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Abstract
Artificial intelligence and machine learning are transforming the field of materials science by enabling predictive procedures 
for more efficient design. This may significantly affect traditional costly, time-consuming, and labor-intensive concrete 
evaluation test procedures, including the workability indicators. As a result, the available test data are limited, which in 
turn may introduce high variance and sampling effects that complicate the validity and comparability of research findings 
across studies. Concrete flow prediction, in particular, faces these challenges. Here, a well-known high-performance con-
crete dataset is adopted to predict the flow as the primary outcome, alongside slump and compressive strength, by using 
multi-output deep neural networks and applying the transfer learning technique. These approaches exploit the correlation 
between the mentioned properties, especially flow, to increase the predictive accuracy. The study demonstrates that robust 
flow predictions require advanced data-splitting techniques, specifically, the nested cross-validation technique. It differs from 
the k-fold cross-validation by including both test and validation sets with multiple folds for each, thereby minimizing the 
sampling effects and enhancing the prediction consistency. This rigorous framework addresses the high variance inherent in 
small datasets, a common limitation in engineering research. The findings highlight the importance of robust data-splitting 
strategies, which collectively reduce bias and improve reliability in material property prediction. This approach may pave 
the way for more sustainable, efficient and reliable evaluation procedures that could be applied in materials science and 
engineering disciplines at large.

Keywords Concrete Workability Prediction · Imbalance Engineering Dataset · ML · DNN · Data-splitting · Nested cross-
validation

1 Introduction

Artificial intelligence (AI) includes computational technolo-
gies that mimic human intelligence, such as learning and 
problem solving [1]. A major part of AI is machine learning 
(ML), which involves implementing computer programs that 
learn from data and make predictions on their basis. ML 
can be divided into different methods, including supervised 
and unsupervised learning. Regression models are crucial 
for prediction tasks in supervised learning, aiming to inter-
polate values on the basis of the input data, helping with 
better decision-making and process optimization [2]. Deep 

learning, a subset of ML, further improves these capabilities 
by using neural networks to discover complex patterns and 
relationships in data, a capability that can provide efficiency 
and innovation across different disciplines [3].

ML models have been instrumental in advancing scien-
tific discoveries in various engineering fields, including elec-
trical, mechanical, industrial, material, and civil engineer-
ing [4–11]. Traditional or more advanced ML techniques, 
for instance Physics Informed Neural Networks (PINNs) 
[12], offer significant potential for addressing difficult tasks 
in civil engineering by providing valuable insights into 
complex problems in various disciplines, including struc-
tural engineering, construction management, smart trans-
portation, environmental science and concrete technology 
[13–17].

In construction and building materials, ML can play a 
significant role by predicting the mechanical properties of 
concrete on the basis of the basic constitutive ingredients 
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of its mixture, leveraging the in-hand data from previous 
experimental tests to reduce the cost and time of further 
experimental tests significantly [18–21].

Concrete is one of the most commonly used materials in 
construction [22]. Traditional testing methods for measuring 
its mechanical properties, such as slump, flow and compres-
sive strength, are crucial in assessing its workability and 
final strength [23, 24]. However, these methods are time-
consuming and costly, and require labor and in situ equip-
ment. In contrast, ML-aided testing offers a more efficient 
alternative, with a major environmental impact of reduction 
in CO2 emissions [25–27] and lower costs [20, 25, 28].

Concrete workability plays a crucial role in ensuring the 
durability and strength of a structure, as it affects the ease 
with which concrete can be transported, placed, poured into 
molds, and compacted around reinforcement [29, 30]. Slump 
and flow tests are conventional methods for quantifying the 
concrete workability [31].

High-performance concrete (HPC) uses fly ash, ground 
granulated blast furnace slag and silica fume additions to 
enhance its performance. Typically, it has a lower water-to-
cement ratio and smaller aggregate size, leading to greater 
strength and reduced permeability. These features make 
HPC suitable for conditions where higher durability and 
specific performance characteristics, such as an increased 
modulus of elasticity, are needed [32]. Clearly, developing 
a reliable model to determine or predict the properties of 
highly complex HPC materials is more challenging [33].

While many studies have focused on the properties of 
concrete, particularly compressive strength [34], Yeh [35] 
examined flow properties and compiled a dataset of seven 
input features for HPC mixing ingredients and output vari-
ables for slump, flow and compressive strength. The focus 
was on flow prediction via the combination of second-order 
regression and artificial neural network. Subsequently, 
Chen et al. [36] improved the estimation by developing a 
cubic gene-expression programming (GEP) with a parallel 
structure to overcome premature convergence and increase 
solution diversity. Later, they enhanced the prediction by 
adopting the Genetic Algorithm Combining Operation Tree 
(GAOT) to address the premature convergence, demonstrat-
ing better performance than regression models and Back 
Propagation Neural Networks (BPNNs) [37]. Moreover, 
Aydogmus et al. [33] investigated the use of bagging, a pop-
ular ensemble learning method, for constructing ensemble 
models. Moreover, Ünlü [38] used machine learning algo-
rithms for predicting flow, highlighting methods that had 
not been previously used or compared in similar studies, 
such as the so-called ‘M5’ decision tree, with the best result 
obtained by the Multi-Layer Perceptron (MLP) method. 
More recently, Garcia et al. [26] employed metaheuristic 
machine learning techniques and deep learning to predict 
the slump and flow of concrete while achieving the best 

performance in deep learning with ten neurons in a hid-
den layer. Yeh’s dataset has remained well studied among 
researchers because of its availability and multi-output basis, 
making it suitable for testing multi-output regression to pre-
dict slump, flow and compressive strength simultaneously 
[39–46].

Dataset splitting methods vary significantly in different 
studies, ranging from simple train‒test splitting to more 
sophisticated cross-validation approaches. Garcia et  al. 
[26] used 70% of the records for training, and the remain-
ing records were used for validation, whereas Lee et al. 
[43] divided the dataset into 80 records for training and 23 
records for validation. Emami and Martínez-Muñoz [46] 
applied the threefold cross-validation technique, whereas 
Yeh [35] and Schmid et al. [45] used 4- and fivefold cross-
validation, respectively, and Aydogmus et al. [33] examined 
both threefold and fivefold cross-validation approaches. 
Additionally, several studies [38–41, 44] have utilized the 
tenfold cross-validation. Another less common method, 
the leave-one-out cross-validation, was employed by Chen 
and Ma [42]. Additionally, Chen et al. [36] used 94 records, 
dividing them into 50 for training, 20 for validation, and 24 
for testing.

Failing to use separate validation and test sets may 
weaken the model evaluation by creating overlap in data 
usage, leading to overly optimistic results. A distinct test set 
provides an independent performance assessment, offering 
a clearer view of its real-world applicability. Notably, this 
issue may not occur with every dataset, although it occurs 
more frequently in small datasets [47]. Therefore, choosing 
an appropriate data-splitting method should depend on the 
nature of the data—for example, using PPSFL for sequential 
data [48].

Despite the use of various splitting methods, the valid-
ity and reliability of different methods remain uncertain to 
some extent [20]. In the early stage of the present study, 
the authors observed a high variance in model performance 
due to the sampling of flow data. In other words, the perfor-
mance of the model varied significantly depending on the 
subset of records chosen for evaluation. Random selection 
of a portion of the dataset by a random seed, often led to 
inconsistent performance results with the same model and 
algorithm.

