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In this study, we employ machine learning by applying an artificial
neural network (ANN) to predict the shear capacity of simply supported
reinforced concrete deep beams from a small dataset. A database of 76
experiments, comprising 13 key parameters, was prepared and used to
train and tune various ANN configurations. The Levenberg−Marquardt
algorithm converged fastest and most accurately after systematic trials
and introducing a second hidden layer significantly enhanced the
nonlinear mapping. An optimal network of 11-12 neurons with radial
basis activation achieved a training root mean square error (RMSE) of
0.2345. Data validation revealed that correlation coefficients for training
(0.999) and testing (0.992) were found, with over 95% of predictions
within 5% of measured strengths. The model developed was shown to
be overfitting as the number of datasets in this experiment is limited.
Future studies need to be done to include more datasets to prevent
overfitting.
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1. INTRODUCTION

Reinforced concrete deep beams (RCDB) are among the most important components of present-day
structures in multi-storey buildings, bridges, and offshore installations. Their unique geometric design
makes distributing large loads from the application site to the support systems via a strut-based load transfer
system very effective [1]. Due to this behaviour, RCDB applications are prevalent in critical structural
elements such as pile caps, transfer girders, and shear walls. In tall buildings, these components are vital
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for resisting lateral forces and will take precedence over changes in column alignment and the omission of
columns.

When RCDB spans have a span-to-depth ratio (SDR) not exceeding 3.0 [2], Eurocode 2 recognises it
as a deep geometry type. As highlighted in [3], the strain distribution in deep beams is markedly different
from that in slender beams. They produce different shear deformations, and the classical flexural theory is
underappreciated for these kinds of cases. Hence, RCDBs are more susceptible to shear failure; therefore,
the accuracy of estimating their shear strength is a key factor to guarantee structural safety and achieve
cost-effective design [4].

Many prediction equations estimate shear capacity for SDRs of less than 3, such as probabilistic, semi-
empirical, and genetics-based models. Another promising prediction of the shear capacity of RCDB
structures has come from Artificial Neural Network (ANN) techniques. To address these challenges in
determining the shear capacity of RCDB, we set out to tackle two main fronts. The first, the limited case
of the shear response of the supported RCDB, undergoing arch action (SDR smaller than 3), will be
examined using ANN with vertical bars. The second aim is to investigate ANN architecture performance
by varying the number of neurons in the hidden layer to improve predictive performance. The performance
of the model is described by the Root Mean Square Error (RMSE and the correlation coefficient (R).

1.1 Existing methods and research gaps in predicting the shear capacity of RCDB
Predicting the shear capacity of RCDB is a problem with no exact solution [5]. To date, many theoretical
and experimental investigations have been conducted to predict the strength of RCDB. Most experiments
have aimed to develop basic predictive equations based on various shear mechanisms to facilitate deep
beam design in concrete structures. The precision of such predictive equations appears to be compromised.

Since the 1950s, many investigations have been conducted on various formulations to estimate the
shear strength of these members. The underlying mechanisms can usually be classified of: probabilistic
models [6], semi-empirical models, and models created with genetic algorithms [7]. Probabilistic models
are subject to variables predicted by a given distribution, which causes the behaviour of variables
influencing deep beam to often be neither normal nor linear [8]. Of all these methods, semi-empirical
models are most commonly used to predict shear capacity, and the majority of design code provisions are
semi-empirical in nature [9]. For these models, the coefficients of equations derived from simplified
mechanical mechanisms are typically determined by regression analysis of experimental shear test data.
While the above-mentioned methods are powerful enough for prediction, it is impossible to implement
them in practice in some cases, owing to the complexity of the underlying mathematics.

An alternative for estimating shear capacity is the Strut and Tie Method (STM). The STM has been
formally adopted by major structural codes as a basic design methodology for deep beams. STM reduces
the internal force transfer to a trussed state composed of struts, ties, and nodes, which is fundamental to
STM's ability to provide a simplified account of the discontinuity regions. Regardless, STM depends almost
entirely on the designer to specify where the load paths and fields of stress will be [10], which can result in
disparate outcomes from different engineers. Not only that, but STM tends to deal with irregular geometries
and difficult load redistribution, and it also lacks standardised procedures, which limits the reliability of
STM's application. It also lacks standardised procedures, which limits the reliability of STM's application
in some automated or complex design cases [11]. The presence of regions, namely disturbed (D-regions),
especially where the SDR ratio is less than 3, is inconsistent with the basic assumptions of Euler–Bernoulli
beam theory. Shear deformation significantly influences the structural response of RCDB; neglecting it
may lead to substantial errors in shear capacity estimation [12].

