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Abstract: Concrete is a composite construction material made primarily with aggregate, cement, and water. Other
cementitious material like fly ash etc. are used which makes it a highly complex material and modeling prediction of concrete
strength is a difficult task. Modeling of compressive strength is done using various tools as Artificial Neural Network,
Genetic Programming etc. In this work an effort is made to predict 28 day compressive strength of concrete using Genetic
programming (GP). GPTIPS, an open source MATLAB based software platform for symbolic data mining (SDM) was used
for model development of four models with two sets of data. The multigene genetic programming (MGGP) technique models
the compressive strength of concrete by integrating the capabilities of standard genetic programming and classical regression.
Data in Setl consists of mix design parameters and water absorption parameters as inputs and Set 2 consists of mix design
parameters and properties of concrete as inputs for conventional concrete and Set 3 consists of non-dimensional parameters
related to recycled aggregate concrete as input parameters. The models were developed in the form of equations using
Genetic Programming and it was seen that some important input parameters are excluded in the equations. However the
performances of these models are noteworthy. A question thus arises about the exclusion of the parameters from the
equations and its explanation through the theoretical angle.
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Introduction

Concrete is a widely used material and is a material with a mix of constituents like Cement, Aggregates and water. Concrete
consists of aggregates which are derived from natural resources and being used for a long time and termed as Conventional
concrete. Other materials which can be used in concrete as replacement to coarse or fine aggregates are recycled aggregates.
These are derived from processing of construction and demolition waste. The concrete utilizing recycled aggregates is called
as Recycled aggregate [1]. Compressive strength of concrete is one of the main indicators of goodness of concrete and it
depends on various factors mainly the material mix quantities and properties of respective materials and concrete. A need to
develop a mathematical model was seen to reduce the consumption of materials and save time using tools like Artificial
Neural network (ANN), Fuzzy logic (FL), Support vector regression (SVR), Genetic Programming (GP) etc. The use of
mathematical models can be very useful to understand the relative significance of various constituents used in concrete. The
major limitation of the ANNs, FL and SVM is that they are not capable of providing practical prediction equations [2].
Genetic Programming (GP) works on a population of individuals, each of which represents a potential solution to a problem.
A set of domain specific functions are used in conjunction with the terminal set to construct potential solutions to a given
problem. For symbolic regression this could consist of a set of basic mathematical functions, while Boolean and conditional
operators could be included for classification problems [3]. Genetic programming can thus be a promising tool which can
model an output in form of equations which can be used easily. Application of Genetic Algorithm based neural network
models for predicting the Compaction factor, VB time and Compressive strength, Tensile strength, Flexural strength and
Young’s modulus of High performance concrete has been studied. The weights for the network have been obtained using a
genetic algorithm. GA based neural network model is able to predict the compaction factor ,vee bee time, Compressive
strength, Tensile strength, Flexural strength and Young’s modulus of High performance concrete satisfactorily for new
problems with an accuracy of about 95% [4]. The Linear genetic programming (LGP) technique was utilized to formulate the
strength capacity of Reinforced Concrete (RC) beams. The proposed design equation gives reliable estimations of the
strength capacity of RC beams without stirrups. The LGP model produces better out-comes than the existing building codes,
i.e., ACI 446, ACI 318, ASCE-ACI 445, CEB-FIB, CSA, DIN 1045 , EC 2, NZ, and ICC. The results of sensitivity and
parametric analyses indicate that the proposed design equation is capable of capturing the underlying physical behavior of the
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strength of RC beams [5]. In a study two models in gene expression programming (GEP) approach for predicting
compressive strength of concretes containing rice husk ash have been developed at the age of 1, 3, 7, 14, 28, 56 and 90 days.
Comparing the GEP-1 and GEP-11 approach models prediction with the experimental results for the testing and validation
stages demonstrates a high generalization capacity of the proposed models and comparatively low error values [6]. MGGP,
was employed for the analysis of the tangent modulus of elasticity of normal strength concrete and high strength concrete.
Three design formulas were obtained for the prediction of modulus of elasticity of concrete. The generic MGGP model
provides significantly accurate determinations of the modulus of elasticity of high strength and normal strength concrete.

