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Reinforced concrete dapped end beams (RCDEBs) are prone 

to shear failure due to sudden changes in the cross-section. 

Hence there is a need to study the shear behavior of the 

member under loading. This research collected 203 

experimental results of RCDEB tests from 17 investigations 

to predict the shear strength. Geometrical features, concrete 

strength, amount, and reinforcement layout were considered. 

The collected datasets were used to train support vector 

machine (SVM), K-nearest neighbor (KNN), and multilayer 

perceptron (MLP) models for the shear strength prediction in 

WEKA software. Variable importance was also carried out 

to identify the most relevant parameters for predicting the 

shear strength of RCDEBs. The finding revealed a high 

prediction accuracy of the shear strength with R of 99, 98, 

and 97% for SVM, MLP, and KNN, respectively under the 

percentage split, revealing a strong correlation between the 

actual dataset and the predicted values. The SVM 

outperforms MLP and KNN models by 0.52% and 3.27%, 

respectively. Furthermore, the variable importance analysis 

revealed that compressive strength, the amount of 

reinforcement, and geometry are the main parameters 

influencing the shear capacity of RCDEBs. 
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1. Introduction 

The majority of applications for reinforced concrete dapped end beams (RCDEBs) include parking slots, 

reinforced concrete buildings, pedestrian bridges, long and short-span bridges, and other reinforced 

concrete bridge girders [1]. RCDEBs recessed at the end, are held up by corbels, cantilevers, inverted T 

beams, or columns as shown in Fig. 1. In concrete structures, RCDEBs are mostly used to lower floor 

levels. Usually used in cantilever span structures, they also function as beam drops between corbels and as 

discrete beam-to-beam and beam-to-column connections [2]. Using dapped end beams facilitates, assist the 

assembly of precast concrete structures because they have more lateral stability than isolated beams 

supported at their bottom faces [3]. Despite these benefits, RCDEBs are considered to be prone to shear 

failure due to sudden changes in geometry [4,5]. Therefore, it is critical to understand the shear failure of 

this structural member under loading conditions. RCDEBs can experience an inclined fracture at the service 

due to the high level of stress at the reentrant corner [6]. Fig. 2 illustrates the different modes of failure of 

RCDEBs caused by the span-to-depth ratio and internal detailing of reinforcement. 

 
Fig. 1. Different applications of RCDE Bs [7]. 

The behavior of RCDEBs under different parameters has been investigated in previous years [8–12]. Using 

the Abaqus software, Melesse et al. [13] studied the geometry characteristics of RCDEBs, including the 

length of the dapped end, depth of the un-dapped part, and depth of the dapped end. The study reviewed 

that an increase in the length of the dapped part of the beam resulted in an increase in the beam's deflection 

and reaction force and that an increase in the depth of the dapped part resulted in a reduction in the 

maximum deflection and impact stress. Meanwhile, a decrease in the length of the dapped part reduced 

cracks at the reentrant corner. Reinforcement arrangement and quantity of primary dapped reinforcement 

have been discovered to have a major effect on the performance of RCDEBs. 

The influence of the a/d ratio on the shear strength of RCDEBs was researched by Hussain and Shakir [14] 

and the span-to-depth ratio (a/d) was observed to affect the shear strength of RCDEB. An increase in a/d 

reduces the shear strength. A similar result has been achieved by Quadri and Fujiyama [15]. Additionally, 

Shakir and Alliwe [16] examined the impact of reducing the amount of nib reinforcement and a/d on 

RCDEBs and discovered that improper detailing nib reinforcement reduced the failure load. Concrete 
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compressive strength is also a fundamental material property that significantly impacts the performance of 

RCDEBs [17,18]. A higher compressive strength generally leads to an enhanced overall load-carrying 

capacity and increased stiffness [19,20]. However, the relationship is not strictly linear, and the influence 

of compressive strength is often moderated by other factors, such as the type, amount, and arrangement of 

reinforcement, as well as the loading conditions. 

 
Fig. 2. Failure Mechanism of RCDEBs [21]. 

