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Abstract
In this study, we evaluate the performance of five recent Intensity Prediction Equations 
(IPEs) valid for Italy comparing their predictions with intensities documented at Italian 
localities. We build four different testing datasets using the data contained in the most 
recent versions of the Italian Parametric Earthquake Catalogue CPTI15 and Macroseis-
mic Database DBMI15 and we estimate the residuals between observed and predicted 
intensity values for all the selected IPEs. The results are then analyzed using a measure-
oriented approach to score each model according to the goodness of model prediction and 
a diagnostic-oriented approach to investigate the trend of the residuals as a function of the 
different variables. The results indicate the capability of all the tested IPEs to reproduce 
the average decay of macroseismic intensity in Italy although with a general underesti-
mation of high-intensity values. In addition, an in-depth investigation of the spatial and 
temporal patterns of the event residual term, computed using the best predictive model, is 
carried out. Lastly, we provide some hints for the selection of calibration datasets for the 
development of future intensity attenuation models.

Keywords  Macroseismic intensity · Attenuation · Model scoring · Italy

1  Introduction

The entity of ground shaking generated by an earthquake that occurred in the pre-instrumen-
tal era is quantified through the earthquake effects documented at the local scale, i.e., the 
macroseismic intensity data points (hereafter IDPs). These latter represent a basic tool for 
several seismological analyses. For instance, the macroseismic data are of paramount impor-
tance for characterizing the earthquake parameters in the absence of instrumental recordings 
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(e.g., Bakun and Wentworth 1997; Gasperini et al. 1999, 2010; Provost and Scotti 2020), 
needed for compiling long-term earthquake catalogs (e.g., Manchuel et al. 2018; Rovida et 
al. 2020, 2022a), and for testing and scoring probabilistic seismic hazard (PSH) assessments 
(e.g., Rey et al. 2018; D’Amico et al. 2024). Moreover, several efforts have been developed 
to provide PSH estimates in terms of macroseismic intensity using conventional approaches 
(e.g., Gomez-Capera 2006; Gomez-Capera et al. 2010; Cito et al. 2022) or the so-called site 
approach (Albarello and Mucciarelli 2002; D’Amico and Albarello 2008), both requiring 
the use of intensity prediction equations (IPEs), that model the decay of macroseismic inten-
sity with the source-to-site distance. IPEs provide the expected median value and the asso-
ciated standard deviation of ground shaking in terms of macroseismic intensity at a given 
site as a function of specific earthquake parameters (i.e., magnitude or epicentral intensity) 
and source-to-site distance. These models can also be applied to integrate the macroseismic 
intensity distribution of past earthquakes where documented effects are scarce (Antonucci 
et al. 2021; Oliveti et al. 2023) and to investigate the earthquake effects that could have 
been missed at a site (Antonucci et al. 2023). Due to the regional dependency of seismotec-
tonic and attenuation properties, different approaches have been proposed for developing 
IPEs both at the local (e.g., Azzaro et al. 2006; 2016; Sørensen et al. 2009; 2010), national 
(e.g.Bakun and Scotti 2006; Pasolini et al. 2008a, b; Baumont et al. 2018; Bayrak et al. 
2019), and wider scales (e.g., Stromeyer and Grunthal 2009; Bindi et al. 2011; Allen et al. 
2012). Moreover, several functional forms have been used for developing IPEs. In detail, 
the attenuation models proposed in the literature are either logarithmic (e.g.Albarello and 
D’Amico 2004; Pasolini et al. 2008b; Musson 2013; Tosi et al. 2015) or non-logarithmic 
(e.g., Gasperini 2001; Gomez-Capera 2006). The former models consider macroseismic 
intensity to be proportional to the logarithm of the energy released by an earthquake, assum-
ing that the energy of seismic waves decays as a function of geometrical spreading and 
anelastic dissipation, whereas the latter models derive from a statistical approach that allows 
the best fitting of macroseismic data. In Italy, a long tradition of historical investigations 
of past earthquakes has produced a large amount of macroseismic data that has greatly 
improved the seismological knowledge of the territory. In particular, the data contained in 
the latest version of the Italian Macroseismic Database (Database Macrosismico Italiano - 
DBMI15; Locati et al. 2022) and the Italian Parametric Earthquake Catalogue (Catalogo 
Parametrico dei Terremoti Italiani - CPTI15; Rovida et al. 2020, 2022b) have consider-
ably increased compared to those included in their previous versions. This has allowed the 
development of several intensity attenuation models for Italy and their continuous updating, 
as well as studies aimed at testing their performance (Albarello and D’Amico 2005; Mak 
et al. 2015).

In this work, we focus on the most recent IPEs developed for Italy (Rovida et al. 2020; 
Gomez-Capera et al. 2024; Lolli et al. 2024), that are specifically calibrated with the most 
recent data of shallow crustal earthquakes using moment magnitude as the earthquake size 
parameter. We do not take into account IPEs developed for the volcanic areas (e.g., Azzaro 
et al. 2023) because the attenuation features of these zones are different from the rest of 
Italy, and the model developed with intensities assessed from web questionnaires (Tosi et al. 
2015) because it is calibrated with local magnitude (ML) and data not included in DBMI15. 
The main scope of this research is to identify the best predictive model for Italy through 
an in-depth analysis. In detail, we evaluate the performance of the most recent attenua-
tion models by comparing the documented intensity data contained in DBMI15 with the 
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predicted values computed through the considered IPEs from the epicentral parameters col-
lected in CPTI15. We analyze the results in order to highlight possible limitations in the 
prediction of earthquake effects as a function of different variables. The paper is structured 
as follows: (i) description of the selected IPEs and of the four testing datasets used; (ii) 
methodology of analysis in terms of differences between documented and predicted inten-
sity values (analysis of the residuals) and statistical method adopted for defining the best 
predictive model; (iii) results derived from all the considered IPEs with a discussion of those 
obtained with the best predictive model.