Shear deformation has been incorporated into Timoshenko beam theory to more realistically represent
deep-beam structural behaviour. In contrast, few reliable findings are provided regarding the determination
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of shear resistance under load and strain between the concrete and the vertical bar, despite many researchers'
efforts in this study. The vertical bar provides an intersecting critical diagonal crack, which results in peak
shear resistance [13]. From an experimental report [14], the vertical bar reinforcement in a deep reinforced
beam, when introduced at 0.38%, increases the shear capacity by 16.46 per cent. [15] reported a study of
RCDB shear capacity without vertical bar using ANN and observed that the model outperformed the
baseline models, especially under the trained condition on limited data.

In the year 2025, [16], the ultimate shear capacity of RCDB from deep reinforcement beams without
a vertical bar was studied by ANN. The two data-driven dependent model is developed and is feasible,
practical, and accurate. Later [17] used ANN technology to predict shear resistance without vertical bars
and obtained a highly accurate coefficient of determination of 0.974 for its experimental data. However,
just like before, the input of the vertical bar took no attention when calculating the shear capacity of the
deep RC beam. To address these problems, some recent works have delved into machine learning
techniques. ANN as a data-driven alternative for the prediction of RCDB shear capacity, where SDR is less
than 3 in the presence of a vertical bar. Machine learning techniques (such as ANN) can discover complex,
nonlinear relationships directly from experimental data and do not impose mathematical formulations.

1.2 ANN architectures and comparison between ANN and STM for predicting shear capacity
ANNs are available in various architectures, which can either reflect the nature of the problem or the
structure of the data to be implemented. One well-established architecture we can use is a feedforward
backpropagation (BP) network. Most commonly, this architecture is applied with the BP algorithm, a
popular supervised learning technique [18]. Two main stages, namely forward propagation and backward
propagation, were conducted during training. [19]

In the forward phase, the input data is transmitted through the network layers and consequently returns
the output. Using a loss function, the predicted output is compared with the target, where the prediction
error is calculated. During the backward phase, this error is propagated back through the network to check
whether each weight and bias contributes directly to the overall error [20], as shown in Figure 1.

Fig. 1. Backpropagation phase of ANN (The numbers in circles show the order of BP)
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This feedback is then used to compute a gradient of the network parameters and update them. These
parameters are optimised using techniques such as gradient descent and its variants. With subsequent
training in iterations, the error decreases progressively and the prediction accuracy improves [21]. The
ANN algorithm was proposed as it outperforms STM for predicting the shear capacity of RCDB.
Accordingly, [22] investigates the shear strength predicted by the ANN model against the other two
important techniques in the standard practices code, ACI318 and EC2, which both utilise STM. ANN has
well-defined shear strength prediction results to only 10% error superior to the STM technique. This STM
methodology makes estimating shear-induced load transfer very difficult because it is conditioned by the
span-to-depth ratio and the spacing of vertical bars [23]. The [5] article explored STM to estimate deep RC
beam shear strength, in an alternative manner compared with ANN. They found that the ANN technique is
more sensitive for predicting shear strength than STM. Based on this information, the ANN technique will
be employed as the established method to accurately predict the shear capacity of RCDB.

2. METHODOLOGY

This work employs a quantitative modelling methodology to predict the structural shear capacity of
supported RCDBs using an ANN. The method, performance evaluation, and comparison of predicted and
actual datasets from the experiment. All computation was carried out in MATLAB R2020a, and early-
stage processes, including data cleaning and normalisation, were undertaken in RapidMiner. The study
flow diagram is shown in Figure 2, and we present the details of each phase in this paper.

