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ABSTRACT

As the world transitions toward carbon neutrality, low-carbon cement alternatives are increasingly important.
Geopolymer cements, synthesized from aluminosilicate precursors activated by alkaline solutions, offer a
promising substitute for oilfield well cementing. However, accurate and interpretable prediction of compressive
strength is essential for safe field deployment. This study develops a white-box, explainable machine learning
model based on a Bayesian regularized neural network (BRNN) to estimate the compressive strength of geo-
polymer cements. The model targets high-performance, eco-friendly alternatives to Ordinary Portland Cement,
particularly for harsh downhole environments. It balances predictive accuracy with interpretability by providing
an explicit mathematical relationship between key parameters—alkaline solution concentration, mole ratio,
liquid-to-fly ash ratio, curing temperature, curing time and compressive strength. This formulation enables rapid
estimation without retraining or computational iteration, supporting practical engineering use. The results ob-
tained shows that the model demonstrated strong predictive capability achieving an R? of 0.9787, MSE of 8.33,
RMSE of 2.86 MPa and MAE of 2.05 MPa. Sensitivity analysis shows curing temperature (r = +0.43), curing time
(r=+0.417), and alkaline concentration (r =+0.411) as dominant positive factors, while mole ratio (—0.374)
and liquid-to-fly ash ratio (—0.295) exhibit negative effects. Trend analysis confirms consistency with established
geopolymerization mechanisms. Leverage analysis indicates that 98.5% of data points fall within the model’s
applicability domain, confirming robustness. Overall, this work demonstrates that transparent, physics-

consistent models can reliably support geopolymer cement optimization and sustainable drilling operations.

1. Introduction

In recent years, oil and gas discoveries have increasingly shifted to-
ward challenging terrains such as ultra deep waters, high-pressure and
high-temperature (HPHT) environments, depleted sands etc. Given the
peculiar nature of these terrains, it is difficult to envisage a well drilled
in such environments without proper casing and cementing operations.
Cementing remains one of the most critical phases of well construction
because it ensures zonal isolation, provides structural support to the
casing, protects casing strings from corrosive fluids such as COz and H-:S,
and contributes significantly to long-term well integrity [1,2]. Tradi-
tionally, the cement material predominantly used for oilfield applica-
tions is Ordinary Portland Cement (OPC), particularly API Class G and
Class H cements [3], due to their predictable performance and estab-
lished industry standards.

* Corresponding author.
E-mail address: okorie.agwu@utp.edu.my (O.E. Agwu).

https://doi.org/10.1016/j.rineng.2026.113016

Failure of cement to effectively perform these functions can result in
severe technical, environmental, and economic consequences. These
include contamination of freshwater aquifers [4], casing collapse due to
loss of structural support, sustained casing pressure, gas migration, and
in extreme situations, catastrophic blowouts [5]. Because such failures
may lead to human casualties, environmental damage, and significant
financial losses, the integrity of wellbore cement is considered a
high-priority issue in drilling and completion operations [6]. However,
while OPC remains the dominant cementing material due to its reli-
ability, its production process has attracted serious criticism because of
its substantial contribution to global carbon emissions and climate
change (Shivaprasad et al., [7]; Aceituno et al., [8]).

Traditionally, the process of producing cement begins with crushing
limestone and then calcining the ground limestone at high temperature.
This process leads to the evolution of COy which is a major driver of
climate change [9]. Studies put the record that CO3 produced from this

Received 20 March 2026; Received in revised form 2 May 2026; Accepted 14 September 2026

Available online 15 September 2026

2590-1230/© 2026 The Author(s). Published by Elsevier B.V. This is an open access article under the CC BY-NC license (http://creativecommons.org/licenses/by-

nc/4.0/).


https://orcid.org/0000-0003-3855-8352
https://orcid.org/0000-0003-3855-8352
https://orcid.org/0009-0004-1577-3847
https://orcid.org/0009-0004-1577-3847
mailto:okorie.agwu@utp.edu.my
www.sciencedirect.com/science/journal/25901230
https://www.sciencedirect.com/journal/results-in-engineering
https://doi.org/10.1016/j.rineng.2026.113016
https://doi.org/10.1016/j.rineng.2026.113016
http://creativecommons.org/licenses/by-nc/4.0/
http://creativecommons.org/licenses/by-nc/4.0/

O.E. Agwu et al.

Symbols & Nomenclature

GGBFS  Ground-granulated blast-furnace slag
KAN Kolmogorov-Arnold networks

LPH Liquid potassium hydroxide

LPS Liquid potassium silicate

LSBoost Least squares boosting ensemble
LSH Liquid sodium hydroxide
LSS Liquid sodium silicate

LSTM Long short-term memory

RBF-PSO Radial basis function — particle swarm optimization
SPS Solid potassium silicate

SSS Solid sodium silicate

SVR Support vector regression

process accounts for 7- 8% of the global CO5 sources [10-12]. Given the
destructive nature of this gas, attention has been shifted to sourcing for
ecofriendly binder materials [13]. The results of this search has pro-
duced viable alternatives such as geopolymers, self-healing cements,
slag-based blends, resin systems have gained increasing attention [14].

Among these alternatives, geopolymer cement has emerged as one of
the most promising sustainable substitutes for Portland cement in
wellbore applications and is the main focus of this study. Generally,
synthesizing geopolymer cements involves the use of liquid alkaline
activators (e.g. NaOH, KOH or sodium silicate solutions) to dissolve
aluminosilicate precursors (fly ash or metakaolin) [15,16]. This process
is depicted in Fig. 1.

In the construction industry, geopolymer binders have been exten-
sively studied and deployed because of their excellent chemical resis-
tance, superior mechanical strength, thermal stability, low permeability,
and reduced shrinkage ([17,18]; Mohammed et al., [19-22]). More
importantly, geopolymer production can reduce CO, emissions by more
than 80% compared to conventional Portland cement production
(Duxson et al., [23]; Juenger et al., [24]; McLellan et al., [25,26]),
making them highly attractive from both engineering and environ-
mental perspectives.

From a mechanical performance standpoint, geopolymer cement also
demonstrates significant advantages over OPC particularly in early-age
strength development [27]. For instance, cement based binders typically
achieve about 80% of its design compressive strength within the first 7
days and reaches full structural acceptance at approximately 28 days
[28]. In contrast, geopolymer cement, especially fly ash- and slag-based
systems, can attain 70% of its ultimate compressive strength within the
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first 3-4 hours at curing temperature between 30°C and 85°C due to
rapid geopolymerization and accelerated aluminosilicate gel formation
[29]. This faster strength development is particularly advantageous in
oil well cementing where reduced waiting-on-cement (WOC) time
directly lowers rig time and operational costs, especially in arctic dril-
ling or deep-water seabeds. Despite these advantages,
geopolymers—although widely adopted in civil construction remain
limited in wellbore drilling applications as reported by Rahman et al.
([30]a) and Abdelaal [25].

To improve confidence in oilfield deployment, a number of experi-
mental evaluations have been conducted and results so far indicate its
suitability as a viable replacement for the conventional Portland cement
([31,32]; Ahdaya and Imgam, [33]; Ridha [34]; Suppiah et al., [35];
Rahman, et al., [36]b; [37-40]; da Silva et al., [41]). Many of these
experimental investigations focus on the compressive strength of geo-
polymer cement, as it governs the binder’s ability to develop effective
bonding between the casing and the formation.

To establish compressive strength, traditionally, a destructive test
where the cement sample is crushed under axial load is conducted [42].
According to Nyakilla et al. [43], this experimental protocol is charac-
terized by extended waiting periods and there is limited scope for
field-based testing. Similar observations were made by Chong et al. [44]
and Harooni et al. [45]. They reported that laboratory experiments
involving binders are rigorous. This is because they require numerous
trials due to the number of influencing factors. These trials are needed to
evaluate different mix designs with the goal of isolating the mix design
that suits specific wellbore conditions. To illustrate, samples from
various mix designs are typically allowed to set for 8 hours in the first
instance and 16 or 24 hours as required before the test can be conducted.
Meanwhile the idea of destroying the samples during the testing process
also results in financial loss since cement materials are essentially
wasted. Non-destructive tests equally abound such as the use of ultra-
sonic pulse velocity tests, use of rebound hammer and pullout tests.
While these methods have their advantages, Hidayat et al. [46] assert
that they have accuracy issues.

