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A  B  S  T  R  A  C  T 
 

A  R  T  I  C  L  E I  N  F  O 

Many older reinforced concrete (RC) buildings designed under outdated seismic codes 

exhibit inadequate shear capacity, leading to brittle column failures during earthquakes. 

Accurate prediction of shear strength is therefore essential for nonlinear seismic 

assessment. This study develops an analytical–computational framework using artificial 

neural networks (ANNs) to model the nonlinear flexural–shear behavior of RC columns 

subjected to constant axial loads. A fiber-based flexural model was formulated, while shear 

strength was estimated through a Mohr’s circle–based approach enhanced with a ductility-

dependent degradation parameter. An ANN trained on 164 experimental column tests 

provided highly accurate shear predictions, outperforming existing analytical models. The 

framework was validatated against independent experiments confirmed its reliability. The 

proposed ANN-based approach offers a practical tool for seismic performance evaluation 

and retrofit design of deficient RC columns. 
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1. Introduction 

The poor performance of many older reinforced concrete (RC) buildings during past earthquakes has highlighted their 

vulnerability to seismic forces and stresses. These structures were designed and constructed according to codes and standards that 

do not satisfy the requirements of modern seismic provisions. Post-earthquake field investigations have shown that one of the most 

critical shortcomings of RC structures designed under older codes is the insufficient shear strength of columns and beams. This 

weakness often results in brittle shear failure, which subsequently reduces the axial load-carrying capacity of columns and leads to 

combined shear–axial failures. Documented examples of such damage were observed during the 1971 San Fernando earthquake in 

the United States [1], the 1994 Northridge earthquake in the United States [1], and the 1999 Kocaeli [2] and Düzce [2] earthquakes 

in Turkey (Fig. 1). Since the behavior of structures designed according to older codes is generally governed by shear failure in their 

members, the shear behavior of the structural elements must be carefully considered in the seismic assessment and evaluation of 

such structures [3-7]. If necessary, the seismic performance of the structure should be enhanced through appropriate shear-

strengthening techniques (such as [8-16]) so that it meets the requirements of current seismic design codes. 

As has been clearly established, axial load is one of the most important parameters in determining the nonlinear behavior of 

reinforced concrete columns [3]. It significantly influences the yielding range of the longitudinal reinforcement (moment and 

curvature at yield), the ductility level of the column, and the ultimate flexural and shear strength of the member. Axial load can 

affect the behavior of columns in three ways: (a) Compressive axial load can increase the depth of the neutral axis and reduce the 

flexural cracking zone. (b) The angle of diagonal shear cracks can increase with higher axial load. (c) The width of both shear and 

flexural cracks can be reduced (enhancing the shear transfer capacity) with an increase in axial load. However, most exiting 

formulation for shear strength of RC column do not cosider the effect of axial load level. Numerous experimental studies [17-25] 

have investigated the influence of axial load and reinforcement detailing on the shear performance of RC members. Baldwin and 
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Viest [17] demonstrated the positive contribution of axial load to shear strength, improving diagonal cracking resistance and ultimate 

shear capacity. Yamad [18] reported that higher axial load ratios and shorter shear spans reduce ductility. 

 

(a) 1971 San Fernando – USA [1]. 

 

(b) 1994 Northridge – USA [1]. 

 

(c) 1999 Kocaeli – Turkey [2]. 

 

(d) 1999 Düzce – Turkey [2]. 

Fig. 1. Documented damage and failure of reinforced concrete structures observed in past earthquakes. 

While Elzanaty et al. [19] showed that higher longitudinal reinforcement ratios enhance shear resistance in beams without 

stirrups, though less effectively than their contribution to flexural strength. Wight James and Sozen Mete [20], Woodward Kyle and 

Jirsa James [21], Ascheim and Moehle [22], Ghee et al. [23], Yuk-Lung Wong and Priestley [24] and Bengar et al. [25] further 

emphasized the dependency of shear strength and ductility on axial load, shear span ratio, and transverse reinforcement. Similarly, 
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Lynn [26], Pan and Li [27], and Duong et al. [28] confirmed the interplay between axial load level, reinforcement configuration, 

and nonlinear behavior of RC columns.  

Experimental studies conducted by [29-33] have demonstrated that the shear strength of concrete members is a function of their 

flexural deformations. Although current seismic design codes do not explicitly define the reduction of shear capacity as a function 

of member deformations, the decrease in shear capacity of concrete members under seismic loads is nevertheless considered. For 

instance, ACI 318 [34] neglects the contribution of concrete to the shear capacity of members subjected to low axial loads. Similarly, 

FEMA 273 [35] disregards the contribution of concrete to shear strength at moderate and high levels of ductility, and the NZS [36] 

code does not account for the concrete contribution to shear capacity of members. 

In recent years, artificial neural networks (ANNs) have attracted increasing attention due to their capability to evaluate and 

predict structural behavior by learning from experimental data [37-42]. As accurately estimating the shear capacity of RC members 

is essential for reliable nonlinear analysis, ANNs provide an effective tool for this purpose. By compiling experimental databases 

of RC members failing in shear or combined shear–flexure and incorporating key governing parameters as inputs, ANN models can 

be trained to provide accurate predictions of shear strength. Developing such models forms a key objective of the present research. 

In this context, the present study aims to develop an advanced modeling framework for predicting the nonlinear shear behavior of 

reinforced concrete columns designed according to older seismic codes. To achieve this, an extensive experimental database was 

compiled and used to train artificial neural networks (ANNs), with key geometric, material, and loading parameters as inputs. The 

ANN-based model was then validated against independent test data and benchmarked against existing analytical models. The results 

of this study provide a reliable tool for assessing the seismic performance of deficient RC columns and offer valuable insights for 

strengthening strategies and future code development. 

2. Research significance 

The shear capacity of RC columns is strongly influenced by ductility demands, which increase under seismic loading and flexural 

deformations. Conventional analytical formulations often neglect the reduction of shear strength at higher ductility levels, leading 

to conservative or inaccurate predictions, particularly for RC members designed according to older seismic codes. This study 

addresses this gap by integrating the effects of ductility on shear capacity within an ANN framework. By leveraging experimental 

data and key governing parameters, the ANN model provides accurate, data-driven predictions of shear strength, capturing the 

complex interaction between flexural deformations, axial load, and reinforcement detailing. The proposed approach offers a practical 

and reliable tool for assessing the nonlinear shear behavior of deficient RC columns, supporting improved seismic evaluation, 

retrofitting strategies, and informed updates to design codes. 

3. ANN-based shear modeling of RC columns under constant axial load 

Previous studies have shown that one of the deficiencies of structures designed according to older codes is their vulnerability 

and lack of shear strength in columns and beams [2]. This deficiency often leads to undesirable shear failure, which, through the 

reduction of the column’s axial capacity, can result in combined shear–axial failure. Such behavior can cause a significant reduction 

in the member’s strength and ductility response. On the other hand, experimental studies [29-33] have demonstrated that the shear 

strength of concrete members is a function of their flexural deformations. Under seismic loading, as flexural deformations increase 

beyond the yielding of tensile reinforcement, the widening of flexural cracks, crushing and tensile cracking of concrete in the 

compression zone, and the reduction in neutral axis depth at large deformations collectively lead to a decrease in the shear capacity 

of reinforced concrete members. Therefore, accounting for the influence of shear mechanisms as a function of flexural deformations 

in the nonlinear analysis of reinforced concrete members and structures is essential. 

In the present study, an analytical model is proposed to calculate the shear capacity of reinforced concrete columns, based on 

the works of Park et al. [43] and Shayanfar and Akbarzadeh Bengar [3]. According to Mohr’s circle theory, the principal compressive 

(σc) and tensile (σt) stresses at any element within the cross-section of the reinforced concrete member (as illustrated in Fig. 2) can 

be expressed as follows: 

𝜎𝑐 =
𝜎

2
+ √

𝜎2

4
+ 𝜈2 (1) 

𝜎𝑐 =
𝜎

2
− √

𝜎2

4
+ 𝜈2 (2) 

where v and σ represent the shear and normal stresses, respectively, at the considered element of the cross-section. Based on Eqs. 1 

and 2, the shear stress capacity can be expressed as follows: 

𝜈𝑐(𝑦𝑖) = √𝜎𝑐̅[𝜎𝑐̅ − 𝜎(𝑦𝑖)] (3) 

𝜈𝑡(𝑦𝑖) = √𝜎𝑡̅[𝜎𝑡̅ + 𝜎(𝑦𝑖)] (4) 