2  IPEs selected for the evaluation

We select the attenuation models following Mak et al. (2015) who apply to IPEs the cri-
teria proposed by Cotton et al. (2006) for selecting Ground-Motion models (GMMs). In 
this perspective, we take into account the differences between macroseismic data, which 
are ordinal, discrete, and range-limited values, and ground motion measurements which 
are continuous variables. This also implies that macroseismic data are normally distributed 
whereas ground motion data are log-normally distributed. Despite this, the similarity of 
several seismological applications that use these data (i.e., seismic hazard analysis, shaking 
scenarios, etc.) allows us to consider the criteria adopted for selecting GMMs appropriate 
for IPEs, too. With the aim of evaluating the performance of the most recent Italian IPEs, 
i.e., their ability to predict the intensity value at a given site as a function of earthquake 
moment magnitude and source-to-site distance, we select the attenuation models proposed 
by: (i) Rovida et al. (2020); (ii) Lolli et al. (2024); and (iii) Gomez-Capera et al. (2024), 
summarized in Tables 1 and 2. The IPE proposed by Rotondi et al. (2016, 2019) is not 
included in the analysis because it is based on a non-parametric approach and estimates 
the probability of the intensity at the site adopting a binomial distribution as a function of 

Table 1  Reference, functional form, standard deviation (σ), regression coefficients (a-d), and pseudo focal 
depth (h) of the selected IPEs. ID is the identifier used in this study
ID Reference Functional Form σ a b c d h
ROV20 Rovida et al. 2020 Equations [1–2] 0.76* -1.227 0.0029 1.248 1.537 7.45
LOL24all Lolli et al. 2024 Equations [1–2] 0.83* -2.578 0.0081 1.072 1.867 4.49
LOL24ins Lolli et al. 2024 Equations [1–2] 0.82* -1.459 0.0066 1.235 1.610 6.35
GOM24 Gomez-Capera et al. 2024 Equation [4] 0.748 1.8117 0.0039 2.61 1.42 9.87
GOM24crv Gomez-Capera et al. 2024 Equation [5b] 0.731 0.0320 0.0030 0.19 1.36 8.72
*Obtained by summing the two relevant variances estimated for Eq. (1) and Eq. (2)

Table 2  Summaries of calibration dataset used in each selected IPE
ID N° Events Time range Mw range Focal Depth N° IDPs Int range
ROV20 354 1903–2013 2.7–7.1 < 30 km 30,138 2–11
LOL24all 744 1200–2017 * * 33,038 3–11
LOL24ins 338 1904–2017 * * 20,029 3–11
GOM24 119 1908–2013 3.8–7.1 < 35 km 16,260 3–11
GOM24crv 119 1908–2013 3.8–7.1 < 35 km 16,260 3–11
* Data not provided in the original paper
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epicentral intensity and distance; therefore its predictions are not directly comparable with 
those of the selected IPEs that predict an intensity value as a function of moment magnitude. 
The selected IPEs are based on a log-linear standard model (e.g., Kövesligethy 1907; Gupta 
and Nuttli 1976) with the linear distance term accounting for the anelastic dissipation and 
the logarithmic distance term accounting for the geometrical spreading. In addition, the 
selected models describe macroseismic intensity attenuation as a function of the epicentral 
distance (i.e., the distance between the site location and the epicenter of the earthquake), 
and they do not consider the actual rupture plane or its surface projection. Lolli et al. (2024) 
proposed two models, hereafter LOL24all and LOL24ins; these models represent an update 
of the widely used IPE for the Italian area published by Pasolini et al. (2008b). In addition, 
Rovida et al. (2020), hereafter ROV20, calibrated the coefficients of Pasolini et al. (2008b) 
to be used for calculating the macroseismic parameters in the CPTI15.

In detail, the functional form adopted in ROV20, LOL24all, and LOL24ins to predict the 
intensity I at a given site from the IE value (defined as the average expected intensity at the 
epicenter) is:

	 I = IE − b ∗ (D − h )− c ∗ [ln (D) − ln (h) ]� (1)

	 IE = a + d ∗Mw � (2)

where Mw is the moment magnitude, and D is the pseudo hypocentral distance (in km) esti-
mated from epicentral distance (R) and pseudo focal depth (h) as:

	 D =
√
R2 + h2 � (3)