These limitations create a strong need for reliable predictive models
capable of estimating compressive strength rapidly and accurately
without repeated laboratory trials (Abid et al. 2023). Several models
have been developed ranging from numerical, empirical and regression
based as well as the widely adopted machine learning models. A review
of the literature on this subject indicates that most studies on the pre-
diction of cement compressive strength are predominantly concentrated
within the field of concrete, while their application to oilfield cement
remains limited and relatively underexplored [47]. The numbers docu-
mented in respect of geopolymer cements are even far scarcer than the
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Fig. 1. Process of synthesizing geopolymer cement.
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conventional Portland cements. The limited number of studies in this
area is the main motivation for this study. Furthermore, the existing ML
models for geopolymer cement compressive strength are largely not
explainable, not explicitly presented in a usable mathematical equation
and are not physically validated.

Therefore, this study focuses on developing an explainable predictive
framework for estimating the compressive strength of geopolymer
cement for oilfield wellbore applications, thereby improving design ef-
ficiency, reducing operational cost, and supporting the broader adoption
of sustainable low-carbon cementing systems in the petroleum industry.

2. Literature appraisal

This section of the study is designed to showcase previous research
efforts in the area of oilfield wellbore cementing especially as it relates
to the use of geopolymer cements. Fundamental research often begins
with experimental studies. In many cases, these studies provide the data
required for modelling. Therefore, this review begins with a brief
highlight of existing experimental works on the use of geopolymer ce-
ments. It then delves deeper into studies that focus on modelling the
compressive strength of oilfield cements. In order to make the review
focused, the models to be reviewed would be regression-based models
and machine learning based models.

2.1. Experimental studies on geopolymer cements

Given the fact that the use of geopolymers cements have not yet
gained much ground in the wellbore construction industry as it has in
the building and road construction space, it is important to anchor the
efforts of predictive modelling within experimentally validated tests. An
overview of some of these experimental tests especially those that have a
slant towards showcasing geopolymer cement additives, the design mix
proportion of these additives provide the fundamental basis for this
work and is presented in Table 1. The summary provided in Table 1
shows the specific tests carried out, the design mixture and the findings
by each researcher. As this study would later show, the materials used by
these authors and their mix ratios in Table 1 is evidence that the pro-
posed model is not just data driven but also materially consistent. The
following can be observed in the experiments: First, more than virtually
all of the studies conducted compressive strength tests pointing to its
crucial nature in oilwell cementing operations. Second, while the ad-
ditives may vary, however, the main additives are the activators (alkali)
and the solid precursors. Third, the findings suggest that geopolymer
cements possess requisite properties that make them a viable alternative
to Portland cement.

2.2. Models developed for compressive strength of oilfield cements

2.2.1. Regression based models

In general, regression models express compressive strength as an
explicit mathematical relationship between strength and a set of influ-
encing variables, which can be written in the generic form as shown in
Eq. (1).

y=a+y_ aX m

Where y is the dependent variable, Xj are the independent variables
or the inputs while ay, a; ...... a,, are the coefficients or parameters. These
regression models have the attraction that once fitted they can be used to
perform predictions much more quickly than other modelling tech-
niques and are correspondingly simpler to implement in software [52].
In oilfield cementing applications, these models are particularly valu-
able because they provide explicit equations that allow direct calcula-
tion of strength for operational decision-making such as determining
WOC time.
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Table 1
Summary of experimental studies on geopolymer cements.
Reference(s) Tests Inputs mix ratio & test Findings
conditions
Xian [48] Rheology, Inputs: 70 — 100% fly ash,  Silica fume at
filtration loss, NaOH, Na,SiOs, distilled 30% yields the
uniaxial H50, 10 - 30% silica fume optimum
compressive performance in
strength (UCS) the geopolymer
cement mix.
Paiva et al. ucs Inputs: Metakaolin, micro A higher UCS and
[17]1 silica, mineral fibre, KOH, lower stiffness
potassium silicate, was observed with
propylene glycol based respect to
defoamer geopolymer
Curing temperature = 49°C cement compared
Curing time = 14 days to Portland
cement.
Suppiah etal.  UCS Inputs: ASTM Class ‘F’ fly Curing the
[35] ash, NaOH & Na,SiO3 samples at higher
solution, NaOH pellets temperature of
Curing temperature =60°C ~ 90°C rather than
& 90°C. Curing time = 24 at 60°C imparted
h higher UCS to the
sample. This is
attributed to the
fact that to
stimulate the
polymeric
reaction, heat is
essential.
Ahdaya et al. Density, Inputs: Class ‘C’ fly ash, When the
[49] rheology, UCS NaOH molarity (5, 10, concentration of
15), Na,SiO3: NaOH NaOH is increased
(0.25, 0.5, 1, 2), tap water two effects occur:
Curing temperature =24°C ~ UCS increases
Curing time =24 h while viscosity
decreases slightly.
However, a rise in
the ratio of the
alkaline activator
to fly ash
triggered a rise in
the viscosity value
which ultimately
limits slurry
pumpability.
Fluid loss was
limited when the
proportion of
sodium silicate to
NaOH was
increased.
Denduluri Viscosity, Inputs: Class F fly ash, Geopolymers
et al. [37] porosity, pump  metakaolin (90%), slag synthesized from
time, UCS, (10%), activators (LPH, K-based activators
tensile & bond LPS, SPS, LSH, LSS, SSS), yielded higher
strength NaOH or KOH pellets/ UCS compared to
silicate solution, Na-based
deionized water activators.
Conditions: static Furthermore,
temperature = 315°C; bond strength of
circulating K-based activated
temperature = 232°C; geopolymer
BHP = 3000 psi cements were
found to be 3-7
times that of
Portland cement.
Gomado UCS, shear Inputs: Solid precursors The use of glass
et al. [50] bond strength, (340g granite, 330g powder to play
hydraulic GGBFS, 30g silica flour, the role of an
sealability 30g microsilica); liquid expansive agent

activators (281g of 4M
KOH soln, 47g water);
retarders (2.5g KNO3; &
4g Zn(NO3),); rheology
modifier (3.5g of Na

controller helps to
stabilize the shear
bond strength and
enhances the
geopolymer’s

(continued on next page)
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Table 1 (continued)

Reference(s) Tests Inputs mix ratio & test Findings
conditions
superplasticizer); hydraulic sealing

Strength enhancer (2g
NaOH), expansive
additive (8g waste glass
powder)

potential.

da Silva et al. Rheology, Inputs: Brazilian rock, Pressure has a
[41] consistency & GGBFS, microsilica, solid significant impact
thickening activator, on the
time, UCS superplasticizer, geopolymer’s

activator-to-solid ratio
Curing conditions: (i)
Room temperature, atm.
pressure (ii) 70°C,

pumping time; an
enhancement of
this pressure
t013.8 MPa slices

13.8MPa the time by 50%.
Curing time: 1, 3,7, 14 &
28 days
Ogienagbon Rheology, Free  Inputs: Metakaolin, In terms of UCS,
and fluid, density, microsilica, ground geopolymers
Khalifeh consistency, granulated blast furnace show a rise in UCS
[51] UCS, sealing slag. Activator: Potassium  over time
tests silicate solution (modular ~ however, their

ratio = 2),
superplasticizer (2.5% by
wt of solid precursor)

rate of early
strength is lower
to that of
thermosetting
resins.

