
1.  Introduction
Microseismicity is a common occurrence in geothermal fields, arising from natural and anthropogenic stresses 
to the hydrothermal system. At the Wairakei and Rotokawa fields in New Zealand, microseismicity clusters at 
shallow depths (<3 km) around wells that reinject condensate and brine back into the system (Hopp et al., 2020; 
McNamara et al., 2016; Sepulveda et al., 2014). It also occurs in some production areas (Sepulveda et al., 2014) 
and can be associated with the deep fluid upflow (Sherburn, Bannister, et al., 2015; Sherburn, Sewell, et al., 2015).

In Iceland's Hellisheidi geothermal area, injection-induced microseismicity was first associated with drilling and 
well testing operations at the Húsmúli reinjection site (Gunnarsson, 2013). Since commissioning of the Húsmúli 
reinjection area in September 2011, elevated seismicity has been associated with varying injection temperature 
as well as injection rates of water and non-condensable gases (CO2 and H2S). The CO2 and H2S are dissolved 
into pressurized water and then the gas-charged water is reinjected into subsurface basalts for permanent storage 
(Matter et al., 2016). The seismicity is assumed to be controlled by fluid flow through complex structural features 
(Gunnarsson,  2013; Mahzari et  al.,  2021; Ratouis et  al.,  2022). Other well-studied examples of geothermal 
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microseismicity include the Coso and Geysers geothermal fields in California. At Coso, both natural and induced 
seismicity has been distinguished on the basis of space-time-magnitude characteristics (Schoenball et al., 2015) 
with induced events showing greater clustering in space and time. At the Geysers, associations are noted between 
fluctuating injection and seismicity rates (Majer & Peterson, 2007), although quantifying the relationship has 
proven challenging (Kwiatek et al., 2015).

Because of their small magnitude (often MW < 2), sensitive seismic networks are usually required to detect and 
locate microearthquakes (Rintamäki et al., 2021; Warpinski, 2009). These events provide a rich source of infor-
mation about subsurface structure and fluids. For example, the relative proportion of small to large magnitude 
events, parameterized as the Gutenberg-Richter b-value, has been linked to fluid pressure distributions (Bachmann 
et al., 2012; Dempsey & Suckale, 2016; Hopp et al., 2020; Ritz et al., 2022). The locations and rates of events 
have been used to delineate fluid conductive structures (Sherburn, Bannister, et  al.,  2015; Sherburn, Sewell, 
et al., 2015), pore pressure distributions (Shapiro et al., 2005) and permeability structure (Riffault et al., 2018).

In hydrocarbon extraction industries, microseismicity has been used to track engineered fracture propagation 
in near real-time (Chen et al., 2018; Cipolla et al., 2011; Sigmundsson et al., 2014). Adapting such techniques 
for geothermal settings could unlock design of fracture systems with optimal heat extraction properties (e.g., 
Jung, 2013; Yu et al., 2021). However, a persistent challenge when extracting information from microseismic 
catalogs is the inherent stochasticity of the earthquake process. This apparent randomness contributes noise that 
may obscure signals of interest. With this limitation, it can be difficult to access the full potential of microseis-
micity data.

In addition to microseismicity, larger-magnitude earthquakes can also occur in geothermal fields (Majer & 
Peterson, 2007). However, it can be difficult to attribute individual events to natural or anthropogenic causes 
because most geothermal fields are located in tectonically active regions with high background seismicity. Felt 
seismicity is sometimes associated with well stimulation operations to create Enhanced geothermal systems 
(EGS; Deichmann & Giardini,  2009; Ellsworth et  al.,  2019). Moderate magnitude events have also occurred 
in geothermal reservoirs, including numerous events with M > 4 in the Geysers since 2003 (Martínez-Garzón 
et al., 2014) and two M > 4 at Húsmúli in October 2011.

In this study, we have focused on small-magnitude microseismicity and what it can tell us about the geothermal 
reservoir. Our approach has been to use data-driven models to extract broad patterns from noisy data, and to 
demonstrate these using case studies in New Zealand (Rotokawa) and Iceland (Húsmúli).

1.1.  Physics-Based Models of Induced Seismicity

Fluid injection that causes pressure build-up on critically stressed faults is a widely recognized triggering 
mechanism for induced earthquakes (Cardiff et al., 2018; Ellsworth, 2013; Healy et al., 1968; Hubbert King & 
Rubey, 1959; Raleigh et al., 1976). Other mechanisms have also been suggested, including poroelastic stressing 
that mediates long-range stress changes (Deng et al., 2020; Mossop & Segall, 1999) or short-term rate fluctuations 
(Segall & Lu, 2015), and thermoelastic stresses related to cooling around injection wells (Candela et al., 2018; 
Sherburn, Bannister, et al., 2015; Sherburn, Sewell, et al., 2015).

These theoretical mechanisms have been used to underpin physics-based models that link injection and seis-
micity. For example, Segall and Lu (2015) used a model of the poroelastic stress surge that follows a rapid drop 
of injection rate to propose that well shut-in could trigger seismicity. Catalli et  al.  (2016) modeled the static 
stress transfers from induced earthquakes and showed that cascading events could be triggered outside the fluid 
pressurized region. Riffault et al. (2019, 2018) used pressurization-rate models to invert for the evolving perme-
ability distributions around EGS projects in Australia. Various approaches have been taken to address stochastic 
randomness, including seeding random earthquake sources (Rinaldi & Nespoli, 2017), modeling stochastic frac-
ture networks (Norbeck et al., 2018), and introducing fractal stress distributions (Dempsey & Suckale, 2016).

Despite progress in understanding the mechanisms of induced seismicity, causative modeling is still challenging 
on a case-by-case basis. Operational parameters like injection rate, wellhead pressure, total injection volume, 
well location, and geological and geomechanical characteristics are known to influence induced seismicity 
rates (He et al., 2020; Hofmann et al., 2018). However, extracting relationships is difficult when data sets are 
large and noisy. This is often not a shortcoming of the monitoring systems, but rather an aggregate outcome of 
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uncharacterized heterogeneity in the system. For instance, earthquake generating fractures are not uniformly 
distributed or oriented, and nor are their resolved stress conditions homogeneous. This makes it hard to separate 
out the randomness and to extract useful information using conventional analytical or numerical methods (He 
et al., 2020).

1.2.  Data-Driven Models of Injection-Induced Seismicity

Empirical models that are motivated, parameterized, and calibrated with respect to data are an alternative tool 
for interpreting geophysical observations. Within this paradigm, models that link injection and seismicity are 
not justified on the basis of hypothesized physics, but rather by their goodness-of-fit to the data. Thus, simpler 
classes of models can be used, such as regression-fitted polynomials, which are often more computationally 
efficient. For example, Brodsky and Lajoie (2013) found evidence for a linear relationship between injection, net 
production and seismicity rate during some periods of operation at the Salton Sea geothermal system, California. 
A cross-correlation analysis revealed no credible lags between operation and seismicity longer than 1 month. 
Taking a similar approach, Trugman et al. (2016) observed a strong correlation between declustered seismicity 
and injection and production volumes at the Geysers geothermal system, although not at Coso and Salton Sea 
fields.

Many models of induced seismicity use injection or production rate as a proxy variable to drive seismicity rate 
(e.g., Langenbruch et al., 2018; Shapiro et al., 2013; Zöller & Holschneider, 2016). Such models implicitly link to 
pressure and stress changes that trigger the seismicity, although they may have difficulties representing nonlinear 
relationships such as threshold triggering pressures or Kaiser effect (Dempsey & Riffault, 2019). Nevertheless, 
these models are powerful from an operational forecasting perspective because they are computationally inex-
pensive and have few tunable parameters. For example, Broccardo et al. (2017) have demonstrated progressive 
tuning of a nonhomogeneous Poisson process model for fluid-induced seismicity conditioned on prescribed fluid 
injection rate and a provision for well shut-in. This formulation had impressive performance on several induced 
seismicity case studies and shows how such systems could be used for real-time short-term forecasting and oper-
ational decision making.

Machine learning (ML) models also fall under the data-driven classification. Their application has proliferated 
in recent years, in part due to their ability to identify obscured patterns in data (Bergen et  al.,  2019; Kong 
et al., 2019). Recent relevant applications include identification and forecasting of laboratory (Lubbers et al., 2018; 
Rouet-Leduc et  al.,  2017) and field earthquakes (e.g., DeVries et  al.,  2018; Mignan & Broccardo,  2019; 
Rouet-Leduc et al., 2020), phase picking (Di Stefano et al., 2006; Mousavi et al., 2020; Ross et al., 2019), clas-
sification of remote sensing images (Bialas et al., 2016; Frank et al., 2017), and identifying changes in faulting 
processes (e.g., Corbi et al., 2020; Holtzman et al., 2018; Hulbert et al., 2020).

Several studies have used ML techniques to understand the interplay between geological and operational factors 
that control induced seismicity (Mehrabifard & Eberhardt, 2021). For example, Pawley et al. (2018) used binary 
classification to investigate the relative importance of geological features as a controlling factor on the seismo-
genic activation potential of induced seismicity in central Alberta. Wozniakowska and Eaton (2020a, 2020b) used 
a similar approach to show that tectonic setting, stratigraphy, distance to deformation front, and injection depth 
are all factors that influence induced seismicity susceptibility during hydraulic fracturing operations in the Mont-
ney Formation. Amini and Eberhardt (2021) applied several supervised ML algorithms to test whether geological 
or operational parameters had the larger effect on induced seismicity. Although they showed geological features 
to be more important, operational features continue to be of interest as these have the potential to be controlled 
or manipulated.

