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Abstract

This study addresses the development and predictive modeling of polypropylene fiber-reinforced self-
compacting concrete (FR-SCC) as a strengthening material for reinforced concrete structures. In jacketing
applications, compatibility between the existing substrate and the new layer is critical: concretes with
similar compressive strength and modulus of elasticity transfer load more uniformly and reduce the risk
of delamination. At the same time, SCC must achieve adequate flow since vibration cannot be applied
during placement; poor workability may compromise compaction, bonding, and durability. Thus,
proportioning SCC with both target compressive strength and sufficient workability is essential. A total of
29 SCC trial iterations were performed, systematically adjusting binder content, water-to-binder ratio,
superplasticizer dosage, and aggregate proportions to achieve self-compaction and target strengths with
and without 6mm polypropylene fibers. In parallel, a transparent predictive framework was implemented
in Excel. The model employs z-score standardization, a physics-guided polynomial expansion, ridge
regression, and guideline systems to avoid extrapolations. It achieved high accuracy for compressive
strength (R? = 0.90) and reasonable performance for slump flow (R? = 0.66). These findings confirm that
the proposed ridge regression approach can effectively capture both strength and workability trends,
offering a practical tool for optimizing FR-SCC mix design.

Keywords: Fiber-reinforced self-compacting concrete (FR-SCC); Ridge regression; Polypropylene fibers;
Mix-design optimization; Compressive strength prediction; Slump-flow modeling; Data-driven materials
design



1. Introduction

By definition Self-compacting concrete (SCC) can consolidate under its own weight without the need for
vibration or tamping [1, 2]. The superior flowability of the SCC enables the concrete to be used in even
highly reinforcing bar congested elements while reducing the labor during the placement process [3]. This
superior workability properties of the SCC makes it a phenomenal option to be used in the strengthening
and rehabilitation applications on the existing concrete elements, particularly in the jacketing applications
where the additional reinforcement jacket might need to be kept slender and highly congested with
reinforcing rebars [4, 5].

During a strengthening/protection jacketing application, one of the most important aspects is the
placement of the new concrete element to form a uniform distribution and proper bonding with the
substrate. Concrete with low workability and segregation issues may cause poor bonding to the substrate
and improper protection abilities [6, 7]. Therefore, high workability of the SCC is an excellent parameter
for the jacketing applications to form a reliable interface and durable protection of the substrate existing
concrete element. Consequently, achieving an optimal balance between compressive strength and
workability is critical for SCC when used as a strengthening material.

During a jacketing application, the compatibility between the existing and the new layer is one of the
most crucial parameters for a successful strengthening/protection application. If the two layers has distinct
elasticity and compressive strength parameters, delamination and debonding between the interface might
occur during loading and deformation of the strengthened element [8, 9]. Therefore, similar mechanical
properties between the two layers ensures an efficient strengthening application.

Moreover, one of the most challenging aspects of the use of SCC during a jacketing application is to be
able to keep the mixture highly flowable while also providing the required compressive strength
parameters. High-flowability of the SCC ensures the formation of a highly durable layer with low
permeability [4, 5]. Otherwise, poor compaction of the jacketing layer might cause poor performance in
long-term use.

The bonding between the existing and the new concrete layers is one of the most important parameters in
a jacketing or any strengthening application. As [10] and [11] suggests that the use of SCC can perform
significantly well in bond-critical applications due to the development of a reliable bar-concrete bonding
to provide a sufficient load transfer between the faces.

One of the most challenging part of the SCC for jacketing application is the adjustment period of the
compressive strength and the flowability of the concrete without segregation where guidelines like BRE
(British Research Establishment) [12] and EFNARC [2] specifications provide an initial ground work for
the mix designs, they can’t really provide a direct approach for the compressive strength and workability
parameters due to having many variables in the SCC matrix. Cement replacement materials, modern
admixtures and use of fibers in the mix design effect the workability of the self-compacting concrete
immensely. Therefore, it’s a common practice for SCC applications to do extensive iterative work to
adjust the compressive strength and workability parameters [1, 3]. This time-consuming process
reportedly becomes more challenging especially when the fibers are introduced to the mix design, as the
increase of the fibers reduces the workability, hence higher fines content and superplasticizer dosages are
required to achieve a self-consolidating concrete without affecting the compressive strength parameter
significantly [6, 7].



Generally, the high workability of the self-compacting concrete and fiber reinforced concrete can be kept
as two completely different concrete types where even a slight addition of the fibers into SCC can lead to
significant reduction on the flowability of the mixture [13, 14]. Therefore, completely eliminating the
main characteristic of the SCC without significantly altering the mix design. So, it’s safe to assume that
the incorporation of the fibers into the SCC matrix extends the iterative adjustment period even more to
achieve a FR-SCC mix designs.

While the iterative method can be acceptable in a laboratory scale project, it is costly and time-
consuming, and it offers limited guidance for practitioners who must design SCC under project
constraints. Hence, a predictive model that can estimate the effects of different variations in the FR-SCC
mix design is required to be able to efficiently adjust variations and capture the required mechanical and
physical properties.