Table 2 summarizes previously published regression-based models
built for estimating the uniaxial compressive strength (UCS) of oilfield
cement with particular attention paid to their predictive performance,
and the pros and cons of each individual model. The following are some
observations from Table 2.

i. First, the regression models in the table show explicit mathe-
matical based strength equations which makes them easily
explainable and allows for quick field deployment.

ii. Second, while many of the authors failed to include the size of
data they used in building their models, the few that did used
relatively small data sizes which limits their applicability to a
wide range of conditions. For instance, Falode et al. [53] and
Anya et al. [54] used 16 and 35 data points respectively.

iii. Third, more than 60% of the studies focus on UCS for Portland
cements, while about 40% were devoted to geopolymer cements
ucs.

iv. Finally, while some models use operationally accessible inputs
such as curing time and temperature, others require parameters
that may be difficult to obtain in real time.

2.2.2. Critique of regression-based models for estimating oilfield cement
ucs

While it may be said that the models in Table 2 are important in
oilfield cement UCS prediction as they offer clear mathematical ex-
pressions which can be used for quick computation of UCS, however, the
following critical analysis shows why their usability may be limited.

First, the domain of model application is narrow. The reason is tied to
the small number of data samples used for building the models. In
addition, these models are cement class specific with different additives
composition. Therefore, the equations developed tend to fit almost
perfectly in the range of data used. This is seen in the high R-square
value of > 0.99 recorded for the models by Joel and Ademiluyi [55];
Ridha et al. [58] and Falode et al. [53]. These models may likely yield
poor error metrics when subjected to new cement classes and additive
formulations and downhole conditions. This lack of generalizability
attribute attenuates user confidence for field scale use.

Secondly, regression models are built based on pre-defined
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equations. The modeller is required to assume a mathematical rela-
tionship (which may be polynomial, linear, exponential, logarithmic)
between the inputs and the cement UCS. A peek into the cement hy-
dration and geopolymerization chemistry reveals that the process is an
intrinsically non-linear, multiscale process governed by complex and
synergistic physicochemical interactions ([59]; Vignesh et al., [60]).
Thus, these models would have a hard time trying to capture these in-
teractions and therefore given their inflexible nature, they tend to
oversimplify these complex interactions.

2.3. Machine learning (ML) based models for estimating oilfield cement
Ucs

A critical analysis of prevailing ML models for oilfield cement UCS
forecasting is showcased in Table 3. The focus of the critical analysis is
on the model DNA namely the size of the data utilized in its develop-
ment, its explainability, its appropriateness for geopolymer cement and
the feasibility of utilizing the model to aid in the adjustment of slurry
components to reach a predetermined strength. This adopted style al-
lows for the research gaps to be clearly isolated unlike what is obtainable
if a pure narrative approach were chosen.

The following can be gleaned from the table:

i. First, 28 ML models have been built and spread out across 13
studies with neural network derived models accounting for
approximately 43% closely trailed by ensemble learning para-
digms accounting for about 33% of the models.

ii. Second, the data size used by over 75% of the researchers were
under 300 data points except for the 1119 and 1740 data points
deployed by Abraham et al. [[65], b] and Harooni et al. [45].

iii. Third, about 77% of the models were built for the conventional
Portland cements and only about 23% of the models were built
for geopolymer cements namely the models by Ling et al. [62],
Tanyildizi [57] and Rahmawati et al. [67].

iv. Finally, some of the models adopted inputs that could be opera-
tionally accessible such as temperature, curing time, and pro-
portion of water to cement, others utilized parameters that
require derivation from microstructural characterization such as
the inputs in the study by Wen et al. [64].

2.3.1. Critical evaluation of existing oil field cement UCS prediction models

A discussion of the critical evaluation of the models as highlighted in
column 6 of Table 3 is presented here. In this discussion, emphasis is
placed on four key domains namely the model explainability, data size,
the alignment with eco-friendly cement development, and the suitability
of the predictor variables for real-time field deployment.

i. Model explainability: A prominent pitfall across the studies
reviewed is the dearth of model explainability. By definition,
explainability has to do with frameworks that are essentially built
to enable the decisions made by the ML algorithm interpretable,
thus making it transparent and comprehensible to users [69]. The
concept of explainability would be anchored on four domains.
First, establishing the input variables importance (global and
local) using SHAP, LIME, partial dependency plots can be counted
as parts of making the model explainable [70]. Second, for simple
models, including the underlying mathematical equation that
links the inputs to the output is considered making the model
intrinsically interpretable (Kruschel et al., [71]). Third, physical
consistency analysis using trend plots to verify that the model’s
logic follow known physical laws is another aspect of model
explainability [72]. According to Arabzadeh and Frank [73], this
physical plausibility breeds trust which is one of the cornerstones
of explainable artificial intelligence. The fourth factor which is
more of a validation tool that partially contributes to model
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Table 2
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Regression based models for estimating oilfield cement compressive strength.

Reference Model Data size & cement Inputs, model developed, performance, model pros & cons
class
Joel and Semi-empirical nonlinear Portland cement Model 1: Input: Temperature (T)
Ademiluyi regression model -inverse . -7
y g \¢ CS — 1397.432 + 1466605 1.4 x 10
[55] power law TS T2
Model 2: Inputs: Compressive strength time (t), slurry weight (S,)
c
CS = a+bt™ + 5%
Where: a = 84126.25 — 11167S3,; b = — 8791.66 + 1200.5518‘3‘,; c = — 188777 + 24656.6S‘3‘,
Performance: Model 1: R? = 0.999; Model 2: R = 0.999
Strength: Input variables are easily obtainable parameters.
Pitfalls: Limited input variables for model 1.
Ridha et al. Modified Hasselman’s Class G cement Inputs: Strength at zero porosity (So), bulk conductivity (65), pore solution conductivity (6o),
(2013) equation cementation factor (m).

Falode et al.
[53]

Anya et al.
(2019)

Zulkarnain et al.

[56]

(Power-law regression model)

Factorial design 16 sets of experimental
(Quadratic polynomial data

regression)

Levenberg-Marquardt 35 data samples of

class C & H cement

Response surface methodology ~ Geopolymer cement
(4™ order polynomial
regression — Quartic)

1/m

Model: S = Sy — b(cl) :

6o
Performance: R?=0.90 — 0.95
Strengths: Can predict compressive strength up to 50 days.
Pitfalls: The model ignores critical factors such as: temperature pressure, curing time, water-to-
cement ratio,
This makes it unsuitable for multivariate field conditions. The model does not inform how to adjust
slurry composition to achieve a target strength.
Inputs: Extender (x;), accelerator (x2), antifoam (xs3), dispersant (x4)
CS = 584.453125 + 36.171875x; + 1.32815x3 + 26.859375x3 + 16.984375x, + 6.859375x X2 +
40.015625x1x3 + 33.765625x1 x4 — 3.765625x2x3 + 13.734375x2x4 + 13.140625x3Xx4 —
16.796875x1 x3x3 — 25.671875x1 X2Xx4 — 1.140625x1X3Xx4 + 37.390625x5X3X4 —
13.078124x) x2x3x4 + 0.13258
Performance: R? =0.998; MSE = 0.070313; SSE = 1.125; Standard error = 0.1325
Strengths: Model captures additive interactions since additive interactions strongly influence
cement hydration and strength development. Model has interpretable coefficients which has a clear
statistical meaning (main effect or interaction). Model enables sensitivity analysis and ranking of
additives influencing compressive strength. Models allows identification of optimal additive
combinations that maximize compressive strength.
Pitfalls: Model valid only within the additive amount ranges used in the experimental design.
Polynomial terms do not represent hydration reactions, phase formation, or microstructural
evolution. Model ignores curing and downhole conditions e.g. temperature, pressure, curing time,
and fluid chemistry are absent thus limiting its applicability to field cementing scenarios.
Inputs: Final ultrasonic transit time (T), water to solids ratio (w), cement to solids ratio (r), curing
time (t.)
Model 1: S = 119953.54 exp~ 0415257 x 0.49231 x t;023

—1.59677
Model 2: § = 05[52089(%) +119999.92 x axp<*°»40975T>] x 035671 x 1039157

Performance: Model 1: R? = 0.90671, Mean ratio = 1.00927, Model 2: R? = 0.87840, Mean

ratio = 0.89205

Strengths: Model requires only a few input parameters (curing time, mix variable). Model can be
applied quickly for field predictions.

