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Assessment of Progressive Collapse Resistance in Reinforced Con-
crete Structures Using Machine Learning Models

Evaluacion de la resistencia al colapso progresivo en estructuras de hormigoén ar-
mado mediante modelos de aprendizaje automatico

Efe Selman', Cagatay Berke Erdas’

ABSTRACT

Ensuring structural integrity in buildings and infrastructure under extreme loading conditions represents a pivotal challenge in modern civil engineering. Exposure
to natural disasters, accidental impacts, and deliberate attacks can resultin the application of unprecedented stresses, which may ultimately lead to progressive
collapse and catastrophic failures. While traditional analytical methods are reliable, they often prove inadequate in meeting the increasing demand for rapid and
accurate assessments in complex scenarios. However, recent advances in computational tools, particularly machine learning (ML), offer a new approach to
address these challenges. In this study, nonlinear static analyses of 250 reinforced concrete systems are conducted within pushdown procedures. Load factor
and vertical drift capacities of systems are obtained and accepted as target outputs for ML based predictions. By leveraging data-driven models, it becomes
possible to predict structural behavior under extreme conditions with greater precision and efficiency. This study builds on this emergingfield, aiming to provide
novel insights into collapse mechanisms and robustness through advanced machine learning techniques.

Keywords: progressive collapse, machine learning, reinforced concrete, nonlinear structural analysis

RESUMEN

Garantizar la integridad estructural de los edificios y las infraestructuras en condiciones de carga extremas representa un reto fundamental en la ingenieria civil
moderna. La exposicion de las estructuras a desastres naturales, impactos accidentales y ataques deliberados puede dar lugar a la aplicacion de tensiones sin
precedentes, que en ultima instancia pueden provocar un colapso progresivo y fallos catastréficos. Aunque los métodos analiti cos tradicionales son fiables, a
menudoresultan inadecuados parasatisfacer la creciente demanda de evaluaciones rapidas y precisas en escenarios complejos. Sin embargo, los recientes avances
en herramientas computacionales, en particular el aprendizaje automatico, ofrecen un nuevo enfoque para abordar estos retos. En este estudio, se llevan a cabo
analisis estaticos no lineales de 250 sistemas de hormigdn armado mediante procedimientos de empuje hacia abajo. El factor de carga y las capacidades de deriva
vertical de los sistemas se obtienen y aceptan como resultados objetivo para las predicciones basadas en técnicas de aprendizaje automatico. Al aprovechar los
modelos basados en datos, es posible predecir el comportamiento estructural en condiciones extremas con mayor precision y eficiencia. Este estudio se basa
en este campo emergente y tiene como objetivo proporcionar nuevos conocimientos sobre los mecanismos de colapsoy la robustez mediante técnicas avanzadas
de aprendizaje automatico.
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failure of individual elements. The concept of robustness is central
to various analysis frameworks and it is defined as the insensitivity
of a structural system local damage from extreme loads [1], [2],
[31 [4], [51, [6],[71, [8], [91, [101, [I 1], [12]. Deterministic redun-

Introduction dancy and reliability-based indices have been proposed to quantify

robustness, and linear or nonlinear analysis methodologies are ap-
Potential progressive collapse scenarios resulting from dispropor- plied to characterize the potentially disproportionate deformation
tionate failure consequences have received considerable attention geometries of systems under the remaining load-carrying capacity
in the specialized literature. The chain reaction mechanism leading [ [2].

to structural failure propagates due to the nonproportional local
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Artificial intelligence (Al) applications have demonstrated strong
performance in estimating structural response parameters and ul-
timate capacity in structural engineering. However, research on
progressive collapse assessment using Al applications based on
machine learning (ML) or deep learning (DL) models remains lim-
ited in scope and has not thoroughly addressed structural plasticity
aspects. Although several attempts have been made [13], [14],
[15], [16], [17], [18], the need for practical and effective assess-
ments methods that explicitly account for the plastic mechanical
behavior of systems remains unmet.

