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Abstract: A significant challenge in probabilistic seismic demand analysis lies in selecting
appropriate intensity measures and investigating their relationships with demand param-
eters to ensure accurate seismic fragility predictions. A single ground motion intensity
measure is insufficient to capture the complex characteristics of ground motion, leading
researchers to focus on compound intensity measures. It is essential to investigate the
selection of ground motion features and the number of features included in the construction
of compound intensity measures, as these measures cannot comprise an unlimited set of
ground motion features. This study focused on machine learning feature selection meth-
ods to select ground motion features for compound intensity measures, utilizing mutual
information for feature selection. Considering the symmetry and asymmetry requirements
of this process, optimized features were selected. Based on the selected features, the com-
pound ground motion intensity measure was constructed to evaluate structural seismic
fragility. The compound ground motion intensity measure was evaluated against scalar
intensity measure in terms of correlation, efficiency, practicality, proficiency, and sufficiency.
A comprehensive comparative analysis demonstrates the applicability of the compound
intensity measure. The study’s findings support fragility analysis and performance evalua-
tion using compound intensity measures. The corresponding results can be applied in the
risk analysis aspect of performance-based earthquake engineering.

Keywords: fragility analysis; compound intensity measure; feature selection; mutual
information; frame structures

1. Introduction
Asymmetric models break through the limitations of traditional symmetric models

(e.g., normal distributions) on symmetry assumptions by introducing asymmetric structures
(e.g., bias, tail differences, or parameter designs), enabling them to more flexibly describe
biased data, extreme events, and tail risks prevalent in the real world. As an important
representative of asymmetric models, the lognormal distribution is widely used in the
fields of reliability analysis, risk assessment, and signal processing.

Performance-based earthquake engineering (PBEE) is primarily used to assist in the
completion of seismic design and performance evaluation tasks pertaining to structure. In
the PBEE framework, precise earthquake damage estimation and prediction are essential
for the seismic performance of structures [1]. Seismic fragility analysis serves as the core

Symmetry 2025, 17, 699 https://doi.org/10.3390/sym17050699

https://doi.org/10.3390/sym17050699
https://doi.org/10.3390/sym17050699
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/symmetry
https://www.mdpi.com
https://orcid.org/0000-0002-9406-0965
https://orcid.org/0000-0002-7526-0558
https://doi.org/10.3390/sym17050699
https://www.mdpi.com/article/10.3390/sym17050699?type=check_update&version=2


Symmetry 2025, 17, 699 2 of 26

step in PBEE. It mainly estimates the conditional probability that structural damage reaches
or exceeds at a certain failure state under given ground motion intensity conditions [2,3].
The probabilistic seismic demand model (PSDM) effectively characterizes the relation-
ship between ground motion intensity measures (IMs) and seismic engineering demand
parameters (EDPs) within the framework of seismic fragility analysis.

The appropriate intensity measure (IM) shows a good correlation with EDPs to estab-
lish the relationship between IMs and EDPs. The accuracy of structural damage prediction
with high confidence in the PSDM and seismic fragility analysis is improved by a suitable
IM. An important aspect of the PSDM is the selection of a suitable IM to ensure accurate
prediction of EDPs [4,5]. Hence, choosing preferable IMs for ground motions (GMs) has
received widespread attention.

To determine optimal ground motion IMs, a large number of prior studies have been
conducted in recent years about correlations between EDPs (obtained with nonlinear
structural analysis) and IMs [6–8]. Numerous IMs have been proposed by researchers.
These IMs can be classified into structure-specific and non-specific ones. Structure-related
IMs uses structure-specific parameters to capture ground motion characteristics, while
non-structure-specific IMs are obtained through direct time history recording [9], such as
Peak Ground Acceleration (PGA), Peak Ground Velocity (PGV), and so on. PGA and PGV
are commonly employed as available IMs owing to their ease of use and accessibility for
seismic design and structural damage estimation [10]. Yet, PGA is not always the optimal
ground motion IM, particularly in medium- and long-period structures, which may not
adequately represent structural seismic performance [11]. In general, spectral acceleration
at the fundamental period Sa(T1) is more efficient than PGA, since it can better capture the
features of ground motion for evaluating structural responses [12].

However, some studies have shown that Sa(T1) may not be an especially effective or
appropriate predictor in some situations, such as near-fault ground motions or long-period
structures [13]. Eads et al. [14] investigated the use of the geometric mean of spectral
acceleration over a certain period interval (Saavg) as an intensity measure (IM) to estimate
structural collapse risk. It was shown that Saavg computed using an appropriate period
range usually obtains more efficient and stable risk estimation results compared to Sa(T1).
Similarly, Adam et al. [15] revealed that dispersion is minimized or nearly minimized when
using Saavg to estimate collapse risk.

Only considering a single ground motion IM may not encapsulate sufficient informa-
tion of ground motions due to the complexity of earthquake ground motions, leading to
biased estimation [16,17]. In order to more comprehensively capture the characteristics of
ground motion, researchers have developed vector IMs. Single-parameter IMs are referred
to as scaler IMs, whereas vector IMs are IMs with several parameters that represent various
characteristics of ground motions [18,19].