Pitfalls: Valid only for the cement systems, additives and conditions used to derive the model.
Inputs: Transit time (T;)

F = 1.8875T; — 73.8324T> + 1078.3108T? — 6975.2615T, + 16895.4948

Where: T, = transit time inll,l—r':;F = compressive strength in MPa

Performance: R? = 0.9929.

Strengths: For estimating compressive strength of geopolymer cement containing antifoam
Pitfalls: No geopolymer cement additive utilized as inputs. Limited to a single input. Physically non-
interpretable beyond trend fitting

Tanyildizi [57] Multivariate linear regression Geopolymer cement Model: f, =1.7208 — 2.674 x M— 0.55 x A—11.43 x L—1.1692 x T— 0.4033 x C
Where f, = compressive strength, M = mole ratio, A = alkaline solution concentration, L = liquid to
fly ash mass ratio, C = curing days, T= curing temperature
Performance: R? = 0.8803
Strengths: Model is simple and transparent with an explicit equation which can be easily deployed in
the field. Model has low computational cost
Limitations: Model assumes linear relationships whereas real cement hydration processes are non-
linear, time- and temperature-dependent. Model has limited accuracy. Model lacks interaction
terms, thus restricting its ability to represent complex cement behavior. There is possible physical
inconsistency in the model since all coefficients are negative. This may indicate dataset bias, limited
parameter range.
explainability by complementing it is the application domain of [43] respectively. In addition, 83% of the studies did not perform
the model; which essentially outlines the boundary within which a trend analysis to show physical plausibility of their models and
the model prediction is considered reliable [74]. For these four 42% did not show any form of sensitivity analysis. These gaps
domains, it is observed from Table 3 that 92% of the studies did highlighted essentially limit scientific insight on the subject and
not establish the applicability domain of the models and the need constitute part of the motivation for this study.
to include the mathematical correlation between the inputs ii. Dataset size: ML modelling requires lots of good quality data to
except for the studies by Hussain et al. (2025) and Nyakilla et al. boost its reliability (Priestley et al., [75]). In Table 3, it is
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Table 3

Oilwell cement compressive strength estimation using ML algorithms.

Results in Engineering 32 (2026) 113016

Reference Algorithm Datasize & classof  Inputs Performance Model’s strengths & weaknesses
cement
McElroy etal.  ANN 195 samples of Amounts of nano-SiO, in % BWOC; nano- R%=0.8667, MSE = 1.972; Strengths: Useful for compressive
[61] [5-12-1] class G & H Al,03 in % BWOC; nano-TiO, in % BWOC, MAPE = 4.069% strength estimation with
cement. cement density, simulated wellbore curing nanomaterials
70% Training, temperature Weaknesses: Dearth of explicit
15% Testing, 15% model, trend and sensitivity
Validation analysis, No model applicability
domain
Ling et al. ANN 273 data points Mole ratio, alkaline solution concentration, R%=0.961, RMSE = 543, Strengths: Trend & sensitivity
[62] Geopolymer liquid to fly ash mass ratio, curing days, curing ~ MAD = 355.3 analysis established.
cement temperature Weaknesses: Dearth of explicit
model, No model applicability
domain
Nyakillaetal.  Gradient 144 data points. Cement, water, fly ash, dispersant, curing R?=0.95, MSE = 0.32, Strengths: Sensitivity analysis
[63] boosted 90% Training, time, oil well cement RMSE = 0.8, MAE = 0.349 available
regression 10% Testing Weaknesses: Dearth of explicit
trees model & trend analysis, No model
applicability domain
Ouadi et al. ANN 98 data samples Specific surface (Sb), position parameter, 80% 28 days compressive strength Strengths: Model is useful for
[42] SVR-GA 70% Training, Passing size (P80), uniformity factor, % of ANN: R%=0.9753, estimating 2, 7 & 28 days
15% Testing, 15% particle size in ym (32 pm, 3-16 pm, 16-24um,  RMSE = 2.581, MAE = 1.82 compressive strength
Validation >24um), % Aluminate, % Ferrite, % Alit, % SVR-GA: R?=0.9757, Weaknesses: Dearth of explicit
Belite, % Na,O, % Sulphur Trioxide, % Lime RMSE = 1.4294, MAE = 0.9869 model, trend and sensitivity
Saturation Factor. analysis, No model applicability
domain
Nyakilla et al. GMDH 150 data points for ~ Cement, water, fly ash, dispersant, curing R?=0.8611, MSE = 0.304, Strengths: Explicit model, sensitivity
[43] class G cement time, oil well cement RMSE = 0.551 analysis available
Weaknesses: Dearth of trend
analysis, No model applicability
domain
Wen et al. KAN Oilwell cement Gel pore, capillary pore, macropore, porosity R%=0.86 Strengths: Trend analysis available
[64] [4-8-8-1] 70% Training, Weaknesses: Dearth of sensitivity
30% Testing analysis, no explicit UCS equation,
No model applicability domain
Wang et al. ANN, SVR 279 data sets Water/cement ratio, corrosion resistant *PSO-RF Strengths: Useful for compressive
[471 ELM, RF 70% Training, material content, temperature, silicon content, R?=0.9275, RMSE = 2.6516, strength estimation under acidic
GWO-RF 30% Testing admixture content, carbonation time (d), total =~ MAE = 2.0568, corrosion. Sensitivity analysis done
PSO-RF pressure, CO, partial pressure (PCO,), and MAPE = 0.1347, MSE = 7.0308 Weaknesses: Dearth of explicit
GWO-SVR hydrogen sulfide (HS) partial pressure (PH,S) model, trend analysis, No model
PSO-SVR applicability domain
Abraham Decision tree 1119 data points Sample age, curing temperature, dimensions ANN: R?=0.8048 Strengths: Sensitivity analysis done
et al. [65] ANN ofclassC,H & G of the sample, x-sectional area, weight, Decision tree: R = 0.9345 Weaknesses: Dearth of explicit
RF cements. density, specific gravity, acoustic velocity Random Forest: R = 0.9687 model, trend analysis, No model
70% training, 30% applicability domain
testing
Abraham SVM 1119 data points Age of samples, curing temperature, Class C: R? =0.9431, Strengths: Sensitivity analysis done
et al. [66] of classC, H & G dimensions of the sample, cross sectional area, MAE = 0.0646, MSE = 0.0061, Weaknesses: Dearth of explicit
cement. weight, density, specific gravity, acoustic RMSE = 0.0781 model, trend analysis, No model
70% training, 30%  velocity (UPV) Class G: R>=0.9261, applicability domain
testing MAE = 0.078, MSE = 0.0103,
RMSE =0.1013
Class H: R2=0.6,
MAE = 0.1341, MSE = 0.0248,
RMSE = 0.1576
Rahmawati ANN 136 data points of Nanosilica (%), cellulose nanocrystals (%) R?=0.941, RMSE = 0.192 Strengths: Good model performance
et al. [67] [2-30-1] geopolymer Weaknesses: Dearth of explicit
cements model, trend analysis, no sensitivity
70% training, 15% analysis, limited data size used, No
testing, 15% model applicability domain
validation
Tanyildizi LSTM, SVR, 273 data points Mole ratio, alkaline solution concentration, *LSTM: R% = 0.9923, Strengths: Sensitivity analysis done
[57] LSBoost Geopolymer liquid to fly ash mass ratio, curing days, curing ~ PSNR = 44.5864, MSE Weaknesses: Dearth of explicit
cement temperature =2.2617, NRMSE = 0.0283, model, trend analysis. No model
RMSE =1.5039 applicability domain
Hussain et al. ANN [3-25-5- 172 data points of ~ Cenospheres (%), density, temperature *GBR: R2=0.961; Strengths: Model application
[68] 11, RF, GB, light weight MAPE = 9.81%, domain established, sensitivity
SVR cement RMSE = 130.96 psi, MSE analysis done
=17.15 Weaknesses: Dearth of explicit
model, trend analysis, limited data
size used
Harooni et al. PSO-RBF Class G Portland Anti gas migration, time, salt, cement density, R? =0.9998; AARD% = 3.38%, Strength: Trend analysis conducted.