Existing design codes, such as ACI 318-08, Eurocode 2, and BS 8110, offer guidance on the design of 

RCDEBs, but their accuracy in predicting the influence of some parameters; a/d, compressive strength, 

geometries, etc., may vary significantly [22,23]. Empirical methods, like those presented in the PCI Design 

Handbook, also exist to predict the shear strength of RCDEBs. Aswin, et al. [22] conducted a comparative 

study evaluating the accuracy of various codes and empirical methods in predicting the failure loads of RC 

DEBs. Their analysis revealed that the accuracy of these methods can vary depending on the specific 

parameters of the DEB and the loading conditions. Some codes may provide conservative estimates, while 

others may underestimate the actual capacity, particularly for high-strength concrete. The strut-and-tie 

model (STM) is also a commonly used analytical tool for analyzing DEBs and predicting their strength 

[24,25]. STM simplifies the complex stress distribution in the dapped-end region by representing it as a 

system of compression struts and tension ties. While STM offers a relatively simple and intuitive approach, 

its accuracy can depend on the skill and experience of the analyst in selecting appropriate strut and tie 

configurations. The limitations of existing design codes and models in capturing the complex interaction 

between concrete compressive strength and DEB performance highlight the need for further research and 

refinement of these approaches. The development of more accurate and reliable predictive models is crucial 

for ensuring the safe and economical design of DEBs, especially those made using high-strength concrete. 

Furthermore, the development of design guidelines specifically addressing the unique challenges posed by 

high-strength concrete in DEBs is needed. 

One of the approaches adopted by researchers recently in predicting the shear capacity of reinforced 

concrete structures is the use of machine learning (ML). This has gained application in structural and 

material engineering aspects, as they have been proven to provide a good predictive model [26,27]. In 

research by Ma et al. [28] used six ML models to predict the shear strength of reinforced concrete deep 

beams and evaluated their results against five earlier closed-form models. 457 datasets on deep beams with 

or without web reinforcements were used to develop the machine learning model. Badra et al. [25] estimated 

the punching shear strength of fiber-reinforced polymer-reinforced concrete slabs without shear 
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reinforcement using ANN and SVM algorithms. The ANN and SVM models had respective RMSE values 

of 3.06, 1.10 kN, and 1.32 kN. The performance of the ANN was better when compared to the performance 

measures of the SVM model. Mogahed [29] used models: Gaussian, Random Forest, SVR, ANN, 

LightGBM, XGBoost, CatBoost, and symbolic regression. ML model hyperparameters were tuned using 

the Bayesian optimization approach to assess the predictive power of ML techniques for the shear strength 

of reinforced concrete deep beams. It was reported ML models are highly reliable and accurate compared 

to conventional models. ML approaches have also been adopted for predicting the compressive strength of 

concrete, with high accuracy reported [30–35]. Concrete strength is affected by the shape and size of 

aggregates, the water-cement ratio [36]. The effect of the water-cement ratio on concrete compressive 

strength using different ANNs has been predicted accurately [37]. Lin and Wu [38] adopted the Back 

Propagation (BP) with a single hidden layer network considered in the ANN model to predict the 

compressive strength of concrete from existing experimental work and proposed formulae for predicting 

the compressive strength of concrete. Moradi et al. [39] reported a good correlation between the 

experimental and predicted compressive strength of Metakaolin using ANN, it was observed that the surface 

area and the ratio of silicate and aluminate in the pozzolan influenced the compressive strength. The 

dynamic response of a two-dimensional steel frame has also been predicted using the ML approach, and 

high accuracy has been reported [40]. 

The appraisal of the literature reveals that a single criterion, such as hanger reinforcement, a/d ratio, or 

concrete strength, among others, is inadequate to evaluate whether or not the shear capacity performance 

of RCDEBs may be enhanced under sustained loading. Several features must be combined to create a 

satisfactory shear capacity. ML could be a suitable approach to mapping the relationship between the 

parameters and the shear strength. The main objective of this research is to check the suitability of using 

the ML method for predicting the shear strength of RCDEBs utilizing the test results previously reported 

in the literature as the input dataset. Prediction of the shear capacity of RCDEBs using machine learning 

techniques does not exist in the literature thus far like other uniform cross-section beams which can be 

easily predicted with existing data. The authors selected three ML algorithms; Support vector machine 

(SVM), K-nearest neighbor (KNN), and Multilayer Perception (MLP) using Waikato Environment for 

Knowledge Learning (WEKA) software. WEKA has been adopted to predict the strength of concrete [41–

43]. It is noted that KNN could be biased toward predicting more complex values especially when nonlinear 

instances are involved. The authors extend the algorithm to SVM and MLP which could handle such cases 

and compare the accuracy. The findings of this investigation will enhance the understanding of the shear 

strength of RCDEBs by exploring several parameters like the geometrical features, strength of materials, 

amount, and layout of reinforcement which may reduce the need for studies of each pair of parameters. The 

information from this investigation can also be used in the preliminary design and selection of features of 

RCDEBs which will be an economical and time-safe approach to designing RCDEBs. 