The ROV20, LOL24all, and LOL24ins models are calibrated with a two-step regression 
analysis. In the first step, the intensity attenuation with hypocentral distance is correlated 
with the intensity expected at the epicenter IE. In the second step, the parameter IE is cor-
related with magnitude using an error-in-variable (EIV) method following the procedure 
described in Fuller (1987) and applied by Castellaro et al. (2006). The main differences 
among the ROV20, LOL24all, and LOL24ins models derive from the data selection used 
for their calibration (see Table 2). LOL24all and LOL24ins consider the data collected in 
the CPTI15 and DBMI15 for earthquakes with more than 10 IDPs. Moreover, the authors 
applied to the calibration dataset quality criteria related to possible incompleteness of low 
intensities excluding from the dataset all the intensity data less than 3 MCS (Mercalli-
Cancani-Sieberg; Sieberg 1923) and data located at epicentral distances where an average 
intensity lower than 4 MCS is expected according to a preliminary attenuation function (see 
Lolli et al. 2024 for details). LOL24all was calibrated using 33,038 intensity data related to 
744 Italian earthquakes that occurred after 1200 C.E., whereas LOL24ins took into account 
338 earthquakes with only instrumental magnitude that occurred after 1904 and the corre-
sponding 20,029 intensity data. The coefficients of the ROV20 model were obtained from 
the same dataset used for calibrating the Boxer algorithm (Gasperini et al. 2010) adopted 
for estimating the earthquake parameters of CPTI15. In particular, the calibration dataset is 
made of 354 earthquakes with instrumental moment magnitudes between 2.8 and 7.1 that 
occurred in the period 1903–2013 for a total of 30,138 IDPs from DBMI15 with intensity 
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ranging from 2 to 11 MCS. The earthquakes deeper than 30 km and with less than 10 IDPs 
were excluded from the dataset.

Gomez-Capera et al. (2024) developed several IPEs based on two functional forms. The 
authors then compared and tested the obtained IPEs through a sensitivity analysis of the 
calibrated coefficients and a validation process based on a residual analysis, identifying 
the two best-performing IPEs that are selected in this study (hereafter GOM24 and GOM-
24crv). These two attenuation models are derived from those developed by Howell and 
Schultz (1975) and are based on an empirical relationship between macroseismic intensity 
and seismic energy. The functional form of GOM24 is a classical log-linear attenuation 
model as a function of epicentral distance (R) and moment magnitude (Mw):

	 I = a− b ∗D − c ∗ Log (D) + d ∗Mw � (4)

GOM24crv is an alternative linear functional form in which the logarithm of macroseismic 
intensity increases with Mw in the logarithmic form:

	 I = a− b ∗ D − c ∗ Log (D) + d ∗ LogMw � (5a)

This equation is equivalent to:

	 I = 10a ∗ 10−bD ∗ D
−c ∗Mw

d � (5b)

D represents the pseudo hypocentral distance and is estimated through Eq. (3). Unlike other 
models, GOM24 and GOM24crv adopt a non-linear least squares regression for deter-
mining the four coefficients (a-d) and the pseudo focal depth (h). The calibration dataset 
consists of 16,260 IDPs collected in DBMI15 related to 119 earthquakes of CPTI15 with 
reliable instrumental Mw in the range 3.8–7.1, that occurred in the period 1908–2013. The 
events with focal depth > 35 km are not used in the calibration dataset. In addition, macro-
seismic intensities < 3 MCS are excluded due to a possible incompleteness of the data. All 
the selected IPEs do not consider in their calibration dataset the earthquakes that occurred in 
the Italian volcanic regions (i.e., Mt. Etna, Aeolian islands, and Campanian volcanoes) and 
those with the epicenter located at sea. The coefficient a is calibrated to reflect the bound-
ary conditions of the source, b is associated with the anelastic attenuation, c and d define 
the rate of energy geometrical spreading and the dependence of the magnitude, respectively 
(Table 1). Table 1 reports the standard deviation (σ) of each model. In particular, the σ of 
GOM24 and GOM24crv derives from the root mean square of the residuals (difference 
between observed and predicted macroseismic intensity at sites) of the calibration dataset. 
The LOL24ins, LOL24all, and ROV20 models provide two independent values of σ that 
are obtained from the two-step regression analysis (Eq. 1 and Eq. 2; see values listed in 
Tables 1 and 2 in Lolli et al. 2024). For those models, the total standard errors of the separate 
regressions are computed following the usual error law, that is by summing the two relevant 
variances (Pasolini et al. 2008b).

As a comparison of the five tested models, Fig. 1 shows the decay of macroseismic inten-
sity as a function of the epicentral distance (R) according to the selected IPEs for moment 
magnitude 5.0 (Fig. 1a) and 6.5 (Fig. 1b). For predictions of Mw = 5.0 at distances lower 
than 10 km, all the selected IPEs provide similar intensity values, i.e., between intensity 6 
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and 7 MCS; at higher distances, GOM24crv shows a decay of intensity with distance slower 
than the other four models, among which LOL24ins and LOL24all show the fastest decay. 
Considering Mw = 6.5 (Fig. 1b), there is quite a large variability of the predictions in near-
source conditions (R < 5 km), where the LOL24all model predicts an intensity of 9–10 MCS, 
whereas GOM24 predictions are between 8 and 9 MCS.

3  Testing datasets

To test the performance of the selected IPEs, we consider four datasets derived from the 
most recent version of CPTI15 (Rovida et al. 2022b) and DBMI15 (Locati et al. 2022), 
according to specific criteria: two datasets (hereafter Dataset #1 and Dataset #1alt)include 
only earthquakes with instrumentally determined magnitude and location, occurred between 
1907 and 2020; the other two datasets (hereafter Dataset #2 and Dataset #2alt) contain both 
historical and recent earthquakes with parameters derived only from macroseismic data, 
occurred in the period 1117–1978 (see Rovida et al. (2020) for details). The earthquakes of 
the four datasets are selected taking into account the following common criteria:

	● Number of associated IDPs ≥ 10;
	● Moment magnitude Mw ≥ 4.0;
	● Hypocentral depth ≤ 30 km (historical events without depth assessment are considered 
within this range);

	● Inland epicenter;
	● Mainshocks as identified with the method of Gardner and Knopoff (1974), following 
Meletti et al. (2021).