As the trial-and-error approach is the most challenging part of the SCC jacketing applications, many
approaches have been made to predict the fresh and hardened properties of SCC by using multiple linear
regression (MLR) and polynomial regression analysis. These prediction approaches use the mix design
parameters of the SCC in interaction with its compressive strength and workability of the mixes to
provide interpolate models [3, 15, 16]. Main issue with these approaches is the lack of adaptation of the
models on nonlinear behaviour of the mix variation outcomes.

Due to the limitations of the multiple linear regression (MLR) and polynomial regression analysis
methods, recent studies mostly focused the applications on machine learning (ML) techniques like
random forest, artificial neural networks (ANN) and support vector machines (SVM) to predict the SCC
mix design proportioning in regards to its compressive strength and workability [17, 18, 19]. While these
techniques yield high accuracy on the predictions of the compressive strength and workability
performance of the SCC, due to only running the analysis in a “black-box” nature they are usually
accepted as limited to perform accurately on the analysed iterations and lack the adaptation on individual
materials influence on the SCC performance [20].

The lack of accurate prediction of the SCC performance on practical adoption in engineering applications
highlighted a demand for a reliable and transparent prediction model that can adapt and be influenced by
each individual parameter of a self-compacting concrete mix matrix to predict the compressive strength
and workability without iterative approach.

To be able to achieve this desire, this study combines the iterative approach with z-score standardization,
a physics guided polynomial expansion and ridge regression with calibration guardrails to form a
transparent predictive modelling approach. As the raw data 29 iterations of SCC mix designs with their
workability and compressive strength parameters were used with distinctive binder contents, water/binder
ratios, fiber contents and aggregate proportions. The iterations have carried out until 3 compressive
strength classes have achieved (C16/20, C25/30 and C30/37) while keeping the SCC workability levels
within EFNARC [2] standards. In parallel with this application, a predictive framework was implemented
in Excel to estimate SCC performance directly from mix design parameters to create a calculator like easy
to apply framework for ease of use.

In general, most studies on the FR-SCC mixes focused on the steel fibre reinforced systems, with limited
attention to the polypropylene fibers. In comparison with the steel fibers, its more challenging to achieve
a self-compacting concrete parameters when the polypropylene fibers are introduced to the mix matrix
due to the hydrophilic nature of the polypropylene fibers. High water absorption behaviour of the
polypropylene fibers reduces the workability of the SCC immensely and may cause segregation and fiber
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balling effects that prevents achieving a reliable mix design when excessive amount of fibers are
introduced. Therefore, in comparison with the steel fibers the content of the polypropylene fibers may be
much lower to maintain the required workability parameters of the SCC. However, one of the most
important aspect of the use of polypropylene fibers is the ability to resist corrosion and to be able to use
the polypropylene fiber reinforced self-compacting concrete as a rehabilitation material on the corroded
reinforced concrete elements.

In this study, three strength classes of C16/20, C25/35 and C30/37 were established with both SCC and
FR-SCC mixtures where 29 iterations were produced in total to acquire these strength classes. Using
these iterations, a transparent ridge-regression analysis have been conducted to predict both compressive
strength and slump flow parameters by using only the mix design constituents. In comparison with the
other black-box approaches, the proposed method provides direct physical interpretability of each
variable, enabling practical proportioning adjustments without extensive iterative process. The combined
use of a hydrophilic fiber system and an interpretable prediction model establishes the novelty of this
work as a materials-oriented contribution to sustainable SCC mix design for rehabilitation and jacketing
applications.

2. Methodology

2.1. Materials

CEM 1II 42.5N Ordinary Portland Cement with a specific gravity of 3.15 g/cm? (conforming to EN 197-1)
was used for all the iterations. As a cement replacement material and additional filler in the SCC matrix,
silica fume (SF) is used in most of the iterations to adjust the SCC parameters generically to enhance the
workability and to reduce the segregation.

As for the aggregates for all the mixes, locally available crushed limestone was used for both fine and
coarse aggregates. 10mm, 14mm and 20mm coarse aggregates were used for all the iterations with
distinctive proportions. Where with initial iterations, BS 882:1992 limits were used for grading the sizes
of aggregates. The specific gravities were 2.65 g/cm? for sand and 2.70 g/cm® for coarse aggregates.

One of the most important ingredients in a SCC mix design is the additives that are used to increase the
workability without affecting the compressive strength of the self-compacting concrete [1, 3]. In this
study for all the iterations Sikaplast 180 has been used as a superplasticizer and no additional viscosity-
modifying agents (VMA) was used to keep the variables lower within the iterations. The superplasticizer
was used in rate of binder content of the mix design.

Even though, the workability of the mixes affected significantly with the introduction of the fibers into a
SCC mix design [4, 21] polypropylene fibers were used in most of the iterations to improve the crack
resistance, reduce the permeability and to achieve a better strengthening/rehabilitation material for
jacketing applications. 6mm polypropylene fibers were used with 30 um diameters and density of 910
kg/m3. In general, due to fiber balling and high-water absorption parameters of the polypropylene fibers,
low fiber contents between 0% and 0.75% was used as with increasing fiber contents, reduction in the
workability and compressive strength performances were observed.