The present study delves into the exploration and com-
parison of various data splitting and model validation 
methods. The primary goal is to identify the most suitable 
method on the basis of the unique characteristics and chal-
lenges presented by the dataset in question. The authors 
place particular emphasis on the influence of random seed 
selection when applied to Yeh’s dataset across different 
data-splitting techniques, illustrating how this choice can 
significantly affect the model outcomes. This highlights the 
critical importance of treating the validation and test sets as 



Machine Learning for Computational Science and Engineering            (2025) 1:21  Page 3 of 22    21 

separate entities. Instead of relying on a single set for valida-
tion and a single set for testing, the authors advocate for the 
use of k-fold cross-validation not only during the validation 
phase but also during the testing phase. By using the nested 
cross-validation method on Yeh’s dataset, the study effec-
tively addresses the discussed issues. This method leads to 
more consistent and reliable results, thereby improving the 
comparability of outcomes between different studies and 
reducing discrepancies. By trying to fill the gap in address-
ing random seed sensitivity and data-splitting challenges, 
especially in small datasets, through robust validation, this 
study further employs a diverse array of ML models via the 
proposed splitting method. Furthermore, a diverse array of 
ML models is employed via the proposed splitting method. 
These range from traditional machine learning algorithms to 
various deep learning approaches. This study explores both 
single-output and multi-output deep learning frameworks 
and incorporates techniques such as the transfer learning to 
increase model performance.

The main features of the present work are highlighted as:

(i) A structured evaluation framework for assessing con-
crete workability in a more efficient and sustainable 
manner.

(ii) Consistency in data splitting to ensure reliable and 
reproducible model assessment.

(iii) Nested cross-validation to minimize sampling effects 
and improve evaluation robustness.

(iv) Deep neural networks (DNNs) for enhancing accuracy 
in predicting concrete properties from imbalanced data-
sets.

(v) Multi-output DNNs and transfer learning to exploit 
shared property correlations for better flow prediction.

The remainder of the paper is organized as follows. 
First, Sect. 2 provides a brief overview of deep learning 
and its various approaches, including single- and multi-
output deep neural networks (DNNs) and transfer learn-
ing techniques. Building upon these foundations, Sect. 3 
discusses different methods of data splitting techniques 
and presents algorithms for their implementation. Subse-
quently, Sect. 4 describes the characteristics and preproc-
essing of the dataset used in this case study, followed by 
Sect. 5, which details the experimental setup and model 
architectures. Then, Sect. 6 presents the results along with 
a comprehensive discussion on the existing implications, 
which is followed by Sect. 7, which concludes the paper 
and suggests potential directions for future research.

2  Deep Neural Network (DNN) Regressors

A deep neural network (DNN) regressor [49, 50] is a spe-
cific machine learning model for predicting numerical val-
ues. Its architecture consists of an input layer, multiple hid-
den layers, and an output layer (Fig. 1). Each layer contains 
a set of artificial neurons interconnected by weighted edges, 
facilitating the flow of information through the network.

As DNNs are widely known and extensively docu-
mented, only the main necessary descriptions are provided.

Fig. 1  A sample deep neural 
network with an input layer (n 
ϵ  R5), two hidden layers with 
seven and four neurons, and 
an output layer (n ϵ  R1). The 
zoomed window on a hidden 
neuron shows the weighted 
inputs and the activation output 
 aj . Darker signal lines indicate 
that the corresponding output 
signal from layer j-1 is associ-
ated with a higher weight in 
the connected neuron of the 
next layer (j). The figure was 
generated via [51] and further 
processed for clarity and detail
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2.1  Training process

In a fully connected neural network, each neuron j receives 
n (number of previous neurons) input signals ( xi )  from 
the neurons in the previous layer. The neuron computes a 
weighted sum of its inputs:

where wij represents the weight between neuron i in the 
previous layer and neuron j in the current layer and bj is the 
bias term associated with neuron j.

The weighted sum zj is then passed through an activation 
function 휙

(
zj

)
 to introduce nonlinearity into the model.

This process of passing the output of each neuron aj to the 
next layer continues until the final output layer is reached. 
For a regression task, the output layer typically consists of a 
single neuron that produces the predicted value ŷ.

The difference between the predicted value ŷ and the 
actual target value y is quantified by the loss function L

(
ŷ, y

)
 . 

A commonly used loss function in regression tasks is the 
mean squared error (MSE):

where m is the number of samples.
To minimize this loss, model parameters (weights wij   and 

biases bj  ) are optimized through the backpropagation pro-
cess, in which gradients of the loss function with respect to 
the weights and biases are computed.

These gradients are then used to update the weights and 
biases. One common method for updating the parameters 
is the gradient descent method, where the weights wij and 
biases bj are updated in the direction that minimizes the loss 
function

(1)zj =

∑n

i=1
wijxi + bj,

(2)aj = 휙
(
zj

)

(3)L
(
ŷ, y

)
=

1

m

∑m

i=1

(
ŷi − yi

)2
,

(4)휕L

휕wij

=
휕L

휕ŷ
⋅
휕ŷ

휕aj

⋅
휕aj

휕zj

⋅
휕zj

휕wij

(5)휕L

휕bj

=
휕L
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휕zj

⋅
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(6)wij ← wij − 휂 ⋅
휕L

휕wij

,

(7)bj ← bj − 휂 ⋅
휕L

휕bj

,

where η is the learning rate hyperparameter for control-
ling the step size during the gradient descent process. The 
gradient descent update algorithm continues for a prede-
fined number of epochs to reach convergence or to meet 
an early stopping criterion [52]. Notably, other alternative 
approaches, such as adaptive momentum and RMSProp, may 
enhance convergence and/or performance in specific DNN 
problems [53].

2.2  Hyperparameter tuning

Hyperparameter tuning [54] plays a critical role in optimiz-
ing regression models, as it significantly impacts their ability 
to generalize effectively to new unseen data. Unlike model 
parameters, which are learned during the training phase, 
hyperparameters are predefined settings that influence vari-
ous aspects of the learning process. They control factors 
such as model complexity, architecture, learning rate, and 
regularization strength, among others. Proper tuning of these 
hyperparameters is essential to balance underfitting and over-
fitting [55], ensuring that the model performs robustly across 
different datasets [56]. This tuning process typically involves 
the systematic exploration of various combinations of hyper-
parameters. A common approach to achieve this is the cross-
validation concept, where the data are split into multiple folds 
and the model is trained and validated across these folds for 
each hyperparameter combination. Techniques such as grid 
search, random search or more advanced methods such as 
the Bayesian optimization are often employed with cross-
validation to identify the optimal set of hyperparameters for 
enhanced overall performance [54, 56].

2.3  Multi-Output-DNN

A Multi-Output-DNN (MODNN) is designed to predict mul-
tiple outputs simultaneously. Unlike a single-output-DNN 
(SODNN), the output layer contains various neurons, each 
corresponding to a different predicted variable. The network 
processes inputs through its hidden layers, and each neuron 
in the output layer produces a separate output (Fig. 2).

The loss function in MODNN typically sums the indi-
vidual losses of each output. For example, if MSE is used 
for each output, the total loss L can be defined as

where k is the number of outputs the model is supposed 
to predict, ŷio is the predicted value of the  oth output of the 
 ith sample, and yio is the actual value of the oth output of the 
ith sample.

(8)L
(
ŷ, y

)
=

1

k.m

∑m

i=1

∑k

o=1

(
ŷio − yio

)2
,
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Backpropagation adjusts the weights to minimize this 
combined loss to optimize the network performance across 
all outputs:

where all parameters are consistent with those defined in 
(4) and (5). Note that the summation is performed separately 
for each output, as indicated by the index o.

The weights can then be updated via an optimiza-
tion method such as the gradient descent (6) and (7). The 
MODNN architecture is useful in scenarios where outputs 
are related or when predicting multiple variables in a single 
model can improve efficiency and accuracy [46].

2.4  Transfer learning

Initialization of weights and biases in a neural network is 
critical to efficient and accurate training [57]. Common 

(9)휕L
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,

approaches include random initialization and more inno-
vative techniques such as Xavier initialization and He ini-
tialization [58]. In some cases, the transfer learning tech-
nique is applied, where the initial weights and biases of the 
model are derived from the trained parameters of another 
model performing a similar task [59]. These methods col-
lectively attempt to ensure that the network starts from a 
well-informed point to facilitate efficient learning with the 
goal of improved performance.