2. Shear strength estimation of dapped end beams 

Several researchers have made proposals on the shear response of RCDEBs to the applied load. Concrete 

compressive strength, aggregate interlock action, and resistance of reinforcement to stresses are important 

for the shear performance of RCDEBs [44,45]. Werner [46] proposed the shear that causes a diagonal 

tension crack to propagate at the reentrant region of RCDEBs. The nominal shear strength, V_u, at the 

reentrant end of RCDEBs is expressed in Equation (1). 

𝑉𝑢 = 𝑉𝑐 + 𝑉𝑠 + 𝑉ℎ (1) 

The shear carried by the shear reinforcement, 𝑉𝑠, is expressed in Eq. (2) as; 
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𝑉𝑠 = 𝐴𝑣𝑓𝑦(1 −
𝑑

2𝑎
) (2) 

𝑉ℎ is the shear carried by the longitudinal reinforcement at the tension zone. Mattock and Chan [47] 

modified the 𝑉ℎ as given in Equation (3). 

𝑉ℎ = 𝐴ℎ𝑓𝑦(1.5 − 𝑎/𝑑) (3) 

The shear carried by the plain concrete is contributed by the compressive strength as expressed in Equation 

(4). 

𝑉𝑐 = (3.5𝑑/𝑎)𝑏𝑑 √𝑓𝑐
′
 (4) 

3. Methodology 

3.1. Description of ML proposed algorithms with WEKA 

WEKA provides a robust framework for exploring machine learning's efficacy in forecasting shear strength. 

It outperforms existing methods by allowing algorithms to learn the complicated correlations between 

parameters affecting structural shear strength (e.g., geometry, a/d, reinforcement) and compressive strength 

straight from data. WEKA includes a wide range of algorithms, such as linear regression for simple 

relationships, ensemble methods like Random Forest that use multiple models to improve accuracy, and 

instance-based learning with k-Nearest Neighbors, which allows for predictions for new mixes by 

comparing them to existing data points [48]. The WEKA suite is divided into 3 different graphical (Fig. 3) 

interfaces namely; the Explorer, Experimenter, and the Knowledge Flow. It has been proven as good 

software for ML development and has been used in several studies in structural engineering [49–52]. 

 
Fig. 3. Graphical Interface of WEKA [53]. 

3.1.1. Support vector machine (SVM) 

SVM is a supervised ML technique excellent at determining optimal decision borders, generally depicted 

as hyperplanes as shown in Fig. 4. The equation of the decision boundary is impacted by the support vectors, 

which are the samples closest to it, and the margin reflects the spacing between the hyperplane and these 

vectors [54]. SVM can handle more complex regression (SVR) and classification problems under nonlinear 
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cases with high-performance [55]. This investigation utilized SVR since the datasets consist of continuous 

variable [23,56]. 

  
Fig. 4. Support Vector Machine [57]. 

For SVR the algorithm used an intense loss function to maintain the maximum margin. The linear model 

of the intense loss function is expressed in Equation (5) [58]. 

𝐿𝜀 = (𝑦. 𝑓(𝑥, 𝑤) = {
0                                                          𝑖𝑓 |𝑦 − 𝑓(𝑥, 𝑤)| ≤ 𝜀
|𝑡 − 𝑓(𝑥, 𝑤)| − 𝜀           𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                                    

 (5) 

Where 𝐿𝜀 is a loss function, y is the actual value of the input and 𝜀 is an error 𝑓(𝑥, 𝑤) is the linear model 

in the feature space. 

The model output is represented in Equation (6) 

𝑓(𝑥) = ∑ (𝑎𝑖
∗ − 𝑎𝑖)𝐾(𝑥𝑖, 𝑥𝑗) + 𝑏𝑛

𝑖=1  (6) 

Where 〖a_i〗^* and a_i are weight coefficients, K (xi, xj) and b is the bias [50]. PUK is used for this 

investigation because it can handle the nonlinear behavior of reinforced concrete structures and the 

complexity involved. Other kernel functions fail to provide satisfactory results [59]. Thus, leveraging PUK 

can enhance the model performance prediction of RCDEBs. 

3.1.2 K-nearest neighbor (KNN) 

Regression and classification applications may both benefit from the flexibility of the k-nearest neighbors 

(KNN) technique, which takes as input k-training samples that are the closest to the target data point in a 

given data collection [51,60]. The number of neighbors K is the core deciding factor. A case is classified by 

a majority vote of its k nearest neighbors measured by the distance function. The various types of distance 

measures used in KNN are expressed in Equations (7-9) [53]. 