All materials were stored in laboratory conditions prior to mixing, and potable water was used in all
batches.



2.2. Conventional Concrete Mixes (BRE Method)

As discussed above, C16/20, C25/30 and C30/37 strength classes are chosen for the conventional concrete
reference mixes for the comparison with the self-compacting concrete (SCC) iterations. These strength
classes were chosen as initially C25/30, C30/37 and C35/45 classes were decided however, to represent a
structure in need of a strengthening/rehabilitation jacketing, lower strength classes were also introduced to
the study such as C16/20. Throughout the SCC iterations, C35/45 strength class was not obtained with the
FR-SCC mixes. Therefore, only 3 strength levels that are stated on the Table 1 below are implemented
into this study. For the conventional concrete mixes, British research establishment (BRE) method [12]
was utilized.

Mix designs for the final conventional concrete mixes are represented on the Table 1 below. These mixes
shaped the initial iterations of SCC trials.

Table 1. BRE-designed conventional concretes

Mix ID Cement Water | Fine Agg. | Coarse 10 Coarse 14 Coarse 20 wie
(kg/m?) (kg/m?) (kg/m*) | mm (kg/m®) | mm (kg/m?*) | mm (kg/m?)
C16/20 |195 170 859 247 432 557 0.87
C25/30 [275 190 782 235 410 528 0.69
C30/37 (320 190 725 237 415 533 0.59

2.3. SCC Trial Mixes (iterations and targets)

Throughout this study 29 trial iterations for SCC have conducted to obtain the desired similar
compressive strength to the conventional concrete mixes discussed above in section 2.2. Iterations were
adjusted with the components described below;

¢ Binder content (powder, P) and water-to-binder ratio (w/b) to steer compressive strength.

o Fiber Content (Fr%) to develop a gap bridging and more ductile concrete.

o Superplasticizer dosage (SP%) to recover/maintain flow.

e Sand ratio (S,) and coarse aggregate gradation (10/14/20 mm) to control viscosity and
blocking;

Paste ratio (R;) to balance filling and segregation risk.

Since the workability of the SCC is the most important parameter and without the validation of the
workability tests in guidance with the EFNARC, self-compacting concrete cannot be defined as “self-
compacting”. Therefore, slump-flow, V-funnel and L-box tests are conducted for all the iterations to
check the flowability, segregation resistance and passing ability of the mixes in respect to the limitations
provided by EFNARC [2].

The iterative approach was continued until the desired 3 strength classes were achieved for both SCC and
FR-SCC (0.5%) combinations with EFNARC approved workability levels.

2.4. Fresh Property Tests

Expanding upon the earlier section, the workability parameters were determined with EFNARC
classifications as 600-800mm slump flow, 6-12 s with the V-funnel and > 0.8 for the L-Box test was
aimed for all the SCC iterations.



Within some of the iterations there were apparent segregation or excessive bleeding, although the slump
flow performances were within the EFNARC limits. Consequently, within the predictive model those
mixes recorded as censored data for accurate guidance.

This testing regime ensured that all SCC mixes were benchmarked against established international
criteria for self-compaction, enabling direct comparison of trial results and predictive model outputs.

2.5. Predictive Modeling Framework

By using the iterative SCC mix designs a prediction model was developed to simulate the workability
(slump flow) and 28-day compressive strength parameters in Microsoft Excel based framework for high
usability. In the sections below, more information about the work process for these calculations are
represented.

2.5.1 Input variables and derived parameters

The predictor is based on eight mix-design variables that govern both fresh and hardened behaviour of
SCC. Unless noted otherwise, all quantities are computed from kg/m? inputs; ratios are dimensionless
(units cancel).

In the SCC iterations, the variables have been quantified into 8 divisions that influence both the fresh and
hardened behaviour of SCC. In the sub-sections below, all the divisions are presented.

2.5.1.1 Water-to-binder ratio, w/b

w Myqter
b~ Mg D
binder

Wlth Mpinder = Meement + Msilica fume + mﬂy ash + mslag =P

This ratio primarily controls compressive strength and influences flow.

2.5.1.2 Powder (binder) content, P [kg/m’]

P = Mcement T Msilica fume + Mgy ash + Mgiag (2)
Powder governs paste viscosity and segregation resistance.

2.5.1.3 Superplasticizer dosage, SP% [% of binder|

msp
SP% = 100 X —— 3)
Mpinder
Regulates flowability without increasing w/b.

2.5.1.4 Polypropylene fiber content, Fib% [% by volume]

Vfibers

Fib % = 100 X 4)

Vconcrete
Included explicitly to capture fiber-induced changes in rheology/workability.
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2.5.1.5 Sand ratio, Sr [-] (mass basis)

Myine
Sy = 5
" Myine + Mcoarse ( )

Balances viscosity and blocking through the fine-to-coarse aggregate proportion.