Previous research has demonstrated that vector IM can decrease uncertainty in proba-
bilistic seismic demand analysis and increase the efficiency of structure response estima-
tion [20,21]. Kohrangi et al. [22] employed vector and scalar IMs in the response assessment
and the selection of seismic records using conditional spectrum selection, concluding that
the risk estimation and fragility analysis for vector IM is more accurate. Bojórquez et al. [23]
examined the seismic fragility of steel frame structures using vector parameters. The out-
come demonstrated that the vector value IM-based spectral shape is the most representative
parameter in the estimation of response and demand. More ground motion features are
captured and structural response is more precisely estimated by vector-valued IMs with
two parameters than by scalar-valued IMs.

Although researchers have proposed vector IMs to facilitate more accurate structural
demand analysis, there are still a lot of works to propose more novel IMs to capture more
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features of ground motion within the seismic performance assessment framework [24]. In
recent years, researchers have developed a large number of compound IMs to comprehen-
sively reflect more ground motion features, some of which incorporate the contribution of
higher modes [13,17]. Pinzón et al. [25] proposed a new IM based on PGV and significant
duration (between 5 and 95% of the Arias intensity) as variables, which are highly correlated
with the maximum inter-story drift ratio (MIDR) in steel frame buildings. Furthermore,
Liu et al. [26] proposed a compound IM by using the typical correlation analysis CCA
method to evaluate the structural performance. Liu et al. [27] developed a compound IM
for assessing structural damage by extracting the main factors and linearly combining them
using the exploratory factor analysis (EFA) approach. Liu et al. [28] developed a compound
IM to perform probabilistic seismic demand analysis by establishing a multiple regression
model employing the partial least squares method. Similarly, Sun [29] et al. and Chen
et al. [30] also developed a compound IM using the least squares approach to evaluate
the seismic performance of cross-fault hydraulic tunnels and obtain the severest design
ground motion of underground buildings, respectively. Wang et al. [31] applied a machine
learning approach to establish a probabilistic demand model considering multiple IMs for
fragility assessment of nuclear power plants. In summary, these investigations collectively
demonstrate that the compound IM effectively integrates various aspects of ground motion
features, exhibits a strong correlation with EDPs, and is well suited for fragility analysis.

It is essential to investigate the selection of ground motion features and determine
the appropriate number of features to be included in the construction of a compound
intensity measure, as the measure cannot indefinitely incorporate ground motion features.
In this paper, we refer to the feature selection method of machine learning to select ground
motion feature parameters for compound IMs. Firstly, a structural model is established,
the ground motion record set is chosen as the input, and a series of nonlinear time history
analyses are carried out to obtain the structural response. Then, feature selection using the
mutual information method is performed to construct a compound IM of ground motion
for evaluating structural performance. Finally, the compound IM of ground motion is
compared and evaluated from the perspective of efficiency, proficiency, and adequacy.
The common single IM and the proposed compound IM are compared and analyzed
in many aspects to further reveal the applicability of the compound IM. The results of
this study contribute to seismic fragility analysis and performance evaluation based on
compound IMs.

2. Compound IM Construction of Ground Motion
2.1. Candidate IMs

Optimal intensity measures should capture ground motion features and have a strong
correlation with structural damage. Therefore, the selection of optimal intensity measures
is crucial to reduce the estimation bias of EDPs and improve seismic fragility analysis and
performance evaluation. Each single IM provides a part of the ground motion features.
Structural seismic damage can be precisely and efficiently assessed by combining a number
of useful features of ground motions. In order to make the compound IM capture the fea-
tures of ground motion as comprehensively as possible, it is necessary to propose sufficient
ground motion intensity measures. A considerable number of intensity measures have been
proposed, which can be used as candidate parameters for the compound IM. According to
the features of ground motion, these candidate intensity measures can be classified into
four categories: duration, spectrum, amplitude, and integral type. Integration-type IMs are
time integrations over one or more of the preceding intensity measure categories, such as
CAV MIV, etc. Information about these candidate intensity measures is shown in Table 1.
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Table 1. Candidate IMs in the present study.

No. IM Expression Unit Ref. No. IM Expression Unit Ref.

1 Uniform
_Dur

t2 − t1;
..
ug(t) ≥

0.05g(t1 ≤ t ≤ t2)
s [32] 14 Sv(T1) Sv(T1, ξ) m/s [12]

2 Bracketed
_Dur

tlast
( ..
ug(t) ≥ 0.05g

)
−

tfirst
( ..
ug(t) ≥ 0.05g

) s [32] 15 Sd(T1) Sd(T1, ξ) m [12]

3 AI π
2g

∫ D f
0

[ ..
ug(t)

]2dt m/s [33] 16 SaN Sa(T1)/PGA — [34]

4 CAV
∫ D f

0

∣∣ ..
ug(t)

∣∣dt m/s [35] 17 Saavg(T1)
∑n

i=1 Sa(Ti ,ξ)
n m/s2 [36]