𝐸𝑢𝑐𝑖𝑙𝑑𝑒𝑎𝑛 = √∑ (𝑥𝑖 − 𝑦𝑖)2𝑘
𝑖=1  (7) 

 𝑀𝑎𝑛ℎ𝑎𝑡𝑡𝑎𝑛 = ∑ |𝑥𝑖 − 𝑦𝑖|𝑘
𝑖=1  (8) 

𝑀𝑖𝑛𝑘𝑜𝑤𝑠𝑘𝑖 = [∑ (|𝑥𝑖 − 𝑦𝑖|)
𝑞𝑘

𝑖=1 ]
1

𝑞⁄
 (9) 

For regression, the output value is computed by the average of K closest neighbors value as expressed in 

Equation (10). 
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𝑓(𝑥) =
1

𝑘
∑ 𝑦𝑖

𝑘
𝑖=1  (10) 

Instance-Based Classifier (IBK) on Weka was used in this investigation to develop the KNN model[37]. 

The distance function and the numbers of K were varied to achieve the best parameters for the model. K of 

1, 3, 5 … 11, with an increment of 2 was used for the hyperparameter tuning and Euclidean distance 

functions were set as the default for the algorithm's performance. The distance function evaluates the 

closeness or otherwise the predicted value to the actual value. In this case, several distance functions such 

as Chebyshev, Manhattan, Filtered, and Minkowski were also tested for optimal performance. 

3.1.3. Multilayer perceptron (MLP) 

MLP is a supervised ML algorithm in the form of neural network architecture that uses backpropagation to 

classify instances [44,51]. A neural network is a computer model made of many neurons or nodes linked to 

one another [20]. As seen in Fig. 5, MLP networks are comprised of a minimum of three layers: an input 

layer, an output layer, and one or more hidden layers. Every layer in the MLP comprises several nodes and 

one or more processing units (neurons), all of which are completely linked to units in layers above it. The 

first layer that the feature vector passes through is called the input layer. The input layer in this investigation 

has 14 nodes that include the input parameters for the generated model. The hidden layer consists of one or 

more layers of threshold logic units, which make up the second layer. The number of hidden layers and 

neurons was chosen by tuning the number of nodes until the optimal model was achieved. This layer’s 

objective is to transform the information into content that the output layer can utilize to predict the data. 

Finally, the output layer, which consists of a single node, represents the predicted value, namely, the 

predicted shear strength of RCDEBs. 

 
Fig. 5. Multilayer Perceptron. 

The output of a neuron is as expressed in Equation (11): 

𝑂𝑢𝑡𝑝𝑢𝑡 𝑜𝑓 𝑎 𝑛𝑒𝑢𝑟𝑜𝑛 = ∑ 𝑊𝑛𝑋𝑛 + 𝑏𝑁
𝑛=1  (11) 

Where Xn is the input Wn is the weight of the output Xn and b is the bias 

3.2. Description of dataset 

In this investigation, 203 datasets were collected from test results of 17 experimental research on RCDEBs. 

The research included 12 test results from Lu et al. [60], 24 test results from Lu et al. [41] 24 test results 

from Lu et al. [3], 24 test results from Wang et al. [61], 8 test results from Mattock and Chan [47], 8 test 

results from Rajakpse et al. [6], 26 test results from Falcon et al., [7], 18 test results from Hezinger [23], 4 

test results from Almed et al. [56], 3 test results from Aswin et al. [60], 5 test results from Shakir and Alliwe 
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[16], 6 test results from Aksoylu et al. [10], 8 test results from Aswin et al. [62], 6 test results from 

Muhammed and Abbas [46] 4 test results from Peng [63], 15 test results from Mohammed et al. [20] and 8 

test results from Liem [64]. The fourteen features selected as the input variables to predict the shear strength 

of RCDEBS are the compressive strength of concrete (fc), the width of the beam (b), depth of the beam (d), 