2.5  Evaluation metrics

Evaluation metrics in regression tasks assess how well a 
model predicts outcomes by comparing predicted and actual 
values. Evaluation metrics provide quantitative measures of 
prediction accuracy and help determine the performance of 
a model in capturing the underlying data, guiding the opti-
mization process, and ensuring reliable and accurate predic-
tions in real-world applications.

RMSE (root mean square error) and MAE (mean absolute 
error) are defined as:

(11)RMSE =

√
1

n

∑n

i=1

(
yi − ŷi

)2
,

Fig. 2  A sample multi-output 
deep neural network with an 
input layer 

(
n휖R

7
)
 , two hidden 

layers with ten and five neurons, 
and an output layer (n휖R

3) 
(the input and output layers 
are based on the case study in 
Sect. 4)
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are commonly used metrics for assessing model perfor-
mance by quantifying prediction errors. RMSE calculates 
the square root of the average squared differences between 
the predicted and observed values, whereas MAE com-
putes the average of the absolute differences. Both metrics 
range from zero to infinity, with lower values indicating 
better performance. Furthermore, the coefficient of deter-
mination  (R2)

measures the precision of fit for a regression model, 
generally ranging up to 1, with higher values represent-
ing a better fit, although it can be negative if the model 
performs poorly [60].

(12)MAE =
1

n

∑n

i=1

||yi − ŷi
||,

(13)R2
= 1 −

∑n

i=1

(
yi − ŷi

)2

∑n

i=1

(
yi − y

)2
,

3  Data splitting

In all data splitting methods, there is always a subset called 
the training set. Some approaches also include both a 
validation set and a test set, whereas others may include 
only one. The key difference between the validation and 
test sets is that the validation set is typically used dur-
ing model development to fine-tune hyperparameters and 
adjust the model architecture. In contrast, the test set is 
reserved for evaluating the final performance of the model 
without involving any training and fine-tuning procedures. 
The validation set allows the model to be evaluated multi-
ple times without compromising the integrity of the final 
performance measure. In contrast, the test set provides 
an unbiased estimate of the model performance after the 
training and validation phases are completed.

This section describes various methods of data splitting 
[61, 62], as briefly defined in Table 1.

3.1  SM1V

SM1V divides the dataset into training and validation sets. 
The training set is used to train the model, whereas the 
validation set is used to tune the model hyperparameters 
and evaluate its performance without the use of a sepa-
rate test set for the final assessment (Box 1). The random 
seed indicates which subset of records of the dataset are 
assigned to the validation sets (Fig. 3).

Table 1  Definition of the adopted splitting methods

Splitting Method Description

SM1V Train-Validation Splitting
SM1T Train-Test Splitting
SM2 Train-Validation-Test Splitting
SM3 K-fold Cross-Validation Without Test Set
SM4 K-fold Cross-Validation With Test Set
SM5 Nested Cross-Validation

1. Training Phase:
1.1. Shuffle the entire dataset.
1.2. Split the dataset into two sets:

1.2.1. Train set (e.g., 80% of the data)
1.2.2. Validation set (e.g., 20% of the data)

1.3. Repeat for t sets of hyperparameters:
1.3.1. Train the model using the training set.
1.3.2. Evaluate the model using the validation set.

2. Assessment Phase:
2.1. Choose the best set of hyperparameters based on the performance of the model on the 
validation set using the chosen evaluation metric.
2.2. Report the performance of the chosen model and hyperparameters as the final assessment 
on the validation set.

Box 1  SM1V Algorithm
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3.2  SM1T

SM1T (Box 2) divides the dataset into training and test 
sets. The training set is used to both train the model and 
tune the model hyperparameters, whereas the test set is 
employed to evaluate its performance. Unlike the SM1V 
approach, SM1T uses a dedicated test set for the final 
assessment, providing an independent evaluation of the 
model. The random seed determines which subset of the 
dataset is assigned to the test set (Fig. 4).

3.3  SM2

SM2 divides the dataset into training, validation, and test 
sets (Fig. 5). The training set is used to train the model, 
the validation set is used for hyperparameter tuning and 
model selection [63], and the test set is reserved for the 
final assessment of model performance (Box 3). The ran-
dom seed determines which records from the dataset are 
included in the test set. This means that the final assess-
ment report is based only on the portion of the dataset 
selected by chance, which may not accurately represent 
the overall performance of the model on the entire dataset.

Fig. 3  Visualized splitting method SM1V

Fig. 4  The splitting method SM1T

1. Training Phase:
1.1. Shuffle the entire dataset.
1.2. Split the dataset into two sets:

1.2.1. Train set (e.g., 80% of the data)
1.2.2. Test set (e.g., 20% of the data)

1.3. Repeat for t sets of hyperparameters:
1.3.1. Train the model using the training set.
1.3.2. Evaluate the model using the training set.

2. Assessment Phase:
2.1. Choose the best set of hyperparameters based on the performance of the model on the 
training set using the chosen evaluation metric.
2.2. Report the performance of the chosen model and hyperparameters as the final assessment 
on the test set.

Box 2  SM1T Algorithm

Fig. 5  Visualized splitting method SM2
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3.4  SM3

SM3 (Box 4) involves splitting the dataset into k subsets 
or folds. For the k iteration, k − 1 folds are used to train 
the model, and the remaining fold is used for validation. 
This process is repeated k times, with each fold being 
used exactly once as the validation set (Fig. 6). The per-
formance metric is averaged over the k validation sets to 
evaluate the model comprehensively. This method does not 
include a separate test set for the final model assessment. 

In SM3, each data point is considered to be in the valida-
tion set exactly once. The random seed controls which 
specific records are selected for the validation set in each 
iteration.

3.5  SM4

SM4 (Box 5) extends the previous method by reserving 
a portion of the dataset as a test set. The remaining data 
records (outer-train) are split into k folds, as in the SM3 

1. Training Phase:
1.1. Shuffle the entire dataset.
1.2. Split the dataset into k folds.
1.3. Repeat for t sets of hyperparameters:

1.3.1. For each iteration (i = 1 to k):
1.3.1.1. Use the ith fold as the validation set.
1.3.1.2. Use the remaining k-1 folds as the training set.
1.3.1.3. Train the model using the training set.
1.3.1.4. Evaluate the model using the validation set.

1.3.2. Calculate the average performance metric across all k folds.
2. Assessment Phase:

2.1. Choose the best set of hyperparameters based on the averaged performance of the model on 
all k folds using the chosen evaluation metric.
2.2. Report the performance of the chosen model and hyperparameters as the final assessment.

Box 4  SM3 algorithm

1. Training Phase:
1.1. Shuffle the entire dataset.
1.2. Split the dataset into three sets:

1.2.1. Training set (e.g., 80% of the data)
1.2.2. Validation set (e.g., 10% of the data)
1.2.3. Test set (e.g., 10% of the data)

1.3. Repeat for t sets of hyperparameters:
1.3.1. Train the model using the training set.
1.3.2. Evaluate the model using the validation set.

2. Assessment Phase:
2.1. Choose the best set of hyperparameters based on the performance of the model on the 
validation set using the chosen evaluation metric.
2.2. Evaluate the chosen model on the test set.
2.3. Report the performance of the chosen model and hyperparameters as the final assessment 
on the test set.

Box 3  SM2 Algorithm
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method. The model is trained and validated via the same 
k-fold cross-validation procedure as in SM3, with the best-
performing model being evaluated on the reserved test set. 
This method combines the advantages of k-fold cross-val-
idation (SM3) for model selection with the robustness of 
using a separate test set for the final performance evalua-
tion. Similar to SM2, the random seed determines which 
records are allocated to the test set by chance, and the final 
performance report is based on a randomly selected test 
set, which may not fully represent the overall performance 
of the model across the entire dataset (Fig. 7).