The current work uses Genetic Programming as a tool to develop equations to predict 28 day compressive strength of
concrete with input parameters which affect the compressive strength of concrete. Three different concrete data sets were
considered with each set containining 2 models. The models were developed using GP which remain mathematically simple
and are readily interpretable. Observations regarding the input parameters considered in the equations and the influence of the
input parameters on output are discussed. The study is an attempt to know if a paradox exists which is due to the exclusion of
some input parameters which are important as per fundamentals of concrete technology. The current paper is structured as
follows: brief overview of the multigene GP algorithm is done in the next section followed by the description of data and
methodology adopted for developing the equations. The developed equations are discussed further followed by results and
discussions and conclusions.

Genetic Programming

Genetic programming (GP) is a biologically inspired machine learning method that evolves computer programs to perform a
task. It does this by randomly generating a population of computer programs (usually represented by tree structures) and then
breeding together the best performing trees to create a new population. Mimicking Darwinian evolution, this process is
iterated until the population contains programs that solve the task well. GP follows the principle of survival of the fittest. GP
operates on parse trees rather than on bit strings as in a GA, to approximate the equation (in symbolic form) or computer
program that best describes how the output relates to input variables. For details of the same readers are referred Londhe S.N.
et.al. [7]. The three genetic operations are as follows:

Reproduction: An individual is chosen from the initial population and is replicated exactly into the subsequent generation and
the program which does not perform are removed. Fitness measure, selection, rank selection and tournament selection are
few methods of selection from which individual are duplicated.

Cross over: it is a recombination technique, where two parent results are picked and parts of their sub-tree are exchanged in
light of fact that each function holds the property ‘closure’ (each tree member can transform all possible argument values),
every crossover operation ought to bring a legal structure. It follows the following principle: 1. Two trees are selected from
the population lot, 2. One node is randomly selected from each trees, 3. Selected nodes sub trees are exchanged to bring two
children of new population Mutation: it is responsible for irregular changes in a tree before it is brought into the next
population. Dissimilar to crossover, it is a biogenetic and works on one single individual. Throughout mutation process either
all functions or terminals are separated underneath an arbitrarily determined node and a new limb is randomly generated or a
single node is exchanged with each other. Perspective to portray GP as far as the structures that experiences adaptations are:
Initial structure generation, Fitness measure test which assesses the structure, Operations which change the structure, the state
(memory) of the framework at each stage and the system for termating the process. The system for designating the output and
parameters that control the process [8]. Linear genetic Programming (LGP) which uses a specific linear representation of
computer programs. Each individual (Program) in LGP is represented by a variable-length sequence of simple C language
instructions, which operate on the registers or constants from predefined sets. The function set of the system can be
composed of arithmetic operations (+, -, X, /), conditional branches, and function calls (f {x, xn, sgrt, ex ,sin, cos, tan, log, In
1} [7.8]. A common aspect of GP based modeling is that the GP modeling results in fairly simpler models which could be
easily interpreted for the physical significance of the input variables in making a prediction.

Multigene Symbolic Regression

A multigene individual consists of one or more genes, each of which is a “traditional” GP tree [9]. Genes are acquired
incrementally by individuals in order to improve fitness (e.g. to reduce a model’s sum of squared errors on a data set). The
overall model is a weighted linear combination of each gene. In GPTIPS, the optimal weights for the genes are automatically
obtained (using ordinary least squares to regress the genes against the output data). The resulting pseudo-linear model can
capture non-linear behavior. In Multigene symbolic regression each symbolic model (and each member of the GP population)
is a weighted linear combination of the outputs from a number of GP trees, where each tree may be considered to be a gene
[9, 10]. Multigene symbolic regression can be implemented using GPTIPS [11]. GPTIPS was introduced that was written for
the specific purpose of performing symbolic regression. GPTIPS employs a unique type of symbolic regression called
multigene symbolic regression that evolves linear combinations of non-linear transformations of the input variables. When
the transformations are forced to be low order (by restricting the GP tree depth) this, in contrast to “standard” symbolic
regression, allows the evolution of accurate, relatively compact mathematical models of predictor — response (input — output)
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data sets, even when there are a large number of input variables. Hence, it is believed that GPTIPS provides a useful, free and
complementary alternative to current data analysis techniques and has a wide domain of applicability [11]. In multigene
symbolic regression each symbolic model (and each member of the GP population) is a weighted linear combination of the
outputs from a number of GP trees, where each tree may be considered to be a “gene”. For example, the multigene model
shown in figure 1 predicts an output variable using input variables x1, x2 and x3. This model structure contains non-linear
terms (e.g. the hyperbolic tangent) but is linear in the parameters with respect to the coefficients dO, d1 and d2. In practice,
the user specifies the maximum number of genes Gmax a model is allowed to have and the maximum tree depth Dmax any
gene may have and therefore can exert control over the maximum complexity of the evolved models. In particular, we have
found that enforcing stringent tree depth restrictions (i.e.maximum depths of 4 or 5 nodes) often allows the evolution of
relatively compact models that are linear combinations of low order non-linear transformations of the input variables.
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Figure. 1 Example of a multigene symbolic model