Data collection phase

Data pre-processing and splitting

Development of a optimal ANN model

Dataset normalization

ANN metric performance evaluation

ANN testing and verification

Data collection phase

Fig. 2. Research flow diagram summary

2.1 Data collection phase
In general, the quality and suitability of the dataset influence the ANN model's performance during training.
As mentioned earlier, the dataset used in this research is derived from reference [24] and comprises 76
experimental results for supported RCDB. An important reason cited for the limited availability of data in
civil engineering is the high cost and time associated with data collection, sample preparation, sample
setup, and so on. Financial resources and specialised equipment are also required for field observations,
mapping, measurements, and long-term monitoring systems. Moreover, large-scale and physical tests
require strict adherence to a schedule or process that typically involves two or more test repetitions in
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response to different materials or situations, human or equipment errors, and inadequate testing setups.
And this makes it challenging to lay the groundwork for large, diverse datasets for ML model development
and validation. The experimental records contained 13 input parameters for geometric dimensions, material
properties, and reinforcement characteristics, and 1 output variable: the experimentally obtained structural
shear capacity. Table 1 describes these variables as simple input parameters and provides minimum,
maximum and mean values.

2.2 Data pre-processing and data splitting determination
The dataset was pre-processed on RapidMiner to ensure its readiness for ANN modelling. It is pertinent to
note that the pre-processing includes recognising and removing duplicate records, and addressing missing
entries via removal or statistical substitution. We imported the original Excel-based data file directly into
RapidMiner to ensure its format was compatible. The cleaned dataset was then exported back to Excel,
after confirming the completeness, consistency, and proper labelling of all entries. To enable detailed
analysis and model training, this cleaned dataset (with no incomplete or repetitive entries) was imported
into MATLAB. At this stage, we gained foundational knowledge to enhance the reliability and predictive
power of the ANN model. Following the approach by Bichri [25], we assigned 80 per cent of the data set
for training and 20 per cent for testing, as recommended [26]. For the case of 13 features, the 80–20
distribution is consistent with Equation 1 [27] to get a good balance between learning, reducing overfitting
and allowing for objective model evaluation:

Optimal training
Testing Ratio = p

1 = 13
1 = 3.6

1
≈ 4:1 (1)

2.3 ANN Model development
The ANN framework developed in this work is designed to estimate the shear capacity of RCDB. All the
ANN models were developed, trained, and verified using MATLAB through an in-house script that enabled
the construction of flexible network architectures, training as appropriate, and evaluation of various models.

Four basic hyperparameters, i.e., (i) hidden layer numbers, (ii) neuron numbers per layer, (iii) type of
training algorithm (six options), and (iv) activation function (eight options) were systematically varied to
generate several ANN architectures. From this training dataset, 13 relevant input features affecting shear
capacity were selected. Different configurations were tested to determine how each affected predictive
accuracy. We have analysed both shallow (one hidden layer) and moderately deep (two hidden layers)
feedforward networks. Two hidden layers are widely reported to capture complex nonlinear relationships
[28], and Heaton [29] shows that one hidden layer can approximate any function with good design and
training.

The value of neurons was computed using a common heuristic, with values between input and output
neurons [30]. As a consequence, hidden layers are assigned to 1 to 13 neurons. This practice helps to
balance the risks of overfitting and underfitting [31]. Other hyperparameters were kept unchanged to ensure
a fair comparison between networks. Epochs were set to 1000 (after [26]) to achieve sufficient training but
less overfitting. More importantly, the performance threshold of 0.95 accuracy was selected to provide
meaningful predictions and strong generalisation [32]. All the ANN architectures adopted a multilayer
feedforward structure trained using the backpropagation (BP) algorithm.
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2.4 Dataset normalisation phase
Normalising the dataset before its training was required to ensure homogeneity in dataset scaling (input
and output). Normalisation speeds up convergence during training and increases overall network stability
[33]. This was especially important in view of the variable features with different units and ranges of
measurement. The min–max normalization technique was used for scaling, with all the inputs scaled
between 0 and 1 based on Equation 2. This method prevents higher‐magnitude variables from dominating
the learning algorithm and promotes an equitable representation of features [34].

ki,normal = ki - min ki
max ki - min ki

(2)

                                                                            
where

ki,  normal = the i-th k normalised input features value
ki = the actual i-th k input features value from the dataset
min(𝑘𝑖) = the minimum i-th k input feature values from the whole dataset
max(𝑘𝑖) = the maximum i-th k input feature values from the whole dataset

2.5 ANN performance metric evaluation phase
Using the validation dataset, we assessed the model's baseline performance. At this time, hyperparameters
were tuned to improve model accuracy and select the best network structure. The model evaluation was
primarily based on the Root Mean Square Error (RMSE), which is highly sensitive to large deviations and
effectively captures average prediction errors. This smaller measure, RMSE, reflects a stronger prediction
ability. In addition, the correlation coefficient (𝑅) was computed to examine the linear correlation between
the predicted and observed values. Equations 3 and 4 are the formulations for RMSE and R.