In addition, earthquakes in the Italian volcanic areas (Mt. Etna, Aeolian islands, and Cam-
panian volcanoes) and of the Calabrian Arc subduction zone are discarded because of their 
peculiar attenuation features. Also, earthquakes with intensity data derived from the French 
database SisFrance (BRGM-EDF-SisFrance 2014) are not considered.

Fig. 1  Decay of macroseismic intensity as a function of the epicentral distance for the selected IPEs for 
moment magnitude 5.0 a and 6.5 b. The dotted lines represent the standard deviation of the models

 

1 3



Bulletin of Earthquake Engineering

As for the selection of IDPs, we adopt specific selection criteria. In order to minimize the 
influence of the incompleteness of the macroseismic data, we exclude from the Dataset #1 
and Dataset #2 the data with macroseismic intensity < 4 MCS and those located at epicen-
tral distance > 200 km (see Fig. 2a and 2 b). This is because despite the significant number 
of IDPs with low intensities due to the inclusion of many moderate energy earthquakes in 
the DBMI15, the IDPs < 4 are still small in number compared to those of intensity ≥ 4 see 
figure 3 of another article (Locati et al.2022) and the macroseismic intensity distributions of 
several earthquakes cover the territory within 200 km.

A different way of accounting for the incompleteness of macroseismic data, particularly 
for low intensities, is proposed by Pasolini et al. (2008b) and Lolli et al. (2024). Follow-
ing their criteria, we build two alternative datasets (i.e., Dataset #1alt and Dataset #2alt) to 
further test the selected IPEs. To this purpose, these two alternative datasets consider all the 
intensity data except those with intensity ≤ 2 MCS and discard the data located at epicen-
tral distances where an intensity lower than 4 is expected (see Fig. 2c and 2d) based on an 
attenuation function proposed by Pasolini et al. (2008b).Moreover, intensities not expressed 

Fig. 2  Intensity versus epicentral distance of macroseismic data contained in Dataset #1 a, Dataset #2 b, 
Dataset #1alt c, and Dataset #2alt d according to earthquake magnitude ranges
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with numerical values in DBMI15 (e.g., “F” for felt, “D” for generic damage, and so on; see 
Rovida et al. 2020) are discarded from all datasets.

As a result, Dataset #1 contains 18,714 IDPs with intensity up to 11 MCS, related to 
213 earthquakes with instrumental Mw between 4.0 and 7.1 whereas Dataset #1alt includes 
12,900 IDPs for 196 earthquakes. Dataset #2 is composed of 13,998 IDPs with intensity up 
to 11 MCS, related to 357 earthquakes with Mw between 4.0 and 7.3 derived from macro-
seismic data and Dataset #2alt contains 12,065 IDPs related to 352 events. We are aware that 
some events in the testing datasets may be included in the calibration datasets of the selected 
models. However, the possible overfitting effects due to the partial overlap between the test-
ing and calibration datasets would be common to all the considered IPEs.

The events selected for all the datasets are provided in Online Resource 3 (Table S1).

4  Residual analysis and ranking methods

The total residual Res can be calculated as the difference between the macroseismic intensity 
observations MIobs (from the selected datasets) and the predictions at the same sites MIpred 
of the models given in Table 1, as:

	 Res = MIobs − MIpred � (6)

According to the simplest scheme for residual decomposition (Al Atik et al. 2010), the total 
term can be separated into:

Fig. 3  Total residuals Res (Eq. 6) of Dataset #1 versus instrumental moment magnitude for the IPEs in 
Table 1
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	 Res = δ Be + δ Wes � (7)

where δBe is the between-event and δWes is the within-event related to the event e and the 
site s. Generally, in applications related to GMMs, these are random terms estimated with 
mixed-effects regression approaches to ensure robust estimation of random effects even 
for datasets with unbalanced numbers of observations for each random variable (Stafford 
2014). In this case, the between-event is calculated simply as the mean of the residuals for 
the specific event e:

	
δ Be =

1

Ne

∑ Ne

i=1
Res � (8)

where Ne is the number of IDPs per event, which is always greater than or equal to 10 (see 
previous section). From a physical point of view, the between-event is the average misfit of 
observations of one particular earthquake with respect to the median IPE prediction. In addi-
tion, δBe represents the event-term and can be attributed to differences in regional source 
characteristics in terms of parameters that influence the level of ground motion. Conversely, 
the within-event is the residual error, obtained as:

	 δ Wes = Res − δ Be � (9)

δWes represents the aleatory error, which is not related to event or source effects but can be 
attributed to other features not introduced into the original model, such as site or propaga-
tion effects.

According to Mak et al. (2015), we evaluate the performance of the data-driven models 
using the total residuals and following two complementary approaches: the first is measure-
oriented and uses a score to describe the overall goodness of fit between model predictions 
and actual observations. However, the scoring (or ranking) methods do not indicate which 
part of a model performs well or badly. The second one is the diagnostic-oriented approach, 
which qualitatively evaluates the performance of the models for different input scenarios.

Concerning the first measure-oriented approach, we adopt two metrics to evaluate the 
performance of the predictive models: (i) the log-likelihood (LLH), which is an index, pro-
posed for the first time by Scherbaum et al. (2009) in the framework of PSH assessment for 
Europe (Delavaud et al. 2012), to rank both IPEs and GMMs; (ii) the mean absolute error 
(MAE), introduced by Mak et al. (2015) for validating Italian IPEs.

