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Abstract

Sensitivity analysis is a crucial step in computational mechanics and earthquake engineer-
ing. Sensitivity analysis of a model (either numerical or physical) aims at quantifying the
relative importance of each input parameter, their potential interaction, and their effects on
the model response. Sensitivity analysis has a long-term application in structural engineer-
ing more specifically on reinforced concrete RC structures. Many researchers benefited
from the results of sensitivity analysis to reduce the uncertainty domain to those variables
which are very important. This further helps in uncertainty quantification by accelerating
the entire process. This state-of-the-art technical report provides a comprehensive review
of classical sensitivity analysis techniques, followed by an in-depth review of all the related
documents that implemented a full sensitivity analysis or partially adopted it for uncertainty
quantification-related discussions. This review report on sensitivity analysis of reinforced
concrete structures is a valuable contribution to the field of computational mechanics and
earthquake engineering. This review highlights the importance of selecting an appropriate
sensitivity analysis technique to achieve reliable results in structural analysis and design.
By providing insights into the advantages and limitations of various sensitivity analysis
techniques, this report can guide researchers, practitioners, and decision-makers in select-
ing the most appropriate technique for their specific applications. It is observed that the
outcome of a sensitivity analysis depends heavily on the applied technique to perform the
sensitivity assessment which eventually may cause a significant bias during the decision-
making. This report paves the road for better selection of a sensitivity analysis technique in
problems related to structural and earthquake engineering. The findings of this review have
significant implications for improving the accuracy and reliability of structural analysis,
ultimately leading to safer and more resilient structures.

Keywords

Local and global sensitivity; Modeling parameters; Material randomness; Reinforced con-
crete; Sensitivity; Seismic response; Tornado diagram; Uncertainty quantification.
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(2019) [11] . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44
Fig. 27. Results of sensitivity analysis; modified from Faggella et al. (2008) [12] . 44
Fig. 28. Results of sensitivity analysis; modified from Segura et al. (2022) . . . . . 46
Fig. 29. Sensitivity of cracking/damage/fracture map of a column at collapse point

to the software choice; adapted from [13] . . . . . . . . . . . . . . . . . . . 47
Fig. 30. Indirect sensitivity assessment through seismic fragility functions . . . . . . 48
Fig. 31. Comparison of sensitivity and importance measures for the deformation and

shear fragility estimates . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50
Fig. 32. Sensitivity analysis through the concept of failure time (i.e., Group-III) . . 52
Fig. 33. Detailed sensitivity analysis with individual ground motion records; gener-

ated with data from [14] . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53
Fig. 34. Sensitivity of collapse capacity to ground motion and modeling uncertainty

including their linear correlation with input RVs; modified from [15] . . . . 55
Fig. 35. Sensitivity analysis in the context of structure strengthening; adapted from

[16] . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56
Fig. 36. Tornado diagrams of load capacity under two column removal scenarios

(i.e., Sn1 and Sn2) for various limit states; adopted from [17] . . . . . . . 58
Fig. 37. Sensitivity analysis an RC bridge in the context of life cycle analysis;

adapted from [18] . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60
Fig. 38. Sensitivity indices of eleven RVs for LCA of RC structures exposed to

carbonation; adopted from [19] . . . . . . . . . . . . . . . . . . . . . . . . . 61
Fig. 39. Parametric sensitivity analysis RC frames in presence of infill; developed

based on [2] . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62
Fig. 40. Sensitivity analysis RC frames period by shapely additive explanation; adapted

from [20] . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

v

NIST TN 2254
July 2023



Fig. 41. Comparison of sensitivity analysis methods applied to failure mode identi-
fication; data (colored circles) collected from [21] . . . . . . . . . . . . . . . 66

Fig. 42. A summary of machine learning algorithms; adopted from [22, 23] . . . . . 68
Fig. 43. Mean sensitivity indices of EDPs to input variables (T1, T2 and T3) based

on two machine learning techniques; Two seismic level and three sample
size are used; adopted from [24] . . . . . . . . . . . . . . . . . . . . . . . . . 69

Fig. 44. Sensitivity analysis by XGBoost machine learning technique; adapted from
[25] . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

Fig. 45. Sensitivity analysis by random forest technique; adopted from [26] . . . . . 70
Fig. 46. Detailed comparison of FOSM and Tornado for a high-RV system under

dynamic excitation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72
Fig. 47. Sensitivity analysis with Tornado diagram in earthquake engineering practice 74

vi

NIST TN 2254
July 2023



NIST TN 2254
July 2023

Acknowledgments

The authors would like to thank Dr. Katherine Johnson and Dr. Christine Z. Beyzaei at NIST
and Professor Victor Saouma and Dr. Golsa Mahdavi at the University of Colorado Boulder for
their reviews and constructive comments. Dr. Christopher Segura from NIST provided constructive
comments and discussions about the sensitivity analysis methods, as well as a major contribution to
the “Uncertainty Quantification” project.

Author Contributions

Mohammad Amin Hariri-Ardebili: Conceptualization, Methodology, Software, Data curation,
Writing- Original draft preparation, Visualization, Investigation, Supervision, Writing- Reviewing
and Editing; Siamak Sattar: Conceptualization, Writing- Reviewing and Editing, Investigation.

vii



NIST TN 2254
July 2023

1. Introduction

Sensitivity analysis is an essential part of every risk assessment, either quantitative or qual-
itative. The gaps in our knowledge are bridged by assumptions, probability distributions,
expert opinions, approximations, and a variety of other techniques. Sensitivity analysis is
a systematic investigation of the means by which assessors bridge these uncertainty gaps.
Sensitivity analysis seeks to learn such things as how sensitive model outputs are to changes
in inputs and how that sensitivity might affect decisions. A good sensitivity analysis in-
creases overall confidence in a risk assessment [27]. At present, the codified approaches
for seismic performance evaluation of structural systems do not explicitly account for the
application of sensitivity analysis, which is indeed a required tool to quantify the epistemic
and aleatory uncertainty sources.

In engineering applications, sensitivity analysis is used both in the framework of design
and analysis. In structural engineering and mechanics, sensitivity analysis has been widely
used to evaluate the important/sensitive parameters in existing structural systems. The
robustness and adequacy of the models can be best understood by means of sensitivity
analysis [28–30].

Applications of sensitivity analysis of structural systems can be found in [31] for steel
jacket-type offshore platforms with soil-pile-structure interaction, [32] for cohesive crack
models with different fracture mechanism modes, [33] for structural and material level
assessment of alkali aggregate reaction induced models, [34] for sensitivity analysis of
creep models, [35] for global sensitivity analysis of gravity dams with structural health
monitoring applications, [36] for arch dam-foundation-reservoir coupled system, [37] for
steel frames with bolted-angle connections, [38] for steel moment-resisting frames, [39] for
highway bridges, [40] for port structures, [41] for tunnel face stability, [42] for reinforced
masonry buildings, [43] for unreinforced masonry structures, [44] for gravity quay walls,
[45] for base-isolation structures, [46] for double-circuit steel tubular transmission towers,
[47] for design of ship-to-shore container crane, [48] for pile-supported wharves and so on.
Since the focus of this report will be on reinforced concrete components, these examples
are studied in detail in Section 3.

Sensitivity analysis methods can be classified in a variety of ways. Although the review of
all these methods is not the objective of this report, a brief review is provided in Section
2, including the main classifications by different researchers. Next, we move to reinforced
concrete (RC) components (since they are used as a case study in this report) and we will
provide a detailed review of the papers that provided a sensitivity analysis, including the
Tornado diagram, see Section 3. The state-of-the-review in this section will help in the ver-
ification of the results and justification of (sometimes diverse) results. Section 4 discusses
the topics in the sensitivity analysis that are beyond the typical material and modeling vari-
ability. For example, this section covers the sensitivity in software used, types of sensitivity
analysis techniques, indirect sensitivity analysis methods, etc. Section 5.2 provides a theo-
retical classification of different sensitivity analysis methods and Tornado diagrams in the

1
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context of earthquake engineering.

This report does compare different sensitivity analysis methods (such as those briefly re-
viewed in Section 2). The objective of this report is to expand the Tornado diagram sen-
sitivity analysis method (also known as the one-at-a-time (OAT) method, nominal range
sensitivity method, local sensitivity method, or Threshold method) using assumptions that
are beyond the initial epistemic random variables (RVs) by incorporating the particular fea-
tures of earthquake engineering. It has been shown that the outcome of sensitivity analyses
depends on the objective of sensitivity assessment, the subsequent uncertainty quantifica-
tion (UQ), the choice of the structural analysis technique, the choice of stressor, as well as
demand parameters.

2. Classification of Sensitivity Analysis Techniques

This section provides a general overview of different sensitivity analysis techniques clas-
sification. Depending on the application, capability, and applied methodology, a variety
of (sometimes diverse) classifications have been proposed over the past three decades.
Christopher Frey and Patil (2002) [1] classified the sensitivity analysis methods into three
groups: mathematical, statistical, and graphical approaches. A summary is also provided
in Table 1.

2.1. Mathematical Methods

Mathematical methods refer to those that evaluate the sensitivity of a quantity of interest
(QoI) to the variation of an input parameter. In these methods, the QoIs are typically com-
puted for those values that represent the entire range of the input [49]. These methods are
not capable of outputting the variance in QoIs due to the variance in the input parameters,
and they only can provide the impact of the range of variation in the input parameters on
the QoIs [50]. They are indeed a great tool to screen the most sensitive input parameters
[51]. Examples of mathematical methods are break-even analysis, nominal range sensitiv-
ity analysis, automatic differentiation, and difference in the log-odds ratio [1].

2.1.1. Nominal Range Sensitivity

Nominal Range Sensitivity (NRS) evaluates the effect on model QoI by individually vary-
ing only one input parameter across its entire range of plausible values while holding all
others at their nominal/base-case values [52, 53]. The difference in the model output, ∆y,
due to the change in the input parameter, ∆x, is known as swing weight:

∆
±
i y = g

(
xi +∆

±xi,x0
∼i

)
−g

(
x0
)

(1)

where g defines an explicit or implicit function, the subscript i refers to an individual in-
put parameter, and superscript 0 refers to the base case with all input parameters in their

2
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Table 1. Summary of some of sensitivity analysis techniques; adapted from [1].

Technique Applicability Computational Issues Representation of Sensitivity
NRS Deterministic

model
Need nominal range for each in-
put; potentially time consum-
ing.

Ratios, percentages. Does not in-
clude effect of interactions or cor-
related inputs. Easy to understand.

DLOR Deterministic
model with
output as a
probability

Need nominal range for
each input; potentially time-
consuming.

Ratios, percentages. Does not in-
clude effect of interactions or cor-
related inputs. Easy to understand.

BEA Models used
to choose
among alter-
natives

Complex for model with many
decision options and/or more
than two inputs, potentially time
consuming.

Graphical representation.

ADT Locally dif-
ferentiable
models

Requires specific software Local sensitivity measures, such as
sensitivity coefficients.

Regression Results from
probabilistic
simulation

Must specify functional form,
computation time and value of
solution depends on specific
techniques used.

R2, t-ratios for regression coeffi-
cients, standard regression coeffi-
cients, and others.

ANOVA Probabilistic
models

Time consuming for a large
number of inputs with interac-
tions.

F-value, Tukey test coefficients, and
others that are calculated at differ-
ent stages of ANOVA.

RSM Deterministic
model

Developed using a variety of
techniques; some require func-
tional forms, others do not; may
require extensive runs to gener-
ate a calibration data set.

Graphical, evaluation of functional
form, method-dependent measures.

FAST Probabilistic
models

Better with no
interactions/higher-order
input. Caution against discrete
inputs.

Portion of output variance at-
tributable to each input.

MII Probabilistic
model

Complex, no computer code
available, time-consuming.

Amount of mutual information
about the output provided by each
input, also graphs of intermediate
stages.

Scatter
Plots

Probabilistic
model

Easy; time requirement depends
on the number of input/outputs.

Graphical, no quantitative sensitiv-
ity.

mean/median values. Plus and minus signs indicate an increase or decrease in the parame-
ter, respectively.

The outcome of this technique is most valid for linear systems. For nonlinear systems, this
method neglects the interactions among input parameters and can be misleading. There are
some recommended options on how to vary the parameters:

• OAT with ± 1 STD (standard deviation): change one parameter at-a-time by its
standard deviation
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• OAT with ± 20%: change one parameter at-a-time by 20% of its mean/base value
• Factorial design [54]: is another OAT method that requires a lot of simulations

when dealing with large models. A two-level factorial design (with lower and up-
per bounds) requires 2N model runs.

• Sentime-consuming (SC): This method determines the output percentage difference
when varying one input parameter from its minimum value to its maximum value
[55]:

SC =
ymax − ymin

ymax
(2)

where ymin and ymax represent the minimum and maximum output values, respec-
tively, resulting from varying the input over its entire range.

• Importance Factors: This method has been introduced by [56] in three levels. These
measures are calculated from data collected after a five-point OAT analysis (model
at mean value, ±2 STD, and ±4 STD).

– First importance factor: is determined as parameter uncertainty (defined as two
standard deviations of the input) multiplied by parameter sensitivity (defined as
the change in output divided by change in input).

– Second importance factor: It is the positive difference in the maximum output
value and the minimum output value.

– Third importance factor: is estimated utilizing the output sample variance.

2.1.2. Difference in Log-Odds Ratio

The difference in Log-Odds Ratio (DLOR) is a specific application of nominal range sen-
sitivity. The odds ratio of an event is a ratio of the probability of occurrence, P(.), to the
probability of not occurrence, 1−P(.), and can be presented as P(.)

1−P(.) . Taking the log of
this ratio scales the probabilities [57]. Next, the change in QoI is computed as:

DLOR = log
[
P(E|∆±x)
P(Ē|∆±x)

]
− log

[
P(E|x)
P(Ē|x)

]
(3)

where E refers to an event and Ē means not the event; x are input parameters. Positive
DLOR shows that changes in input parameters enhance the probability of the specified
event. It is a useful method when the QoI has a probabilistic nature.

2.1.3. Break-Even Analysis

Break-Even Analysis (BEA) is a more conceptual method that tries to evaluate the robust-
ness of a decision to variations in input parameters [58]. The objective is to find values of
input parameters that provide the outcome for which a decision-maker would be indifferent
among multiple risk management options.
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2.1.4. Automatic Differentiation Technique

Automatic Differentiation Technique (ADT) is used to calculate the local sensitivities for
large models (i.e., resource-demanding). This technique is based on first-order partial
derivatives of QoI with respect to small changes in the input parameters. The normalized
local sensitivity coefficients for ith QoI and jth input parameter are:

αi, j =

(
∆yi
∆x j

)
(

yi
x j

) (4)

2.2. Statistical Methods

Statistical methods refer to those simulation-based methods in which the input parameters
follow a pre-defined distributional model, and the impact of input parameters’ variance is
evaluated on the QoI distribution [59]. The interaction among the input parameters can
be identified if more than one parameter is varied at a time (i.e., the correlation concept).
Uncertainty in inputs can be propagated using one of the Monte Carlo simulation family
methods. Examples of statistical methods are regression analysis, analysis of variance,
response surface meta-models, mutual information index, and Fourier amplitude sensitivity
test.

2.2.1. Relative Deviation

The relative deviation method (RDM) measures the amount of variability in the QoI while
varying each input parameter OAT according to its probability density function (PDF). This
method simply covers the entire input parameter domain. Next, for each QoIs, the ratio of
the PDF’s standard deviation to its mean (i.e., coefficient of variation - COV) is calculated
and compared to each other.

Relative Deviation Ratio (RDR) is presented based on the ratio of the QoI’s COV to the
input distribution’s COV.

RDR =
COVQoI

COVinput
(5)

It is similar to the importance index method. The larger the RDR value, the more sensitive
the model is to the input parameter.

2.2.2. Analysis of Variance

Analysis of Variance (ANOVA) is a model-independent probabilistic sensitivity analysis
technique and is used to determine if there is a statistical association between the QoI and
one or more input parameters [60]. As opposed to regression analysis, there is no assump-
tion in ANOVA regarding the functional form of relationships. This is a non-parametric
method and the QoI is assumed to be normally distributed.
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2.2.3. Importance Index

Importance Index (II) is based on the ratio of the variance of the parameter value, s2
X , to the

variance of the dependent values, s2
Y :

II =
s2

X

s2
Y

(6)

For additive models, the variance of the raw data is used, while for simple multiplicative
models, the variance is based on the log-transformed data [55, 61].

2.2.4. First order-second-moment

First-order-second-moment (FOSM) is a general technique that is used in structural re-
liability analysis [62, 63], uncertainty quantification [64, 65] and sensitivity analysis [66].
Due to its simplicity and efficiency, the FOSM method is a useful tool for sensitivity studies
where Monte Carlo Simulation (MCS) is not affordable [67]. FOSM procedure provides a
linear approximation of the structural response concerning fluctuations in RVs [68]. There-
fore, the applicability of a general form of FOSM is limited, and might not be exact for
nonlinear cases.