3.6  SM5

Nested cross-validation [61] is a robust technique that 
addresses potential bias in hyperparameter tuning and model 

selection. It involves two layers of cross-validation: an outer 
iteration and an inner iteration (Fig. 8). In the outer iteration, 
the entire dataset is divided into k folds, with each fold tak-
ing turns as the test set, while the remaining k-1 folds form 
the outer-training set. For each outer iteration, the inner iter-
ation performs k'-fold cross-validation on the outer-training 
set to tune the hyperparameters and select the best model 
configuration. This process results in k independently trained 
and optimized models, each evaluated on its correspond-
ing reserved test fold. The final assessment is obtained by 
averaging the results across all k-test folds (Box 6). This 
approach ensures that each record in the dataset is used as 
a test case exactly once, with the final evaluation being the 
average performance across the entire dataset. In nested 
cross-validation, the choice of random seed has a minimal 
impact because every data point will eventually appear in 

Fig. 6  Visualized splitting method SM3 (k = 5)

1. Training Phase:
1.1. Shuffle the entire dataset.
1.2. Split the dataset into two sets:

1.2.1. Outer-train set (e.g., 85% of the data)
1.2.2. Test set (e.g., 15% of the data)

1.3. Split the outer-train set into k folds.
1.4. Repeat for t sets of hyperparameters:

1.4.1. For each inner iteration (i = 1 to k):
1.4.1.1. Use the ith fold as the validation set.
1.4.1.2. Use the remaining k-1 folds as the training set.
1.4.1.3. Train the model using the training set.
1.4.1.4. Evaluate the model using the validation set.

1.4.2. Calculate the average performance metric across all k folds.
2. Assessment Phase:

2.1. Choose the best set of hyperparameters based on the averaged performance of the model on 
the whole k-folds using the chosen evaluation metric.
2.2. Evaluate the chosen model on the test set.
2.3. Report the performance of the chosen model and hyperparameters as the final assessment 
on the test set.

Box 5  SM4 algorithm
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the test set exactly once. The random seed influences only 
the assignment of data points to specific folds during the 
process. Since all the data points are evaluated in their own 
test set, the significance of the random seed decreases, mak-
ing it less critical to the overall results and final assessment.

4  Dataset characterization

In this study, Yeh’s dataset, which comprises 103 records, 
each representing a unique mix of HPC, is adopted. The 
output variables are slump, flow, and 28-day compressive 
strength (CS(. The input features are cement (Cement), slag 
(Slag), fly ash (FA), water (Water), superplasticizer (SP), 
coarse aggregate (CAgg), and fine aggregate (FAgg). All 
material properties in the dataset are consistent with the 
same environmental and procedural conditions during the 
mix preparation. Given the small size of the dataset, no out-
liers were identified or removed, as eliminating any data 

points could have negatively affected the analysis. For pre-
processing, data standardization was applied to all training 
sets, with the test and validation sets transformed accord-
ingly. The statistical summaries of the input and output vari-
ables are presented in Table 2 and Table 3, respectively.

There are various techniques to understand the relation-
ship between input and output features, such as performing a 
sensitivity analysis [64] after model training and employing 
a Pearson correlation matrix [65] before training the model. 
In Table 4, the Pearson correlation matrix can be observed.

The Pearson correlation matrix reveals several key 
insights into the relationships between concrete mix com-
ponents and properties. As expected, slump and flow, both 
indicators of concrete workability, are strongly positively 
correlated (0.91). Interestingly, despite the usual expectation 
that the superplasticizer would improve the workability, it 
has a negative correlation with both slump (−0.21) and flow 
(−0.18), suggesting a more complex interaction. Water, as 
expected, positively correlates with slump (0.47) and flow 

Fig. 7  Visualized splitting method SM4 (k = 3)

Fig. 8  Visualized splitting method SM5 (Nested cross-validation) (k'= 5, k = 4)



Machine Learning for Computational Science and Engineering            (2025) 1:21  Page 11 of 22    21 

(0.63) due to its direct impact on workability but negatively 
correlates with compressive strength (CS) (−0.25), reflect-
ing the well-known inverse relationship. Cement is posi-
tively correlated with both slump (0.15) and flow (0.19), as 
well as with CS (0.45), which matches the expected role of 
cement in concrete strengthening. While these correlations 
highlight expected trends, they highlight interesting aspects 
of component interactions, indicating that this dataset would 
be quite complex to analyze thoroughly. A sample of the 

multi-output deep neural network, which is based on the 
dataset, is shown in Fig. 2.

5  Model setup

5.1  Hyperparameter tuning

This study utilizes the Optuna library as the main tool for 
hyperparameter optimization. Optuna leverages various 
algorithms, including the tree-structured Parzen estimator 
(TPE) sampler and grid search, among others [66]. Each 
hyperparameter is evaluated on the basis of the adopted data-
splitting method.

5.2  SODNN & MODNN

DNNs are implemented in PyTorch [67]. To effectively 
prevent overfitting due to dataset complexity and limited 
sample size, several key techniques are incorporated: batch 

1. Shuffle the entire dataset.
2. Split the dataset into k’ outer folds.
3. For each outer iteration (i = 1 to k’):

3.1. Split the Outer-Train set into k folds.
3.2. Repeat for t sets of hyperparameters:

3.2.1. For each inner iteration (j = 1 to k):
3.2.1.1. Use the jth fold as the validation set.
3.2.1.2. Use the remaining k-1 folds as the training set.
3.2.1.3. Train the model using the training set.
3.2.1.4. Evaluate the model using the validation set.

3.2.2. Calculate the average performance metric across all k folds.
3.3. Choose the best set of hyperparameters based on the averaged performance of the model on 
the whole k folds using the chosen evaluation metric.
3.4. Evaluate the final ith model on the ith test set.

4. Report the average of all k’-Test set performance as the final assessment.

Box 6  SM5 (Nested cross-validation) Algorithm

Table 3  Statistical summaries of outputs

Slump (cm) Flow (cm) CS (MPa)

Min 0 20 17.19
Max 29 78 58.53
Mean 18.05 49.61 36.04
Standard devia-

tion
8.75 17.57 7.84

Table 2  Statistical summaries of the inputs

Cement (kg/m3) Slag (kg/m3) FA (kg/m3) Water (kg/m3) SP (kg/m3) CAgg (kg/m3) FAgg (kg/m3)

Min 137 0 0 160 4.40 708 640.60
Max 374 193 260 240 19 1049.90 902
Mean 229.89 77.97 149.01 197.16 8.54 883.98 739.61
Standard 

deviation
78.87 60.46 85.41 20.20 2.80 88.39 63.34
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normalization [68], mini-batch training, dropout [69] and 
L2 regularization [70]. The training process is further opti-
mized via two distinct algorithms: Adam [71] and SGD 
with momentum. Four activation functions (ReLU, Leaky 
ReLU, Sigmoid and tanh) [72] are examined to achieve the 
best efficiency. Early stopping [52] is employed as an addi-
tional measure against overfitting. The training is set to stop 
if the mean squared error (MSE) on the training set does 
not decrease by at least one unit over 50 epochs, allowing 
a maximum of 3000 epochs. The network architecture is 
carefully optimized through rigorous hyperparameter tuning, 
focusing on the number of layers and neurons per layer and 
all other tunable parameters detailed in Table 5.

These hyperparameters are used for all DNN models. 
Three approaches are evaluated for MODNN models. The 
first approach includes all three outputs (slump, flow, and 
compressive strengths) as targets (MODNN-AT). The sec-
ond approach targets only slump and flow (MODNN-FS), 
whereas the third approach focuses on flow and compressive 
strength (MODNN-FC).

5.3  Transfer learning

The learned weights and biases from the models trained 
on slump and compressive strength are transferred to ini-
tialize the SODNN-Flow. The process begins by training 

two independent SODNNs on the slump (SODNN-Slump) 
and compressive strength (SODNN-CS) as source models. 
Hyperparameter tuning is conducted for both source models 
to achieve optimal performance. After the best-performing 
model is obtained, the weights and biases of the source 
model are transferred to the initial layers of the flow pre-
diction models, followed by further hyperparameter tuning.