𝜈𝑡𝑜𝑡 = ∑ 𝜈(𝑦𝑖) × 𝑏𝑐 = ∑ 𝑚𝑖𝑛 (√𝜎𝑡̅[𝜎𝑡̅ + 𝜎], √𝜎𝑐̅[𝜎𝑐̅ − 𝜎]) × 𝑏𝑐 (5) 
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where yi is the distance of each strip element of the cross-section from the neutral axis c. 𝜎𝑐̅ and 𝜎𝑡̅ represent the compressive and 

tensile failure levels, respectively, which are selected based on the Rankine failure criteria (Chen [44]) (see Fig. 2). The shear stress 

capacity 𝜈(𝑦𝑖), accounting for the combined contribution of concrete and transverse reinforcement, is taken as the smaller value 

between 𝜈𝑐(𝑦𝑖)  and 𝜈𝑡(𝑦𝑖). According to the shear models proposed by Priestley et al. [45] and Sezen and Moehle Jack [46], if 80% 

of the cross-sectional area is considered as the effective shear area, and the axial stress in the compression zone of the section (𝜎 =
∑ 𝜎(𝑦𝑖)) is assumed to be equal to the equivalent longitudinal stress induced by the axial load applied to the column (𝜎 = 𝑁 𝐴𝑔⁄  ), 

leading to 𝜎 = 𝜎, the shear stress capacity can be expressed as follows: 

𝜈𝑐(𝑦𝑖) = √𝜎𝑐̅[𝜎𝑐̅ − 𝜎] (6) 

𝜈𝑡(𝑦𝑖) = √𝜎𝑡̅[𝜎𝑡̅ + 𝜎] (7) 

Therefore, in all effective shear elements (both tension- and compression-controlled regions), the longitudinal stress, and 

consequently the shear stress is assumed to be the same. As a result, the member’s shear stress capacity 𝜈𝑐, which is equal to the 

sum of the shear stresses in all elements within the compression zone of the cross-section 𝜈(𝑦𝑖) (taken as the smaller value between 

𝜈𝑡(𝑦𝑖) and 𝜈𝑐(𝑦𝑖) , can be expressed as: 

𝜈 = ∑ 𝑚𝑖𝑛[𝜈𝑡(𝑦𝑖), 𝜈𝑐(𝑦𝑖)] = ∑ 𝑚𝑖𝑛 (√𝜎𝑡̅[𝜎𝑡̅ + 𝜎], √𝜎𝑐̅[𝜎𝑐̅ − 𝜎]) (8) 

Since most of the effective shear regions are tension-controlled, it is assumed in this study that member failure is governed by 

tension-controlled behavior [46]. Therefore: 

𝜈 = √𝜎𝑡̅[𝜎𝑡̅ + 𝜎] (9) 

𝜈𝑐 = 𝜈 × 𝐴𝑔 = 𝜈 × 0.8 𝐴𝑔 = 0.8 𝐴𝑔 × √𝜎𝑡̅[𝜎𝑡̅ + 𝜎] (10) 

It is worth noting that the principal tensile stress 𝜎𝑡̅ represents the combined contribution of concrete and transverse 

reinforcement to the shear capacity. However, the above relationships do not introduce any parameter to account for the effects of 

flexural deformation on the shear strength of the concrete member. Therefore, following Sezen and Moehle Jack [46], the parameter 

λ is defined as a function of displacement ductility (see Fig. 3). In this model, in addition to accounting for the effects of shear 

deformations on the column’s shear capacity, the negative impact of shear deformations on the contribution of transverse 

reinforcement to the column’s shear strength due to reduced anchorage of the transverse barsnis also considered. This parameter 

can be calculated as follows: 

𝜆 = {

1                                        𝜇Δ ≤ 2
1.15 − 0.075 𝜇Δ     2 ≤ 𝜇Δ ≤ 6
0.7                                    𝜇Δ ≥ 6

 (11) 

Consequently: 

𝜈 = 𝜆√𝜎𝑡̅[𝜎𝑡̅ + 𝜎] (12) 

Therefore, using the above relationship, the shear capacity of a reinforced concrete member can be determined as a function of 

displacement ductility. However, this relationship requires the determination of λ as an input parameter. 

Recently, the training of artificial neural networks (ANNs), which are capable of identifying and predicting system mechanisms 

due to their significant computational intelligence, has attracted considerable attention in the field of civil engineering. For predicting 

the nonlinear behavior of reinforced concrete members, the development of ANNs can serve as a useful tool, providing both ease 

of use and high accuracy to meet the requirements of designers and analysts. Therefore, by providing a database of key parameters 

governing the behavioral mechanisms of reinforced concrete members as input variables, and 𝜎𝑡̅ as the output variable, an efficient 

artificial neural network can be trained. Achieving such a trained network constitutes one of the primary objectives of this paper. 

3.1. Experimental database 

The output predicted by any ANN is entirely dependent on the samples provided in the database. On the other hand, the nonlinear 

behavior of reinforced concrete members can be controlled based on their failure mode. In other words, the ultimate strength of a 

member is a function of the type of failure, such as flexural, flexure–shear, or shear. For columns exhibiting flexure–shear or shear 

mechanisms, the ultimate strength corresponds to the maximum shear capacity. Therefore, since the focus of this study is on 

evaluating the performance of structures designed according to older codes (where member failure modes are generally governed 

by shear mechanisms) the failure modes of the database samples must be either shear or flexure–shear. 
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Fig. 2. Rankine failure criteria for concrete in principal stress space (after Chen [44]). 

 

 
Fig. 3. Degradation parameter as a function of displacement ductility (after Sezen and Moehle Jack [46]). 

Consequently, an ANN trained using such a database can identify and predict the flexure–shear or shear mechanisms of the 

member. In this study, a database of 164 RC column specimens exhibiting shear or flexure–shear failure was compiled from the 

literature [2, 20, 26, 27, 32, 47-69]. Input parameters included column geometry, longitudinal and transverse reinforcement ratios, 

axial load ratio, and concrete compressive strength. The database of specimens is summarized in Table 1. 

Table 1. Experimental database of RC column specimens with shear or flexure–shear failure modes, including geometric, 

reinforcement, material, and axial load parameters. 

 Input Other Output 

ID 
b 

(mm) 

h 

(mm) 

d 

(mm) 

a 

(mm) 

s 

(mm) 

l 

(%) 

fyl 

(MPa) 

t 

(%) 

fyt 

(MPa) 

f 'c 

(MPa) 
rN  

V 

(kN) 

v 

(MPa) 

𝜎𝑡

√𝑓𝑐′
 

Sezen [2] 

1 457 457 394 1473 305 2.5 447 0.17 469 21.1 0.15 0.99 314.9 1.90 0.19 

2 457 457 394 1473 305 2.5 447 0.17 469 21.1 0.61 1.00 358.5 2.15 0.08 

3 457 457 394 1473 305 2.5 447 0.17 469 20.9 0.51 1.00 301.1 1.80 0.06 

4 457 457 394 1473 305 2.5 447 0.17 469 21.8 0.15 0.98 294.5 1.80 0.17 

Lynn [26] 

3CL

H18 
457 457 381 1473 457 3.1 335 0.07 400 25.6 0.09 1.00 272.1 1.63 0.16 

3SL

H18 
457 457 381 1473 457 3.1 335 0.07 400 25.6 0.09 1.00 273.1 1.63 0.16 

2CL
H18 

457 457 381 1473 457 1.9 335 0.07 400 33.1 0.07 0.77 243.2 1.89 0.18 

2SL

H18 
457 457 381 1473 457 1.9 335 0.07 400 33.1 0.07 0.97 231.0 1.43 0.12 

2CM

H18 
457 457 381 1473 457 1.9 335 0.07 400 25.7 0.28 1.00 307.8 1.84 0.09 

3CM

H18 
457 457 381 1473 457 3.1 335 0.07 400 27.6 0.26 1.00 326.9 1.96 0.09 

3CM

D12 
457 457 381 1473 305 3.1 335 0.17 400 27.6 0.26 1.00 356.0 2.13 0.11 

3SM

D12 
457 457 381 1473 305 3.1 335 0.17 400 25.7 0.28 1.00 367.2 2.20 0.12 
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Ohue et al. 