Therefore, another version of the FOSM method is provided which is formulated in the
logarithmic domain of data. This is especially useful for the seismic response of structures
because the probabilistic seismic demand models typically take exponential form in the
Cartesian coordinate system (and thus, linear form in a logarithmic coordinate system)
[69, 70].

The first-order approximations for mean QoI and the associated variance in the logarithmic
domain are:

µlnY ≈ g(µlnX1 ,µlnX2 , ...,µlnXn) (7)

σ
2
lnY ≈

n

∑
i=1

n

∑
j=1

∂g
∂ lnxi

∣∣∣
µlnX

∂g
∂ lnx j

∣∣∣
µlnX

ρlnXi lnX jσlnXiσlnX j (8)

where the function g is the relationship between the logarithm QoI and the logarithms of
input RVs, Xi. µlnX is the vector of RV lnXi taken at their median values, ρ presents the
correlation coefficient, and σlnXi is the standard deviations of the RV lnXi.

The partial derivatives ∂g
∂ lnx j

can be calculated approximately using a finite difference ap-
proach. By selecting one increment of the standard deviation σlnXi above and below the
mean values µlnXi of the RVs:

∂g
∂ lnxi

∣∣∣
µlnX

≈ lnY+− lnY−

2σlnXi

(9)

where lnY+ and lnY− are the logarithms of QoIs calculated for the two perturbed values
of the RV Xi.
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2.2.5. Response Surface Method

Response Surface Method (RSM) is used to build a meta-model in linear and nonlinear
form and is capable to identify the curvatures in the QoIs. MCS is typically used to generate
multiple realizations for the input parameters to calculate the corresponding QoIs. Usually,
a least squares regression method is used to fit the response surface. Having a response
surface, the sensitivity of the input parameters can be obtained by statistical analysis.

2.2.6. Fourier Amplitude Sensitivity Test

Fourier Amplitude Sensitivity Test (FAST) is a technique that is used to estimate the ex-
pected value and variance of the QoI and the contribution of input parameters to the vari-
ance of QoI [71]. The main advantage of the FAST relies on a specific search pattern to
select the initial points from the input parameters which is faster than MCS. In a sense, it is
similar to Sobol’s sensitivity method [72]. In this method, first, a frequency is specified for
each input parameter. Then, the values of inputs are converted along the search curve using
a transformation function. Finally, the variance of QoI is evaluated using Fourier coeffi-
cients which show the contribution of each input parameter. The ratio of the contribution
of each input parameter to QoI’s variance is called the first-order sensitivity index (which
does not account for the interaction terms).

2.2.7. Mutual Information Index

Mutual Information Index (MII) is a technique in which the sensitivity index is calcu-
lated based on conditional probabilistic analysis. Comparing the magnitude of this index
provides information about the importance of each input parameter on QoI [52]. MII in-
volves calculation of overall, Py, and conditional, Py|x, confidence measures. The overall
confidence is measured from the CDF of QoI. The conditional confidence is measured by
keeping an input parameter constant and varying all others and then using its CDF. The
natural sensitivity index is computed as:

αxy =
Ixy

Iyy
(10)

Ixy = ∑
x

∑
y
PxPy|x logn

(Py|x
Py

)
(11)

Iyy = ∑
y
Py logn

(
1
Py

)
(12)

where n = 2 indicates (for example) binary QoI. If Ixy is large, then x provides a great deal
of information about y. On the other hand, if x and y are statistically independent, then Ixy
is zero.
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2.2.8. Pearson’s r Method

Pearson’s product moment correlation coefficient provides a quantitative estimate of the
linear correlation between the input parameters and QoIs. This method is applied to the data
obtained from Monte Carlo simulation and shows the contribution of each input parameter
to prediction uncertainty [73].

rxi,y =
∑

n
j=1

(
xi, j − x̄i

)(
y j − ȳ

)[
∑

n
j=1

(
xi, j − x̄i

2
∑

n
j=1

(
y j − ȳ2

))]1/2 (13)

where xi and y are one of the input parameters and the QoI.

A higher value for absolute r presents a stronger degree of linear relationship. The major
drawback lies in the assumption of a linear relationship between input/output data, and any
potential strong correlation between any pairs of two input parameters.

2.2.9. Spearman’s ρ Method

For the monotonic input/output pairs, the rank transformations (i.e. replacing the values
with their ranks) of the input and output values will have a linear relationship. In this
method, the rank correlation coefficient is indicative of the degree of monotonicity between
the input/output pair. Spearman’s rank correlation coefficient is obtained in the same way
as Equation 13 by operating on the rank transformed data [74].

2.2.10. Partial Correlation Coefficient

The Partial Correlation Coefficient (PCC) technique is used when there exists a strong cor-
relation among different input parameters which may affect the input/output correlations.
PCC accounts for the correlation between input and QoI excluding the effects of other input
parameters. For a system with two input parameters of x1 and x2 and the QoI of y, the PCC
is a metric of the correlation between x1 and y, while eliminating indirect correlations due
to potential relationships that may exist between x1 and x2 as well as x2 and y in the form
of [73]:

r(x1,y)|x2 =
rx1,y − rx1,x2.rx2,y[(

1− r2
x1,x2

)(
1− r2

x2,y
)]1/2 (14)

2.2.11. Partial Rank Correlation Coefficient

The Partial Rank Correlation Coefficient (PRCC) method is an extension of the PCC using
the rank transformation technique as a test of monotonicity between input parameters and
QoI while accounting for relationships between input parameters [75, 76].
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2.2.12. Regression Analysis

Regression analysis can be used for probabilistic sensitivity analysis [77]. In this method
(which is most suitable for independent parameters), the impact of input parameters on the
QoI is investigated using the regression coefficients [78]. Usually, a relationship should be
first fitted between input parameters and the QoI. In the linear form, it is:

yi = β0 +
m

∑
j=1

β j x j,i + εi (15)

where yi is the QoI for ith realization, and x j,i is the ith data point of jth input parameter,
β j are regression coefficients, and ε is the error term. The regression coefficients can be
used as a metric for sensitivity analysis.

2.3. Segmented Input Distributions Sensitivity Methods

In the segmented input distributions sensitivity method, the input parameters are divided
or segmented into two or more empirical distributions based on the results of QoI distribu-
tion partitioning [76]. Typically, the median value of the QoI distribution is chosen as the
dividing point. Therefore, the input parameters are divided into group 1 (those parameters
that generate QoI less than the median) and group 2 (those parameters that generate QoI
more than the median). Next, a series of tests are conducted to compare the characteristics
(e.g., means, medians, and variances) of these segmented input distributions. These statis-
tical quantities are compared to determine whether the samples originated from the same
population [61]. If the segmented input distributions are statistically identical, the QoI is
not sensitive to that parameter. If not, the QoI is sensitive to that input parameter, and the T
value (discussed below) from the test statistic can be used to perform the sensitivity ranking
among various input parameters.

Since there is not enough knowledge of the segmented input random samples and their dis-
tributions, non-parametric statistical tests (distribution-free models) need to be used. In the
following, four non-parametric statistical tests are discussed. The first two (i.e., Smirnov
and Cramer-von Mises) compare the empirical distributions with a null hypothesis of the
distributions originating from the same population. The last two (i.e., Mann-Whitney and
Squared-Ranks) compare means and variances, respectively, of the empirical distributions.
Tied values are also assumed not to exist.

2.3.1. Smirnov Test

The Smirnov Test (ST) is based on the comparison of two empirical cumulative distribu-
tion functions, eCDF1(x) and eCDF2(x), resulted from input parameter segmentation. The
degree of similarity between two CDFs indicates the degree of sensitivity of QoI to that
parameter. The test statistic is computed as:

Tsmf = max |eCDF2(x)− eCDF1(x)| (16)
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2.3.2. Cramer-von Mises Test

The Cramer-von Mises Test (CVMT) follows an approach similar to the Smirnov test;
however, it uses slightly different test statistics as follows:

Tcvm =
n1n2

(n1 +n2)
2 ∑ [eCDF2(x)− eCDF1(x)]

2 (17)

where n1 and n2 are the numbers of samples utilized to estimate the distributions.

For both Tsmf and Tcvm, a larger value corresponds to a larger difference between two seg-
mented parts and indicates a higher correlation between the independent and dependent
variables.

2.3.3. Mann-Whitney Test

The Mann-Whitney Test (MWT) is used to compare the means of two independent samples.
Two CDFs (e.g., X1 and X2) are ordered as a single sample, and ranks are assigned to each
element based on this ordering (assuming there is no tie). The test statistic is computed as:

Tmwh =
n

∑
i=1

Rank(X1i) (18)

Theoretically, if Tmwh of the single sample becomes either very small or very large com-
pared to the other, those two sample means are different. Since this test is two-tailed (i.e.,
the mean of X1 could be larger or smaller than the mean of X2), the sensitivity ranks are
based on a normalized value of Tmwh [61]. The smaller values of Tmwh indicate the more
sensitive parameters because the means of the distributions show a greater difference based
on the partitioning of input data.

2.3.4. Squared-Ranks

In Squared-Ranks Test (SRT), the variances of two independent samples (let’s say X1 and
X2) are compared. As opposed to the Mann-Whitney test, the ranks are not based on the
raw data, but based on the absolute difference between the random sample (e.g., X1i) and
the sample mean (e.g., µX1). The test statistic is computed as:

Tsqr =
n

∑
i=1

[Rank(U1i)]
2 ; U1i = |X1i −µX1| (19)

2.4. Graphical Methods

Graphical methods refer to those methods that present the sensitivity analysis results in the
form of graphs and charts. They provide a visual indication of how an QoI is impacted by
variation in input parameters [79]. For example, a scatter plot can be used to visualize the
impact of individual input parameters on an QoI [80].
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2.5. Other Methods

Borgonovo and Plischke (2016) [81] classified the sensitivity analysis into local and global
methods.

• Local sensitivity analysis techniques: If the assessment is performed around a point
of interest in the model input parameters space, then the results are valid as a local
sensitivity model. Examples include Tornado diagrams, one-way sensitivity func-
tions, differentiation-based methods, and scenario decomposition through finite change
sensitivity indices.

• Global sensitivity analysis techniques: Examples include: screening methods (e.g.,
sequential bifurcation and the Morris), variance-based, moment-independent, and
value of information-based sensitivity methods.

Many other classifications and methods exist, some of which can be found in [82–86].
These methods are mainly based on the correlation of input parameters and the QoI either
directly or in the form of surrogate-based global sensitivity models. These techniques are
not discussed or used in this report.

3. Sensitivity to Material and Modeling Variability

This section provides an in-depth review of several recent sensitivity analyses and Tornado
diagrams on seismic performance evaluations of RC frames.

3.1. Porter et al. (2002)

Porter et al. (2002) [3, 87] investigated the sources of uncertainties that have the largest
impact on the repair costs of a seven-story hotel building with a perimeter moment frame
lateral force-resisting system that included non-ductile detailing typical of 1960s construc-
tion. They used a deterministic sensitivity analysis with Tornado diagram to present the
importance of each RV, Figure 1. The basic RVs are:

• Ground motion intensity, (Sa)
• Details of ground motion (GM)
• Building mass (m)
• Viscous damping (ξ )
• Parameters of the force-deformation relationship for the structural elements (F −d)
• Capacity of building assemblies to resist damage (ASScap)
• Contractor unit costs (Unit$)
• Contractor overhead and profit (O&P)

Since the Tornado diagram requires three values for each RV, they chose to use the 10th,
50th, and 90th percentiles for ground motion intensity. For a normal distribution, with COV
of 0.1, the 10th and 90th percentiles correspond to 0.872 Xn, and 1.128 Xn, respectively,
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where Xn refers to the nominal value of X . They reported that ASScap and ground motion
intensity and details are the most sensitive variables.

Fig. 1. Results of sensitivity analysis; modified from Porter et al. (2002) [3]

3.2. Mosalam et al. (2005-2009)

Lee and Mosalam (2005) [67] performed a seismic demand sensitivity analysis on seven-
story reinforced concrete shear walls using first-order second moment (FOSM) method and
classical method. A 2D model was prepared in OpenSees based on fiber flexibility formu-
lation for beam-column elements. Shear-wall members were modeled using beam-column
elements aligned with the centerline of the shear wall. A flexible SSI at the foundation
level is modeled using spring-type elements in the vertical direction. They considered the
following RVs:

• Ground motion intensity measure (Sa)
• Ground motion profile (GM)
• Mass (Ms)
• Viscous damping (Dp)
• Strength (Streng) through concrete compressive strength, and yield stress of the re-

inforcement
• Stiffness (Sti f f ) through initial tangent stiffness of concrete and Young’s modulus

of the reinforcement

They developed Tornado diagrams in two ways: 1) classical method using the 10th and 90th
percentiles of the RVs, 2) FOSM-based method in which the engineering demand parame-
ters (EDPs) are assumed to have lognormal distributions with estimated means and STDs
from the FOSM results, and the 10th and 90th percentiles of these EDPs are estimated. It
is noteworthy that only the GM parameter is randomly selected (using MCS) because of its
nature. Figures 2(a), 2(b) and 2(c) show a reasonable match between two methods. Three
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(a) [67] (b) [67] (c) [67]

(d) [67] (e) [67] (f) [67]

(g) [67] (h) [88]

Fig. 2. Results of sensitivity analysis; modified from Mosalam et al. (2005-2009) – Part 1

global EDP are used: peak absolute roof acceleration (PRA), peak absolute roof displace-
ment (PRD), and maximum inter-story drift ratio (MIDR). Tornado diagrams showed that
the intensity measure (IM) parameters and ground motion profile are the dominant sources
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of uncertainty for all global EDPs. It is important to note the edges of each swing from the
classical method and FOSM are not necessarily matching unless the relationship between
the EDP and RV is monotonic. They also investigated the sensitivity of local EDPs (i.e., the
curvature at the critical point) and reported that after the IM parameter, viscous damping is
the second significant source of uncertainty. However, depending on the beam or column
and their location in the structure, the sensitivity of material parameters is different, See
Figures 2(d) to 2(g).

Talaat and Mosalam (2009) [88] studied the element removal algorithms in dynamic anal-
ysis of an RC column member and unreinforced masonry (URM) infill wall. Modeling
uncertainty was investigated as part of this research in the context of the deterministic sen-
sitivity assessment of URM. Four parameters are used:

• Seismic hazard level (Sa) with higher and lower hazard levels of 1%/50yr and 3%/50yr
• Wall stiffness (Emi) with deterministic strain, and uncertain strength fm0 (with log-

normal distribution and the bounds with 0.997 confidence interval)
• Live load (LL) with maximum and minimum gravity loads correspond to full and no

occupancy
• Damping (ξ ) with min and max of 2% and 10%

They used the incipient collapse time as a sensitivity metric, and found out it is more
sensitive to spectral acceleration and less to damping ratio, Figure 2(h). Therefore, their
Tornado diagram is based on failure time and includes a global metric. Moreover, this
Tornado diagram does not have equal/balanced wings and the right side is much bigger
than the left one.

Binici and Masalam (2007) [89] provided a comparative sensitivity study showing the
impact of fiber-reinforced polymer (FRP) on the ranking of various parameters in RC
columns. A fiber-discretized frame element was used to simulate the compression zone
of the FRP-confined region through the use of a bond model. The retrofitted plastic hinge
element employs a distributed plasticity model with displacement-based frame elements. A
circular RC cantilever column was modeled using five integration points (geometric non-
linearity is also included). The lap splices were modeled using an effective steel strain
concept. The following RVs were considered for sensitivity analysis:

• Concrete compressive strength ( fc); COV = 0.1
• Concrete tensile strength ( ft); COV = 0.2
• Steel yield stress ( fy); COV = 0.05
• Concrete cover (c); COV = 0.2
• Concrete softening parameter (s); COV = 0.1
• Concrete tensile fracture energy, (G f t); COV = 0.2
• Concrete compressive fracture energy (G f c); COV = 0.2
• Concrete dilatation strain (εdl); COV = 0.1
• FRP modulus of elasticity (E f ); COV = 0.15
• FRP rupture strain (εrup); COV = 0.15
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(a) [89] (b) [89]

(c) [89] (d) [89]

Fig. 3. Results of sensitivity analysis; modified from Mosalam et al. (2005-2009) – Part 2

• Plastic hinge length (Lp); COV = 0.2; Note: Characteristic length lc = Lp× weight of
the integration point

• Splice length (Ls); COV = 0.15
• Bond stress parameter (A); COV = 0.33
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• Applied axial load (Pa); COV = 0.25

Two QoIs were considered, i.e., strength and ultimate drift ratio, and computed by a simple
pushover analysis (no seismic analysis). Figures 3(a) to 3(d) compare the Tornado diagrams
for original and retrofitted columns. It is found that, for the existing column, parameters
such as Lp, fc and Ls are important sources of uncertainty. While for the retrofitted column,
parameters such as E f , εdl and fy are more important RVs. For the un-retrofitted column,
the axial load is also an important variable. Both fracture energy terms are at the bottom of
the list.

