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Abstract

Ultra-High-Performance Concrete (UHPC) is characterized in modern high performance
building materials as being extremely heavy-duty safe and optimized mix design. How-
ever, the interdependence of its ingredients is very nonlinear, which makes the accurate
prediction of compressive strength a complicated task. The current research presents a
combination of Machine Learning (ML) algorithms with a Symbolic Regression as a means
to predict the compressive strength of UHPC based on 810 samples of a reliable open da-
taset. To increase generalizability, 5-fold stratified cross-validation was used to train 7 ML
algorithms including K-Nearest Neighbors, Decision Tree, Random Forest, Gradient
Boosting, AdaBoost, Neural Network and Linear Regression. To tune each model hyper-
parameters and assess both performance based on MAE, RMSE and R2 measure, Orange
Data Mining software was used. To improve the explanation, the four models that had
the highest accuracy, which is Gradient Boosting, AdaBoost, Neural Network, and Ran-
dom Forest, were subsequently understood by means of Multi Expression Programming
X (MEPX), to come up with explanatory equations. These equations as well as the equation
of the original dataset have been tested through mathematical simplicity and practical
engineering application. The results revealed that interpretability and predictive sound-
ness could be presented in symbolic models, presenting a viable choice of engineering use.
The study thus combines information-based intelligence and clear decision-making over
the optimization of UHPC mix and makes it easier, cheaper, and more understandable to
design materials in structural engineering disciplines.

Keywords: Ultra-High-Performance Concrete, Machine Learning, Symbolic Regression,
MEPX, Compressive Strength Prediction, Interpretable Models.

1. Introduction

The Ultra-High-Performance Concrete (UHPC) is one of the paradigmatic innova-
tions in the field of concrete-materials which is enabled by the mechanical performance
never achieved before, its increased durability and the long-life of the structure due to the
enhanced resilience that allows maintaining the structural integrity in the case of a failure
[1]. UHPC uses a propriety mixture design to regularly attain a compressive strength
greater than 150 MPa with values varying to as high as 500 MPa; at the same time it also

has better tensile strength and fracture toughness due to the internal dense matrix and
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overall microstructure design. These properties help to be used in harsh scenarios such as
long-span bridges, seismic retrofit, high-rise constructions, and sensitive military facilities
[2].

Although these are its benefits, the realisation of the high performance of UHPC re-
quires an accurate engineering of the proportions of the components, interactive effect and
the curing conditions [3]. The contents that should be orchestrally controlled in terms of
best results include cement, silica fume, nano-silica, quartz powder, limestone powder,
slag, and high-performance fibers. The resulting mixture design, nevertheless, is princi-
pally empirical, and the trials and error still come to play [4]. These types of approach are
long and resource consuming in addition to not taking into full consideration the nonlin-
ear, interactive nature of phenomena that define UHPC behaviour [5].

The first one, thus, lies in the complexity of UHPC material system itself. Every one
of those variables such as dosage of nano-silica, curing temperature or volume of fibre
have effect on hydration kinetics, evolution of microstructure and ultimate compressive
strength [6]. Such effects can seldom be additive, and act either synergistically or antago-
nistically, which does not permit their isolation using standard multiple regression proce-
dure. In-order to achieve accurate prediction of UHPC performance complex modelling
tools that can help in recognising multivariate, nonlinear relationships must be deployed
[7].

Current studies on civil engineering make machine learning (ML) a powerful alter-
native to traditional material modeling methodologies [8]. The ensemble-based methods,
including Random Forest and Gradient Boosting, and neural-network models, can con-
dense the knowledge in the complex datasets without pre-conceived priori mathematical
definitions and reveal the latent patterns and can be effectively used across a broad range
of input attributes with a high level of predictive accuracy [9]. However, this method reg-
ularly faces a criticism regarding the so-called black-box behavior: they provide little un-
derstanding of the mechanism behind inferences made, as well as the relative importance
of each of the explanatory variables [10].

In a bid to address this trade-off on the predictive accuracy against interpretability,
symbolic regression has emerged [11]. Instead of just curving the data, symbolic regression
tries to find analytical formulae that summarise the input-output relation [12]. Genetic pro-
gramming has been used to develop new tools like Multi Expression Programming X
(MEPX) that can be used to develop new mathematical expressions based on prior ML
inferences, in order to produce interpretable and closed-form solutions [13]. Symbolic
equations that are generated during symbolic regression offer a desirable addition to
black-box ML models in engineering practice, where clarity, simplicity, and physical rele-
vance are still core requirements to be adopted [14].

The current research proposes an elaborate data-driven model of modeling the com-
pressive strength of ultra-high-performance concrete (UHPC). The data set involves 810
distinct mixture designs all characterized by 14 input parameters, which are contents of a
binder, pozzolanic substances, curing time, water level, temperature, super plasticizer con-
centration. Compressive strength (MPa) is the target variable, the most important perfor-

mance indicator in the UHPC applications [15]. The training and validation of machine
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learning (ML) models are ensured by using cross-validation methods of robust perfor- 82
mance [16]. 83

Besides prediction ability, interpretability is also emphasized in the study due to 84
symbolic regression being used on the two models that had the best performance [17]. The 85
objectives are to develop some easy equation, which can be easily calculated by engineers 86
in order to derive the strength of UHPC without going through a lot of calculations by 87
simulation [18]. Such equations are also seen to explicate how the various variables interact 88
in the process of making the determination of the development of strength hence either 89
strengthening or refuting any known material science [19]. 90

Its resultant hybrid framework combining data-driven prediction with physical un- 91
derstanding provides practical mixture optimization tools, underpins performance-based 92

concrete design, and contributes in general to the effort to bring UHPC to normal practice 93

in terms of accessibility, cost, and reliability as a structural material [20]. 94
2. Methodology 95
2.1 Dataset Description and Preprocessing 9%

The current study uses high quality experimental data on the Ultra-High-Perfor- 97
mance Concrete (UHPC) stored on Mendeley Data (d0i:10.17632/85r7bh4zsz.1). It includes 98
810 mixtures of design samples with 14 main characteristics which are: cement, slag, silica 99
fume, limestone powder, quartz powder, fly ash, nano-silica, aggregate, water, fiber, su- 100
perplasticizer, curing temperature and age and its compressive strength is the output [15]. 101
These characteristics expose the complex dependency of material composition, admixtures 102
and curing conditions on the performance of UHPC. The dataset was tested on complete- 103
ness before model building, and it was found that there is no missing value. Appropriate 104
scaling routines were utilised: scaling to similar magnitude values as an input variable was 105
applied to neural network-based model, but raw values were applied to tree-based model, 106
which was more resistant to scaling. These preprocessing processes were necessary to 107

guarantee the integrity of the data set and make it viable in machine learning enabled de- 108

termination of compressive strength. 109
Table 1: Specifications Table [15] 110
Field Description
Subject Civil and Structural Engineering

o . Mix design and compressive strength of Ultra-High-Perfor-
Specific subject area
mance Concrete

Data format Raw and analysed

Parameters for dataj|Cementitious materials, admixtures, aggregates, curing temper-

collection ature and age

Description of data||810 laboratory-tested UHPC mixes with varied proportions and

collection curing regimes

Data accessibility  |[Repository Name: Mendeley Data DOI: 10.17632/85r7bh4zsz.1

111
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2.2 Machine Learning Model Development and Cross-Validation 112