[47] 

2D1

6RS 
200 200 175 400 50 2.0 376 0.57 322 32.1 0.14 0.94 102.0 3.41 0.32 

4D1

3RS 
200 200 175 400 50 2.5 377 0.57 322 29.9 0.15 0.99 111.0 3.49 0.34 

Esaki [48] 

H-2-

1/5 
200 200 175 400 50 2.5 363 0.52 370 23.0 0.18 0.85 103.0 3.79 0.47 

HT-

2-1/5 
200 200 175 400 75 2.5 363 0.52 370 20.2 0.20 0.92 102.0 3.46 0.44 

H-2-

1/3 
200 200 175 400 40 2.5 363 0.65 370 23.0 0.29 0.97 121.0 3.88 0.37 

HT-

2-1/3 
200 200 175 400 60 2.5 363 0.65 370 20.2 0.29 0.96 112.0 3.63 0.38 

Li [49] 

U-7 400 400 375 1000 120 2.4 581 0.47 382 29.0 0.10 0.85 328.0 3.01 0.35 

U-8 400 400 375 1000 120 2.4 581 0.52 382 33.5 0.20 1.00 393.0 3.07 0.21 

U-9 400 400 375 1000 120 2.4 581 0.57 382 34.1 0.30 0.93 430.0 3.62 0.20 

Saatcioglu 

and Ozcebe 

[50] 

U1 350 350 305 1000 150 3.3 430 0.30 470 43.6 0.00 0.95 274.9 2.95 0.45 

U2 350 350 305 1000 150 3.3 453 0.30 470 30.2 0.16 1.00 270.0 2.76 0.23 

U3 350 350 305 1000 75 3.3 430 0.60 470 34.8 0.14 1.00 268.0 2.73 0.21 

Yalcin [51] 
BR-
S1 

550 550 482 1485 300 2.0 445 0.10 425 44.8 0.13 1.00 578.0 2.39 0.13 

Hirosawa 

[52] 

43 200 200 173 500 100 2.0 434 0.28 558 19.6 0.10 0.91 73.8 2.54 0.39 

44 200 200 173 500 100 2.0 434 0.28 558 19.6 0.10 0.97 76.5 2.48 0.38 

45 200 200 173 500 100 2.0 434 0.28 558 19.6 0.20 1.00 82.3 2.57 0.29 

46 200 200 173 500 100 2.0 434 0.28 558 19.6 0.20 1.00 80.5 2.52 0.28 

62 200 200 173 500 100 2.0 348 0.28 476 19.6 0.10 0.93 57.8 1.93 0.27 

63 200 200 173 500 100 2.0 348 0.28 476 19.6 0.20 0.86 68.5 2.49 0.27 

64 200 200 173 500 100 2.0 348 0.28 476 19.6 0.20 0.95 68.5 2.25 0.23 

Hirosawa 

[52] 

205 200 200 180 600 100 2.0 462 0.28 324 17.7 0.22 0.96 71.2 2.32 0.26 

207 200 200 180 400 100 2.0 462 0.28 324 17.7 0.22 1.00 105.9 3.31 0.45 

208 200 200 180 400 100 2.0 462 0.28 324 17.7 0.55 0.93 135.2 4.56 0.43 

214 200 200 180 600 200 2.0 462 0.14 324 17.7 0.55 1.00 82.7 2.58 0.15 

220 200 200 180 400 120 1.0 379 0.11 648 32.9 0.12 0.75 78.3 3.27 0.32 

231 200 200 180 400 100 1.0 324 0.13 524 14.8 0.26 0.85 50.7 1.87 0.20 

232 200 200 180 400 100 1.0 324 0.13 524 13.1 0.30 0.91 58.3 1.99 0.23 

233 200 200 180 400 100 1.0 372 0.13 524 13.9 0.28 0.81 68.9 2.65 0.36 

234 200 200 180 400 100 1.0 372 0.13 524 13.1 0.30 0.75 67.2 2.80 0.40 

Xiao and 
Martirossya

n [53] 

HC4

-

8LI6

-T6-
0.1P 

254 254 222 508 51 2.5 510 0.74 449 86.0 0.10 0.78 273.0 6.83 0.41 

HC4
-

8L16

-T6-

0.2P 

254 254 222 508 51 2.5 510 0.74 449 86.0 0.19 0.89 324.0 7.07 0.28 

Wight 

James and 

Sozen Mete 

[20] 

3E 152 305 254 876 127 2.4 496 0.32 345 34.7 0.12 0.93 94.0 2.73 0.23 

3W 152 305 254 876 127 2.4 496 0.32 345 34.7 0.12 0.92 98.0 2.87 0.25 

8E 152 305 254 876 89 2.4 496 0.46 345 26.1 0.15 0.86 101.0 3.18 0.35 

8W 152 305 254 876 89 2.4 496 0.46 345 26.1 0.15 0.82 95.0 3.11 0.34 

3E 152 305 254 876 127 2.4 496 0.32 345 33.6 0.12 0.95 91.0 2.59 0.22 

3W 152 305 254 876 127 2.4 496 0.32 345 33.6 0.12 0.93 101.0 2.91 0.26 

3E 152 305 254 876 127 2.4 496 0.32 345 33.6 0.07 0.96 85.0 2.38 0.25 

3W 152 305 254 876 127 2.4 496 0.32 345 33.6 0.07 0.98 91.0 2.51 0.27 

7E 152 305 254 876 64 2.4 496 0.64 345 33.4 0.11 0.78 86.0 2.96 0.28 

7W 152 305 254 876 64 2.4 496 0.64 345 33.4 0.11 0.81 92.0 3.07 0.29 

2E 152 305 254 876 102 2.4 496 0.91 345 33.5 0.11 0.75 108.0 3.89 0.42 

2W 152 305 254 876 102 2.4 496 0.91 345 33.5 0.11 0.79 113.0 3.87 0.41 

Yoshimura 

[54] 

N18

M 
300 300 255 450 100 2.7 380 0.21 375 26.5 0.18 0.92 263.0 3.96 0.43 
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N18

C 
300 300 255 450 100 2.7 380 0.21 375 26.5 0.18 0.85 264.0 4.34 0.50 

N27

M 
300 300 255 450 100 2.7 380 0.21 375 26.5 0.27 0.80 288.0 4.98 0.50 

N27

C 
300 300 255 450 100 2.7 380 0.21 375 26.5 0.27 0.97 263.0 3.76 0.31 

2M 300 300 255 300 100 2.7 396 0.21 392 25.2 0.19 0.78 234.0 4.18 0.48 

2C 300 300 255 300 100 2.7 396 0.21 392 25.2 0.19 0.70 222.0 4.40 0.52 

3M 300 300 255 300 100 2.7 396 0.21 392 25.2 0.28 0.74 248.0 4.63 0.46 

3C 300 300 255 300 100 2.7 396 0.21 392 25.2 0.28 0.72 264.0 5.10 0.53 

2M1
3 

300 300 255 300 100 1.7 350 0.21 392 25.2 0.19 0.92 250.0 3.78 0.41 

2C13 300 300 255 300 100 1.7 350 0.21 392 25.2 0.19 0.79 260.0 4.56 0.55 

Yoshimura 

et al. [55] 

No.1 300 300 255 600 100 2.7 402 0.21 392 30.7 0.20 0.95 234.0 3.41 0.27 

No.2 300 300 255 600 150 2.7 402 0.14 392 30.7 0.20 0.95 230.0 3.36 0.27 

No.3 300 300 255 600 200 2.7 402 0.11 392 30.7 0.20 0.96 230.0 3.33 0.26 

No.4 300 300 255 600 100 2.7 402 0.21 392 30.7 0.30 0.96 261.0 3.78 0.24 

No.5 300 300 255 600 100 2.7 402 0.21 392 30.7 0.35 0.81 275.0 4.72 0.32 

No.6 300 300 255 600 100 1.7 409 0.21 392 30.7 0.20 0.85 219.0 3.56 0.29 

No.7 300 300 255 600 150 1.7 409 0.14 392 30.7 0.20 0.90 213.0 3.31 0.26 

Nakamura 

and 

Yoshimura 
[56] 

C13-

J 
300 300 255 450 200 1.7 371 0.11 366 22.0 0.20 1.00 191.0 2.65 0.27 

C13-
T 

300 300 255 450 200 1.7 371 0.11 366 22.0 0.20 1.00 201.0 2.79 0.29 

C13-

H 
300 300 255 450 200 1.7 371 0.11 366 22.0 0.20 1.00 212.0 2.94 0.31 

4J11 450 450 390 750 300 1.7 403 0.11 360 19.5 0.17 1.00 413.0 2.55 0.31 

4W1
1 

450 450 390 750 300 1.7 403 0.11 360 19.5 0.17 1.00 432.0 2.67 0.34 

4H1

1 
450 450 390 750 300 1.7 403 0.11 360 19.5 0.17 1.00 395.0 2.44 0.29 

6J11 450 450 390 750 300 1.7 403 0.11 360 19.5 0.17 1.00 436.0 2.69 0.34 

4J21 450 450 390 750 150 1.7 403 0.21 360 19.5 0.17 1.00 447.0 2.76 0.35 

4W2

1 
450 450 390 750 150 1.7 403 0.21 360 19.5 0.17 1.00 429.0 2.65 0.33 

6J21 450 450 390 750 150 1.7 403 0.21 360 19.5 0.17 1.00 434.0 2.68 0.34 

Nakamura 

and 

Yoshimura 

[57] 

