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Abstract 
The assessment methods for estimating the behavior of the complex mechanics of reinforced 
concrete structural elements were primarily based on experimental investigation, followed by 
collective evaluation of experimental databases from the available experimental literature. 
There is still a lot of uncertainty today about the strength and deformability criteria that have 
been derived from tests due to the differences in the experimental test setups of the individual 
research studies that fed into the databases. Following these investigations, the regulatory 
methods of seismic assessment were developed. The topic covered in this research is the effect 
of test setup on the derived criteria, and the second-order effects that the test setups have in-
troduced into the behavior of structural elements. The research focuses on elements that exhibit 
pronounced strength degradation with plastic deformation and brittle failure characteristics. 
The shear strength reduction that has been attributed to the magnitude of the imposed ductility 
is investigated, and it is determined how much of this degradation is recognizable, i.e., how 
much is a consequence of the experimental setup nonlinearity. While the available methods of 
assessing shear strength differ because they are all empirical, they all acknowledge the contri-
bution of individual resistance mechanisms, such as concrete, transverse reinforcement, and 
axial load. The experimental setup nonlinearity has an impact on the last of these three contri-
butions. In this work, the experimental results are correlated with a revised formulation of col-
umn shear strength after the values have been corrected, with a special focus on elements with 
inadequate structural detailing configuration. Finally, through the use of machine learning al-
gorithms the development of an improved formula for predicting the shear capacity of reinfro-
ced concrete columns is performed. 
Keywords: Seismic Assessment, Reinforced Concrete Columns, Shear Strength, Machine 
Learning   

1255

COMPDYN 2023 
9th ECCOMAS Thematic Conference on 

Computational Methods in Structural Dynamics and Earthquake Engineering 
M. Papadrakakis, M. Fragiadakis (eds.) 

Athens, Greece, 12-14 June 2023 

Available online at www.eccomasproceedia.org 
Eccomas Proceedia COMPDYN (2023) 1255-1265 

ISSN:2623-3347 © 2023 The Authors. Published by Eccomas Proceedia.
Peer-review under responsibility of the organizing committee of COMPDYN 2023. 
doi: 10.7712/120123.10474.21197



1 INTRODUCTION 
Following the development of Performance–Based Assessment (PBA) frameworks, be-

tween 1995 and 2010, practical evaluation of the seismic behavior of reinforced concrete (RC) 
became a priority on account of the large number of existing RC buildings in urban centers. 
Earthquakes that occurred in the last 30 years affected urban regions such as Loma-Prieta 
(1989), Northridge (1994, California), Athens (1999, Parnitha), Izmit (1999, Turkey), ChiChi 
(1999), L’Aquila (2009, Italy), Haiti (2010), Turkey (2023), etc., all highlighted the cata-
strophic potential and risk to human life imparted by old construction. Damage was more in-
tense in RC buildings with soft storeys.  

For the first time in this period, the explicit interest in the literature is focused on the 
drift capacity of columns at collapse. A large number of studies have been published thus far, 
attempting to quantify the deformation capacity of columns, with reference to the seismic risk 
presented by existing construction. In particular, crucial parameters that affect the seismic be-
havior of this type of element at advanced stages of deformation are of significant importance 
especially when elements with inadequate steel reinforcing configuration that represent old-
type practices are evaluated.  

An important factor responsible for the dispersion of results is the perceived insensitiv-
ity of the analytical models to some critical parameters that control the onset of failure. In col-
umns controlled by flexural yielding before failure (flexure-shear elements), the load-carrying 
capacity against horizontal load is generally controlled by flexure. On the other hand, the de-
formation capacity is generally much lower than that specified by the analytical models, which 
superimpose a limiting envelope on the resistance curve. This approach aims to effectively con-
trol the interplay between shear and flexure after yielding, based on the ratio Vn(μ)/Vflex, by 
limiting drift capacity which is suggested in KANEPE 2014. Flexural strength is hardly the 
only controlling variable; for example, strength loss in lap splices, exacerbated by cyclic defor-
mation reversals may alter the hierarchy expressed by the preceding ratio. For these reasons, 
the estimation of the shear capacity of RC columns is still an open problem that requires further 
investigation and the development of more accurate design formulae. 