5 ARMS
√

1
ttot

∫ tot
0

[ ..
ug(t)

]2dt m/s2 [35] 18 Svavg(T1)
∑n

i=1 Sv(Ti ,ξ)
n m/s [36]

6 VRMS
√

1
ttot

∫ tot
0

[ .
ug(t)

]2dt m/s [35] 19 Sdavg(T1)
∑n

i=1 Sd(Ti ,ξ)
n m [36]

7 DRMS
√

1
ttot

∫ tot
0

[
ug(t)

]2dt m [35] 20 EPA Saavg(ξ,Ti)|Tup=0.5
Tdown=0.1

2.5
m/s2 [37]

8 MIV max
(∫ ta,i+1

ta,i

∣∣ ..
ug(t)

∣∣dt
)

m/s [38,
39] 21 EPV Svavg(ξ,Ti)|Tup=2.0

Tdown=0.8

2.5
m/s [36]

9 MID max
(∫ tv,i+1

tv,i

∣∣ .
ug(t)

∣∣dt
)

m [39] 22 EPD Sdavg(ξ,Ti)|Tup=4.0
Tdown=2.5

2.5
m [36]

10 PGA max
(∣∣ ..

ug(t)
∣∣) m/s2 [35] 23 ASI

∫ 0.5
0.1 Sa(5%, T)dT m/s [40]

11 PGV max
(∣∣ .

ug(t)
∣∣) m/s [35] 24 VSI

∫ 2.5
0.1 Sv(5%, T)dT m [40,

41]

12 PGD max
∣∣ug(t)

∣∣ m [35] 25 Tm

Tm =
∑i C2

i × 1
fi

∑i C2
i

for 0.25Hz ≤
fi ≤ 20Hz

s [42]

13 Sa(T1) Sa(T1, ξ) m/s2 [12]
..
ug(t),

.
ug(t), ug(t) are the acceleration, velocity, and displacement time history of ground motion, respectively.

ta,i tv,i are the time at which the ith zero-crossing occurs in acceleration and velocity time history of ground
motion, respectively.

2.2. Mutual Information Theory

The ground motion information provided by different ground motion IMs may over-
lap, so it is necessary to select available IMs to construct the compound IM. Feature selection
aims to select features containing rich target information from an extensive array of features
to address regression and classification problems. Generally, feature selection algorithms
can be typically classified into three categories: filter model, wrapper model, and embed-
ding model [43–45]. The wrapper model incurs significant computational expenses and
poses a danger of overfitting. The embedded model selects features in the training process
of the learning machine. And it is difficult to construct an objective function optimization
model. Compared to the wrapper model and the embedded model, the filter model exhibits
superior generalization ability and reduced computational cost [44,46]. Numerous indi-
cators are employed in filtering procedures, including consistency, distance, and mutual
information. Methods based on information theory are widely applied in filter models, be-
cause information theory can effectively evaluate linear and nonlinear correlations between
variables [47,48]. In this paper, a filter model based on information theory is employed for
feature selection.

This section presents fundamental concepts of information theory. Entropy is a fun-
damental term in the information theory utilized to evaluate the uncertainty associated
with random data. Designate X, Y, and Z as random variables. The definition of entropy is
shown in Equation (1).

H(X) = − ∑
x∈X

p(x) log p(x) (1)

where p(x) is the probability distribution of variable x, and H(X) is the entropy of
variable x.
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Conditional entropy quantifies the uncertainty of one variable given the state of
another variable. Given a random variable X, the conditional entropy of Y given the X
condition is shown in Equation (2).

H(Y | X) = − ∑
x∈X

∑
y∈Y

p(x, y) log p(y | x) (2)

where H(Y | X) denotes conditional entropy, p(x, y) is a joint probability distribution func-
tion of random variables X and Y, and p(y | x) is the conditional probability distribution
function of the random variable Y given X.

Mutual information can be employed to measure the shared information of two
variables. The specific definition of mutual information is shown in Equation (3).

I(X; Y) = ∑
x∈X

∑
y∈Y

p(x, y) log
p(x, y)

p(x)p(y)
(3)

where I(X; Y) is the mutual information of X and Y.
Supplementing the information of one variable may reduce the uncertainty of the other.

Therefore, mutual information can indicate the independence and correlation between two
variables. Mutual information satisfies symmetry, i.e., I(X; Y) = I(Y; X), indicating that MI
is direction-independent between X and Y. Whether measured from X to Y or vice versa,
the value remains identical.

Feature selection aims to identify features with the highest predictive value for a target
variable, such as a classification label or regression output. Although mutual information
is inherently symmetric, feature selection imposes an asymmetric demand. Specifically,
feature selection focuses on the amount of information that the feature provides about the
target variable, rather than the reverse. While high mutual information may reflect strong
associations between variables, feature selection requires a goal-oriented asymmetry to
identify the most relevant features. In high-dimensional data, redundant features, those
with high mutual information among themselves but low relevance to the target variable,
must be excluded. In high-dimensional datasets, it is essential to exclude redundant
features—those exhibiting high mutual information among themselves but demonstrating
low relevance to the target variable. A distinction must be made between the symmetry
among features and the asymmetry of features concerning the target variable.