3.3. Doľsek et al. (2009-2013)

Dolšek (2009) [90] investigated the sensitivity of a four-story RC frame with a series of
modeling and RTR uncertainties. 12 RVs are considered:

• Mass of the 1st, 2nd, 3rd and 4th floors (m1, m2, m3, m4)
• Concrete strength ( fc)
• Steel strength ( fy)
• Effective slab width (be f f )
• Damping (ξ )
• Initial stiffness of the columns (Θy,c)
• Initial stiffness of the beams (Θy,b)
• Ultimate rotation of the columns (Θu,c)
• Ultimate rotation of the beams (Θu,b)

A total of 14 ground motion records were used to analyze the system. Combining modeling
and RTR variability, they performed a series of extended incremental dynamic analysis
(IDA). Figure 4(a) presents the sensitivity of peak ground acceleration, which corresponds
to the collapse point, PGAC, to the RVs. The sensitivity is measured in terms of a median
Spearman rank correlation coefficient, ρPGA. The median value is calculated based on
the individual response of each ground motion record. The damping, ultimate and yield
rotation in the columns have the greatest influence on the PGAC. According to this figure,
some RVs are positively, and some are negatively correlated with PGAC. The masses have
a minor influence; however, their impact might be positive or negative (swing effect). In
general, for a particular RV, a positive (or negative) median implies that all the individual
ground motion records lead to positive (or negative) correlation too (except for masses in
which for a positive median we might have individual negative correlation too).

Celarec and Dolšek (2013) [91] investigated the sensitivity of two three-story asymmetric
old and contemporary RC frames, and a four-story contemporary RC frame with plan sym-
metry. Lumped plasticity models were used for modeling with inelastic rotational hinges at
their ends and a tri-linear moment-rotation relationship. OpenSees software was used for
simulation. The following 8 RVs were considered:

• Concrete strength ( fc); COV = 0.2

16



NIST TN 2254
July 2023

(a) [90]

(b) 3-old; [91] (c) 3-old; [91] (d) 3-new; [91]

(e) 3-new; [91] (f) 4-new; [91] (g) 4-new; [91]

Fig. 4. Results of sensitivity analysis; modified from Dolsek et al. (2009-2013)

• Steel strength ( fy); COV = 0.05
• Effective slab width (be f f ); COV = 0.2
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• Mass (m); COV = 0.1
• Yield rotation of the columns (Θy,c); COV = 0.36
• Yield rotation of the beams (Θy,b); COV = 0.36
• Ultimate rotation of the columns (Θu,c); ; COV = 0.4
• Ultimate rotation of the beams (Θu,b); COV = 0.6

They chose to use the 16th and 84th fractiles of each RV as the lower and upper bound
in Tornado-based sensitivity analysis, and the median value as reference one. Two QoIs
were used, i.e., near-collapse displacement (Dnc) and peak acceleration at near-collapse
state (ag,nc). The N2 method [92] was used for the seismic performance evaluation. This
method is a pushover analysis that applies a monotonically increasing lateral force to the
frame. Tornado diagrams are presented in Figures 4(b) to 4(g) for three frames. The results
of sensitivity analysis show the greater impact of those RVs, which affect the collapse
mechanism and have higher COV. It is notable that for contemporary frames, the sensitivity
of QoIs to Θu,b is higher, while for order one, the Θu,c is the most sensitive RV.

3.4. Bracchi et al. (2015)

Bracchi et al. (2015) [93] performed a series of sensitivity analyses on masonry buildings
by means of nonlinear static analyses. Eight different configurations of structures were
used with the following six modeling variables:

• Clear height of piers (Hpier) with three options
• Percentage of cracked stiffness vs. initial stiffness (Crcstiff) with three ratios of 50%,

75% and 100% of reduced E and G
• Spandrel length (Spandrel) for both beams and columns
• Percentage of load distributions from floors (Ldist f )
• Vertical load distribution on piers (Ldistp)
• Connections of orthogonal walls (Wallortg) with two options of fully coupled and

uncoupled

In addition, four responses are used as a metric in the Tornado diagram (i.e., stiffness,
ultimate displacement, yielding acceleration, and acceleration). Results are presented in
Figures 5(a) to 5(d). The sensitivity is expressed by the quantity 1

p−value in both X and
Y directions. One may note that p− value ranges from 0.0 to 1.0 (where 0.0 means the
hypothesis can be rejected and 1.0 it cannot). Therefore, a higher value of 1

p−value means
a higher influence of the corresponding modeling uncertainty on the control parameter.
Overall, cracked stiffness and orthogonal walls are the two most influencing parameters.
However, depending on the control parameter and direction of the frame, the important
parameter varies.
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(a) Stiffness; [93] (b) Ultimate displacement; [93]

(c) Yielding acceleration; [93] (d) Acceleration; [93]

Fig. 5. Results of sensitivity analysis; modified from Bracchi et al. (2015)

3.5. Celik and Ellingwood (2010)

Celik and Ellingwood (2010) [94] studied fragility analysis of non-ductile RC frames de-
signed for gravity loads. Various material and modeling uncertainties were considered:

• Concrete compressive strength ( fc)
• Steel yield strength ( fy)
• Structural (viscous) damping (ξ )
• Beam–column joint model parameters:

– Bond-slip factor (α)
– (Normalized) joint shear strength ((τ̄ jh)max)
– Various joint shear strains, (γ j)cr, (γ j)y, (γ j)max, (γ j)res

They provided sensitivity analysis and tornado diagrams for frames with different heights
and different seismic intensity levels. In all cases, damping ratio and concrete compressive
strength are the most sensitive RVs. The generated Tornado diagrams are in three seismic
hazard levels. Except for the first two highly sensitive RVs, the shape and the order of
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(a) 10%/50yr; [94] (b) 10%/50yr; [94] (c) 5%/50yr; [94]

(d) 5%/50yr; [94] (e) 2%/50yr; [94] (f) 2%/50yr; [94]

Fig. 6. Results of sensitivity analysis; modified from Ellingwood et al. (2010)

the Tornado diagram changes depending on hazard level. Moreover, the provided Tornado
diagrams are for median, ¯thetamax, and logarithmic standard deviation, β , of the fitted
lognormal distribution in that hazard level. Figures 6(a) to 6(f) present the results only for
the three-story frame, while the original paper includes six- and nine-story frames too. To
combine the ground motion records from Cloud analysis with model uncertainty, they used
the simplified method with a random combination.

3.6. Li et al. (2020)

Li et al. (2020) [95] investigated the sensitivity and uncertainty in aging RC bridges with 22
modeling parameters. Using the sensitivity analysis, 10 critical parameters were identified.
They reported that the uncertainty in modeling parameters may lead to the difference in the
trajectory of seismic hysteretic response. The following RVs are considered:

• Concrete weight (λw)
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(a) E1; [95] (b) E1; [95]

Fig. 7. Results of sensitivity analysis: part I; modified from Li et al. (2020)

• Pier diameter (D)
• Concrete cover thickness (c)
• Longitudinal reinforcement diameter (φ )
• Damping ratio (ξ )
• Young’s modulus of concrete (Ec)
• Peak strength of cover concrete ( fc,cover)
• Peak strain of cover concrete (εc,cover)
• Ultimate strain of cover concrete (εcu,cover)
• Peak strength of core concrete ( fc,core)
• Peak strain of core concrete (εc,core)
• Ultimate strain of core concrete (εcu,core)
• Young’s modulus of steel rebar (Es)
• Yield strength of steel rebar ( fy)
• Post-yield to initial stiffness ratio (γ)
• Friction coefficient of PTEB (µPT EB)
• Shear modulus of PTEB (GPT EB)
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(a) E2; [95] (b) E2; [95]

Fig. 8. Results of sensitivity analysis: part II; modified from Li et al. (2020)

• Post-yield stiffness of LRB (KP−LRB)
• Abutment ultimate capacity (Pult)
• Abutment passive stiffness (Kpassive)
• Abutment active stiffness (Kactive)
• Pounding effective stiffness (Ke f f )

They conducted the sensitivity analyses under two ground motion levels: E1 and E2 corre-
spond to the earthquake with a return period of 475 and 2500 years, respectively. For each
level, they used 22 pairs (44 components) of records which are scaled to first-mode spectral
acceleration. They followed the concept of traditional sensitivity analysis; however, they
performed the procedure for all 44 records and took the median of EDP at the end to be
used in Tornado diagram. Overall, five EDPs were investigated: (1) curvature of the col-
umn, (2) relative displacement of LRB, (3) relative displacement of PTEB, (4) abutment
deformation, and (5) abutment deformation.

Subsequently, they developed 10 Tornado diagrams (5 EDPs and 2 seismic levels), in which
four of which are shown in Figures 7(a) to 8(b) based on curvature and LRB relative dis-
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placement under two seismic levels. The five most critical RVs are concrete weight, pier
diameter, longitudinal reinforcement diameter, damping ratio, and peak stress of cover con-
crete.

3.7. Stocchi et al. (2019)

Stocchi et al. (2019) [4] investigated the sensitivity of EDP with respect to structural mod-
eling and its typology. Two benchmark models were used: BANDIT (different frames
modeling) and SMART2013 (different wall modeling). For each one, different realizations
of structural models including low-, medium-, and high-complexity numerical models have
been developed. Uncertainty in structural models originates from five RVs: concrete mod-
ulus of elasticity, fracture energy, tensile strength, steel yield stress, and damping ratio.
Results were compared for six EDPs:

• MIDR [%]: maximum interstory drift ratio
• EFDO [%]: eigenfrequency drop off is linked with the stiffness of a structure, and

can be interpreted as a structural damage index
• DUCT [−]: Ductility index is defined as the ratio between the maximum displace-

ment over the last value of the displacement for which the structure remains elastic.
• DER [−]: Hysteretic energy over total input energy is defined as the ratio between

the hysteretic energy over the total input energy.
• ZPA [m/s2]: Zero-period acceleration is defined as the pseudo-acceleration estimated

either when the period is null or when the frequency tends to infinity.
• AMPR [−]: Amplification ratio is defined as the ratio between the maximum pseudo-

acceleration over the ZPA.

F-1D F-2D F-3D W-2D W-3D
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Fig. 9. Results of sensitivity analysis; modified from Stocchi et al. (2019) [4]

They reported the sensitivity of the EDPs in different modeling techniques, and presented
the results in terms of correlation, Figure 9. According to the results, ZPA is one of the
most sensitive EDPs, while AMPR is the least sensitive index.
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3.8. Barbato et al. (2010)

Barbato et al. (2010) [96] performed sensitivity analyses using both the FOSM algo-
rithm (with direct differentiation method – DDM) and traditional min/max methods. In
the FOSM-DDM, they considered three different “relative index” (RI) rankings to develop
the Tornado diagrams:

• RI-1: RI ranking based on sensitivities normalized in the deterministic sense, i.e.,
multiplied by the nominal/mean value of the sensitivity parameter and divided by the
mean of the response quantity.

• RI-2: RI ranking based on sensitivities normalized in the probabilistic sense, i.e.,
multiplied by the STD of the sensitivity parameter and divided by the mean of the
response quantity.

• RI-3: RI ranking based on the relative marginal contributions of the random material
parameters to the total variance of the response.

Likewise, for the traditional method, the lower and upper bounds are defined as follows:

• Minimum and maximum values when the probability distribution is defined over a
finite interval (uniform or beta distributions)

• 10% and 90% fractiles when the probability distribution is defined over an infinite
(e.g., normal) or semi-infinite (e.g., lognormal or exponential distributions).

(a) Ptot=300 kN; [96] (b) Ptot=600 kN; [96]

Fig. 10. Results of sensitivity analysis; modified from Barbato et al. (2010)

All the simulations were performed on a three-story RC building including soil-structure-
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foundation interaction and pushover analysis. The following modeling and material param-
eters were considered:

• Confined concrete peak strength ( fc,core)
• Confined concrete strain at peak strength (εc,core)
• Confined concrete residual strength ( fcu,core)
• Confined concrete strain at which the residual strength is reached (εcu,core)
• Unconfined concrete peak strength ( fc,cover)
• Unconfined concrete strain at peak strength (εc,cover)
• Unconfined concrete strain at which the residual strength is reached (εcu,cover)
• Steel Initial stiffness (E0)
• Steel Yield strength ( fy)
• Steel Post-yield to initial stiffness ratio (b)

Several Tornado diagrams have been developed under variable axial loads. Figures 10(a)
and 10(b) present two samples for the Ptot of 300 kN and 600 kN, respectively. The RI
is expressed as the relative change in the horizontal roof emplacement, ux3 corresponding
to the parameters’ lower and upper bounds using the two above-discussed methods. They
found out that the FOSM-DDM estimates the classical method with good accuracy for the
low-to-moderate level of inelastic behavior. However, for the highly inelastic range, there
is a considerable discrepancy between them.

3.9. Ma et al. (2019)

Ma et al. (2019) [97] studied several material and modeling variables in an RC bridge pier
with OpenSees. They considered the following main RVs (note that all RVs are bounded):

• Damping ratio (ξ ); COV = 0.3
• Volume mass (m); COV = 0.1
• Pier diameter (D); COV = 0.05
• Longitudinal reinforcement diameter (d); COV = 0.05
• Concrete cover thickness (c); COV = 0.05
• Concrete compressive strength ( fc); COV = 0.2
• Steel yield strength ( fy); COV = 0.1

For each RV, the lower and upper bound is based on the applied COV (shown above) on the
mean values. They applied the cloud analysis technique for sensitivity assessment, along
with Morris one-at-a-time method. The presented Tornado diagrams are based on both
mean and STD of drift predictions. Three different site conditions were considered (I: VS30
> 510 m/s; II: 260 m/s < VS30 < 510 m/s; III: 150 m/s < VS30 < 260 m/s), as well as two
ground motion types, i.e., near-fault and far-field. For sites I and III, 15 records have been
used, while for site II a total of 35 records were chosen. They also considered two seismic
design levels (by adjusting the PGA values): frequent earthquake (475 years return period)
- E1 - and rare earthquake (2500 years return period) - E2. Therefore, a total of 24 Tornado
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(a) Site I; [97] (b) Site I; [97] (c) Site II; [97]

(d) Site II; [97] (e) Site III; [97] (f) Site III; [97]

Fig. 11. Results of sensitivity analysis; modified from Ma et al. (2019)

diagrams were developed. Figures 11(a) to 11(f) present some of those only for E1 (note
that the authors of this paper have normalized and combined those plots from their original
form to be more informative). The results show that the Tornado-based sensitivity diagram
is sensitive to input ground motion records and site characteristics. The damping ratio, pier
diameter, and concrete strength are the most important RVs in the majority of cases.

3.10. Haselton et al. (2008)

Haselton et al. (2008) [5] conducted comprehensive research combining three sources of
uncertainty in RC frames: material, modeling, and design RVs. They considered a fully
inter-element correlation between the parameters of different elements. A lumped plasticity
model was used for all simulations. The following 10 RVs have been used:

• Plastic rotation capacity (θcap,pl); COV = 0.6
• Hysteretic energy capacity (normalized) (λ ); COV = 0.5
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(a) Plastic rotation capacity (b) Hysteretic energy capacity

(c) Post-capping stiffness (d) Element strength

(e) Strong-Column Weak-Beam (f) Element initial stiffness

(g) Element hardening stiffness (h) Dead load and mass

Fig. 12. Sensitivity of individual RVs to variation of collapse cumulative distribution function
(P[C]); modified from [5]
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• Post-capping stiffness (Kc); COV = 0.6
• Element strength (My); COV = 0.12
• Strong-Column Weak-Beam design ratio (SCWB); COV = 0.15
• Element initial stiffness (Ke); COV = 0.36
• Element hardening stiffness (Ks); COV = 0.5
• Damping ratio (ξ ); COV = 0.6
• Dead load and mass (DL); COV = 0.1
• Beam design strength (φMn/Mu); COV = 0.2

They performed a special version of “dynamic” sensitivity analysis with µ ±
√

3σ , along
with 10 ground motions. Having also a total of 10 RVs, they developed 2×10+1 models
and performed a full IDA for each one to find their sensitivity to collapse. For any indi-
vidual RV, the variation in collapse CDF is plotted in Figure 12 for mean and lower/upper
bounds. The most notable observation (aside from the sensitivity of collapse to each RV),
is the non-uniform pattern of the CDFs, and unproportional distance of the mean from its
lower and upper bounds (in fact in some cases, the mean CDF crosses the bounds).

For each series of simulations, they fitted a Log-normal distribution to estimate the mean
collapse capacities. Finally, these values were used to develop a Tornado diagram, Figure
13. Also, one may note that they chose to use a generic intensity measure parameter,
Sa(T = 1sec) to compare all these models because the fundamental period of the structure
varies as the stiffness and mass change as RV. Overall, the element plastic rotation capacity
and hysteretic energy capacity are the two most important RVs followed by strong-column
weak-beam ratio. At the bottom of this diagram, we see the damping ratio indicates that the
damping value does not have a large impact on the collapse capacity (note that this finding
is in contrast with other Tornado diagrams summarized in this report). However, they stated
that the damping formulation may be an important factor in collapse simulation.