Scherbaum et al. (2009) derived this selection procedure from an information-theoretic 
perspective, where the distance between the unknown model, representing the reality, and 
the candidate model is measured, employing the concept of likelihood for a set of observa-
tions. Let us assume that we want to measure the likelihood of a model, described by a con-
tinuous probability density function g(x), given the set of independent observations x ={xi} 
with i = 1…N. The log-likelihood of the model, given the sample set x, is:

	
logbL (x) =

1

N

∑ N

i=1
logb (g(xi) � (10)
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where N is the number of observations and the logarithm base b is 2. The higher the value of 
LLH (closer to zero), the better the performance of the model. Despite some issues related 
to this performance index, raised by some authors in the last decade (Kale and Akkar 2013; 
Arroyo et al. 2014), it is still the most popular method to evaluate the performance of a 
model.

As widely detailed by Mak et al. (2015), another methodology to evaluate the goodness 
of a model in reproducing the observed intensity data is represented by the mean absolute 
error (MAE). The MAE for each earthquake, named MAEe, is defined as:

	
MAEe =

1

Ne

∑ Ne

i=1
|MIobs − MIpred| =

1

Ne

∑ Ne

i=1
|Res| � (11)

where Ne is the number of IDPs for each event. Note that MAEe is different from δBe in 
Eq. (8) since the total residuals are considered in absolute values. In order to obtain a unique 
indicator for evaluating the performance of each selected IPE, the final MAE is computed 
as the average value of all the MAEe. The closer to zero the MAE value, the better the per-
formance of the model. Moreover, to follow the diagnostic-oriented approach as well, we 
investigate the trend of the residuals as a function of the explanatory variables and predicted 
intensity values, as a complement to the ranking results.

5  Results

5.1  Analysis of residuals’ trends and statistics

Since the residuals of the models as defined in Eq. (6) are zero-mean Gaussian processes, 
we make some statistical tests of normality to assess the model performance. Table 3 shows, 
for each selected IPE, the main statistical indexes of the distribution of the total residuals, 
such as the minimum, maximum, and median value, the standard deviation, the skewness, 
the kurtosis, the LLH value of Eq. (10), and the MAE value for the selected testing datasets. 
In the following, there are some figures showing the trend of the residuals for Dataset #1; 
the corresponding figures for the other three datasets are provided in Online Resource 1.

Figure 3 shows the histograms of the residuals for each model considered in our analysis 
over Dataset #1. All models exhibit a positive bias (see median values in Table 3), in some 
cases very small (e.g., GOM24crv) and in other cases slightly larger (e.g., LOL24ins). Fig-
ure 3 also shows that the residuals are not centered on mean zero for ROV20, LOL24all, 
and LOL24ins, indicating an overall slight to moderate underestimation of empirical data 
for the models considered. Similar observations can be made for Dataset #2 (see Fig. S1) 
and Dataset #2alt (see Fig. S9), whereas Dataset #1alt shows a negative bias except for the 
LOL24ins and ROV20 models (see Table 3 and Fig. S5).

Since the Skewness is a measure of the lack of symmetry with respect to a normal dis-
tribution, all the models show values close to zero, lower than 0.2 in absolute values for 
all the datasets, indicating very small asymmetries of the residuals’ distributions. Kurtosis 
is instead a measure of whether the data are heavy- or light-tailed with respect to a normal 
distribution: also in this case the model residual distributions do not have many outliers and 
therefore are not particularly long-tailed.
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Figure Firegu 4 shows the trend of the residuals with epicentral distance: the models gen-
erally tend to underestimate observations at long distances (> 100 km ca.)and overestimate 
those at short distances. In particular, the ROV20, LOL24all, and LOL24ins models show 
a distance scaling that does not reproduce the empirical data in Dataset #1, with an under-
estimation of observed intensity increasing with epicentral distances greater than 30 km 
ca. This may be because the datasets used for calibrating the models of Lolli et al. (2024) 
apply data selection criteria related to possible incompleteness of data at long distances 
(see Sect. 2). Indeed, considering Dataset #1alt which takes into account these criteria, the 
underestimation of observed intensity at long epicentral distances is not shown, except a 
slight one for LOL24ins (see Fig. S6). Dataset #2 and Dataset #2alt (see Fig. S2 and Fig. 
S10 show a slight underprediction of observed intensity at distances close to the epicenter. 
This trend is less appreciable for the LOL24all model.

Figure 5 shows the trend of the residuals as a function of the other explanatory vari-
able, i.e., the moment magnitude, considering 0.2 Mw bins: all models tend to underestimate 
the empirical data of Dataset #1 for low magnitudes (Mw<5 circa), and this trend is more 
evident for the ROV20, LOL24all, and LOL24ins. The trend observed for Mw ≥ 6 is very 
similar for all the considered models, with a general overestimation of empirical data, in 
particular for magnitude ranging from 6.0 to 6.5. This trend is not confirmed for Dataset #2 
and Dataset #2alt where all the selected models show a good performance with an average 
residual in the range of ± 1 intensity value (see Fig. S3; S11), which is in agreement with the 
uncertainty associated with the definition of macroseismic intensity (ordinal and discrete). 