There have been a few studies that used ML methods to investigate correlations between induced seismicity and 
injection well data, mainly focused on moderate magnitude seismicity in Oklahoma. For example, Amirlatifi 
et al. (2021) applied a hybrid genetic-K-means algorithm to study the relationship between induced seismicity 
and injection wells in Oklahoma. They showed that cumulative injection volume and bottom-hole pressures 
were the most significant variables associated with induced seismicity increases. Larson et al. (2020) modeled 
earthquake magnitude using various classification and regression methods, and found that earthquake frequency 
correlated with wastewater disposal location, fault location, injection volumes, and injection pressure. Sinha 
et al. (2018) used the hierarchical and K-means clustering method to group wells into clusters that conform with 
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seismicity event density in Oklahoma. Amirlatifi et al. (2021) also demonstrated that increased seismicity rates 
are correlated with a specific cohort of wells based on an analysis and co-visualization of clustered data with 
earthquake maps.

However, the above-described studies did not evaluate the significance of individual wells within specific well 
groups. Doing so could help to identify problematic wells or develop conceptual models about relative connect-
edness of wells to the larger flow system. This is a principal motivation for our study, which seeks to understand 
the relative sensitivity of different injection wells to the aggregate induced microseismicity rate.

The data-driven modeling studies described above are generally focused on the hazard associated with moder-
ate magnitude induced seismicity. There has been comparatively less attention on the characterization of 
small-magnitude microseismicity, where the priority is to extract information useful for reservoir management. 
Furthermore, we are not aware of any studies that focus on geothermal settings. These can be more complex 
because the well field often comprises a complex portfolio of clustered production and injection wells, and flow 
rates may vary across hour-to month-long time scales in accordance with operational and economic constraints. 
Although physics-driven models have had good success over the years (O’Sullivan et  al.,  2001; Rutqvist 
et al., 2016b), there is an opportunity for data-driven models to identify latent relationships and highlight avenues 
for further investigation.

In this study, we have evaluated two classes of data-driven model for quantifying links between geothermal rein-
jection and microearthquakes at Rotokawa geothermal field and the Húsmúli reinjection site at the Hellisheidi 
geothermal field. The first method uses linear regression to reconstruct seismicity rates using weighted combina-
tions of lagged injection time series. The second method uses systematic time series feature engineering to search 
for latent patterns that are statistically significant for classifying periods of high and low seismicity. We also eval-
uated the relative importance of different injection well operation data (injection rate, wellhead pressure, hydrau-
lic work rate, injection volume). These models allowed us to rank the relative contribution of individual wells for 
generating microseismicity, and to contextualize this in terms of subsurface structure and reservoir connectivity.

1.3.  Rotokawa Geothermal Field, New Zealand

Rotokawa geothermal field is one of two locations that we analyze in this article (Figure 1b). The field is one of 
more than 20 geothermal systems located in the central Taupō Volcanic Zone (TVZ) of New Zealand. The TVZ 
is a region of active rifting with extensive rhyolite and andesite volcanism, high rates of background seismicity, 
and widespread hydrothermal circulation (Bibby et al., 1995; Rowland et al., 2010). Natural seismicity in the 
TVZ usually occurs above depths of 6–8 km, which defines the depth of the brittle crust (Bryan et al., 1999). 
Much of the seismicity occurs in the Taupō Fault Belt, a central region of high-density faulting; however, swarm 
activity is noted elsewhere, often associated with calderas (Bannister et al., 2016; Illsley-Kemp et al., 2021; Webb 
et al., 2012).

Within the geothermal fields of the TVZ, natural and anthropogenic seismicity associated with geothermal 
operations has been well documented (Clarke et al., 2009; Hopp et al., 2019; Sepulveda et al., 2016; Sherburn 
et al., 2013; Sherburn, Bannister, et al., 2015; Sherburn, Sewell, et al., 2015). The hydrogeological response to 
reinjection at Rotokawa geothermal field is influenced by two NE-SW striking faults (Figure 1c): the Injection 
Field Fault (IFF) and the Central Field Fault (CFF; Wallis et al., 2013). Slow or non-existent tracer returns from 
injection to production regions indicate that the CFF acts as a buffer, slowing down the migration of injection 
fluids from the injection compartment to the production compartments (Sewell, Addison, et al., 2015). Addison 
et al. (2017), Sherburn, Bannister, et al. (2015), and Sherburn, Sewell, et al. (2015) have suggested that the CFF 
may act as a conduit for the injection fluid along the strike direction of the fault. However, it is still unclear what 
role the IFF plays in reservoir behavior (Hopp et al., 2020).

The Rotokawa geothermal field has sustained geothermal energy production for more than 20 yr (McNamara 
et al., 2016). Previous studies of microseismicity (Hopp et al., 2020; Sherburn et al., 2013) describe its localiza-
tion in a region south of the Waikato River and near to a cluster of injection wells (Figure 1c). In 2010, reinjec-
tion volumes into this area increased by about a factor of four. Around the same time, the microseismicity rate 
increased by a factor of 3.7, which suggests a relationship between the two (Sherburn et al., 2013).

Previous studies (Sewell, Cumming, et al., 2015; Sherburn, Bannister, et al., 2015; Sherburn, Sewell, et al., 2015) 
of the seismicity at Rotokawa were conducted in the period 2008–2012. These revealed that seismicity occurred 
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at the approximate depth of the permeable zones surrounding three wells, denoted numerically here #1, #2, and 
#3. This cluster was inferred to be bounded to the northwest by the CFF during the study period (Sherburn, 
Bannister, et al., 2015; Sherburn, Sewell, et al., 2015). Based on a more recent microseismicity cloud, obtained 
during the period 2012–2015 (Figure 1c), more events have occurred adjacent to the IFF. This indicates the clus-
ter may be bounded by both the CFF and IFF (Hopp et al., 2020).

Two microseismicity triggering mechanisms have been proposed at Rotokawa: localized pressure rise and reser-
voir cooling due to injection (Sewell, Cumming, et al., 2015; Sherburn, Bannister, et al., 2015; Sherburn, Sewell, 
et al., 2015). These effects trigger microearthquakes by destabilizing faults or fractures that are close to shear 
failure (Sherburn, Bannister, et al., 2015; Sherburn, Sewell, et al., 2015). Hopp et al. (2020) have recently studied 
the rate and location of seismicity between 2012 and 2016 in the context of injection strategy. They found the rate 

Figure 1.  Overview of the injection zone at Rotokawa geothermal field. (a) Location of the field in Taupō Volcanic Zone 
(TVZ) of the North Island of New Zealand (red circle). (b) Field boundary with the injection zone shown as a white dashed 
square. (c) Location of microseismicity proximal to the reinjection zone for the years of 2012–2015 colored by depth and 
scaled by magnitude. Well traces are shown as red lines with wellheads indicated by blue stars. (d) Magnitude-time evolution 
of events between 2012 and 2015.
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to be insensitive to major changes in well injectivity, which is the ratio of the injection rate to wellhead pressure. 
They also found that seismicity rate was insensitive to individual well injection volumes.

The Rotokawa data set analyzed in this work spans a 3 yr period from 2012 to 2015. We used the microseismic 
catalog published by Hopp et al. (2020) and filtered it to include only events in the area (Longitude: [176.19°, 
176.22°]; Latitude: [−38.60°, −38.625°]) associated with injection wells #1, #2, #3. Thus, induced microseis-
micity located close to other injection and production wells has not been considered. We only considered events 
larger than the completeness magnitude of 0.5, which further reduced the catalog to 10,507 events in the 3 yr 
period. The allocation of fluid injection into three wells at the site are shown in Figure 1c (a subset of these data 
are also reported in Hopp et al., 2020).

By mid-2013, the largest volume injection well, Well #3, had suffered an injectivity decline due to unknown 
causes. To avoid a negative impact on power plant operation, excess fluid from Well #3 was shifted to Well #2 
(Figure 2). At the same time, there appeared to be an approximate stabilization of the microseismicity rate, which 
had been increasing in 2012 and early 2013. In addition, prior to this operational change, Well #2 was injected with 
plant condensate (steam, separated from geofluid, exiting as turbine exhaust) at 40°C. Afterward, it was injected 
with 130°C brine (separated liquid geofluid not dispatched to the turbine), which meant its injection temperature 
was now similar to Well #1 and Well #3. Given the possible presence of two separate regimes, we also performed 
separate analyses for the two different operation periods, denoted pre-July 2013 and post-September 2013.

Production rate data were not available for use in this study. For this reason, we have limited our study to seis-
micity located near to the injection wells, which also happens to be the densest concentration of events (Hopp 
et al., 2020; Figure 3). It is reasonable to assume that, due to their proximity, these events will be predominantly 
controlled by reinjection activities. Furthermore, the two likeliest mechanisms for geothermal microseismicity—
pressurization and thermal stressing—are conceptually associated with reinjection activities.