Two distinct approaches to transfer learning are explored 
in this study, namely TL1 and TL2, which differ in how the 
data splits are handled during the transfer process.

In the first approach (TL1), a strict consistency is maintained 
between the data partitions of the source and target models. 
Specifically, if a particular record is assigned to the test set 
during the training of the source models (SODNN-Slump or 
SODNN-CS), that same record must also remain in the test set 
when training the flow model (SODNN-Flow). This constraint 
ensures that there is no information leakage between the source 
and target tasks, thereby keeping the evaluation fair and unbi-
ased. In other words, the flow model is never allowed to see the 
input features of any record in its training phase if that record 
was used in the test set during source model training.

In the second approach (TL2), the above constraint is 
not enforced. A record that was part of the test set during 
the training of the source models may appear in the train-
ing set when training the flow model. While this may seem 
harmless at first, it introduces a risk of information leakage, 

Table 4  The Pearson correlation 
matrix of the dataset Cement Slag FA Water SP CAgg FAgg Slump Flow CS

Cement 1 −0.24 −0.49 0.22 −0.11 −0.31 0.06 0.15 0.19 0.45
Slag −0.24 1 −0.32 −0.03 0.31 −0.22 −0.18 −0.28 −0.33 −0.33
FA −0.49 −0.32 1 −0.24 −0.14 0.17 −0.28 −0.12 −0.06 0.44
Water 0.22 −0.03 −0.24 1 −0.16 −0.6 0.11 0.47 0.63 −0.25
SP −0.11 0.31 −0.14 −0.16 1 −0.1 0.06 −0.21 −0.18 −0.04
CAgg −0.31 −0.22 0.17 −0.6 −0.1 1 −0.49 −0.19 −0.33 −0.16
FAgg 0.06 −0.18 −0.28 0.11 0.06 −0.49 1 0.2 0.19 −0.15
Slump 0.15 −0.28 −0.12 0.47 −0.21 −0.19 0.2 1 0.91 −0.22
Flow 0.19 −0.33 −0.06 0.63 −0.18 −0.33 0.19 0.91 1 −0.12
CS 0.45 −0.33 0.44 −0.25 −0.04 −0.16 −0.15 −0.22 −0.12 1

Table 5  Tuning ranges of 
hyperparameters Hyperparameters Range

Number of hidden layers 1–3 (integer)
Number of neurons in each hidden layer 1–128 (integer)
Activation function [relu, leaky relu, tanh, sigmoid]
Learning rate 0.000001- 0.01 (float)
Batch size [not using minibatch training, 18, 36]
Weight decay rate (regularization parameter) 0.000001–1 (float)
Dropout rate [not using dropout, 0.2, 0.5, 0.8]
Optimizer [Adam, SGD with momentum = 0.8]
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as the flow model could indirectly benefit from exposure 
to input features that were part of the test set in the source 
tasks. Notably, initial results based on TL2 overlooked such 
a difference without realizing the importance of the data 
splitting process.

It is important to acknowledge that it is not always evident 
that how small differences in the way data is divided can 
impact the results, especially when using transfer learning 
with a single dataset and multiple target variables Table 6.

6  Results and discussion

For each adopted splitting method, described in Table 7, six 
seeds are randomly selected from the range of 0–1000, as 
defined in Table 8. These seeds, labeled RS1 through RS6, 

are consistently used for all the experiments. The  R2 evalu-
ation metric is used as the primary focus for performance 
assessment.

6.1  Performance assessment of splitting methods

6.1.1  Linear regression on SM1T and one thousand random 
seeds

A simple linear regression [73] model is employed via an 
SM1T-10 approach using 1000 random seeds ranging from 
0–1000. The resulting RMSE loss on the test set varies 
between 8.66 and 19.44, highlighting the significant impact 
of the choice of evaluation data (by changing the random 
seed) on the same model performance.

6.1.2  Comparison of SM1T and SM1V via the H2O library

The H2O library, a versatile Python tool, is utilized to 
streamline the evaluation of datasets by testing a variety 
of machine learning models [74]. The implementation 
included classical models such as XGBoost, gradient boost-
ing machines, random forests and generalized linear models.

Table 9 and Table 10 display the performance of the H2O 
library, evaluated once on SM1V-10 and once on SM1T-10, 
respectively, by testing one hundred hyperparameters across 
H2O models for each RS in both splitting methods.

Table 6  Abbreviations for DNN models and transfer learning approaches

Abbreviate Explanation

SODNN-Slump SODNN model predicting Slump
SODNN-CS SODNN model predicting CS
SODNN-Flow SODNN model predicting Flow
TLS1-Flow SODNN model predicting Flow with initial weights and biases of SODNN-Slump based on the first approach of transfer 

learning
TLC1-Flow SODNN model predicting Flow with initial weights and biases of SODNN-CS based on the first approach of transfer learning
TLS2-Flow SODNN model predicting Flow with initial weights and biases of SODNN-Slump based on the second approach of transfer 

learning

Table 7  Abbreviations of the 
splitting methods (SM1–SM5) Splitting method abbreviations Description

SM1V-v SM1V method with v records allocated for the validation set
SM1T-t SM1T method with t records allocated for the test set
SM2-v-t SM2 method with v records for validation and t records 

allocated for testing
SM3-k SM3 method utilizing k-fold cross-validation
SM4-k-t SM4 method with t records allocated for testing and k’-fold 

cross-validation for training
SM5-k’-k SM5 method utilizing k’ outer folds and k inner folds

Table 8  Randomly selected 
seeds (RS1–RS6) used for all 
the experiments

Random seed scenario

15 RS1
772 RS2
568 RS3
684 RS4
74 RS5
42 RS6
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Comparing Table 9 and Table 10 reveals a signifi-
cant performance difference when the same records are 
used for validation (0.58  R2) and testing (0.06  R2). In 
SM1V, the validation set is used during the model tuning 
and evaluation, influencing the final model. In contrast, 
SM1T uses only the test set to evaluate the final model, 
with no role in training.

Additionally, the variance across different random 
seeds suggests that changing the records in the test or 
validation sets can lead to substantial differences in per-
formance when the same algorithm is used.

6.1.3  Comparing the SODNN-Flow and H2O libraries 
on SM2

Having observed a notable difference between the validation 
and test sets, the SODNN-Flow and H2O models on SM2-
18–10 are now compared, incorporating both the validation 
and test sets. The comparison is conducted using the random 
seeds RS1 through RS6 for both models to ensure consistent 
evaluation across different sets. SODNN-Flow hyperparam-
eter tuning is conducted separately for each scenario, with 
100 hyperparameter sets (t = 100), similar to H2O, and 100 
configurations are tested across its models. Table 11 and 
Table 12 present the performance results of both models on 
SM2-18–10.

The comparison between SODNN-Flow and the H2O 
library on the SM2-18–10 dataset reveals a slight advan-
tage for SODNN-Flow, with an average  R2 of 0.14 versus 
0.10 for H2O on the test set. However, this difference is not 
substantial enough to conclusively determine which model 
performs better, justifying further evaluation of these models 
in Sect. 6.1.8. Moreover, the performance of both models 
suggests that relying on a single validation set may be insuf-
ficient to achieve reliable predictive accuracy.

A high variance is observed in the results solely because 
of changes in the random seed used for the data splitting 
method. Additionally, although the average result is clearly 

unsatisfactory, certain random seeds exhibit notably high 
performance. This fluctuation complicates the evaluation of 
the model and makes it challenging to compare different 
studies.

6.1.4  SODNN-Flow and SODNN-CS on SM2

The SODNN is selected to assess whether this effect remains 
consistent when the compressive strength in this dataset is 
predicted. Six different scenarios are examined by varying 
the random seed used for SM2-18–10. Table 13 indicates 
that the results for CS are less sensitive to the choice of 
random seed. The study concludes that the high variance 
caused by sampling and changing the random seed is not 
necessarily observed in every task, even when a single data-
set is used, and it should be examined carefully and checked 
in each context.