For each model, the linear coefficients are estimated from the training data using ordinary least squares techniques. Multigene
GP combines the power of classical linear regression with the ability to capture non-linear behavior without needing to pre-
specify the structure of the non-linear model. It was demonstrated that the multigene approach could be successfully
embedded within a non-linear partial least squares algorithm [12]. In GPTIPS, the initial population is constructed by
creating individuals that contain randomly generated GP trees with between 1 and Gmax genes. During the run, genes are
acquired and deleted using a tree crossover operator called two point high level crossover. This allows the exchange of genes
between individuals and it is used in addition to the “standard” GP recombination operators. If the ith gene in an individual is
labeled Gi then a two point high level crossover is performed as in the following example. Here, the first parent individual
contains the genes (G1 G2 G3) and the second contains the genes (G4 G5 G6 G7) where Gmax = 5. Two randomly selected
crossover points are created for each individual. The genes enclosed by the crossover points are denoted by < ... >.

(G1<G2>G3) (G4<G5G6GT7>)
The genes enclosed by the crossover points are then exchanged resulting in the two new individuals below.

(G1 G5 G6 G7 G3) (G4 G2)

Two point high level crossovers allow the acquisition of new genes for both individuals but also allows genes to be removed.
If an exchange of genes results in an individual containing more genes than Gmax then genes are randomly selected and
deleted until the individual contains Gmax genes. In GPTIPS, standard GP subtree crossover is referred to as low level
crossover. In this case, a gene is selected randomly from each parent individual, standard subtree crossover is performed and
the resulting trees replace the parent trees in the otherwise unaltered individual in the next generation. GPTIPS also provides
several methods of mutating trees. The user can set the relative probabilities of each of these recombinative processes. These
processes are grouped into categories called events. The user can then specify the probability of crossover events, direct
reproduction events and mutation events. These must sum to one. The user can also specify the probabilities of event
subtypes, e.g. the probability of a two point high level crossover taking place once a crossover event has been selected, or the
probability of a subtree mutation once a mutation event has been selected. However, GPTIPS provides default values for each
of these probabilities so the user does not need to explicitly set them [11].

Data

The data used in the study is obtained from the experimentation carried out by the authors and data collected from literature
[13-41]. The data used in the current work is divided into three sets. Each Set (Set 1, Set 2 and Set 3) consists of 2 models.
Set 1 is designed with input parameters related to Recycled aggregate concrete, Set 2 with Convectional concrete and Set3
with non-dimensional parameters for recycled aggregate concrete. The data sets were designee in the said way so that the
study is not limited to only one type of input parameters for a similar output. The input parameters for models in Setl are:
Content of materials in kg/m? for Cement (C), Natural fine aggregate (NFA), Recycle fine aggregate (RFA), Natural coarse
aggregate-20mm(NCA-20), Natural coarse aggregate-10mm(NCA-10), Recycle coarse aggregate-20mm(RCA-20), Recycle
coarse aggregate-10mm(RCA-10), Admixture(A), water(W). water absorption of conventional coarse aggregates (WA-NA)
and water absorption of Recycled aggragtes (WA-RA). The input parameters for models in Set 2 are: content of in Kg/cm® of
Cement (C), Sand % inch (S3/4), sand 3/8 inch(S3/8), Gravel (G), w/c ratio (w/c), maximum size of sand in mm(MA),
coefficient of soft sand(FM) and slump in mm (SL). The input parameters for Set 3 are ratio of natural fine aggregate to total
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aggregate ratio (NFA/A), recycle fine aggregate to total aggregate ratio (RFA/A), Natural coarse aggregate-20mm to cement
content (NC20/A), Natural coarse aggregate-10mm to cement content (NC10/A), Recycle coarse aggregate-20mm(RCA-20)
to cement (RC20/C) , Recycle coarse aggregate-10mm(RCA-10) to cement (RC10/C), water to total materials(W/T) and
replacement ratio (RR). The output for each model is 28 day compressive strength of concrete (S). The details of data used in
developing the models are shown in table 1, 2 and 3. The detail of models developed in each set is shown in table 4.