Here Mcoarse = M1omm + M1amm + M20 mm = GC

2.5.1.6 Maximum aggregate size, Dmax [mm]
Entered directly as the nominal maximum size.

2.5.1.7 Paste ratio, Rp [-] (mass basis)

R. = Myqter + P (6)
P Myqgrer + P + Mfine + Meoarse

Controls deformability and filling capacity while guarding against segregation. (Note: mass-proportional
form is used in the Excel tool.)

2.5.1.8 Total coarse aggregate content, Gc [kg/m’|

Gc = Mygmm + Miamm + M20mm (7)
Represents the skeleton stiffness and its interaction with paste volume.

To keep the prediction model as responsive to each component as possible sand (Sr) and paste (Rp) ratios
are derived by combining raw material proportions. The statements that are defined per each coefficient
was consistent with the established SCC design literature [22, 23, 24].

2.5.2 Data preparation and standardization
Prior the regression analysis application to the prediction model, numerical stability of the coefficients
was calibrated using the mean and standard deviation of the variables derived from the 29 iterations. Each
raw variable x; was converted into a standardized score (z;):

Xk — Mk

2= T (8)

Where;

W = Mean value of the individual variable from the iterations

oy = Standard deviation of the individual variable from the iterations
x; = Individual raw variable

Standardization method clears irregularities in measurement units (e.g., kilograms, percentages,
millimetres) and prevents variables with larger numerical ranges from disproportionately influencing the
regression [25, 24]. This application also separates the coefficients from each other which enables
comparability across studies.



Table 2 below summarizes the descriptive statistics of the eight input variables derived from the 29 SCC
trial mixes conducted in this study in comparison with other studies from the literature review.

Table 2. Descriptive statistics (mean £+ SD) of SCC input variables compared with literature
ranges

Variable Symbol| Unit This stu_dy (n£ Repm:ted ranges in Key
¢, n=29) literature references
Water-to-binder ratio (w/b — 0.751 £ 0.100 0.30-0.85 [22, 26],
Powder content P kg/m® 1620.83 £58.82  |350-600 [27, 23],
— 5
Superplasticizer spy,  |/° 1.927 £0.451  [0.5-3.0 [7,21],
dosage binder
Fiber volume fraction [Fib% (% 0.813 +0.306 0-1.0 [21]
Sand ratio Sr — 0.573 £0.028 0.40-0.55 [22, 27],
1;?;"““ agEregale |y ax lmm  |13.667£3.422  [10-25 [23]
Paste ratio Rp — 0.344 + 0.022 0.30-0.38 [27, 24],
Coarse aggregate |z s (9812145435  (300-1200 [22, 27],
content

Generally, the determined mean and standard deviation values for the variables determined from the
iterations represents similar results in comparison with the reported ranges from the literature. Most
apparent difference between this study and reported ranges in the literature are the higher binder and sand
content in this study. This characteristic may be expected due to the addition of the fibers in this study in
contrary to the literature data to optimize the viscosity and passing ability of the FR-SCC matrix. These
observations confirm that the 29 iterations represent a realistic but challenging dataset, making
standardization a critical step for robust regression modeling.

2.5.3 Feature expansion (polynomial and interactions)

Prediction model cannot be derived from a linear relationship and be calculated via simple formula as the
compressive strength does not improve linearly by increasing the binder or reducing the w/b content and
the workability of the concrete matrix is influenced by many variables in the mix design. To be able to
overcome these effects, standardized input variables were expanded into a reduced quadratic feature set.

The general regression structure was defined as:

8 8
y= PBo+ Z Biz; + Z Buz? + Z Bijziz; 9)
i=1 i=1

@pel

where z; are the standardized input variables, 3 are regression coefficients, and I denote the set of
physically motivated interaction terms.

The final specification consisted of 23 terms, grouped as follows:



8 linear terms: one for each standardized input (Z;) (w/b, P, SP%, Fib%, Sr, Dmax, Rp, Gc).

8 squared terms: allowing curvature effects to be represented, such as diminishing returns of increasing
powder content or superplasticizer dosage (Z?).

7 interaction terms: selected based on physical reasoning and prior SCC research, including:

1. Zyp x Zp — reflects the combined effect of water content and powder fineness on

strength and segregation resistance.

2. Zyp X Zsp— capture the joint role of superplasticizer and binder in flowability.

3. Zspx Zp— captures the balance between superplasticizer dosage and powder content in

controlling flowability and segregation resistance.

4. Zgip X Zrp, — accounts for the balance between fiber presence and paste volume in

preventing balling.

5. Zgs: X Zpmax — links sand proportion and maximum aggregate size, known to influence

blocking.

6. Zgp x Zg. — represents paste—aggregate skeleton interaction.

7. Zyp x Zs; — reflects the dependency of passing ability on both fluidity and fine content.
These 7 interaction terms above are derived from quadratic response surface methodology
(RSM) rather than using a full polynomial expansion which would complicate the prediction tool
and may lead to overestimated values.

Few recent studies have also applied response surface methodology (RSM) to optimize the SCC
mix design with effective results for high-volume fly ash as cement replacement and additional
filler [24] and by fuzzy classification for the predictions of the material properties [28]. More
current studies like [29] use the RSM with Analysis of Variance (ANOVA) method to predict the
SCC properties with the cement replacement and filler materials like the marble dust and glass
powders. Also, [30] applied Box-Behnken RSM designs to predict the SCC performance with
accuracies up to 95%. Mutually, these studies laid the groundwork for the application of RSM
model with the compressive strength and slump flow predictions of the FR-SCC in this study.