1.4.  Húsmúli Reinjection Area of Hellisheidi Geothermal Reservoir, Iceland

The Hellisheidi geothermal field is located in the South of the Hengill volcanic area in South-West Iceland. The 
Hengill volcanic area is at the triple junction of three tectonic features, which results in a complex subsurface 
flow regime and varied induced seismicity mechanisms (Juncu et al., 2020; Mahzari et al., 2021). The field is 
crisscrossed by three sets of faults: NE-SW normal faults associated with the Reykjanes Peninsula Rift system; 
N-S strike-slip faults associated with the South Iceland Seismic Zone; and NW-SE faults reactivated in the 
late 1990s during a volcanic uplift event in the East of the field (Khodayar et al., 2015; Ratouis et al., 2022; 
Tómasdóttir, 2018). The geology comprises hyaloclastites with alternating inter-glacial basaltic lava flows and 
intrusions resting on an altered crystalline basement, which forms the base of the Hengill system (Franzson 
et al., 2005; Snaebjörnsdóttir et al., 2018).

There are two main reinjection areas in this field: Gráuhnúkar, which started in 2007, and Húsmúli, which started 
in 2011. In the Húsmúli reinjection area, five wells are actively reinjecting wastewater, with HN-16 injecting a 
combination of water and CO2 since 2014. The locations of these five wells are shown in Figure 3c, and together 
they account for about 60% of the total reinjection in the geothermal field (Ratouis et al., 2019).

Previous studies of microseismicity at Húsmúli have highlighted an association between elevated seismicity and 
reinjection (Ritz et al., 2021; Tomasdóttir, 2018). Earlier seismic activity at Húsmúli has also been associated 
with repeated circulation losses during drilling (Ágústsson et al., 2015) and pump testing of the reinjection wells 
(Gunnarsson, 2013). When full-scale injection started at Húsmúli in September 2011, a strong increase in the rate 
and magnitude of events was observed, including two MW 4 earthquakes on 15 October 2011. Both the increased 
pore pressure and fault slip associated with seismic events are thought to have contributed to 2 cm of observed 
surface deformation (Juncu et al., 2020). Other studies have focused on characterizing fluid flow paths in the 
context of complex geological and structural features (Mahzari et al., 2021; Ratouis et al., 2022; Snæbjörnsdóttir 
et al., 2018; Tomasdóttir, 2018), injection-induced surface deformation (Juncu et al., 2020), and microseismicity 
monitoring and management (Gunnarsson, 2013; Ritz et al., 2020, 2021).

Annual reinjection at Húsmúli is about 12 million tonnes of geothermal brine and condensate (∼60°C–80°C) at 
depths between 1,200 and 2,100 m. Average rates into these wells have similar magnitudes over the study period 
(Figure 4), although there is considerable individual variability over short and medium time scales due to oper-
ational requirements. Several seismicity spikes occur during this period, which are likely due to seismic swarms 
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associated with injection activities, but could be a mix of natural and triggered seismicity (Gunnarsson et al., 2015; 
Juncu et al., 2020). While well HN-14 injects into low permeability hyaloclastite formation, HN-09 is injecting 
into a fairly permeable region, and HN-12 and HN-16 are drilled into a very permeable region (Gunnarsson, 2013). 
Injectivity is dependent on the temperature of the injected water in all wells, which could be explained by a ther-
momechanical effect that promotes fracture opening in the fractured reservoir (Gunnarsson, 2011). There was an 
injectivity increase in HN-14 from September to November of 2012, which is thought to be connected to changes 
in fracture connectivity and linked to deformation in the region (Gunnarsson, 2013).

Figure 2.  (a) Injection rate, (b) cumulative injection volume, and (c) wellhead pressure of Well #1 (black), Well #2 (green), 
Well #3 (red), and total injection rate (blue) during the period of 2012–2015 in Rotokawa geothermal field. Vertical dashed 
and dash-dot lines separate the pre-July 2013 and post-September 2013 operational periods. (c) also shows weekly seismicity 
rate changes during period of 2012–2015.
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2.  Regression Modeling
This section introduces our method for constructing linear regression models. The goal of this modeling is to 
find a weighted combination of injection rate and volume time series, lagged if necessary, that approximately 
reconstructs the microseismicity rate. The weights, lags, and their changes over time can then be interpreted in 
the context of geothermal reservoir management.

2.1.  Model Development

Raw injection rate data for injection well 𝐴𝐴 𝐴𝐴  were first averaged to obtain hourly injection rate data, 𝐴𝐴 𝐴𝐴𝑖𝑖(𝑡𝑡) for further 
use in this study. Missing data were imputed using linear interpolation. The cumulative injection volume for each 
well was calculated as the integral of the injection rate time series, 𝐴𝐴 𝐴𝐴𝑖𝑖(𝑡𝑡) = ∫

t

0
𝑞𝑞𝑖𝑖𝑑𝑑𝑑𝑑 , approximated as the cumula-

tive sum of the time series multiplied by the sample time step. To separate the effect of an individual well from 
the volume of fluid injected into it, we also calculated a z-score normalized injection rate, 𝐴𝐴 𝐴𝐴𝐴𝑖𝑖(𝑡𝑡) and normalized 
cumulative injection volume 𝐴𝐴 𝑄̃𝑄𝑖𝑖 for Rotokawa and Húsmúli for their respective study periods (Rotokawa: from 

Figure 3.  Overview of the Húsmúli reinjection zone at Hellisheidi geothermal field. (a) shows the location of the Hellisheidi 
geothermal field in the southwest of Iceland (red circle). (b) shows the Húsmúli reinjection area shown as the white box. 
(c) shows the microseismicity locations for the years of 2015–2020 colored by depth and scaled by magnitude. Well traces 
are shown by red lines with magenta star identifying the wellhead, and blue squares showing the location of feedzones. (d) 
Magnitude-time evolution of microseismicity between 2015 and 2020.
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Figure 4.  (a) Injection rate, (b) cumulative injection volume, (c) wellhead pressure for HN-09 (blue), HN-12 (red), HN-14 
(green), HN-16_water (black), HN-16_CO2 (yellow), HN-17 (cyan) wells between 2015 and 2020 in Húsmúli reinjection 
area. The injection and wellhead pressure data were smoothed for illustration purposes using a moving 2 month averaging 
window. (d) Weekly seismicity rate changes between 2015 and 2020.
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2012 to 2014; Húmúli: from 2015 to 2020). This normalization was performed by subtracting the mean then 
dividing by the standard deviation with both statistics computed over entire study period.

The observed microseismicity rate, 𝐴𝐴 𝐴𝐴 , at time, 𝐴𝐴 𝐴𝐴𝑗𝑗 , is calculated by counting the number of events in the preceding 
interval 𝐴𝐴

[

𝑡𝑡𝑗𝑗 − Δ𝑡𝑡𝑡 𝑡𝑡𝑗𝑗
]

 , and then dividing by the interval length, 𝐴𝐴 Δ𝑡𝑡 , to obtain the seismicity rate. This averaging 
approach, using period 𝐴𝐴 Δ𝑡𝑡 , imposes a controllable degree of smoothing on the stochastic earthquake process.

The modeled microseismicity rate was calculated as a weighted sum of 𝐴𝐴 𝐴𝐴𝑖𝑖 and 𝐴𝐴 𝐴𝐴𝑖𝑖 (or, alternatively, the normalized 
𝐴𝐴 𝐴𝐴𝐴𝑖𝑖 and 𝐴𝐴 𝑄̃𝑄𝑖𝑖 ), with respective weights 𝐴𝐴 𝐴𝐴𝑖𝑖 and 𝐴𝐴 𝐴𝐴𝑖𝑖 , and an intercept term, 𝐴𝐴 𝐴𝐴  . The weights were constrained to be positive, 

which embeds an assumption that injection and microseismicity are positively correlated. Although we cannot 
rule out idiosyncratic scenarios where microseismicity and injection are negatively correlated, we judged this 
physically informed constraint on model behavior to be reasonable.

As pressure and thermal responses are not instantaneously mediated throughout a reservoir, it is possible that 
seismicity may respond to injection with a delay. Therefore, we allowed for a time lag, 𝐴𝐴 𝐴𝐴 , imposed uniformly on 
all injection data. Thus, the modeled seismicity rate for 𝐴𝐴 𝐴𝐴 wells can be expressed:

𝜆𝜆(𝑡𝑡) = 𝛾𝛾 +

𝑁𝑁
∑

𝑖𝑖

𝛼𝛼𝑖𝑖𝑞𝑞𝑖𝑖(𝑡𝑡 − 𝜃𝜃) +

𝑁𝑁
∑

𝑖𝑖

𝛽𝛽𝑖𝑖𝑄𝑄𝑖𝑖(𝑡𝑡 − 𝜃𝜃)� (1)

or an equivalent expression using 𝐴𝐴 𝐴𝐴𝐴𝑖𝑖 and 𝐴𝐴 𝑄̃𝑄𝑖𝑖 .

The best-fit model was obtained by minimizing the sum of squared differences between measured and modeled 
seismicity rate for different values of 𝐴𝐴 𝐴𝐴 . The estimated parameters 𝐴𝐴 𝐴𝐴𝑖𝑖 , 𝐴𝐴 𝐴𝐴𝑖𝑖 , and 𝐴𝐴 𝐴𝐴  were obtained by the least squares 
linear regression method from the scikit-learn (Pedregosa et al., 2011) Python package. Confidence intervals for 
the seismicity rate were constructed using the chi-square distribution (Garwood, 1936). A p-value is also given 
for the null hypothesis that the coefficient is zero. We use this to interpret whether a particular term, and hence 
the well it belongs to, has a significant effect on the seismicity rate. If it is not likely different from 0 at the 95% 
confidence limit, then this term is dropped from the rate model, implying the investigated well has little to no 
association with microseismicity.