Here, seven machine learning algorithms were optimized and tested with regardsto 113
their individual capability to represent features of target datasets. These models were ap- 114
plied in the Orange Data Mining, which is a visual programming environment that is easy 115
and convenient to experiment and create prototypes. Selection criteria prioritized algo- 116
rithm diversity, spanning ensemble boosting techniques (AdaBoost and Gradient Boost- 117
ing), instance-based learning (k-Nearest Neighbors), linear approximations (Linear Re- 118
gression), and neural architectures (Multilayer Perceptron). Each model was set to be used 119
with an apt hyperparameter configuration; e.g. the AdaBoost model was set to 50 estima- 120
tors, learning rate was 1.0, and linear loss. Gradient Boosting (XGBoost) used 100 trees, a 121
learning rate of 0.3, and a depth limit of 6. Random Forest used 40 trees and splits attributes 122
at every node. The employed Neural Network incorporated 75 hidden neurons with the 123
provision of tanh function activation and optimized using the L-BFGS-B solver. Decision 124
Tree and k-Nearest Neighbors had default parameters left but minor parameters were 125
changed. Prior to training all models, a 5-fold stratified cross-validation structure was em- 126
ployed in order to ensure a statistically sound way of making reasonable comparisons be- 127
tween models, as well as minimising overfitting, with the target variable (continuous) be- 128
ing evenly distributed among the folds through quantile based stratification. Mean Abso- 129
lute Error (MAE), Root Mean Squared Error (RMSE), and the coefficient of determination 130
(R?) were computed for each folded dataset and averaged across all folds to assess gener- 131
alization performance. Such a consistent methodology allowed every algorithm to be 132
tested in similar albeit strict conditions, thus enabling the performance to be compared 133

objectively prior to the further symbolic regression modeling. 134

2.3 Symbolic Regression Using MEPX 135

In the study research, the idea of enhancing intuitive interpretation and reducing the 136
gap between the data-driven forecasting and in-house engineering knowledge based on 137
Multi Expression Programming X (MEPX) symbolic regression was pursued. In contrast 138
to the traditional regression methods, symbolic regression does not require the prior 139
knowledge of a certain model structure; rather, it runs an iterative process of building 140
mathematical formulae that optimally explain the relation between input features and tar- 141
get response. The project generated symbolic representations relating to the four best mod- 142
els of machine-learning by using predictions of contemporary models on the earlier-used 143
feature inputs to the real-world input data. The main purpose was to humanize, internal 144
logic of such high-performing models through the form of equations. MEPX was setup to 145
operate on continuous inputs and address a symbolic regression issue where Mean Abso- 146
lute Error was employed as the key measure. The evolutionary engine used two subpop- 147
ulations of 200 individuals and had 400 generations per run, a maximum code length of 30, 148
crossover probability of 0.9 (uniform crossover) and the mutation probability of 0.01. Het- 149
erogeneous set of mathematical operators, such as elementary arithmetic, power, square 150
root, logarithmic, exponential, and trigonometric functions was provided with a view to 151
encouragement of expressive formulae. Auto-generated constants were limited to the set 152
0-1 and evolution would take place only within this domain. Internal validation set was 153

applied to validate training procedures and the whole process was repeated 20 times in 154
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independent runs, with random seed initialization value of 0, to ensure reproducibility. 155
Such an approach to methodology produced symbolic expressions that reflect the predic- 156
tive behavior of complex machine-learning models in a very close manner, thereby provid- 157
ing a practical value in engineering within environments where transparency and inter- 158

pretability are required. 159

2.4 Comparative Evaluation and Interpretability Assessment 160

The last stage of the investigation implied a combined analysis of predictive-perfor- 161
mance assessment and interpretability of machine-learning models and symbolic-regres- 162
sion output. The performance of each of the machine-learning models was evaluated using 163
the 5-fold stratified cross-validation and evaluated using the Mean Absolute Error (MAE), 164
Root Mean Squared Error (RMSE) and coefficient of determination (R2) average over the 165
folds to make the performance reliable. These four models, which had the most significant 166
mean performances, were then used in symbolic-regression analysis with Multi Expres- 167
sion Programming X (MEPX ). Further, symbolic regression was directly applied to the 168
original data where the actual values of the target variable were used and the final output 169
is five symbolic expressions, one based on the original data and four based on the chosen 170
machine learning model outputs. These expressions were compared not just in terms of 171
predictive accuracy using the same statistical measures, but were also compared in terms 172
of mathematical complexity (number of operators, depth, and structure) and in terms of 173
their engineering interpretability, which involved the question of whether the equations 174
fulfilled physically meaningful expressions and were dimensionally consistent, and thus 175
were amenable to practical engineering use. This dual-level assessment scheme provided 176
a glimpse into the predictive power, as well as the explicative clarity of the models thus 177
providing the needed equilibrium between statistical performance and explanatory clarity 178

of structural engineering design processes. 179

2.5 Final Workflow and Implementation Framework 180

The current research applies a systematic approach, which combines the data pre- 181
processing, creation of the model, assessment, and obtaining the symbolic expressions. The 182
preprocessing of data started by acquiring the UHPC data that was then cleaned, validated, 183
and scaled selectively to make the data convenient to subsequent learning algorithms. The 184
modelling was carried out in Orange Data Mining using visual pipelines to train, cross- 185
validate and test results on the same set of criteria. The quantitative measures in terms of 186
performance were used to determine the four best models that possess maximum predic- 187
tive accuracy. Parallel to that, we carried out symbolic regression with MEPX on the orig- 188
inal data as well as the predictions produced by each of these four selected models. Indi- 189
vidual MEPX configurations were optimised with standard evolutionary tuning settings 190
(crossover likelihood, mutation probability and populace size) to produce resilience and 191
repeatability. The ensuing symbolic models gave meaningful mathematical formulae rep- 192
resenting the nonlinear patterns behind. A second evaluation offered a measure of the 193
physical pertinence, and feasibility of realization of this symbolic equations. Altogether, 194

the hybrid pipeline, where statistical learning and symbolic modeling are integrated, 195
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provides an extremely exact predictive system and a comprehensible, portrayable set of

tools, which could be used to optimize UHPC mix design in actual practice of engineering.

3. Results and Discussions
3.1 Summary Statistics

Table 2 giving the summary statistics renders important observations related to the
composition of UHPC mixtures. It has a relatively high mean of 737.91 kg/m 3 with a large
variation that ranges to 270 to 1251.2 kg /m 3 in effect, portraying highly variable mix de-
signs. The skewness value (or (minus) 0.23) is near to zero, hence it shows a symmatric
distribution which is friendly towards regression modeling. The median value (144 kg/m
3 ) is larger than the mean value (136.99 kg/m 3 ), indicating that the distribution of silica
fume (SF) is skewed on the left-hand side; this distribution indicates that the mixtures that
exclude SF entirely are not present. The nano-silica (NS) has a low value of the mean (3.64
kg/m 3 ), and large skewness (2.53) that underlines the low yet potentially significant ap-
plication. Fibers (Fi) provide a mean of 56.04 kg/m 3, and a median of zero, which means
that half of the mixtures will not have any fibers. The compressive strength (CS) is 123.13
MPa on average with low skewness (0.002), which means that the target variable has a

normal distribution and is subject to regression analysis.