When I(X; Y) > 0, it reflects the correlation between the two variables. The relation-
ship between mutual information and entropy is shown in Equation (4).

I(X; Y) = I(Y; X) = H(Y)− H(Y | X) = H(X)− H(X | Y) (4)

Conditional mutual information represents the amount of information between X and
Y, when Z is given. The conditional mutual information is represented by Equation (5).

I(X; Y | Z) = ∑
x∈X

∑
y∈Y

∑
z∈Z

p(x, y, z) log
p(x, y | z)

p(x | z)p(y | z)
(5)

Joint mutual information is also an important concept in information theory. Joint
mutual information I(X, Y; Z) denotes the mutual information between (X, Y) and Z.

I(X, Y; Z) = I(Y; Z) + I(X; Z | Y) (6)

The interaction information represents the mutual information among three random
variables, which is frequently utilized to indicate feature redundancy information in fea-
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ture selection. The relationship between interactive information and conditional mutual
information is illustrated in Formula (7).

I(X; Y; Z) = I(X; Z | Y)− I(X; Z) (7)

Interaction information I(X; Y; Z) has a relationship with joint mutual information
I(X, Y; Z) and mutual information I(X; Z), I(Y; Z), as expressed in Equation (8).

I(X; Y; Z) = I(X; Z) + I(Y; Z)− I(X, Y; Z) (8)

The random variable Z is set as the dependent variable, and the random variables X
and Y are independent variables, which are the features to be selected. According to Equa-
tion (8), it can be found that when I(X, Y; Z) > 0, i.e., I(X; Z) + I(Y; Z) > I(X, Y; Z), the
sum of information provided by random variables X and Y alone exceeds the information
provided by the combination of the two. When I(X, Y; Z) < 0, the information provided by
the combination of random variables X and Y exceeds the cumulative information provided
by each variable independently. This shows that the combination of random variables X
and Y provides information that cannot be provided when the two are alone. This means
that when I(X, Y; Z) < 0, the selected feature can provide more information.

Minimum Redundancy Maximum Relevance (mRMR) is a feature selection technique
based on mutual information, designed to identify a subset of features that exhibit a
high correlation with the target variable while maintaining low redundancy among them-
selves. The mRMR achieves this by simultaneously considering maximum correlation
and minimum redundancy. “The calculation formula of mRMR [49] evaluation criteria is
as follows”.

J(Xk) = I(Xk; Y)− ∑
Xj∈S

I
(
Xj; Xk

)
(9)

The Conditional Infomax Feature Extraction (CIFE) [50] aims to obtain the most
informative features. This feature extraction method considers correlation, interactivity,
and redundancy indexes at the same time. The calculation formula is as follows:

J(Xk) = I(Xk; Y)− ∑
Xj∈S

I
(
Xj; Xk

)
+ ∑

Xj∈S

{
I
(
Xj; Xk | Y

)
(10)

Gao et al. [51] proposed a feature selection method called the Combination of Feature
Relevance (CFR). The definition of CFR is shown as Equation (11).

CFR = argmax
fi∈X

[
∑
fs∈S

I(Y; fi | fs)− ∑
fs∈S

I(Y; fs; fi)

]
(11)

where fi represents the candidate feature, fs is the selected feature, and Y is the dependent
variable.

According to the aforementioned concepts related to information theory, the derivation
of the CFR can yield Formula (12).

CFR = ∑
Xj∈S

{I( fi; Y)− 2I(Y; fs; fi)} = ∑
Xj∈S

{I( fi; Y)− 2[I( fi; Y) + I( fs; Y)− I( fi, fs; Y)]} (12)

In the process of selecting features, it is essential to evaluate not only the correlation
between the features and the dependent variables but also the interrelationship among the
selected features and their combined effect on the estimation of the dependent variables.
The CFR approach emphasizes the link between the features to be selected and the depen-
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dent variable, while ensuring that the inclusion of features enhances the relevance of the
overall selection and minimizes redundant information.

2.3. Construction of Compound Ground Motion IM

The compound IM exhibits various ground motion features, and a probabilistic de-
mand model can be developed using multiple IMs. Probabilistic demand models typically
employ regression analysis to establish the relationship between IMs and EDPs. In addition
to ordinary least squares regression, numerous regression approaches have been proposed
for evaluating structural damage, including principal component analysis [52], exploratory
factor analysis [27], canonical correlation analysis [26], and partial least squares [28]. This
paper initially conducted feature selection using the mutual information method to deter-
mine the ground motion IMs. Subsequently, ordinary least squares regression and a partial
least squares approach were employed for multiple linear regression to formulate the
compound IM and develop the probability demand model. When ordinary least squares
regression was utilized, the selected features were assessed for multicollinearity due to
the potential linear correlation among various IMs. The candidate features exhibiting a
variance inflation factor exceeding 10 were eliminated to avoid the detrimental impact of
multicollinearity on regression results.