There are alternative methods for inferring an underlying seismicity rate model that assume a non-homogeneous 
Poisson process (e.g., Dempsey & Suckale, 2017). When fitting, this method assigns a greater weight to periods 
with many microearthquakes, such as aftershock clusters that would not generally be captured by injection-driven 
models. Bias to these clusters degraded the fit to other parts of the catalog, even after attempts to decluster the 
catalog itself. In contrast, we found that the regression models were less sensitive to the brief periods of high 
seismicity rate that were contaminated by aftershocks.

2.2.  Application to Rotokawa Geothermal Field

For Rotokawa, we constructed five regression models to test different subsets and transformations of the injection 
data:

1.	 �a model for the full analysis period, 2012 to end of 2014, using the unnormalized injection data;
2.	 �two separate models for the (2a) pre-July 2013 and (2b) post-September 2013 periods using unnormalized 

injection data;
3.	 �two separate models for the (3a) pre-July 2013 and (3b) post-September 2013 periods using normalized data.

Fitted model coefficients are reported in Table 1. The 95% confidence intervals of regression model coefficients 
are given in Table S1 in Supporting Information S1. The results of model (3) are reported in Figure 5, and the 
goodness of fit of the pre-July 2013 model (3a) across different time lags is shown in Figure 6.

Of the five models, the greatest mismatch with the data is associated with Model (1), which attempts to fit the 
full period of seismicity with a single set of coefficients. The root mean squared error (RMSE) for this model 
(Table 2) is larger than for separate models (2a) and (2b).

Arguably, the improvement in model fit by considering pre-July and post-September 2013 periods separately, can 
be attributed by introducing additional parameters (more complexity) that allows the model to overfit to noise. 
A simple check is to compute the Akaike Information Criterion (AIC; Akaike, 1974) for models (1) versus (2a) 
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and (2b) together. The AIC evaluates the relative quality of each model for a given set of data by estimating the 
amount of information that the model loses when it is fit to the data. Smaller values of the AIC are preferred as 
these indicate less information loss. The AIC was calculated as follows:

AIC = 2𝑘𝑘 − 2LLK� (2)

LLK = −
1

2

𝑀𝑀
∑

𝑖𝑖=1

(

𝜆𝜆𝑖𝑖 − 𝜆𝜆𝑖𝑖

)2

𝜎𝜎
2
𝑖𝑖

−
1

2

𝑀𝑀
∑

𝑖𝑖=1

ln
(

2𝜋𝜋𝜋𝜋2
𝑖𝑖

)� (3)

where 𝐴𝐴 𝐴𝐴 is the number of model parameters, 𝐴𝐴 LLK is the log-likelihood for a normal distribution, M is the number 
of time points, 𝐴𝐴 𝐴𝐴𝑖𝑖 is a seismicity rate observation, 𝐴𝐴 𝜆𝜆𝑖𝑖 is the equivalent model prediction, and 𝐴𝐴 𝐴𝐴

2
𝑖𝑖
 is the distribution 

variance. For a Poisson process, the variance can be approximated by the mean, and therefore we set 𝐴𝐴 𝐴𝐴
2
𝑖𝑖
= 𝜆𝜆𝑖𝑖 . We 

dropped the second term in Equation 3 because it is the same for all models.

Model AIC values are given in Table 1. The value of model 2 (2a + 2b) is much smaller than that of model 
(1). This indicates that performance improvements due to treating injection periods separately likely reflect our 
capturing of additional non-noise processes.

During the pre-July 2013 period, microseismicity builds slowly over time (Figure 5a) and is linked with the rate 
of injection into Well #2, and volumes of injection into wells #2 and #3 (Table 1, column 2, non-zero coeffi-
cients). After the post-September 2013 change in injection strategy, microseismicity rates were more stable. The 
corresponding fitted model has a larger intercept (constant rate value) and now emphasizes the rate of injec-
tion into wells #1 and #2. The reduced sensitivity to Well #3 corresponds with reduced injection into this well 
post-September 2013. This might suggest that the average magnitude of 𝐴𝐴 𝐴𝐴3 has dropped below a threshold that is 
sensitive to microseismicity.

If injection volumes and rates had a simple linear relationship with seismicity, we should not expect there to be 
major changes in the model coefficients or goodness-of-fit when subdividing into pre-July and post-September 
2013 periods. That we do see considerable improvement in the model, and a change of the dominant coeffi-
cients, suggests that there are nonlinear effects associated with injection into individual wells. This nonlinearity 
is approximated in the model through step changes in coefficients.

Within a single model, coefficient values can be difficult to compare because they are influenced by the magni-
tude of the injection data on which they are calibrated. Taking the pre-July 2013 model (2a) as an example, 

Table 1 
Regression Model Coefficients and p-Values (Shown Beneath in Brackets) for Different Rotokawa Models

Terms

Model (1): 2012–2014 
unnormalized regression 

model coefficients (p-value)

Model (2a): pre-July 2013 
unnormalized regression 

model coefficients (𝐴𝐴 𝐴𝐴 -value)

Model (2b): post-September 
2013 unnormalized regression 
model coefficients (p-value)

Model (3a): pre-July 2013 
normalized regression 

model coefficients 
(p-value)

Model (3b): post-September 
2013 normalized regression 
model coefficients (p-value)

Intercept 𝐴𝐴 1.23 𝐴𝐴
(

1.23 × 10
−1
)

𝐴𝐴 7.10 × 10
−2 𝐴𝐴
(

9.48 × 10
−1
)

𝐴𝐴 28.4 𝐴𝐴
(

5.22 × 10
−1
)

𝐴𝐴 𝟏𝟏𝟏𝟏𝟏𝟏 𝐴𝐴
(

2.05 × 10
−26

)

𝐴𝐴 𝟔𝟔𝟔𝟔.𝟐𝟐 𝐴𝐴
(

7.07 × 10
−17

)

𝐴𝐴 𝐴𝐴1  𝐴𝐴 𝟑𝟑.𝟔𝟔𝟔𝟔 × 𝟏𝟏𝟏𝟏
−𝟐𝟐 𝐴𝐴
(

1.35 × 10
−268

)

𝐴𝐴 0.00 𝐴𝐴 (1.00) 𝐴𝐴 𝟒𝟒.𝟕𝟕𝟕𝟕 × 𝟏𝟏𝟏𝟏
−𝟐𝟐 𝐴𝐴
(

1.58 × 10
−309

)

𝐴𝐴 𝟐𝟐.𝟗𝟗𝟗𝟗
(

2.04 × 10
−94

)

  𝐴𝐴 𝟓𝟓.𝟑𝟑𝟑𝟑 𝐴𝐴
(

1.58 × 10
−309

)

𝐴𝐴 𝐴𝐴1  𝐴𝐴 0.00 𝐴𝐴 (1.00) 𝐴𝐴 0.00 𝐴𝐴 (1.00) 𝐴𝐴 0.00 𝐴𝐴 (1.00) 𝐴𝐴 0.00 𝐴𝐴 (1.00) 𝐴𝐴 0.00 𝐴𝐴 (1.00)

𝐴𝐴 𝐴𝐴2  𝐴𝐴 0.00 𝐴𝐴 (1.00) 𝐴𝐴 𝟓𝟓.𝟕𝟕𝟕𝟕 × 𝟏𝟏𝟏𝟏
−𝟐𝟐 𝐴𝐴
(

1.21 × 10
−156

)

𝐴𝐴 𝟑𝟑.𝟒𝟒𝟒𝟒 × 𝟏𝟏𝟏𝟏
−𝟐𝟐 𝐴𝐴
(

9.42 × 10
−9
)

𝐴𝐴 𝟓𝟓.𝟕𝟕𝟕𝟕 𝐴𝐴
(

2.35 × 10
−175

)

𝐴𝐴 𝟑𝟑.𝟒𝟒𝟒𝟒 𝐴𝐴
(

9.42 × 10
−9
)

𝐴𝐴 𝐴𝐴2  𝐴𝐴 0.00 𝐴𝐴 (1.00) 𝐴𝐴 𝟔𝟔.𝟎𝟎𝟎𝟎 × 𝟏𝟏𝟏𝟏
−𝟔𝟔 𝐴𝐴
(

2.45 × 10
−2
)

𝐴𝐴 0.00 𝐴𝐴 (1.00) 𝐴𝐴 𝟐𝟐𝟐𝟐.𝟕𝟕 𝐴𝐴
(

3.99 × 10
−6
)

𝐴𝐴 0.00 𝐴𝐴 (1.00)

𝐴𝐴 𝐴𝐴3  𝐴𝐴 𝟐𝟐.𝟒𝟒𝟒𝟒×𝟏𝟏𝟏𝟏
−𝟑𝟑 𝐴𝐴
(

1.31 × 10
−4
)

𝐴𝐴 0.00 𝐴𝐴 (1.00) 𝐴𝐴 0.00 𝐴𝐴 (1.00) 𝐴𝐴 0.00 𝐴𝐴 (1.00) 𝐴𝐴 0.00 𝐴𝐴 (1.00)

𝐴𝐴 𝐴𝐴3  𝐴𝐴 𝟐𝟐.𝟎𝟎𝟎𝟎 × 𝟏𝟏𝟏𝟏
−𝟔𝟔 𝐴𝐴
(

1.08 × 10
−27

)