A review of existing literature reveals that a relatively small body
of work addresses the identification of progressive collapse pa-
rameters using ML and DL applications, in contrast to the substan-
tially larger volume of studies on Al methods applied to general
structural and seismic performance parameters. Numerous appli-
cations exist for predicting structural stiffness parameters, and re-
alistic performance curves, including force-deformation, shear-top
displacement, and pushover curves, have been successfully esti-
mated with ML algorithms. For example, base shear and corre-
sponding lateral displacement values have been predicted usingin-
puts such as spectral acceleration, natural period [17], [18], mate-
rial and geometric properties [19], [20], [21], [22], [23], and non-
linear mechanical parameters [12], [20]. In the study by Hwang et
al. [20], a pushover curve comprising up to 100 points was repro-
duced with a high degree of agreement with analytical results. The
most preferred ML techniques in this domain include artificial neu-
ral network (ANN), random forest (RF), k-nearest neighbor algo-
rithm (kNN), Naive Bayes, relevance vector machine (RVM) and
support vector machine (SVM). Prominent studies have also ad-
dressed the estimation of structural robustness and progressive
collapse resistance, with the most frequently employed techniques
being kNN, extreme gradient boosting (XGBoost), back propaga-
tion neural network (BPNN), and one-dimensional convolutional
neural network (1D-CNN) [13], [14], [15], [24], [25], [26], [27],
[28], [29], [30]. Inputs are generally drawn from material and ge-
ometrical properties, vertical period (Tv), and force- and defor-
mation-based capacity parameters of cross-sections [13], [I5],
[24], [25], [26],[27], [28], [29], [30]. Close predictions have been
reported for the dynamic increase factor [I6], failure load levels
[13], [16],[24], [29], failure modes [26], and ultimate progressive
collapse resistance. It has been noted that the predictive reliability
is higher when deformation-based input parameters are employed.
Collectively, these studies demonstrate the effectiveness of ML al-
gorithms are well suited to capturing both regimes, and structura
optimization can be guided directly by nonlinearity parameters
such as the deformation capacity of member ends [15], [26], [27],
[28], [29], [30]. The transition from compressive arch action to
tensile catenary action is the primary mechanism complicating the
progressive collapse behavior of structural elements. ML algo-
rithms are well suited to capturing the nonlinear characteristics of
both regimes, enabling structural optimization to be guided di-
rectly by plasticity-based parameters such as deformation capacity
of ends [15], [27], [28].

To date, only a limited number of ML-based studies have ad-
dressed the progressive collapse resistance of systems, and exist-
ing investigations do not incorporate the full set of nonlinear me-
chanical parameters of elements alongside system-level geometric
characteristics. This study aims to accurately estimate the progres-
sive collapse resistance of systems by providing an alternative pro-
cedure through an efficient implementation of ML algorithms.

The importance and originality of this study lie in its systematic
exploration of the applicability of ML algorithms trained on non-
linear mechanical parameters for progressive collapse

performance assessment. As noted above, the majority of prior
studies have relied on linear performance parameters or have cre-
ated ML models with a large number of output performance pa-
rameters. In contrast, the present study examines the relation-
ships among dominant nonlinear performance parameters and
evaluates the applicability of ML algorithms without requiring any
additional structural analyses beyond those used to generate the
training dataset..

Within this framework, the variations in force-deformation and
moment versus rotation responses of elements in the vicinity of
the removed column are the focal quantities of interest. Instead of
performing time-consuming and complex analytical procedures in
progressive collapse evaluations, the ML algorithms developed
herein offer the opportunity to gain practicality and accurate re-
sults about robustness of elements. This approach enables the
rapid evaluation of a large body of structural systems in the se-
lected microregion and facilitates the effective integration of pro-
gressive collapse mitigation strategies into design practice. Specif-
ically, this paper aims to estimate the load factors and vertical drift
values by feeding regression-based ML models with a purpose-built
progressive collapse dataset. The paper is organized into four sec-
tions: Section | provides the introduction; Section ii covers data
generation, analysis details, and ML algorithm details; Section IlI
presents and discusses the results of the procedure; and Section
IV states the conclusions.