Figure 1 shows the flow of the feature selection method. The specific method steps are
described as follows:
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First step, initialization: The original feature set of ground motion is obtained as the
candidate feature set fi, and fs is an empty set.

Step 2, Pearson correlation analysis: Pearson correlation analysis is performed on
the features of the original feature set of the alternate features. If the Pearson correlation
coefficient between the two feature parameters exceeds 0.85, a strong linear relationship
is indicated, potentially resulting in multicollinearity. Pearson correlation analysis is
conducted on these features alongside the seismic demand value of the target variable to
identify the most pertinent features. If the correlation coefficient of two candidate IMs is
higher than 0.85, the feature that is more relevant to the target variable is retained and the
other one is excluded. The retained feature is used as the preliminary selection of features.

Step 3, feature selection procedure: The initially selected features serve as the candidate
feature set for calculating the mutual information index between each candidate feature and
the target variable. The mutual information is computed between the selected features and
the candidate features, between the selected features and the target variable Y, and the joint
mutual information among the candidate features, selected features, and target variables to
derive the mutual information results of the used mRMR, CIFE, or CFR algorithm.

Step 4, optimal feature selection: By computing the mutual information between each
candidate feature and the target variable, the features that optimize the mRMR, CIFE,
or CFR are chosen for inclusion in feature set S. The chosen features are evaluated for
multicollinearity, which will eliminate any feature set S that could result in significant
multicollinearity issues.

Step 5, iteration: The preceding two steps are repeated until the quantity of selected fea-
tures attains the specified target or all alternative features are evaluated and the candidate
feature set is exhausted.

Step 6, analysis and comparison: The specified feature set is output and ordinary
least squares regression is employed for multiple linear regression analysis. The results are
used for comparison to the outcomes of partial least squares regression following Pearson
correlation analysis.

A compound IM is ultimately produced and assessed against the evaluation index of
a singular parameter to ascertain the ideal parameters.

The compound IM derived from the mutual information method can be expressed
according to Equation (11).

IMMI =
p

∏
i=1

IMαi
i (13)

By applying logarithms to both sides of the equation, the compound IM can be repre-
sented as a log-linear combination of the selected feature parameters with the following
expression in Equation (12).

ln IMMI = α1 ln IM1 + α2 ln IM2 + . . . + αp ln IMp =
p

∑
i=1

αi ln IMi (14)

where α1, α2 . . . αi, . . . αp are regression coefficients, and IM1, IM2, . . . , IMi, . . . , IMp are
selected IMs based on mutual information method.

3. Seismic Record Set and Structural Model
3.1. Selection of Ground Motion Record Set

Ground motion records were selected from the PEER strong ground motion database
to establish the ground motion record set and to derive the seismic fragility curve. The
earthquake magnitude M and epicentral distance R were constrained to the intervals 5.8
≤ M ≤ 8 and 10 km ≤ R ≤ 60 km. A total of 1724 pairs of horizontal ground motion
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records were selected within this range. The ground motion records in one direction
were used as training dataset, while those in the other direction were used as test dataset.
Figure 2 illustrates the earthquake magnitude and epicentral distance distribution for
ground motion records utilized in seismic fragility analysis.
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3.2. Structural Model

In this paper, structural models of four reinforced concrete frame structures with
different numbers of stories [53] were constructed according to the Chinese seismic design
code for nonlinear dynamic analysis. The four constructions consisted of three, five, eight,
and ten stories, with the first floor measuring 4.4 m in height and the subsequent stories
each measuring 3.3 m. The side span measured 6 m, while the central span measured
2.4 m. The distance between frames in the perpendicular direction was 6.0 m. In this paper,
the middle one-bay planar frame was selected as the research object and the structural
response was obtained by modeling and analyzing using finite element software OpenSees
(version 3.2.2) [54]. The beams and columns of the structure were made of C30 concrete
and the longitudinal reinforcement was made of HRB335. The influence of infill walls and
slabs was not considered and the beam-column joints were not specially defined, but were
treated as solid joints. Using the five-story reinforced concrete frame construction as a case
study, Figure 3 shows the dimension information and cross-section reinforcement of the
application case. The distinction between the other structures and the five-story structure
was in the number of stories, regarding building dimensional specifications.
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Figure 3. The dimensional information and section reinforcement of the applied five-story structure
(Sec-1 shows the column cross-section reinforcement, and Sec-2 and Sec-3 show the beam cross-section
reinforcement for the five-story structure).

4. Feature Parameter Selection
4.1. Pearson Correlation Coefficient

Applying too many features of ground motions directly to regression analysis may
lead to model complexity and diminished predictive performance, hence necessitating
feature selection. The Pearson correlation coefficient is a prevalent metric for assessing the
strength and direction of linear correlations between two continuous variables, commonly
utilized in feature selection. The coefficient (designated as R) ranges from −1 to +1:
values approaching +1 signify a robust positive correlation (i.e., both variables increase
concurrently), whereas values nearing −1 denote a strong negative correlation (i.e., one
variable ascends as the other descends). An R value of 0 indicates the absence of a linear
correlation between variables.