Tablel: Characteristics of data used for Set 1 Table2: Characteristics of data used for Set 2 Table 3: Characteristics of data used for Set 3

wne | e RN of values | Coorelation Range of values | Coorelation Range of values | Coorelation
min-max with output Sr.No | Parameters min-max with Output || Sr. No | Parameters [ min-max with output
1 C 235-645 0.48 1 wj/C 0.50-0.24 -0.86 1 WC 0.299-1.027 -0.585
2 NFA 0-1050 0.12 2 MA 5.12-50 0.06 2 NFA/A 0-1.566 0.152
3 RFA 0-1050 -0.18 3 G 559-1050 -0.49 3 RFA/A 0-1.221 -0.183
4 NCA-20mm 0-1508.64 0.09 4 € 243-549 0.72 4 NC20/C 0-4.726 0.007
5 NCA-10mm 0-553 0.33 5 S3/8 303-523 0.04 5 NC10/C 0-2.196 0.259
6 RCA-20mm 0-1508.64 -0.29 6 $3/4 365-693 0.09 6 RC20/C 0-5.184 -0.350
7 RCA-10mm 0-840 -0.08 7 SL 3--6 -0.08 7 RC10/C 0-2.333 -0.113
8 W 120-358 0.02 8 M 2.40-9.20 -0.02 8 W/T 0.055-0.174 -0.248
9 A 0-10.4 -0.31 9 S 173-394 9 RR 0-100 -0.273
10 WA-RA 1-10.60 -0.21 10 S 10.319-100.5
11 WA-NA 0-3.56 -0.11
12 S 10.319-100.5

Methodology for Model Development

Concrete is a complex material and its strength characteristics depend on mix proportions of materials used and their
properties [42]. To predict 28 day compressive strength of concrete and to consider mix proportions and properties of
materials as input parameters, models were divided into three sets: Set 1, Set 2 and Set 3. Setl consists of concrete made
using recycled aggregates and termed as recycled aggregate concrete. Model 1 in Set 1 consists of the following input
parameters: Content of materials in kg/m® for Cement (C), Natural fine aggregate (NFA), Recycle fine aggregate (RFA),
Natural coarse aggregate-20mm (NCA-20), Natural coarse aggregate-10mm (NCA-10), Recycle coarse aggregate-
20mm(RCA-20), Recycle coarse aggregate-10mm(RCA-10), Admixture(A) and water(W). Model 2 in Set consists of input
parameters similar to model 1 with water absorption of Natural coarse aggregate (WA-NC) and water absorption of recycle
coarse aggregate (WA-RA) as additional parameters. Set 2 consists of concrete made using conventional aggregates and thus
termed as Conventional concrete. Model 1 in Set2 consists of content of in Kg/m® of Cement (C), Sand % inch (S3/4), sand
3/8 inch (S3/8), Gravel (G) and wic ratio (w/c). Model 2 of Set 2 consists of the parameters as said in model 1 and additional
parameters as maximum size of sand in mm (MA), coefficient of soft sand(FM) and slump in mm (SL). The input parameters
for Set 3 are ratio of natural fine aggregate to total aggregate ratio (NFA/A), recycle fine aggregate to total aggregate ratio
(RFA/A), Natural coarse aggregate-20mm to cement content (NC20/A), Natural coarse aggregate-10mm to cement content
(NC10/A), Recycle coarse aggregate-20mm(RCA-20) to cement (RC20/C) , Recycle coarse aggregate-10mm(RCA-10) to
cement (RC10/C), water to total materials(W/T) and replacement ratio (RR). The details of the models are shown in the table
4. Output parameter for all the models is 28 day compressive strength of concrete(S). The total data set for each model is
shown in table 3. Each model in Setl, Set2 and Set 3 were developed so that the input parameters do not remain the same and
an analysis about performance of models can be done with inclusion of various parameters. For developing the models, the
data is divided into 70% for training and 30% for testing.