Methodology
Progressive collapse analysis and data generation

Nonlinear static analysis was performed in this study to obtain
practical performance parameters, most notably the load factor
(LF), which directly characterizes the progressive collapse re-
sistance of structural systems, enabling ML algorithms to predict
these quantities. In this framework, the progressive collapse per-
formances of 250 reinforced concrete (RC) framed systems was
evaluated through nonlinear static (pushdown) analysis in SAP2000
[31] under a corner column removal scenario at the first story.

Characteristic compressive strengths of concrete were varied be-
tween 30 to 50 MPa for each system, Fig. | shows the constitutive
stress-strain relationships of concrete and reinforcing steel
adopted in accordance with TS500 [32], ACI 318-19 [33] and
Turkish seismic code (TSC-2018) [34].

For the compressive behavior of concrete, the Mander-Priestley-
Park model was adopted in the context of the main codes [32],
[33], [34]. For unconfined concrete, the peak of the stress-strain
curveoccursat a stress equal to the unconfined cylinder compres-
sive strength, with the corresponding strain taken to be 0.2%. The
curve parameters are calculated from Equations (1), (2), (3) and
(4). In these expressions, fc denotes characteristic compressive
strength of concrete, fc is the compressive stress at any point on
the curve, &cis the compressive strain at any point, and & is the
peak compressive strain of the confined concrete. The subscript ¢
denotes the confined model, while 0 denotes the unconfined con-
dition, so that €« is equal to 0.2%. (1) is valid up to 2&c, beyond
which the curve descends linearly to the spalling strain of 0.5%. Ec
and Esec are the tangent and secant elastic moduli of concrete, re-
spectively.
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Fig. |. Stress-strain relationships of concrete and reinforcement.
Source: Turkish seismic code (TSC-2018) [34].
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For the tensile behavior of concrete, Chang-Mander model [32],
[33], [34] was employed. In (5), f: denotes tensile strength of con-
crete while f; is tensile stress at any point. The parameters n, x,
and rare dimensionless ratios defined by (6) and (7). E:is the ten-
sile elastic modulus of concrete. € is the compressive strain at any
point, and &ris the compressive strain corresponding to the tensile

strength of concrete. The empirical constant r is recommended as
4 [33], [34].
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For the tensile and compressive stress-strain behavior of reinforc-
ing steel, the Chang-Mander model [32], [33], [34] was imple-
mented. The governing relationships are given in (8), (9), and (10),
where f; is the stress at any point of the rebar curve, fw is the
ultimate stress, fsy is the yield stress, & is the strain at any point,
€su is the ultimate (peak) strain, €sy is the strain at the onset of the
yield plateau, &snis the strain at the end of the yield plateau prior
to strain hardening, and E;s is the elastic modulus of steel.

fi=Eses &, <z, (8)
i=Ffy &,S¢&, <S¢, 9)
2
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The geometric layout of the structural systems is illustrated in Fig.
2. The framed systems consist of 5 to 7 bays in the x-direction, 5
to 8 bays in the y-direction, and 5 to |0 stories, with a uniform
story height of 3 m. Columns cross-sections are 800 x 800 mm
and beam cross-sections are 500 x 500 mm throughout. The lon-
gitudinal rebar ratio of columns ranges from 0.03 to 0.04, while
that of beams is fixed at 0.018. The transverse reinforcement ratio
is 8 x 10-3 for all members. The slab thickness is 18 cm, with a
volumetric reinforcement ratio of 0.015. An equivalent viscous
damping ratio of 5% was assumed throughout the analysis.

The collapse scenario for all systems consists of the removal of
the corner column at the first story, as indicated by the dashed
circle in Fig. 2. The LF of each system is obtained as a function of
the final vertical drift at the location of the removed column. The
load factor is the ratio of the applied load to the GSA load combi-
nation of 2(D + 0.25L) [1], [2, where D and L denote dead and live
loads, respectively .The vertical drift 6, is defined as the ratio of
the relative vertical displacementbetween the end points of beams
in the vicinity of the removed column to the span length. All anal-
yses were conducted under displacement control, with structural
instability serving as the main control criteria. The target vertical
displacement value is 2.5% of the total building, as recommended