Given two sets of data X = [x1, x2, . . . , xn] and Y = [y1, y2, . . . , yn], the Pearson
correlation coefficients are calculated as follows:

R =
∑n

i=1(xi − x)(yi − y)√
∑n

i=1(xi − x)2
√

∑n
i=1(yi − y)2

(15)

where xi and yi are the ith observation of the input feature variables X and Y, respectively;
x and y are the mean values of X and Y, respectively.
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Taking the maximum inter-story drift ratio as the seismic demand parameter,
Figure 4 illustrates the Pearson correlation coefficients between candidate seismic ground
motion features and the seismic demand parameters of the four structures. The ranking
of these coefficients for the three-story structure is extended to other structures. Among
positively correlated features, those with coefficients below 0.2 are deemed to indicate
a weak correlation. The logarithmic results of Bracketed_Dur (bracketed duration) and
Uniform_Dur (uniform duration) exhibit weak linear positive correlations with structural
demand variables. If Pearson correlation analysis is employed for feature selection, these
features with weak correlations are excluded from the candidate set. A heatmap depicting
the associations among the 25 features and structural seismic demand parameters is shown
in Figure 5 for future investigation.
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Heatmaps can be used to explore the correlation between each of the two parameters
for the twenty-five feature parameters and structural seismic demand parameters. In this
heatmap, warmer hues indicate higher correlation coefficients, while cooler hues represent
diminished values. The Pearson correlation heatmap indicates that the spectral acceleration,
velocity, and displacement parameters demonstrate exceptionally high correlations (ex-
ceeding 0.96). Additionally, average spectral acceleration (Saavg), average spectral velocity
(Svavg), and peak ground velocity (PGV) and velocity spectrum intensity (VSI) show high
correlations (exceeding 0.9) with maximum incremental displacement (MIV). Elevated
inter-feature correlations suggest substantial linear interactions, potentially resulting in
multicollinearity problems. Multicollinearity can lead to unstable regression coefficient es-
timates, diminished variable significance, and elevated standard errors, thus undermining
model interpretability and predictive efficacy.

Consequently, when several candidate features have significant linear correlations,
it is advisable to keep only one feature that is strongly correlated with the response vari-
able to reduce the hazards of multicollinearity. In this paper, to balance feature retention
and correlation with seismic demand parameters, non-core features with weak associ-
ations were identified, and they would be excluded in the analysis of the compound
ground motion intensity measure to minimize computational workload and enhance feature
selection efficiency.
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4.2. Multiple Regression Prediction

After employing the CFR mutual information method for feature selection, subsets of
features were determined for four structures based on mutual information indices. Based
on the results of each structure’s feature selection, a set of 1724 ground motion records
in a certain horizontal direction was selected as the training set to construct a multiple
linear regression (MLR) model, while another set of 1724 records served as the testing set
to compare regression errors. Figure 6 presents scatter plots of predicted versus observed
values in the test sets for three-story, five-story, eight-story, and ten-story structures, with the
x-axis indicating actual values and the y-axis representing predicted values. Additionally,
Figure 7 displays the R2 results for the MLR model, assessing the predictive accuracy of
logarithmic seismic demand parameters.

The scatter plot analysis indicates that features selected based on the mutual informa-
tion criterion enhanced MLR prediction performance, closely approximating the fit of the
partial least squares (PLS) regression. To further assess model performance, the coefficient
of determination (R2) was employed, a critical statistic in regression analysis that quantifies
the proportion of variance in the dependent variable (response variable) explained by
the independent variables (predictors). Figure 7 illustrates that both the MLR and PLS
models exhibit exceptional data fit, with R2 values surpassing 0.9, signifying the strong
explanatory capacity of the predictors. This discovery highlights the efficacy of mutual
information-based feature selection for seismic demand parameter analysis and fragility
assessment. Ultimately, the optimal feature subset identified via mutual information was
adopted to construct the compound ground motion intensity measure.
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5. Probabilistic Seismic Fragility Analysis
5.1. Analysis Method

Fragility reflects the conditional probability that the structural damage measure (DM)
reaches or exceeds a certain limit state at a specific IM level. Fragility analysis, an impor-
tant part of PBEE, is employed to quantify the seismic reliability and risk of structures.
Probabilistic seismic demand analysis (PSDA) serves fragility analysis by establishing
appropriate probabilistic seismic demand models and obtaining the relationship between
structural DMs and ground motion IMs.

In this paper, the cloud diagram method is used to model probabilistic seismic de-
mand [55]. This method utilizes unscaled ground motion records to establish a demand
model, and the structural probabilistic seismic demand model based on the lognormal
distribution assumption is shown in following formula.

P(EDP ≥ edp | IM = x) = 1 − Φ

 ln
(

edp/mD|IM

)
βD|IM

 (16)

where IM denotes the ground motion intensity measure, EDP signifies the seismic engineer-
ing demand parameter, edp indicates the seismic demand limit, mD|IM and βD|IM represent
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the median and logarithmic standard deviation of the seismic demand of the structure
under the action of the specific ground motion intensity measure, and Φ(·) is the standard
normal cumulative distribution function.