Table 4: Details of models developed

Set No Model No. Input Parameters Data numbers
1 1-1 C,NFARFANC-20,NC-10,RC-20,RC-10A W 257
(Recycled aggregate concrete) 1-2 C,NFANC-20,NC-10,RC-20,RC-10,A,W,WA-NC, WA-RA 190
2 2-1 C,53/453/8,G,W/C 150
(Convetional concrete) 2-2 C,S3/4,5 3/8,G,W/C ,MAFM,SL 150
3 3-1 W/C,NFA/A,RFA/ANC20/C,NC10/CRC20/C,RC10/C,W/T 257
(Recycled aggregate concrete
parameters) 3-2 W/C,NFA/A RFA/ANC20/C,NC10/C,RC20/C,RC10/C,W/TRR 257
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Models were developed using GPTIPS -2. Readers are referred to Searson D.P (2015) for features of GPTIPS [43]. The
adopted function set to develop the GP model is given as in table 5 for each model. The parameters are selected which
yielded best performance of the models. The function set used in developing the models are: Times, minus, plus, tanh, mult3,
add, divide, psqroot, exp, sin, cos. These settings were based on experience with the predictive modeling of other data sets of
similar size, and so they may not be optimal.

Table 5: Parameter settings for the MGGP algorithm

Model | Population | Numberof | Selection | Max. tree | Probability of | Probability of | Max.
generation | mechanism depth crossover mutation | number
1-1 900 150 tournment - 0.84 0.14 6
1-2 700 150 tournment - 0.84 0.14 8
2-1 300 150 tournment - 0.84 0.14 6
22 1000 150 tournment - 0.84 0.14 6
3.1 1000 150 tournment 4 0.84 0.14 8
3.2 800 150 tournment 4 0.84 0.14 6

The performance of each model is assessed using correlation coefficient (R), root mean square error (RMSE), mean squared
error (MSE), mean absolute error (MAE), maximum absolute error (MADE) and sum of square errors (SSE) [43,44].

Developed Mathematical Models
As discussed earlier the models were developed using GPTIPS -2. The mathematical models developed for model 1-1 and
model 1-2 are as shown in eg.1 and eq.2 below (which can be simplified further).

S =0.673 *C - 0.0228* NC-20 - 0.102* NC-10 - 0.0228* RC-20 - 0.0228* RC-10 + 0.912* W + 2.28 psqroot (NC-10) -
0.00307 C*W -146.0 Eq. 1

S = 0.124 C - 1.58 107(-4) *NC-20 - 0.0935* NC-10 - 0.0415 *RC20 - 0.127* RC-10 - 0.0882 *A - 0.176* W + 6.77
plog(NC-10 + 2* RC-10) - 1.33 plog (WA-NC (NC-10 + 2* RC-10)) - 1.58 107(-4)* NC-20*W + 0.00796* A (NC-10 +
20*RC-10)+59.9 Eq. 2

The performance of all the developed models is as shown in table 6 with reference to correlation coefficient (R), root mean
square error (RMSE), mean squared error (MSE), mean absolute error (MAE), maximum absolute error (MAbE) and sum of
square errors (SSE). The models developed for recycled aggregate concrete show a good performance and thus the model can
predict the compressive strength of concrete closer to the experimental values as seen in Figure. 2.

Table 6: Performance measure of models developed

Model R RMSE MSE MAE MABE SSE
11 0.87 781 60.86 5.99 26.69 474726
1-2 0.85 9.7 9436 117 31.55 5378.712
2-1 0.94 1745 304.76 14.18 39.21 13714.46
2-2 0.95 16.74 280.21 1342 40.46 12609.67
3-1 0.88 1.6 57.822 6.04 20.07 44523
3-2 0.84 8.81 77.54 6.62 31.97 59702