in [17, [2]-

In the pushdown analyses, M3 flexural hinges were assigned to
beams, while PM2M3 interacting axial-flexural hinges were as-
signed to columns and shear walls. The nonlinearity hinge proper-
ties adopted in this study are illustrated in Fig. 3. For beams con-
trolled by flexure [35], with no compression rebar, the moment-
rotation parameters are a = 0.02, b = 0.04, ¢ = 0.2, with perfor-
mance levels defined as: Immediate occupancy (IO) = 0.005 rad,,
life safety (LS) =0.01 rad, and collapse prevention (CP) = 0.02 rad.
For columns controlled by flexure [35], with no compression re-
bar, the corresponding parameters are a =0.015,b = 0.025,and ¢
= 0.2, with 1O = 0.003 rad, LS = 0.012 rad, and CP = 0.015 rad.
Using concentrated plasticity approach, plastic hinges are located
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at the initial and end points of elements of all beam and column
elements.
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Fig. 2. Schematic layout of framed structural systems.
Source: Author.
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Figure 3. Nonlinearity relationships of hinging.
Source: Authors.

Accordingto FEMA-356 [35],a plastic hinge length equal to half of
the section depth is an acceptable approximation in the direction
of loading, and this recommendation was adapted in the present
study. Based on the plane-section hypothesis, the yield curvature

@, is determined from (11).

— _&s
0y = 3 (I
where & is the yield strain of the tensile longitudinal reinforce-
ment, d is the distance from tensile longitudinal reinforcement to
the extreme compression fiber, and ¢, is the distance from the
neutral axis to the extreme compression fiber at the yield level.
The yield rotation Uy is derived from the yield curvature as shown
in Fig. 4. The ultimate curvature ¢, ultimate rotation 9 yield de-
formation Ay, and plastic deformation Ap are the main parameters
of this relationship. The XTRACT program [36] was utilized to
determine moment-rotation relationships of members, from
which moment-curvature relationships are derived and incorpo-
rated into the hinge properties in SAP2000 [3 |]. For columns, the
yield and ultimate moment values were updated using the three-
dimensional interaction surface for the columnsin SAP2000 [31].

— |ldealized Elastic
Curvature

B, =1/2%¢,*L

—¢) L

-

| dealized
Plastic

Figure 4. The schematic lay-out of framed structural systems
Source: [37]

Based on the fundamental characteristics of progressive collapse
RC structures, the inputs variables are divided into two groups:
descriptive parameters and primary nonlinear collapse parame-
ters. Descriptive inputs include the number of bays and bay lengths
in both x and y directions (nx ny, I ), total building height (H),
ultimate strength of concrete (fcs), and longitudinal reinforcement
ratio of column (pic). The statistical properties of all inputand out-
put parameters of 250 building systems are listed in Table |. Ran-
dom sampling was employed to ensure representative coverage of
realistic building configurations. The input parameters are within a
certain range which allows variable output values. The complete
analysis workflow is summarized schematically in Fig. 5.

The nonlinear collapse inputs reflect the highly nonlinear nature
of progressive collapse behavior and include: maximum moment
capacity (M), maximum force capacity (Qi), residual moment
(M2), residual force (Qz), deformation corresponding to the maxi-
mum force capacity (4/), ultimate deformation (4z), rotation cor-
responding to the maximum moment capacity (), ultimate rota-
tion (¥2), and the first-mode vertical vibration period (T,). The
main collapse parameters are read from the base section of the
first story columns adjacent to the removed corner column, with
maximum values recorded for each system, as listed in Table I.
The output variables are the load factor (LF) and the correspond-
ing vertical drifts (6v) both obtained from the nonlinear static anal-
ysis in SAP2000 [31].