Table 3  Statistical indexes of the total residuals for each selected IPE
Model Min Max Median Sd Skewness Kurtosis LLH MAE
Dataset 1
 ROV20 -3.44 3.49 0.33 0.84 -0.10 0.34 -1.9354 0.68703
 LOL24all -3.74 3.93 0.36 0.97 -0.14 0.30 -2.1559 0.84079
 LOL24ins -3.50 3.80 0.50 0.89 -0.10 0.39 -2.1497 0.77587
 GOM24 -3.39 3.30 0.11 0.79 -0.02 0.37 -1.7359 0.59162
 GOM24crv -3.60 3.41 0.06 0.75 -0.08 0.71 -1.6406 0.54648
Dataset 2
 ROV20 -3.19 4.00 0.31 0.83 -0.02 0.27 -1.9100 0.66541
 LOL24all -3.87 3.65 0.20 0.88 -0.09 0.39 -1.9031 0.70404
 LOL24ins -3.36 4.17 0.39 0.88 0.03 0.26 -2.0456 0.71947
 GOM24 -2.96 3.86 0.20 0.82 0.04 0.20 -1.8264 0.62725
 GOM24crv -3.63 4.01 0.11 0.80 0.06 0.51 -1.7619 0.58010
Dataset 1alt
 ROV20 -3.75 3.38 0.00 0.87 -0.06 0.21 -1.8729 0.64780
 LOL24all -4.00 3.10 -0.10 0.89 -0.13 0.40 -1.9054 0.65226
 LOL24ins -3.74 3.50 0.17 0.89 -0.15 0.23 -1.9119 0.65433
 GOM24 -3.83 3.30 -0.15 0.87 0.01 0.21 -1.8980 0.66409
 GOM24crv -3.88 3.41 -0.17 0.87 -0.02 0.16 -1.9314 0.65431
Dataset 2alt
 ROV20 -4.24 4.02 0.19 0.91 -0.12 0.21 -1.9944 0.66534
 LOL24all -4.41 4.62 0.01 0.89 -0.17 0.31 -1.8707 0.63980
 LOL24ins -4.31 5.09 0.24 0.93 -0.05 0.24 -2.0194 0.66691
 GOM24 -4.14 3.99 0.14 0.93 -0.15 0.16 -2.0294 0.68601
 GOM24crv -4.26 4.01 0.07 0.94 -0.12 0.25 -2.0261 0.66474
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The underestimation of data for low magnitudes is not shown for Dataset #1alt (see Fig. S7), 
whereas the trend for high Mw values is similar to that observed for Dataset #1.

Finally, Fig. 6 shows the trend of the residuals as a function of predicted intensity val-
ues for Dataset #1. In all the cases, there is a large variability in the residuals for predicted 
intensity ≤ 8 MCS, probably due to the high number of data in these intensity classes. How-
ever, the average residuals calculated are within ± 1 for all the selected models. Figure 6 

Fig. 5  Total residuals Res (Eq. 6) of Dataset #1 versus epicentral distance for the IPEs in Table 1

 

Fig. 4  Histograms of total residuals Res (Eq. 6) of Dataset #1 for the IPEs in Table 1
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also shows all the IPEs tend to underestimate the observed data for low-intensity values 
(i.e. MIpred < 5) whereas the ROV20 and GOM24 models do not predict intensities > 9, and 
underestimate these intensities for the considered earthquakes. In addition, the LOL24all 
and GOM24crv models reproduce high-intensity data better than the LOL24ins model, with 
the average residuals for MIpred > 9 very close to zero. The LOL24all and GOM24crv mod-
els perform better than the others with Dataset #2 and Dataset #2alt (see Fig. S4; S12).

5.2  Selection of the best-performing model

For the purpose of objectively formulating a preference for a single model on the basis of 
the two different adopted scoring techniques, we follow the strategy proposed by Lanzano 
et al. (2020) for GMMs: since the tested models exhibit scores that could differ by a few 
centesimal points, we compute an ordinal score for each scoring metric and testing dataset, 
accounting for their cardinality. In particular, we assign 5 points to the best-performing IPE 
(LLH or MAE values closest to zero) and 1 point to the worst, based on the scoring results 
in Table 3. The ordinal total score for each model is then obtained from the sum of the scores 
for each scoring metric and dataset. Table 4 provides the partial and total scores of each IPE 
for all the datasets.

On the basis of the measure-oriented approach, the best-performing model is GOM24crv, 
which totals 30 points. This result is also confirmed by the diagnostic-oriented approach 
since GOM24crv exhibits an almost zero-mean trend as a function of both distance and 
magnitude (see Figs. 5 and 3, and 6). The only caveat concerns the results obtained for the 
two alternative datasets (i.e., Dataset #1alt and Dataset #2alt) where the GOM24crv shows 
good performance according to the MAE score but not to the LLH one. The runner-up is the 
ROV20 model, followed by LOL24all, GOM24, and LOL24ins.

Fig. 6  Total residuals Res (Eq. 6) of Dataset #1 versus predicted intensities for the IPEs in Table 1
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We also employ the Sammon maps (Fig. 7), which allow mapping a high-dimensional 
space (i.e., the number of explanatory variables of the model) to a space of lower dimen-
sionality (2D), by trying to preserve the structure of inter-point distances. The Sammon 
map, originally proposed by Sammon (1969), is particularly useful for visualizing and inter-
preting different datasets and models and is commonly used in ground motion modeling to 
visually compare GMMs from different predictive parameters (magnitude and distance) in 
single plots (Scherbaum et al. 2010; Goulet et al. 2017; Drouet et al. 2020; Aldama-Bustos 
et al. 2023; among others). We represent the selected IPEs on Sammon’s space (see Fig. 7) 
by dividing the map into a grid of squares to show median predictions for various magni-
tudes and distances. We consider earthquake magnitudes between Mw 4.5 and 6.5 with a 
step of 0.5, and distances between 0 and 200 km with a step of 20. This approach allows 