Fig. 13. Results of sensitivity analysis; modified from Haselton et al. (2008) [5]
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3.11. Kim et al. (2013)

Kim et al. (2013) [98] conducted a sensitivity analysis on the design variables of stag-
gered wall structures. Two six-story RC frame structures were used with and without a
middle corridor in plan design. Perform3D was used for modeling with lumped plasticity
technique. They used both the Tornado diagram and FOSM methods using seven ground
motion records scaled to the maximum considered earthquake level. They chose ±2 STD
as the bounds. The following RVs were used:

• Concrete compressive strength of link beam ( f b
c ); COV = 0.145

• Steel yield stress of link beam ( f b
y ); COV = 0.05

• Concrete compressive strength of wall ( f w
c ); COV = 0.145

• Steel yield stress of wall ( f w
y ); COV = 0.05

• Concrete compressive strength of column ( f c
c ); COV = 0.145

• Steel yield stress of column ( f c
y ); COV = 0.05

• Damping ratio (ξ ); COV = 0.4

(a) GM 1; [98] (b) GM 2; [98] (c) GM 3; [98]

(d) GM 4; [98] (e) GM 5; [98]

Fig. 14. Results of sensitivity analysis; modified from Kim et al. (2013)

29



NIST TN 2254
July 2023

They generated a Tornado diagram for each ground motion separately and did not integrate
them, as shown in Figures 14(a) to 14(e) for five ground motions (for the case study with a
corridor). Results show that the concrete ultimate strength, steel yield stress, and damping
ratio are the most sensitive RVs. Moreover, comparing the results of IDA at different
intensities, they reported that at lower intensity levels the steel yield stress and the concrete
strength in the link beams are important RVs. At higher intensities, the column strength
becomes important too.

3.12. Han et al. (2014-2015)

Han et al. (2015) [99] investigated the seismic performance and sensitivity analysis of two
non-ductile RC frame buildings (three and six stories) subjected to main shock and after-
shock events. The QoIs were taken to be loss-related parameters, i.e., direct loss (i.e., repair
or replacement cost), downtime (summation of irrational and rational downtime), fatalities
(occur when a building partially collapsed), and total loss (as opposed to traditional QoIs).
They used a total of 60 mainshock-aftershocks sequences. The objective of their sensitivity
analysis was to quantify the important RVs for the post-quake decisions. Both structures
are modeled as a 2D frame in OpenSees using displacement-based beam-column elements
with fiber sections. The following parameters were considered in the sensitivity analysis:

• Scaled ground motion (GM); [small; moderate; large]
• Assembly capacity (AC); [elnC−1.28β ; C; elnC+1.28β ] (Note: C and β are mean and

STD values of different fragility groups associated with columns, beams, Drywall,
Ceilings, ...)

• Damping ratio (ξ ); [2.4%; 5.0%; 7.6%]
• Reparability (RP); [0.68%; 1.00%; 1.47%]
• Evacuation (EV); [Prudent; Normal; Imprudent]
• Tagging (TG); [Prudent; Normal; Imprudent]
• Threshold repair cost (TRC); [30%; 40%; 50%] of replacement value

Tornado diagrams have been generated for three scaled ground motion levels separately.
The small, moderate and large earthquakes correspond to those with mean response spec-
tra of 90%, 50%, and 10% of the probability of exceedance in 50 years. Combining three
earthquake levels, two frames, and four QoIs, they generated a total of 24 Tornado dia-
grams. Figures 15(a) to 15(h) illustrate diagrams only for three-story frame and small/large
events. Also, we normalized and combined the diagrams (with respect to the reference
value in each case). The general trend of the Tornado diagram in both buildings is very
similar.

They reported that ground motion uncertainty (cross-comparing the diagrams) and assem-
bly capacity are dominant RVs. A very similar finding has been reported by [3] (See Figure
1). The damping ratio is less impact (as also reported by [5]) yet an important RV compared
to the others. The uncertainty in evacuation becomes an important RV for the fatalities un-
der small and moderate earthquakes. The threshold repair cost is important for direct loss
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(a) Direct; [99] (b) Direct; [99] (c) Downtime; [99]

(d) Downtime; [99] (e) Fatality; [99] (f) Fatality; [99]

(g) Total; [99] (h) Total; [99]

Fig. 15. Results of sensitivity analysis; modified from Han et al. (2014-2015) – Part 1

and downtime under larger earthquakes.

Han et al. (2014) [100] performed a very detailed sensitivity analysis on the impact of base
isolation to retrofit the vulnerable old non-ductile RC frame buildings. They also consid-
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ered the impact of the mainshock–aftershock (MS-AS) sequences in this process. Three
types of uncertainties, i.e., structural, ground motions, and modeling were accounted for.
The model is a seven-story concrete moment frame in California. The beams and columns
were modeled as Beam-With-Hinges elements in OpenSees including two fiber-sectioned
plastic hinge zones at the ends. For retrofit purposes, a base isolation system with lead-
rubber bearings (LRB) is used. The LRBs were simulated using the zerolengthSection
element with the Isolator2spring section. For elastomeric bearings, aging and increase
in temperature are modeled by Kp and Qd , respectively. The following RVs have been used
for sensitivity analysis:

• Concrete compressive strength ( fc); COV = 0.18
• Steel yield stress ( fy); COV = 0.11
• Damping ratio (ξ ); COV = 0.76
• Beam-column joint model parameters (all uniform distribution)

– λ1: normalized force ratio at yield point
– λ2: normalized force ratio at post-yield point
– λmax: normalized force ratio at maximum point
– λ3: normalized force ratio at ultimate point

• Isolation system-related parameters (all uniform distribution)
– Initial post-yield stiffness (Kpi)
– Initial characteristic strength (Qdi)
– Service time (ts)
– Temperature (θ )

A total of 32 as-recorded MS-AS sequences were used. The aftershocks mostly occurred
within a week after the mainshock (i.e., no repair in between) and all the sequences are far-
field ground motions. All the sequences were amplitude-scaled to the Sa(T1) at three hazard
levels, i.e., 50%, 10% and 2% in 50 years. Three QoIs were also used, i.e., the peak inter-
story drift ratio (IDR), the peak shear strain (PSS), and the peak floor acceleration (PFA).
Sensitivity analysis was performed using the probabilistic version of the OAT Tornado
diagram method. Each time, all the scaled records were applied to the uncertain model and
the results were presented in terms of median and logarithmic STD of the fitted lognormal
distribution by maximum likelihood estimation. Bounds for sensitivity analyses were 10th
or 90th percentile of RV.

They developed over 60 Tornado diagrams combining 3 hazard levels, 2 seismic scenarios,
2 models (i.e., un-retrofitted and isolated), 3 QoIs, and 2 statistical quantities (i.e., µ and
β ). Figures 16(a) to 16(h) illustrate some of those diagrams only for IDR at most high-
intensity hazard level (i.e., 2%/50yr). Overall observations are as follows: ξ , fc and fy are
generally the most sensitive RVs for the un-retrofitted frame. The first two are consistent
with [94] (for IDR) and the third is indirectly similar (as both address the joint model). For
the isolated system, ts and θ are also among the sensitive RVs. For PFA, ξ , fc, fy and λ1
have most significant influence on both buildings (+ θ for isolated frame). It seems that
the general sensitivity ranking for MS and MS-AF is similar. Across three seismic hazard
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(a) 2%/50yr; [100] (b) 2%/50yr; [100] (c) 2%/50yr; [100]

(d) 2%/50yr; [100] (e) 2%/50yr; [100] (f) 2%/50yr; [100]

(g) 2%/50yr; [100] (h) 2%/50yr; [100]

Fig. 16. Results of sensitivity analysis; modified from Han et al. (2014-2015) – Part 2
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levels (and based on IDR), the sensitivity pattern changes; however, ξ keeps its first rank
(+ θ as the most important RV in an isolated frame).

3.13. Yazdani et al. (2017)

Yazdani et al. (2017) [6] provided a global sensitivity analysis of two RC frame structures
(two and eight-story) using the entropy approach. This technique is consequentially similar
to the mutual information index which is explained in the theory section. Their sensitivity
analysis considers both the synthetic seismic excitation and structural RVs. A stochastic
ground motion simulation with finite-fault method was used to generate the records. Three
series of ground motions were generated with epicentral distances of 16, 52, and 90 km.
Structural models were prepared in OpenSees based on lumped plasticity beam-column
elements including the P-delta effect. A summary of all RVs is provided here:

• Mass (m); COV = 0.1
• Damping ratio (ξ ); COV = 0.4
• Strength parameters (Strn): fc (COV = 0.175) and fy (COV = 0.1)
• Stiffness parameters (Stif): Ec (COV = 0.08) and Es (COV = 0.033)
• Seismic source (Sorc)
• Propagation path (Path)
• Site effect (Site)

Sorc Path Site m Stif Strn
0

0.2

0.4

0.6
R = 90 km

R = 52 km

R = 16 km

(a) MIDR

Sorc Path Site m Stif Strn
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0.4

0.6
R = 90 km

R = 52 km

R = 16 km

(b) PRA

Sorc Path Site m Stif Strn
0

0.2

0.4

0.6
R = 90 km

R = 52 km

R = 16 km

(c) PRD

Fig. 17. Sensitivity index of seven RVs based for three QoIs; modified from [6]

They investigated three QoIs in sensitivity analyses: maximum inter-story drift ratio (MIDR),
peak absolute roof acceleration (PRA), and peak absolute roof displacement (PRD). Figure
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17 summarizes the results in terms of the sensitivity index (results are for a two-story frame
while the other one is similar). Results depend on the site location and QoI. In general, the
sensitivity of ground motion RVs is higher than structural properties. More specifically, the
seismic source has a dominant effect. In addition, the damping ratio is the most sensitive
RV among the structural parameters.

3.14. Cantagallo et al. (2014)

While nearly all the current application of sensitivity analysis using Tornado diagram is
limited to material and modeling RVs with some limited contributions from loading un-
certainty, [7] developed Tornado diagram for 10 different 3D RC building portfolio using
three ground motion selection and scaling techniques. They used a force-based fiber frame
model using the commercial software Midas. For the first 9 structures, columns are fiber
models, and beams are linear elastic. For structure #10, both the beams and columns were
fiber models. Diaphragms were modeled in all cases and the same nonlinear concrete and
steel material properties were used for 10 structures, Figure 18.

Fig. 18. Sensitivity of type and complexity of the RC buildings; adapted from [7]

They initially chose 61 ground motion records, and used 20 of them for scaling of each
frame based on three approaches:

• Comb1: records selected according to the minimization of the scale factor
• Comb2: records selected according to an additional spectrum-compatibility criterion
• Comb3: Similar approach as of Comb2 but different records

Since the only variables are ground motion-related ones, two variables were considered,
i.e., Sa(T ∗) and RTR variability. They used a method based on Poisson’s recurrence law to
scale the records into the median and 10% and 90% percentiles. Figure 19 presents the drift
swings as RTR variability for each structure and each of the three combination methods.
One intuitive observation is that drift variability increases by increasing the complexity and
irregularity of the structures.
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Fig. 19. Results of sensitivity analysis; modified from Cantagallo et al. (2014) [7]

3.15. Kim et al. (2020)

Kim et al. (2020) [8] studied the effects of construction quality on the sensitivity of fragility
functions including the material and modeling details uncertainty. They used an old RC
building from the 1980s as the case study. Models were built in OpenSees using the
displacement-based beam-column element, i.e., Concrete02 and Steel01. The follow-
ing RVs were considered for sensitivity analysis:

• Concrete compressive strength ( fc)
• Steel yield stress ( fy)
• Longitudinal reinforcement ratio (ρl)
• Volumetric ratio of transverse reinforcement (ρw)

They performed a sensitivity analysis using two upper bounds and two lower bounds for
each RV (totally 4× 4+ 1 = 17 simulations). They used 50 ground motion records and
performed a Cloud analysis. The relative sensitivity of each RV is evaluated by comparing
the seismic fragility curves considering all RVs using the collected swing for each damage
level. Figure 20 shows variation in the relative sensitivity of each RV as a function of
continuous spectral acceleration and four different limit states (LS). As seen, fc is the
dominant RV in nearly all cases. For serviceability LS and low-intensity excitation, fy
shows higher sensitivity. Moreover, for collapse prevention and shear failure LSs, ρw plays
more role.
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Fig. 20. Relative sensitivity of four RVs based on fragility functions; adopted from [8]

3.16. Swensen et al. (2018)

Swensen et al. (2018) [9] studied the sensitivity of the post-yield stiffness ratio, as well
as the hinge length in the seismic performance of several 2D frame structures. They used
three modeling techniques, i.e., concentrated hinge elements with moment-rotation (M-R)
relationships, hinge-length elements with moment-curvature (M-C) relationships, and fiber
sections (FBR). They also used three software to generalize the results, i.e., OpenSees, and
Perform3D. The RVs are:

• Post-yield stiffness ratio (α): 0.05%, 2% and 5% (for M-R).
• Plastic hinge length (Lp): 0.50D, 0.75D and 1.00D and D represents the member

depth (for M-C and FRB).

They applied both the far-field and near-fault ground motion records to the frames (seven
time-histories from each one). In the moment-rotation relationship, the hinge response
was assumed to be bilinear, and the post-yield stiffness values were defined as above. The
moment-curvature hinge models in OpenSees are based on beamWithHinges element. For
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the fiber models, they reported a non-convergence problem in SAP2000 models, and thus,
its results were excluded from sensitivity analysis.

Figure 21 reports the results of some of the sensitivity analyses. As seen, the mean IDR
can differ by up to 30% depending on the software choice and parameter used in modeling.
They reported that differences using identical modeling options (moment-rotation hinges
with nearly elastic-perfectly plastic behavior) can be as high as 10%. In terms of fragility,
the median of being below a certain damage state can vary by 20%+ depending on the
modeling parameters.
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(a) 2 story
0.05% 2% 5% D 0.75D 0.5D D 0.75D 0.5D

0.027

0.028

0.029

0.03

0.031

0.032

(b) 3 story

0.05% 2% 5% D 0.75D 0.5D D 0.75D 0.5D
0.032

0.034

0.036

0.038

0.04

0.042

(c) 9 story

Fig. 21. Sensitivity of the mean IDR to modeling and software choice (black, gray and white);
adopted from [9]

3.17. Choudhury et al. (2018)

Choudhury et al. (2018) [10] evaluated the sensitivity of the RC frames with infill walls.
They compared three models of four-story frames: bare frame, open ground story frame,
and fully infilled frame. This study is probably among the few that compared various sta-
tistical and graphical methods in sensitivity analysis, e.g., displacement sensitivity radar
charts, response sensitivity bar diagrams, Tornado diagrams, Sobol indices, least absolute
shrinkage and selection operator (LASSO) regression, and weighted pie charts. The fol-
lowing RVs were considered for sensitivity analysis:

• Width of column (Bc); COV = 0.0079
• Depth of beam (Db); COV = 0.0094
• Equivalent viscous damping (ξ ); COV = 0.76
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• Concrete compressive strength ( fc); COV = 0.124
• Steel yield stress ( fy); COV = 0.038
• Masonry prism strength ( fm); COV = 0.24
• Unit weight of infill (γm), or infill load (IL); COV = 0.1
• Weight density of concrete (γc); COV = 0.1
• Width of equivalent diagonal strut used for modeling masonry infill walls (Ws). This

value is different for ground (W gr
s ) and upper (W up

s ) stories; COV = 0.394
• Ultimate strain at failure in masonry (εm); COV = 0.43

Sensitivity analysis was performed with seven records and the results were presented sepa-
rately for each one. In all cases, the results were normalized to the median value. Figure 22
illustrates the variation of RVs for three frames (only for one of the ground motion records).
These plots present the continuous variation of the RVs and thus, are a very good method to
capture any potential nonlinearity/curvature in response quantity. For both bare frame and
open ground story frame, Bc, fc, IL, and ξ incur a large variation in the estimates of roof
displacement. However, for the infilled frame, there is practically no variation in response
output due to a change in Bc, Db, fc, fy, γc, IL, ξ and εm, while the two most influential
RVs are Ws and fm.

Fig. 22. Continuous variation of normalized displacement as a function of RV variation, only
for one ground motion; adopted from [10]

They also performed Tornado analysis by varying the parameters to their 16% and 84%
percentiles. Figures 23(a) to 23(c) present the Tornado diagrams for three frames in terms
of normalized displacement. Again, for both bare frame and open ground story frame, Bc,
fc, and ξ are among three sensitive RVs. For the infilled frame, Ws and fm are top RVs.

Furthermore, they performed an extra sensitivity analysis with Sobel’s first indices. A
higher index is indicative of a more sensitive RV. While it is not clear how they combined
the RVs to capture the interaction effect, they provided separate Sobel index graphs for
individual ground motion records and material RVs. A similar observation as of previous
methods was observed. Finally, they performed LASSO regression with similar observa-
tions as of previous methods.