The correlation matrix of the complete dataset is presentedin Fig.
6. The color gradation ranges from green (negative correlation) to
purple (positive correlation), with white indicating negligible linear
dependence between the variables. The heatmap confirms that
both outputvariables are correlated with all inputvariables to var-
ying degrees. The inherently complex nature of LF prevents uni-
formly strong correlations across all parameters; however, LF
shows medium strong correlation with the nonlinear parameters
as Mj, Mz, 8, Qi, Qz, A1 and Az. The dominant trend indicates that
LF increases as the maximum moment capacity of column ends
(M), increases, consistent with a compressivearch collapse mech-
anism. The rotation capacity at maximum moment (6; ) shows a
weak correlation with LF. As rotations increase beyond the peak
moment, the collapse mechanism transitions to tensile catenary
action in certain elements; consequently, a positive collinearity is
observed between the residual moment (Mz) and LF, though at a
lower magnitude than between M; and LF. As expected, the ulti-
mate rotation capacity () is positively associated with LF. For
vertical drift, correlations are generally low at early load stages but
strengthen significantly beyond force and moment capacity values,
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vertical drift become strongly linked to the residual moment and
shear capacities (M2 and Q2) where the positive collinearity can be
adequately seen. This trend is also reflected in the corresponding
rotation and deformation variables (42 and &), which exhibit the

highest positive correlation coefficients, reaching approximately
0.8.

Step 1: Nonlinear static analysis of systems in SAP2000,

’7 LF-vertical drift curves

Step 2: Input and output variables: Dataset generation

Step 3: Application of ML methods: Training and testing
set generation

Step 4: Hyperparameter optimization

7 [

’7 Step 3: Prediction of outputs by ML methods

Step 6: Comparison between outputs obtained from
’7_ nonlinear static analysis and ML methods

Figure 5. Workflow for progressive collapse model generation.
Source: Authors.

The first-mode vertical period (Ty) has limited influence on LF and
6v; however, weak negative correlations are consistently observed
at the lower degrees. Regarding the quantity of bays and bay
lengths, the increase in the number of bays in either direction (nx
and ny) generally promotes higher LF values, since greater struc-
tural redundancy enhances progressive collapse resistance. The
range of n,,(5 to 8) is wider than that of n,(5 to 7), which intro-
duces additional plan asymmetry; consequently, the beneficial ef-
fect of redundancy on LF is more clearly reflected in the y-direc-
tion. The vertical drift §,, shows a weak negative correlation with
the number of bays in both directions, indicating that improved
redundancy slightly decreases vertical drift values. Conversely,
longer bay spans in both directions (Ixand I;) have a negative impact
on the progressive collapse resistance, yielding negative correla-
tions with LF and positive correlations with &, at the medium lev-
els.

Table |. Dataset statistics

Min. Max. Mean Std.
nx 5 7 533 0.65
ny 5 8 6.125 0.93
I (cm) 400 450 418.6 18.32
Iy (cm) 400 700 550 89.62
plc 0.02 0.04 0.0302 0.005
H (cm) 1500 3100 2330 653.88
fes (MPa) 30 50 42 7.18
Mi 0.0135 0.027 0.0189 0.0024
bl 0.002016 0.0225 0.00346 0.00361
M: 0.01 0.0918 0.01828 0.00733
92 0.01 0.0341 0.01896 0.0046
Qi 0.42 1.08 0.687 0.13
Al 0.58 1.26 0.89 0.15

Q2 0.02 0.89 0.45 0.294
A2 0.399 1.28 0.84 0.19
Tv(s) 0.06 0.226 0.159 0.055
LF 0.892 1.122 0.995 0.068
bv 0.11 0.16 0.139 0.0136

Source: Authors

The total height of systems (H) presents an interesting dual effect:
as H increases, the self-weight of the structure increases and pro-
gressive collapse resistance is negatively affected; however, the
number of stories and the associated structural redundancy sim-
ultaneously increase. All adverse effects combined, the redun-
dancy development become dominant for this dataset and the to-
tal height (H) positively correlates with LF at the lower levels, but
the vertical drift rises dramatically up due to the increase of the
total weight with a high degree of correlation. Parameters that
enhance both robustness and general structural performance —
namely concrete grade (f;;) and longitudinal reinforcement ratio
(pic) — vyield favorable robustness characteristics. The medium
strong correlation is achieved due to the multiparameter interac-
tion during the collapse, yet the tendency confirms that higher
concrete grades desirable and reinforcement rations produce
more favorable LF values and reduced vertical drifts.