[45]

cement

1740 data points.
80% training, 20%
testing

silica flour, temperature, densifier, retarder,
dispersant, boric acid, baso block

RMSE =7.33

Weaknesses: Dearth of explicit
model & sensitivity analysis. No
model applicability domain
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*Best performing model

observed that the size of the dataset across the studies is relatively
small. For instance, about 75% of the studies used less than 300
data points with the median statistic falling at 172 data points.
While it may be argued that there is no distinct definition of what
a small datasize is, however, using a small data size undermines
the ability of the model to generalize to new data and increases
the chances of overfitting. It is worthy however to remark that the
study by Abraham et al. [65], Abraham et al. [66] and Harooni
et al. [45] deployed a dataset size that might be considered large
(>1000 data points) in comparison with the other studies. In
summary, the larger the data size, the higher the potential to
yield generalizable models.

iii. Consideration of eco-friendly cement systems: In Table 3, it is
noticed that about 77% of the studies focused on Portland ce-
ments while 23% focused on the low carbon cements such as
geopolymer cements. The gulf in the numbers points to a research
gap implying that models/studies that have a slant towards UCS
prediction for low carbon cements in the wellbore construction
industry is necessary as the clamour for a greener environment
continues.

iv. Practicality of input variables for real-time UCS forecasting: From a
field perspective, while model inputs vary, however, those
related to slurry design/composition of the cement offer some
advantages in that they help in quick UCS computations and
allow for adjusting component proportions to yield a target
strength. This contrasts with the inputs that require parameters
that need to be obtained from laboratory work. For instance, the
microstructural parameters used as inputs in the model by Wen
et al. [64] such as gel pore, capillary pore etc while being vital are
challenging to measure and are generally unsuited for real-time
UCS estimation.

3. Methodology

This section presents the methodology used in the study. The data for
this study was obtained from the work by Ling et al. [62]. This data
comprises 273 data entries which include five input variables (concen-
tration of alkaline solution, mole ratio, liquid fly ash ratio, curing tem-
perature, curing time) and one output variable (geopolymer cement
compressive strength). The statistical analysis of the variables in the
database is summarized in Table 4.

3.1. Correlation matrix of input parameters and compressive strength

Fig. 2 is the pictorial representation of the correlation matrix
(Pearson) highlighting the interactions among the five inputs and the
geopolymer strength. To make the interactions visible at a glance, the
direction and strength are represented by distinct colours (red and blue)
and size of the bubble (big and small) respectively. Based on this
nomenclature, the following can be pointed out:

First, with respect to UCS, (i) mole ratio and liquid fly ash ratio both

Table 4
Database variables statistical analysis.
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have a strong negative correlation of — 0.77 and -0.66 respectively,
pointing to the fact that increasing these parameters causes strength
attenuation (ii) the concentration of alkaline solution, curing time and
temperature have moderately positive correlation with values of 0.42,
0.41 and 0.41 respectively, pointing to the fact that an increase in their
values yields an increase in geopolymer strength.

Second, the correlation among the variables themselves can essen-
tially be described as weak (ranging from 0.027 to 0.36). This shows the
variables have low multicollinearity, hence they well suited for use in
the model building process.

3.2. Distribution characteristics of input variables

Fig. 3. showcases the data spread for the variables in the database.
From the figure, the multiple bulges along the vertical for the alkaline
concentration (occurring at 15%, 20% & 25%), mole ratio (occurring at
1, 1.5 & 2), liquid fly ash ratio (occurring at 0.33, 0.4, 0.5 & 0.6) and
curing temperature (occurring at 24°C & 50°C) indicates the data for
these parameters are trimodal, trimodal, quadrimodal and bimodal
respectively. The narrower section in these plots indicates low data
density. The multimodal nature of these variables is traceable to the fact
that cement slurry design experiments are conducted at specific design
levels. This method essentially simplifies experimentation time and cost
and provides the leverage for the experimenter to systematically eval-
uate the impact of varying factor levels on the compressive strength. The
curing time also exhibits multimodality as a result of the discrete
experimental testing levels at 1, 3, 7 and 28 days. It has to be remarked
that the effect of multimodality can be taken care of by neural networks
since they are capable of learning distinct no-linear relationships for
each regime. Finally, the strength data exhibits a more continuous
spread as a result of being a measured parameter that is impacted by
different factors.

3.3. Data preprocessing via data normalization

No matter the capability of a learning paradigm, its effectiveness is
diminished in the absence of high-quality data [76]. A veritable means
of avoiding this is by subjecting the dataset to a series of independent
steps (each of which can be done in isolation) such as cleaning, reduc-
tion, transformation (normalization) and integration [77]. These are
called preprocessing steps. According to Roy et al. [76], the intervention
of domain expert is required in choosing which of the steps are necessary
for a given data. Therefore, since the data used in this work is from a
secondary source and it had been cleaned, hence only the normalization
step is deemed necessary.

Normalization was chosen because the dataset variables had
different scales. Normalization entails transforming the data by scaling
it so that it approximates a normal distribution. Examples of normali-
zation approaches include log transformation, min-max, z-score, deci-
mal scaling and quantile normalization [78]. The min-max method that
scales data in the range of -1 to 1 is chosen since it aligns with the zero

Alkaline sol. conc. Mole ratio Liquid-fly ash ratio Curing temperature Curing time Compressive strength [UCS]
(%) (o] (days) (MPa)

Maximum 25 2 0.6 50 28 76

Minimum 15 1 0.33 23 1 0.3

Range 10 1 0.27 27 27 75.7

Average 19.96337 1.5 0.451136 37.24176 10.21612 20.19487

Median 20 1.5 0.4 50 7 15.3

Standard Deviation 4.112228 0.411239 0.100713 13.50436 10.87568 16.98837

Skewness 0.013606 9.05E-17 0.259438 -0.11067 0.950323 1.091281

Kurtosis -1.5219 -1.52214 -1.34053 -2.00248 -0.93121 0.659884
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1
Alkaline sol. conc -0.31 -0.36 -0.19 -0.19
0.8
0.6
Mole ratio -0.31 0.027 -0.33 -0.32
04
LFA ratio -0.36 0.027 -0.21 -0.24 0.2
ro
Curing Temp -0.19 -0.33 -0.21 0.41
--0.2
Curing Time 0.19 -0.32 -0.24 0.41
cs 042 ‘ ‘ 0.41 0.41

Alkaline sol.  Mole ratio

conc

LFA ratio

Curing Temp Curing Time (&)

Fig. 2. Correlation matrix for study database.

centered transfer function “tansig” used in MATLAB. This helps in
maintaining neuron activations in the high-gradient region and pro-
moting effective learning. The formula for min-max is shown in Eq. (2).

UCS — UCSnin
ves. =2 (chmax - chmin) -1 @
where UCS is the original value of strength, UCSpin & UCSpax are the
least and maximum greatest values of the compressive strength, and
UCS,, is the normalized value of the strength. From Table 4, the least and
greatest values of each parameter can be used to generate the normal-
ized forms of the variables. This is shown in Equations (3)- (8).

A, = 2<A 1015) -1 3)
M,=2M-1)-1 0)
LFA, = 2(%) -1 %)
T, = 2<T ;723) -1 (6)
b= 2(%) 1 %
cs, — z(%) - ®

Since the variables are in normalized forms ranging between — 1 and
1 and the output would equally be in this range, hence there is need to
return the values of the outputs in the original scale to maintain physical
interpretability, hence a denormalization needs to be done. This can be
achieved by using Eq. (9).