A1 450 450 390 450 300 1.1 383 0.11 399 28.0 0.16 1.00 570.0 3.52 0.36 

A2 450 450 390 450 300 1.1 383 0.11 399 28.0 0.16 1.00 557.0 3.44 0.35 

B1 450 450 390 450 150 1.7 383 0.21 399 28.0 0.16 1.00 594.0 3.67 0.39 

B2 450 450 390 450 150 1.7 383 0.21 399 28.0 0.16 1.00 607.0 3.75 0.40 

B3 450 450 390 450 150 1.7 383 0.21 399 28.0 0.16 1.00 545.0 3.36 0.34 

B4 450 450 390 450 150 1.7 383 0.21 399 28.0 0.16 1.00 578.0 3.57 0.37 

B5 450 450 390 450 150 1.7 383 0.21 399 28.0 0.16 1.00 565.0 3.49 0.36 

C1 450 450 390 450 75 2.3 376 0.42 399 28.0 0.16 1.00 687.0 4.24 0.48 

C2 450 450 390 450 75 2.3 376 0.42 399 28.0 0.16 1.00 715.0 4.41 0.51 

S100 450 450 390 450 150 1.7 383 0.21 399 25.0 0.18 1.00 522.0 3.22 0.34 

S60 450 450 390 450 150 1.7 383 0.21 399 25.0 0.18 1.00 577.0 3.56 0.39 

S40 450 450 390 450 150 1.7 383 0.21 399 25.0 0.18 1.00 505.0 3.12 0.32 

S20 450 450 390 450 150 1.7 383 0.21 399 25.0 0.18 1.00 562.0 3.47 0.38 

L100 450 450 390 700 200 1.7 383 0.16 399 25.0 0.18 1.00 506.0 3.12 0.32 

L75 450 450 390 700 200 1.7 383 0.16 399 25.0 0.18 1.00 526.0 3.25 0.34 

L50 450 450 390 700 200 1.7 383 0.16 399 25.0 0.18 1.00 497.0 3.07 0.31 

Moretti and 

Tassios [32] 

1 250 250 215 250 50 2.0 480 1.21 300 36.0 0.30 1.00 330.0 6.60 0.52 

3 250 250 215 250 50 4.0 415 1.21 300 39.0 0.30 1.00 360.0 7.20 0.55 

4 250 250 215 250 50 4.0 415 1.21 305 35.0 0.30 1.00 360.0 7.20 0.62 

7 250 250 215 500 50 2.0 480 1.21 300 38.0 0.30 0.91 200.0 4.40 0.24 

8 250 250 215 750 50 2.0 480 1.21 300 38.0 0.30 0.89 140.0 3.13 0.13 

Li et al. [58] 1DL 300 500 450 250 100 3.1 438 1.27 430 27.5 0.09 1.00 698.0 5.82 0.90 
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1DH 300 500 450 250 100 3.1 438 1.27 430 25.2 0.29 1.00 701.0 5.84 0.64 

1NL 300 500 450 250 200 3.1 438 0.24 458 23.4 0.10 1.00 660.0 5.50 0.92 

1NH 300 500 450 250 200 3.1 438 0.24 458 25.1 0.29 1.00 757.0 6.31 0.73 

2DL 300 500 450 500 100 3.1 438 1.27 430 25.7 0.09 1.00 564.0 4.70 0.73 

2DH 300 500 450 500 100 3.1 438 1.27 430 24.4 0.30 1.00 589.0 4.91 0.50 

1NL 300 500 450 500 200 3.1 438 0.24 458 23.4 0.10 1.00 402.0 3.35 0.49 

2NH 300 500 450 500 200 3.1 438 0.24 458 25.5 0.29 1.00 460.0 3.83 0.32 

Ramirez and 

Jirsa [59] 

00-U 305 305 264 458 66 2.5 410 0.32 455 34.5 0.00 0.96 265.9 3.74 0.64 

120C

-U 
305 305 264 458 66 2.5 410 0.32 455 34.5 0.17 0.95 297.9 4.23 0.38 

Bett et al. 

[60] 
SF1 305 305 257 457 210 1.8 462 0.09 414 29.9 0.10 1.00 214.0 2.88 0.31 

Hirosawa 

[52] 

372 200 200 170 500 100 1.0 524 0.31 352 20.0 0.30 0.86 74.3 2.70 0.23 

373 200 200 170 500 100 2.0 524 0.31 352 20.4 0.30 0.95 88.1 2.89 0.26 

Hirosawa 

[52] 

452 200 200 170 500 100 3.0 524 0.31 352 21.9 0.45 0.99 110.3 3.47 0.24 

454 200 200 170 500 100 4.0 524 0.31 352 21.9 0.45 0.98 110.3 3.50 0.24 

Umehara 

[61] 

CUS 230 410 370 455 89 3.0 441 0.28 414 34.9 0.16 1.00 324.0 4.29 0.39 

CU

W 
410 230 190 455 89 3.0 441 0.31 414 34.9 0.16 1.00 265.0 3.51 0.28 

2CU

S 
230 410 370 455 89 3.0 441 0.28 414 42.0 0.27 1.00 412.0 5.46 0.34 

Ousalem et 

al. [62] 

C1 300 300 260 450 160 1.7 587 0.08 340 13.5 0.30 0.88 160.4 2.54 0.33 

C4 300 300 260 450 75 1.7 384 0.28 340 13.5 0.30 0.81 171.1 2.94 0.42 

C6 300 300 260 450 75 1.7 384 0.28 340 13.5 1.28 0.67 203.9 4.24 0.26 

C8 300 300 260 450 75 1.7 384 0.28 340 18.0 0.30 0.86 233.0 3.77 0.46 

C10 300 300 260 450 75 1.7 384 0.28 340 18.0 1.05 0.81 262.1 4.50 0.24 

C12 300 300 260 450 75 1.7 384 0.28 340 18.0 0.20 0.78 217.1 3.87 0.58 

D1 300 300 260 300 50 1.7 398 0.43 447 27.7 0.22 0.90 341.1 5.24 0.58 

D16 300 300 260 300 50 1.7 398 0.43 447 26.1 0.23 0.89 341.6 5.35 0.61 

D11 300 300 260 450 150 2.3 398 0.14 447 28.2 0.21 0.83 242.8 4.06 0.39 

D12 300 300 260 450 150 2.3 398 0.14 447 28.2 0.21 0.85 250.4 4.09 0.39 

D13 300 300 260 450 50 2.3 398 0.43 447 26.1 0.23 0.83 266.1 4.48 0.47 

D14 300 300 260 450 50 2.3 398 0.43 447 26.1 0.23 0.80 269.1 4.66 0.50 

Aboutaha et 

al. [63] 

SC3 914 457 397 1219 407 1.9 434 0.10 400 21.9 0.00 0.99 393.7 1.19 0.25 

SC9 457 914 853 1219 406 1.9 434 0.08 400 21.9 0.00 1.00 587.2 1.76 0.38 

Woods [64] 

1 457 457 394 1248 457 2.5 445 0.07 372 33.0 0.32 1.00 412.0 2.46 0.09 

2 457 457 394 1248 457 2.5 445 0.07 372 33.0 0.22 1.00 360.0 2.15 0.10 

3 457 457 394 1248 457 3.0 445 0.07 372 33.0 0.32 1.00 313.0 1.87 0.06 

Pan and Li 
[27] 

SC-
2.4-

0.20 

350 350 315 850 125 2.1 408 0.13 393 22.6 0.20 1.00 218.9 2.23 0.19 

SC-

2.4-

0.30 

350 350 315 850 125 3.2 409 0.13 393 49.3 0.30 0.97 357.1 3.75 0.13 

SC-

2.4-

0.50 

350 350 315 850 125 2.1 408 0.13 393 24.2 0.50 1.00 237.6 2.43 0.10 

SC-

1.7-

0.05 

350 350 316 600 125 2.1 408 0.13 393 29.8 0.05 1.00 276.4 2.82 0.40 

SC-
1.7-

0.20 

350 350 316 600 125 2.1 408 0.13 393 27.5 0.20 1.00 294.2 3.00 0.25 

SC-

1.7-

0.35 

350 350 316 600 125 2.1 408 0.13 393 25.5 0.35 1.00 335.5 3.42 0.23 

SC-

1.7-

0.50 

350 350 316 600 125 2.1 408 0.13 393 26.4 0.50 1.00 375.6 3.83 0.20 

RC-

1.7-
0.05 

250 490 447 850 125 2.1 408 0.18 393 32.5 0.05 1.00 283.1 2.89 0.38 
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RC-

1.7-

0.20 

250 490 447 850 125 2.1 408 0.18 393 24.5 0.20 1.00 305.5 3.12 0.31 

RC-

1.7-

0.35 

250 490 447 850 125 2.1 408 0.18 393 27.1 0.35 1.00 345.7 3.53 0.22 

RC-

1.7-
0.50 

250 490 447 850 125 2.1 408 0.18 393 26.8 0.50 0.99 355.2 3.65 0.18 

Boys et al. 

[65] 

24L-
300-

2D 

450 450 412 1624 300 1.0 315 0.12 315 32.0 0.31 0.89 256.4 1.78 0.05 

Kogoma et 

al. [66] 
CT1 130 130 99 425 285 4.8 355 0.23 355 22.8 0.18 1.00 24.9 1.84 0.15 

Choi et al. 