𝐴𝐴 𝟒𝟒.𝟎𝟎𝟎𝟎 × 𝟏𝟏𝟏𝟏
−𝟔𝟔 𝐴𝐴
(

2.09 × 10
−2
)

𝐴𝐴 0.00 𝐴𝐴 (1.00) 𝐴𝐴 𝟑𝟑𝟑𝟑.𝟔𝟔𝟔𝟔 𝐴𝐴
(

6.01 × 10
−2
)

𝐴𝐴 0.00 𝐴𝐴 (1.00)

RMSE 18.3 13.7 16.1 13.3 16.1

Lag 9 days 11 days 5 days 11 days 5 days

AIC 𝐴𝐴 2.28× 10 5 𝐴𝐴 0.83 × 10
5  𝐴𝐴 0.83 × 10

5 

Note. Significant coefficients are highlighted with bold type. The coefficients units of intercept, 𝐴𝐴 𝐴𝐴𝑖𝑖 and 𝐴𝐴 𝐴𝐴𝑖𝑖 , are [𝐴𝐴 T−1 ], [𝐴𝐴 M−1 ], and [𝐴𝐴 M−1TT−1 ], for example, week −1, kg −1, 
kg −1 s. week −1. The latter unit encodes a unit conversion from flow rate (kilogram per second) to seismicity rate (per week). Coefficients of the normalized model are 
all [𝐴𝐴 T−1 ], that is, week −1.
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coefficients associated with volumes are orders of magnitude smaller than 
those attached to rates (Table  1 column 2). It is arguable though that the 
volume terms should be more important because, as integral measures, they 
introduce an accumulating trend that correlates well with the increasing 
microseismicity rate. To remove the effect of data magnitude on the coef-
ficients, we refitted the models using the normalized injection data (for 
pre-July (3a) and post-September 2013 (3b) separately). This makes it easier 
to separate the relative importance of individual wells, as well as the whole-
sale effect of the change in operational strategy.

Using normalized data to fit a model for the pre-July 2013 period, we found 
contributions from all wells on either injection rate or volume terms (Table 1, 
column 4), with the largest coefficients assigned to monotonically increas-
ing terms 𝐴𝐴 𝐴𝐴2 and 𝐴𝐴 𝐴𝐴3 . This suggests that seismicity during the period can 
be characterized by an increasing sensitivity to injection—that is, more and 
more microearthquakes are triggered per unit total injection rate—and that 
this is being driven by the fluid pressure changes that increase in size and 
extent with the cumulative injection volume. Fluctuations in the individual 
rates into wells #1 and #2 may be driving seismicity rate fluctuations about 
a first-order increasing trend. The best-fitting time lag for pre-July 2013 

Figure 5.  Comparison between observed and modeled seismicity rates for models (a) pre-July 2013 and (b) post-September 
2013 (models 3a and 3b, respectively). Models are fitted using a non-negative linear regression model with normalized 
Rotokawa injection data. An 11-day lag was used for pre-July 2013, and 5-day lag was used for post-September 2013 model. 
One week 𝐴𝐴 Δ𝑡𝑡 is used to calculate the seismicity rate.

Figure 6.  Root mean squared error (RMSE) of regression model (3a) under 
different lag values, for models fit to the pre-July 2013 period.
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period appears to be 11 days, although we note that relatively low misfits are 
returned for all lags less than 2 weeks (Figure 6).

For the post-September 2013 period, there appears to be a change in reser-
voir response. Although total injection rate remains largely the same, micro-
seismicity stabilizes. Model coefficients associated with cumulative injected 
volume (𝐴𝐴 𝐴𝐴𝑖𝑖 ) are dropped from the best-fit model in this period, and only coef-
ficients associated with rate injection into wells #1 and #2 are retained. This 
continues to suggest seismicity rate fluctuations around a background aver-
age may be controlled by these two wells. We note with interest a change in 
their relative coefficient weights: Well #2 had a stronger influence than Well 
#1 in the pre-July period, but weaker in the post-September period. This is in 
spite of relatively more fluid injection into Well #2 post-September.

2.3.  Application to Húsmúli Reinjection Area

We used data from five active wells in the Húsmúli reinjection area, covering 
6 yr of continuous injection between 2015 and 2020. Since 2014, there was 
injection of both wastewater and condensate CO2 into HN-16. We treated 
these two fluids as different injection terms in the regression model, in case 
there were individual effects that could be attributed. The injection rate and 
volume data were preprocessed by applying z-score normalization, similar to 
model (3) of Rotokawa.

To reduce the effect of aftershock clusters, the catalog was declustered by 
removing all events in a 1-week window following events larger than ML 2.5. 
Unlike with Rotokawa, this did improve aspects of the model fit, although it 
does introduce a degree of arbitrariness in the application of declustering.

We also had some difficulty with model fits that returned negative seismic-
ity rates. To avoid this unphysical outcome, we fitted the well data to the 
logarithm of seismicity rate, and then applied the inverse transform when 
computing the model output.

The seismicity rate was calculated using a 3-month averaging window, which helped reduce the effect of short-
term spikes that we could not capture during regression modeling. We settled on this window after testing values 
between one and 3 months, and finding that 3 months returned the lowest RMSE for both normalized and unno-
rmalized injection data (Table S2, Table S3). We also tried to determine a best fit lag period (𝐴𝐴 𝐴𝐴 ) but found this 
returned unrealistic values of 2–3 months (Tables S2, Table S3). This suggests lags may not be applicable for the 

Húsmúli reinjection area and, therefore, we decided to set 𝐴𝐴 𝐴𝐴  = 0 in subse-
quent regression models.

Coefficients and 𝐴𝐴 𝐴𝐴 -values for individual wells used to model Húsmúli seis-
micity are shown in Table 2. The regression model results along with RMSE 
obtained using unnormalized data were analyzed to compare the normalized 
regression model results. We note that the relative magnitude of the coeffi-
cients is unchanged between the two models, which could be because the 
mean and variance of the injection rates of the individual wells are similar 
(Figure 4; Table S4 in Supporting Information S1).

The best-fit normalized regression model results are compared with the 
observed seismicity data in Figure 7. Most of the raw seismicity data fall in 
the 90% confidence interval of the regression model, although there is clearly 
systematic over and under prediction in places where it is unable to capture 
periods of elevated seismicity, like those observed in 2016. The coefficients 
of each regression term for the normalized best-fit regression model are illus-
trated in Table 2.

Table 2 
Regression Model Coefficients and p-Values (Shown Beneath in Brackets) 
for Different Húsmúli Models With 3-Month Averaging 𝐴𝐴 Δ𝑡𝑡 and No Lag

Terms
Unnormalized regression model 

coefficients (p-value)
Normalized regression 

model coefficients (p-value)

Intercept 𝐴𝐴 −𝟎𝟎.𝟒𝟒𝟒𝟒 𝐴𝐴
(

1.54 × 10
−4
)

𝐴𝐴 𝟎𝟎.𝟒𝟒𝟒𝟒 𝐴𝐴 (0.00)

𝐴𝐴 𝐴𝐴HN09  𝐴𝐴 0.00 𝐴𝐴 (1.00) 𝐴𝐴 0.00 𝐴𝐴 (1.00)

𝐴𝐴 𝐴𝐴HN12  𝐴𝐴 𝟗𝟗.𝟗𝟗𝟗𝟗 × 𝟏𝟏𝟏𝟏
−𝟒𝟒 𝐴𝐴
(

2.67 × 10
−130

)

𝐴𝐴 𝟔𝟔.𝟏𝟏𝟏𝟏 × 𝟏𝟏𝟏𝟏
−𝟐𝟐 𝐴𝐴
(

2.67 × 10
−130

)

𝐴𝐴 𝐴𝐴HN14  𝐴𝐴 𝟑𝟑.𝟎𝟎𝟎𝟎 × 𝟏𝟏𝟏𝟏
−𝟒𝟒 𝐴𝐴
(

1.70 × 10
−31

)

𝐴𝐴 𝟐𝟐.𝟔𝟔𝟔𝟔 × 𝟏𝟏𝟏𝟏
−𝟐𝟐 𝐴𝐴
(

1.70 × 10
−31

)

𝐴𝐴 𝐴𝐴HN16w  𝐴𝐴 0.00 𝐴𝐴 (1.00) 𝐴𝐴 0.00 𝐴𝐴 (1.00)

𝐴𝐴 𝐴𝐴HN16CO2
  𝐴𝐴 𝟏𝟏.𝟑𝟑𝟑𝟑 × 𝟏𝟏𝟏𝟏

−𝟑𝟑 𝐴𝐴 (0.00) 𝐴𝐴 𝟗𝟗.𝟒𝟒𝟒𝟒 × 𝟏𝟏𝟏𝟏
−𝟐𝟐 𝐴𝐴 (0.00)

𝐴𝐴 𝐴𝐴HN17  𝐴𝐴 𝟏𝟏.𝟕𝟕𝟕𝟕 × 𝟏𝟏𝟏𝟏
−𝟑𝟑 𝐴𝐴
(

2.09 × 10
−151

)

𝐴𝐴 𝟎𝟎.𝟏𝟏𝟏𝟏 𝐴𝐴
(

2.09 × 10
−151

)