2.5.4 Regression method: ridge regression

Due to the unstable predictor variables like the powder content which is both correlated by the paste and
sand ratio, ridge regression is therefore introduced to the regression analysis system to shrink the
coefficient magnitudes and provide stability.

The optimization problem was formulated as:

mﬁinlly—(Bo-1+<I>B||2+7\I|B|I2 (10)

Where;

y is the target vector (either compressive strength f,5 or log-transformed slump flow In(s))
® is the feature matrix (23 terms)

B are regression coefficients

A is the ridge penalty parameter.
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There are few methods that the ridge regression applies to the RSM, initially the large coefficients are
restricted to avoid the instability. Additionally, coefficients with lower values are favoured to generate
more robust predictions from even a limited value data set (only 29 iterations). Finally, the penalty
parameter (A) that is defined above was selected using k-fold cross-validation to minimize prediction
error.

By the implication of the ridge regression analysis rather than just ordinary RSM, more stable and
comprehensive predictions were achieved. For example, increases in w/b consistently decreased predicted
strength, while higher powder content and superplasticizer dosage improved flowability.

The most important aspect of the ridge regression analysis on the prediction accuracy is the transparency
and the susceptibility of the model to individual mix parameters. This approach maintains balance
between the “black box” SCC strength prediction methods where neural networks, ensemble learning and
support vector regression have been applied [31, 32, 25, 33, 34, 35]. Even though “black box” practices
might estimate more accurate predictions in some cases, ridge regression analysis is more practical for
engineering adoptions as its less susceptible to significant variable changes.

2.5.5 Calibration of model outputs

After estimating the reduced quadratic model on standardized inputs, the raw outputs from each
prediction head are mapped to laboratory measurement scales using a two-parameter affine calibration.
In this mapping, a is a global offset and b is a global scale that align each head’s raw output to the lab
measurements on this dataset.

2.5.5.1 Compressive strength (MPa).
Let fy;, raw denote the raw strength output. The reported prediction is

f28finat = a5 + bffagraw (11)
with constants estimated on this study’s iterations:
ap=—0.739463 b= 1.025898

2.5.5.2 Slump flow (mm).
Slump is modeled on the logarithmic scale. Let t.,,, denote the raw log-slump output. The final mapping is

Lfinal= as+bytraw (12)
Slumppm = exp(tfinal) (13)
with dataset-specific constants:
a, = —2.821421 b, = 1.453333

These constants were obtained through ordinary least squares for the strength constants (ar and bg) with
the iterative mixes where 28 iterations were used for the strength values as one of the iterations was not
tested for compressive strength due to significant segregation. And the slump constants (a, and by) were
determined by robust two-parameter fit method on the log-slump head.

For completeness: the internal head intercepts used to form the raw outputs are;
Intercept fr3= 22.257292
Intercept log g, = 6.313932.
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2.5.6 Guardrails and validity domain

As there were only 29 iterations, the prediction model may generate unrealistic results when the input of
the variables is outside the range of iterations that was used to create the ridge regression analysis.
Therefore, guardrail system is incorporated to the prediction model to restrict the unrealistic outputs.

2.5.6.1 Standardization range check:

Initially, the standardization derivatives were assessed to avoid generating high, unrealistic factors that
would create a snowball effect during the generation of the final results. So, the z, factors were limited to
be generated up to 2.5 (z, < 2.5) to be acceptable. If the z, factor exceeds 2.5 (z, >2.5) the standardization
range check function recorded the prediction model as OUT-OF-RANGE.

2.5.6.2 Physical limits on outputs:
Predicted values were constrained to lie within ranges consistent with both the experimental program and
SCC guidelines [2]:

f28 €[5, 100]MPa, s €[300, 850]mm

The upper and lower levels for the 28-day strength and slump flow measurements were used to check the
validity of the parameters where the prediction outcomes out of these ranges are assumed to be invalid.
Even though the EFNARC [2] states that the slump flow should be above 550 mm to be in the lowest
class of SF1 the prediction models’ lowest level was kept at 300 mm to assist the user for deciding on the
mix design parameters.

The integration of these control boundaries to the framework of the prediction model ensured that the
produced outputs support validity of the data which distinguishes this model from machine learning
algorithms.

2.5.7 Practical implementation in Excel

As mentioned before, the prediction model is implemented in Microsoft Excel to generate the 28-day
strength and slump flow parameters by using the described ridge regression model and calibrations that
has described above as straightforward as possible. All the precautions, guardrails and established factors
are baked into the Excel sheet to calculate the predictions by using simple formulas.

The creation of the prediction tool in a well accessible platform like the Microsoft Excel establishes a
very practical tool while preserving full interpretability of how each parameter contributes to the
predicted compressive strength and slump flow [10, 11].