[67] 

NRC 

1 
300 300 252 830 300 0.9 327 0.17 378 17.9 0.27 1.00 108.7 1.51 0.10 

NRC 

2 
300 300 250 830 300 0.9 327 0.17 378 18.3 0.26 1.00 109.1 1.52 0.10 

NRC 

3 
300 300 250 830 300 1.3 327 0.17 378 17.5 0.28 1.00 116.1 1.61 0.12 

NRC 

5 
300 300 252 830 300 0.9 327 0.17 378 19.9 0.38 1.00 128.2 1.78 0.09 

NRC 

6 
300 300 252 630 300 0.9 327 0.17 378 17.2 0.31 0.99 141.1 1.99 0.16 

NRC 

7 
300 300 249 830 150 1.7 350 0.34 310 12.7 0.31 0.96 122.5 1.78 0.19 

NRC 
8 

300 300 249 830 150 1.7 350 0.34 310 12.1 0.33 0.95 127.3 1.87 0.21 

NRC 
9 

300 300 249 830 150 1.7 350 0.34 310 13.0 0.10 0.74 113.1 2.13 0.44 

NRC 

10 
300 300 249 830 150 1.7 350 0.34 310 13.6 0.44 0.92 140.5 2.11 0.18 

Ghannoum 

Wassim and 

Moehle Jack 

[68] 

ColA

1 
152 152 131 495 102 2.5 552 0.15 655 24.6 0.17 1.00 32.2 1.74 0.13 

ColB

1 
152 152 131 495 102 2.5 553 0.15 655 24.6 0.19 1.00 43.9 2.38 0.20 

Elwood and 

Moehle [69] 

EL_s

p1 
229 229 197 737 152 2.5 479 0.18 689 24.5 0.10 1.00 80.5 1.92 0.21 

EL_s

p2 
229 229 197 737 152 2.5 479 0.18 689 23.9 0.24 1.00 88.1 2.10 0.14 

Using the following procedure, the maximum principal tensile stress and the maximum horizontal shear strength were extracted 

from the experimental specimens: 

1. Determination of maximum shear stress: 

𝜈𝑒𝑥𝑝 =
𝑉𝑒𝑥𝑝

𝐴𝑒

×
1

𝜆
=

𝑉𝑒𝑥𝑝

0.8𝑏ℎ𝜆
 (13) 

in which Vexp is the experimental shear capacity; b and h are the width and depth of the column cross-section. 

2. Determination of axial stress at a column element using: 

𝜎𝑒𝑥𝑝 =
𝑁

𝑏ℎ
 (14) 

in which N is the axial load applied on the column. 

𝜎𝑡
𝑒𝑥𝑝

= √(
𝜎𝑒𝑥𝑝

2
)

2

+ (𝜈𝑒𝑥𝑝)2  −
𝜎𝑒𝑥𝑝

2
 (14) 

Therefore, using the above results, the shear force applied to the member can be converted into the principal tensile stress in the 

column. 

3.2. ANN Model development 

An artificial neural network (ANN) was trained to predict the maximum principal tensile stress and corresponding shear strength. 

Nine input parameters and one normalized output parameter were selected.  

The following section explains the rationale for selecting each input and output parameter for the neural network: 

1. Parameters b, h, and d: These parameters define the geometry of the laboratory specimen and are provided to the network as 

input. 

2. Parameters ρl and fyl: These parameters represent the tensile contribution of the longitudinal reinforcement in the column. 

Although they have a significant effect on the flexural capacity of the column, their impact on enhancing shear capacity is 

minimal. However, in shear models [53, 70, 71], these parameters are considered in the determination of the concrete shear 
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capacity. 

3. Parameters s, ρt, and fyt: These parameters describe the transverse reinforcement of the column. They play a key and significant 

role in the shear capacity of the column and also affect the confinement of the concrete core. 

4. Parameter a: This represents the distance between the points of maximum and zero moments, known as the shear span, and is 

provided to the network as an input. In addition to the column’s shear span, the angle of diagonal shear cracks in the column 

depends significantly on this parameter. This parameter is included in shear models [46, 53, 71]. 

5. Parameter λ: The effect of flexural deformation on the column’s shear capacity is indirectly represented by this dimensionless 

parameter. It should be noted that the experimental shear strength Vexp corresponds to μΔ. Consequently, the column shear 

capacity is a function of λ, and this parameter should be considered as an input. However, determining μΔ requires section 

analysis (to determine flexural behavior) and a shear model, whereas the purpose of training the ANN is to predict the shear 

model itself. Therefore, in this study, Vexp corresponding to μΔ is converted into shear capacity for μΔ < 2 using Eq. 13. As a 

result, it is no longer necessary to include this parameter as an input to the ANN. 

6. Parameter f′c: This parameter represents the compressive strength of the concrete, which is a critical property of the column, and 

is provided to the network as input. 

7. Parameter N: The axial load applied to the column is indirectly represented by this parameter. As seen in Eqs. 14 and 15, the 

effects of this parameter on the column shear capacity are accounted for in 𝜎𝑒𝑥𝑝 and 𝜎𝑡
𝑒𝑥𝑝

. 

8. Output parameter 𝜎𝑡 √𝑓′𝑐⁄ : The principal tensile stress corresponding to the maximum shear strength at a displacement ductility 

of less than 2 is normalized by the concrete compressive strength and provided to the network as the output parameter. 

Fig. 4 illustrates the architecture of the trained artificial neural network. As shown, this study uses 9 input parameters, 1 output 

parameter, 20 hidden layers, and 1 output layer for network training. In the ANN modeling, the activation functions in the hidden 

layers are logarithmic, while the output layer uses a linear activation function. This structure is employed because a single-layer 

feedforward backpropagation network with bias, a Sigmoid hidden layer, and a linear output layer is capable of approximating any 

function with a limited number of discontinuities. 

In this study, the artificial neural network (ANN) was trained using MATLAB with the trainlm function. The trainlm function 

is a network training function that updates the weights and biases. Standard backpropagation is a gradient descent algorithm in 

which the network weights are adjusted along the negative gradient of the performance function. The most commonly used 

backpropagation training algorithm is the Levenberg–Marquardt algorithm, which has been employed in this study. The dataset 

used to train the network consists of 164 reinforced concrete column specimens with shear and flexure–shear failure mechanisms. 

Of these, 70% were randomly assigned for network training, 15% for network validation, and 15% for network testing. 

 
Fig. 4. Architecture of the artificial neural network (ANN) developed for shear strength prediction. 

3.3. Model performance and validation 

The ANN predictions of principal tensile stress showed close agreement with experimental data. Comparison of predicted and 

measured values is presented in Fig. 5, while Fig. 6 illustrates the validation against independent test sets. Quantitative results are 

provided in Table 2, showing mean ratios close to unity and low standard deviations, confirming the reliability of the ANN model. 

Table 2. Comparison of shear capacity predictions from ANN and analytical model with experimental results. 

ID 
f 'c 

(MPa) 

fv 

(MPa) 

𝝈𝒕

√𝒇′𝒄

 

(Exp) 

𝝈𝒕

√𝒇′𝒄

 

(ANN) 

ANN

Exp
 

v 

(Exp) 

v 

(ANN) 

ANN

Exp
 

V 

(Exp) 

V 

(ANN) 

ANN

Exp
 

Sezen [2] 

1 21.1 3.19 0.19 0.11 0.58 1.90 1.39 0.73 315 229 0.73 

2 21.1 12.8 0.08 0.11 1.48 2.15 2.62 1.22 359 439 1.22 

3 20.9 10.7 0.06 0.11 1.72 1.80 2.39 1.32 301 399 1.32 

4 21.8 3.19 0.17 0.12 0.68 1.80 1.43 0.80 294 234 0.80 

Lynn [26] 

3CLH18 25.6 2.41 0.16 0.14 0.87 1.63 1.50 0.92 272 250 0.92 

3SLH18 25.6 2.41 0.16 0.14 0.87 1.63 1.50 0.92 273 250 0.92 

2CLH18 33.1 2.41 0.18 0.10 0.58 1.89 1.35 0.71 243 173 0.71 

2SLH18 33.1 2.41 0.12 0.10 0.91 1.43 1.35 0.94 231 218 0.94 
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2CMH18 25.7 7.24 0.09 0.09 1.07 1.84 1.91 1.04 308 319 1.04 

3CMH18 27.6 7.24 0.09 0.13 1.42 1.96 2.36 1.21 327 395 1.21 

3CMD12 27.6 7.24 0.11 0.11 0.97 2.13 2.10 0.99 356 351 0.99 

3SMD12 25.7 7.24 0.12 0.12 0.96 2.20 2.15 0.98 367 359 0.98 

Ohue et al. [47] 
2D16RS 32.1 4.58 0.32 0.33 1.02 3.41 3.45 1.01 102 103 1.01 

4D13RS 29.9 4.58 0.34 0.34 0.97 3.49 3.43 0.98 111 109 0.98 

Esaki [48] 