The linear regression model of EDP and IM in the logarithmic space is as follows.

ln EDP = a + b ln IM + ε (17)

where a and b represent the coefficients of linear regression. Traditionally, when using the
cloud analysis method, the values of coefficients a and b can be derived using the least
squares approach.

Then, βD|IM can be computed using Equation (16):

βD|IM =

√
∑N

i=1(ln edpi − ln EDP)2

N − 2
(18)

where N is the quantity of input ground motion records, and edpi is the ith engineering
demand parameter.

5.2. Probabilistic Seismic Demand Model

This paper constructs the compound ground motion intensity measure corresponding
to four structures, following the methodology outlined in Section 2.3. Taking the three-story
structure as an example, the constructed compound IM is shown in Equation (17).

ln IMmi = 0.9859 ln VSI − 0.0330 ln Uni f ormDur − 0.1418 ln ASI + 0.0504 ln BracketedDur + 0.0649 ln SaN (19)

Selecting a compound IM can enhance the prediction of structural EDPs. In order to
further investigate the applicability of the compound IM, probabilistic demand analysis
is performed on the nonlinear response results of the three-story structure. According to
Equation (17), a linear regression analysis of the compound IM and EDPs is performed to
establish a probabilistic demand model. Simultaneously, as a comparison, the probability
demand models of other scalar IMs are also established. These scalar IMs include the scalar
IMs that constitute the compound IM, as well as other commonly used scalar IMs such as
PGA and Sa. The scatter plots and fitted straight lines of the EDP and the corresponding
multiple IMs are depicted in Figures 8 and 9. In addition, the regression line equation
and the 95% confidence interval are shown in the bottom right of the figure, while the
goodness-of-fit value is presented in the top left corner. The goodness-of-fit is a crucial
index for evaluating the efficacy of a linear regression model, which measures the degree
of fitting of the model to the data. The coefficient of determination serves as the indicator
of quality of fit in this context. The coefficient of determination indicates that the fitting
quality of IMmi derived from the mutual information approach is better than that of the
other IMs. Specifically, IMmi performs marginally better than the best scalar IM, the VSI,
which has the highest fitting performance among all scalar intensity measures.
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5.3. Evaluation Criteria

The performance of the IM is evaluated according to a certain criterion to determine the
optimal IM for the probabilistic demand model. This paper employs correlation, efficiency,
practicality, and proficiency as the evaluation criteria of the IM.

5.3.1. Correlation

Correlation is a significant term in statistics that describes the relationship between
the IM and DM. It measures the strength and direction of the linear relationship between
variables. Correlation does not denote causation; it merely indicates that there is some
connection between the variables. Pearson’s correlation coefficient is a statistical measure
that quantifies the correlation between variables. The value range is from −1 to 1. A value
closer to 1 indicates a stronger positive correlation, whereas a value closer to 0 signifies a
weaker correlation.

The correlation coefficients between each IM and EDP are illustrated in Figure 10.
Figure 10 depicts the Pearson correlation coefficients between various IMs (Sa, Savag,
VSI, and IMmi) and seismic demand parameters (EDPs) across different structures. For
the three-story structure, the Pearson correlation coefficients of Sa, Savag, VSI, and IMmi

with EDPs all exceed 0.85, with IMmi exhibiting the highest correlation. Similarly, in
five-story, eight-story, and ten-story structures, the correlation coefficients of Sa, Savag,
Svvag, VSI, and IMmi with EDPs exceed 0.9, where IMmi consistently demonstrates the
strongest correlation. Significantly, it has the strongest correlation among all IMs across
various structures, highlighting its strong association with EDPs. The primary reason lies
in the compound nature of IMmi, which encapsulates more effective information relevant
to structural demands, therefore forming a robust and durable association with EDP across
four distinct structures.
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5.3.2. Efficiency

Efficiency is a frequently employed criterion for selecting an optimal IM. An efficient
IM can decrease variation and dispersion in demand estimations for a given IM value [56].
The standard deviation βD|IM of structural demand in IM-DM log-linear regression is
employed to investigate IM efficiency, which is calculated according to Equation (16). A
reduced standard deviation indicates increased effectiveness of the IM.

Figure 11 presents the dispersion parameters βD|IM of structural engineering de-
mand parameters under seismic excitations for four different structures. The efficacy of
Sa, Savag, Svvag, VSI, and other variables is similarly illustrated by correlation analysis.
Notably, the standard deviation βD|IM of IMmi is minimal across all IMs for each struc-
ture, indicating its optimal efficacy in minimizing the dispersion of structural response
estimates. In other words, IMmi can significantly diminish the estimation error of structural
demand consequences.
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5.3.3. Practicality

The practicality of a seismic intensity measure (IM) is measured by its impact on
engineering demand parameters (EDPs), with increased practicality implying greater
sensitivity of EDPs to variations in the IM. This is typically denoted by the slope of the
logarithmic linear regression model. As illustrated in Figure 12, the slope of the logarithmic-
linear regression for IMmi in three-story structures is the largest among all IMs, indicating
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its pronounced influence on EDPs. Although the practicality of IMmi decreases in taller
structures, it still outperforms several scalar IMs, underscoring its utility.
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5.3.4. Proficiency

To mitigate potential biases or contradictions from evaluating effectiveness and practi-
cality separately, proficiency has been proposed as an evaluation criterion that combines the
advantages of efficiency and practicality [57]. Proficiency is defined as the ratio of efficiency
βD|IM to practicality b, according to Equation (18). Typically, a more proficient IM indicates
a reduced modified dispersion, which represents the degree of EDP’s uncertainty.

