
P-Wave Spectral Decomposition 
and Stress Drop Estimates
We apply a spectral decomposition technique[2] to analyze 

P-wave spectra recorded on vertical-component channels 
of NCSN stations within 100km. This method uses an 
iterative, L1-norm based inversion approach to 
decompose the observed spectra into relative source, 
path, and station terms. An empirical correction term 
(analogous to an EGF) is estimated from the relative shape 
of stacked source spectra and is then applied to correct 
the relative source spectra for path e�ects common to all 
sources (e.g. average near-source and near-site 
attenuation). We estimate seismic moment from the 
long-period spectral moment Ω

0
 and estimate corner 

frequency fc by �tting the corrected source spectra S(f) to a 
Brune-type theoretical spectrum of the form:

within the 2.5--25 Hz band in which we have ensured 
adequate S/N. Given fc and M0, we compute dynamic 
(Brune-type) stress drop:

with k=0.38[3] and a constant shear wave speed β.  

Abstract
Theoretical and observational studies have suggested that between-event variability in the median ground motions of 
larger (M>5) earthquakes is controlled primarily by the dynamic properties of the earthquake source, such as Brune-type 
stress drop. Analogous results remain equivocal for smaller events due to the lack of comprehensive and overlapping 
ground motion and source parameter datasets in this regime. Here we investigate the relationship between peak ground 
acceleration (PGA) and dynamic stress drop for a new dataset of 5297 M>1.5 events occurring in the San Francisco Bay Area 
from 2002 through 2016. For each event, we measure peak ground acceleration on horizontal-component channels of sta-
tions within 100km distance and estimate stress drop from P-wave spectra recorded on vertical-component channels from 
the same stations. We then develop a nonparametric ground motion prediction equation using a mixed-e�ects generaliza-
tion of the Random Forest algorithm that we use to model the joint in�uence of magnitude, distance, and near-site e�ects 
on observed PGA. We �nd a strong correlation between dynamic stress drop and the residual PGA of each event, with the 
events with higher-than-expected PGA associated with higher values of stress drop. The strength of this correlation increas-
es as a function of magnitude but remains signi�cant even for smaller magnitude events with corner frequencies that ap-
proach the observable bandwidth of the acceleration records. Mainshock events are characterized by systematically higher 
stress drop and PGA than aftershocks of equivalent magnitude. Coherent local variations in the distribution of dynamic 
stress drop provide observational constraints to support the future development of nonergodic ground motion prediction 
equations that account for variations in median stress drop at di�erent source locations.
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Summary
• We compute dynamic (Brune-type) stress drop and PGA for more than 5000 M1.5 and greater events in the San 
Francisco Bay Area

• We develop a data-driven GMPE based on the Random Forest machine learning algorithm to model PGA as a 
function of distance, magnitude, and station and measure the between-event residual ΔPGA

• Δσ is strongly correlated with ΔPGA for M1.5+ events, and the correlation strengthens with increasing magnitude

• Mainshock events have systematically higher Δσ and ΔPGA than aftershock events

PGA Measurements
We estimate PGA from the full-waveform, 
horizontal-component NCSN records of each event (typically 
from the S-wave or surface phases). We verify that our 
measured PGA values are consistent with the available records 
that are cross-listed in the NGA-W2 ground motion database[4]. 

Data and Study Region
Our study region considers 2002--2016 seismicity with cat-
alog M 1.5 and greater in a rectangular region centered on 
the San Francisco Bay Area, CA. Waveform data for each 
event is obtained using the  NCEDC eventdata query sys-
tem[1]. In total, 5297 events are su�ciently well-recorded 
by the NCSN to meet the requisite quality control criteria 
for our stress drop and PGA measurements.
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The Random Forest GMPE
 To study the relative in�uence of Δσ on PGA, we develop a 
data-driven GMPE based on a machine learning modeling 
technique known as a Random Forest[5].  The model uses an 
ensemble learning approach in which a set of randomized and 
decorrelated decision tree regressors are trained independently 
to predict ground motion amplitudes, with the �nal prediction 
of the Random Forest based on an ensemble average of the 
individual trees.  The Random Forest GMPE is promising 
because of its capability to handle nonlinear feature in�uence 
and interaction, its robustness with respect to outliers and 
codependent features, and its ability to automatically assess 
model performance when applied to independent datasets.
 Our implementation of the Random Forest GMPE builds 
upon codes that publicly available in the scikit-learn Python 
programming package[6].  We use a Random Forest to model the 
measured PGA values as a nonparametric function Grf  of MW and 
Rhyp, and treat the contribution of each event (ΔPGAi)and station 
(ΔSj) to the observed PGA as random e�ect terms[7]:

The summation above is an ensemble average of B randomized 
regression trees that are �t to bootstrap-resampled datasets. We 
apply an iterative procedure to estimate the event and station 
terms ΔPGAi  and ΔSj  from the mean model residuals. The ΔPGAi 
values measure the empirical contribution of each event i to the 
observed ground motion amplitude after controlling for 
magnitude, source-receiver distance, and site.
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Correlation between 
Δσ and ΔPGA

We observe a strong correlation 
between Δσ and ΔPGA (left). The 
strength of the correlation in-
creases with magnitude but re-
mains signi�cant even for the 
smallest events in our dataset. 
The strength of the correlation is 
not sensitive to whether or not 
we adjust the Δσ values for the 
magnitude or depth-dependent 
trends shown above. The correla-
tion is also apparent in map view 
(right). Interestingly, the variabili-
ty in ΔPGA increases with magni-
tude, but the variability in Δσ 
does not.

Mainshocks vs. Aftershocks: Δσ and ΔPGA
We use a space-time nearest-neighbor approach[8] to de�ne individual earthquake se-
quences and classify events as mainshocks or aftershocks (i.e., non-mainshocks). Main-
shocks exhibit systematically higher Δσ and ΔPGA , and we observe signi�cant vari-
ability between the major earthquake sequences in our dataset.   

Δσ scaling and 
depth-dependence

We observe a mild deviation from 
self-similar (constant Δσ) scaling for the 
events within our Bay Area dataset. 
Median fc and Δσ increases with hypo-
central depth in the upper 10km, but 
M0 does not. 
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