6.1.5  Comparing SM3 and SM4 via SODNN-Flow

According to the previous sections, the performances of the 
examined splitting methods are not sufficiently acceptable. 
Therefore, more complex splitting methods involving k-fold 
cross-validation are now being examined. SM3-10 and SM4-
5–10 are examined via random seeds RS1 through RS6 for 
both models, and hyperparameter tuning is conducted one 
hundred times per RS. The performance results of SODNN-
Flow on SM3-10 and SM4-5–10 are presented in Table 14 
and Table 15, respectively.

Comparing Table 14 and Table 15 clearly reveals that 
the primary difference between SM3 and SM4 lies in the 
reserved test set in SM4. This difference results in a notable 
gap between the validation performance of SM3  (R2 = 0.69) 
and the test set performance of SM4  (R2 = 0.28). The sig-
nificant difference between the validation and test set results 
highlights that relying solely on SM3 may not provide a 
reliable representation of the model performance on unseen 
future data.

Table 10  Performance of the H2O library on SM1V-10

Train Validation

Random Seed RMSE MAE RMSE MAE R2

RS1 1.42 1.09 11.48 7.89 0.63
RS2 2.66 2.00 8.13 7.05 0.86
RS3 0.42 0.31 12.03 9.83 0.66
RS4 1.60 1.24 8.77 7.36 0.79
RS5 5.90 4.44 12.06 9.42 0.37
RS6 14.80 12.85 10.45 8.71 0.19
Max − Min 14.38 12.53 3.93 2.77 0.67
Average 4.47 3.66 10.48 8.38 0.58
Standard deviation 4.93 4.31 1.55 1.03 0.23

Table 9  Performance of the H2O library on SM1T-10

Train Test

Random Seed RMSE MAE RMSE MAE R2

RS1 3.68 2.22 13.92 10.15 0.46
RS2 7.15 4.93 12.30 11.05 0.67
RS3 13.53 11.61 17.52 15.98 0.28
RS4 8.96 7.13 15.54 14.44 0.34
RS5 9.79 8.02 19.06 13.54 −0.57
RS6 7.50 5.39 15.51 13.76 −0.79
Max − Min 9.85 9.39 6.77 5.84 1.46
Average 8.43 6.55 15.64 13.15 0.06
Standard deviation 2.98 2.91 2.21 1.99 0.54
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6.1.6  Testing different values of the SM5 k’ parameter 
via SODNN-Flow

To compare SM5 with other splitting methods in the fol-
lowing sections, various numbers of outer folds (k’) are 
examined while maintaining a fixed inner cross-validation 
fold of k = 5. For each value of k’, hyperparameter tuning is 
conducted one hundred times per fold. As a result, increas-
ing k’ significantly increases the computational cost because 
each additional outer fold requires one hundred hyperparam-
eter tuning iterations, increasing the resource intensity of the 
process. On the basis of Table 16, while the best result is 
observed when k’ = 20, no pattern can be observed to relate 
the value of k’ to the performance. Doubling the number of 
folds from k’ = 10 to k’ = 20 does not significantly improve 
the performance, although it requires considerably more 
computational resources. Therefore, for the remainder of 
the study, only the case of k’ = 10 is considered.

6.1.7  Comparing SM5 and SM4 via SODNN-Flow

Now, the additional data splitting method SM5-10–5 is 
examined via random seeds RS1 through RS6 for compari-
son with other splitting methods (Table 17). Hyperparameter 

tuning is performed in one hundred experiments to choose 
the proper set of hyperparameters for each scenario.

Comparing Table 17 with other tables that include a test 
set shows that SM5 consistently delivers a significantly higher 
average performance and demonstrates nearly zero variance 
on the test set. This indicates that the random seed has mini-
mal influence on SM5, as its only effect is to determine which 
data records are included in the test folds simultaneously. 
Since each data point is included in the test set exactly once, 
the final reported result reflects the performance of the entire 
dataset rather than just a subset, ensuring a more robust evalu-
ation and a comparable result for future studies.

Owing to the computational cost of testing all random 
seeds and splitting methods, SM5-10–5 with random seed 
42 (RS6) is selected for the remainder of the study, as it 
represents the average across the six SM5 RSs (Table 17).

In summary, Fig. 9 illustrates the  R2 performance across 
six random seed scenarios for different splitting methods that 
contain at least one test set.

Although the best performances over the experiments are 
observed for the models with SM2 and SM4 when RS1 is 
used, both methods exhibit significant fluctuations in other 
random seeds. In contrast, SM5 maintains consistent results 
across various splitting methods, achieving a higher average 
performance. This highlights that while a splitting method 

Table 11  Performance of the 
H2O library on SM2-18–10 Train Validation Test

Random Seed RMSE MAE RMSE MAE RMSE MAE R2

RS1 0.55 0.29 9.78 6.97 14.82 8.96 0.38
RS2 10.09 8.30 9.69 7.94 11.05 9.86 0.74
RS3 10.26 8.42 8.30 6.94 16.87 13.64 0.33
RS4 7.01 5.16 11.41 10.18 15.50 14.61 0.34
RS5 3.32 2.34 9.54 7.71 15.14 11.49 0.01
RS6 8.07 6.30 12.06 10.71 17.20 15.39 −1.20
Max − Min 9.71 8.12 3.76 3.77 6.15 6.43 1.94
Average 6.55 5.13 10.13 8.41 15.09 12.32 0.10
Standard deviation 3.54 2.98 1.25 1.49 2.01 2.40 0.62

Table 12  Performance of 
SODNN-Flow on SM2-18–10 Train Validation Test

Random Seed RMSE MAE RMSE MAE RMSE MAE R2

RS1 11.03 8.78 7.43 5.65 9.77 6.93 0.80
RS2 3.39 2.47 8.37 6.39 12.42 9.13 0.66
RS3 12.88 10.30 6.84 5.73 16.13 11.85 0.38
RS4 3.72 2.80 9.26 7.86 13.60 10.60 0.48
RS5 9.22 7.50 9.88 8.20 13.40 10.51 0.22
RS6 2.93 2.34 6.85 5.64 19.06 15.57 −1.70
Max − Min 9.95 7.96 3.04 2.56 9.29 8.64 2.50
Average 7.20 5.70 8.11 6.58 14.06 10.77 0.14
Standard deviation 4.00 3.27 1.17 1.06 2.92 2.64 0.84
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may achieve high accuracy with a specific random seed, it 
must demonstrate consistency across different seeds to ensure 
that the performance is not achieved merely by chance.

6.1.8  Comparing the SODNN-Flow model with H2O models

Given that the  R2 performance of SODNN-Flow on SM5-
10–5 is 0.57 on the test set, which may not be considered sig-
nificant, the H2O models are further assessed under the same 
conditions (SM5-10–5 and RS6), as presented in Table 18.

SODNN-Flow, with an  R2 of 0.57, significantly outper-
forms the H2O library models, with an average performance 
of 0.37. This finding indicates that the task is challenging 
and that the SODNN-Flow is more effective in addressing 
the existing complexity.

6.2  Improving DNN on SM5-10–5

6.2.1  Comparing SODNN and MODNN

The performance of MODNN is now examined owing to 
the dataset characteristics, particularly the high correlation 
that exists between the outputs, especially between flow 
and slump. This approach may improve the performance 
by allowing the model to learn the relationships between 
these correlated outputs simultaneously. As mentioned ear-
lier, three scenarios are investigated (Table 19): all targets 
(MODNN-AT) as outputs, flow and slump (MODNN-FS), 
and flow and CS (MODNN-FC).