𝐴𝐴 𝐴𝐴HN09  𝐴𝐴 0.00 𝐴𝐴 (1.00) 𝐴𝐴 0.00 𝐴𝐴 (1.00)

𝐴𝐴 𝐴𝐴HN12  𝐴𝐴 0.00 𝐴𝐴 (1.00) 𝐴𝐴 0.00 𝐴𝐴 (1.00)

𝐴𝐴 𝐴𝐴HN14  𝐴𝐴 0.00 𝐴𝐴 (1.00) 𝐴𝐴 0.00 𝐴𝐴 (1.00)

𝐴𝐴 𝐴𝐴HN16w
  𝐴𝐴 0.00 𝐴𝐴 (1.00) 𝐴𝐴 0.00 𝐴𝐴 (1.00)

𝐴𝐴 𝐴𝐴HN16CO2
  𝐴𝐴 0.00 𝐴𝐴 (1.00) 𝐴𝐴 0.00 𝐴𝐴 (1.00)

𝐴𝐴 𝐴𝐴HN17  𝐴𝐴 1.39 × 10
−8 𝐴𝐴
(

7.39 × 10
−1
)

𝐴𝐴 2.83 × 10
−2 𝐴𝐴
(

7.39 × 10
−1
)

RMSE 3.13 3.13

Note. Significant coefficients are highlighted with bold type. The coefficients 
units of the intercept, 𝐴𝐴 𝐴𝐴𝑖𝑖 , and 𝐴𝐴 𝐴𝐴𝑖𝑖 are [𝐴𝐴 T−1 ], [𝐴𝐴 M−1 ], and [𝐴𝐴 M−1TT−1 ], for example, 
week −1, kg −1, kg −1 s. week −1. The latter unit encodes a unit conversion from 
flow rate (kilogram per second) to seismicity rate (per week). Coefficients of 
the normalized model are all [𝐴𝐴 T−1 ], that is, week −1.

Figure 7.  Comparison between normalized linear regression model (red) and 
observed seismicity rate (black) at the Húsmúli reinjection area.
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The HN-17 and HN-16 condensate-CO2 injection rate terms have the largest coefficients. This suggests that 
microseismicity may be sensitive to these two wells, and particularly the introduction of CO2 injection. HN-12 
and HN-14 wells also have some association with microseismicity rates as indicated by non-zero coefficients 
(albeit, smaller than HN-16 and HN-17). The microseismicity does not appear to be sensitive to the HN-09 and 
HN-16 water injection feedzones, although given the relatively poor fit of the model to the data, it is difficult to 
be conclusive. None of the injection volume terms were selected as important, which probably reflects long-term 
stability in the seismicity rate (discounting medium-term departures from the average). This long-term stability 
of the seismicity rate is consistent with continuous injection since September 2011 when the seismicity quickly 
ramped up before stabilizing (Bessason et al., 2012).

3.  Time Series Feature Engineering
This section introduces the second data-driven modeling technique. In contrast to the regression models used in 
Section 2, the goal here is search for latent patterns in the injection time series and to see whether these can be 
linked with the microseismicity rate. Given the systematic and voluminous nature of such pattern mining, we also 
evaluate whether the patterns are statistically significant while building in safeguards to avoid false discovery. We 
then seek physical interpretations for individual patterns, or particular data types that produce a larger number of 
significant patterns.

The time series feature engineering techniques used in this paper were initially developed for anomaly 
detection in industrial steel casting (Christ et al., 2016). They have since been used to study seismic tremor 
in subduction zones (Rouet-Leduc et al., 2018) and volcanic tremor prior to eruptions (Ardid et al., 2022; 
Dempsey et al., 2020). Here, we are exploring whether they may be useful in an induced microseismicity 
setting. The Python package tsfresh was used to automatically perform time series feature extraction and 
selection on the basis of the FRESH algorithm (Christ et al., 2016). The result is over 700 extracted features 
from the raw data (e.g., injection rate, pressure) and its transforms (e.g., hydraulic work rate). These features 
are evaluated for statistical significance using a labeled quantity of interest, in this case, the microseismicity 
rate.

3.1.  Feature Extraction and Selection

3.1.1.  Data Compilation

We used the same earthquake catalogs for Rotokawa and Húsmúli as used in the regression modeling described in 
previous section. For injection rate, 𝐴𝐴 𝐴𝐴𝑖𝑖 , and wellhead pressure data, 𝐴𝐴 𝐴𝐴𝑖𝑖 , we used hourly records for the three wells at 
Rotokawa over the 3 yr period 2012– 2014. For Húsmúli, we converted the original data set (at 10 min intervals) 
to hourly records of injection rate into each of the five wells between 2015 and 2020. Wellhead pressure data were 
not available for the Húsmúli data. Gaps were imputed using linear interpolation. Injection rate was also summed 
for all wells, 𝐴𝐴 𝐴𝐴total , or sometimes sub-groups of wells.

We also performed feature extraction for several transformations of the data. These included the hydraulic work 
rate 𝐴𝐴 𝐴𝐴𝑖𝑖 = 𝑞𝑞𝑖𝑖𝑃𝑃𝑖𝑖 , which is the product of injection rate and wellhead pressure. We chose this quantity because it 
potentially quantifies both the magnitude and growth of the pressurized volume. The former characteristic it 
achieves via the factor 𝐴𝐴 𝐴𝐴𝑖𝑖 , which sets a wellbore boundary condition that controls the largest value of pressure 
increase. At the same time, the factor 𝐴𝐴 𝐴𝐴𝑖𝑖 ,.controls the rate that fronts of constant pressure diffuse away from the 
injection well and is thus a proxy for growth rate. Strictly speaking, hydraulic work rate should be calculated 
using the downhole pressure, because wellhead pressure can be contaminated by wellbore processes (friction, 
phase change) that do not affect the reservoir. Unfortunately, these data were not available. In addition to 𝐴𝐴 𝐴𝐴𝑖𝑖 , 𝐴𝐴 𝐴𝐴𝑖𝑖 , 
and 𝐴𝐴 𝐴𝐴𝑖𝑖 , we also extracted features from their derivatives, 𝐴𝐴 𝐸̇𝐸𝑖𝑖 , 𝐴𝐴 𝐴𝐴𝐴𝑖𝑖 , and 𝐴𝐴 𝑃̇𝑃𝑖𝑖 .

In total, there were 39 data streams: nine each for Well #1 and #3 at Rotokawa (𝐴𝐴 𝐴𝐴𝑖𝑖 , 𝐴𝐴 𝐴𝐴𝑖𝑖 , 𝐴𝐴 𝐴𝐴𝑖𝑖 , their time derivatives, 
and integrals), three for Well #2 at Rotokawa (𝐴𝐴 𝐴𝐴 , its time derivative and integral), three for each of the six wells 
at Húsmúli (𝐴𝐴 𝐴𝐴𝑖𝑖 , its time derivative, and integral).
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3.1.2.  Feature Extraction From Injection Data

Automatic time series feature extraction was performed as follows:

1.	 �Each time series was subdivided into overlapping windows of length 𝐴𝐴 Δ𝑡𝑡𝑤𝑤 = 2 days. Each window overlapped 
the previous by 75% (Figure 8a). Respectively, this yielded about 2,200– 3,600 windows for the 3 yr of Roto-
kawa data and 6 yr of Húsmúli data.

2.	 �For each window, the Python package tsfresh (Christ et  al.,  2016) was used to calculate 706 time series 
features. Examples of time series features include distribution parameters (e.g., mean, max, standard devi-
ation), measures of periodicity (e.g., Fast Fourier Transform coefficients, and lag coefficients), information 
(energy, entropy), and parameters of linear and nonlinear regressors.

An example of a time series feature is the quantile (q). This is calculated by ordering all values within a window 
and selecting the value exceeded by 𝐴𝐴 𝐴𝐴% of all others.

3.1.3.  Seismicity Label Vector Calculation

Binary labels were used to subdivide the values of each feature time series into two sets. By casting as a classifi-
cation problem, we can look for features that might be linked with discrete changes in seismicity behavior, which 
is suspected to have occurred after the August 2013 operational change at Rotokawa.

We used a binary label to classify whether, at time, 𝐴𝐴 𝐴𝐴  , the seismicity rate in the near-future, 𝐴𝐴 𝐴𝐴 + Δ𝑡𝑡𝑗𝑗 , would be high 
(1) or low (0). This allowed us to separate injection or pressure feature values according to whether they preceded 
high or low seismicity. Then, we checked for any significant difference between those two distributions and, if 
discovered, whether that could be justified by a physical argument.