𝑅𝑀𝑆𝐸

=  
∑N

i=1  Shearact,i - Shearpred,i
2

N
(3)

R

= 1 -
∑N

i=1  Shearact,i - Shearpred,i
2

∑N
i=1  Shearact,i - Shear 2

(4)

where

Shearact,i = the value of actual structural shear capacity for the i-th from the experimental work
Shearpred,i = the value of predicted structural shear capacity for the i-th from the ANN model
Shear = the mean of the actual structural shear capacity of N samples from the experimental work



7 S. F. Senin et al. / ESTEEM Academic Journal, Vol. 22, March 2026, 1-16

https://doi.org/10.24191/esteem.v22iMarch.9841

©Authors, 2026

N = number of datasets used

2.6 ANN testing and performance verification phase
Once the ANN model was selected through validation, its predictive performance was further evaluated on
the test dataset. The predicted shear capacities from the ANN model were compared with experimental
measurements to assess accuracy and generalisation.

3. RESULTS AND DISCUSSIONS

This part discusses the performance outcomes of various ANN architectures developed in MATLAB for
predicting the shear capacities of supported RCDB. The dataset described earlier formed the basis for
model training. A comparative analysis of single- and two-hidden-layer networks revealed notable patterns
related to network structure, activation functions, and training algorithms. The performance metrics, Root
Mean Square Error and correlation coefficient, R, were monitored during training and testing phases.

3.1 Data descriptions
The dataset contains 76 experimental records with 13 input features (x1 to x13) and one output. It is derived
from [24], a well-recognised reference in the field of civil engineering. Descriptive statistics of the dataset
are depicted in Table 1.

Table 1. Dataset statistical description of the study

Features Units Minimum Maximum Mean Standard deviation Type

Beam’s width
(𝑥1) mm 80 533 238.76 157.13 Input

Beam’s
height (𝑥2) mm 250 1905 751.91 455.30 Input

Effective
depth (𝑥3) mm 207 1750 673.16 418.90 Input

Span-to-depth
ratio (𝑥4) - 0.56 2.34 1.34 0.49 Input

Load position
(𝑥5) mm 50 417 194.84 121.98 Input

Support
bearing (𝑥6) mm 53 406 218.54 117.62 Input

Tension bar
ratio (𝑥7) % 1.07 3.24 2.08 0.74 Input

Vertical bar
ratio (𝑥8) % 0.12 1.25 0.30 0.18 Input

Horizontal
bar ratio (𝑥9) % 0.12 0.68 0.23 0.16 Input

Yield stress
tension bar (

𝑥10)
MPa 420 555 482.77 44.13 Input

Yield stress
horizontal; MPa 400 558 462 48.86 Input
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bar (𝑥11)
Yield stress
vertical bar (

𝑥12)
MPa 414 558 488.22 43.16 Input

Concrete
compressive
strength (𝑥13)

MPa 16.1 97.7 30.31 14.98 Input

Shear
strength
capacity

kN 85 5747 894.70 1147.95 Output

3.2 ANN model in one hidden layer
The performance of an ANN relies heavily on the proper selection and coordination of several critical
factors. An extensive evaluation of various single-hidden-layer structures was done; the results are depicted
in Table 2.

Table 2. Neuron number and corresponding RMSE for selected training and activation functions (one hidden layer)

Training
algorithm

Activation Function

tansig logsig poslin purelin softmax satlin hardlim radbas

trainlm 0.80 0.95 30.25 305.54 2.73 46.70 685.67 0.82
trainscg 24 29 35 306 23 29 538 19
trainbr 29.1 30.5 35.2 309 33 45 539 28
trainrp 30 31 33 306 30 47 555 30
traincgb 24 25 35 305 16 30 686 13
traingcf 30 32 42 306 26 29 678 18

