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ABSTRACT

This study presents a comprehensive framework for converting seismic fragility functions (FFs)
between different intensity measures (IMs) using probabilistic seismic hazard analysis (PSHA)
disaggregation information. The proposed methodology incorporates ground motion models
directly into the conversion procedures, extending applicability beyond traditional spectral
acceleration-based IMs to include non-spectral acceleration IMs. A computational tool was
developed to facilitate conversions using various correlation models.

To validate the conversion approach, multiple-stripe analysis (MSA) was performed on several
single-degree-of-freedom (SDOF) systems using hazard-consistent ground motion records
obtained through conditional selection. The conversion strategy was extended and tested for
vulnerability model conversion, addressing a gap in the literature. Various total probability-based
approaches were applied in a case study, incorporating different levels of hazard information. A
critical finding is that conversions from sub-optimal intensity measures such as peak ground
acceleration do not enhance predictive performance when mapped to more optimal alternatives.
Using converted fragility functions and a predefined consequence model, vulnerability curves
were estimated to enable comprehensive comparison across exact and approximate conversion
approaches. The framework effectively preserves probabilistic characteristics across different
intensity measure representations while providing practitioners with a practical tool for seismic
risk assessment when direct fragility functions for desired intensity measures are unavailable
and structural analysis is not an option. Accompanying tools and guidance support analysts in
implementing and validating these methods for their own models.
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INTRODUCTION

Seismic risk assessment relies on fragility and vulnerability models that probabilistically
relate structural damage and economic losses to ground motion intensity. These models
employ various intensity measures (IM)s depending on building typology, application
purpose, and data availability. Suitability of IMs can be assessed using several criteria,
typically described as sufficiency, efficiency, practicality, and unbiased-ness. Since
typology-specific studies typically produce incompatible function definitions with
different IMs, portfolio level risk analysis becomes problematic. While independent
assets can be evaluated separately using IM-specific ground motion fields (GMF)s,
correlated assets require simultaneous generation of cross-correlated fields for each IM,
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which is a computationally prohibitive task for which appropriate models are rarely if
ever available (Monteiro & O’Reilly, 2026). This limitation is especially critical for
interconnected systems such as infrastructure networks or building clusters where
spatial dependencies exist (Abarca et al., 2022, 2025; Esposito et al., 2015; Franchin
& Cavalieri, 2015; Heresi & Miranda, 2022; Mejia & O'Reilly, 2026).

As seen, regional seismic risk assessment confronts a fundamental challenge: fragility
and vulnerability models from diverse sources employing incompatible IM definitions.
While standardised IMs such as peak ground acceleration (PGA) or even spectral
acceleration (SA) enable efficient single GMF simulations, they compromise model
accuracy relative to structure or application-specific alternatives optimised for particular
typologies. Advanced IMs including average spectral acceleration (Saavg) (Eads et al.,
2015; Kazantzi & Vamvatsikos, 2015) and filtered incremental velocity (FIV3(T))
(Davalos & Miranda, 2019), among others demonstrate improved predictive
performance and explanatory power, yet remain underutilised at regional scales due to
limited model availability and computation constraints.

Risk modelers frequently encounter extensive libraries of fragility and vulnerability
models developed by individual research groups, each tailored to specific building
typologies and employing different IM definitions. Unless systematic vulnerability model
development is undertaken collectively across diverse taxonomies, practitioners cannot
readily benefit from these specialised models while maintaining analytical consistency.
The inability to segregate analyses and perform independent evaluations for different
asset categories compels risk modelers to select among three strategic approaches. The
first standardises all models to a single IM, sacrificing accuracy for computational
simplicity. The second leverages multiple optimised measures through simultaneous
cross-correlated GMF generation, offering improved performance but imposing severe
computational demands and requiring seldom available and difficult to generate cross-
correlation models (Monteiro & O’Reilly, 2026). Finally, the third strategy aims to
convert existing models from diverse sources to a unified generalised IM, enabling
efficient single GMF simulations while potentially allowing departure from conventional
IM definitions (such as PGA). This paper concentrates on the latter strategy and
examines the conversion methodology in detail, addressing source hazard information
requirements, exploring advanced IMs as alternatives, and extending the methodology
towards vulnerability modelling. The proposed method is trialled with several case study
applications, with practical and computational tools provided, to enable analysts to
perform such conversions systematically.