The label vector is constructed as follows (Figure 8):

1.	 �As with the calculation of seismicity rate in Section 2, we first compute a continuous estimate of the earth-
quake rate averaged over some time period, that is, 𝐴𝐴 𝐴𝐴(𝑡𝑡𝑡Δ𝑡𝑡) = 𝐸𝐸𝐸𝐸𝐸𝐸Δ𝑡𝑡∕Δ𝑡𝑡 . The term 𝐴𝐴 𝐴𝐴𝐴𝐴𝐴𝐴Δt is the number of 
events in the time period 𝐴𝐴 [𝑡𝑡 − Δ𝑡𝑡𝑡 𝑡𝑡] . By increasing 𝐴𝐴 Δ𝑡𝑡 , we construct an earthquake rate that is smoothed 
over longer time scales. Furthermore, by investigating feature patterns for different 𝐴𝐴 Δ𝑡𝑡 , we can determine if 

Figure 8.  Schematic diagram of feature matrix and label vector constructed using the time series feature engineering method. 
(a) Feature time series are extracted from moving window calculation on the original data. (b) Seismicity rate, 𝐴𝐴 𝐴𝐴 , is judged 
above or below a threshold, 𝐴𝐴 𝐴𝐴th , which produces (c) a binary label vector, 𝐴𝐴 𝐴𝐴1 , that characterizes the instantaneous seismicity 
as high or low: 1 = 𝐴𝐴 𝐴𝐴 ≥ 𝜆𝜆th , 𝐴𝐴 0 = 𝜆𝜆 𝜆 𝜆𝜆th . (d) A look-back binary label vector, 𝐴𝐴 𝐴𝐴Δ𝑡𝑡𝑗𝑗

 , which selects all time windows that occur 
prior to (within a period 𝐴𝐴 Δ𝑡𝑡𝑗𝑗 ) elevated seismicity, 𝐴𝐴 𝐴𝐴1  = 1. This second label vector characterizes when a period of elevated 
seismicity will soon begin.
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different injection behaviors affect short or long-term seismicity rate. The seismicity rate calculation is back-
ward looking, that is, calculated using knowledge of prior events only.

2.	 �Next, we compute an instantaneous seismicity label vector, 𝐴𝐴 𝐴𝐴1 . This is a binary classification of the current 
seismicity rate as either high or low compared to a pre-determined threshold rate, 𝐴𝐴 𝐴𝐴th (Figures 8b and 8c). 
If 𝐴𝐴 𝐴𝐴 𝐴 𝐴𝐴th , a value 𝐴𝐴 𝐴𝐴1 = 1 is assigned, otherwise, 𝐴𝐴 𝐴𝐴1 = 0 . Here, we select 𝐴𝐴 𝐴𝐴th as a quantile of all recorded 𝐴𝐴 𝐴𝐴 
values over the study interval, for example, 𝐴𝐴 𝐴𝐴80 is the seismicity rate below which 80% of the seismicity rate 
observations fall.

3.	 �We are interested in whether particular injection patterns occur before high or low seismicity. Therefore, we 
defined a look back time gap 𝐴𝐴 Δ𝑡𝑡𝑗𝑗 and used this to select the time windows that precede 𝐴𝐴 𝐴𝐴1  = 1. Formally, the 
vector 𝐴𝐴 𝐴𝐴Δ𝑡𝑡𝑗𝑗 (Figure 8d) for time gap 𝐴𝐴 Δ𝑡𝑡𝑗𝑗 , is expressed 𝐴𝐴 𝐴𝐴Δ𝑡𝑡𝑗𝑗 = any

(

[𝑌𝑌1

([

𝑡𝑡𝑡 𝑡𝑡 + Δ𝑡𝑡𝑗𝑗
])

= 1]
)

 .

For example, the schematic label vector shown in Figure 8d picks out three periods of relatively elevated seismic-
ity. The label 𝐴𝐴 𝐴𝐴Δ𝑡𝑡𝑗𝑗 highlights time series features that occur before the elevated seismicity, so we can study them 
more closely and see if they are systematically different from feature values at low seismicity.

3.1.4.  Statistical Tests

Statistical tests are used to determine which of the many possible injection features are relevant to the seis-
micity periods of interest. For each feature, we evaluate its significance by applying a Mann-Whitney-U test 
(Mann & Whitney,  1947). This assesses whether the distribution of feature values corresponding to label 

𝐴𝐴 𝐴𝐴Δ𝑡𝑡𝑗𝑗 = 0 and the distribution corresponding to label 𝐴𝐴 𝐴𝐴Δ𝑡𝑡𝑗𝑗 = 1 have different medians. Each test outputs a 
𝐴𝐴 𝐴𝐴 -value. By comparing the 𝐴𝐴 𝐴𝐴 -value to a minimum threshold, we can determine which features are likely to 

have different values prior to high seismicity periods. Furthermore, by ordering the p-values, we can assign a 
ranking to significant features.

Because of the large number of tests performed—one for each of approximately 700 features computed for 39 data 
streams—we took steps to minimize false discovery of non-significant features. Before reporting results for any 
individual feature, we checked it would not be rejected with respect to a downward-adjusted Benjamini-Yekutieli 
p-value. This controls false discovery of spurious associations to a rate of 5% by imposing a p-value threshold of 
0.026 (Benjamini & Yekutieli, 2001; Figure S1 in Supporting Information S1).

In certain cases, for instance when evaluating the relative significance of a single data type, we found it useful to 
analyze a total 𝐴𝐴 𝐴𝐴 -value, 𝐴𝐴  , obtained by summing the logarithm of p-values over all features for a single data type:

 =

𝐹𝐹
∑

𝑖𝑖

log(𝑝𝑝𝑖𝑖)� (4)

where 𝐴𝐴 𝐴𝐴𝑖𝑖 is the p-value of the 𝐴𝐴 𝐴𝐴  th feature and 𝐴𝐴 𝐴𝐴  is the number of features. This score reports the bulk association 
of a particular data type with periods of high microseismicity. However, it does not give information about the 
nature of that association. Also, because it combines both significant and non-significant features, it can only be 
used as a comparative metric for understanding trends between wells, data-types, or across different time-scales, 

𝐴𝐴 Δ𝑡𝑡 . Larger associations between injection and seismicity are recorded as larger negative numbers.

To avoid spurious artifacts when calculating 𝐴𝐴  for comparisons, we:

1.	 �Ensured a balanced label set, by performing random under-sampling of windows so they had equal numbers of 1's 
and 0's. This introduces some randomness that could generate different p-values depending on the random number 
seed. Therefore, we performed the under-sampling 100 times for different seeds and took the median p-value.

2.	 �Controlled for samples size. This is because, when comparing across different values of 𝐴𝐴 𝐴𝐴th or for different 
wells, we cannot guarantee that the undersampled feature sets, although balanced by label, would have the 
same size. Therefore, the undersampled features were randomly downsampled so that they are all contained 
the same numbers of values. This was set at the minimum size among all undersampled feature sets for all 
values of 𝐴𝐴 𝐴𝐴th and different wells.

Our analysis of time series features at Rotokawa and Húsmúli is structured as follows. In Section 3.2, we inspect a 
few individual feature distributions that are associated with high and low seismicity periods at Rotokawa. Table 3 
includes detail about significant features used in this section. In Sections 3.3 and 3.4, we test for associations 
between long-term and short-term seismicity rate, and the injection rates at individual wells at both Rotokawa and 
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Húsmúli. The goal is to rank the different wells in terms of their relative association with microseismicity. This 
is also an opportunity to compare with the coefficient ranking of the regression analysis in Section 2. Finally, in 
Section 3.5, we explore the relative importance of different data types: injection rate, wellhead pressure, hydrau-
lic work rate, injection volume. As the relationship between injection rate reduction and induced seismicity 
remains largely enigmatic, we also explored for evidence that well throttling—rapid changes in injection rate, 

𝐴𝐴 𝐴𝐴𝐴 —can trigger microseismicity.

3.2.  Feature Analysis of Rotokawa Injection Data

Significant features of the data were identified on the basis of low 𝐴𝐴 𝐴𝐴 -values and then further understood by visu-
alizing their distributions corresponding to label vectors 1 and 0 separately. The goal is to understand how aspects 
of the injection behavior can affect the microseismicity that follows. In this section, we plot a small selection 
of features to give an impression for how their distributions can vary across different data streams, features, and 
wells. A more exhaustive list of feature distributions is given in Supporting Information S1.

Figure 9 shows the distribution of the “median” feature for injection rate into Well #1. Values corresponding to 
“high seismicity” tend to plot to the right, that is, being preceded by larger values of injection rate. Increasing 
the amount of seismicity smoothing (𝐴𝐴 Δ𝑡𝑡 ) tends to increase overlap of the two distributions (Figure 9, top row), 

Table 3 
Feature Description Used in the Figures 9–12 and 15

Feature name Description

Mean (𝐴𝐴 𝐴𝐴 ) Calculate the mean values of time series 𝐴𝐴 𝐴𝐴 .

Minimum (𝐴𝐴 𝐴𝐴 ) Calculate the lowest value of time series 𝐴𝐴 𝐴𝐴 .

Maximum (𝐴𝐴 𝐴𝐴 ) Calculate the largest value of time series 𝐴𝐴 𝐴𝐴 .

Quantile (𝐴𝐴 𝐴𝐴𝐴 𝐴𝐴 ) Calculate the q quantile of time series 𝐴𝐴 𝐴𝐴 , this is the values of 𝐴𝐴 𝐴𝐴 greater than 𝐴𝐴 𝐴𝐴% of the ordered values from 𝐴𝐴 𝐴𝐴 . 
Features of quantile__q_0.3 and quantile__q_0.2 return the 30%, 20% values of time series 𝐴𝐴 𝐴𝐴 .

Sum_values Calculate the sum over the time series values 𝐴𝐴 𝐴𝐴 .

Change_quantiles (𝐴𝐴 𝐴𝐴 , ql, qh, isabs, f_agg) First fixes a corridor given by the quantiles of ql and qh of the distribution of time series 𝐴𝐴 𝐴𝐴 , then calculate the 
average, absolute value of consecutive changes of the series 𝐴𝐴 𝐴𝐴 inside of this corridor. Change_quantiles__f_
agg_“mean”isabs_True__qh_0.4__ql_0.0 applies qh = 0.4, ql = 0.0 quantile to time series to get the 
corridor of the time series first. Then, it calculates the average absolute value of changes in this corridor.