H-2-1/5 23.0 4.03 0.47 0.41 0.87 3.79 3.44 0.91 103 94 0.91 

HT-2-1/5 20.2 4.03 0.44 0.44 1.00 3.46 3.47 1.00 102 102 1.00 

H-2-1/3 23.0 6.73 0.37 0.37 0.99 3.88 3.86 0.99 121 120 0.99 

HT-2-1/3 20.2 5.90 0.38 0.42 1.09 3.63 3.82 1.05 112 118 1.05 

Li [49] 

U-7 29.0 2.90 0.35 0.22 0.63 3.01 2.21 0.73 328 240 0.73 

U-8 33.5 6.70 0.21 0.21 1.01 3.07 3.08 1.00 393 395 1.00 

U-9 34.1 10.23 0.20 0.22 1.09 3.62 3.80 1.05 430 451 1.05 

Saatcioglu and Ozcebe [50] 

U1 43.6 0.00 0.45 0.18 0.39 2.95 1.16 0.39 275 108 0.39 

U2 30.2 4.90 0.23 0.23 1.02 2.76 2.78 1.01 270 272 1.01 

U3 34.8 4.90 0.21 0.30 1.43 2.73 3.40 1.24 268 334 1.24 

Yalcin [51] BR-S1 44.8 5.95 0.13 0.13 1.01 2.39 2.40 1.01 578 581 1.01 

Hirosawa [52] 

43 19.6 1.95 0.39 0.34 0.85 2.54 2.27 0.89 74 66 0.89 

44 19.6 1.95 0.38 0.34 0.89 2.48 2.27 0.92 77 70 0.92 

45 19.6 3.90 0.29 0.34 1.17 2.57 2.84 1.10 82 91 1.10 

46 19.6 3.90 0.28 0.34 1.21 2.52 2.84 1.13 81 91 1.13 

62 19.6 1.95 0.27 0.25 0.94 1.93 1.85 0.96 58 55 0.96 

63 19.6 3.90 0.27 0.25 0.92 2.49 2.36 0.95 69 65 0.95 

64 19.6 3.90 0.23 0.25 1.08 2.25 2.36 1.05 69 72 1.05 

Hirosawa [52] 

205 17.7 3.90 0.26 0.27 1.05 2.32 2.39 1.03 71 73 1.03 

207 17.7 3.90 0.45 0.42 0.93 3.31 3.15 0.95 106 101 0.95 

208 17.7 9.80 0.43 0.42 0.98 4.56 4.50 0.99 135 133 0.99 

214 17.7 9.80 0.15 0.15 0.98 2.58 2.56 0.99 83 82 0.99 

220 32.9 3.90 0.32 0.33 1.01 3.27 3.29 1.01 78 79 1.01 

231 14.8 3.90 0.20 0.20 1.00 1.87 1.88 1.00 51 51 1.00 

232 13.1 3.90 0.23 0.20 0.86 1.99 1.83 0.92 58 53 0.92 

233 13.9 3.90 0.36 0.38 1.05 2.65 2.73 1.03 69 71 1.03 

234 13.1 3.90 0.40 0.38 0.95 2.80 2.71 0.97 67 65 0.97 

Xiao and Martirossyan [53] 
T6-0.1P 86.0 8.28 0.41 0.42 1.00 6.83 6.83 1.00 273 273 1.00 

T6-0.2P 86.0 16.55 0.28 0.42 1.48 7.07 8.86 1.25 324 406 1.25 

Wight James and Sozen Mete [20] 

3E 34.7 4.08 0.23 0.24 1.03 2.73 2.77 1.02 94 95 1.02 

3W 34.7 4.08 0.25 0.24 0.95 2.87 2.77 0.97 98 95 0.97 

8E 26.1 3.84 0.35 0.34 0.95 3.18 3.09 0.97 101 98 0.97 

8W 26.1 3.84 0.34 0.34 0.99 3.11 3.09 0.99 95 94 0.99 

3E 33.6 4.08 0.22 0.24 1.12 2.59 2.77 1.07 91 97 1.07 

3W 33.6 4.08 0.26 0.24 0.93 2.91 2.77 0.95 101 96 0.95 

3E 33.6 2.39 0.25 0.24 0.96 2.38 2.31 0.97 85 83 0.97 

3W 33.6 2.39 0.27 0.24 0.88 2.51 2.31 0.92 91 84 0.92 

7E 33.4 3.84 0.28 0.30 1.09 2.96 3.13 1.06 86 91 1.06 

7W 33.4 3.84 0.29 0.30 1.03 3.07 3.13 1.02 92 94 1.02 

2E 33.5 3.84 0.42 0.41 0.99 3.89 3.86 0.99 108 107 0.99 

2W 33.5 3.84 0.41 0.41 1.00 3.87 3.86 1.00 113 113 1.00 

Yoshimura [54] 

N18M 26.5 4.77 0.43 0.43 0.99 3.96 3.92 0.99 263 261 0.99 

N18C 26.5 4.77 0.50 0.43 0.86 4.34 3.92 0.90 264 239 0.90 

N27M 26.5 7.17 0.50 0.43 0.87 4.98 4.55 0.91 288 263 0.91 
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N27C 26.5 7.17 0.31 0.43 1.37 3.76 4.55 1.21 263 318 1.21 

2M 25.2 4.78 0.48 0.48 0.99 4.18 4.14 0.99 234 232 0.99 

2C 25.2 4.78 0.52 0.48 0.91 4.40 4.14 0.94 222 209 0.94 

3M 25.2 7.08 0.46 0.48 1.05 4.63 4.76 1.03 248 255 1.03 

3C 25.2 7.08 0.53 0.48 0.90 5.10 4.76 0.93 264 246 0.93 

2M13 25.2 4.78 0.41 0.41 0.99 3.78 3.75 0.99 250 248 0.99 

2C13 25.2 4.78 0.55 0.41 0.75 4.56 3.75 0.82 260 214 0.82 

Yoshimura et al. [55] 

No.1 30.7 6.14 0.27 0.29 1.05 3.41 3.50 1.03 234 240 1.03 

No.2 30.7 6.14 0.27 0.25 0.95 3.36 3.26 0.97 230 223 0.97 

No.3 30.7 6.14 0.26 0.22 0.85 3.33 3.02 0.91 230 208 0.91 

No.4 30.7 9.21 0.24 0.29 1.17 3.78 4.14 1.09 261 286 1.09 

No.5 30.7 10.75 0.32 0.29 0.89 4.72 4.42 0.94 275 258 0.94 

No.6 30.7 6.14 0.29 0.30 1.03 3.56 3.63 1.02 219 223 1.02 

No.7 30.7 6.14 0.26 0.25 0.97 3.31 3.24 0.98 213 209 0.98 

Nakamura and Yoshimura [56] 

C13-J 22.0 4.40 0.27 0.29 1.09 2.65 2.79 1.05 191 201 1.05 

C13-T 22.0 4.40 0.29 0.29 1.00 2.79 2.79 1.00 201 201 1.00 

C13-H 22.0 4.40 0.31 0.29 0.92 2.94 2.79 0.95 212 201 0.95 

4J11 19.5 3.32 0.31 0.32 1.03 2.55 2.60 1.02 413 421 1.02 

4W11 19.5 3.32 0.34 0.32 0.96 2.67 2.60 0.97 432 421 0.97 

4H11 19.5 3.32 0.29 0.32 1.10 2.44 2.60 1.07 395 421 1.07 

6J11 19.5 3.32 0.34 0.32 0.95 2.69 2.60 0.96 436 421 0.96 

4J21 19.5 3.32 0.35 0.33 0.92 2.76 2.62 0.95 447 424 0.95 

4W21 19.5 3.32 0.33 0.33 0.98 2.65 2.62 0.99 429 424 0.99 

6J21 19.5 3.32 0.34 0.33 0.97 2.68 2.62 0.98 434 424 0.98 

Nakamura and Yoshimura [57] 