Unlike other studies, the present study aims to accurately predict
structural performance using ML algorithms trained on non-linear
mechanical parameters, rather than conducting time-consuming
analyses.

Machine learning methods

Determining the collapse resistance of structural systems sub-
jected to extreme loading conditions was formulated as a regres-
sion problem within the field of machine learning. Geometric and
nonlinear collapse properties served as predictive inputs for
model training, with the objective of accurately predicting struc-
tural behavior under load and effectively assessing the durability of
systems.

The random forest (RF) algorithm is a powerful and flexible ma-
chinelearning techniquethatis frequently employed in the context
of data classification and regression problems. This method gener-
ates multiple decision trees and aggregates the independent pre-
dictions of each tree to generate a final prediction. The simultane-
ous application of random sampling and feature selection at each
split renders the model resistant to over-learning while concomi-
tantly enhancing its generalization capacity.

The k-nearest neighbor (kNN) algorithm is a parsimonious and
intuitive approach employed in classification and regression prob-
lems. A prediction is made by identifying the k nearest training
samples in the feature space and aggregating their target values.
The calculation of the neighborhood distance is typically per-
formed using metrics such as Euclidean, Manhattan, or Minkowski
distance. While kNN is distinguished by its transparency, straight-
forward applicability, and explanatory structure, particularly in
data-intensive domains, its predictive performance can degrade in
high-dimensional datasets, being a potential drawback of the algo-
rithm.
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Figure 6. Correlation matrix of parameters in datasets.
Source: Authors.

The decision tree (DT) model is a machine learning algorithm that
is widely used in the context of classification and regression prob-
lems. The model recursively partitions the dataset using a tree
structure comprising decision points and performs the prediction
operation on these partitions. Each node decides based on a fea-
ture, while branches represent possible outcomes and leaf nodes
contain the predicted outcome. Decision trees provide an intuitive
understanding and can be easily interpreted due to their visualiza-
ble structure.However, they are prone to overfittingand are thus
usually supported by hyperparameter optimization or pruning
methods.

Experimental setup and evaluation metrics

In all experiments that employed random forest and decision tree
methods, the optimal features were identified as the basis for split-
ting, with entropy used for classification and MSE for regression as
the feature selection metric. The maximum depth of the trees was
unrestricted. For kNN, the number of neighbors was set to k =
3 with the Manhattan distance metric. In the Bayesian Ridge
model, optimization was performed over a maximum of 300 iter-
ations with a convergencetolerance of | e-3;a Gamma distribution
was utilized for the a and A parameters, with the hyperparameters
set at |e-6, respectively. The model was trained to include the
intercept term, and the data were not normalized. For the Gradi-
ent Boosting Regressor, MSE was adopted as the loss function, the
learning rate was fixed at 0.1, the model incorporated a maximum
of 100 trees, with a maximum depth of 3 for each tree, and a min-
imum of | sample was required for each leaf node; all features
were considered, and no seed value was designated for random-
ness. In all experiments, a k-fold cross-validation procedure was
applied. This entailed the division of the dataset into k randomly

selected parts, with each part subsequently separated for testing
while the remaining parts were used in the training phase. This
process was repeated k times [38]. The evaluation criteria em-
ployed to assess the regression performance of the models were
the correlation coefficient (R), coefficient of determination (R?),
Mean Absolute Error (MAE), Median Absolute Error (MedAE),and
Mean Squared Error (MSE) [39].

The Bayesian Ridge regression model applies Bayes' theorem to
the linear regression problem by integrating an L2 regularization
term with probability distributions over the model parameters,
yielding stable and well-regularized estimates. The model offers
effective results, particularly in datasets comprisinga limited num-
ber of samples or exhibiting multiple linear dependencies. Hy-
perparameters are optimized automatically during training to pre-
vent overfitting, and the probabilistic formulation provides uncer-
tainty estimates alongside point predictions.