Span to depth ratio (a/d), nib length (Ln), nib depth (dn), area of main steel reinforcement (Ams), yield 

strength of main reinforcement steel (fy), area of horizontal reinforcement (Ahr), yield strength of 

horizontal reinforcement (fyh), area of vertical reinforcement (Av), area of hanger reinforcement (Ahh), 

yield strength of hanger reinforcement (fyhh), diagonal reinforcement (Adr). These are the main parameters 

reported to influence the performance of RCDEBs. This prediction did not include other parameters such 

as the total length of the beam. The output variable is the ultimate shear strength of RCDEBs. Table 1 

provides a statistical description of the dataset utilized. The input variables include the primary input factors 

that influence the shear performance of RCDEB. The input parameters’ mean, standard deviation, 

minimum, and maximum values are provided in detail, which are suitable for understanding the dispersion 

of the range of the dataset for reliable and accurate prediction. Stages of data processing for this work are 

presented in the appendix. As shown in Fig. 6. a/d negatively impacts the data, however, it is one of the 

indispensable parameters reported to affect the shear strength performance [10,17,23,52,65]. The inclined 

reinforcement (Av) was not adopted by some of these authors (see attached data set) although using it 

increases the performance of RCDEBs, it does not affect the performance of the model. 

Table 1 

Statistical Description of the Dataset. 

Attributes Mean Standard Deviation Minimum value Maximum Value 

ƒ’c (Mpa)  38.464 12.878 16.01 69.2 

b (mm) 199.596 57.566 120 350 

d (mm) 501.547 175.457 250 1000 

Ln (mm) 334.453 160.578 110 650 

dn (mm) 257.488 92.547 100 500 

a/d 1.485 0.703 0.52 3.3 

Ams (mm2) 569.616 451.762 0 2000 

ƒy (MPa) 444.074 139.639 0 633 

Ah (mm2) 133.337 151.389 0 567.1 

ƒyh (MPa) 261.470 206.987 0 575 

Av (mm2) 199.964 228.651 0 992.4 

Ahh (mm2) 491.378 445.753 0 2712 

ƒyhh (MPa) 425.740 147.339 0 425.74 

Adr (mm2) 84.870 222.341 0 1257 

Vu (kN) 268.289 208.468 11.07 1046 

3.3. Data preprocessing and testing 

During the preprocessing stage, the dataset was normalized. Normalization is the process of transferring a 

dataset from a high value to a low value equivalent. The normalized data falls within the range of 0 and 

1[66]. The normalization is expressed in Equation (12). 

𝑥𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 =       
𝑥−𝑥𝑚𝑖𝑛𝑖𝑚𝑢𝑚

𝑥𝑚𝑎𝑥𝑖𝑚𝑢𝑚−𝑥𝑚𝑖𝑛𝑖𝑚𝑢𝑚
 (12) 

where xnormalised is the normalized outcome, x is the value to be normalized in the selected dataset, xminimum 

and xmaximum is the minimum and the maximum value in the selected dataset. 
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After normalization, the dataset was partitioned for training and testing set. The training set was used for 

training the regression model while the testing set was used for validating the model. A percentage split of 

80% for training and 20% for testing was recorded as the best partition of the dataset for a percentage split 

[67]. The splitting was done automatically on the WEKA software using the Explorer/classify interface. 

Cross-validation was also used for partitioning to improve the partitioning process and also for comparing 

with percentage split. 

 
Fig. 6. Correlation Matrix for the Input and Output Parameters. 

3.4. Optimization of hyperparameters for ML algorithms 

Hyperparameters that could have an impact on the performance of most ML algorithms are first established 

before the training is performed. The hyperparameter tuning was carried out for the percentage split and 

cross-validation process used in this investigation. For the SVM model, two parameters were tuned; the 

kernel function and the regularization parameter (C) [55]. The default kernel type used for SVM in WEKA 

is poly-kernel and the value of the regularization parameter is 1. For optimization, the kernel was changed 

first while the regularization parameter C was held constant after that, the regularization parameter was 

varied within the range from 1 to 10 using the optimum kernel function. The kernel function can easily 

handle the nonlinear behavior of concrete under variable loading, while the regularization parameter can 

allow control over the trade-off through normalization. In the MLP, three parameters were varied, and their 

default values were Seed (0), Hidden Layers (a), and Learning Rate (0.3). To obtain higher accuracies, the 

parameters were tuned, and their accuracies were analyzed. The seed parameter and  learning rate of the 

MLP model were also tuned, and variations in the model's performance were observed. 

3.5. Model evaluation 

The performance of the investigated ML model in predicting the shear strength of RCDEBs was evaluated 

based on test data through statistical metrics, i.e., correlation coefficient (R), mean absolute error (MAE), 

root mean squared error (RMSE), relative absolute error (RAE) and root relative squared error (RRSE)) to 

investigate the statistical relation between original data and predicted data [49]. 
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A statistical measure of the relationship between predicted and actual values is the correlation coefficient 

(R) [68], expressed in Equation (13): 

𝑅 =
∑ (𝐴𝑖−𝐴̅)(𝑃𝑖−𝑃 ̅)𝑛

𝑖=1

√∑ (𝐴𝑖−𝐴̅)2𝑛
𝑖=1   √∑ (𝑃𝑖−𝑃̅)2𝑛

𝑖=1

 (13) 

Where; A is the actual value, P is the predicted value, Ā is the mean of the actual value,  𝑃̅ is the mean of 

the predicted value and n is the number of observations. 