Table 4  Partial and total score of the selected IPEs
Model LLH scoring MAE scoring Total score

D #1 D #2 D #1alt D #2alt D #1 D #2 D #1alt D #2alt
ROV20 3 2 5 4 3 3 5 3 28
LOL24all 1 3 3 5 1 2 4 5 24
LOL24ins 2 1 2 3 2 1 2 2 15
GOM24 4 4 4 1 4 4 1 1 23
GOM24crv 5 5 1 2 5 5 3 4 30

Fig. 7  Sammon’s maps of the selected IPEs
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us to visually compare median predictions and assess how close the IPEs are in predicting 
similar intensity levels. In Fig. 7, we observe that the points in two dimensions cover a 
wide range of the intensity prediction space, and we do not see any overlapping or clusters. 
This suggests that there are significant variations in the predictions of the considered IPEs, 
despite the similarity in functional formsso we are dealing with non-redundant models.

5.3  Spatial and temporal patterns of the best predictive model

In this section, we search for spatial and temporal patterns of the between-events δ Be  
(Eq. 8) of the best predictive model, identified above as GOM24crv. Being Dataset#1alt and 
Dataset #2alt a subset of the earthquake contained in Dataset #1 and Dataset #2 that cut-away 
many observed data (see Fig. 1), we investigate spatial and temporal patterns exclusively for 
the latter datasets. For Dataset #1, the spatial distribution of the residuals (Fig. 8a) does not 
show any particular spatial trends either for positive or negative between-events. From the 
temporal point of view, Fig. 9a shows that all the between-events of earthquakes included 
in Dataset #1 are within the range of ± 1 (i.e., within the uncertainty associated with macro-
seismic intensity) up to 1968 and between 1980 and 2005, independently of the earthquake 
magnitude. A positive bias is observed for most of the events that occurred in the period 
1968–1980, with a general underestimation of the model with respect to the observed data 
(i.e., positive δ Be ). Conversely, the most recent earthquakes show a negative between-
event, particularly after 2006. This trend could be due to the difference in the assessment 
of macroseismic intensity values after 1980 and after 2006 by the datasets contributing to 
DBMI15. In particular, in 1980 systematic collection of macroseismic data through the 
analysis of questionnaires compiled by local authorities (e.g. municipalities, police stations, 
firemen departments, etc.) began, accompanied by field surveys for the strongest earth-
quakes. This practice concluded at the end of 2005, and only the macroseismic field sur-
veys following potentially damaging earthquakes have continued. Instead, intensity data of 

Fig. 8  Spatial distribution of the earthquakes as a function of the estimated between-event of GOM24crv 
contained in Dataset #1 a and in Dataset #2 b
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earthquakes before 1980 are mostly assessed through a posteriori analysis of contemporary 
documentation. Table 5 lists the earthquakes of Dataset #1 with between-events greater than 
or equal to ± 1. As regards the earthquakes with between-event > 1, all occurred in the period 
1968–1978, and for 6 out of 8, their moment magnitude is a conversion from other types of 
magnitude (i.e., ISC - International Seismological Centre, Storchak et al. 2017). The highest 
negative between-events are observed only after 2002. In particular, the highest intensities 

Fig. 9  Timeline of the between-event of GOM24crv of the earthquakes contained in Dataset #1 a and in 
Dataset #2 b
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of the 6 April 2009 earthquake are not close to the instrumental epicenter (see the map in 
https://emidius.mi.ingv.it/CPTI15-DBMI15/), and they are hardly reproduced by isotropic 
IPEs (Antonucci et al. 2021). The other four earthquakes with Mw ≥ 5.3 show a decay of 
their intensities faster than the model prediction following the trend shown in Fig. 5.

Concerning Dataset #2, Fig. 8b shows prevailing positive between-events but without 
any particular spatial trend. The timeline of the between-events represented in Fig. 9b shows 
a systematic underestimation (i.e., residuals > 1) of the observed intensity data by the GOM-
24crv model for earthquakes in the period 1000–1746 which present very few and scattered 
intensity data, and macroseismic magnitudes > 5.6 (see Table 6). From 1746 to around 1900 
positive between-events still prevail, and negative ones are mostly < 0.5. None of the earth-
quakes have between-event > -1, which means that on average the model does not signifi-
cantly overestimate the observed intensities.

Table 5  Earthquakes contained in dataset #1 with between-event ≥|1| (Be_GOM24crv in decreasing order) 
with their date, epicentral area (area), instrumental magnitude (MwIns), and its reference (RefIns), and the 
number of IDPs (NIDP) with the maximum intensity (ix)
Date Area RefIns MwIns NIDP Ix 

[MCS]
Be_GOM-
24crv

1978 07 30 Ternano International Seismological Centre 4.32 19 7 1.57
1974 12 02 Valnerina Bollettino Sismico Mensile 4.43 25 8 1.37
1968 04 18 Liguria 

occidentale
International Seismological Centre 4.07 28 6 1.35

1968 01 04 Sabina International Seismological Centre 4.16 12 6 1.24
1975 01 16 Stretto di 

Messina
International Seismological Centre 4.68 217 7–8 1.18

1969 08 11 Lago 
Trasimeno

International Seismological Centre 4.16 30 7 1.15

1971 07 15 Parmense International Seismological Centre 4.9 169 8 1.07
1968 06 22 Val 