EXISTING CONVERSION METHODS

Various methods have been used to compare and convert fragility contributions. Early
scaling approaches, such as Silva et al. (2014) and O’Reilly & Calvi (2020), adjusted
median values assuming uniform hazard equivalence, neglecting variability between
intensity measures (IMs). Risk-consistent conversion methods, developed by Bradley
(2012) and Lin et al. (2013), overcome these limitations by preserving the mean annual
frequency of exceeding a damage state across IMs, ensuring efficiency, sufficiency, and
unbiasedness, and enabling more accurate fragility function conversion.

In contrast to the previous approaches relying on simplified assumptions, total
probability-based conversion methods offer greater rigor by accounting for conditional
relationships between IMs. Equation (1) represents the total probability theorem within
the context of fragility function conversion:



PDS|IMB2BE = IMB1BEEP DS| IMB1EE f8 IMB1B| I (1)

where P[DS|IMi] is the original fragility function based on IM; and fimim2 is the
conditional distribution of IM; given IM; to result in the converted fragility function
P[DS|IM;]. This framework, was initially proposed by Michel (2018) and subsequently
refined by Suzuki and Iervolino (2020). Their extension incorporates rupture-specific
parameters such as magnitude and distance, recognising their influence on IM
correlations (Equation (2)).

P DS|IMRE2ERE = [IMRA1RREEA MEAR REEP DS| IMRA1E, M,RE fB IMR1R, M,R| IMB2EEd 1 (2)

where the conditional distribution term fivi,mrm2 Was rearranged to a more familiar
format of:

fBIMR1E,M,R| IME2EE = fB IME1E| IMR2EBM, RE fAM,R| IME2EM (3)

where fimim2,mr is the conditional distribution of IM; given IM, and the rupture
parameters M and R. This conditional distribution is widely used in the conditional
spectrum (CS) and generalised conditional intensity measure (GCIM) ground motion
selection approaches (Bradley, 2010; Lin et al., 2013). The furm2 term is computed
using the disaggregation of the PSHA results for IM, in terms of M and R. Suzuki and
Iervolino (2020) noted that this strictly refers to the occurrence of IM,=im, and not its
exceedance IM>>im; as is typically done. Fox et al. (2016) provides further information
on the implications of either approach.

PROPOSED CONVERSION METHOD

This paper further extends the probability-based framework by incorporating all
scenario parameters, denoted as Rup (e.g., soil condition, rake, hypo-central depth),
together with ground motion models (GMM)s, into the conversion equation:

P DS|IME2BE = IMEB1B0E RupBBP DS| IMB1EE fB IMB1E| IMB2E, Rup® fBRup| IM (4)

The proposed methodology within this paper leverages the complete disaggregation
output format of the OpenQuake engine (Pagani et al., 2014), where instead of using
basic information on the relative contributions of only M and R to the hazard, all rupture
scenario parameters and associated GMMs are used. this necessitates computing the
rupture disaggregation for the target IM and establishing conditional distributions
derived from standard ground motion selection practices. The conversion process
applies these conditional distributions for each rupture scenario to progressively
transform the original fragility from one IM representation to another. While
computationally more demanding than earlier methods, this methodology avoids
oversimplifying assumptions and exploits comprehensive hazard information to achieve
more accurate conversions.

As a result, an original fragility function defined in terms of IM; is transformed to a
converted fragility in terms of IM; by using Equation (4). For a given value of IM>=im;,
and for each value of IM; considered as part of the integral, Equations (6), (7), and (8)
are applied for each rupture scenario to compute the conditional distribution fim1m2,rup



using Equation (5). Integrating this with the original fragility function P[DS|IM.] gives
the complete distribution P[DS|IM;].

£ IMB18| IMB28, RupB~N uBlnl MB18|In] MB2E, RupB, oBinl MB18|Inl M220, Rup (9)

ullinl MRA1R|Inl MA2E, Rup® = ulllnl MA1RA|Rup@ + pRInl MEA1E, Inl ME2AE o@Inl M (6)
el@Inl MA2E|Rupll = Ini mRA2@ — ullinl MA2E|RupBRE o@lnl MA2E|RupE (7)
o@Inl ME1R|Inl ME20E, Rup@2B = ¢BInl MA1R|Rup@2B 1 — pBInl MA1E,Inl MB2BE2 (8)

where uBlnl ME1E|Rup® and oBlInl MRA1E|Rup@ are the mean and standard deviation of
IM, using a single GMM and rupture parameters collectively Rup, p@Inl MRA10E,Inl MA2EEA
is the correlation coefficient between the two IMs and is typically assumed as
independent of Rup parameters (Aristeidou et al., 2024; Baker & Bradley, 2017). The
epsilon term, eB@Inl ME2R|Rupll, represents the number of standard deviations above or
below the mean GMM prediction of IM,=im:.