The described Excel based prediction tool is provided as a supplementary material to this article to
facilitate practical application of the proposed regression model.

3. Results and Discussion

3.1. Experimental Outcomes

A total of 29 SCC trial mixes were produced across the three strength classes (C16/20, C25/30, C30/37)
and two fiber contents (0% and 0.5%). Table 3 below summarized the final optimized SCC mixes, while
the complete set of iterations was used to train the predictive model.
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Table 3 — SCC and FR-SCC Mix designs for C16/20, C25/30 and C30/37 strength classes

SCC #2 - C16/20 — 0% Fibers

Notes

Cement Water Fine Aggregate Coarse Aggregate Silica Fume Super Plasticizer Polypropylene -50% 10mm and
(Kg/m3) (Kg/m3) (Kg/m3) (Kg/m3) (Kg/m3 (Kg/m3) Fiber (Kg/m3) 50% 14mm as
Coarse Aggragates
290.076 250.92 1115.10 901.35 27.58 6.35 0
SCC #1 — C25/30 — 0% Fibers Notes
Cement Water Fine Aggregate | Coarse Aggregate Silica Fume Super Plasticizer Polypropylene -50% 10mm and
(Kg/m3) (Kg/m3) (Kg/m3) (Kg/m3) (Kg/m3 (Kg/m3) Fiber (Kg/m3) 50% 14mm as
Coarse Aggragates
335.36 283.2 1115.10 901.35 37.26 5.8 0
SCC #4 — C30/37 — 0% Fibers Notes
Cement Water Fine Aggregate | Coarse Aggregate Silica Fume Super Plasticizer Polypropylene -50% 10mm and
(Kg/m3) (Kg/m3) (Kg/m3) (Kg/m3) (Kg/m3 (Kg/m3) Fiber (Kg/m3) 50% 14mm as
Coarse Aggragates
405 270 1115.1 901.3548 45 9 0
SCC #13 — C16/20 — 0.5% Fibers Notes
Cement Water Fine Aggregate Coarse Aggregate Silica Fume Super Plasticizer Polypropylene -50% 10mm and
(Kg/m3) (Kg/m3) (Kg/m3) (Kg/m3) (Kg/m3 (Kg/m3) Fiber (Kg/m3) 50% 14mm as
Coarse Aggragates
585 520 1115.1 874.85 65 9.75 4.55
SCC #18 — C25/30 — 0.5% Fibers Notes
Cement Water Fine Aggregate | Coarse Aggregate Silica Fume Super Plasticizer Polypropylene -20% 10mm, 35%
(Kg/m3) (Kg/m3) (Kg/m3) (Kg/m3) (Kg/m3 (Kg/m3) Fiber (Kg/m3) 14mm and 45%
20mm as Coarse
552.5 428.9286 1293.52 738.68 97.5 9.75 4.55 Aggragates
SCC #25 - C30/37 — 0.5% Fibers Notes
Cement Water Fine Aggregate | Coarse Aggregate Silica Fume Super Plasticizer Polypropylene -100% 10mm as
(Kg/m3) (Kg/m3) (Kg/m3) (Kg/m3) (Kg/m3 (Kg/m3) Fiber (Kg/m3) Coarse Aggragates
585 422.5 1115.1 907.63 65 16.25 4.55
3.1.1. Workability

All classes of Slump flow (SF1, SF2 and SF3) was obtained throughout the iterations where some trials
did not manage to pass 550 mm flow and some iterations passed the 850mm when the w/b ratio was
above 80% and excessive amount of superplasticizer was used (>2.5%) hence segregation was observed.
Those cases were recorded but flagged in the prediction dataset to comply with the EFNARC boundaries.
The majority of the mixes were within the 550mm and 850mm slump flow range and were consistently
above 0.8 with the L-Box passing ability test and 2-5 seconds V-funnel segregation test.

3.1.2. Compressive strength
Throughout the iterations it was apparent that the compressive strength of the mixes reduced when the
w/b ratio was high and the binder content was low. This effect can also be overserved on the Table 3
above where the lowest compressive strength values were obtained when the binder content was around
low 300 kg/m? and highest was observed when it’s around 650 kg/m?3. Between 16-42 MPa of 28 days
compressive strength was obtained throughout all the iterations.

3.1.3. Effect of fibers

Initially, higher fiber contents were desired to be used within the SCC mix designs (up to 2%) however

due to hydrophilic property of the polypropylene fibers, the workability of the mixes reduced immensely.

Therefore, only 0.5% of polypropylene fibers were used in most of the iterations and even when the
reduced amount of fiber is used, segregation of the mixes was observed and significant reduction on the
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slump flow and passing ability was also substantial. Therefore, once the fibers were introduced to the mix
design, the filler content inside the mixture including the binder content was increased to avoid
segregation and bleeding. Reduction in the flow rate and segregation resistance was also consistent with
the literature for FR-SCC [21, 4].

Ultimately, all the iterations have been used to create the predictive framework covering both plain and
fiber reinforced mixes and provided a sufficient and representative dataset. Model accuracy was evaluated
using root-mean-square error (RMSE) and coefficient of determination (R?).