Lagarina
Sandron et al. (2014) 4.57 17 6 1.05

2002 10 31 Molise Castello et al. (2006) 5.74 51 8–9 -1.00
2009 04 06 Aquilano Bollettino Sismico Italiano 6.29 315 9–10 -1.17
2018 08 16 Molise Bono et al. (2019) 5.29 15 5–6 -1.23
2012 10 25 Pollino Bollettino Sismico Italiano 5.31 40 6 -1.24
2012 05 20 Pianura 

Emiliana
Bollettino Sismico Italiano 6.09 40 7 -1.51

Table 6  Earthquakes contained in dataset #2 with between-event ≥|1| (Be_GOM24crv in decreasing order) 
with their date, epicentral area (area), macroseismic magnitude (MwM), the reference of the intensity data 
(RefM), and the number of IDPs (NIDP) with the maximum intensity (ix)
Date Area RefM MwM NIDP Ix [MCS] Be_GOM24crv
1348 01 25 Alpi Giulie Caracciolo et al. (2015) 6.63 11 9–10 2.18
1117 01 03 Veronese Guidoboni et al. (2007) 6.52 13 9 1.59
1693 01 11 Sicilia sud-orientale Guidoboni et al. (2007) 7.32 167 11 1.38
1222 12 25 Bresciano-Veronese Guidoboni et al. (2007) 5.68 13 7–8 1.38
1349 09 09 Lazio-Molise Galli and Naso (2009) 6.80 19 10–11 1.21
1646 05 31 Gargano Camassi et al. (2008) 6.72 28 10 1.20
1731 03 20 Tavoliere delle Puglie Guidoboni et al. (2007) 6.33 38 9 1.11
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6  Conclusions

We test the performance of the five most recent IPEs proposed by Rovida et al. (2020), 
Gomez-Capera et al. (2024), and Lolli et al. (2024) for the Italian area against macroseis-
mic data collected in DBMI15 that are associated with earthquakes with both instrumental 
(Dataset #1 and Dataset #1alt) and macroseismic (Dataset #2 and Dataset #2alt) parameters 
derived from the CPTI15 catalog. The analysis highlighted the following main findings:

	● the results obtained with a diagnostic-oriented approach (analysis of residuals’ trends) 
and measure-oriented approaches (LLH and MAE values) indicated the GOM24crv as 
the best-performing model. This is probably due to the different functional forms adopt-
ed with respect to the other selected IPEs (see Table 1). The GOM24crv model shows 
good performance for all the selected datasets.

	● the statistical indexes in Table 3 show small differences, in particular for Dataset #1alt 
and Dataset #2alt, indicating the validity of all the tested models in reproducing on av-
erage the decay of macroseismic intensity in Italy. Such very slight differences can be 
attributed to the different criteria adopted for the selection of the calibration dataset of 
each model rather than the different attenuation models themselves.

	● most of the analyzed IPEs (i.e., GOM24, ROV20, LOL24ins) tend, on average, to un-
derestimate high-intensity values. Besides possible near-source and site effects, this 
might be the consequence of the use of the epicentral distance as the measure of source-
to-site distance, which does not take into account the size of the rupture fault in the 
prediction models. However, for all the testing datasets, the GOM24crv, and LOL24all 
models perform better than the others with average residuals calculated for high intensi-
ties close to zero. For the LOL24 all, this could be due to the calibration dataset used 
for the model which includes strong earthquakes that occurred in the pre-instrumental 
era with a great number of high-intensity data with respect to the ones available for the 
instrumental earthquakes considered in the other models and for GOM24crv to the dif-
ferent functional form adopted;

	● all the models tend to underestimate observations at long distances and overestimate 
those at short distances for Dataset #1, except GOM24crv; this trend is not evident for 
Dataset #1alt which considers also observed intensities located at distances greater than 
200 km from the epicenter. For Dataset #2 and Dataset #2alt, the overestimation of ob-
served intensities at short distances is confirmed only for the LOL24all model.

	● the four models calibrated with only instrumental data (i.e., GOM24, GOM24crv, 
ROV20, and LOL24ins) better reproduce the observed intensities of earthquakes with 
instrumental location and magnitudes (Dataset #1), according to the proposed scoring. 
The LOL24 all model improves its performance for the two testing datasets which in-
clude macroseismic parameters (i.e., Dataset #2 and Dataset 2alt). This can be probably 
due to the fact that this model is calibrated considering also macroseismic locations and 
magnitudes. The similar behavior of the models calibrated with instrumental data when 
applied to different datasets proves good consistency and harmonization in the param-
eters of modern and historical earthquakes in the CPTI15 catalog;

	● the spatial analysis of the between-event of GOM24crv does not highlight any sig-
nificant regional feature of intensity attenuation in Italy, suggesting that regional IPEs 
might not be necessary.
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In general, this study proposes a useful methodology to systematically evaluate the perfor-
mance of different IPEs, borrowing the diagnostic approach adopted in the development 
of GMMs. Moreover, combining the results of the tests of all the models with those of the 
analysis of the between-event of GOM24crv, we obtain some hints for the development 
of future intensity attenuation models: (i) the incorporation of different distance metrics 
(e.g. Joyner–Boore distance) in the prediction models could allow to take into account the 
source effects, such as the extension of the fault. This would also avoid the isotropic decay 
of macroseismic intensity modelled with the common use of epicentral distance; (ii) the 
within-event (δWes) terms could be studied in order to highlight the influence of site effects 
of a model prediction, as well as to verify whether propagation or rupture-directivity effects 
can be isolated in the intensity data.
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