Table 2: Summary Statistics

Feature Mean Stan.da.rd Standard Sarerle Skewness Kurtosis Range Min Max
Deviation Error Variance

C 737.9 173.5 6.1 30087.4 -0.2 -0.1 981.2 270.0 1251.2
S 25.2 74.4 2.6 5530.2 3.0 8.2 375.0 0.0 375.0
SF 137.0 104.1 3.7 10846.1 0.3 -0.6 433.7 0.0 433.7
LP 41.9 133.1 4.7 17724.0 4.8 28.3 1058.2 0.0 1058.2
QP 33.3 79.7 2.8 6347.9 2.3 4.2 397.0 0.0 397.0
FA 26.3 67.5 24 4551.1 2.5 5.3 356.0 0.0 356.0
NS 3.6 7.8 0.3 60.5 2.5 6.7 47.5 0.0 47.5

A 1150.1 312.2 11.0 97438.9 0.2 -0.2 1584.2 407.8 1992.0
4 179.9 25.6 0.9 653.7 0.6 1.7 182.6 90.0 272.6
Fi 56.0 75.2 2.6 5659.6 0.8 -1.0 234.0 0.0 234.0
SP 30.0 14.0 0.5 195.8 -0.2 -1.1 55.9 1.1 57.0

T 23.9 16.2 0.6 262.8 9.1 91.7 190.0 20.0 210.0
Age 37.1 53.1 1.9 2821.3 3.8 18.6 364.0 1.0 365.0
CS 123.1 40.2 1.4 1619.2 0.0 -0.6 192.0 28.5 220.5
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3.2 Correlation Matrix 214

The graphical representation of the correlation matrix between the variables under 215
consideration and the compressive strength (CS) are shown in Figure 1. Cement (C), silica 216
fume (SF), and fibers (Fi) have a very positive correlation with CS and this tendency isin 217
line with the most popular assumption that the increase in concrete strength is the predict- 218
able consequence of increasing binder and fiber percentages. However, the water (W), on 219
the other hand, has a negative correlation, and this has actually been observed over the 220
years that excess water has a tendency of weakening the concrete matrix. The other input 221
variable, nano-silica (NS), has only weak correlation with CS; the same might be explained 222
by context-dependent effects, or the necessity of having some interaction terms to better 223
describe the effect of NS. Also, the matrix indicates some areas of multicollinearity, in par- 224
ticular, between cement and silica fume, which is to be considered in the course of a feature 225
selection in order to reduce the threat of overfitting. 226
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Figure 1: Correlation Matrix 228

3.3 Distribution Plots 229
3.3.1 Analysis of Cement (C) Distribution Plots 230

A histogram of cement concentration of the tested UHPC mixes is shown in Figure 231
2. When visualized, a bimodal pattern emerges, with peaks of density around 600 and 900 232
kg/m 3, and two major cement-contents strategies can be observed, a moderate range and 233
a high range. The two-peak nature is conformed by both the histogram and the Kernel 234
Density Estimation (KDE) graph. The respective boxplot is symmetrically dispersed, with 235
the median around 770 kg/m 3 and there is no outlier. The violin plot also requires 236
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mapping the concentration of the density at the two points of peak; besides the horizontal
span that is observed in the scatter plot reveals a steady use of cement throughout the
samples. The QQ plot indicates that there is a gradual loss of normalcy at the extreme ends
and it is therefore possible that some statistical modeling methods have errors in calcula-
tion, in case the cement concentration variable is transformed. Drawn together, the plots
notably stress the necessity to take into consideration the bimodality of cement concentra-
tion when exploring the connection between the latter and the compressive strength too
since the modeling might demand distinguishing between the two patterns of mix design.
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Figure 2: Cement (C) Distribution Plots
3.3.2 Distribution Plots for Slag (S)

As is shown in Figure 3, the distribution plots of S in the Ultra-High-Performance
Concrete (UHPC) dataset summarize its statistical character with relative brevity. Strin-
gent drop is visible on the right side with the dominance of zeros and within a relatively
small number of bars the value of 375 is attained. The given trend and the related skewness
of 3.0176 point to the right-skewed nature of the distribution, as the mean, median, and
mode equal 0.0; there is no slag at most records. The KDE plot confirms this arrangement
as a narrow peak centred on zero that falls sharply and that could be indicative of a distri-
bution that is skewed to the right and that is leptokurtic (kurtosis 8.2266). Violin plot pro-
vides a thick cluster at 0 and a low whip making the violin plot to differ with those that
have a standard deviation of 74.3655, and the outliers above the upper whisker, which
indicate the boxplot. The Q-Q plot shows evident distortions to normality, the Q-Q plot
slants positively at the larger quantiles, as a result of the heavy tail. As the scatter plot
shows, there is a zero-centric cluster to which the points are scattered and reach up to 375
indicating the erratic, zero-rich character of the distribution. All these plots point to the
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fact that slag is used sporadically and it is difficult to predict its contribution to the strength 262

modeling of UHPC. 263
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Figure 3: Distribution Plots for Slag (S) 265
3.3.3 Distribution Plots for Silica Fume (SF) 266

In Figure 4, the silica fume distribution is quite slightly right-skewed, as the skewness lies 267
in 0.259. There is quite a balanced distribution as the median of 144.0 is not very far off as com- 268
pared to the sample mean 136.987272 kg/m 3. However, a value of 0.0 kg/m 3 in a mode means 269
that there is a high percentage of the observations that do not include any silica fume. When 270
coupled with the median equal to 144.0 kg/m 3 it would seem that there was a possible two- 271
peaked distribution, one centred at zero and another about 144.0 kg/m 3. The negative kurtosis 272
of -0.5967 also portrays that it is flatter in nature and has the possibility of more than one mode, 273
whereas the standard deviation of 104.1446kg/m 3 maintains moderate dispersion within a max- 274
imum range of 0.0 to 433.7kg/m 3. Two clear clusters can be identified one at zero silica fume 275
and one near 144.0 kg/m 3 which implies two practices; inclusion or no inclusion of silica fume 276
and good inclusion. 277
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Histogram Boxplot
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Figure 4: Distribution Plots for Silica Fume (SF) 279
3.3.4 Distribution Plots for Limestone Powder (LP) 280

Analysis of Figure 5 indicates that limestone powder is extreme in distribution all to the 281
right, which was evident by skewness coefficient of 4.7579. Both the median and the mode value 282
are at 0.0 kg/m 3, which means that the largest number of observations do not have this compo- 283
nent in them, whereas the mean value at 41.9295 kg/m 3 is a result of an occurrence of a low 284
number of samples with abnormally high values, namely, a maximum of 1058.2 kg/m 3. The 285
value of kurtosis is far too high (28.3356), indicating a very sharp peak at the mark of zeroand a 286
long, thin right tail; in addition, the standard deviation of 133.1315 kg/m 3 depicts significant 287
freedom in the distribution of the non-zero values. Such distribution would have a very sharp 288
peak at zero, but quickly diminish, with a thin, long tail in the higher parts of the concentration, 289
which further demonstrates that even though the presence of limestone powder can, and often 290
does occur in UHPC, it is still a very low possibility with a very low probability of occurring. 291
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Figure 5: Distribution Plots for Limestone Powder (LP)

3.3.5 Distribution Plots for Quartz Powder (QP)

The rightward deviation is observable in Figure 6 and quartz powder shows 2.2829 of
skewness. The median as well as the mode is 0.0 kg/m 3 indicating that most of the samples do
not contain quartz powder. On the other hand, the average of 33.271 kg/m 3 portrays occasional
use though not above 397.0 kg/m 3. The positive value of the kurtosis (4.2442) points to the
peaked distribution with an unusually long right tail and the 79.6739 kg/m 3 standard deviation
moderately represents the dispersion between non-zero values. Therefore, the customary plot of
the distribution would most probably have a stark high at zero, slowly dropping off into lower
points, and extending out into a tail to greater concentrations indicating the selective but in some
cases, substantial addition of quartz powder to UHPC.
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Figure 6: Distribution Plots for Quartz Powder (QP)