In GPTIPS 2, a new way of analyzing the unique genes contained in a population of evolved models has been developed.
This allows the user to visualize the genes in a population and to identify genes in an existing model that can be removed thus
reducing model complexity whilst having only a relatively small impact on the model’s predictive performance. The
visualization aspect (i.e. the ability to see the gene equation and the R? value if the gene were removed) is important because
it allows the user to rapidly make an informed choice about which model terms to remove. Often this choice is based on
problem domain knowledge of the system being modelled. For example, the user might want to delete a model term such as
sin(1- x3) because it is inconsistent with his or her knowledge about the underlying data or system. This gene-centric
visualization allows users to tailor evolved models to suit their own preferences and knowledge of the modelled data. An
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Figure. 2: Actual and Predicted values of Model 1-1

additional benefit of being able to visualize the genes in a model is that it expedites the process of human understanding of
the model and intuition into which model terms account for a high degree of predictive ability and which account for lower
amounts [44]. The statistical significance of each of the six genes of the derived model is visualized in Figure. 3 for model 1-
1. According to the Figure. 3 the bias term is negatively very high than other genes. Figure. 3 also depicts the degree of
significance of each gene evaluated using p values. As it is seen, the contribution of the genes 1, 4, 5 and 6 to explain
variations in compressive strength of concrete is very high, as their relevant p values are very low. The statistical significance
of the third gene (Gene 3) is lower.

Data: recycledconcrete,
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Figure. 3. Statistical properties of the evolved MGCP (on training data) for Model 1-1
The equations developed for Model 2-1 and Model 2-2 are as shown in eq. 3 and eq. 4 below (which can be simplified)

S=1.58 10° tanh(plog(S3/4)) - 1.19 107 psqroot(plog(wi/c)) - 2.67 107 *w/c + 1.15 107 tanh(plog(w/c)) - 2.87 106 tanh(w/c) -
(1.44 cos(G))/plog(plog(w/c)) + 2.99 107 Eq. 3

S = 2.99 107 tanh(w/c) + (1.22 107 *wi/c 2*(S3/4)? - 3.63 107 *S3/4%*w/c + 1.68 106 *(S3/4)*+ 6.49 105 *(S3/4)**(W/C)® -
2.47 107 *wlc)/(S3/4)* - (1.71 105 tanh(C))/tanh(w/c) . Eq.4

The models 2-1 and 2-2 display a good performance and thus the model can be said to be predicting the strength of concrete
closer to experimental values which can be visualized through the Figure. 4 (Figure. 4 for model 2-2). Figure 5 indicates the
weighting coefficient of each Gene the contribution to explain the output is high in Gene 5 and followed by Gene 6.

In the similar way the equations developed in Set 3 for model 3-1 and model 3-2 are as shown in eqg. 5 and eg. 6 below
(which can be simplified)

S =48.6 tanh(WC + 2.0*NC10/C) - 4.75*psqroot(RC20/C — 2*RC10/C + RC10/C) + (6.1*NFA/A - 6.1*NC10/C+ 28.1*
exp(WC))/WC-83.1 eq.5

S =453.0 *WC - 0.0382*RR + 2.45* plog (plog(WC + NFA/A)) - 4.46*plog (psqroot (NC10/A)) + 5.08*psqroot (psqroot
(psgroot(NC10/A))) - 4.19%exp( NC10/A) - 4.19*plog(RC10/C) - 762.0*psgroot(WC) + (8.88 107(-16) (4.54
1015 *NFA/A+ 4.54* psqroot(NC10/C)))/WC + 4.46 * NC20/C*NC10/C +353.0. i, eq. 6
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Figure. 4: Actual and Predicted values of Model 2-2
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Figure. 5 weighting coefficient of each Gene for model 2-2