For the needs of the present work, a dataset was extracted from the PEER database of 
columns [1], which contained a large volume of tests collected from published experimental 
literature. In incorporating any specimen in the selected dataset, the type of failure of the RC 
column specimen was investigated and used as the main criterion. Using the extracted data, the 
proposed model for shear strength calculation was compared with the reported values, and a 
specific methodology was followed to determine whether or not the experimental results had 
been previously corrected for second-order effects (i.e., in the original test reports), as well as 
when assembled in the PEER database in [1]. To improve the investigation, an optimization 
methodology was used to augment and improve the existing models that are used to evaluate 
the shear strength of RC columns. The proposed model that is developed through the use of 
machine learning algorithms is compared to the model suggested by [2] and that proposed in 
[3].  

2 IMPORTANT FACTOR OF RC COLUMNS BEHAVIOR 
A qualifying criterion for the type of failure and the behavior of RC columns is the yielding 

of the longitudinal reinforcement before the occurrence of shear failure. If longitudinal bar 
yielding precedes stirrup yielding, the failure is described as of flexure-shear type, whereas if 
the sequence is reverse, the failure is referred to as brittle-shear. For the brittle-shear type of 
failure the drift capacity is particularly small and in any case, is less than the nominal yielding 
drift of the element 𝜃𝑦.
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The RC column shear strength, 𝑉𝑛 for the needs of seismic assessment are obtained from 
[4] and [2], respectively, using mean values for material strengths:    

𝑉𝑛
𝐴 = 𝑉𝑐 + 𝑉𝑤 = 𝜂𝛢𝜆 (

0.5√𝑓𝑐

𝑀

𝑉𝑑
√1 +

𝑃

0.5√𝑓𝑐 𝐴𝑔
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𝐴𝑠,𝑡𝑟𝑓𝑦,𝑡𝑟𝑑

𝑠
    (1) 
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𝐸 = 𝑉𝑐 + 𝑉𝑤 + 𝑉𝑁 = 𝜂𝛦(𝜇) ∙ 0.16√𝑓𝑐(0.8𝐴𝑐)[𝑚𝑎𝑥{0.5, 100𝜌𝑡𝑜𝑡}] ∙ (1 − 0.16 ∙ 𝑚𝑖𝑛 {5,

𝐿𝑠

ℎ
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𝜂𝛦(𝜇)
𝛢𝑠𝑡𝑓𝑡𝑡(𝑑−𝑑′)

𝑠
+ 𝑚𝑖𝑛{𝑁, 0.55𝐴𝑐𝑓𝑐′} ∙ 𝑡𝑎𝑛 𝛼        (2) 

Indices A and E given in the form of superscripts refer to the two reference standards [4] 
and [2], respectively, which are using different approaches for the discussed factor. Angle α in 
the EN1998-3, 2005 approach refers to the angle of inclination of the diagonal compression with 
reference to the longitudinal axis of the element as shown in Fig. 1. The angle is defined by the 
line that connects the centroids of the compression zones in the opposite ends of the member.  

A noteworthy difference in approach is underlying the two empirical models, despite that the 
expressions have been calibrated against the same database of tests. For one, the ASCE approach 
accounts for the influence of the axial load within the concrete contribution term, whereas in the 
EN approach, the contribution of the axial load is considered as a standalone independent 
component – the value of  𝑁 tan 𝑎 represents the horizontal component of the inclined strut that 
is visualized as transferring the axial load to the support of the column [3, 5]. Another difference 
is that in the ASCE approach, the axial load component degrades with increasing displacement 
ductility together with all other terms, its contribution is moderated by the ½ exponent.   

Figure 1: EN model for the contribution of the diagonal strut to shear strength (a) Definition of the strut 
angle, and (b) definition of the critical crack angle, θv. 

It is easy to understand that computing the shear capacity of RC columns or even describing 
the mechanical response of this problem is highly complicated. For this reason, the objective of 
this work was to find experimental data and use a polynomial regression algorithm [6, 7] to 
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extract an improved formula that will be able to provide accurate predictions. For this reason, a 
dataset was assembled as is discussed in the next section. 