EXTENSION TO VULNERABILITY MODELLING

Existing conversion research has primarily addressed fragility functions describing
damage state probabilities, yet comprehensive seismic risk assessment fundamentally
depends on vulnerability functions characterising economic losses and other
consequences. While fragility functions employ lognormal parametrisations,
vulnerability functions rely on discrete distributions relating expected losses to ground
motion intensity. Given that risk models frequently operate directly with vulnerability
metrics rather than fragility, extending the total probability conversion methodology to
vulnerability functions proves essential. This paper applies and tests this extension,
adapting the previously described framework to accommodate vulnerability functions’
discrete loss characterisations: E[L|IM]. The Equation (4) is extended to provide:

EL|IMB2BE = [MB1BBE RupBEE L| IMB1EE fB IMB1E| IMB2E, Rup® fBRup| IMB2 (9)

where the E[L|IM:] is the original vulnerability function and E[L|IM:] is the converted,
with all other terms being the same as before.

ANALYSIS
Methodologies

The following methodologies were used to perform conversions for fragility/vulnerability
functions from on original IM; to a new IM;:

e Method 1 is the total probability approach outlined in the previous section. It uses
the full disaggregation information obtained from OpenQuake defined in terms of



occurrence and the correlation model of Aristeidou et al. (2024), hence is termed
the “exact” approach using Equation (4), given its probabilistic basis and scrutiny
with respect to hazard information;

e Method 2 uses enough rupture scenarios so that 50% of the hazard is accounted
for;

e Method 3 uses the mean M, R and GMM scenario from the disaggregation;

e Method 4 uses the modal M, R and GMM scenario from the disaggregation;

Overview of the case study

Case studies employing nonlinear response history analysis generated fragility functions
across multiple IM definitions, including peak absolute quantities like PGA and PGV,
spectral accelerations at several periods, Sa(0.5s), Sa(1s), Sa(1.5s), Sa(2s), filtered
incremental velocity at several periods, FIV3(0.5s), FIV3(1s), FIV3(1.5s), FIV3(2s), two
alterative definitions of average spectral acceleration as defined in Shahnazaryan and
O'Reilly (2024) at several periods, Saavg2(0.5s), Saavg2(1s), Saavg2(1.5s), Saavg2(2s), and
Saavg3(0.58), Saavg3(1S), Saavg3(1.5s), Saavg3(2s). Each fragility function defined in terms
of an original IM was converted to a target IM and compared against reference functions
derived directly using the reference equivalent for the target IM. The analysis
encompassed numerous combinations across multiple structural models, damage
states, and conversion methodologies. Comparisons were conducted quantitatively
through fitted lognormal parameters. The Hellinger distance metric (Hellinger, 1909)
was used (Equation (10)), quantifying similarity between original converted fragility
functions with values ranging from 0 (identical) to 1 (completely dissimilar) making it a
useful metric for understanding how the overall similarity between original and
converted fragility functions can be interpreted for all cases analysed.

H FRI ME1EE, FRII MEZ2EEE = A1 — B2 fRLE SR2ER SRL1EZE + SRZEZEARE expl (10)
— 1848 u@10 — pE2ERRA2EE BR1EZE + SRZ2EZEREER

Numerical models and analysis

The case studies were represented through four SDOF systems. The systems were
modelled using OpenSees (McKenna et al., 2010; Zhu et al., 2018) and the backbone
curves for the SDOFs are depicted in Figure 1. Models (1) to (3) are described through
a uniaxial bilinear Hysteretic material with pinching factors of 0.8 and 0.5 for strain and
stress, respectively, during reloading. Model (3) accounted for damage based on energy
dissipation, while Model (4) used a uniaxial Pinching4 material, including damage
accumulation as a function of energy dissipation. A damping of 5% was applied using
tangent stiffness proportional model. Five damage states (DS) were assigned to each
of the systems, where DS1 defines the initiation of damage and is set at the 75% of
yield displacement, and DS4 corresponds to significant damage and matches the point
of fracturing, while intermediate damage states are evenly spaced between DS1 and
DS4. Finally, complete damage (DS5) is assumed to occur at the system’s ultimate
displacement capacity, where base shear coefficient is zero. Based on the defined DSs,
a damage-to-loss model, otherwise called a consequence model was defined for the
systems from O’Reilly and Shahnazaryan (2024). The model is described through
discrete damage to loss conversion points. Equation (11) represents the vulnerability
function given as expected loss ratio versus intensity.
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where E[L|DS;] is the loss corresponding to DS /i, and P[DS;|IM] is the fragility function
corresponding to DS /.
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Figure 1. (left) Backbone curves of the SDOFs used, and (right) damage-to-loss model