Root Mean Square Error (RMSE) measures the discrepancies between the values predicted by a model and 

the values observed. The RMSE is as expressed in Equation (14) [68] : 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑ (𝑃𝑖 − 𝐴𝑖)2𝑛

𝑖=1  (14) 

Mean Absolute Error (MAE) is a measure of the set of predicted values to real values, or the degree to 

which a predicted model closely resembles an actual model [43]. This is expressed in Eq. (15) as; 

𝑀𝐴𝐸 =
1

𝑛
 ∑ |𝑃𝑖 − 𝐴𝑖|𝑛

𝑖=0  (15) 

The degree of deviation between the predicted and actual values is shown by the Root Relative Squared 

Error (RRSE) and Root Absolute Error (RAE). RAE and RRSE are expressed in Equations (16) and (17): 

𝑅𝐴𝐸 =
∑ |𝑃𝑖−𝐴𝑖|𝑛

𝑖=1

∑ |𝑃̅−𝐴𝑖|𝑛
𝑖=1

 (16) 

𝑅𝑅𝑆𝐸 = √
∑ (𝑃𝑖−𝐴𝑖)2𝑛

𝑖=1

∑ (𝑃̅−𝐴𝑖)2𝑛
𝑖=1

 (17) 

4. Results and discussion 

4.1. Result of hyperparameter optimization 

This section delves into determining the appropriate value of hyperparameters that have a major influence 

on the selected model and result in the best performance in estimating RCDEB shear strength. 

The correlation coefficient was chosen as the performance measure for selecting the most promising 

machine learning algorithm parameter for predicting the shear strength of RCDEBs. The default kernel type 

used for SVM in WEKA is the poly-kernel type at a regularization parameter, C, of 1 which generated R of 

0.9606 and 0.963 for cross-validation and percentage split, respectively, was achieved. The C was then 

increased to 3, 5, 7…, 11 by intervals of 2 to get C that gives an optimal value of R. This is to actualize the 

best value when other kernels are used. In this case, C of 3 gave an optimum value. Figs. 7 and 8 show the 

result of tuning the kernel parameter and the regularization parameter for optimum accuracy for prediction. 

There is no improvement in C beyond 3 as seen in Figure 7, indicating 3 as the best C for predicting the 

accuracy of the distance functions. In Figure 8, the Pearson Universal Kernel (PUK) with C value 3 was 

chosen as the optimal hyperparameter because it achieved the highest R of 1.41% and 3% more than the 

accuracy of the default parameter for cross-validation and percentage split respectively. The Radial Basis 

Function Kernel (RBFK) and the normalized poly kernel (Fig. 8) performed lower than the default by 4.6% 

and 4%, respectively. Demonstrating unsuitability in matching the complexity in the nonlinearity among 

the concrete parameters. This implies that the PUK kernel is more suitable for mapping the nonlinear 
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relation between the input and the output data to predict the shear strength of RCDEBs. The RBFK centers 

more on closer datasets, however, when the nonlinearity is large due to the far distance, the performance 

decreases. PUK has also been adjudged more effective in predicting concrete structures' strength [69–71]. 

 
Fig. 7. Tunning the Regularisation Parameter. 

 
Fig. 8. Comparison of the selected distance functions. 

For the KNN algorithm, the default nearest neighbor and hyperparameters in WEKA are a K value of 1 and 
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the result of manipulating the distance function and numbers K for optimal accuracy. The k value of 3 

achieved the highest R for both the cross-validation and the percentage split as shown in Figure 9. With this 

optimum value, other distance functions such as Manhattan and Minkowski distance, etc. as presented in 

Fig.10 are also tuned in to have the best accuracy, The accuracy of Chebyshev distance in predicting the 

shear strength is lesser than the default by 1.7% for the cross-validation, and by 3.1% for the percentage 

split, implying that it could not predict like others, while other distances performed better than the default 

with accuracy close to 1 suggesting the distance between the predicted values and the actual are close. The 

Manhattan distance gave the best prediction of the shear strength by ensuring the similarity between the 

data points is appropriately measured in the models relying on distance metrics. The normalized features 
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correlate strongly with the predicted shear strength. It is 1.3% higher than the default distance for the 

percentage split and by 1% for the cross-validation. 