A1 28.0 4.48 0.36 0.36 0.98 3.52 3.48 0.99 570 564 0.99 

A2 28.0 4.48 0.35 0.36 1.02 3.44 3.48 1.01 557 564 1.01 

B1 28.0 4.48 0.39 0.37 0.96 3.67 3.58 0.98 594 580 0.98 

B2 28.0 4.48 0.40 0.37 0.93 3.75 3.58 0.95 607 580 0.95 

B3 28.0 4.48 0.34 0.37 1.10 3.36 3.58 1.06 545 580 1.06 

B4 28.0 4.48 0.37 0.37 1.00 3.57 3.58 1.00 578 580 1.00 

B5 28.0 4.48 0.36 0.37 1.04 3.49 3.58 1.03 565 580 1.03 

C1 28.0 4.48 0.48 0.50 1.04 4.24 4.37 1.03 687 708 1.03 

C2 28.0 4.48 0.51 0.50 0.99 4.41 4.37 0.99 715 708 0.99 

S100 25.0 4.50 0.34 0.34 1.02 3.22 3.27 1.01 522 529 1.01 

S60 25.0 4.50 0.39 0.34 0.87 3.56 3.27 0.92 577 529 0.92 

S40 25.0 4.50 0.32 0.34 1.08 3.12 3.27 1.05 505 529 1.05 

S20 25.0 4.50 0.38 0.34 0.91 3.47 3.27 0.94 562 529 0.94 

L100 25.0 4.50 0.32 0.33 1.03 3.12 3.18 1.02 506 516 1.02 

L75 25.0 4.50 0.34 0.33 0.97 3.25 3.18 0.98 526 516 0.98 

L50 25.0 4.50 0.31 0.33 1.06 3.07 3.18 1.04 497 516 1.04 

Moretti and Tassios [32] 

1 36.0 10.80 0.52 0.41 0.80 6.60 5.75 0.87 330 288 0.87 

3 39.0 11.70 0.55 0.56 1.02 7.20 7.27 1.01 360 363 1.01 

4 35.0 10.50 0.62 0.61 0.98 7.20 7.12 0.99 360 356 0.99 

7 38.0 11.40 0.24 0.20 0.82 4.40 3.94 0.90 200 179 0.90 

8 38.0 11.40 0.13 0.14 1.04 3.13 3.19 1.02 140 143 1.02 

Li et al. [58] 

1DL 27.5 2.48 0.90 0.63 0.70 5.82 4.38 0.75 698 525 0.75 

1DH 25.2 7.31 0.64 0.64 1.00 5.84 5.83 1.00 701 699 1.00 

1NL 23.4 2.34 0.92 0.72 0.79 5.50 4.52 0.82 660 543 0.82 

1NH 25.1 7.28 0.73 0.72 1.00 6.31 6.29 1.00 757 755 1.00 

2DL 25.7 2.31 0.73 0.61 0.84 4.70 4.09 0.87 564 491 0.87 
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2DH 24.4 7.32 0.50 0.62 1.24 4.91 5.62 1.15 589 674 1.15 

1NL 23.4 2.34 0.49 0.31 0.63 3.35 2.40 0.72 402 288 0.72 

2NH 25.5 7.40 0.32 0.32 0.98 3.83 3.79 0.99 460 455 0.99 

Ramirez and Jirsa [59] 
00-U 34.5 0.00 0.64 0.50 0.79 3.74 2.95 0.79 266 210 0.79 

120C-U 34.5 5.74 0.38 0.50 1.31 4.23 5.06 1.20 298 356 1.20 

Bett et al. [60] SF1 29.9 3.10 0.31 0.32 1.01 2.88 2.89 1.01 214 215 1.01 

Hirosawa [52] 
372 20.0 6.03 0.23 0.23 1.01 2.70 2.72 1.00 74 75 1.00 

373 20.4 6.03 0.26 0.30 1.16 2.89 3.15 1.09 88 96 1.09 

Hirosawa [52] 
452 21.9 9.78 0.24 0.24 1.01 3.47 3.48 1.00 110 111 1.00 

454 21.9 9.78 0.24 0.24 1.01 3.50 3.52 1.01 110 111 1.01 

Umehara [61] 

CUS 34.9 5.66 0.39 0.27 0.70 4.29 3.42 0.80 324 258 0.80 

CUW 34.9 5.66 0.28 0.28 0.99 3.51 3.48 0.99 265 263 0.99 

2CUS 42.0 11.33 0.34 0.35 1.02 5.46 5.53 1.01 412 417 1.01 

Ousalem et al. [62] 

C1 13.5 4.05 0.33 0.34 1.01 2.54 2.56 1.01 160 161 1.01 

C4 13.5 4.05 0.42 0.34 0.80 2.94 2.56 0.87 171 149 0.87 

C6 13.5 17.26 0.26 0.34 1.30 4.24 4.78 1.13 204 230 1.13 

C8 18.0 5.40 0.46 0.35 0.77 3.77 3.20 0.85 233 198 0.85 

C10 18.0 18.89 0.24 0.35 1.47 4.50 5.51 1.23 262 321 1.23 

C12 18.0 3.60 0.58 0.35 0.60 3.87 2.75 0.71 217 155 0.71 

D1 27.7 6.00 0.58 0.59 1.03 5.24 5.33 1.02 341 347 1.02 

D16 26.1 6.00 0.61 0.60 0.98 5.35 5.26 0.98 342 336 0.98 

D11 28.2 6.00 0.39 0.38 0.99 4.06 4.02 0.99 243 241 0.99 

D12 28.2 6.00 0.39 0.38 0.97 4.09 4.02 0.98 250 246 0.98 

D13 26.1 6.00 0.47 0.50 1.06 4.48 4.65 1.04 266 276 1.04 

D14 26.1 6.00 0.50 0.50 1.00 4.66 4.65 1.00 269 269 1.00 

Aboutaha et al. [63] 
SC3 21.9 0.00 0.25 0.25 0.99 1.19 1.18 0.99 394 390 0.99 

SC9 21.9 0.00 0.38 0.37 0.99 1.76 1.74 0.99 587 582 0.99 

Woods [64] 

1 33.0 10.64 0.09 0.10 1.04 2.46 2.51 1.02 412 420 1.02 

2 33.0 7.24 0.10 0.10 0.95 2.15 2.10 0.97 360 351 0.97 

3 33.0 10.64 0.06 0.06 1.04 1.87 1.91 1.02 313 319 1.02 

Pan and Li [27] 

SC-2.4-0.20 22.6 4.52 0.19 0.13 0.65 2.23 1.75 0.78 219 172 0.78 

SC-2.4-0.30 49.3 14.79 0.13 0.13 0.99 3.75 3.74 1.00 357 356 1.00 

SC-2.4-0.50 24.2 12.10 0.10 0.14 1.50 2.43 3.00 1.23 238 293 1.23 

SC-1.7-0.05 29.8 1.49 0.40 0.31 0.78 2.82 2.31 0.82 276 227 0.82 

SC-1.7-0.20 27.5 5.50 0.25 0.28 1.10 3.00 3.18 1.06 294 312 1.06 

SC-1.7-0.35 25.5 8.93 0.23 0.25 1.10 3.42 3.61 1.05 336 354 1.05 

SC-1.7-0.50 26.4 13.20 0.20 0.26 1.31 3.83 4.44 1.16 376 435 1.16 

RC-1.7-0.05 32.5 1.63 0.38 0.34 0.88 2.89 2.63 0.91 283 257 0.91 

RC-1.7-0.20 24.5 4.90 0.31 0.24 0.78 3.12 2.68 0.86 306 262 0.86 

RC-1.7-0.35 27.1 9.49 0.22 0.27 1.20 3.53 3.90 1.11 346 382 1.11 

RC-1.7-0.50 26.8 13.40 0.18 0.26 1.47 3.65 4.50 1.23 355 437 1.23 

Boys et al. [65] 24L-300-2D 32.0 9.88 0.05 0.06 1.04 1.78 1.81 1.02 256 261 1.02 

Kogoma et al. [66] SF1 22.8 4.10 0.15 0.15 1.02 1.84 1.86 1.01 25 25 1.01 

Choi et al. [67] 

NRC 1 17.9 4.83 0.10 0.10 0.96 1.51 1.48 0.98 109 107 0.98 

NRC 2 18.3 4.76 0.10 0.09 0.92 1.52 1.44 0.95 109 104 0.95 

NRC 3 17.5 4.90 0.12 0.12 1.05 1.61 1.65 1.03 116 119 1.03 

NRC 5 19.9 7.56 0.09 0.08 0.91 1.78 1.69 0.95 128 122 0.95 

NRC 6 17.2 5.33 0.16 0.17 1.06 1.99 2.05 1.03 141 145 1.03 

NRC 7 12.7 3.94 0.19 0.25 1.32 1.78 2.09 1.17 122 144 1.17 

NRC 8 12.1 3.99 0.21 0.25 1.20 1.87 2.07 1.11 127 141 1.11 
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NRC 9 13.0 1.30 0.44 0.25 0.58 2.13 1.42 0.67 113 76 0.67 

NRC 10 13.6 5.98 0.18 0.25 1.39 2.11 2.55 1.20 140 169 1.20 

Ghannoum Wassim and Moehle Jack [68] 
ColA1 24.6 4.18 0.13 0.13 1.01 1.74 1.76 1.01 32 32 1.01 

ColB1 24.6 4.67 0.20 0.13 0.65 2.38 1.85 0.78 44 34 0.78 

Elwood and Moehle [69] 
EL_sp1 24.5 2.45 0.21 0.21 1.00 1.92 1.92 1.00 81 81 1.00 

EL_sp2 23.9 5.74 0.14 0.21 1.52 2.10 2.66 1.27 88 112 1.27 

     Mean 0.997  Mean 0.988  Mean 0.988 

     SD 0.191  SD 0.120  SD 0.120 

Fig. 5 compares the principal tensile stress 𝜎𝑡 √𝑓′𝑐⁄ : predicted by the ANN with the experimental results. Among the 114 samples 

randomly selected for network training, in more than 85 samples, the difference between the principal tensile stress predicted by the 

ANN and the laboratory results is less than 0.005. For the remaining training samples, the network prediction accuracy is still 

considered acceptable. The maximum difference in these training samples is 0.261. Among the 25 samples selected for network 

validation, only 4 samples exhibited a difference between the principal tensile stress 𝜎𝑡 √𝑓′𝑐⁄ :  predicted by the ANN and the 

experimental results greater than 0.1, with the maximum difference being 0.261. Similarly, of the 25 samples selected for network 

testing, only 3 column specimens showed a difference between the principal tensile stress 𝜎𝑡 √𝑓′𝑐⁄ :  predicted by the ANN and the 

experimental results exceeding 0.1. The maximum difference in these samples is 0.18. As a result, it can be concluded that the 

trained artificial neural network (ANN) predicts the experimental results with satisfactory accuracy.  