3.2 Model Accuracy Outcomes

3.2.1 Compressive strength

As the most accurate predicted parameter of this study, the model has achieved 90% accuracy between 28
trial mixes for the compressive strength values with RMSE = 3.23MPa, MAE 2.73MPa and R? = 0.9
where N=24. This demonstrates that the prediction model reliably be used in engineering applications.
Figure 1 below represents the scatter diagram of the prediction model against the results from the
iterations.

Compressive Strength: Predicted vs Measured
MAE=2.73 MPa, RMSE=3.23 MPa, R2=0.900, N=24

50

Predicted f28 (MPa)
w
o

10+

10 20 30 40 50
Measured f28 (MPa)
Figure 1 - Predicted vs Measured Compressive Strength diagram

Alt-text: Scatter plot comparing predicted 28-day compressive strength values with laboratory-measured
results. Points cluster around the 1:1 line, indicating strong agreement between predictions and
experiments.

3.2.2 Slump flow

A more modest prediction accuracy was obtained for the slump flow parameter. There are many reasons
for this slight reduction as the RMSE = 78.94 mm, MAE = 58.46 and R?> = 0.66 was achieved. As can be
seen from the scatter diagram below in Figure 2, the accuracy of the model reduced at high fluidity cases
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(>800 mm) as the model was adopted in respect to [2] recommendations. Nevertheless, 80% of
predictions fell within £100 mm of the measured slump flow values therefore still a valid guidance can be
achieved by the application of this model.

Slump Flow (Improved Calibration): Predicted vs Measured
MAE=58.5 mm, RMSE=78.9 mm, R?=0.660, N=28

900
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400 500 600 700 800 900
Measured Slump Flow (mm)

Figure 2 - Predicted vs Measured Slump Flow Diagram

Alt-text: Scatter plot comparing predicted slump-flow values with measured slump-flow data. Points
show wider dispersion at high flow levels, reflecting reduced accuracy at high fluidity.

3.2.3 Model accuracy and validation

The ridge regression analysis model within this study obtained R? value of 0.9 for compressive strength
with an RMSE of 3.23 MPa. In comparison with the literature, the accomplished prediction tool is better
or similar to the previously reported regression-based SCC models. Where [15] has used recycled
aggregates and achieved R? value of 0.8-0.9 by using multiple linear regression analysis. Also, [16] has
used machine-learning-based regression method to achieve R? of 0.88.

The Table 4 below represents the comparison between the literature and this study including important
notes about which materials and methods each study applied to achieve the reported accuracies. Even
though the current study may be slightly more accurate than the other regression analysis approaches, it is
clear that the black-box techniques may offer slightly more accurate results in comparison with the ridge
regression method. However, only a slightly lower accuracy doesn’t represents that the proposed model is
not competitive with the ANN-based accuracies obtained through the studies of [17, 18] or Machine
Learning methods which topped the scale by also including hybrid methods to ensure top notch
accuracies of R? 0 0.96 [19, 20].

Table 4 summarizes representative accuracy results:

Study Method Reported accuracy Notes

[15] MLR/ANFIS/ANN [R2 = (0.85-0.90 Recycled aggregate SCC
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Study Method Reported accuracy Notes
[16] ML regression R2 =~ 0.88 SCC, multiple variables
[17] ANN R2 = 0.91 Slump & strength
[18] ANN ensemble R2 ~0.92-0.95 High-performance concrete
[19] ML ensemble R2 up to 0.96 SCC compressive strength
[20] Hybrid ML R2 = 0.94-0.96 Fly ash SCC
[33] SVR R2~0091 SCC fresh & hardened props.
[36] Random forest R2~=0.93 Lightweight SCC
Present study [Ridge regression  [R2 = 0.90 (RMSE = 3.23 MPa) |Transparent, Excel-based

The achieved accuracy values demonstrate the robustness of the proposed ridge-regression model.
Further comparison with recent literature is provided in Section 3.2.4 to contextualize these outcomes.

3.2.4. Comparison with literature

In comparison with the corresponding reported ridge regression-based SCC prediction models the
proposed model demonstrated excellent accuracy for the compressive strength with R? value of 0.90 and
root-mean-square error (RMSE) of 3.23 MPa for the 28-day predictions. Whereas, the accuracy of the
proposed model was marginally lower than the performance of advanced machine-learning techniques
especially for the slump-flow estimations.

More comprehensively, the studies on the machine learning based or neural-network models (Black-box
algorithms) achieved R? values 0f 0.92-0.96 [17, 18, 19, 20] which are more accurate than the previous
studies that applied multiple linear or polynomial regression typically reported R? values between 0.80
and 0.88 for the compressive strength predictions [15, 16]. The present model therefore achieves
comparable predictive reliability while requiring substantially fewer data points and maintaining complete
mathematical transparency.

Unlike the non-interpretable ML algorithms the proposed method does not limit the interpretability of
each standardized coefficient. Therefore, the availability of the interpolation between the coefficients
enables the users of the model to observe the influence of each parameter within the mix design on the
compressive strength and slump flow characteristics even without any iterative process.