3.18. Yu et al. (2017)

Yu et al. (2017) [101] investigated the sensitivity of the RC frame structures to a column
loss, considering the uncertainties in gravity loads, material properties, and construction
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(a) [10] (b) [10] (c) [10]

Fig. 23. Results of sensitivity analysis; modified from Choudhury et al. (2018)

geometries. Two RC frames were tested using different span aspect ratios (both frames
were eight-story with 4 spans; one span LF = 8.4 m and the other TF = 6.0 m). OpenSees FE
code was used for simulation with displacement-based fiber elements for both beams and
columns, each of which includes five integration points. The corotational transformation
was also implemented. Since the column removal scenario can be conducted on either
exterior (E) or interior (I) columns, a total of 4 parent models were developed: TF-E, TF-I,
LF-E, and LF-I. A total of 17 RVs were used:

• Gravity loads:
– Floor dead load (DL f ); COV = 0.1
– Roof dead load (DLr); COV = 0.1
– Live load (LL); COV = 0.4

• Concrete properties
– Compressive strength ( fc); COV = 0.18
– Tensile strength ( ft); COV = 0.18
– Modulus of elasticity (Ec); COV = 0.077

• Reinforcement properties
– Steel yield strength longitudinal bars ( fy); COV = 0.093
– Steel yield strength transverse stirrups ( fy,t); COV = 0.107
– Steel ultimate strength ( fu); COV = 0.08
– Modulus of elasticity (Es); COV = 0.033

• Construction geometries
– Beam width (Bb)
– Beam height (Hb)
– Span length (L)
– Longitudinal reinforcement areas in beam (As,beam)
– Longitudinal reinforcement areas in columns (As,col)
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– Transverse stirrup area (As,t)
– Concrete cover (t)

The capacity curves were derived using the quasi-static pushdown analysis. They vary the
RVs by one STD to develop the Tornado diagrams. Tornado diagrams were developed for
two damage criteria (DC):

• DC-I: first yielding (plastic-hinge formulation) of steel rebar in RC beams
• DC-II: the ultimate load-resisting capacity

Figures 24(a) and 24(h) present the Tornado diagrams for those selected DC and four mod-
eling scenarios in terms of the load factor, α , the ratio between the recorded gravity load
corresponding to incremental vertical displacement and the nominal gravity load. For DC-
I, DL f and fy are the important RVs, while for DC-II, DL f and fu are the sensitive RVs.
Furthermore, the effect of As,beam on both DC is also considerable. The tornado diagrams
are more symmetric for DC-I than DC-II. Also, the bars in the tornado diagrams for LF are
more skewed than for TF.

3.19. Grubǐsić et al. (2019)

Grubišić et al. (2019) [11] conducted a series of probabilistic simulations to investigate the
impact of numerical modeling techniques on uncertainty quantification and sensitivity anal-
ysis of RC planar frames. A central bay RC frame from the ground floor was chosen from
a typical mid-rise building. The numerical model is then calibrated, and subjected to cyclic
horizontal load. OpenSees was used for modeling based on two modeling approaches:

• Lumped plasticity model with Takeda hysteresis rules [102]. Mu (ultimate bending
moment) corresponds to the moment at the fracture of the first major longitudinal
reinforcement; My (yielding moment) corresponds to the first longitudinal reinforce-
ment yielding of each element individually; Mcr (cracking moment) corresponds to
the initial cracking of concrete.

• Distributed plasticity using BeamWithHinges elements which consider force-based
distributed plasticity over specified plastic hinge lengths near the element ends.

The following RVs were incorporated:

• Steel yield strength ( fy); COV = 0.08
• Steel modulus of elasticity (Es); COV = 0.06
• Confined concrete compressive strength ( fc1C); COV = 0.15
• Confined concrete compressive strain (εc1C); COV = 0.15
• Unconfined concrete compressive strength ( fc1U ); COV = 0.15
• Unconfined concrete compressive strain (εc1U ); COV = 0.15
• Confined concrete crushing strength ( fc2C); COV = 0.2
• Confined concrete crushing strain (εc2C); COV = 0.2
• Unconfined concrete crushing strength ( fc2U ); COV = 0.2
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(a) DC-I; [101] (b) DC-I; [101] (c) DC-I; [101] (d) DC-I; [101]

(e) DC-II; [101] (f) DC-II; [101] (g) DC-II; [101] (h) DC-II; [101]

Fig. 24. Results of sensitivity analysis; modified from Yu et al. (2017)

• Unconfined concrete crushing strain (εc2U ); COV = 0.2
• Vertical load per column (Fv); COV = 0.1
• Length of the column (Lcol); COV = 0.01
• Length of the beam (Lbeam); COV = 0.01
• Depth of the concrete cover for both columns and beams (ccover); COV 0.25
• Cross section depth of the column (Hcol); COV = 0.05
• Cross section depth of the beam (Hbeam); COV = 0.05

42



NIST TN 2254
July 2023

• Plastic hinge length for both columns and beam (Lp); COV = 0.1

(a) [11] (b) [11] (c) [11]

Fig. 25. Results of sensitivity analysis; modified from Grubisic et al. (2019)

They performed a series of reliability analyses using different methods such as MCS (10e5
samples), FORM and SORM, and Mean-Value First-Order Second-Moment (MVFOSM).
They also conducted the sensitivity analysis in two ways:

• Performing a total of 1000 MCS pushover analyses for individual RVs while keeping
the remaining RVs at their mean value. With this method, a range of sensitivity is
obtained (±1 STD) for each RV. Figure 26 shows some of those 17 RVs. According
to this method, fy, Hcol , ccover, Hbeam, FV and fc1C are most important RVs. In a
nonlinear region, after exceeding the yield strength of the longitudinal reinforcement,
the geometry-related RVs were much more important compared to the material RVs.

• Classical Tornado diagram by varying each RV to their 16 and 84th percentiles. Re-
sults are developed for three IDRs as shown in Figures 25(a) to 25(c). In the pre-
dominant linear range of the system (0.4% IDR), the height of the beam and column
are the most important RVs. Moving towards higher drift ratios, the impact of fy is
dominant.
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Fig. 26. Sensitivity range for individual RVs by MCS; adapted from Grubǐsić et al. (2019) [11]

3.20. Faggella et al. (2008)

Faggella et al. (2008) [12] investigated the seismic demand sensitivity analysis of a 3D RC
building subjected to three-component earthquake excitation. A four-story frame is used as
a case study and its model was developed by OpenSees using force-based fiber elements.
The following RVs were incorporated:

• Mass (m); COV = 0.1
• Damping ratio (ξ ); COV = 0.4
• Concrete compressive strength ( fc); COV = 0.064
• Concrete modulus of elasticity (Ec); COV = 0.08
• Steel yield strength ( fy); COV = 0.1
• Steel modulus of elasticity (Es); COV = 0.033
• Ground motion details (GM); COV = -
• Ground motion intensity measure, Sa(T1); COV = 0.84

Fig. 27. Results of sensitivity analysis; modified from Faggella et al. (2008) [12]

For selecting appropriate bounds for ground motion intensity, they first drove the proba-
bility distribution for Sa(T1) from the seismic hazard analysis. The ground motions were
scaled for an IM with a probability of exceedance of 50%/50 yr. Next, A MCS based on
the ensemble of 20 three-component records is performed. Tornado diagrams were based
on 10% and 90% fractiles from each RV. Figure 27 presents the Tornado diagram for maxi-

44



NIST TN 2254
July 2023

mum IDR in both X and Y directions. Sa(T1) and GM RTR variability are the predominant
RVs followed by damping and the mass.

3.21. Segura et al. (2022)

Segura et al. (2022) [103] performed a sensitivity analysis using OAT Tornado diagram on
an RC circular bridge column. A detailed fiber-based model was developed in OpenSees
and is subjected to an intensifying artificial acceleration. There are three advantages in
using such a dynamic excitation: the overall number of transient simulations remains in
a manageable range (i.e., 2N + 1, where N is the number of variables), the results are
independent of specific ground motion records, and the sensitivity analysis can be evaluated
at different seismic intensities.

Extensive data collection and statistical post-processing is used to develop appropriate dis-
tributional models for each property. The following material parameters were considered
to be random:

• Steel yield stress ( fym); COV = 0.046 (Grade 60), 0.039 (Grade 80), 0.034 (Grade
100)

• Steel peak tensile stress ( fu); COV 0.043 (Grade 60), 0.034 (Grade 80), 0.037 (Grade
100)

• Steel fracture strain (ε f ); COV = 0.136 (Grade 60), 0.127 (Grade 80), 0.128 (Grade
100)

• Steel elastic modulus (Es); COV = 0.033 (for all three grades)
• Steel strain hardening ratio (b)’ COV = 0.194 (Grade 60), 0.176 (Grade 80), 0.130

(Grade 100)
• Unconfined concrete elastic modulus (Ec0); COV = 0.114 (for all f ′c values)
• Unconfined concrete peak compressive stress ( fc0); COV = 0.155 (for f ′c = 28 MPa),

0.125 (for f ′c = 35 MPa), 0.075 (for f ′c = 41 MPa)
• Unconfined concrete peak compressive strain (εc0); COV = 0.187 (for f ′c = 28 MPa),

0.193 (for f ′c = 35 MPa), 0.186 (for f ′c = 41 MPa)
• Concrete tensile rupture stress ( ft); COV = 0.211 (for f ′c = 28 MPa), 0.193 (for f ′c =

35 MPa), 0.185 (for f ′c = 41 MPa)
• Confined concrete elastic modulus (Ecc); COV = 0.150 (for f ′c = 28 MPa), 0.156 (for

f ′c = 35 MPa), 0.154 (for f ′c = 41 MPa)
• Confined concrete peak compressive stress ( fcc); COV = 0.119 (for f ′c = 28 MPa),

0.102 (for f ′c = 35 MPa), 0.063 (for f ′c = 41 MPa)
• Confined concrete peak compressive strain (εcc); COV = 0.155 (for f ′c = 28 MPa),

0.166 (for f ′c = 35 MPa), 0.172 (for f ′c = 41 MPa)
• Concrete softening modulus (Eccdeg); COV = 0.171 (for f ′c = 28 MPa), 0.144 (for f ′c

= 35 MPa), 0.100 (for f ′c = 41 MPa)

Figure 28 presents the results of the sensitivity analysis as a Tornado diagram with respect
to the percentage difference in the drift envelope value determined at four different shaking
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intensities as compared to the model with all material properties set at their mean value.
The shaking intensities are represented by Sa(T1). For the case study column, Sa(T1) =
0.5g represents low ductility demand; Sa(T1) = 1g and 3g are representative of design-level
ductility limits for bridges classified as Recovery and Ordinary according to the Caltrans
Seismic Design Criteria; and Sa(T1) = 4.5g represents the intensity for which the median
model is expected to reach collapse-level drift demands, assumed herein as a drift ratio of
0.1 rad.

According to these results, drifts are most sensitive to material properties that define the
hardening branch of the concrete stress-strain curve and the elastic branch of the reinforcing
steel stress-strain curve. Drifts are likely to be insensitive to Edeg, only marginally sensitive
to b, fu, and ε f , and moderately sensitive to Ec0, fcc, and εcc. Results also demonstrate the
outcome of sensitivity analysis depends on the shaking intensity.

Fig. 28. Results of sensitivity analysis; modified from Segura et al. (2022)

4. Sensitivity to Beyond “Material and Modeling” Variability

Sensitivity analysis is not limited to RC structures, and there are several examples of its
application on different engineering structures. While the focus of this report is to provide
a detailed application, method, type of RVs, and the results of sensitivity analysis for RC
structures, many other valuable findings can be uncovered by exploring other publications.
Therefore, the objective of this section is to provide some comparative results that can be
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found in the literature on sensitivity analysis of structures. Each sub-section discusses a
topic that is directly or indirectly related to the sensitivity analysis. They cover topics that
are beyond the sensitivity analysis of a structure with material and/or modeling uncertainty.
For example, the impact of software, the choice of demand parameter, the choice of analysis
technique, etc. are all discussed in this section.

4.1. Sensitivity to Software

Some researchers investigated the sensitivity of the adopted software in the response quan-
tification of structural systems. [9] compared three software platforms, i.e., OpenSees,
Perform3D, and SAP2000 for nonlinear response sensitivity of three frame structures,
and reported the choice of software is more pronounced at the local/element level than
at the global/system level. Alwaeli et al. (2017) [104] compared ZEUS-NL (with two (ini-
tial and improved) 2D nonlinear models using two-node fiber-based frame elements) wiht
PERFORM-3D (3D four-node fiber-based model). They reported that both software can
sufficiently predict global deformation. However, the four-node model in PERFORM-3D
showed better performance in accounting for the 3D effects of deformation compatibil-
ity between lateral and gravity force-resisting systems. [13] compared some medium size
specialized software for masonry buildings (e.g., 3Muri and 3DMacro), as well as some
more general FE packages such as DIANA and ANSYS, and some university codes like
Code ASTER. The crack profiles resulted from pushover analysis among different methods
present sensitivity of the response with considerable variation, see Figure 29. Moreover,
Asgarian et al. (2010) [105] compared the deterministic seismic response of a high-rise
concrete tower analyzed using ANSYS, ABAQUS, and OpenSees. They reported some
discrepancies in the linear range between uni-axial and multi-axial element formulations.
As for the nonlinear analyses, the discrepancy moves to earlier times.

Fig. 29. Sensitivity of cracking/damage/fracture map of a column at collapse point to the
software choice; adapted from [13]

4.2. Indirect Sensitivity Assessment

While the majority of sensitivity analysis techniques yield clear conclusions, ranking the
RVs based on their relative sensitivity (e.g., swings in Tornado diagram, or any type of
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sensitivity index), some applications indirectly present the results of sensitivity analysis.
The most famous form is the sensitivity in seismic fragility functions. This can be divided
into three parts:

4.2.1. Type-I

Sensitivity in fragility curves due to random variations in the material properties or model-
ing parameters. For example, Figure 30(a) compares fragility curves at a limit state using
the lower and upper bound of material/modeling RVs for each one. IM-dependent sensi-
tivity in the probability of failure, Pf , can be tracked in this figure. Examples of this type
of sensitivity is addressed in [106] for cable-stayed bridges, [107] for pile-group-supported
bridges on liquefiable soil, [46] for transmission towers.
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Fig. 30. Indirect sensitivity assessment through seismic fragility functions

4.2.2. Type-II

Sensitivity in fragility curves due to incorporating additional sources of uncertainties. For
example, Figure 30(b) compares upper and lower bound fragility curves for two uncertain
scenarios: (1) only ground motion variability, and (2) ground motion and material variabil-
ity. As seen, each of the upper and lower bound fragility curves is sensitive to incorpo-
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rating extra (here material) sources of uncertainty. Examples of this type of sensitivity are
addressed in [106] for cable-stayed bridges.

Haddad et al. (2019) [108] compared fragility functions based on the confidence factor
method at three knowledge levels (KL), i.e., KL1, KL2, KL3 with increasing achieved
knowledge. Any change in KL will affect the uncertainty source and thus, changes the
fragility function.

4.2.3. Type-III

Sensitivity in fragility curves due to adopted probabilistic analysis technique. It is well-
established that fragility curves are sensitive to the probabilistic seismic analysis technique.
For example, Figure 30(c) compares the fragility curves in two limit states resulted from
IDA and CLA methods. Examples of this type of sensitivity are addressed in [106] for
cable-stayed bridges, [109] for highway bridges. The sensitivity of fragility curves to the
ground motion meta-features is also categorized under this group [110].

Zhong et al. (2012) [111] conducted research on sensitivity analysis and importance mea-
sures for RC columns from seismic fragility estimates. They differentiated between the
concept of sensitivity and importance. Sensitivity analysis is used to determine to which
parameter(s) the reliability of a structural component is most susceptible [112]. Assuming
f
(
r,Θ f

)
to be the joint PDF of basic RVs in r with a set of distribution parameters Θ f

(e.g., mean, standard deviation, correlation). The sensitivity vector is computed using the
proposed model by [113]:

δ = σ .∇Θ f β (20)

where σ is the diagonal matrix with diagonal elements given by the standard deviation of
each RV in r, ∇Θ f is the gradient function, and β is the reliability index.

The importance measure shows the contribution of each RV to the variability of the limit
state function. The importance vector is defined using [114] model:

γ
T =

αT .Ju∗,z∗ .SD′

||αT .Ju∗,z∗ .SD′||
(21)

where α is a vector of the negative normalized gradient of limit state function at the design
point in standard normal space, Ju∗,z∗ presents the Jacobian matrix of the probability trans-
formation from original to standard normal space, and SD is the diagonal matrix consisting
of standard deviations of equivalent normal variables.