Fig. 6 compares the results predicted by the trained ANN with the experimental data. It should be noted that another factor for 

selecting an appropriate network is the regression coefficient (R) of the network. The regression coefficient measures the correlation 

between the outputs and targets in an ANN, where R = 1 indicates a perfect correlation, and R = 0 indicates a random relationship. 

As shown previously, the ANN predicts the experimental results with high accuracy, and this figure demonstrates the consistency 

of the predictions across all training, validation, and test samples. 

Table 2 compares the responses of the experimental column specimens in terms of principal tensile stress, shear strength, and 

shear force with the results from the ANN and the analytical model. As observed, the experimental column responses in terms of 

principal tensile stress are predicted by the ANN with a mean value of 0.997 and a standard deviation of 0.191, confirming an 

accurate and nearly uniform prediction of the column behavior. Using Eq. 12, the principal tensile stress can be converted to the 

horizontal shear capacity. The mean value of 0.988 and standard deviation of 0.120 indicate a more uniform prediction of shear 

strength compared to principal tensile stress. The column shear strength can be further converted into the column shear force using 

Eq. 10. Finally, considering the mean value of 0.988 and standard deviation of 0.120, it can be concluded that the trained ANN, 

combined with theoretical relationships, can accurately and consistently predict the column shear force. The capability of the 

proposed model will next be compared with other shear models presented in the literature. 

 
Fig. 5. Comparison of principal tensile stress predicted by the ANN with experimental results for training specimens. The vertical 

axis represents predicted values from the ANN, while the horizontal axis represents experimental values. 
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(a) (b) 

 
(c) (d) 

Fig. 6. Predictive performance for the proposed ANN model based on: a) data used for training; b) data used for validation; c) data 

used for testing; d) all data. 

3.4. Comparison with existing models 

The proposed ANN-based shear model was benchmarked against existing analytical shear strength models in the literature [22, 

23, 46, 53, 70-73]. As shown in Fig. 7, an evaluation of the mean values and coefficients of variation indicates that the artificial 

neural network (ANN) model predicts the experimental results with a higher degree of consistency and accuracy compared to other 

existing models (see Table 2). The ANN model not only captures the central tendency of the experimental data but also demonstrates 

reduced scatter in its predictions, which reflects a more reliable representation of the reinforced concrete columns’ behavior under 

shear-dominated loading conditions. It is worth noting that the shear model proposed by Sezen and Moehle Jack [46], with a mean 

value of 1.083 and a coefficient of variation of 0.252, performs better than other traditional shear models in terms of both accuracy 

and uniformity of predictions. However, when compared to the ANN model, the proposed approach offers an even more consistent 

performance across the entire dataset, reducing variability and providing improved predictive reliability. Based on this comparative 

assessment, it can be concluded that the proposed ANN-based model demonstrates satisfactory reliability in predicting the behavior 

of reinforced concrete columns subjected to shear forces. Its ability to consistently approximate both the peak response and the 

overall trend of experimental results highlights its potential as a robust and practical tool for structural analysis and design, 

particularly in situations where accurate estimation of shear capacity and post-peak behavior is critical. 
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(a) Proposed model. (b) Sezen and Moehle (2004). 

  
(c) Priestley et al. (1994) (d) Xiao and Martirossyan (1998) 

  
(e) Kowalsky and Priestley (2000) (f) Howser et al. (2010) 

  
(g) Aschheim and Moehle (1992) (h) Caltrans (2002) 

Fig. 7. Comparison of shear strength predictions from the proposed ANN model with existing analytical models and experimental 

results [22, 23, 46, 53, 70-73]. 

Fig. 8 illustrates the validation of the proposed model against the experimental results reported by Lynn [26], focusing on the 

load-displacement behavior of reinforced concrete columns up to the point of shear failure. In this study, the shear capacity of the 

columns was evaluated using the proposed analytical model, which incorporates the governing equations, underlying assumptions, 
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and numerical implementation described in the preceding sections. The flexural response, on the other hand, was obtained through 

a moment–curvature analysis based on the lumped plastic hinge concept. This approach allows the nonlinear flexural behavior to 

be represented by concentrated rotation at the member ends, while maintaining linear elasticity along the remaining length. The 

resulting moment–curvature relationships were subsequently converted into load–displacement responses by defining the hinge 

locations and their corresponding rotational capacities. This combined modeling framework enables a consistent and accurate 

representation of both shear- and flexure-dominated behaviors in reinforced concrete columns. As shown in Fig. 8, the simulated 

load–displacement curves generated by the proposed model closely follow the experimental data across the entire range, from the 

initial elastic response to the post-peak behavior. This close agreement demonstrates the model’s capability to accurately capture 

key structural characteristics, including the initial stiffness, peak load, and post-peak ductility of the columns, which are critical for 

evaluating the performance of reinforced concrete members subjected to shear-dominated failure modes. Notably, while specimen 

2CMH18 exhibited a predominantly flexural failure mode in the experiments, the proposed model was still able to replicate its 

response with a high degree of accuracy. Specifically, the model successfully predicted the strength, the initial stiffness of the 

member, and its overall ductility, highlighting the robustness of the modeling approach in capturing both shear- and flexure-

dominated behaviors. By contrast, the Sezen and Moehle Jack [46] model provides a more conservative estimate of the experimental 

results. The predicted peak load is approximately 50% lower than the observed experimental values, and the location of failure is 

estimated within the elastic range of the load–displacement curve, rather than near the actual failure point observed in the 

experiments. This discrepancy indicates that, although the Sezen and Moehle Jack [46] model can offer a safe conservative 

assessment, it does not accurately capture the actual behavior of reinforced concrete columns under shear-dominated failure. Overall, 

the comparison highlights that the proposed model not only predicts the peak strength with higher accuracy but also provides a more 

realistic representation of the entire load–displacement response. This demonstrates the model’s effectiveness as a predictive tool 

for reinforced concrete columns, particularly in post-fire or retrofitted scenarios where accurate evaluation of both shear and flexural 

responses is essential for structural safety and reliability. 
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(e) (f) 

Fig. 8. Validation of the proposed ANN model against experimental load–displacement responses of RC columns [26]. 

4. Conclusion 

This study investigated the nonlinear flexural–shear behavior of reinforced concrete (RC) columns designed according to older 

seismic codes, which often exhibit insufficient shear capacity and are vulnerable to brittle shear or flexure–shear failures during 

seismic events. The key contributions and findings of this research are summarized below: 

• A comprehensive shear model was developed based on Mohr’s circle, incorporating both compressive and tensile principal 

stress surfaces. The model was further extended to capture the degradation of shear capacity as a function of flexural deformations 

through a displacement ductility-dependent parameter, enabling a more realistic representation of the shear behavior under seismic 

loading. 

• An artificial neural network (ANN) was trained using a database of 164 RC column specimens exhibiting shear or flexure–

shear failure modes. The ANN effectively learned the nonlinear interaction between geometric, material, and loading parameters, 

accurately predicting the principal tensile stress and shear strength. The model demonstrated high accuracy and uniformity across 

training, validation, and testing datasets. 

• When compared with existing analytical models available in the literature, the ANN-based model provided more consistent 

and reliable predictions of shear strength. Statistical analyses of mean values and coefficients of variation confirmed the superior 

performance of the proposed model in replicating experimental observations. 

Overall, the proposed framework, which combines analytical modeling with data-driven ANN approaches, provides a robust and 

accurate tool for predicting the nonlinear shear response of RC columns. This can support more reliable seismic assessment and 

retrofit strategies for existing structures designed according to outdated seismic codes. 
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