ζ =
βD

b
(20)

As a comprehensive indicator for IM evaluation, Figure 13 demonstrates that Sa,
Saavg, Svavg, VSI, and IMmi exhibit superior proficiency. Notably, IMmi and Svvag exhibit
optimal benefit ratio performance for different structures. Similarly to compound IMs in
formulation, Svavg can also be considered a compound IM. The superior performance of
these two IMs indicates that employing compound IMs for structural demand estimation
enhances the reliability of fragility and risk assessments. In accordance with correlation and
effectiveness measures, Sa, Saavg, Svavg, and VSI exhibit reduced ζ values and enhanced
proficiency. Considering all structural seismic demand model evaluation parameters, IMmi
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emerges as a potentially superior intensity measure, since compound IMs enable more
comprehensive consideration of ground motion features.
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5.3.5. Sufficiency

In linear regression analysis, sufficiency typically refers to whether a model fully
utilizes available data information for optimal prediction. For the seismic demand models
in this study, particular attention should be paid to potential omission of significant ex-
planatory variables such as seismic characteristics (magnitude M and epicentral distance
R). A sufficient IM should exhibit independence from M and R. Residual analysis was
conducted to investigate the sufficiency of the compound intensity measure IMmi with
respect to M and R, where residuals are defined as differences between predicted values
from fitted curves and actual demand values.

Linear regression analysis of the residual results versus the magnitude M was per-
formed for each of the four structures, and the linear regression results are shown in
Figure 14. The goodness of fit R2 for the four structural residuals relative to the fitted
straight line of magnitude M is below 0.01, whereas the goodness of fit for the residuals
of the three-story and eight-story structures is approximately 0.001. The absolute values
of the slopes of the fitted straight lines are minimal, measuring at 0.001, 0.002, 0.001, and
0.002, and are nearly zero, indicating that the variations in magnitude M exert relatively
minor impacts on residual outcomes.
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Linear regression of residuals of the four structures with respect to the epicenter
distance R was performed, and the linear regression results are shown in Figure 15. The
goodness-of-fit R2 for the fitted lines of the residuals of the four structures in relation to the
epicentral distance R is below 0.01, indicating a lack of significance, whereas the goodness-
of-fit R2 for the fitted line of the five-story structure approaches 0. The absolute values of the
slopes of the fitted lines of the residuals for the four structures with respect to the epicentral
distance R are close to 0, which indicates that variations in the epicentral distance R have a
minimal impact on the residuals’ results. The results indicate that the magnitude M and
the epicenter distance R exert minimal influence on the residuals, suggesting that IMmi is
independent of both the magnitude and epicenter distance with satisfactory sufficiency.
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6. Conclusions
This study employs a feature selection method to determine the optimal subset of

features for fragility analysis and seismic demand modeling. Pearson correlation analysis
is employed for the preliminary selection of features, followed by a mutually informative
feature selection algorithm that accounts for correlation, redundancy, and complementarity
to determine the subset of ground motion features for the construction of compound
intensity measures. Four multi-story RC frame structures are studied to demonstrate and
discuss the proposed method. The following conclusions are obtained:

1. The coefficient of determination R2 for the multivariate linear regression model, as
determined by several mutual information feature selection procedures, surpasses
0.9, indicating a strong match to the data. Comparison with the partial least squares
regression model demonstrates that the features identified using mutual information
metrics possess a robust capaci.y to explain seismic demand factor parameters and
are suitable for analyzing structural seismic fragility.

2. The probabilistic demand model was examined with linear regression analysis, uti-
lizing compound intensity measures and various scalar intensity measures with
engineering demand parameters. The goodness-of-fit results indicate that the IMmi

derived from the mutual information method exceeds the other IMs, demonstrating
superior fit.

3. The compound IM was compared with other scalar IMs using correlation, efficiency,
proficiency, and sufficiency as evaluation criteria. In general, the evaluation results
indicate that the compound IM is more suitable as a ground motion intensity mea-
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sure compared to other scalar IMs. The compound IM can analyze ground motion
parameters more comprehensively, diminish data dispersion, and enhance predictive
accuracy.

4. The goodness of fit of the four structural residual results with the fitted straight line
of magnitude M indicates that both magnitude M and epicenter distance R exert
minimal influence on the residuals. It indicates that the compound IM is independent
of magnitude and epicenter distance with good sufficiency.

The method proposed in this paper is not only applicable to reinforced concrete frame
structures but can also be used for fragility analysis and the selection of feature parameters
for other structures.
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