They implemented this method on two columns (one is shown here). Figure 31(a) presents
the sensitivity measures for the deformation and shear fragility estimates for the means
of the random variables in r for Sa = 0.95g and PGV/PGA = 0.19 sec (selected based on
hazard map and for strong motions). These values are computed for the “expected value
of the RV”, E(.). As seen, the yield stress of confining concrete and concrete compressive
strength, and spacing of transverse reinforcement are top sensitivity RVs. In this context,
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the positive sign of the sensitivity measure indicates that the RV serves as a resistance
(capacity) variable, while the negative sign means that the RV acts as a load (demand)
variable.

Likewise, Figure 31(b) presents the importance measures. As seen, a lot of extra RVs
are added to account for the random errors in demand (D) and capacity (i.e., εD and εC),
the parameters in the demand and capacity models (i.e., θ i

D and θ i
C), and mean model

errors (i.e., σD and σC). The importance measures suggest that the random errors in the
probabilistic capacity and demand models represent the principal sources of uncertainty.
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Fig. 31. Comparison of sensitivity and importance measures for the deformation and shear
fragility estimates

4.3. Sensitivity to EDP Effect

Conducting any type of sensitivity analysis requires the determination of a series of random
variables and also the target QoI (or EDP). In general, the selected QoI should be (1) a
good representation of the input-output relationship for the case study structure (which is
typically used by the engineers), and (2) a good representation of the loss model for the
subsequent decision-making steps (which is typically used by the stakeholders). Upon
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reviewing the literature, the following major groups can be identified:

4.3.1. Group-I: Direct QoIs

Direct QoIs are structural EDPs that are computed from the structural analyses. These
quantities can be obtained directly from FE software (e.g., displacement, acceleration, or
stress), or they can be computed as a separate indicator (e.g., damage index). The latter one
is more complex and typically requires a combination of several single-variable QoIs. For
example, a damage index might be a function of structural height, peak displacement, crack
length, and the amount of dissipated energy. At any rate, the direct QoIs can be classified
into two main groups:

• Local QoIs: those who might be a good representative for a particular (typically
critical) location of the structure. In the case of frame structures, this can be the inter-
story drift ratio at first floor. QoIs such as maximum inter-story drift ratio (MIDR),
maximum floor acceleration (MFA), and normalized hysteretic energy (NHE) are
typically used for frame structures [110]. Another example can be cracking stress at
the dam heel/toe.

• Global QoIs: are more generic and account for the global response of the structure.
For example, roof displacement in buildings or crest displacement in dams. Ductility,
strength, and energy dissipation are also categorized in this group [115].

4.3.2. Group-II: Indirect QoIs

Group-II QoIs refer to the QoI which are indirectly computed from the results of structural
analysis by combining them with hazard models and loss estimation. Examples of this type
of QoI can be found in [116, 117], where [116] compared the results of sensitivity analysis
using three methods of Tornado diagram, FOSM, and LHS using the variable in life-cycle
cost (LCC) analysis of an offshore platform structure. Lamprou et al. (2013) [117] used
repair cost as a metric (calculated based on drift- and acceleration-sensitive components)
for life-cycle loss estimation and global sensitivity assessment.

4.3.3. Group-III: Failure-based QoIs

Sometimes the sensitivity is measured based on the duration in which the structural system
can endure the applied stressor [118]. In case the stressor has a dynamic nature, the metric
can be based on the “elapsed time” (from the beginning of loading to the target limit state)
or the “failure time” (corresponds to collapse/un-convergence of the structure). However,
if the simulations are based on a quasi-static loading protocol, the sensitivity analysis can
be developed based on the number of cycles at the collapse point.

Figures 32(a) and 32(b) compare the sensitivity of time-dependent cracking DI in a concrete
dam with respect to concrete strength (i.e., ft and fc) [119]. Using the failure time as a
metric, the system is highly sensitive to ft and practically insensitive to fc. Also, Figure
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Fig. 32. Sensitivity analysis through the concept of failure time (i.e., Group-III)

32(c) presents the results for the combined sensitivity of all RVs, and as seen the upper
bounds of all RVs make the system very resilient to shaking and do not cause any damage
(the curve associated with upper bound is a flat line with zero DI). The simulations benefit
from an intensifying acceleration function that dynamically pushes the structure from its
linear elastic to nonlinear range, and finally causes collapse [120]. A similar approach is
also reported by [121] and [122] for mass and reinforced concrete structures, respectively.
A similar idea has been used by [123] for sensitivity analysis of the failure time in RC
frames under post-earthquake fire.

One should not forget that apart from the QoI itself, the threshold value which is consid-
ered to extract the sensitivity results is very important. This is because not all epistemic
RVs are activated in the entire range of response quantity. Parameters such as the elasticity
of the system are active since the beginning (i.e., under the low-intensity loading proto-
cols); however, these parameters, which are related to the damage (e.g., yielding, cracking,
or crushing), might be active only under medium to high-intensity loading. For example,
[107] developed different Tornado diagrams for pile-supported bridges based on first-yield
curvature and ultimate curvature values. Liel et al. (2009) [124] developed two Tornado
diagrams for a four-story frame structure using four meta-RVs (i.e., beam/column ductil-
ity/strength) and two limit states, i.e., collapse and 1% drift ratio. They showed that column
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strength is the most sensitive RV for the median collapse capacity, followed by column duc-
tility. Comparing two limit states, they found that modeling RVs are more significant for
the collapse limit state.

4.4. Sensitivity to Individual Ground motion Record

Several studies in Section 3 were based on probabilistic seismic analysis methods, e.g.,
[5, 67, 90, 94]. In all cases, the results of sensitivity analysis were presented in the form of
mean or median, as well as the lower and upper bounds (such as 10-90% or 16-84%). So
far, none of the research provided a detailed relationship between the ground motion record
and the sensitive RVs.
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Fig. 33. Detailed sensitivity analysis with individual ground motion records; generated with
data from [14]
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Hariri-Ardebili and Boodagh (2018) [14] provided detailed information for sensitivity anal-
ysis of a cantilever-type concrete structure with over 100 ground motion records. Three
concrete properties were assumed to be random: modulus of elasticity (Ec), mass density
(ρc), and hysteretic damping (ηc). In each case, a separate sensitivity analysis was per-
formed with lower and upper bound (LB/UB) values.

The first column in Figure 33 illustrates the distribution of normalized lower and upper
bound drift values with respect to the reference one. As seen, increasing Ec decreases
the mean and standard deviation of the fitted normal distribution. This is consistent with
the physics of the problem because increasing Ec makes the system more rigid. However,
this is not always the case, and for some of the ground motion records, the trend is the
opposite. Indeed, the LB and UB have considerable overlap. A similar discussion is valid
for ρc and ηc, where the overlap between two distributions is larger for ρc. The second
column in Figure 33 shows the relation between the LB and UB with the intensity of the
applied ground motion. There is absolutely no correlation between the seismic intensity
(Sa(T1)) and the normalized bound value. This has been tested for other intensity measure
parameters such as Sa(T1), PGA, PGV, cumulative absolute velocity (CAV), Arias intensity,
etc. and no significant correlation was observed too. This confirms the unreliable result of
sensitivity analysis when a single ground motion record is used.

Nasrollahzadeh et al. (2022) [15] analyzed two four- and eight-story RC frame structures
with the IDA method combined with modeling uncertainty in the backbone curve used to
model the beams and columns. More precisely, the frames were developed with OpenSees’
lumped plasticity model using a tri-linear backbone curve as constitutive relation. Four
modeling parameters in beams (b) and columns (c) are assumed to be variable:

• Cyclic deterioration capacity (λ ); COV = 0.5 (RV1: λb, RV2: λc)
• Ratio of capping to yield moment (Mc/My); COV = 0.1 (RV3: (Mc/My)b, RV4:
(Mc/My)c)

• Plastic rotation (θp); COV = 0.6 (RV5: θpb , RV6: θpc)
• Post-plastic rotation (θpc); COV = 0.6 (RV7: θpcb , RV8: θpcc)

A total of 25 LHS-based samples were drawn for each frame and combined with IDA anal-
ysis using 44 ground motions. This results in 1,100 single-record IDA curves for each
frame. The seismic intensity measure capacity, IMc, is identified for all IDA curves which
correspond to the failure point. Figures 34(a) and 34(b) present two matrices showing
the IMc for the four-story and eight-story frames. These matrices, indeed, illustrate the
sensitivity of failure capacity to three main factors: modeling randomness, ground motion
record-to-record variability, and the frame type (or height). In general, there is no explain-
able pattern in IMc showing the importance of ground motion RTR variability when it is
combined with modeling/material randomness.

For each of the forty-four ground motion records, the sensitivity of collapse capacities was
computed with respect to eight input RVs. The linear correlation assumption was used.
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Fig. 34. Sensitivity of collapse capacity to ground motion and modeling uncertainty including
their linear correlation with input RVs; modified from [15]

Let us assume that for a sampling of the input random vector X =
{

xxx(1),xxx(2), ...,xxx(N)
}

,

the corresponding model response is Y =
{

y(1),y(2), ...,y(N)
}

. The input-output (I-O)
correlation is computed using a linear correlation coefficient between ith input and the
output:

ρ
i
I−O

def
= ρ (Xi,Y ) =

E [(Xi −µi)(Y −µY )]

σiσY
(22)

where µi
def
= E [Xi], µY

def
= E [Y ], and σi and σY are the standard deviations.

To evaluate the sensitivity of IMc, each column in Figure 34(a) (or Figure 34(b)) was as-
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sumed to be y(i) (a vector of 25×1), while the X is the 25×8 matrix of LHS-based input
RVs. This means that sensitivity indices are computed separately for each ground motion
record. For a particular ground motion record, the sensitivity indices are recorded in an
8×1 vector, while the results of all ground motions are recorded in an 8×44 matrix, See
Figures 34(c) and 34(d). According to these figures, the impact of input RVs on IMc of
four- and eight-story frames is different. For the four-story frame, RV3 and RV4 are the
least sensitive variables, while all other six RVs have a much higher sensitivity index. In
the case of the eight-story frame, again RV3 and RV4 have minimum sensitivity index;
however, depending on the ground motion’s inherent characteristics, the sensitivity matrix
is very heterogeneous. It seems that a combination of different modeling uncertainties with
ground motion records has a completely different local impact on the structural system (as
seen in multiple plots of Figure 34).

4.5. Sensitivity for Strengthening and Rehabilitation

Sensitivity analysis can be used to evaluate the performance of the rehabilitated and strength-
ened RC components or frames using fiber-reinforced polymers (FRP). Sensitivity results
can be used as a metric to assess the effectiveness of strengthening or to compare different
rehabilitation strategies [125]. Sensitivity assessment can be limited to OAT methods and
parametric studies [126], or they can be obtained from a surrogate model [127].

Coronado and Lopez (2006) [128] conducted a series of sensitivity analyses on FRP-
strengthened RC beams with respect to concrete properties such as tensile strength, frac-
ture energy, tension softening, compression model, and angle of dilatancy. In each case,
the load-displacement curves were developed. They showed that depending on the failure
mode, the material RVs can be significant or not. For example, for the beam failing by
concrete crushing, the tensile strength and fracture energy are not important. However, for
the beam failing by plate debonding, they play an important role. For continuous variables,
they used three options (similar to the Tornado diagram), and for categorical ones, they
used two/three options.

0.2 0.4 0.6 0.8

Fig. 35. Sensitivity analysis in the context of structure strengthening; adapted from [16]

Naderpour (2019) [16] performed a sensitivity analysis to estimate the capacity of FRP-
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strengthened circular RC columns. First, an adaptive neuro-fuzzy inference system was
developed. Next, the sensitivity analysis was conducted by varying an RV OTA in its
normalized range from 0.1 to 0.9 and keeping others in their median value. Figure 35
illustrates the sensitivity analysis for seven RVs: column height (L), maximum axial com-
pressive strength of unconfined concrete ( fc0), modulus of elasticity of FRP (E f rp), the
total area of longitudinal bars (As), yield strength of longitudinal steel ( fy), confinement
pressure provided by FRP ( fl), and confinement pressure provided by transverse steel ( fls).

4.6. Sensitivity of Progressive Collapse Assessment

According to ASCE/SEI 7 [129], progressive collapse is defined as “the spread of an initial
local failure from element to element, which eventually results in the collapse of an entire
structure or a disproportionately large part of it.” The initial damage can be due to a variety
of accidental events such as gas explosion, vehicular collision, blast, tornado, or other
extreme loads [130]. Typically, a probabilistic analysis is required to properly capture the
extent of collapse and provide a basis for risk management. As a companion to probabilistic
performance assessment, sensitivity analysis provides useful information about the most
affecting factors.

As discussed in Yu et al. (2017) [101] (see Section 3 and Figures 24(a) and 24(h)) pro-
gressive collapse can be modeled by column loss approach which significantly affects the
results of Tornado diagram. A similar element removal study in RC frames has been re-
ported by [88] and discussed in Figure 2(h). Farahani et al. (2018) [131] used the results
of sensitivity analysis to identify the most critical elements within the RC structures whose
elimination can trigger the collapse. They also modified the conventional pushdown analy-
sis method by loading the entire structure gradually. They provided some recommendations
on the location of more sensitive columns based on the size, and height of the structures.

Parisi et al. (2019) [17] discussed the results of a multilevel sensitivity analysis to charac-
terize the progressive collapse capacity of a class of modern RC buildings. Two sensitivity
scenarios are considered: (I) ultimate load capacity and corresponding maximum and resid-
ual drifts to the ultimate steel strain, and (II) location of column removal. Moreover, five
performance limit states associated with increasing levels of damage are accounted for. A
total of five key RVs were considered for what concerns material and geometrical proper-
ties:

• Compressive strength of concrete ( fc); COV = 0.1
• Yield strength of steel reinforcement ( fy); COV = 0.1
• Span length of primary beams (Lx); COV = 0.2
• Span length of secondary beams (Ly); COV = 0.2
• Longitudinal reinforcement ratio of primary beams (ρ); COV = 0.05

Figure 36 illustrates the Tornado diagram for different limit states. Results indicate high
sensitivity to the ultimate steel strain, column location in plan, beam span, and yield steel
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strength. Mucedero et al. (2020) [132] also conducted a multi-level sensitivity study high-
lighting the role of inelastic material models in the assessment of the progressive collapse
performance of RC buildings. Sensitivity to uneven application of the downward load
and boundary conditions at the base of the reference structure, together with its geome-
try/asymmetry and material properties were also investigated. Results of sensitivity analy-
sis were presented in the form of load-displacement curves for a middle column by gradu-
ally increasing or decreasing the values of one random variable and keeping others constant.
Finally, the statistics are computed for some limit states such as yielding and crushing. A
similar approach is also reported by [133] for different RC components, e.g., beams and
walls.

(a) LS 1 (b) LS 2 (c) LS 3

(d) LS 4 (e) LS 5

Fig. 36. Tornado diagrams of load capacity under two column removal scenarios (i.e., Sn1
and Sn2) for various limit states; adopted from [17]
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4.7. Sensitivity for Life Cycle Analysis

While most of the sensitivity studies on RC structures are limited to a particular seismic
scenario, this concept can be investigated in a more broad framework of life cycle anal-
ysis (LCA). An LCA is a tool to analyze the environmental impacts of a building, from
construction to end-of-life; thereby identifying ways to reduce those impacts [134]. Such
a comprehensive assessment requires many input parameters, which may be uncertain. A
group of studies aims to determine the sensitivity of the real environmental impact accord-
ing to aspects related to decisions made during the execution stage [135–140]. Sensitivity
analysis can be integrated with LCA to identify the most appropriate material for construc-
tion purposes [141].

Groen et al. (2014) [142] compared seven sensitivity analysis methods (one-at-a-time, ma-
trix perturbation, method of elementary effects, Taylor expansion, standardized regression
coefficients, random balance design, and Sobol sensitivity index) applied to three types of
case studies: a linear system, a nonlinear system, and a large linear system with large input
uncertainties. Overall, they recommended the perturbation method for local sensitivity and
the Sobol method for global sensitivity analysis.

Ferreiro-Cabello et al. (2017) [143] investigated the sensitivity of factors during the LCA
and beyond the control of the planner or designer, e.g., distance traveled for component
transport, working hours, and materials wasted during the production and construction pro-
cess. Six different scenarios were studied and found that hourly yield had a minimal effect
on the generated environmental impact. Sensitivity analysis was conducted by a simple
parametric model evaluation.

Larsson et al. (2019) [18] provided an overview of different uncertainty sources in LCA
of infrastructure projects and evaluated their influence on the results using the sensitivity
analysis. They showed that besides the influence of uncertainty in emission factors, param-
eters such as material amounts and service life play a significant role in the variability of
model output. They used variation mode and effect analysis (VMEA) for sensitivity anal-
ysis and uncertainty quantification. The quantitative form of VMEA entails a linearization
of the limit state function around a nominal point, and in that respect, VMEA is equivalent
to FOSM. Two measures were considered: Global Warming Potential (GWP), expressed
in tonnes of CO2-equivalent, and Cumulative Energy Demand (CED), expressed in Giga-
joules. Sensitivity analysis was implemented on an RC bridge. Figure 37 illustrates the re-
sults of the local sensitivity analysis of the outputs GWP/year and CED/year for the bridge
LCA model. Moreover, they performed a global sensitivity analysis using the Monte Carlo
method and concluded that it is similar to Tornado diagram when including uncertainties
for emission factors and material amounts.

