength by 0.49 MPa
and overestimated density by 37.10 kg/m®.

The degree-2 polynomial fit for concrete density
is shown in Figure 6.

28-day

Table 4: Measured density and compressive strength of cube specimens.

No Mixture Density, ke/m? Compressive strength, (MPa)
7 days 14 days 28 days

1 H-1 2515 31.8 472 49.23
2 L+H-2 2461 314 46.3 47.5
3 L+H-3 2335 31.0 44.7 46.9
4 L+H-4 2258 30.6 44.1 46.4
5 L+H-5 2123 304 434 45.8
6 L+H-6 2092 29.0 424 44.5
7 L+H-7 1925 27.2 39.3 42.7
8 L+H-8 1861 26.25 36.3 40.38
9 L+H-9 1798 2447 334 37.07
10 L+H-10 1702 22.94 313 34.76
11 L-1 1632 21.85 29.8 33.1
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Figure 6: Degree-2 polynomial fit

for density and the L+H-7 fitted value.

Table 5: LOOCV benchmark of polynomial and machine-learning regressors (RMSE in target units; stochastic models
averaged over ten seeds).

Target Model R2 RMSE MAPE, %
Polynomial (deg. 2) 0.9883 31.33 1.24
Density, kg/m? Random Forest 0.9343 74.32 3.19
’ XGBoost 0.8949 94.01 4.24
MLP (8%8) 0.9775 43.13 1.73
Polynomial (deg. 2) 0.9700 0.91 1.94
Strength, Random Forest 0.9272 1.41 2.89
MPa XGBoost 0.8790 1.82 4.04
MLP (8x8) 0.9826 0.66 1.27

The fitted curves reproduce the observed trends
closely within the 11 investigated series and provide
a compact description of the replacement-ratio effect.
Broader predictive applicability is not inferred from
these fitted-data metrics; the LOOCV benchmark in
Table 5 is used for generalization comparison.

Table 5 compares the degree-2 polynomial with
Random Forest, XGBoost, and the MLP under the
common LOOCYV protocol.

For density, the degree-2 polynomial achieved the
best LOOCV result (R*? = 0.9883; RMSE = 31.33
kg/m?), followed by the MLP (R?=0.9775; RMSE =
43.13 kg/m®). For 28-day strength, the MLP
performed best (R? = 0.9826; RMSE = 0.66 MPa),
while the polynomial remained competitive (R* =
0.9700; RMSE = 0.91 MPa). Random Forest and
XGBoost ranked lower for both targets.

The result is consistent with the structure of this
dataset: one varying factor, eleven ordered series, and
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smooth monotone responses. Tree ensembles cannot
extrapolate beyond observed response levels at
withheld endpoints, whereas a low-degree
polynomial represents the dominant trend with few
parameters and remains interpretable for strength-
constrained screening. On larger multi-factor
concrete datasets, ensemble and neural models can
become more advantageous [23], [24].

4 CONCLUSIONS

The experimental program showed that replacing
only coarse aggregate with expanded clay did not
provide the required density reduction. Combined
replacement of fine and coarse aggregates was more
effective, while 24 h pre-soaking helped control
aggregate moisture before batching.

Among the 11 mixtures, L+H-7 with 60%
lightweight and 40% normal-weight aggregate
provided the best measured balance under the adopted
constraint of 28-day compressive strength > 40 MPa,
achieving 1925 kg/m* and 42.7 MPa.

Degree-2 polynomial regression provided an
interpretable description of the experimental trend.
Full-data fits yielded R* = 0.9885 for strength and
0.9943 for density, while LOOCV showed the
polynomial to be best for density and competitive
with the MLP for strength. These results support
polynomial regression as a preliminary screening
model for this small, single-factor dataset; larger
multi-factor datasets are required for broader
predictive optimization.
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