 
Fig. 9. Tunning of k value for KNN model. 

 
Fig. 10. Tunning the Distance Function. 
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data are repeatable. Thus, by leveraging hidden layers and seeding for nonlinear modeling and 

reproducibility, a more robust and accurate model for predicting the shear strength of RCDEBs can be built 

Across all models used, the percentage split outperformed cross-validation. The datasets for forecasting 

shear strengths were divided in a manner that favored the training and testing sets. The testing set provided 

a robust representation of the dataset, allowing the datasets to be produced swiftly and with high accuracy, 

however, cross-validation had subsets that resulted in low enhancement in some folds, resulting in a drop 

in average performance. Furthermore, unlike cross-validation, the percentage split approach does not 

introduce variability across different data divides. However, the cross-validation method of splitting 

datasets is more reliable for model performance because it requires repeated training and testing on different 

subsets of data. 

 
Fig. 11. Tunning the Hidden Layer. 

 
Fig. 12a. Tunning the seed parameter ( cross-validation ) 
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Fig. 12b. Tunning of Seed Paramter for MLP Model (Percentage Split). 

 
Fig. 13a. Learning Rate Value and their Performance (cross-validation). 

 
Fig. 13b. Learning Rate Value and their Performance (percentage split). 
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After tuning the hyperparameters for the ML algorithms, Table 2 summarizes the selected hyperparameters 

for the SVM, KNN, and MLP models for predicting the shear strength of RCDEBs. These parameters can 

be adapted to real-life estimation of the shear strength of RCDEBs and can also be extended to predict the 

shear strength of structures with abrupt changes in cross-sections. 

Table 2 

Optimum hyperparameter for ML models . 

ML model  Optimum hyperparameter cross-

validation  

Optimum hyperparameter 

Percentage split  

SVM C=3, kernel = PUK  C=3, kernel =PUK 

KNN K=3 distance function Makowski  K=3 distance function = Manhattan 

MLP 
Number of hidden layers =1, number 

of neutrons in the hidden = 14, seed 

=150, learning rate 0.3 

Number of hidden layers =1, number of neutrons 

in the hidden = 15, seed =300, learning rate 0.3 

4.2. Comparison between the performance of the different ML models 

The accuracy of the developed ML models in predicting the shear strength of RCDEBs has been evaluated. 

Tables 3 and 4 present the statistical comparison of the three algorithms employed in predicting the shear 

strength of RCDEBs using the percentage split and cross-validation. The developed ML models have R 

close to 1.0 and a small value of MAE, RMSE, RAE, and RRSE. These metrics ensure that the model 

predictions are accurate, reliable, and safe for structural engineering applications and for making 

appropriate design decisions. In Table 3, the SVM model best fits the experimental shear strength of 

RCDEBs, with values 0.52% and 3.27% greater than the MLP and KNN models, respectively. The 

difference between MAE and RMSE for SVM is negligible, indicating that it is less sensitive to outliers. 

These errors are more substantial in KNN than in other algorithms, highlighting the possibility of 

overfitting. A look at the standard deviation (see Table 1) revealed that the data had a significant variance 

around the mean. This could potentially influence KNN accuracy. RAE and RRSE are very low, 

demonstrating that SVM can correctly forecast the nonlinear effect problem associated with RCDEBs. 

The cross-validation approach was also used to assess the ML models' resilience across various dataset 

subsets. Ten folds of the data were separated; K-1 (9) folds constituted the training set, while one-fold 

served as the test set. Table 4 shows the performance of the ML algorithms using the cross-validation 

method. The R values of the ML models varied between 0.9568 to 0.9807. These values are within an 

acceptable range, indicating that the developed algorithms perform well in predicting the values of shear 

strength of RCDEBs. MLP model outperforms the rest in terms of having the highest R values and the 

lowest values for MAE, RMSE, RAE, and RRSE, among all models examined for cross-validation. The 

values of these metrics range between 1 (100%) and 0 (0%). 

Table 3 

Statistical characteristics of the SVM, KNN, and MLP model using the analyzed testing set . 

Performance Measure SVM KNN MLP 

R 0.9924 0.9605 0.9872 

MAE (kN) 20.9261 40.6753 27.1506 

RMSE (kN) 27.3613 61.7584 35.0208 

RAE (%) 12.2107 23.7347 15.8428 

RRSE (%) 12.5077 28.2317 16.0092 
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Table 4 

Statistical characteristics of the SVM, KNN, and MLP model using 10 fold cross validation . 