3.3.6 Distribution Plots for Fly Ash (FA)

500 600 700 800

It is observed that the fly ash is right skewed as shown in figure 7; it is also noting that

skewness is 2.4922. Its median and mode are 0.0 kg/m3 and this means that in the majority of
samples it is absent, whereas the mean of 26.2649 and a standard deviation of 67.4617 kg/m 3

means that in some cases the level of fly ash can be as high as 356.0 kg/m 3. A value of kurtosis
of 5.3377 means that it is extremely raised at 0, and the right side of the graph is long and prob-
ably covers outliers. The distribution plot would probably indicate one thick spike centered at

zero, a steep decline, and an elongated tail at the right end, which represents significantly rare

yet considerable application of fly ash in some UHPC products.
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Figure 7: Distribution Plots for Fly Ash (FA)
3.3.7 Distribution Plots for Nano-Silica (NS)

As indicated in figure 8, nano-silica is right skewed and its skewness is 2.5324. The small
mean value of 3.6386kg/m 3 and the median and mode of 0.0kg/m 3 show that it was not present
in many samples and when it is present it is in small portions with a maximum range of 47.5kg/m
3. The kurtosis value of 6.7083 indicates that the peak around zero is sharp and having a long
right tail whereas the standard deviation of 7.776 kg/m 3 means that the range non-zero values
is not very large. The distribution plot would have a significant spike centered at zero, and a
sharp drop-off and a light tail at higher values, the distribution plot depicting the fact that nano-
silica does improve UHPC properties, infrequently.
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Figure 8: Distribution Plots for Nano-Silica (NS)

3.3.8 Distribution Plots for Aggregate (A)

Figure 9 shows that the aggregate content has a moderately right-skewed distribution and

the value of skewness stands at 0.2436. However, the mean 1150.11 kg/m 3 has a slight right-tail

compared to the median 1116.0 kg/m 3. The concentration is higher as the mode is 1231.0 kg/m
2. Besides, the negativity of kurtosis, -0.2107 shows that there is a flattened distribution that is
not normal with its width range of 407.8 to 1992.0 kg/m3 and its standard deviation of 312.152
kg/m3. In turn, the distribution plot will be moderately symmetrical with a slight right skew and

a fairly smooth-looking appearance, thus indicating the uniform use of aggregate in the UHPC

mixes with a slight component of variation.
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Figure 9: Distribution Plots for Aggregate (A)

3.3.9 Distribution Plots for Water (W)

By viewing figure 10 it is evident that the distribution of water content is a right skewed
distribution with skewness of 0.6261. The value of 179.8911 kg/m 3 has a mean value that is
slightly higher than the median value of 177.0 kg/m 3, which implies a tail towards the higher
concentrations of water, but the mode is 160.0 kg/m 3, which implies maximum concentration in
lower concentrations of water. Positive Kurtosis (K) of 1.7112 indicates that the distribution is
peakier than the normal distribution and the standard deviation (standard deviation) of 25.5682
kg/m 3 indicates moderate variation between 90.0 and 272.6 kg/m 3. The distribution plot would
quite possibly show a peak between 160.0 to 177.0 kg/m 3 with a middling right tail and this
would therefore reflect the effect of water variation on workability and strength of UHPC.
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3.3.10 Distribution Plots for Fiber (Fi)

Figure 10: Distribution Plots for Water (W)

By looking at the Figure 11, it is clear that fiber content is right-shifted skewed, as its skew

statistic is 0.8172. The medians and mode, which are all on the same point, 0.0 kg/m 3, means
that many of the samples have no fiber in them, but the mean, which is 56.0444 kg/m 3, means
that significant numbers are present when they are, with individual observations totalling up to
234.0 kg/m 3. The lower value of the kurtosis (0.9811) indicates a nearer to flat distribution, with
values that are broadly spread out among the non-zero observations, and the corresponding
standard deviation of 75.2306 kg/m 3 confirms the spread. As is likely to be seen in the distribu-
tion plot, this would tend to be very sharply peaked at zero, with a wider, lower outlined peak

towards larger values, reflecting the wide range of quantities of fibers usually added to UHPC.
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Figure 11: Distribution Plots for Fiber (Fi)
3.3.11 Distribution Plots for Superplasticizer (SP)

Distribution of superplasticizer content is close to symmetrical with a slight left tail as can
be explained by the skewness of -0.176, as shown in Figure 12. The mode (45.0 kg/m3) suggests
the presence of the concentration in the higher values, and a comparison between the mean
(30.0309 kg/m3) and the median (30.2 kg/m3) shows that they are similar to each other. With a
kurtosis of -1.0941 the distribution is flattened and has a less dense tail region whereas the stand-
ard deviation of 13.9935 kg/m 3 indicates moderate variations with a range of 1.1 to 57. 0 kg/m
3. As a result, the distribution plot would mostly be symmetrical with just a lean to the left and
a broad and flat design with a sharp peak at 45.0 kg/m 3 due to the consistent application of
superplasticizers to ensure the workability of UHPC.
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Figure 12: Distribution Plots for Superplasticizer (SP) 374
3.3.12 Distribution Plots for Temperature (T) 375

Figure 13 reveals that temperature has a highly right-skewed distribution with the skew- 376
ness of 9.1441. The median of 21.0 o C and the mode of 23.0 o C indicate that the largest number 377
of observations taken were recorded at fairly low temperatures, and the mean of 23.921 0 Cis 378
high due to the existence of a long right tail to a high reading of 210.0 o C. The kurtosis of 91.7097 379
indicates the very concentrated peak about the point of 21.023.0 C, with a relatively sparse tail 380
and a clear outlier, which is confirmed by the standard deviation of 16.2115 C. The matched 381
distribution plot would thus have a peak that is quite tall and narrow at the low end and along 382
tail of the distribution to the high temperatures that might indicate specialized curing conditions 383
in some of the experiments. 384
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Figure 13: Distribution Plots for Temperature (T)
3.3.13 Distribution Plots for Curing Age (Age)

As seen in figure 14, there is a strong skew (3.8115) in the distribution of curing age as
captured in the strong right tail. The modes of 28.0 days and median of 28.0 days points to a
normal curing having its values, but the mean value of 37.0938 days is inflated by the right tail,
which carries upto the maximal value of 365.0 days. The large Kurtosis of 18.6114 indicates the
existence of a sharp peak at the point of 28.0 days with long tails and the relatively large standard
deviation of 53.1159 supports the existence of a large variability of long curing times. This dis-
tribution will most likely portray a peak at 28.0 days and then sharply decrease with a long tail
on the longer side, which is an observable tendency as per the daily testing needs along with the
need to extend curing.
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Figure 14: Distribution Plots for Curing Age (Age)
3.3.14 Distribution Plots for Compressive Strength (CS)

Using figure 15, it can be seen that the values of compressive strength are circumscribed
by almost symmetric distribution since the skewness is 0.0024. The arithmetic mean of 123.1315
MPa and the median of 122.3 MPa are basically the same and the mode of 120.9 MPa is in a
narrow gap which reinforces symmetry. The negative kurtosis (-0.5517) has stated that the dis-
tribution is slightly flattened as compared to normal distribution, with the range between 28.51
and 220.5 MPa and standard deviation of 40.2387 MPa. The related distribution plot would thus
have a bell-shaped shape which would average at approximately 122123 MPa and be character-
ized with a harmonious as well as slightly concave shape which would make it quite exemplary
to the predictive models used in the works conducted on UHPC.
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Figure 15: Distribution Plots for Compressive Strength (CS) 410
3.4 SHAP Summary Plot 411