Regarding the single-hidden-layer models, a setup that leveraged the Levenberg–Marquardt (trainlm)
training algorithm along with the activation function (tansig) and 13 neuron numbers, achieved the highest
performance. The best setup had the lowest training RMSE = 0.80, as presented in Table 2. A second-best
configuration achieved an RMSE of 0.82 by coupling trainlm with the radial basis function (radbas) and
using 11 neurons. A third prominent model, using trainlm with the logsig activation function and 12
neurons, achieved an RMSE of 0.95. These results were clear for single-hidden-layer combinations, which
also showed which combinations performed best overall. Several previous works [35, 36] also found that
trainlm works well together with the nonlinear activation functions for nonlinear features on predictive
tasks. Thus, the setup with tansig and 13 neurons in one trainlm was used as the baseline for the latter 2
hidden-layer experiments. On the other hand, activation functions (i.e. poslin, satlin, purelin and hardlim)
had higher RMSE values than any other of the training algorithms, which means that they could not
efficiently characterise the complex behaviour in the nonlinear aspect caused by the shear capacity due to
the RCDB.
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3.3 ANN model from the data in two hidden layers
In analysing 1-hidden-layer networks, it was found that trainlm (Levenberg–Marquardt) yielded the most
outstanding output of the six algorithms assessed. Thus, the second hidden layer of the model was addedand
its neuron number , and its neuron count was systematically adjusted from 1 to 13, repeating the same trial-
and-error algorithm. The first hidden layer was initialised at 13 neurons (the previous best number) to
provide the steady-state foundation of error minimisation in the second hidden layer. This method is
consistent with the progressive optimisation procedures, which are particularly appropriate for deep neural
networks [37,38]. The results of the most advanced ANN model with tansig activation function with trainlm
are shown in Table 3.

The relationship between the number of neurons in the second hidden layer and RMSE was clearly a
kind of U-curve. The minimum possible RMSE was 0.2383 at 6 neurons in the first hidden layer, with the
second layer having 1 to 12 neurons. This nonlinear relationship indicates the complicated effect of network
complexity on the generalisation error. The U-shaped behaviour corresponds to the bias–variance trade-off
in statistical learning theory [39]. In the case of low neuron counts (1–5), the bias is high, and the model
cannot model complex relationships [40]. Growing the number of neurons to 6 or beyond results in a lot of
variance — the model starts fitting noise rather than simple patterns, which is aggravated by trainlm’s
sensitivity to complex error surfaces [41]. Moreover, tansig's saturating nonlinearity can render the
gradients of deeper structures vanishing, while this effect in the two-layer design is mitigated. Too many
neurons, on the other hand, cause gradient fluctuation and also interfere with handling stability and weight
updates during backpropagation, which accounts for the performance drop beyond six neurons [42].

Table 3. Two-hidden-layer ANN training performance (first-ranked model)

Activation
function Training algorithm

Neuron number
in the first

hidden layer*
Neuron number

in the second
hidden layer

RMSE
(training)

1 132.41
2 2.6055
3 3.0657
4 0.2389

tansig trainlm 13 5 1.3623
6 0.2383
7 0.2444
8 0.2439
9 0.2441
10 0.2428
11 1.1682
12 0.2414

* The number of neurons is fixed in this hidden layer

A different pattern was illustrated for the radbas activation function with trainlm, and 11 neurons in the
first hidden layer, as shown in Table 4. RMSE values showed significant differences as the number of
neurons in the second layer increased from 1 to 13, with values varying from 1147.35 to 0.2345. This
difference reflects the high effect of the second-layer neuron count on performance. A similar trend was
shown by Yu et al [43], who attributed the performance of radbas in low neuron numbers to its localised
approximation properties, where each neuron responds to inputs within a specific range.
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Table 4. Two-hidden-layer ANN training performance (second-ranked model)

Activation
function Training algorithm

Neuron number
in the first

hidden layer*
Neuron number

in the second
hidden layer

RMSE
(training)

1 1147.35
2 128.37
3 0.241
4 1.3686

radbas trainlm 11 5 2.2104
6 1.0195
7 1.7056
8 0.2438
9 1.072
10 0.6509
11 0.902
12 0.2425
13 0.238

* The number of neurons is fixed in this hidden layer

Table 5 shows the performance of the logsig activation function with trainlm and 12 neurons in the
first hidden layer. As the second-layer neurons changed, RMSE values also varied from 1064.64 at one
neuron, 0.241 at three neurons, to 0.2385–2.2101 for larger neuron counts. The lowest RMSE, 0.2385 (13
neurons), was achieved. These results demonstrate the architectural dynamic impact on logsig networks.
Such behaviour is associated with vanishing gradients in asymmetric functions, where weight updates
weaken as training proceeds [44]. The logit function’s “logistic S-curve,” which compresses outputs
between 0 and 1, affects learning dynamics depending on the distribution of neurons.