Van-Loc et al. (2018) [19] conducted a sensitivity analysis to establish the relationship
between service life and design parameters and environmental exposure conditions for RC
structures. An application is implemented on RC structures exposed to carbonation. The
following eleven input RVs were considered:
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Fig. 37. Sensitivity analysis an RC bridge in the context of life cycle analysis; adapted from
[18]

• Concrete mix
– Cement content (C)
– Water-to-cement ratio (W/C)
– Sand-to-gravel ratio (S/G)
– Maximum aggregate size (Smax)

• Cement
– Cement type (CEM)
– Cement strength class ( fcem)

• Concrete cover depth and initial curing period
– Concrete cover depth (d)
– Initial curing period (tc)

• Environmental parameters
– Temperature (T )
– Relative humidity (RH)
– CO2 concentration in the air (CO2)

They used two sensitivity analysis methods: Sobol technique [144] and Morris method
[145]. For Sobol method, sensitivity is reported based on first order, S j, and total, STj ,
indices. Moreover, Morris method presents the sensitivity based on the mean value of the
elementary effects, µ j, the absolute value of mean values, µ∗

j , and standard deviation of
the elementary effects, σ j. The relative sensitivity indices are illustrated in Figure 38. The
most influential design parameters obtained are fcem, W/C, and CEM. Overall, there is a
good agreement between the two sensitivity analysis methods.
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Fig. 38. Sensitivity indices of eleven RVs for LCA of RC structures exposed to carbonation;
adopted from [19]

4.8. Sensitivity for Optimality in Design and Construction

As discussed before, sensitivity analysis can be used both in the framework of design and
analysis. Design sensitivity analysis calculates the gradients of the objective and constraint
functions with respect to design variables [146]. This includes (but is not limited to) eval-
uating the sensitivity of the performance measures with respect to product performance,
failure probability, and construction cost. In structural engineering and mechanics, the
sensitivity analysis is typically used for structural design optimization [147] with various
linear and nonlinear (both material and geometric) formulations [148–150].

Sensitivity analysis has been used in various aspects of RC frames design to improve the
optimal design algorithm, to control the performance objective, or to determine the sensi-
tivity of the solution of the optimization to changes in the cost function parameters [151].
Martins et al. (2020) [152] used a sensitivity analysis with a discrete direct method to
compute the sensitivities of the design objectives, the allowable values of which are de-
pendent on the design variables. Other examples of parametric-sensitivity analysis on RC
structures can be found in [153]. [154] used the results of both local and global sensitivity
analysis methods to determine the contributing factors in a complex multi-parameter Bouc-
Wen-Baber-Noori model. This model is used to characterize the RC columns’s failure in
different modes using a multi-objective optimization algorithm.
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4.9. Sensitivity of RC Frames in Presence of Infill

The majority of papers discussed in Section 3 have been focused on sensitivity analysis
of material and/or modeling variables in RC frame structures. However, a large percent-
age of RC frames includes either RC shear walls or infills (concrete or masonry). This,
indeed, opens the doors for a new series of sensitivity analyses to understand the overall of
this hybrid system and reevaluate the sensitive variables in the presence of another highly
uncertain structural system. A detailed example of this type of sensitivity was discussed
already in [10] and Figures 23(a) to 23(c). Sensitivity analysis of RC frames including ma-
sonry infill [155–158] and RC walls [159] have been investigated already. [160] discussed
sensitivity analysis in the context of seismic performance of ancient mixed masonry-RC
buildings.

Ricci et al. (2012) [2] conducted a very comprehensive study on the impact of infill in vari-
ous sensitivity responses of RC frames. First, a series of parametric studies were designed,
as shown in Figure 39. Next, Tornado diagrams were generated for each one. The para-
metric studies include: two design approaches (gravity load design – GLD – and seismic
load design – SLD), number of stories (4 and 8), infill condition (bare frame, pilotis – the
first story is bare and upper stories are infilled – and uniform – infill panels are uniformly
distributed along the height), direction (X and Y), limit states (damage limitation – DL –
and near collapse – NC), six RVs as discussed below:
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Fig. 39. Parametric sensitivity analysis RC frames in presence of infill; developed based on [2]

• Concrete compressive strength ( fc); COVSLD = 0.2; COVGLD = 0.31
• Steel yield strength ( fy); COVSLD = 0.06; COVGLD = 0.08
• Chord rotation at yielding in RC members (θy); COV = 0.33
• Chord rotation at ultimate in RC members (θu); COV = 0.41
• Loads of load-displacement relationship of the infill trusses (Fin f ill); COV = 0.3
• Displacements of load-displacement relationship of the infill trusses (Din f ill); COV
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= 0.3-0.7

Overall, 48 Tornado diagrams have been developed based on the design in Figure 39. A
summary of observations about the influence of infill on sensitivity analysis of RC frames
is collected in Tables 2 and 3 based on gravity and seismic design methods, respectively.

Table 2. Impact of infill on the sensitivity of RC frames based on gravity design; collected
from [2]

RV LS Remarks
14*RC 2*θu NC parameter with the greatest influence in each case; if it increases,

collapse ductility and PGANC increase
DL no significant influence

2*θy NC no significant influence
DL achievement of DL LS is generally due to infills, if they are

present in the model; for bare configurations, an increase in θy

produces an increase both in displacement capacity and Te f f of
the equivalent SDOF, thus resulting in no change of PGADL

2* fc NC when it increases, the axial load ratio in columns decreases and θu

increases; consequently ductility at collapse and PGANC increase
DL no significant influence

2* fy NC no significant influence
DL parameter with the greatest influence for bare configurations due

to an increase in base shear strength Cs and displacement capacity
∆DL; not important for infilled configurations when achievement
of DL LS is due to infills

12*Infill 2*Fin f ill NC great influence on uniformly infilled configurations through the
variation of collapse mechanism (i.e. 8-story structures), of max-
imum strength Cs,max and of Te f f ; its influence is smaller than θu

and it is different depending on the case-study structure
DL its influence is higher for Uniformly Infilled configurations rather

than for Pilotis ones; in both cases, if it increases a beneficial de-
crease in Te f f is produced, thus resulting in an increase in PGADL

2*Din f ill NC except for variation of collapse mechanism (i.e., eight-story-
Uniformly Infilled-longitudinal direction), when it increases the
yielding displacement of the equivalent SDOF Sdy increases too,
whereas the maximum strength Cs,max and the displacement ca-
pacity ∆col do not change, then ductility at collapse and PGANC

decrease
DL except for the four-story-Pilotis-longitudinal direction case-study

structure, if it increases Te f f increases and displacement capacity
∆DL increases more than yielding displacement of the equivalent
SDOF Sdy, and so collapse ductility and PGADL increase
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Table 3. Impact of infill on the sensitivity of RC frames based on seismic design; collected
from [2]

RV LS Remarks
18*RC 2*θu NC parameter with the greatest influence in each case; if it increases,

collapse ductility and PGANC increase
DL no significant influence

2*θy NC it becomes important just in one case study (i.e. eight-story-
Uniformly Infilled-longitudinal direction) where, if it increases, a
change in the collapse mechanism is produced and PGANC increases

DL achievement of DL LS is generally due to infills, if they are present
in the model; for Bare configurations, an increase in qy produces
an increase both in displacement capacity and Te f f of the equivalent
SDOF, thus resulting in no significant change in PGADL.

2* fc NC when it increases, the axial load ratio in columns decreases and qu
increases; consequently ductility at collapse and PGANC increase

DL only in one case (i.e. 4 stories-Uniformly-Infilled-longitudinal direc-
tion), if it increases, an increase in base shear strength Cs is observed,
thus leading to a beneficial decrease in Te f f

2* fy NC important only for Pilotis configurations (i.e. 4- and 8- stories-
Pilotis-longitudinal direction, 8 stories-Pilotis-transverse direction)
where its change produces a variation of collapse mechanism

DL parameter with the greatest influence for bare configurations due to
an increase in base shear strength Cs and displacement capacity ∆DL;
not important for infilled configurations when achievement of DL LS
is due to infills

11*Infill 2*Fin f ill NC except for variation of collapse mechanism, when it increases, the
yielding displacement of the equivalent SDOF Sdy decreases and the
maximum base shear strength Cs,max increases

DL except for variation of collapse mechanism in which displacement
capacity ∆DL decreases (i.e., four-story-Pilotis-longitudinal direc-
tion), if it increases, an increase in base shear strength Cs and a de-
crease in Sdy are produced, thus leading to a higher ductility capacity
and PGADL

2*Din f ill NC when it increases, the yielding displacement of the equivalent SDOF
Sdy increases too, whereas the maximum strength Cs,max and the dis-
placement capacity ∆col do not change, and then ductility at collapse
and PGANC decrease

DL except for variation of collapse mechanism (i.e. four-story-Pilotis-
longitudinal direction), if it increases Te f f increases and displace-
ment capacity ∆DL increases more than yielding displacement of the
equivalent SDOF Sdy, then ductility at collapse and PGADL increase

4.10. Sensitivity in Fundamental Period of RC Structures

Estimation of the fundamental period in reinforced concrete structures is an essential task
during the initial design stage. Design guidelines provide a simple closed-form equation
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for a fundamental period as a function of height, i.e., T = ahb. However, many researchers
have shown that other variabilities contribute to the effective estimation of the fundamental
period. Sensitivity analysis can be used to identify the importance of these variables, and
possibly reduce the functional model [161–163].

Kose (2009) [164] proposed a neural network (NN) based sensitivity analysis on the pa-
rameters affecting the fundamental period of RC buildings with infill walls. They showed
that building height, and percent of the shear wall are the most sensitive RVs, while the
percentage of infill wall, number of bays, and frame type have less impact. Asteris et al.
(2015) [165] performed a sensitivity analysis on parameters affecting the fundamental pe-
riod of infilled RC frame structures. They developed a Tornado-like diagram comparing
eleven model parameters for eight and fourteen-story frames and concluded that equivalent
strut width significantly affects the estimation of the fundamental period. Somala et al.
(2021) [20] used a shapely additive explanation to identify the contribution of each RV in
the prediction of the fundamental period in masonry-infilled RC frames. Figure 40 presents
a sample plot showing the sensitivity of output as a function of five input RVs.
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Fig. 40. Sensitivity analysis RC frames period by shapely additive explanation; adapted from
[20]

4.11. Sensitivity Analysis for Failure Mode Detection

Failure mode identification is an important task in the seismic analysis of RC frame struc-
tures. The dominant failure mode of an RC beam-column element depends on multiple
factors such as axial load, reinforcement detailing, aspect ratio, etc. [166]. Major failure
modes for RC members are purely flexural, shear, or flexure-shear (and axial failure is a
minor failure mode). Identification of dominant failure modes can be achieved by classical
regression methods or more effectively using the machine learning approaches discussed
in Section 4.12. Failure modes can be predicted or classified depending on the objectives
of the project at hand. In either case, sensitivity analysis provides useful information about
the importance of the variables in regression and classification tasks.
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Failure (mode) analysis is not limited to concrete structures subjected to an external stres-
sor (e.g., static force, or ground motion acceleration), and can be studied under various
environmental conditions (e.g., material deterioration and climate change), or even other
dynamic loading scenarios. For example, Guo et al. (2021) [167] conducted a global sen-
sitivity analysis using polynomial chaos expansion on corroded RC structures. Roy and
Matsagar (2021) [168] also applied the sensitivity analysis for RC structures subjected to
blast loading.

Mangalathu and Jeon (2018) [169] used a series of machine-learning algorithms to classify
the failure modes and predict the shear strength at RC beam-column joints. A lasso re-
gression analysis [170] is also used to identify the relative importance of input variables on
the joint shear strength. They showed that design joint shear stress is the most influential
variable for the failure mode, followed by concrete compressive strength, and in-plane joint
geometry. Mangalathu et al. (2020) [171] also used the machine learning idea for failure
mode identification in RC shear walls. A random Forest model was used to determine the
relative importance variables affecting failure mode. They reported that the aspect ratio,
boundary element reinforcement indices, and wall length-to-wall thickness ratio are the
critical factors, while the cross-section shape has less influence on failure modes. These
two papers were followed by [172] in which the ensemble machine learning algorithms
were used to classify the failure modes in RC columns. Manoj et al. (2020) [173] com-
pared several machine learning algorithms in failure mode prediction of RC infilled frames
with ten material and physical variables.
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Fig. 41. Comparison of sensitivity analysis methods applied to failure mode identification;
data (colored circles) collected from [21]

Huang and Burton (2019) [21] used a series of six machine learning algorithms to classify
the in-plane failure modes in RC frames including infill. A database of 114 specimens was
used including nine input RVs. Failure modes were considered to be: infill sliding and col-
umn flexural hinging (SF), infill sliding and column shear failure (SS), infill crushing and
column flexural hinging (CF), and infill crushing and column shear failure (CS). They de-
veloped the importance variable charts using two algorithms: random forests and adaptive
boosting algorithms. The importance score for each feature is evaluated according to the
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ability of that feature to reduce the impurity index, averaged over all base trees [170]. Fig-
ure 41 compares the consistency of two methods to identify the importance score. While
the rank #1 RV is identified correctly in both methods, there is a considerable difference in
other identified important RVs.

4.12. Machine Learning-Based Sensitivity Analysis

As discussed in the Introduction section, the sensitivity analysis methods can be classi-
fied into local and global ones. Most of the global sensitivity analysis techniques use the
concept of surrogate meta-modeling or machine learning methods to identify the most in-
fluential random variables. Machine learning is a specific type of artificial intelligence that
“learns” as it identifies new patterns in data and creates strategies to improve decision-
making based on information hidden in huge data sets [23]. Both the regression and clas-
sification tasks in machine learning can be used for sensitivity analysis purposes. There
are three main learning algorithms: supervised learning, unsupervised learning, and semi-
supervised learning [174]. Figure 42 highlights several machine learning classes and sub-
classes.

It is important to note that machine learning-based sensitivity analysis is not the main theme
of this report. Therefore, the detailed methods are not discussed (similar to Section 2 for
other techniques). This sub-section is meant to provide a few relevant examples of such
an application in the structural analysis of RC frames. Also, note that there are a large
number of machine learning publications to determine the optimal concrete mix design,
or to estimate the concrete strength and stiffness from different combinations. All such
papers do not belong to this review as their scope is mainly at the material level and not the
structural level.

Jeon et al. (2014) [175] developed some statistical models based on multiple linear regres-
sion (MLR), multivariate adaptive regression splines (MARS), and symbolic regression
(SR) techniques to estimate the shear strength of RC beam-column joints. The measure of
importance (a.k.a. sensitivity) for the term is the amount of increase in the residual squared
error of the model fit upon the removal of the term from the regression model. They pro-
posed such importance values based on standard deviation and generalized cross-validation
for the MARS model based on ANOVA (analysis of variance) decomposition.

Gharehbaghi et al. (2020) [24] developed a predictive model for the inelastic seismic re-
sponse of RC frames using a wavelet support vector machine (SVM) and a NN. A para-
metric sensitivity analysis was used for causal inference to evaluate the importance of each
input RV. They computed a sensitivity metric very close to OAT technique, in which the
sensitivity ratio for j-th RV is calculated as a ratio of swing in that RV to the summation of
all swings. Figure 43 presents such sensitivity results based on SVM and NN techniques.
Overall, they claimed that NN-based predicted EDPs are less sensitive to the inputs than
SVM-based ones.
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Fig. 42. A summary of machine learning algorithms; adopted from [22, 23]

Cao et al. (2017) [176] proposed an ensemble NN framework for sensitivity analysis of
fracture failure in a notched concrete beam. In this approach, a series of superior NNs are
developed independently and the overall sensitivity is assessed by averaging the sensitivity
analysis in individual NNs. [177] developed an ANFIS model to predict the drift in RC
frames and the coefficient of determination, R2, is used as a metric for sensitivity anal-
ysis. [178] conducted a Gene expression programming (GEP) based meta-modeling and
sensitivity analysis on exterior RC joints subjected to monotonic and cyclic loads. After
developing the meta-model, they simply varied one of the variables at-a-time in its poten-
tial range of numbers and calculated the system response. They made some qualitative
evaluations on the accuracy of these trends with respect to existing experimental results.
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(a) EDP2; T1 (b) EDP2; T2

(c) EDP2; T3

Fig. 43. Mean sensitivity indices of EDPs to input variables (T1, T2 and T3) based on two
machine learning techniques; Two seismic level and three sample size are used; adopted from
[24]

Hwang et al. (2021) [25] presented a machine learning-based methodology for predict-
ing the seismic response and structural collapse classification of ductile RC buildings ac-
counting for modeling uncertainties. They used both regression-based and classification-
based approaches. Sensitivity analysis was conducted using extreme gradient boosting
(XGBoost) algorithm [179]. The following RVs were considered for sensitivity analysis:

• Effective elastic stiffness in beams and columns (KB
e , KC

e )
• Pre-peak plastic rotation in beams and columns (θp,B, θp,C)
• Post-peak plastic rotation in beams and columns θpc,B, θpc,C)
• Effective yield moment strength in beams and columns (My,B, My,C)
• Post-yield (maximum) strength ratio in beams and columns ((Mc/My)B, (Mc/My)C)
• Column footing rotational stiffness (K f )
• Energy dissipation capacity in beams and columns (λB, λC)
• Critical damping value (ξ )
• First-mode spectral acceleration (Sa)
• Fundamental period of the structure (T1)
• Drift. Note: Only used for collapse response sensitivity
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Figure 44 illustrates the results of sensitivity analysis on two frames and two targets using
the XGBoost algorithm. As seen, depending on the frame type and the required response,
the importance variables change drastically.
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Fig. 44. Sensitivity analysis by XGBoost machine learning technique; adapted from [25]

Hariri-Ardebili et al. (2022) [26] presented a Random Forest-based machine learning
methodology to identify the most sensitive variables that can be used for model reduc-
tion. They also examined the applicability of a surrogate meta-model which accelerates the
performance assessment process using only a small portion of initial simulations. An RC
bridge column was used as the case study, and a series of probabilistic moment-curvature
analyses were conducted with OpenSees. The moment corresponding to the first steel fiber
yield strain was identified as M1st

y . Three additional points were identified corresponding to
10%, 20% and 30% of steel fiber yielding as M10%

y , M20%
y , and M30%

y . Finally, the curvature
values corresponding to those four yield moments were also calculated for each realization.