CS = 37.85CS, + 38.15 (C)]

3.4. Fundamentals of bayesian regularized neural network

Bayesian regularized neural networks (BRNNs) are basically a vari-
ety of neural networks that deploy Bayesian inference to the network
learning pipeline to boost its generalizability especially when the data
size is considered small and noisy [79,80]. The distinction between
BRNNSs and the conventional neural nets is that BRNNs handle the biases

and weights as arbitrary variables guided/driven by probability distri-
bution rather than as fixed parameters to be optimized [81]. BRNNs
focus on pruning down the combined objective function that compen-
sates for both data fitting and weight constraint rather than reducing
only the sum of squared errors [82]. The combined objective function is
shown in Eq. (10).

F = BEp + aEy 10)

In Eq.10, Ep is data error term while Ey is weight constraining term
while a & f are regularization coefficients that governs the balance
between complexity and accuracy [83]. An added advantage of the
weights limiting factor is that only necessary weights are utilized, hence
shielding the network from overfitting [84]. During the model learning
process, the regularization coefficients (o & ) are updated based on the
effective number of parameters denoted as y and mathematically
described in Eq. (11).

y=N-2atr(H") an
where H =objective function Hessian matrix & N =weights (total
number). Upon updating, @ & f are recomputed using Eq. (12) and Eq.
(13) respectively.

7

a= —ZEW 12)
_n—y

p= 2E, 13)

where n=training samples number. To execute a prediction for
parameter y, BRNN utilizes Eq. (14).

y = F(W® g(WVx+b1) + b2) (14)

In Eq. (14), g =hidden-layer activation function; f = output activa-
tion function, W & b are weights and biases respectively. The entire
process described above is summed up in Fig. 4.

3.5. Rationale for the selection of the modelling algorithm

The modelling paradigm adopted in this study is the Bayesian
Regularized Neural Network (BRNN). The selection of this algorithm is
based on three main considerations. First, while ML models especially
neural networks typically perform best with large datasets, the dataset
used in this study comprises 273 data points, which can be considered
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Fig. 3. Violin plots showing variable data spread.

relatively limited. In this case, training algorithms incorporating
Bayesian regularization are advantageous, as they are well-suited for
small to moderate datasets because it balances model complexity with
data fitting using Bayesian inference leading to improved generalization
[85]. Second, BRNN models are inherently less prone to overfitting
because they determine and utilise an optimal number of effective
network weights, thereby suppressing the influence of irrelevant pa-
rameters [84]. Finally, the Bayesian regularization framework enhances
model robustness and reduces reliance on extensive cross-validation
procedures typically required in conventional backpropagation neural
networks [84].

3.6. Model building platform and hyperparameters tuning

The simulation runs for building a robust model for geopolymer
cement strength forecasting were implemented using the neural net
toolbox in MATLAB R2023b. The network tool was called up using the
“nftool” command. The dataset was partitioned into 80% training and
20% testing. The training algorithm deployed is Bayesian regularization
(trainbr). Before embarking on the training, as already described in

section 3.3, the predictors (input variables) were normalized using the
min-max paradigm in order to stabilize gradient-based learning and
boost model convergence. Table 5 shows the hyperparameters and their
ranges used for model building. For these hyperparameters, the objec-
tive is to optimize them in such a manner that a combination of all of
them yields the lowest mean square error.

3.7. Measures of prediction accuracy

Table 6 is a summary of the benchmarks adopted for evaluating the
accuracy of the white box model in this study. In this table four metrics
are chosen. The description of each metric with their upper and lower
bounds along with their correlations are presented.
4. Results and discussion

4.1. Network structural design and optimization

The first stage of building a model is to design its architecture. Fig. 5
is the optimized network design for the model. The model architecture
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Minimize the objective function
F = BEp + aE,,
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Compute y via Gauss-Newton Approximatior]

y=n-— ZaMAPtr(HMAP)—l
Calculate
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a - 2E,, (wnew) ’ B 2Ep(wnew)

Convergence

Generalized BRNN

Fig. 4. BRNN algorithm flow protocol.
Source: Adapted from Garg and Mishra [81].

Table 5
Summary of hyperparameters used in model development.
Hyperparameter Function Range
Regularization Balance model complexity and 1076 — 10°
Parameters (2, o) data fit and to shrink the chances Automatically
of overfitting [84] adjusted (Bayesian
inference)
Number of Hidden Determines network architecture 3-10
Neurons
Number of hidden Determines network depth 1-3
layers
Activation Function Introduces nonlinearity to aid Tan-sigmoid (tansig)
network in capturing complex [-11]
relationships (Gemechu et al.,
[861)
Epochs Training iterations 100 - 1500
Minimum gradient Training stoppage when gradient 10710 — 10°°
threshold falls below this threshold
Performance goal Tracks predictive accuracy 10— 102
(MSE)

shows the three layers namely the input layer with five neurons; a single
hidden layer having seven neurons with a hyperbolic tangent (tansig)
transfer function; and one output neuron with a pure linear (purelin)
activation function. The architecture was chosen after 50 independent
training trials with varying hidden layer sizes ranging from 2 to 15
neurons. After evaluating numerous topologies, the 5-7-1 topology
yielded the least MSE and the highest R? affirming it as the optimal
structure. The explicit identification of input-hidden weights (IW),
hidden-output weights (LW), and corresponding biases (b1 and bz)
boosts the interpretability of the model by allowing the evolution of a
closed-form mathematical expression.

4.2. White box model for rapid forecasting of geopolymer cement strength

Upon training the network, the optimized weights and biases that
yielded the least mean square error are shown in Table 7. The weights
essentially typify the relative impact (could be positive or negative) each

10
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Table 6
Performance benchmarks.
Metric Description Correlation
Coefficient of The fraction of the variation R2=1-
de;ermination in the output explained by the S (UCS; — [768)2
(R model. Lower & upper bound

" (UCS; — UCS)*
limits: —oo & +1 (Chicco L (UCS; )

etal., [87])

The mean squared deviation
between the actual/observed
and forecasted values. Best
MSE = 0. Worst MSE =+
(Tyagi et al., [88])

This is the square root of the
MSE [89].

Perfect RMSE = 0. Worst
RMSE = +o0

The average size of the error
between the real and model
forecasted values with the
direction not accounted for.
Perfect MAE = 0. Worst
MAE = +o0 [90].

MSE =
1 n .,
~ >, (UCS; - UCS)

Mean square error
(MSE)

RMSE =

T—n .,
ﬁzizl (UCS; — UCS)

Root mean square
error (RMSE)

Mean absolute

1 n
MAE =-)» = |UCS; —
error (MAE) n Z'*I | !

Ucs|

Note: UCS; =actual strength value; UCS = estimated strength; UCS = mean
strength; n = data size

predictor has on the final model prediction. On the other hand, the
biases serves to adjust the thresholds of the activation function, thereby
allowing it to detect the complex associations between variables that
affect the geopolymer strength. By presenting these parameters, the
model can be reproduced and by extension imparts interpretability to it
it has to be noted that there are 40 weights and 6 biases, and these
weights and biases are assigned to each of the 7 hidden neurons
deployed in the intermediate layer. The low number of weights and
biases is indicative of the fact that the model has low computational
burden/costs.

These weights are aggregated at the output layer to produce a closed-
form predictive equation for compressive strength. For the model, the
equations for each of the 7 hidden neurons are presented in Eq.15 — Eq.
(21). This explicit formulation enables rapid hand or spreadsheet-based
estimation of geopolymer compressive strength without retraining the
model, thereby facilitating practical engineering calculations and
parametric sensitivity assessments.