The gradient boosting regressor (GBR) is a ML algorithm in which
weak learners (typically decision trees) are trained sequentially,
with each stage aiming to reducethe errors of the previous model.
Each weak learner is trained based on its error gradient, resulting
in a strong ensemble model that exhibits high accuracy and gener-
alization ability. Regularization through shrinkage (learning rate)
and subsampling further mitigates overfitting, making GBR partic-
ularly effective for complex data structures and variable relation-
ships.

The correlation coefficient (R) quantifies the linear agreement be-
tween predicted values (X) and ground-truth values (Y) and is de-
fined in (12), where Cov(X,Y) is the covariance between pre-
dicted and true variables, and g, and 0, are their respective
standards. The coefficient of determination (R?) is analogous to R,
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measuring the explanatory power of a model. However, it offers
a more balanced assessmentby penalizing model complexity. Mean
absolute error (MAE) represents the average of the prediction er-
rors, with lower values indicating superior performance,and is de-
fined in Equation (13),where %, and y; predicted and actual values,
respectively, and nis the number of samples.

_ Cov(X)Y)
R=="— p (12)
1 ~
MAE = ;Z};llyi -3l (13)

The MedAE provides the median of the prediction errors, offering
robustness to outliers, while MSE calculates the mean of the
squares of the errors, and thus penalizes large errors more. Equa-
tion (14)illustrates the MedAE formulation, whereas Equation (15)
depicts the MSE formulation.

MedAE = (ly; — %1) (14)
MSE = Z1L, (i — 52 (15)

Results and discussions

The results obtained from both nonlinear static analysis and the
ML models are discussed below, with primary emphasis on the
role of plastic hinge nonlinearity parameters (M-9 and Q-A) in gov-
erning progressive collapse resistance.

The lateral restraints provided by adjacent structural elements en-
sure compressive arch mechanism which induces compression at
the ends, and this provides additional vertical load capacity at the
lower load stages. The flexural and compressive arching capacities
are surely influenced by the moment capacity and total curvature
characteristics of elements. As long as the vertical deflection at
one end of an element remains below the section depth, higher
ultimate moment capacity and satisfying corresponding rotation
values lead to robust systems which have greater LF. Under com-
pressive arch action, elements with greater moment capacity at
their ends are more effective in redistributing and sustaining lowe
displacement values of the element ends. Therefore, LF can be
closely related to the ultimate moment capacity particularly for
systems which go through compressive arch mechanism.

When the lateral restraints at element ends develop tensile forces
and the vertical deflection at one end exceeds the section depth,
the major parameters become the ultimate rotation and the re-
sidual moment capacity. The greater ultimate rotation capacity of
beam ends creates additional capacity to the elements to cope
with increasing vertical displacement values. Accordingly, the ulti-
mate rotation capacity of member ends with corresponding resid-
ual moment capacity positively support LF and &, while the tensile
catenary mechanism is active.

The axial load-carrying of a member is directly related to the
length of plastic hingingzone, and the axial load level increases the
plastic hinge length of columns regardless of whether compressive
arch or tensile catenary is the active mechanism. Axial strain con-
centrated on the damaged zones can be effectively controlled by

the axial elongation capacity of members. More strong axial capac-
ity values minimize plastic curvature values arranging plastic defor-
mation distribution and positively contribute to the robustness of
elements. The obtained outputs prove it by the strong collinearity
between (F-A) and LF and vertical §,,.

Five ML regression models — random forest (RF), kNN, decision
tree (DT), Bayesian Ridge (BR), and gradient boosting regressor
(GBR) — were evaluated for the prediction of LF and §,, which
are the two primary progressive collapse performance parame-
ters. In this context, the regression performance obtained for the
LF problem with the models is shown in Table 2, while the results
obtained for drift are given in Table 3.