Performance Measure SVM KNN MLP 

R 0.9754 0.9568 0.9807 

MAE (kN) 25.8664 39.3127 29.5184 

RMSE (kN) 46.6134 60.7746 41.3986 

RAE (%) 16.086 24.4481 18.3571 

RRSE (%) 22.2865 29.0572 19.7933 

Figs. 14 to 16 represent the SVM, KNN, and MLP models' scatter plots of the predicted and actual shear 

strength of RCDEBs. These plots are made from the data present in the evaluated testing dataset. The ML 

models' data points exhibit a good agreement between model expectations and experimental findings, as 

they are grouped closely. The coefficient of determination, R2, for the shear strength of RCDEBs 

experimental and predicted outcomes for the SVM, MLP, and KNN models are 0.9846, 0.9745, and 0.9474, 

respectively, which are excellent values demonstrating the competence of the models to predict the shear 

strength. SVM performed best among the models, the points are tightly clustered around the diagonal line 

demonstrating the ability of the SVM algorithm to predict values that align well with the experimental value 

than MLP and KNN. 

 
Fig. 14. Scatter Plot of Experimental and Predicted Shear Strength of RCDEBs for SVM Model. 

 
Fig. 15. Scatter Plot for Experimental and Predicted Shear Strength for MLP Model. 
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Fig. 16. Scatter Plot for Experimental and Predicted Shear Strength for KNN Model. 

4.3. Sensitivity analysis of features 

The shear strength of reinforced concrete beams is developed from the compressive strength of concrete, 

aggregate interlock, and reinforcement provision [72]. These constitute the evaluated input parameters for 

the shear performance of RCDEBs. Fig. 17 shows the values of the 14 most essential parameters for 

estimating RCDEB shear strength with variable importance (VI). This variable importance was tuned in the 

WEKA select attribute section using the ‘Correlation Attribute Eval’. As can be observed, each feature has 

varying degrees of influence on shear strength development. Nevertheless, the hanger reinforcement area 

(Ahh), the depth of the nib (dn), the effective depth of the beam (d), the area of the main reinforcement area 

(As), and the compressive strength (fc), contribute to the most to the shear strength of RCDEBs. The 

variable importance evaluation also confirmed that predicting the RCDEB's shear strength requires not only 

compressive strength and reinforcement but also the geometry of the dapped end such as the cross-section. 

The inclined reinforcement area (Av) and the shear span to depth ratio a/d are observed here as unimportant 

parameters. Researchers have reported that loading at a/d less than unity increases the shear strength of 

RCDEBs [14,23,52]. This is also reflected in this prediction as a/d greater than unity dominates the dataset. 

 
Fig. 17. Sensitivity of input parameter to the shear strength of RCDEB. 
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MAE, RMSE, RAE, and RRSE were used to assess these models' performance. The following is a summary 

of the conclusions drawn from the results of the analysis: 

• The optimal value for the regularization parameter, C, was 3 for cross-validation and percentage split. 

Tunning this value to the kernel functions in SVM produced the best prediction in PUK, which could 

predict the complexity involved in RCDEB shear strength with correlation coefficient R accuracy of 

99% and 97% for percentage split and cross-validation, respectively. 

• Increasing the default hyperparameter in KNN resulted in an ideal value of 3, which offered the best 

prediction of shear strength of 97% and 96% in the Manhattan distance function. For MLP, cross-

validation performed best at lower seed and learning rates than the percentage split, resulting in a 

reduced prediction capacity of shear strength among the hidden layers. 

• The three algorithms used to forecast the shear strength of RCDEBs are extremely accurate. SVM 

produced the highest prediction accuracy, followed by MLP, while KNN produced the lowest 

prediction. The RAE, RRSE, MAE, and RMSE for measuring the accuracy of the test model were 

higher in KNN than others, with a high prediction accuracy of shear strength indicating potential 

overfitting. However, SVM has lower values, showing that it can handle the nonlinearity associated 

with RCDEB's shear capacity. 

• The variable importance analysis demonstrated that the compressive strength of the concrete, the 

reinforcement, and the shape of the reinforced concrete dapped end beams are critical parameters for 

increasing shear capacity. Loading at a shear span-to-depth ratio (a/d) greater than unity has a negative 

effect on the shear strength. 
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Appendix 

 
Fig. Data Processing and Evaluation stage. 
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