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A strength prediction model of fly ash-slag-based geopolymer-
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Abstract: Conventional cement-stabilized soft soils are associated with high energy consumption,
substantial carbon emissions, and insufficient early-age performance. Meanwhile, the strength of soft soil
stabilized using fly ash-slag-based geopolymers is governed by multiple interacting factors, which makes
the accurate determination of an optimal mix proportion particularly challenging. To address these issues.,
an improved BP neural network-based prediction framework was developed to enable rapid and reliable

prediction of the strength of geopolymer-stabilized soft soil, as well as the identification of key influencing
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factors. First, based on published experimental data, fourteen critical variables—including precursor
content, oxide composition of fly ash, alkali activator parameters, and physical properties of the soil—
were selected, and a dataset consisting of 178 samples was established. Subsequently, the back
propagation neural network (BPNN) was optimized using particle swarm optimization (PSO) and adaptive
boosting ( AdaBoost), resulting in the development of PSO-BPNN and AdaBoost-BPNN models. The
predictive performance of these models was systematically compared with that of the conventional BPNN,
radial basis function neural network (RBFNN), and random forest (RF) models. Finally, sensitivity
analysis was conducted on the optimal model using the Garson algorithm, The results indicate that both
optimized models exhibit significantly improved prediction accuracy and stability compared with the
conventional models. Among them, the PSO-BPNN model demonstrates superior fitting performance and
generalization capability, enabling more accurate strength prediction of geopolymer-stabilized soft soil
under complex multi-factor conditions. Sensitivity analysis reveals that NaOH concentration, slag
content, and CaO content in fly ash are the dominant factors influencing the strength development of fly
ash-slag-based geopolymer-stabilized soft soil. By simultaneously considering geopolymer compositional
parameters and soil physical properties, the proposed PSO-BPNN model effectively overcomes the
accuracy limitations of traditional prediction approaches and achieves efficient and precise strength
prediction, providing a practical reference for mix proportion optimization in engineering applications.
Key words: fly ash-slag based geopolymer; strength of stabilized soft soil; BP neural network;

prediction model; sensitivity analysis
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