Figure 16 below contains the SHAP (SHapley Additive exPlanations) summary that 412
provides an effective insight into the predictions made by the machine learning by organ- 413
izing the features according to their effect on CS and their contribution to the output on 414
the value span that is associated to the features. However, the plot itself is not actually 415
provided, but generally it illustrates properties in vertical order of their importance and 416
horizontal distributive SHAP values (both positive and negative) along with color grad- 417
ings of features proportions or feature magnitude (low to high feature values). By analyz- 418
ing the results of UHPC properties and the dataset, such features as cement (C), silica fume 419
(SF), and curing age (Age) might be considered the most important contributors since their 420
roles in strength development are already determined. Large C (up to 1251.2) or SF (up to 421
433.7) values with high SHAP values would indicate that they have negative effects, rais- 422
ing the level of CS predicted, while water (W) could have negative SHAP values lowering 423
the value of the CS, when it passes the optimal level. Zeros proliferated features (S, LP, QP, 424
FA, NS, Fi) might be having variable effects: when they happened, they would boost: add- 425
ing a NS feature increased the score by up to 47.5, but these features are infrequent so it 426
cannot make much difference in the abstract. The dispersion and orientation of the SHAP 427
values would demonstrate which of the consequences are linear or nonlinear and where 428
the effects are interactions, and, thus, this graph would be critical in figuring out which 429
factors contribute the most to UHPC strength estimations. 430



Proceedings of 3 International Conference on Climate Change and Emerging Trends in Civil Engineering 2026 22 of 36

High
Age .

Fi

SF

SP

Feature value

FA
NS
QP

LP

T T T T T T Low
-60 -40 -20 0 20 40

SHAP value (impact on model output)

431

Figure 16: SHAP Summary Plot 432
3.5 SHAP Dependence Plot 433

The SHAP dependence plot goes into a close up on the relationship between a single fea- 434
ture and CS, and plots its values against those of the SHAP values, and in many cases color is 435
used to indicate that an interaction with some other feature has been encountered. Lacking the 436
particular characteristic as in the case of curing age (Age) whose range is wide (1.0 to 365.0) and 437
its mean is large (37.0938) as displayed in figure 17. The plot may either indicate SHAP values 438
raised as the Age proceeds, showing that the longer the curing, the stronger the concrete is, asit 439
is with the principles of concrete curing. There might be a flattening of the steep increase in 440
SHAP values past the 28 days interval (median: 28.0) due to declining returns. colouring by 441
‘Temperature (T) may indicate that Age has a positive synergistic effect with T up to 210.0. Al- 442
ternatively, a plot of a feature such as water (W) would give decreasing values of SHAP, with 443
patterns of scattering as W combines with SP or C. The plot is a more subtle look at the behavior 444
of each individual feature in the model in addition to the other information provided in the 445
SHAP summary plot. 446
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Figure 17: SHAP Dependence Plot
3.6 Parametric Sweeps
3.6.1 Parametric Sweeps for Cement (C)

Figure 18 represents parametric sweep (C) in Ultra-High-Performance Concrete (UHPC)
database, which perhaps tests the effect of different cement content to the compressive strength
(CS) since its mean is 737.9146 kg/m 3 and a range of 270.0 to 1251.2 kg/m 3. Having a standard
deviation of 173.4572 kg/m 3 with a slightly left skew (-0.2288), the sweep would first trend pos-
itively with increment in cement content when initial cement strength would progressively in-
crease with the density of the matrix being improved near an optimum level around the median
(770.5 kg/m 3) or mode (960.0 kg/m 3). Along and beyond this line, the curve could be flat or
slightly decreasing because of diminished returns or too much cement, which caused the work-
ability of the concrete to be a problem, as exemplified by the fact that the sample variance is quite
big at 30087.1408. In this sweep the importance of cement would be emphasized to allow the mix
design to focus on the measurement of strength and utility.
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Figure 18: Parametric Sweeps for Cement (C)
3.6.2 Parametric Sweeps for Slag (S)

Figure 19 below parametric sweep for slag (S) explores how it affects CS with the
mean of 25.1946 kg/m, and the range it testes with the range that is between 0.0 and 375.0
kg /m has the median and mode of 0.0 which means the absence of slag in most of the
samples. The skew of 3.0176 and kurtosis of 8.2266 coupled with a standard deviation of
74.3655 kg/m 3 indicate that the sweep test would result in little or no effect close to zero
and with a tendency of increased CS as slag content increases possibly due to pozzolanic
effects increasing microstructure. But effect may decays or fluctuates at increased values
(as much as 375.0 kg/m 3) in cases of non-consistent application, which is in line with the
sporadic right-motivated distribution and difficult to determine the exact contribution
with certainty.
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Figure 19: Parametric Sweeps for Slag (S)
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3.6.3 Parametric Sweeps for Silica Fume (SF) 477

Parametric sweep of silica fume (SF) is provided in the following figure 20 that ad- 478
dresses its effect on CS, with a mean of 136.9872 kg/m 3, a median of 144.0 kg/m 3, arange 479
between 0.0 to 433.7 kg/m 3, even though its mode was 0.0. With the negative kurtosis (- 480
0.5967), due to the mild skewness of 0.259, it can be seen that there could be little change 481
at zero, hence a steady increase in the CS with an increase in silica fume leveraging its 482
abilities in pozzolanic effect and micro filling effects. The curve may reach a maximum at 483
the median or even higher values, and stagnate, which shows the bimodal pattern (zero 484
vs. 144.0kg/m 3 ) and means that silica fume made a great contribution when itis added to 485

enhance strength. 486
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Figure 20: Parametric Sweeps for Silica Fume (SF) 488
3.6.4 Parametric Sweeps for Limestone Powder (LP) 489

It is to be seen that the next figure, 21, is parameter sweep of limestone powder (LP), 490
which measures its effect on CS and has an average of 41.9295 kg/m3 and a range of 0.0 to 491
1058.2 kg/m3; the median and mode value of 0.0 are indicating that the limestone powder 492
is rather quite rare. The high index of skewness (4.7579) and kurtosis (28.3356) setting lev- 493
els of standard deviation to 133.1315 kg/m 3 show that this response has a flat shape at 494
zero, increased strength may be recorded at low-medium values across to filler effects, but 495
decreasing returns or irregularity may be at higher ones (up to 1058.2 kg/m 3). The sweep 496
would tend to display a threshold effect, benefits were restricted, unless delved on cau- 497

tiously into proportion, the sparse, heavily tailed distribution. 498
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Figure 21: Parametric Sweeps for Limestone Powder (LP) 500
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3.6.5 Parametric Sweeps for Quartz Powder (QP) 501

In figure 22, parametric sweep of quartz powder (QP), the average 33.271 kg/m 3 varied 502
between an upper limit of 397.0 kg/m 3 and lower limit 0.0 with a median and mode of 0.0 which 503
implies that it is not habitually used. With the standard deviation of 79.6739 kg/m 3 and skew- 504
ness of 2.2829 and kurtosis of 4.2442, the curve indicates a slight effect at zero, then tendency rise 505
at low levels of CS because the element is a fine aggregate, and it might settle at a higher value 506
as represented (up to 397.0 kg/m 3). The effect of the sweep would be nonlinear, and inclusion 507
of the sweep in sparse form, that is, a non-proportional addition of the sweat, will make its op- 508
timization in UHPC mixes hard. 509
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Figure 22: Parametric Sweeps for Quartz Powder (QP) 511
3.6.6 Parametric Sweeps for Fly Ash (FA) 512