Table 2. Regression results for LF

R R2 MAE MedAE |MSE
Random Forest 0.9925 [0.9850 |(0.0046 (0.0018 (0.0477
kNN 0.8796 |0.7737 |0.0780 (0.0634 (0.0847
Decision Tree 0.9929 |0.9859 |0.0036 (0.0010 (0.0448
Bayesian Ridge 0.9674 0.9359 |0.0127 (0.0299 (0.0603
Gradient Boosting Regressor|0.9905 |0.9810 |0.0061 (0.0033 |0.0522

Source: Authors

Table 3. Regression results for vertical drift

R R2 MAE MedAE |MSE
Random Forest 0.9932 |0.9864 |(0.0008 (0.0002 |0.0063
kNN 0.9458 |0.8946 (0.0032 (0.0033 [0.0132
Decision Tree 0.9875 |0.9359 |(0.0008 (0.0014 (0.0115
Bayesian Ridge 0.9565 [0.9149 |0.0032 (0.0031 (0.0107
Gradient Boosting Regressor(0.9942 10.9884 |0.0008 (0.0004 |0.0045

Source: Authors

Table 2 illustrates the performance of various machine learning
algorithms in regression tasks for estimating the LF value. The de-
cision tree and random forest models were identified as the most
successful in predicting the target variable, exhibiting the highest R
(0.9929 and 0.9925) and R? (0.9859 and 0.9850) values. These
models also demonstrate that errors are minimized at both the
general level and in the median context, with low MAE and MedAE
values; nevertheless, the gradient boosting regressor exhibited a
marginally superior outcome in terms of the MSE value. The kNN
and Bayesian Ridge algorithms demonstrated comparatively dimin-
ished performance. Although kNN exhibits relatively inferior per-
formance about R (0.8796) and R2 (0.7737) values, it also displays
higher values in error metrics than other models. Similarly, the
Bayesian Ridge model demonstrated success regarding R (0.9674)
and R2 (0.9359) but was consistently outperformed by the ensem-
ble-based methods. In general, random forest and gradient boost-
ing regressor were identified as the most effective options for re-
gression problems, with high accuracy and low error metrics.
While other algorithms may be preferred in certain cases, the suc-
cess of these two models is evident.

Table 3 presents the results obtained for the estimation of the
drift value. In this context, the gradient boosting regressor and
random forest models have the highest accuracy for §,, prediction,
with R values of 0.9942 and 0.9932 and R? values of 0.9884 and
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0.9864, respectively. Both models demonstrated an ability to min-
imize errors, as evidenced by their low MAE and MedAE values.
Although the decision tree model yielded slightly lower R and R2
values (0.9875 and 0.9359) in comparison to the other models, it
merits attention due to its exceptionally low MSE value. This indi-
cates that the margin of error in the model's estimates is remark-
ably minimal. The kNN model again produced the lowest (0.9458
and 0.8946) in comparison to the other models. Overall, the gra-
dient boosting regressor and random forest models yielded the
most favorable results, while the decision tree model demon-
strated notable success with its exceptionally low error values.

Conclusions

This study has identified any successful predictive models using ML
approaches to effectively and practically assess the progressive
collapse resistance parameters of systems which are LF and verti-
cal drift values. Nonlinear static pushdown analyses were con-
ducted in a displacement-controlled manner for 250 reinforced
concrete framed systems. For the quantitative assessment of the
robustness for resisting progressive collapse of systems, load fac-
tors and correspondingvertical drifts are obtained for each system
and accepted as main outputs for ML algorithms. The inputs con-
sist of main structural and nonlinear plastic hinging parameters as
unfavorable force-deformation and moment-rotation relationships
of endsin the removed element region. Unlike many prior studies,
this work has accurately examined the role of effective nonlinear
performance parameters on structural behavior and demon-
strated the applicability of ML algorithms across a borad range of
system configurations, entirely bypassing the need for repeated
time-consuming structural analysis methods.

Among the five models evaluated, ensemble-based methods (ran-
dom forest and gradient boosting regressor) exhibiting superior
performance compared to other techniques. The results demon-
strate the effectiveness of ML in estimating collapse resistance and
drift values, offering a significant reduction in computational effort
compared to traditional methods. The incorporation of nonlinear
mechanical parameters into the models was shown to enhance
their predictive power.

This study successfully integrates ML techniques into the evalua-
tion of progressive collapse resistance in RC structures. By lever-
aging ML, engineers can efficiently predict critical parameters, fa-
cilitating risk mitigation strategies. Future work will expand the
dataset and explore the integration of additional structural param-
eters.
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