Results and discussion

The models developed using multigene variant of the biologically inspired machine learning method of genetic programming
(MGGP) as the engine drives the automatic model discovery process. Symbolic data mining is the process of extracting
hidden, meaningful relationships from data in the form of symbolic equations [43]. The performances of the models
developed are as shown in table 5. The performance of each of the models are satisfactory and are worthy of attention to the
user community. A look at the equations show that some important parameters are not considered when the equations are
developed or we can say that they are excluded from the equation developed using GP. Equation 1 shows the presence of all
input parameters except NFA, RFA and A. NFA, RFA and A (Natural fine aggregate, Recycle fine aggregate and admixture
contents), which are important parameters for predicting strength of concrete. Change in the proportions of these materials
can show a drastic change in the strength characteristics of concrete [43]. Since the models 1-1 and 1-2 are based on recycled
aggregate concrete, presence of recycled aggregate in concrete reduces the strength of concrete more than that of
conventional concrete [44, 45]. Thus presence of RFA as an input parameter is important from the practical perspective. In
model 1-2 the input parameters NFA (natural fine aggregate) and WA-RC (water absorption of recycle aggregates) are not
considered as part of equation. However, water absorption of recycled aggregates is an important factor which increases the
water demand of recycled aggregate concrete and thus further leads to reducing the strength of concrete. The correlation
coefficient also shows a negative correlation of these parameters with the output. Behavior of Recycled aggregate concrete is
different from behavior of conventional concrete due to presence of recycled aggregates which display properties different
from conventional aggregates. Thus a next set of models were developed using parameters significant for conventional
concrete. Equation 3 and equation 4 were developed with input parameters shown in table 3 for conventional concrete.
Equation 3 developed using mix proportions for conventional concrete show absence of these parameters: S3/8 and Gravel.
As per the domain knowledge of the characteristics of concrete, strength characteristics of concrete depend majorly on
aggregate content, water cement ratio and cement content and thus in equation 3, C, S3/8 and wi/c are considered and
inclination towards w/c can be seen [42]. However absence of S3/8 and Gravel as input parameters in equation 3 contradicts
the domain knowledge and thus an ambiguity always remains in use of these equations in practice in spite of the satisfactory
performance of model. In equation. 4 the input parameters FM (soft coefficient of sand), SL (Slump) and maximum size of
aggregates (MA) were added with mix proportions of conventional concrete. The equation developed displays presence of S
%, C and w/c parameters and other parameters as FM, SL, G are not a part of the equation. In Set 3 of equations with non-
dimensional parameters as input parameters, parameters-RFA/A and NC20/C are excluded during development of models.
However the presences of these parameters pertaining specifically to recycled aggregate parameters are import part of the
equation. The ability of GP to eliminate insignificant variables is because of the evolutionary nature of model structure
optimization. By performing crossover, mutation and selection of candidate models over a number of generations GP is able
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to derive the optimum model structure with the most important input variables which are relevant to the model prediction.
This inturn help in developing simpler models with fewer uncertainties in the model prediction. The absence of these
parameters from above equations can however makes it difficult in using these equations in practical in spite of displaying a
good performance. Thus the paradox in the developed equations is the absence of these important parameters in the models
developed. Thus a deep understanding of the underling process involved in development of equations is necessary. An
understanding of process involved in assigning weightage to the input parameters is important. An additional attempt was
made in which parameters as population, number of genes and functions were changed for model 2-2 (now termed as model
2-3). It was seen that the developed equation for model 2-3 consists of all 7 input parameters (as in model 2-2) however the
performance of the model decreases to 0.93. Thus the current work develops equations for three sets of models which display
a good performance and leaves the authors with the most startling thing which is its treatment towards each input parameter
and ignoring few parameters which are important with reference to the domain knowledge of concrete technology. This is an
interesting finding and further research in this area will help to unlock this paradox.

Conclusion

In the current paper, 3 Set of models were developed with 2 models in each set using Genetic programming in GPTIPS-2. Set
1 model consists of modeling compressive strength of recycled aggregate concrete with mix proportions and water absorption
of aggregates as input parameters. Set2 consists of two models with mix proportions and properties of materials used as input
parameters for conventional concrete and Set 3 consists of 3 models with non-dimensional parameters of recycled aggregate
concrete. The output for each set of model was tp predict the strength of concrete. Observations of the work as follows:

1. Each model developed in the current work display a good performance. The presence of mix proportions of concrete
(Recycled or conventional) as input parameters in models 1-2 and 2-1 display performance better than the models
developed with additional input parameters as properties of materials.

2. The equations developed display absence of important parameters NFA, RFA, A in eq. 1, NFA \WA-RC ineq. 2, S
3/8, Gineqg. 3and MA, SL, G and S3/4 in eqg. 4. In spite of this the performance of models are note worthy.

3. Thus the paradox in the work is that the above mentioned important parameters are not considered in respective
models developed which are however important from domain knowledge perspective.

A deep understanding of the underling process involved in development of equations is necessary. An understanding of
process involved in assigning weightage to the input parameters is important which can be considered as the future part for
research.
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