3 SELECTION OF DATASET ENTRIES 
The dataset used in the present study comprised 74 specimens containing steel rein-

forcement configurations that classify as old type. Before using the data, a correction was con-
sidered on account of the apparent loss of strength caused by second-order effects which were 
kept separate from the actual degradation. Through this process, the post-peak reduction of the 
envelope became milder (see Fig. 2b which schematically illustrates the resulting differentiated 
envelope resistance curve as modified from the original experimental result).   

The influence of the correction is negligible for low levels of relative drift (<1%) but it 
becomes significant at higher levels. The conceptional failure point at 20% loss of shear 
strength was defined to quantify the ductility that led to this degradation (i.e., in 80% residual 
strength, see Fig. 2c). This displacement divided by the yielding displacement gives the ductil-
ity level at shear failure, 𝜇𝛥,𝑆ℎ−𝑓𝑎𝑖𝑙. For this value of ductility, the estimated degradation of the 
code models was calculated and compared with the 20% loss that was used as an anchor point 
reference (nominal shear failure).  

Figure 2: Schematic representation of the influence of second-order effects in the envelope resistance curve. 

A comprehensive selection and correction of the available experimental results were 
carried out, which aimed to remove any experimental bias and the statically quantifiable effects 
such as P- from the strength degradation relationships. In the selected dataset, RC columns 
with rectangular cross sections, tested under static cyclic loading to single or double curvature 
were included. The criterion for the specimens’ selection was the reporting of a pure shear or a 
flexure-shear failure, which meant that longitudinal reinforcement yielding preceded the 
observed shear failure. Several of the specimens were extracted from available databases from 
[1] and [8]. RC column specimens in the dataset are drawn from the experimental studies of, 
[8-26]. The collection of data is given in Appendix A, which were used for the training of the 
proposed predictive formula. 
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4 INVESTIGATION OF PROPOSED AND EXISTENT FORMULAE 
Figure 3 shows a comparison of the experimental values from the dataset in Appendix 

A against the proposed model related to the shear strength evaluation of Equation 3 [3] and the 
respective suggested model from [2] (see Equation 2). The purpose of the study was to verify 
the consistency of the examined models in terms of actual experimental RC column shear or 
flexure-shear failures to propose an improved model using a numerical methodology as detailed 
in the following section. 

𝑉𝑛 = 0.4𝜉𝑏𝑑√𝑓𝑐′ + 𝜆 ⋅ 𝜈 ⋅ (𝑏𝑑𝑓𝑐) 𝑡𝑎𝑛 𝛼 + 𝐴𝑠𝑡𝑓𝑦𝑡
𝑑(1−𝜉)

𝑠
⋅ 𝑐𝑜𝑡 𝜃𝑣    (3)    

Figure 3: Correlation of data base elements experimental corrected maximum shear strength vs. proposed models 
(a) Proposed model by [3]; (b) Proposed model by [2]; Degradation models of flexure-shear failures after correc-

tion of the data. (Green line: Eurocode; Yellow: ASCE/SEI -41). 

In Fig. 3, the 45o line represents the equal value case, whereas points found above it are 
cases where the analytical estimate overestimates the experiment and points below are con-
servative estimates. Consistent overestimation suggests the need for the introduction of a safety 
factor, while distant dispersion from the equal value line suggests poor predictive capacity. It 
is easy to observe that the model proposed by [3] has a higher correlation value of 𝑅2 = 0.65
than the current [2] model, which has a correlation coefficient of 𝑅2 = 0.53. This result under-
scores the need for improvement of the maximum shear strength estimate and to achieve this 
objective, machine learning has been used. 
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5 OPTIMIZATION OF SHEAR STRENGTH ESTIMATION USING A 
MACHINE LEARNING ALGORITHM  
The machine learning (ML) algorithm’s basic concepts are based on the polynomial 

regression method with hyperparameter tuning [6, 7, 22] and are focused on the formation of 
nonlinear terms made up of various combinations of independent variables up to the third 
degree. The method may choose nonlinear features that correlate to the lowest prediction error 
automatically [22] deriving the best predictive model that avoids overfitting.  