The results in Table 19 indicate that although the average 
 R2 performance (0.71) of MODNN-AT is higher than those 
of the other two methods are, the test  R2 performance of flow 
(0.60) is better when MODNN-FS is used. This is an improve-
ment over the SODNN-Flow performance  (R2 = 0.57). This 
may be due to the high correlation between flow and slump, as 
they both measure similar concrete properties. This is further 

Table 13  Performance of 
SODNN-CS on SM2-18–10 Train Validation Test

Random Seed RMSE MAE RMSE MAE RMSE MAE R2

RS1 0.34 0.28 0.87 0.73 1.22 1.01 0.95
RS2 0.39 0.31 1.01 0.87 0.93 0.84 0.99
RS3 0.55 0.46 0.59 0.45 1.20 0.97 0.96
RS4 0.27 0.21 0.65 0.52 0.69 0.55 0.99
RS5 0.49 0.40 0.61 0.50 1.23 0.97 0.90
RS6 0.36 0.28 0.64 0.53 0.91 0.77 0.99
Max − Min 0.28 0.25 0.42 0.42 0.54 0.46 0.09
Average 0.40 0.32 0.73 0.60 1.03 0.85 0.96
Standard deviation 0.09 0.08 0.16 0.15 0.20 0.16 0.03

Table 14  Performance of SODNN-Flow on SM3-10

Train Validation

Random Seed RMSE MAE RMSE MAE R2

RS1 7.91 6.14 10.07 7.81 0.67
RS2 5.27 3.97 9.46 6.90 0.69
RS3 5.06 3.89 9.07 6.81 0.72
RS4 6.99 5.47 10.37 8.07 0.64
RS5 7.24 5.67 9.58 7.46 0.71
RS6 6.71 5.19 9.72 7.40 0.69
Max − Min 2.85 2.25 1.30 1.26 0.08
Average 6.53 5.06 9.71 7.41 0.69
Standard deviation 1.03 0.84 0.42 0.45 0.03

Table 15  Performance of 
SODNN-Flow on SM4-5–10 Train Validation Test

Random Seed RMSE MAE RMSE MAE RMSE MAE R2

RS1 8.21 6.51 11.01 8.63 11.44 9.07 0.75
RS2 5.1 4.03 10.99 8.88 13.48 10.87 0.6
RS3 8.24 6.45 10.6 8.39 12.28 9.57 0.64
RS4 6.88 5.74 11.03 9.07 14.32 11.96 0.42
RS5 8.31 6.67 11.4 9.27 12.36 9.91 0.33
RS6 5.47 4.28 8.73 6.78 17.2 13.86 −1.06
Max − Min 3.21 2.64 2.67 2.49 5.76 4.79 1.81
Average 7.04 5.61 10.63 8.5 13.51 10.87 0.28
Standard deviation 1.33 1.07 0.88 0.82 1.89 1.63 0.62
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Table 16  Assessing five 
different values for the k’ 
parameter of SM5 via SODNN-
flow

Train Validation Test

k RMSE MAE RMSE MAE RMSE MAE R2

5 6.54 5.06 10.27 8.01 12.17 9.47 0.53
10 6.5 5.1 11.82 9.15 10.26 8.02 0.57
15 6.6 5.18 10.48 8.24 11.78 9.26 0.53
20 7.25 5.68 10.56 8.3 10.78 8.7 0.6
25 6.78 5.3 10.9 5.85 11.41 9.5 0.54

Table 17  Performance of 
SODNN-Flow on SM5-10–5 Train Validation Test

Random Seed RMSE MAE RMSE MAE RMSE MAE R2

RS1 6.04 4.68 10.7 8.36 11.48 9.02 0.59
RS2 6.27 4.9 10.7 8.48 11.03 8.6 0.61
RS3 6.83 5.37 10.97 8.64 11.69 9.19 0.55
RS4 6.47 5.02 10.87 8.46 11.82 9.32 0.56
RS5 6.78 5.35 10.9 8.58 12.16 9.77 0.52
RS6 6.5 5.1 11.82 9.15 10.26 8.02 0.57
Max − Min 0.79 0.69 1.12 0.79 1.9 1.75 0.09
Average 6.48 5.07 10.99 8.61 11.41 8.99 0.57
Standard Deviation 0.27 0.24 0.38 0.26 0.62 0.56 0.03

Fig. 9  Test set  R2 performance for splitting methods that include a test set, evaluated across six random seed scenarios. Lines with less fluctua-
tion indicate lower performance variance
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supported by the data in Table 4, where a correlation value of 
0.91 is observed between these two variables.

6.2.2  SODNN by using the transfer learning

With an improvement using MODNN, the transfer learn-
ing is now evaluated once the slump (SODNN-Slump) is 
used and once the compressive strength (SODNN-CS) is 
employed (Table 20).

As previously mentioned, SODNN-Slump and SODNN-
CS should first be trained and evaluated on their respective 
outputs (Slump and CS).

Table 20 shows that SODNN performs significantly bet-
ter in predicting CS than slump (when the same model and 
evaluation algorithm are used). This finding suggests that 
predicting workability is more complex, similar to the com-
parison of average performance in Table 12 and Table 13, 
which focused on flow and CS, respectively.

The next step involves transferring the weights and biases 
of SODNN-Slump and SODNN-CS to predict flow. The cor-
responding performance results are shown in Table 21.

By examining the results in Table 20 and Table 21, it is 
observed that although the performance of SODNN-CS is 
nearly 100%, transferring its weights and biases to predict 
flow (TLC1-Flow) does not yield a significant improvement. 
In contrast, while the SODNN-Slump performance is noted 
as  R2 = 0.58, an improvement can be observed in predicting 
the flow (TLS1-Flow), with  R2 = 0.62, compared with all 
previous results on SM5-10–5. This improvement is possibly 
due to the high correlation between slump and flow.

Weights and biases are typically imported from an exter-
nal dataset. However, in this study, the same dataset is used 
for both tasks. As previously mentioned, in such cases, trans-
fer learning can be implemented in two different ways, as 
demonstrated by the results in Table 22.

Table 22 shows a significant improvement in TLS2-Flow. 
This conclusion, however, cannot be readily led to a recom-
mendation for this approach, as it can be considered a form 
of unfair advantage, particularly due to the high correlation 
between slump and flow. The reason may be attributed to the 
fact that when training SODNN-Slump, some data records in 
the training set may also appear in the TLS2-Flow test set. As 
a result, the initial weights and biases of TLS2-Flow may have 
been influenced by the actual slump values during the previ-
ous training, leading to an artificially inflated performance.

7  Conclusion

This study conducted a comprehensive comparison of vari-
ous data splitting methods and examined the effect of chang-
ing random seeds on each method to predict the flow proper-
ties of concrete via Yeh's dataset as a case study. The aim of 

this study was to identify the most suitable splitting method 
for this predictive task. To achieve this goal, the authors 
implemented and compared traditional machine learning 
models and different deep neural network frameworks, 
including single-output, multi-output, and transfer learning.

The results revealed notable insights into the influence of 
data splitting methods and random seed selection on the pre-
dictive performance of models for concrete flow properties:

 (i) The data-splitting methods that use a single valida-
tion set without a separate test set tend to produce 
overly optimistic performance estimates, which 
can misrepresent the actual ability of the models to 
generalize to new data. In contrast, when multiple 
validation folds are used, such as in cross-validation, 
the discrepancy between the validation and test set 
performances is reduced, offering a more reliable 
indication of the true performance of the model. This 
underscores the importance of using a distinct test set 
for final evaluation, particularly in single-validation 
data-splitting approaches.

 (ii) The choice of random seed significantly impacts the 
variance in model performance, especially when a 
portion of the dataset is used as the test set. This 
occurs because the random seed determines which 
specific records are included in the test set, influenc-
ing the final assessment results. In some instances, 
changing the random seed may cause the same model 
to perform either exceptionally well or notably 
poorly, highlighting how sensitive the test set per-
formance is to the composition of the data selected 
for evaluation.

 (iii) Compared with the predictions of flow properties 
and compressive strength when the same dataset 
and splitting method are used, compressive strength 
predictions are relatively insensitive to changes in the 
random seed. In contrast, flow property predictions 
exhibit high variance, indicating that the impact of 
random seed selection is task dependent and should 
be examined accordingly.