PSHA was performed using the OpenQuake engine (Pagani et al., 2014) for the site of
L’Aquila, Italy, using the Stucchi et al. (2004) source model. The hazard curves for the
IMs of interest are given in Figure 2. A set of 40 ground motion records (single
component) was selected using the NGA West-2 database (Ancheta et al., 2014) for
each IM and POE level. The conditional spectrum was employed using the Djura Record
Selector (https://app.djura.it) (Shahnazaryan et al., 2025). Figure 2 also demonstrates
the hazard consistency checks for the ground motion set selected for a sample case of
IM=Sa(1.0s), where a good agreement was observed across all IMs of interest.
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Figure 2. Hazard curves for each IM considered (dashed lines) with the hazard consistency
checks (solid lines) for the selected ground motion record sets conditioned on IM=Sa(1s).

Multiple stripe analysis (MSA) was performed using the ground motion sets on each of
the SDOF systems. For each SDOF system, fragility functions were developed at each
DS and ground motion record set. Fragility functions were developed by counting the
number of exceedances of system’s DS threshold at each IM level, and fitting lognormal
distribution to the data via maximum likelihood method. Finally, vulnerability functions
were derived using Equation (11).

MODEL CONVERSION RESULTS

Fragility function comparisons



Figure 3 presents fragility function conversions for a single SDOF model across different
DS and IM pairs. The plot grid is organised with the original IM; on the vertical axis and
the converted IM, on the horizontal axis, which means that the first row, first column
(starting from the bottom left) gives the case of an IMi=Sa(2s) fragility function
converted to IM,=PGA. All methods performed particularly well when converting from
longer-period Sa(T)-based IMs to shorter periods (e.g., IM;=Sa(1s) to IM>,=5a(0.5s)).
Method 1's consideration of all possible hazard scenarios offered no clear advantage
over Method 2, which achieved comparable accuracy across all variations.
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Figure 3. Comparison of reference and converted fragility functions for Model 1 at DS5 using
traditional IMs such as PGA and Sa(T)

Figure 4 examines next-generation IMs such as FIV3(T) and Saa(T), alongside PGV.
The trends mirrored those of Sa(T)-based conversions. Again, all methods performed



relatively well, though this accuracy gap narrowed considerably for next-generation IMs
due to their improved efficiency and lower dispersion in characterising structural
damage. Additionally, there are still persistent bad conversions from low to high periods.
This pattern held across all tested structures at each damage state. The findings align
with Suzuki and Iervolino (2020) on spectral acceleration conversions. Converting from
shorter to longer period worked well, but the reverse direction performed poorly. The
conditional distribution becomes too broad and poorly constrained, pushing conversions
into extrapolation regions where scalar IMs fail to capture actual structural response.
Methods 3-5 appeared better in these cases, but this was misleading as constant
dispersion assumptions simply limited how badly they could perform, masking low
absolute accuracy. Suzuki and Iervolino (2020) addressed this by building vector-valued
fragility surfaces using a hybrid linear-logistic model before conversion, highlighting the
need for careful validation when converting to longer vibration periods.
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To gauge the conversion accuracy across all IMs, the Hellinger distance described in
Equation (10) was used. These are plotted in Figure 5 as the average value across each
DS and methods presented, and for all IM combinations considered. The colour red
indicates a case where the conversion matched poorly to the reference fragility function,
and green indicates a good conversion. PGV converts readily regardless of method,
whereas PGA converts poorly. This reflects well-known efficiency and sufficiency
limitations of PGA, and the loss of information when characterising fragility functions in
terms of PGA cannot be recovered when converting to a more effective IM. Hence, it is
strongly recommended not to develop fragility functions for regional applications in
terms of PGA. Conversions among FIV3(T) variants are consistently excellent, which
aligns with findings by Aristeidou et al. (2024) showing high self-correlation and period-
independence for this IM. The results confirm that switching between FIV3(T) definitions
is straightforward with all methods. It also can be seen that when converting from
IM.=FIV3(T) to any other IM, type works very well, regardless of the conversion method
adopted. In contrast to PGA, it is recommended to develop fragility functions in terms
of FIV3(T) since it offers excellent conversion flexibility and has been shown to be a
very efficient and sufficient IM in many different contexts (Aristeidou & O'Reilly, 2024,
2026; Davalos & Miranda, 2020, 2021). Its period-independence allows a single value
(e.g., T=1s) to serve all structural typologies with minimal accuracy loss.
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Figure 5. Hellinger distances between the reference and the converted fragility functions for
Model 1 considering all methodologies outlined