Fig. 45. Sensitivity analysis by random forest technique; adopted from [26]

A total of thirteen RVs were used for modeling all of them related to the concrete and
steel mechanical properties. A full list of these RVs can be found in 3.21. Figure 45
illustrates the sensitivity of the moment and curvature values to different RVs. As expected,
rebar yield strength is the most sensitive RV. For the yield moments, it is followed by
rebar tensile strength, and concrete tensile strength (in reverse order for different yielding
representations). For the yield curvature, the rebar yield strength is followed by rebar
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modulus of elasticity, steel peak tensile stress, and finally, unconfined concrete modulus of
elasticity.

5. Discussion

5.1. Comparison of Sensitivity Analysis Techniques

In Section 2, comprehensive classification is provided on the conventional and widely-used
sensitivity analysis techniques in structural and earthquake engineering (neglecting a deep
discussion on global sensitivity analysis techniques). Also, multiple cases were shown
where the results of two sensitivity analysis techniques were compared.

Several publications compare the sensitivity analysis technique to evaluate the performance
of a structural system. These comparisons can be categorized into the following major
groups, with the results of comparison producing different conclusions given special char-
acteristics of the case study structure, the applied load, and the sensitivity analysis method.

5.1.1. Category-I: OAT Tornado diagram vs. FOSM

Both these techniques have similar computational demands, and they yield a close (if not
the same) sensitivity ranking in most cases. However, the relative value of the swings
is different in many cases. This means that although both methods may reveal that, for
example, RV Xi is sensitive compared to X j, the relative sensitivity might change a lot.
Examples of such a comparison can be found in [67, 96, 98] for RC structures, [40] on port
structures and soil properties as RVs (where a similar trend is reported), and [44] on gravity
quay walls.

El-Din and Kim (2014) [180] compared FOSM and OAT Tornado for pile-founded fixed
steel jacket platforms using both maximum top drift (MTD) and maximum inter-story drift
ratio (MIDR). Results show some similarity using MIDR; however, there are some dis-
crepancies in using MTD. [181] reported that the importance order of RVs obtained from
Tornado diagram slightly differs from FOSM method for RC frames. A larger swing dif-
ference was observed for the strength-related RVs. [48] performed detailed Tornado and
FOSM sensitivity analyses on a pile-supported wharf with a large number of RVs, and
three QoIs. Figure 46 presents the extracted data from original drawings and replotted in a
comparative mode for each QoI. According to these new plots, there is a strong linear cor-
relation between FOSM percentage of COV contribution and Tornado swing values. Also,
the ranking highly depends on the selected QoI.

5.1.2. Category-II: OAT Tornado diagram (or FOSM method) vs. MCS family

Such a comparison aims to (1) understand the shortcomings of the simple methods com-
pared to the most comprehensive one, and (2) recommend the usage of simplified methods
if they provide good enough results compared to the MCS family. [41] compared FOSM

71



NIST TN 2254
July 2023

4 6 8

0.2

0.3

0.4

0.5

(a) Displacement ductility factor

2 4 6

0.01

0.02

0.03

0.04

(b) Normalized residual H. displace-
ment

2 4 6

0.005

0.01

0.015

0.02

0.025

(c) Differential settlement

Fig. 46. Detailed comparison of FOSM and Tornado for a high-RV system under dynamic
excitation

and MCS for sensitivity analysis in tunnel face stability in the presence of data scarcity
(and reported a similar trend).

Kim et al. (2011) [182] investigated the sensitivity of steel buildings subjected to column
loss using MCS, Tornado diagram, and FOSM methods. They reported the same trend with
very close swing values among the three methods. [38] compared Tornado diagram and
MCS for a steel moment-resisting frame with hysteretic energy dissipation devices. A sim-
ilar ranking with slightly different swings is reported. [42] compared FOSM and MCS for
reinforced masonry buildings based on a large database of collected data. They reported a
similar level of prediction. [108] compared three methods of Tornado diagram, confidence
factor, and fully probabilistic one and obtained the same ranking with slightly different
values. [183] compared FOSM and MCS methods on a 3D RC frame structure. For finite
element analysis the solution was also compared based on the direct differentiation method,
with feed-forward/backward finite difference algorithm and their sensitivity was studied on
the dispersion of results. It is found that FOSM approximation using the direct differen-
tiation method for computing response sensitivities provides, at very low computational
cost, very good estimates of the mean and standard deviation of the response quantity for
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low-to-average levels of material nonlinearity in the structural response.

5.1.3. Category-III: OAT Tornado diagram vs. global sensitivity method

There are few studies on this topic relevant to structural systems, for example, [184] com-
bined the OAT perturbation method with global sensitivity analysis to evaluate the indi-
vidual input factors separately. The input factors include: (1–3) level of uncertainty in
the (identified) modal parameters of each of the first three longitudinal modes, (4) spatial
density of measurements (number of sensors), and (5) mesh size in the FE model used in
the FE model updating procedure. They showed that the level of confidence in damage
identification is a function of the level of uncertainty in the identified modal parameters,
the choices made in the design of experiments, and modeling errors.

5.2. A Generalized Procedure for Earthquake Engineering Practice

Sensitivity analysis determines the impact of a variation in an input parameter on output
results. Mathematically, this corresponds to the partial derivative of the output function
with respect to an input parameter at a given design point. While the skeleton of a classical
sensitivity analysis is well-structured and has been used in numerous cases, its application
in the earthquake and structural engineering requires depth discussion. More specifically,
depending on the type of input and output parameters, there is another layer of “variability”
in the results of sensitivity analysis. This aspect sometimes refers to as mixed (or a mixture
of) epistemic and aleatory uncertainties applied to sensitivity analysis [14, 185, 186], or
time-variant sensitivity analysis [187, 188].

Figure 47 provides a uniform framework for sensitivity analysis of engineering structures
using the basic material and modeling random variables which are subjected to different
types of stressors. A stressor refers to (1) an incrementally–increasing monotonic, cyclic, or
time-dependent load; (2) an incrementally–decreasing resistance parameter or degradation
in strength properties; or (3) a discrete increasing/decreasing critical parameter in a system
leading to failure [118]. In earthquake engineering, the stressor is typically called an IM
parameter [189]. Moreover, the generic algorithm for Tornado diagram-based sensitivity
analysis is provided in Algorithm 1 in connection to Figure 47.

The stressors that can be used within the earthquake engineering framework can be classi-
fied into two main categories of deterministic/classical and probabilistic approaches. The
stressors for each one can be categorized as follows:

Deterministic Monotonic Load (Sens-I): This is a classical pushover-based sensitivity
analysis [43] using a monotonic (single or multi-mode) invariant load vector [190,
191]. Since this is a static method, the rate-dependent RVs (e.g., damping ratio, and
dynamic magnification factor) [192] will not be activated. Examples of this method
are: [92, 128, 191, 193–196].

Deterministic Cyclic Load (Sens-II): This method is similar to Type-I; however, it uses
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Algorithm 1 Generic algorithm for Tornado diagram-based sensitivity analysis
Inputs: X = (X1, · · · ,XNrv) (basic RVs); Xmean

i (mean), Xmin
i (minimum), and Xmax

i (maximum) values of
the RVs; Nrv number of RVs; Ngm number of ground motions; Nscl number of scale factors; Nsil number of
seismic intensity levels.
Output: Θ = g(X1,X2, · · · ,Xi, · · · ,XNrv) (response quantity); Tornado diagram.
1: procedure DETERMINISTIC SENSITIVITY METHODS
2: ΘRef = g(Xmean)
3: for i = 1, . . . ,Nrv do
4: Θmin

i = g
(
Xmin

i ,Xmean
∼i

)
5: Θmax

i = g(Xmax
i ,Xmean

∼i )
6: end for
7: Θ

swing
i =

∣∣∣Θmax
i

ΘRef

∣∣∣+ ∣∣∣Θmin
i

ΘRef

∣∣∣ ▷ Normalized responses (centered at one)

8: Θ
swing
i =

∣∣∣Θmax
i −ΘRef

ΘRef

∣∣∣+ ∣∣∣Θmin
i −ΘRef

ΘRef

∣∣∣ ▷ Error-based perspective (centered at zero)
9: Sort the swings in a descending order to form the Tornado diagram.

10: end procedure
1: procedure PROBABILISTIC SENSITIVITY METHODS
2: for j = 1, . . . ,Ngm do
3: for k = 1, . . . ,Nscl(or Nsil) do
4: ΘRef

j,k = g(Xmean)
5: for i = 1, . . . ,Nrv do
6: Θmin

i, j,k = g
(
Xmin

i ,Xmean
∼i

)
7: Θmax

i, j,k = g(Xmax
i ,Xmean

∼i )
8: end for
9: end for

10: end for
11: ΘRef

j,k ∼ Dist.(ηRef
j,k ,β

Ref
j ) ▷ Dist. is a distributional model, e.g., L N

12: Θmin
j,k ∼ Dist.(ηmin

j,k ,β min
j,k )

13: Θmax
j,k ∼ Dist.(ηmax

j,k ,β max
j,k )

14: Calculate the swings, Ξ
swing
j,k . ▷ Ξ presents any statistics

15: Sort the swings in a descending order to form the Tornado diagram.
16: Perform regression analysis to integrate Tornado diagrams at different SIL.
17: end procedure

a cyclic load vector, and it provides smaller strength in RC frame structures [197].
This method accounts for the cumulative damage, resulting in stiffness degradation
and strength deterioration [198]. Therefore, it has advantage to be used for sen-
sitivity analysis of systems with degradation- and strength-related parameters [33].
Examples of this method are presented in [199–202].

Deterministic Time-dependent Signal (Sens-III): In this method, a time (or frequency)
dependent load is used to evaluate the structural system. A ground motion record is
an example of a stochastic time dependent load, while a sinusoidal harmonic load
is essentially characterized by its natural frequency. This type of loading is capable
of activating the rate-dependent material properties. Yet, the system response highly
depends on the ground motion unique meta-features [203]. Examples of this method
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can be found in [204].

Probabilistic Stripe Analysis (Sens-IV): This method is one of the probabilistic sensi-
tivity analysis techniques in which the variable importance is computed using some
statistical operation on the results. A stripe refers to a particular seismic intensity
level (SIL) with a series of ground motion records that have been selected and scaled
only for that level. Depending on the number of desired stripes, this method is called
single stripe analysis (SSA), double stripe analysis (DSA), or multiple stripe analysis
(MSA). Having Nsil stripes, and a suit of Ngm in each level, the process of determin-
istic analysis (i.e., Sens-III) should be repeated Nsil ×Ngm times. Examples of this
method can be found in [205–208].

Probabilistic Incremental Dynamic Analysis (Sens-V): This technique is similar to Sens-
IV; however, the same group of ground motion records is successively scaled from
very low-intensity seismic levels until they cause structural collapse. While the
ground motion selection is easier for this method, it suffers from an unrealistically
large scaling factor problem [209, 210]. It may also cause bias in some cases [211,
212]. This method can be used to evaluate the sensitivity of the EPD condition on
IM (i.e., EDP|IM) [213] or vice versa (i.e., IM|EDP). However, the main applica-
tion of this method is to evaluate the sensitivity at the collapse level. Examples of
this method are presented in [214–218]. Assuming that a total of Ngm ground mo-
tions are used for IDA and each record j requires a total of N j

scl scaling levels up
to collapse, the process of deterministic analysis (i.e., Sens-III) should be repeated
∑

Ngm
j=1 N j

scl times.

Probabilistic Adaptive Incremental Dynamic Analysis (Sens-VI): This method is cre-
ated as a marriage of IDA and MSA methods. The AIDA deceptively changes the
ground motions for IDA which allows the user to vary MSA-like ground motions to
match the changing properties at various SILs [219]. This method partially maintains
the IDA-like continuous curves. This method allows us to evaluate the sensitivity of
the IM condition on any desired EDP. The sensitivity evaluation is similar to Sens-V.

Probabilistic Cloud Analysis (Sens-VII): In this method, the structure is subjected to a
set of un-scaled ground motions [220]. For a pre-defined seismic hazard scenario,
e.g., < Rrup,Mw,VS30 >, a large number of ground motion records are required (typ-
ically 100 to 200). From these results, EDP vs. IM are determined which forms
a cloud of responses. Examples of this method are presented in [186, 221–224].
Assuming that a total of Ngm ground motions are used for CLA, the process of deter-
ministic analysis (i.e., Sens-III) should be repeated Ngm times.

Probabilistic Endurance Time Analysis (Sens-VIII): This method falls in the interface
of probabilistic and deterministic techniques. It uses a limited number of stressors
to excite the dynamical system, thus, it benefits from deterministic techniques’ ad-
vantages. However, it provides the structural responses at various SILs, therefore, it
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can be categorized under the probabilistic approaches. ETA method uses a special
form of intensifying acceleration functions which (dynamically) pushes the struc-
tural system from linear elastic analysis to nonlinear, and finally collapse. Its com-
putational cost is similar to Sens-III. Application of this method can be found in
[120, 122, 225, 226].

6. Conclusions and Recommendations

The following points should be considered in the sensitivity analysis of structural systems:

• In both TDA and FOSM methods, the mean and standard deviation of the input
parameter are predetermined, and based on that, the mean and standard deviation
of the structural response is obtained. However, FOSM has been observed to lose
accuracy when the relationship between input and response variables is nonlinear,
which is a concern when modeling collapse [227].

• The type of the finite element formulation and the numerical model are important fac-
tors during sensitivity analysis of concrete structures [228–233]. Depending on the
numerical modeling strategy, e.g., lumped plasticity, distributed plasticity, or detailed
finite element model, the outcome of sensitivity analysis alters.

• Whenever it applies, the time-dependent effect of material deterioration (e.g., creep,
shrinkage, and alkali-aggregate reaction), and environmental condition (e.g., climate
change) should be accounted for in the sensitivity analysis of concrete structures
[187, 234]. In those conditions, the developed Tornado diagram is time-dependent
(i.e., different Tornado diagrams are required at different ages of structure).

• Results of a sensitivity analysis depend on the software used, and the limitations and
domain of application of the adopted software should be identified properly before
generalizing the results. Section 4.1 provides some insights about the choice and
importance of software.

• Results of a sensitivity analysis depend not only on the input random variables but
also on the target QoI (or EDP). In general, the selected QoI should be (1) a good
representative of the input-output relationship for the case study structure, and (2)
a good representative of the loss model for the subsequent decision-making steps.
Section 4.3 identifies three major categories for QoIs that should be considered in a
sensitivity analysis.

• Results of sensitivity analysis on material and modeling randomness depend on the
applied stressor. There are a variety of deterministic and probabilistic methods that
can be combined with sensitivity analysis. These methods have been discussed in
Section 5.2 for sensitivity analysis of structural systems in the context of earthquake
engineering problems. In general, a sensitivity analysis can be performed using
static-type loading (neglecting the dynamic characteristics of the material), or dy-
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namic loading. Dynamic loading can be applied using either real ground motion
records or artificial ones. In the case of using real ground motions, the ground mo-
tion selection and scaling method plays also an important role in the outcome of
sensitivity analysis.

• The methods reviewed in Section 2 are the most practical ones for sensitivity analysis
of engineering structures. Nearly all of them only require some basic knowledge of
statistics. However, more advanced sensitivity analysis methods can be achieved
using machine learning methods and surrogate modeling. These methods typically
require some knowledge about applied data science, see Section 4.12.
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