Hence, the contribution of this study lies not only in achieving high predictive accuracy but also in

establishing a materials-oriented, interpretable, and readily implementable prediction tool. The model can
be applied in spreadsheet environments to guide the proportioning of FR-SCC mixtures without extensive
experimental iteration, thereby supporting more efficient and sustainable materials development practices.

3.3. Novelty and contribution

The most novel part of this study is the interpretability of each coefficient into the ridge regression
analysis to directly affect the standardized variables to enable practitioners to understand how changes in
the mix design variable influence both strength and slump flow. The applicability of this framework in a
simple Microsoft Excel based infrastructure is also very practical for easily following the calculator and
observing the effects of each variable within the prediction tool. The achieved high accuracy of the model
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also demonstrates that the model can reliably serve as a “pre-screening tool” for SCC and FR-SCC mix
designs.

Additionally, one of the most distinctive aspects of this study is the use of 6mm polypropylene fiber as
the fiber reinforcement for the self-compacting concrete. Use of polypropylene fibers are more
challenging than most of the other fiber types in the case of self-compacting concrete applications due to
excessive water absorption and fiber balling effects. So, one of the main contribution of this study is the
achievement of controllable compressive strength parameters with the workability characteristics of a
self-compacting concrete while introducing polypropylene fibers to the concrete matrix.

4. Conclusions

This study combined iterative SCC mix development with a regression-based predictive framework to
enable proportioning of fiber-reinforced self-compacting concretes for strengthening applications. Based
on the findings, the following conclusions are drawn:

1. [Iterative dataset production: Mix proportions of the Self Compacting Concrete is adjusted
systematically to achieve the desired compressive strength (C16/20, C25/30 and C30/37) and
workability parameters with respect to EFNARC qualifications. The experimental program
confirmed that systematic adjustment of the binder, water-to-binder ratio, and superplasticizer
dosage provides a reliable basis for developing data-driven SCC models.

2. Fiber inclusion: The introduction of the fibers to the SCC mix design required a significant
increase in the binder and w/b content within the mix design to accommodate the increased
plastic viscosity of the concrete matrix and decreased segregation resistance. Among the trials, up
to 1.5% 6mm polypropylene fibers were used but couldn’t reached the required workability
levels. Therefore, the desired strength classes were only obtained by using 0.5% polypropylene
fibers while maintaining EFNARC-compliant workability.

3. Prediction model performance: The created ridge regression model with guardrails and
correction factors has achieved R? value of 0.9 with RMSE of only 3.23 MPa for compressive
strength and R? value of 0.66 with RMSE of 78.94 mm for the slump flow predictions. These
accuracies represented comparable results with the existing prediction models like the black-box
models or other regression models while keeping the interpretable framework.

4. Practical applicability: The prediction model is implemented in Microsoft Excel to be easily
accessible to serve as a pre-screening tool while minimizing the trial-and-error process to obtain
the desired SCC mix parameters. This parameter may be crucial to use the SCC in a
strengthening/rehabilitation application where strength capability and reliable flow are the most
crucial parameters.

5. Opverall contribution: In contrast to the previous research, the main advancement of this study is
the inclusion and achieving essential workability parameters with 6mm polypropylene fibers.
Additionally, the transparent and interpretable, spreadsheet-based model is demonstrated that
optimised mix designs can be achieved even when the fibers were incorporated with desired
compressive strength and workability parameters which is essential for rehabilitation and
jacketing applications.
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4.1 Limitations and future work

Within this research two main limitations are recognized, to begin with, the number of iterations is limited
to claim that the prediction model would work on any given mix design range, even though it was
sufficient enough to work with ridge regression analysis. Expanding the dataset with more iterations with
viscosity modifying agents, different cement replacement and filler materials like fly ash or GGBS, or
different kinds of fibers would enrich the capabilities of the model and could be used in wider range of
applications.

Furthermore, during the iterative process, the aggregates were stored outdoors under varying humidity
and weather conditions it was observed numerous times that the saturation condition of the aggregates
exerted considerable effect on both the compressive strength and workability parameters of the SCC mix
designs. Consequently, variations in actual moisture content may have altered the effective water-to-
binder ratio, producing small deviations between measured and predicted properties. As aggregate
moisture content could not be measured or controlled reliably and immediately during the pouring
process, the proposed model should be able to interpret the estimated saturation conditions of the
aggregates to estimate the material characteristics more accurately. Future studies should incorporate
controlled aggregate-moisture measurements to reduce uncertainty in slump-flow predictions.

Finally, the model is only calibrated to predict the compressive strength and slump flow parameters,
where it could be enhanced further to estimate the permeability, modulus of elasticity or shrinkage
parameters of the mix design to illustrate the possible behavior of the SCC matrix before applying any
iterative work.

4.2 Data Availability

The dataset of self-compacting concrete trial mixes generated and analysed during this study, together
with the Excel-based prediction tool implementing the regression framework, is openly available at the
following Google Drive link:
https://docs.google.com/spreadsheets/d/1dVDHh71ZGhu94mnFrE_ShgKxubcfALOb/

The files may be accessed and downloaded for non-commercial academic use.
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