Vulnerability function comparisons

While the previous section focused on converting fragility functions between different
IMs, this section extends the analysis to vulnerability functions. Although fragility



functions underpin seismic risk models, vulnerability functions are more commonly used
as the final output for assessing consequences such as monetary losses. The fragility
function conversion was performed using Equation (4), following analogous
assumptions regarding hazard and conditional dependence. Reference vulnerability
functions were derived from the corresponding original fragility functions via Equation
(11). Figure 6 presents the results, analogous to Figure 4. All methods yield very similar
outcomes, suggesting that a simplified treatment of seismic hazard is generally
sufficient. Overall, vulnerability function conversion performs well across different IMs,
particularly at lower, more frequent intensity levels. To quantify the impact on risk
metrics, average annual loss (AAL) was computed by integrating each vulnerability
function with the seismic hazard. Figure 7 shows the resulting AAL differences relative
to the reference vulnerability function.
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Many trends present in fragility function conversion comparisons persist, and PGA again
stands out. While previous results showed that converting other IMs to PGA produced
good agreement at the fragility level, Figure 7 demonstrates that this leads to a
substantial overestimation of AAL. This is attributed to the higher uncertainty associated
with PGA, which inflates expected losses and, when integrated with hazard, results in
biased AAL estimates. Consequently, harmonizing models in terms of PGA may appear
convenient but proves problematic when extended to loss-based metrics. In contrast,
FIV3(T) continues to perform well both when converting from or when converting to in
all cases. Similarly, using Saawg(T) as the original IM yields reliable conversions, further
supporting the adoption of next-generation IMs in vulnerability modelling. Overall,
vulnerability function conversions appear less susceptible to systematic errors that
fragility function conversions, suggesting that risk modelers may benefit from focusing
conversion efforts at the vulnerability level rather than at the fragility level, as has been
common in the literature.
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Figure 7. AAL ratio for vulnerability function conversions for Model 1

Site dependence is another key limitation worth addressing in future work. All fragility
and vulnerability functions derived here apply to a single site, and their transferability
to regions with different tectonic settings remains an open question, especially given
how seismic hazard information enters the conversion equations. This issue is not
unique to the present study; existing fragility and vulnerability models are similarly
affected, though rarely acknowledged as such. The degree of site independence
depends largely on the choice of IM. Kohrangi et al. (2017) showed that conventional
IMs such as Sa(T) exhibit site dependence, while next-generation candidates like
Saavw(T) may not, offering considerably more flexibility. Should this hold for the
conversions developed here, the consequences would be meaningful on two fronts:
analysts would be steered toward more efficient IMs, improving loss estimation



accuracy, and greater freedom would exist when selecting between models for a given
application, since more efficient IMs have already been shown to convert more reliably

SUMMARY AND CONCLUSIONS

There is no simple solution to reconciling fragility or vulnerability models defined using
different intensity measures (IM)s. A common practice has been to adopt a single IM,
most often peak ground acceleration (PGA), but efficiency and sufficiency considerations
and the results of this show that PGA is a poor choice. Its use restricts model conversion
and can significantly overestimate losses. In contrast, next-generation IMs such as
average spectral acceleration and filtered incremental velocity (FIV3(T)) offer similar
practicality while avoiding many of the biases associated with PGA, supporting their use
in future modeling efforts. All methods require computation implementation, and
supporting tools are provided in the accompanying repository
(https://github.com/djura-risk-data-engineering/fragility-vulnerability-im-conversion).

The proposed methodologies along with available methodologies were applied on
several case study systems. The other conclusions are as follows:

e For period-dependent IMs, conversion from longer to shorter periods is generally
effective, but not vice versa;

e Although conversions to PGA can be accurate at the fragility level, extending
them to vulnerability leads to systematic overestimation of losses and is therefore
discouraged;

e The next-generation IM FIV3(T) shows strong promise due to its efficiency, site
sufficiency, and ease of conversion to other IMs.

Finally, while the work focuses on converting models to a common IM, emerging cross-
IM spatial correlation models may reduce the need for such conversions in future
analyses, at the cost of increased computation effort.
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