H; =1.501 x tanh[0.393873A, — 0.17984M, — 0.19646LFA,

15
+0.2655T;, +0.336157t, — 0.55586] s

H, =1.175 x tanh[ — 0.44846A, + 1.2985M, — 0.3LFA, — 0.7648T,
—0.8088t, +1.56188]
(16)
H; = —1.531 x tanh[ — 0.514A, + 1.626M, — 0.275LFA, — 0.4932T,
—0.5775t, +1.42258]
a7n
H, = —0.923 x tanh[0.17394, — 0.07059M, — 0.0509LFA, + 0.0297T,
—1.41297t, — 1.90745]
(18)
Hs = 0.97192 x tanh[0.366354A, — 0.37799M, — 0.12814LFA, 19)

+0.07819T, — 0.77151t, — 0.27096]

Hs = 0.83035 X tanh[ — 0.49603A, + 0.478879M,, + 0.136215LFA,
—0.11407T, + 0.266t, — 0.13597]
(20)
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Fig. 5. Topology of contrived network.
Table 7
Weights and biases of neural network model.
A M LFA T t b1 LW B2
0.393873 -0.17984 -0.19646 0.265521 0.336157 -0.55586 1.501066 -0.68984
-0.44846 1.298587 -0.3 -0.76483 -0.80889 1.561886 1.175332
-0.51426 1.62632 -0.27504 -0.49321 -0.5775 1.422588 -1.5311
0.173934 -0.07059 -0.05093 0.029045 -1.41297 -1.90745 -0.92311
0.366354 -0.37799 -0.12814 0.078193 -0.77151 -0.27096 0.971916
-0.49603 0.478879 0.136215 -0.11407 0.266006 -0.13597 0.83035
0.654648 -1.4266 0.370802 0.10222 -0.27923 -1.83996 -0.69672

H; = —0.696 x tanh[0.6546A, —1.4266M,, + 0.3708LFA, + 0.10222T,
—0.27923t, — 1.83996]
2D

The aggregation of Eq. (15) — Eq. (21) yields Eq. (22)

7
CS, = ZH,- —0.68984 (22)

i—1
Since the parameters in Eq. (15) — Eq. (21) are in their normalized
forms, the final denormalized form is shown in Eq. (23).

CS = 37.85CS,, + 38.15 (23)

Where A =alkaline solution concentration, M =mole ratio,
LFA =liquid fly ash ratio, T =curing temperature, t=curing time,
CS = compressive strength, n=normalized value of each parameter.
This normalized value can be obtained from Eq. (3) to Eq. (7) as shown
in section 3.

Given that geopolymer cements have the aluminosilicate precursor
and alkaline activator as key components, the absence of either of them
means that no polymeric binder can evolve, therefore, compressive
strength should yield a negligible value or zero. Thus, there is need to

constrain the model to obey this condition as shown in Eq. (24).
CS(A=0,LFA=0,M,T,t) =0 24

To achieve this a smooth gate function (1 —e™) is introduced. Here
x represents LFA and alkaline concentration and k is a constant (scaling

11

parameter). The value of k was optimized by means of the solver tool in
Microsoft excel where a value of 63 was obtained. Multiplying this gate
function with Eq. (23), the final model is obtained as shown in Eq. (25).

CS = (1—e %) (1 —e %) (37.85CS, + 38.15) (25)

Eq. (25) essentially preserves the predictive efficiency of the model
while ensuring that the model yields zero compressive strength when
the chief reactants (aluminosilicate and alkaline solution) are not pre-
sent. This physical constraint boosts the chemical consistency of the
model as well as its robustness.

4.3. Model performance

The information in Table 8 shows the performance of the model built
in this work. A look at the metrics indicates the model exhibits a high
predictive accuracy. This is so because the R-square values of 0.977 and
0.978 recorded for the training and testing sets is an indication that
nearly 98% of the variation in geopolymer strength was accounted for
by the model. This is corroborated by Chicco et al. [87] who asserted

Table 8
Model performance.
R? MSE RMSE MAE
Training 0.9774 6.10439 2.4707 1.8501
Testing 0.9787 8.2235 2.8676 2.0486
All data 0.9774 6.5313 2.5556 1.8901
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that R-square values greater than 0.8 lie within the very good perfor-
mance model category. Another point to note regarding the R-square
values is that the close proximity in values for both the training and
testing sets shows that little or no overfitting occurred. For the other
metrics (MSE, RMSE & MAE), it is noticed that there are only marginal
rises for the testing data compared to the training set values with MSE
increasing by 36.4%, RMSE by 16% and MAE by 10%. The overall model
effectiveness as shown in the metrics points to model stability and
robustness.

Furthermore, the observed variability in the dataset is notably high
(coefficient of variation ~ 84%), corresponding to an approximate
dispersion of +17 MPa in compressive strength values. This can be
attributed to the broad range of mix designs, curing conditions, and
strength levels represented in the data. In this context, the model RMSE
of 2.87 MPa is substantially lower than the inherent data variability.
This indicates that the predictive error is within acceptable uncertainty
bounds and supports the reliability of the model.

4.4. Correlation analysis between experimental and model predicted
strength

The parity plots in Fig. 6 where the model forecast data is plotted
against the actual data plays the role of visual validation, namely, to
verify if the data points lie on the 45 line. It is essentially used for over or
under model prediction analysis (Adeniyi et al., [91]). The benchmark
for interpretation is as follows: (i) ideal forecast: All points lie on the
equiangular line (ii) under estimation — the points tend to aggregate over
the line (iii) over estimation — the data points aggregate below the line
and (iv) high variability — points are spread out far from the line. From
Fig. 6, it is observed that the points essentially aggregate on the 45° line
with only a few minor exceptions at high values of geopolymer strength.
This could be attributed to experimental variability. In addition, the
regression slopes obtained from the straight-line equations shown in
each plot (0.9758 for training set, 0.9476 for testing set, and for the
overall, a value of 0.9689) is close to 1, shows that the model has high
accuracy with respect to compressive strength forecasting.
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4.5. Residual error analysis and model adequacy

To further establish the quality of the built model, residual plots
shown in Fig. 7 were created for the data splits as well as for the entire
data. The essence of this undertaking is to check for randomness, equal
variance and linearity which are all characteristics of a good fitting
model whose residuals are spread randomly around zero [92]. On the
basis of these characteristics, the plots in Fig. 7 shows that the points
around zero are randomly scattered with no discernible trend showing
that the model was able to detect and account for the non-linear asso-
ciation between the predictors and geopolymer cement strength.

4.6. Sensitivity analysis

Another veritable means of whitening the black box of neural nets to
enhance its explainability is to establish how each independent variable
affects the outcome of the prediction and the manner in which it does so
([93]; Niedbala et al., [94]). This is simply referred to as sensitivity
analysis. The sensitivity of the independent variables in this study was
established by using the relevancy factor (r). The correlation behind this
analysis is shown in Eq. (26).

Yoa (xi.k - Jh) (S és)

" \/ P (xi,k - J-Ci>22kD:1 (csk - c-s)2

where r; = relevancy factor of the i-th input, x;; = value of input variable

(26)

i for data point k, CSx=forecasted compressive strength, x; &

CS =average values, D=data size. The outcome of the analysis is
depicted in Fig. 8. This figure shows the strength (in fraction) and the
direction of influence of each parameter on the network forecast. Curing
temperature has the most positive relevance with a factor of 0.43
pointing to its influence in establishing geopolymer strength develop-
ment. This is the same finding by Sajan et al. [95] wherein they
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Fig. 6. Parity plots for trained model.
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concluded that curing temperature has the most effect on geopolymer
strength. The work by Harooni et al. [45] and Siciliano et al. [96] sup-
ports that higher temperatures enhance geopolymer strength. Theoret-
ically, the higher the temperature (subject to a threshold), the faster the
aluminosilicates dissolve and a faster polymerization reaction [97]. The
curing time trails the temperature in the ranking order with a positive
factor of relevance of 0.417 implying that longer curing time helps in
building strength. Castillo et al. [98] in an extensive review study cor-
roborates this point. Theoretically, extended curing periods lead to
continued geopolymerization, maturation of the gel and refinement of
the pores which ultimately boosts the geopolymer strength [99]. The
third ranking parameter is the alkaline solution concentration with a
positive relevancy factor of 0.411. From the direction of its impact, an
increase in its concentration yields higher geopolymer strength. El Fadili
et al. [100] and Poojalakshmi et al. [101] in their study reported similar
findings. In theory, the more the alkaline concentration, the faster the
rate of dissolution of reactive Si and Al species, hence, resulting in gel
network connectivity boosting and compressive strength [102].
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Furthermore, the liquid - fly ash ratio has a negative relevance factor of
-0.295 implying that the higher the ratio, the lower the strength of the
geopolymer. This finding is corroborated by the earlier study by
Wardhono et al. [103]. As already established in literature, this behav-
iour is the direct consequence of the liquid diluting the concentration of
the activator, reducing the density of the matrix and enhancing capillary
porosity. Finally, the mole ratio shows a negative association with the
geopolymer strength with a factor of -0.374. This signifies that an in-
crease in the mole ratio attenuates the strength of the geopolymer.
Overall, this analysis aligns with the reaction mechanisms of geo-
polymer cements, thus giving credibility to the model proposed.