The next figure 23, parametric sweep of fly ash (FA) determines its effects on CS witha 513
mean of 26.2649 kg/m h and a range of 0.0 to 356.0 kg/m h with the median and mode of 0.0 514
indicating that it is not extensively utilized. The skewness value of 2.4922 and kurtosis value of 515
5.3377, the standard deviation of 67.4617 kg/m 3, depicts that most calculations were close to 516
zero with the inspection that CS may show slow rise at moderate values but diminishes when 517
CS is intensified to greater height so far due to pozzolanic effect. The sweep would indicate that 518
there perhaps is a cut-off point that further fly ash does not contribute much, as indicated by the 519
right-accurate and leptokurtic distribution of fly ash. 520
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Figure 23: Parametric Sweeps for Fly Ash (FA) 522
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3.3.7 Parametric Sweeps for Nano-Silica (NS) 523

The average value of nano-silica (NS) is 3.6386 kg/m 3, whereas the range is 0.0 and 47.5 524
kg/m 3 as the following figure 24 shows parametric sweep for nano-silica (NS) and the rarity of 525
CS is observed at its median and mode of 0.0. With skewness of 2.5324 and kurtosis of 6.7083, 526
and a 7.776 kg/m 3 standard deviation, an initial flat trend up to zero, followed by a steep rise of 527
CS in the lower-level due to its nano-scale reinforcement of the matrix, may level off abovea CS 528
of 47.5 kg/m 3. This would make the sweep emphasize its strong yet narrow impact, which is 529

indicative of the sparse and heavily tailed impact. 530
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Figure 24: Parametric Sweeps for Nano-Silica (NS) 532
3.6.8 Parametric Sweeps for Aggregate (A) 533

The parametric sweep of aggregate (A) to evaluate its utilization in CS with a mean of 534
1150.11 kg/m3 and a cover of 407.8 to 1992.0 kg/m3 is illustrated in the following figure 25 with 535
the median at 1116.0 kg/m3 and the mode at 1231.0 kg/m3 showing an even spread. The standard 536
deviation of 312.152 kg/m 3 indicates that the mild skewness (0.2436) and the negative kurtosis 537
(-0.2107) indicate that the level of CS is increasing steadily to an optimum level in the vicinity of = 538
mean and then deteriorating due to excessive weight or poor workability. The sweep would give 539
an optimum aggregate content that would be balanced as far as strength and proportions of 540
mixes are concerned. 541
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Figure 25: Parametric Sweeps for Aggregate (A) 543
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3.6.9 Parametric Sweeps for Water (W) 544

Figure 26 presented below studies the effect of water (W) on CS, with a mean value of 545
179.8911 kg/m 3 ) between 90.0 and 272.6 kg/m 3 ) with a median of 177.0 kg/m 3 ) and mode of 546
160.0 kg/m 3 ) indicating a moderate use. There is too much skewness of 0.6261 and kurtosis of 547
1.7112 with a standard deviation of 25.5682 kg/m 3, which implies that the CS peaks at lesser 548
water contents and decreases with the increase in water, then slightly increasing beyond 272.6 549
kg/m 3. The sweep would put some emphasis on the inversely proportional relationship be- 550

tween water content and strength, which is important in the design of UHPC. 551
CSvsW
125 -
124
123
122 -
121 -
120 -
119
118
100 125 150 175 200 225 250 275 550
Figure 26: Parametric Sweeps for Water (W) 553
3.6.10 Parametric Sweeps for Fiber (Fi) 554

The above figure 27 reveals parametric sweep on fiber (Fi) and its effect on CS where mean 555
indicates CS to be 56.0444 kg/m 3 with range of 0.0 to 234.0 kg/m 3, where 0.0 is the median and 556
mode showing optional fiber usage. Kurtosis is negative (k = -0.9811) and the skewness is posi- 557
tive corresponding to 0.8172, which indicate that the response curves (CS and ductility) will be 558
flat at zero whereas it rises progressively at moderate rates, but tends to remain constant or di- 559
verges at higher courses. This vigorish would serve as evidence of the use of fiber in increasing 560

toughness with its advantageous aspect lying in the occasional availability of the ingredient. 561
CSvsFi
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Figure 27: Parametric Sweeps for Fiber (Fi) 563
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3.6.11 Parametric Sweeps for Superplasticizer (SP) 564

The parametric sweep used to determine the influence of superplasticizer (SP) on CSis 565
given in the following figure 28, with an average of 30.0309 kg/m [3], a range between 1.1- 57.0 566
kg/m [3] and the median 30.2 kg/m [3] and mode 45.0 kg/m [3] appear to be used consistently. 567
The negative kurtosis (-1.0941) is associated with minor left skew (-0.176) indicating the state of 568
the CS is stable with only slight increments on workability chances possible, as opposed to the 569
direct increase of strength, and stabilizes after 57.0 kg/m3. The sweep would emphasis its by- 570

who-little part in the optimization of UHPC mixes. 571
CSvs SP
150 A
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125 A
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115 A
0 10 20 30 40 50 570
Figure 28: Parametric Sweeps for Superplasticizer (SP) 573
3.6.12 Parametric Sweeps for Temperature (T) 574

The parametric sweep of temperature (T) is presented in the figure 29 below, which anal- 575
yses how it can affect CS; with the mean of 23.9210 C and a range of 20.0-210.0 C, the median 576
(21.0 C) and the mode (23.0 C) show what would be the usual conditions. The very high skews 577
(9.1441) and kurtosis (91.7097) with standard deviation of 16.2115 degree C indicate a fast rate 578
of CS rising at the low temperatures and hits maximum at about 21-23 degree C then declines or 579
shows variations at the higher values based on thermal effects. The sweep would also unveil the 580

crucial place of temperature, and there would also be optimum ranges to cure the curing. 581
CSvsT
—
128
127
126
125
124
123
122
121
25 50 75 100 125 150 175 200
582

Figure 29: Parametric Sweeps for Temperature (T) 583



Proceedings of 3" International Conference on Climate Change and Emerging Trends in Civil Engineering 2026 30 of 36

3.6.13 Parametric Sweeps for Curing Age (Age) 584

The next figure 30 indicates that parametric sweep of curing age (Age) evaluates its effect 585
on CS with a mean of 37.0938 days and a range of 1.0 days to 365.0 days whereas the median 586
28.0 days and mode 28.0 days correspond to the standard practice. Skewness of 3.8115 and kur- 587
tosis of 18.6114 with a standard deviation of 53.1159 days show a sharp rise CS till 28 days and 588
later the rise will be slower or will become stagnant with the decrease of returns with increasing 589
days after 365.0 days. The sweep would verify that ageing, a significant effect that is time-de- 590

pendent with UHPC strength, gets cured. 591
CS vs Age
130 -
/
120 -
110 -
100 -
90 A
80 -
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0 50 100 150 200 250 300 350 592
Figure 30: Parametric Sweeps for Curing Age (Age) 593
3.7 Model Evaluation and Selection 594

Stratified 10-fold cross-validation was used to evaluate the performances of different ma- 595
chine learning models since it is robust and fair in prediction compressive strength of Ultra- 5%
High-Performance Concrete (UHPC). The best model among the tested algorithms is the Gradi- 597
ent Boosting Regressor (GBR) with the R 2 0.970 result, and the best metrics of error (MAE: 6.98 598
MPa, RMSE: 8.08 MPa, MAPE: 4.86%). The sequential minimum residual capacity of GBR con- 599
fers it with suitability when used in reflecting the multivariate nonlinear problems used by the 600
14 UHPC input variables. There were AdaBoost and Random Forest that closely followed GBR 601
with R 2 of 0.961 and 0.960 respectively. These ensemble models had outstanding predictions 602
ability in the fact that they combined many weak learners and represented feature interactions 603
properly. Another model, the Neural Network (Multilayer Perceptron) also did quite well with 604
R 2 of 0.947, demonstrating that it can learn lower-level patterns in data, but it had a somewhat 605
larger RMSE and MAE than the ensemble models. 606