 (iv) Most notably, employing the nested cross-validation 
technique effectively mitigates the random seed 
effects. Changes in the random seed or the number 
of outer folds do not significantly affect the model 
performance. Compared with other splitting strate-
gies, this method yields the best results on the test 
set, with minimal differences between the validation 
and test sets. Nested cross-validation offers a robust 
and comparable approach for different studies by 
utilizing the entire dataset for evaluation, providing 
a more realistic assessment of model performance 
across the whole dataset.
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Building on the obtained results, comparative analyses 
based on nested cross-validation with fixed random seeds 
and consistent configurations of the outer and inner folds 
further explored the model performance across traditional 

machine learning models and diverse deep learning 
frameworks:

 (i) Comparing the traditional machine learning models 
with DNN implementations across both nested cross-

Table 18  Performance of the 
HO2 library on SM5-10–5 Train & Validation Test

Outer Iteration Model RMSE MAE RMSE MAE R2

1 GBM 11.72 9.67 15.44 13.06 0.43
2 GBM 12.98 10.29 14.37 11.55 0.30
3 GBM 12.80 10.40 13.67 11.01 0.36
4 GBM 12.15 9.70 14.43 11.11 0.14
5 XGBoost 13.33 10.32 9.95 8.73 0.71
6 GBM 11.98 9.15 11.21 9.14 0.62
7 GBM 13.22 10.97 12.50 11.61 0.47
8 Stacked Ensemble 13.12 10.68 11.57 9.95 0.26
9 GBM 12.64 10.35 18.30 14.20 −0.34
10 XGBoost 13.64 11.02 8.33 7.00 0.78
Average 12.76 10.25 12.98 10.74 0.37
Standard deviation 0.60 0.56 2.74 2.00 0.31

Table 19  Performance of multi-
output DNNs evaluated on 
SM5-10–5

Flow CS Slump Average

Train Validation Test

Targets RMSE MAE RMSE MAE RMSE MAE R2

MODNN-AT 4.63 3.59 10.17 7.77 11.48 8.87 0.58 0.91 0.63 0.71

MODNN-FS 5.63 4.31 10.25 7.81 11.38 8.68 0.6 - 0.59 0.6
MODNN-FC 5.67 4.35 10.45 7.97 11.83 9.09 0.57 0.92 - 0.74

Table 20  Performance 
of SODNN-Slump and 
SODNN-CS evaluated by SM5

Train Validation Test

RMSE MAE RMSE MAE RMSE MAE R2

SODNN-Slump 3.06 2.33 4.9 3.73 5.74 4.19 0.58
SODNN-CS 0.26 0.21 0.6 0.46 0.7 0.55 0.99

Table 21  Performance of 
TLS1-Flow and TLC1-Flow on 
SM5-10–5

Train Validation Test

RMSE MAE RMSE MAE RMSE MAE R2

TLS1-Flow 6.59 5.1 10.13 7.85 11.08 8.51 0.62
TLC1-Flow 6.94 5.41 10.62 8.3 11.82 9.38 0.56

Table 22  Performance of two 
different approaches of transfer 
learning

Train Validation Test

RMSE MAE RMSE MAE RMSE MAE R2

TLS1-Flow 6.59 5.1 10.13 7.85 11.08 8.51 0.62
TLS2-Flow 7.44 5.79 9.61 7.32 9.97 7.64 0.69
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validation and simpler data splitting methods, DNN 
consistently outperforms the non-deep learning mod-
els. Although the maximum  R2 score achieved on the 
test was 0.62, which may not be exceptionally high, it 
reflects the inherent complexity and characteristics of 
the dataset rather than the limitations of the modeling 
approach.

 (ii) In examining the SODNN and MODNN methods, 
the use of MODNN improves the performance when 
predicting flow and slump simultaneously (MODNN-
FS). This enhancement is likely due to the high cor-
relation between these two properties. However, 
when compressive strength is included alongside 
the flow and slump (MODNN-AT), the performance 
slightly decreases compared with that of MODNN-
FS. Nevertheless, the MODNN models do not under-
perform relative to the SODNN models, even when 
MODNN-FC is used.

 (iii) The exploration of transfer learning approaches 
has demonstrated significant potential benefits in 
improving model performance. Transferring from 
the SODNN-Slump model to the TLS model results 
in better performance than transferring from the 
SODNN-CS model to the TLC model. This out-
come is noteworthy because although SODNN-CS 
achieves nearly 100% accuracy in predicting the 
compressive strength, SODNN-Slump has a lower 
performance in predicting the slump, with an  R2 
of 0.58. The superior performance of TLS may be 
attributed to the strong relationship between flow and 
slump. Ultimately, TLS achieves an  R2 score of 0.62, 
outperforming the multi-output DNN model, which 
has an  R2 of 0.60.

 (iv) Two approaches for transfer learning within a single 
dataset are explored. By allowing records from the 
training set of the first models (SODNN-Slump or 
SODNN-CS) to appear in the test set of the second 
model (as in TL2), an unfair advantage can be intro-
duced over TL1. In TL1, the performance reaches an 
 R2 score of 0.62, whereas TL2 achieves an  R2 score 
of 0.69. This observation underscores the necessity 
of careful data splitting to ensure an unbiased evalu-
ation of model performance.

The findings of this study suggest several ways to 
improve future research on predicting concrete flow 
properties:

(i) Expansion and creation of larger datasets: One 
important direction for future work is to increase the 
size of datasets by collecting more records related to 
concrete flow properties. Additionally, adding more 

input variables beyond the current 7 features could 
make predictions more robust and accurate. Given how 
complex it is to predict flow behavior due to many dif-
ferent factors, larger datasets with more variables can 
capture more patterns in the data. By gathering more 
data, researchers can build better models that more 
accurately reflect real-world situations.

(ii) Incorporation of sensitivity analysis and feature 
importance evaluation: Future research could explore 
conducting comprehensive sensitivity analyses and 
employing explainability methods (e.g., SHAP, LIME) 
to better understand the relationships between input 
features and output properties. By assessing the con-
tribution of each feature to model predictions, research-
ers can identify the most influential variables, enhance 
model interpretability, and gain deeper insights into 
the underlying mechanisms driving the model’s per-
formance.

(iii) Evaluation of alternative machine learning models 
and techniques via nested cross-validation: Testing 
more types of machine learning models and techniques 
via nested cross-validation could reveal which models 
perform best. Exploring data augmentation, bootstrap-
ping, and synthetic data generation techniques may help 
address the challenges of limited training data while 
mitigating the limitations of small datasets. Another 
promising avenue for future research is the use of 
physics-informed neural networks (PINNs) to integrate 
physical knowledge into future models. PINNs embed 
governing equations (e.g., constitutive equations for 
stress and strain in concrete) into the neural network's 
loss function, ensuring predictions align with physical 
laws. However, challenges such as computational com-
plexity and the need for precise physical formulations 
must be addressed. This could improve future model's 
generalization and interpretability for predicting con-
crete flow properties. By integrating these approaches 
with nested cross-validation, future research can take 
advantage of fair comparisons between different stud-
ies, as this method offers a reliable way to test models 
that incorporate both data enrichment strategies and 
physical knowledge.

(iv) Enhanced hyperparameter tuning strategies: This 
study uses a hyperparameter tuning subset size of t = 
100, which can be expanded. Testing more combina-
tions of hyperparameters could lead to better-perform-
ing models.

(v) Investigation of additional engineering datasets with 
limited indices: Future studies could look at other engi-
neering datasets that, similar to Yeh's dataset, have a 
small number of records. Studying whether similar pat-
terns and challenges appear in predictions with those 
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datasets would help extend the findings of this study. 
This analysis could reveal common issues in modeling 
engineering properties with limited data and help 
develop better modeling methods for those cases.
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