Table 5. Two-hidden-layer ANN training performance (third-ranked model)

Activation
function Training algorithm

Neuron number
in the first

hidden layer*
Neuron number

in the second
hidden layer

RMSE
(training)

1 1064.64
2 2.2322
3 1147.35
4 2.4803

logsig trainlm 11 5 3.7533
6 0.2407
7 0.2417
8 0.2439
9 0.2424
10 0.2465
11 1.242
12 0.2345
13 0.2384

* The number of neurons is fixed in this hidden layer
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According to the results, the configuration using radbas with 12 neurons in the second hidden layer
had the lowest overall training RMSE, at 0.2345 (Table 3). It was better than the tansig config (RMSE =
0.2383 with 6 neurons in the second layer) and the logsig config (RMSE = 0.2385 with 13 neurons),
respectively, suggesting a hierarchy of performance: radbas, followed by tansig, and ending with logsig.

3.4 Comparison between the predicted and actual shear capacities of the deep beam
A comparison is made between the predicted shear capacities and the actual shear capacities of the deep
beam. To validate the predictive ability of the chosen ANN model, a direct comparison of the predicted
shear capacities to the measured ones was performed. Radbas-trainlm (structured as 11–12 neurons) was
chosen as the best model for all data points. Figure 3 shows a bar graph comparing the predicted shear
capacities with the model's actual capacities for 15 of the 76 representative testing datasets. It appears that
the predicted and actual values coincide closely in most cases, indicating the model's high generalisation.
The ANN performed particularly well on moderate-sized shear-capacity datasets. There were a few
departures with high-capacity values, especially in Dataset 13, which may be due to the limited
representation of extreme cases in training. At most, prediction errors stayed within 5% for most of the
data; Dataset 1 had the largest error, at 11.15%. Even so, the network demonstrated strong predictive
performance on the dataset, underscoring its stability.

Datasets
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
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Fig. 3. Actual and predicted structural shear capacity based on the best with 2 hidden layer ANN Model (on the
testing dataset)
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3.5 Correlation coefficients analysis for the ANN of the two hidden layers
The correlation coefficients for the ANN's two hidden layers. Regression plots of actual shear capacities
and R values for the training and testing datasets are presented in Figure 4. In the correlation between the
predicted and actual shear capacities and R values, very high correlation coefficients of R = 0.999 for
training and R = 0.992 for validation were observed for the linear fit between predictions and reality. In the
case of test data, the model achieved R = 0.992, indicating a significant increase in correlation on unseen
data, with some signs of overfitting. A small dataset (76 samples) may not adequately represent the true
variability of a population. In machine learning, models try to capture how input features relate to output
responses. In the limited sample sizes, the dataset might contain an incomplete or biased part of the potential
patterns. works. It was concluded that a larger dataset should be used in future work to obtain a more
accurate machine learning model.

Fig. 4. The coefficient of determination, R, for the training datasets for testing and training dataset of the best 2-
hidden layer ANN model

4. CONCLUSIONS

The present study has successfully used an ANN model to predict the shear capacity of simply supported
RCDBs with vertical bars and span-to-depth ratios less than 3. Among the tested algorithms,
Levenberg–Marquardt (trainlm) consistently produced the best performance across diverse network models
and activation functions, making it the best training method. Architectural optimisation indicated that a
second hidden layer significantly increased prediction performance compared to single-layer networks.
Here are the key findings:

a) A second hidden layer added significantly better prediction than the single-layer architectures
b) For the best-performing architecture, the radbas activation function was employed.
c) The best structure consisted of 11 neurons in the first hidden layer and 12 neurons in the second

hidden layer
d) This configuration produced the lowest RMSE of 0.2345.
e) The performance was better than the tansig configuration (RMSE = 0.2383).
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f) It also outperformed the logsig configuration (RMSE = 0.2385).

A U-shaped RMSE curve for both bias and variance was obtained from the neuron counts in the second
layer. This also stresses the need for proper architectural selection to counter underfitting and overfitting.
Experimental results verified that most of the predictions had percentage errors below 5%, with R = 0.999
in the training/validation phase and R = 0.992 in the testing phase, which indicates the model was highly
overfitting. To prevent possible overfitting in the ANN model in future work, sufficient datasets with more
than 76 samples shall be used in future research studies.
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