4.7. Evaluation of the physics-consistency of the model via trend analysis

According to Osman et al. [104], a crucial factor in validating the
physical consistency of a model is to conduct a trend analysis. In this
study, the trend plot for each parameter were evolved by changing the
values of the parameter while maintaining the others at their average
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values. This way, the effect of each parameter on the geopolymer
strength is evaluated for possible consistency with the established
physicochemical attributes of geopolymer cement. Fig. 9 is the result of
the analysis. The trends show that geopolymer strength is enhanced as
alkaline solution concentration as well as curing time and temperature
increases. On the other hand, the trends also indicate that mole ratio and
liquid fly ash ratio increases yield lower geopolymer strength outcomes.
The theories about underpinning these has been discussed extensively in
the preceding section. These trends confirms that the model is not just
governed by data but is also in sync with the fundamental mechanisms
driving strength evolution in geopolymer cements.

4.8. Outlier detection and model reliability assessment

To evaluate the validity of the built model, the Leverage plot was
deployed. This is a plot of the standardized residuals against the leverage
values represented by H. This is depicted in Fig. 10. This plot serves a
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dual purpose: to identify influential points and outliers and the domain
of model workability. To compute the H, Eq. (26) is used.

H=X(X"X)"'Xx" (26a)

In Eq. (26), X=input variable matrix. The model workability
domain (H*) is computed using Eq. (27).
3p+1)

=T (27)
n

For Eq. (27), p=input variables number; n=data size. Eq. (28)
shows the correlation for the computation of the standardized residuals.
T sV/1-H

In Eq. (28), ¢; = estimation error; s = residuals standard deviation.

Upon computing these parameters, Fig. 10 is the pictorial depiction
of the Leverage plot. The plot is made of data points in green and some in

R; (28)
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Table 9
Model comparison.
Reference Algorithm Performance Explicit model? Sensitivity? Trend analysis Applicability domain
Ling et al. [62] ANN R?= 0.961, RMSE = 543, MAD = 355.3 No Yes Yes No
Rahmawati et al. [67] ANN R?=0.941, RMSE =0.192 No No No No
[2-30-1]
Tanyildizi [57] LSTM R?= 0.992, RMSE = 1.5039, MSE =2.2617 No Yes No No
This study 2026) ANN R?=0.9787, RMSE= 2.867, MSE= 8.223, MAE= 2.048 Yes Yes Yes Yes
[5-7-1]

red colour. It can be observed that majority of the data points (green
colour) fall within the acceptable residual boundary of —3 < R; < +3
while only four data points (red colour) fall outside this boundary. Given
that the total number of data points is 273, therefore 269 data points
(98.5%) are deemed valid points while only 1.5% of the data are
considered outliers. The data that constitutes this 1.5% are likely due to
uncertainties in experimentations or measurement noise. It should be
noted that no data fell outside the critical leverage boundary H* con-
firming that model forecasts are not dominated by a small subset of
influential observations. In conclusion, the fact that valid data
amounting to 98.5% of the dataset lies within the H; < H* & |Ri| < 3
boundary is a pointer to the reliability and stability of the model.

4.9. Comparison of model performance

To further validate the proposed model’s efficacy, the reported ac-
curacies of previous models built for geopolymer compressive strength is
compared with the one obtained in this study. To this end, the perfor-
mance and attributes of the three models isolated from the literature
built specifically for geopolymer cement strength are shown in Table 9.
It is observed from the table that earlier studies recorded reasonable
model accuracies. Using the R? as a yardstick, the ranking of the models
(from best to least performing) are as follows: Tanyildizi [57] > This
study > Ling et al. [62] > Rahmawati et al. [67]. In terms of model
explainability and practical usability, the model developed in this study
ranks better as it is explicitly presented, validated for physical consis-
tency, delineated its workability domain and the contribution of each
input is clearly outlined. These features make the model in this study a
ready and deployable tool for geopolymer cement strength estimation
for oilfield cementing purposes.
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4.10. Model field deployability pathway

A model is only valuable when it can be effectively deployed in
practical applications. In this context, the most reliable pathway for
utilizing the developed model is its implementation within a software
environment, enabling seamless deployment in real-world field opera-
tions. To achieve this, the proposed explicit model can be integrated into
existing wellbore cementing simulators by embedding it as a compres-
sive strength prediction subroutine within the cement evaluation mod-
ule. Accordingly, the model is operationalized through a structured
computational workflow where the input parameters are obtained from
slurry design data and downhole temperature profiles. The estimation of
the geopolymer compressive strength proceeds as follows:

i. The simulator computes compressive strength automatically
using the explicit equation without requiring iterative numerical
solving.

ii. The estimated compressive strength values are then compared
against a predefined minimum safe compressive strength
threshold (e.g. 3.45 MPa) required for well integrity before
resuming drilling operations. Once the predicted compressive
strength equals or exceeds this threshold, the corresponding
curing time is identified as the WOC time.

Sensitivity analysis can be performed by varying liquid-fly ash

ratio and alkaline concentration to optimize slurry formulation.

. Finally, validation against field cement bond logs and laboratory

strength tests ensure reliable real-time deployment and opera-
tional confidence.

iii.
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5. Conclusion

This study was undertaken to aid in building a ready to use tool for
estimating geopolymer cement strength for wellbore cementing pur-
poses. To properly isolate the gaps that exist in the literature, a critical
evaluation of documented paradigms for oilwell cement compressive
strength was embarked upon. As a result, regression and ML based
models built for this purpose were identified. The findings indicate that
many models (both regression and ML based) exist for oil well cement
strength prediction. However, the number of models for geopolymer
cement strength estimation are relatively few. A close look at the ML
models shows that they are mainly opaque, black boxes and are not
explainable. These gaps propelled the motivation to undertake this
study. In this regard, an accurate, white box, physics constrained model
was built using Bayesian regularized neural network. Based on the
findings made, the following are the main conclusions:

i. An explicit, ready-to-use model was developed with a physics-
based constraint introduced to preserve its physical reliability
thereby providing a white-box alternative to existing black-box
models.

ii. The proposed model demonstrates that high predictive perfor-
mance can be achieved alongside interpretability. This addresses
a key limitation in prior studies where accuracy often comes at
the expense of transparency.
The sensitivity evaluation of the inputs reveals the following:
strength enhancement variables: curing temperature (+0.43)>
curing time (40.417) > alkaline concentration (+0.411);
strength attenuating variables: mole ratio (-0.37) and liquid fly
ash ratio (-0.295). This provides actionable engineering insights,
unlike many ML models that only give predictions.

Trend analysis shows that the model preserves the underpinning

physicochemical mechanisms of geopolymerization associated

with geopolymer cements. This ensures physical reliability,
improving confidence in model predictions

v. This study establishes a modelling framework that can be
extended with larger datasets and advanced techniques. This
provides a scalable foundation for future developments in intel-
ligent cementing systems.

iii.

iv.
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