The algorithm was set to train on 90% of the data by discovering relative relationships, 
where the remaining 10% of the data were then used to evaluate the performance of the 
developed shear strength equations after training. This procedure was repeated 100 times, by 
choosing randomly permutated subsets of the training set, in a cross-validation setting. The ML 
algorithm has been developed in Julia programming language [27, 28] and now is also available 
in Python. Through this research work, it was also confirmed that the proposed ML algorithm 
is efficient in supplying the necessary tools for constructing the prediction formula based on 
the numerical inquiry performed for achieving the purposes of this research work. Eq. 4 shows 
the resulting predictive formula that is proposed herein after the training with the ML algorithm 
took place. Fig. 4 shows the results of the numerically derived model for the case of the 3-
feature formula. 

𝑉3−𝑓𝑒𝑎𝑡. = 𝑎 ∙ 𝑑 ∙ 𝑓𝑦𝑤 ∙ 𝜃𝑣 + 𝑏 ∙ 𝑓𝑦𝑙 ∙ 𝐴𝑡𝑟 ∙ 𝜈 + 𝑐 ∙ 𝑠2 ∙ 𝜈  all units in mm, MPa, and degrees   (4)

𝜃𝑣 = 45𝑜 𝑓, 𝑜𝑟 𝜈 ≤ 0.10  𝜃𝑣 = 45𝜊 −  15𝜊.
𝜈

0.25
≥ 30𝜊 𝑓𝑜𝑟 𝜈 ≥ 0.25 

𝑎 = 4𝑥10−4, 𝑏 = 4.1𝑥10−3, 𝑐 = 2.87 × 10−2 

Figure 4: Validation data for the proposed model. Correlation of the 3-feature formula. 

R² = 0.8296

0

100

200

300

400

500

600

700

800

0 200 400 600 800

𝑉 3
−

𝑓
𝑒

𝑎
𝑡.

 

𝑉𝑒𝑥𝑝 

Anthos I. Ioannou, Nikolaos Bakas, George Markou, Ashley Megan van Der Westhuizen, 
Stavroula J. Pantazopoulou, Michael F. Petrou and  Dimos C. Charmpis. 

1260



Anthos I. Ioannou, Nikolaos Bakas, George Markou, Ashley Megan van Der Westhuizen, 
Stavroula J. Pantazopoulou, Michael F. Petrou and  Dimos C. Charmpis. 

6 CONCLUSIONS 
The present study investigated the strength and deformation parameters defining the 

mechanical behavior of RC columns under lateral sway such as what is occurring during seis-
mic loading, focusing on the details of the failure mechanisms of columns. A carefully chosen 
collection of specimens from the experimental database that highlights the behavior of columns 
experiencing shear failure after flexural yielding was assembled in order to study the parametric 
sensitivity of the examined data, while at the same time, an evaluation of existing relationships 
for the limit state failure in strength term was carried out (shear mechanism failure and bearing 
capacity at failure).  It was seen that a fraction of the apparent strength degradation of columns 
is actually a manifestation of second-order effects, where the remaining fraction of shear 
strength reduction, which is an effect of internal damage of the shear resisting mechanism, alt-
hough significant, is relatively milder than originally accounted for in terms of ductility. 

A dataset of 74 samples of RC columns was assembled to train a predictive model 
through an ML algorithm that uses polynomial regression and hyperparameter tuning. Follow-
ing the training and testing, the numerically obtained predictive formula was evaluated and 
compared to the currently available models found in the international literature. The proposed 
formula’s predictions demonstrated an improved accuracy with a correlation factor 𝑅2 = 0.83,
which is significantly more accurate than the EC8 equation (𝑅2 = 0.53) and the respective
model in [3] that resulted in a correlation factor of 𝑅2 = 0.65. Future work foresees the en-
hancement of the dataset found in Appendix A, where more ML algorithms will be used in the 
development of more objective and accurate predictive models. 
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APPENDIX A 
Table A: Data set with specimen details 
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