3.8 Rationale for Top Four Model Selection 607

The four of most accurate models that were chosen and culminated on winning were Gra- 608
dient Boosting, AdaBoost, Random Forest, and Neural Network due to their good predictive 609
and generalization accuracy as presented in the table 3 below. Ensemble (GBR, AdaBoost, 610
RF) was found to be the most beneficial when it comes to minimizing the bias and variance, 611
which is an ultimate consideration when dealing with materials such as UHPC that no longer 612
exhibit similar behavior to linear and lower-dimensional systems. Compared to simpler models 613
like kNN and Linear Regression models, these four advanced models had low cross-validation 614
error and a high R 2 which is indication of good model stability with the entire dataset. In 615
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addition to this, these models were also preferred in succeeding symbolic regression because of 616
their consistency in terms of substantial feature patterns, which is needed in producing inter- 617
pretable equations that would possibly help in practical application in the field of engineering. 618
All in all, the models chosen also give a strong base in terms of not only precise projection but 619

also open derivation of equations when working on predicting UHPC compressive strength. 620
Table 3: Comparative Performance Metrics of Machine Learning Models 621
Model R? (Test) |MAE|RMSE|MAPE (%)||[CVRMSE | Comments
Gradient Boost- Best performance overall — lowest
) 0.970 6.98 (|8.08 |4.86 5.67 .
ing errors, highest accuracy.

Robust ensemble model, slightly

AdaBoost 0.961 793 ||7.93 |[5.94 6.44
less accurate than GB.
Strong performance, great generali-
Random Forest |[0.960 8.08 [|18.08 |5.93 6.57 .
zation.
Good accuracy but slightly higher
Neural Network||0.947 9.25 (|9.25 ||6.55 7.51
eITorS.
.. Interpretable, but weaker generali-
Decision Tree |{0.887 13.491(13.49 |{10.59 10.96 . o
zation and prone to overfitting.
k-Nearest Simple but underperforms due to
. 0.790 18.45||18.45 ||13.46 14.98 . ) ) . )
Neighbors sensitivity to high dimensionality.
Linear Regres- Weakest performance — cannot
] 0.685 22.57||22.57 |[17.97 18.33 . .
sion model nonlinearities in UHPC data.
3.9 Symbolic Regression Interpretation for Original Dataset 622

The symbolic regression model derived from the original dataset using MEPX offers a 623
mathematically interpretable expression that captures the complex interplay between various 624
concrete mix parameters and compressive strength (CS). The equation integrates key variables 625
such as water content (W), silica fume (SF), age (Age), fiber content (Fi), and superplasticizer 626
(SP) through a combination of logarithmic, exponential, and multiplicative operations which is 627
the following: 628

CS = (ln2 (W) —log10(W)) - In(Fi + (l ) + Age.In(SF + In(w))) 629

SP

oglo(w)
Interaction between the silica fume and the water is linked with the concrete strength but 630

in a non-linear and synergetic association. To capture the changing effect of pozzolanic action 631
over time, the subsequent product of the term mean strength after ageing with age, which is 632
logarithmic to age, is used. The fact that the effect of fineness index and specific surface point 633
are additive linear means that the two of them support the improvement of the concrete perfor- 634
mance. In general, the proposed formula offers clarity and a facile to interpret framework thatis 635
in line with the ideas of an engineer and offers a transparent approach to forecast the concrete 636
strength without involving the black-box models. 637
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3.10 Symbolic Regression Interpretation Based on Gradient Boosting Model 638

The symbolic regression expression generated from the Gradient Boosting model captures 639
a complex yet meaningful relationship between key UHPC mixture components and compres- 640

sive strength is as follows: 641
Compressive Strength = tan (Age) + [SP + 2 - (((1/10g(C) + log(C) + 642
(log (log (C) - Age) - \/log(C) +log (C)) —log (C)) — log (C)) + ;—i 643

The last model structure is a composite regression where the cement content C, the curing 644
age A, silica fume SF and superplasticizer SP are presented in addition to mathematical opera- 645
tors of advanced degree including logarithm, square root, tangent and multiple linear combina- 646
tion of interactions. Cement concentration is presented in logarithmic form and in square root 647
form, implying an increasing-return outcome at big doses, whilst curing age influences predic- 648
tion of strength in a linearly scaled logarithmic product form and a non linear tangential ratio 649
form, hence implementing a tangent dynamic of hydration with time. 650

The level of superplasticizer normalizes the silica fume thus indicating their joint compo- 651
nent of optimal particle packing and work ability. Generally, the equation has worked positively 652
with the non-linear, synergistic reaction of the chemical composition as well as the curing con- 653
ditions. Despite its mathematical complexity, the model is interpretable, allowing an engineer to 654
come up with a transparent, practical approximation of the ultrahigh-performance concrete 655
compressive strength, strengthening the faith in performance-based mix design and optimiza- 656
tion. 657

3.11 Symbolic Regression Interpretation Based on AdaBoost Model 658

The symbolic regression model derived from the AdaBoost algorithm provides an inter- 659
pretable mathematical expression for estimating the compressive strength of Ultra-High-Perfor- 660
mance Concrete (UHPC) based on key input variables. The equation incorporates superplasti- 661
cizer (SP), temperature (T), age of curing (Age), and silica fume (SF), and is expressed as the 662
following: 663

Silica Fume

()

+ (2 x Superplasticizer + /2 X Temperature x Age ) 664

- /Superplasticizer

This model lays emphasis on both chemical and environmental factors which have a syn- 665
ergetic effect on strength development. The use of Superplasticizer has a dual effect in that it 666
directly increases workability in addition to indirectly offsetting the impact of silica fume as they 667
exhibit an inverse proportional relationship to one another. The variable temperature and curing 668
age is a term that expresses their synergistic interaction in cement hydration and microstructure 669
refinement with time. By unveiling this nonlinear but physically-based relationship, the sym- 670
bolic model provides an estimatable formula, in a human-readable form, which engineers can 671
use in a readily usable form to estimate quickly and to optimize the mix process without need 672
for complex simulation and black-box modeling tools. 673

3.12 Symbolic Regression Interpretation Based on Neural Network Model 674

The symbolic regression equation derived from the Neural Network model offers a non- 675
linear yet interpretable representation of the compressive strength of Ultra-High-Performance 676
Concrete (UHPC) based on four influential parameters: cement content (C), fiber content (Fi), 677
superplasticizer (SP), and curing age (A). The equation is expressed as: 678
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CS = [(VC + Fi.In(SP + A) — (STP) * %

] + [log10((VA + Fi). A)] ? 679

In this formulation, the values indicate an increase of compressive strength with an in- 680
crease in the curing age and fiber addition particularly when combined with proper dosage of 681
cement and adequate super plasticizer. This equation contains both additive and multiplicative 682
constructive effects and penalizing inverse and logarithmic effects, which means that thereisa 683
compromise between the efficiency of the binder, the maturity of the hydration, and the rein- 684
forcement impact. The non-linear presences of nested terms of square root and logarithms reflect 685
the non-linearities that are layered in terms of reasoning of the neural networks on successes in 686
modeling material behavior. Although quite complicated, that equation still can be used as a 687
simplified version to be appreciated by UHPC designers providing a mathematical approxima- 688
tion consisting of the studied relationships of high-capacity model neural network. 689

3.13 Symbolic Regression Interpretation Based on Random Forest Model 690

The symbolic regression expression generated from the Random Forest model providesa 691
compact yet non-linear analytical representation of compressive strength in Ultra-High-Perfor- 692
mance Concrete (UHPC) using five critical features: cement (C), age (A), quartz powder (QP), 693
superplasticizer (SP), and nano-silica (NS). The equation is given by: 694

CS = [log(C.A)? + tan(QP) — tan(tan(QP)) — (tan(tan(QP)) — SP)] — NS 695

This model treats the multiplicative factor of concrete cement and curing age as a logarith- 696
mic term such that the strength gain could be stressed as a result of long hydration time. The fact 697
that the way quartz powder influences workability and packing density appears to be complex 698
and nonlinear is revealed by the nested tangent transformations performed on it. Superplasti- 699
cizer (SP) and nano-silica (NS) is added as moderating variable and finishing subtractive varia- 700
ble, respectively, which can be interpreted as over-refining or interfering at very high dosages. 701
Even though a non-parametric and rule-based model like Random Forest is already satisfying 702
this need by the form of non-readable, precise output, here this symbolic output comes to present 703
more usable output and present the internal logic of the model as a clear equation. 704

3.14 Symbolic Regression Performance Across Models 705

The interpretability and performance of symbolic regression were compared to assess the 706
original dataset and the results of the best four machine learning models, namely AdaBoost, 707
Gradient Boosting, Neural Network, and Random Forest, through the use of MEPX. Every sym- 708
bolic representation produced by MEPX was an attempt to estimate the desired compressive 709
strength of a very simplistic mathematical expression in terms of the input features. The com- 710
parisons of the models obtained were based on the ranking of Mean Absolute Error (MAE). The 711
symbolic regression that was developed using the original dataset had a MAE of 18.70, whereas 712
the same was the case of the expressions provided using the AdaBoost, Gradient Boosting, Neu- 713
ral Network, and Random Forest prediction, giving 19.85, 16.96, 17.02, and 17.23 respectively. It 714
is interesting to note that the symbolic model trained on Gradient Boosting predictions had low- 715
est error, which is why it best described the data patterns in the interpretable format. These re- 716
sults hint at the potential utility of symbolic regression as a means of modifying the utility of 717
black-box ML systems into an interim version between them and more easily interpretable equa- 718
tion-based engineering systems. 719

720
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4. Discussion 721

The article conducted an effective study on various machine learning algorithms in respect 722
to predicting the compressive strength (CS) of the Ultra-High-Performance Concrete (UHPC)in 723
relation to a very large number of input variables. Across all tested models, Gradient Boosting 724
displayed the best performance with R 2 of 0.970, the smallest MAE of 6.98 and the lowest RMSE 725
of 8.08, which entails that it is able to efficiently model non-linear patterns and reduce the error 726
in predictions. AdaBoost and Random Forest also performed well with R 2 values being 0.961 727
and 0.960 respectively and RMSE values 7.82 and 8.08 respectively. That property of many weak 728
learners was the power used to affect the stability and generalization of such ensemble models. 729
The Neural Network ( Multilayer Perceptron) performed quite well with an R 2 of 0.947, how- 730
ever, and an RMSE of 9.25 placed it marginally behind the ensemble models. On the contrary, 731
Decision Tree, k-Nearest Neighbors, and Linear Regression models performed orders of magni- 732
tude less successfully. The Decision Tree had a low R especially compared to KNN and LR which 733
had R of 0.790 and 0.685 at large with the same having high RMSE and MAE as it failed to capture 734
the high-order nonlinearities and interactions on UHPC datasets. 735

In addition to predictive accuracy, interpretable was handled in terms of symbolic regres- 736
sion with MEPX. Directly generated symbolic model using the original dataset yielded a greater 737
RMSE= 18.7 leading to the fact that symbolic model faces difficulty of generating raw, non-iter- 738
atively optimizable complex relationships as with ensemble methods. Nevertheless, it is advan- 739
tageous to provide a lucid, human-writable equation that reflects the literally physical interac- 740
tion of the variables, which is of vital essence to the realms of engineering. Interesting to note, 741
when MEPX was applied to approximate the top 3 models (Gradient Boosting, AdaBoost, Ran- 742
dom Forest, Neural Network), it generated symbolic expressions that were in matching error 743
performance to that of the models, with 16.96, 17.02, 17.23 and 19.85 in error metrics of Gradient 744
Boosting, Neural Network, Random Forest, and AdaBoost, respectively. This demonstrates that 745
strong symbolic regression can be the intermediate technology between black-box inference and 746
engineering elucidation in that the meaningful approximations are kept but the causal structure 747
of data-driven elucidation becomes explicit. Thus, the hybrid approach that integrates machine 748
learning and symbolic modeling, not only advances the predictivity but also advances the trust 749
and portability in the real-world engineering context requiring transparency. 750

5. Conclusion and Recommendations 751

In the present study, a hybrid forecasting technique has been developed in an attempt to 752
predict the compressive strength of Ultra-High Performance Concrete (UHPC) using machine 753
learning (ML) models and symbolic regression. Seven determinations of ML were used such as: 754
Gradient boosting, AdaBoost, Random forest, Neural network, Decision tree, k-nearest neigh- 755
bors and linear regression were researched on a mix of 810 experimental samples. Every model 756
was evaluated with a five-fold stratified cross validation method in order to have a general as- 757
sessment of the models and provide results that were not dependent on any particular validation 758
set. The finest outcome was provided by the Gradient Boosting algorithm with R 2 of 0.970 and 759
the smallest RMSE of 8.08, and close positions were made by AdaBoost, Random Forest, and 760
Neural Network. Compared with the individual models, the qualities of the ensemble models 761
commanded the advantage of a better model in capturing non-linear and complex interactions 762
between UHPC input parameters and the result of compressive strength, bestowing an approv- 763
ing source of information on the data-driven design of constructions material engineers. 764

The objective of symbolic regression was to make the models easier to interpret and engi- 765
neer usable, which was applied to Multi Expression Programming X (MEPX). This method was 766
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used in respect to the initial dataset as well as in respect to the forecasts of the four best ML 767
models. The interpretable mathematical equations that were deduced by the symbolic models 768
showed how major input variables, including silica fume, level of superplasticizer, amount of 769
cement, and curing age affected UHPC compressive strength. In the original dataset based sym- 770
bolic regression equation, the results obtained were an MAE of 18.70 MPa and that of the Sym- 771
bolic model obtained based on Gradient Boosting also decreased the MAE to 16.96 MPa. The 772
MAEs obtained with the similar symbolic models based on AdaBoost, Neural Network, and 773
Random Forest were 19.85, 17.02, and 17.23 MPa respectively which also confirms the ability of 774
MEPX to approximate the ML predictions in more fungible mathematical form. Such symbolic 775
equations can be used effectively by structural designers who would need to make quick esti- 776
mations on compressive strength without having to use a lot of computational resources or even 777
having to conduct a massive amount of tests. 778

The results of the present research emphasis on the importance of using an ML with both 779
high accuracy and transparency represented in symbols to predict concrete materials. The sug- 780
gested workflow will provide engineers with efficient, but comprehensible tools, which will mit- 781
igate the gap between Al models and using it practically in the structural design. In order to 782
prepare this investigation repeatable in the future, appreciating the recognition of extending the 783
list of mix design variants, and curing conditions, as well as mechanical or durability properties 784
obscure UHPC, the authors would like to recommend the expansion of the database on the in- 785
terest of more mix design varieties, and curing conditions, as well as mechanical or durability 786
properties. In addition, hybrid approaches incorporating domain knowledge into the symbolic 787
forms or regularized ML pipelines would be worth investigation to have a greater trade-off dy- 788
namism between accuracy and interpretability. Last but not least, the implementation of such 789
predictive framework into building information modeling (BIM) systems or quality control pro- 790
cedures at construction sites might play a major role in the enhancement of productivity, savings 791
in tests, and the achievement of higher confidence in high-performance concrete structures. 792
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