Ar_coefficient (𝐴𝐴 𝐴𝐴 , param) This feature is to fit the unconditional maximum likelihood of an autoregressive AR(k) process, the k parameter 

is the maximum lag of the process: 𝐴𝐴 𝐴𝐴𝑡𝑡 = 𝜑𝜑0 +
𝑘𝑘
∑

𝑖𝑖=1

𝜑𝜑𝑖𝑖𝑋𝑋𝑡𝑡−𝑖𝑖 + 𝜀𝜀𝑡𝑡, where 𝐴𝐴 𝐴𝐴 is the time series to calculate 
the feature. param contains two parameters of k as the maximum lag and i, the 𝐴𝐴 𝐴𝐴𝑖𝑖 is the returned fitting 
value when getting the maximum likelihood. The “Pressure_ar_coefficient_k_10_coeff_4” feature is a 
component of an autoregressive model constructed from the pressure data. The best fit model with maximum 
likelihood is when 𝐴𝐴 𝐴𝐴𝑖𝑖 = 𝜑𝜑4 , for lags tested up to 10 sample units.

Autocorrelation (𝐴𝐴 𝐴𝐴𝐴 lag )
Calculate the autocorrelation of the specified lag according to the below formula: 𝐴𝐴

1

(𝑛𝑛−𝑙𝑙)𝜎𝜎2

𝑛𝑛−𝑙𝑙
∑

𝑡𝑡=1

(𝑋𝑋𝑡𝑡 − 𝜇𝜇)(𝑋𝑋𝑡𝑡+1 − 𝜇𝜇) , 
where 𝐴𝐴 𝐴𝐴 is the length of the time series 𝐴𝐴 𝐴𝐴𝑖𝑖 , 𝐴𝐴 𝐴𝐴

2 is the variance and 𝐴𝐴 𝐴𝐴 is the mean of the time series 𝐴𝐴 𝐴𝐴𝑖𝑖 . 𝐴𝐴 𝐴𝐴  
denotes the lag. Autocorrelation__lag_1 calculates the autocorrelation when lag = 1.

Number_peaks (X, n) Calculate the number of peaks of at least support n in the time series. A peak of support n is defined as a 
sequence of x where a value occurs, which is bigger than its n neighbors to the left and to the right.

Approximate_entropy (𝐴𝐴 𝐴𝐴𝐴𝐴𝐴𝐴 𝐴𝐴 ) Implements a vectorized approximate entropy algorithm (Yentes et al., 2013). Where m is the length of 
compared with sun of the data, r is the filtering level. Approximate_entropy__m_2__r_0.9 calculates the 
approximate entropy when m = 2 and r = 0.9.

Agg_linear_trend (𝐴𝐴 𝐴𝐴𝐴 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 )” Calculates a linear least squares regression for values of the time series that were aggregated over chunks versus 
the sequence from 0 up to the number of chunks minus one. Variable 𝐴𝐴 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 contains dictionaries {“attr”: 
x, “chunk_len”:l, “f_agg”:f}. The parameters attr controls which of the characteristics are returned. Possible 
extracted attributes are “pvalue”, “rvalue”, “intercept”, “slope”, “stderr”; the chunksize is regulated by 
“chunk_len”. It specifies how many time series values are in each chunk; further, the aggregation function 
is controlled by “f_agg”, which can use “max”, “min” or, “mean”, “median.” Agg_linear_trend__f_
agg_“max”__chunk_len_5__attr_”intercept” calculates the linear least squares regression for 𝐴𝐴 𝐴𝐴 based on 
the intercept characteristic when chunksize = 5 and max aggregation function.
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although this is not necessarily true for all features. Setting a lower threshold, 𝐴𝐴 𝐴𝐴th , to subdivide high and low seis-
micity appears to lead to a clearer separation of the distributions (Figure 9, middle row). However, in this study, 
we are more interested in the fewer periods of higher microseismicity and so therefore have tended to select 𝐴𝐴 𝐴𝐴th 
at the 50th or 80th percentile. Finally, the look forward period (𝐴𝐴 Δ𝑡𝑡𝑗𝑗 ) has a minor impact on distributions for this 
feature (Figure 9, bottom row).

Figure  10 plots the distribution of the median injection rate features for individual wells and their sum (the 
median is the middle injection rate value in the 2-day window). High and low seismicity are here separated by 
the 50th percentile value (7.85 events per day) applied to a seismicity rate calculated using a 20-day smoothing 
window (𝐴𝐴 Δ𝑡𝑡  = 20 days).

First, we note a weak association between total injection rate and seismicity (Figure 10a), which is indicated 
by a lack of clear separation in the distributions of median injection corresponding to low and high seismicity 
periods. In contrast, Figures 10b and 10c show that higher injection rates precede higher rates of microseis-
micity for injection into Wells #1 and #2, whereas Figure 10d highlights a negative association with Well #3 
injection rate.

Figure 9.  How binarized distributions of median injection rate into Well #1 change across ((a–c), top row) varying 𝐴𝐴 Δ𝑡𝑡 , that is, increased smoothing of seismicity, 
((d–f), middle row), varying threshold, 𝐴𝐴 𝐴𝐴th , and, ((h–k), bottom row) look-forward period, 𝐴𝐴 Δ𝑡𝑡𝑗𝑗 . t/h (tonnes per hour) shown in the x axes of each subplot is the unit of 
flow rate.
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These trends are reflecting the shift in field operation that occurred in August 2013 when a portion of reinjection 
was switched from Well #3 to Well #2 (Hopp et al., 2020). At the same time, there was an increase to a new 
stable microseismicity rate, which accounts for the positive and negative associations with Well #2 and Well #3, 
respectively. Although these trends had been previously identified in Section 2, it is a useful verification that 
corroborates the earlier model.

Figure 11 shows wellhead pressure features for wells #1 and #3. Unfortunately, pressure data were not available for 
Well #2. As described in Table 3, the “Pressure_sum_values” feature is calculated as the sum of all values in each 
2-day time window. Therefore, it is proportional to average pressure. The “Pressure_ar_coefficient_k_10_coeff_4” 
feature is a component of an autoregressive model constructed from the pressure data in a window. An autore-
gressive model fits a time series, 𝐴𝐴 𝐴𝐴𝑡𝑡 , in terms of lagged versions of itself, that is,

𝑋𝑋𝑡𝑡 = 𝜑𝜑0 +

𝑘𝑘
∑

𝑖𝑖=1

𝜑𝜑𝑖𝑖𝑋𝑋𝑡𝑡−𝑖𝑖 + 𝜀𝜀𝑡𝑡� (5)

where 𝐴𝐴 𝐴𝐴 = 10 is the maximum lag of the process and the coefficient 𝐴𝐴 𝐴𝐴4 (“coeff_4”) is the model term associated 
with the 4 hr lagged time-series.

Figure 10.  Median injection rate distributions for (a) total injection rate, (b) Well #1, (c) #2, and (d) #3. Here, we are 
showing the same time series feature (median) and data stream (𝐴𝐴 𝐴𝐴  ), for different wells and well combinations. t/h (tonnes per 
hour) shown in the x axes of each subplot is the unit of flow rate.
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Both features in Figure 11 show some separation of the feature distributions associated with high and low micro-
seismicity, although there is quite a large degree of overlap in their values. This means that, although we can 
develop a hypothesis to account for the difference, it is, at most, part of the story. Other technical processes that 
influence the seismicity rate are clearly in operation.

The association of higher wellhead pressure at Well #1 with elevated microseismicity (Figure 11a) is consistent 
with standard models that explain induced earthquake triggering in terms of effective pressure reduction on faults 
(Hubbert & Rubey, 1959). However, the overlap of distributions indicates that other factors are also important, 
which likely includes both causative (e.g., coincident operations at other wells) and random effects (e.g., heter-
ogenous fracture or stress distributions).

The association of negative autoregressive coefficients at Well#3 with high microseismicity (Figure 11b) is an 
example of a feature that is difficult to interpret (in contrast to Figures 10 and 11a). This is because the autoregres-
sive model is complex and its coefficients need to be interpreted alongside other values 𝐴𝐴 𝐴𝐴𝑖𝑖 and 𝐴𝐴 𝐴𝐴0 . One approach 
could be to reconstruct the models and to plot their output across samples of label 1 and 0 windows. However, 
such reconstructions for all time series features is a non-trivial task. Our goal is to establish associations between 
particular wells or data-types, and the seismicity, for which the distribution analysis is sufficient. Developing and 
testing explanatory hypotheses for the autoregressive coefficients and other complex features is left to follow-up 
studies.

Figure 12 plots significant features for derivatives of injection rate at Rotokawa for individual wells and their sum. 
High and low seismicity are here separated by the 50th percentile value (7.85 events per day) for a rate calculated 
using a 7-day smoothing window (𝐴𝐴 Δ𝑡𝑡  = 7 days). A detailed description of these features is given in Table 3. 
Although the distributions are different, there are not really clear separations prior to low and high seismicity that 
would motivate development explanatory hypotheses.

3.3.  Association of Rotokawa Microseismicity Rate With Injection Well Features

The previous section gives a basic indication of how one feature of one data type (e.g., injection rate) can asso-
ciate differently with seismicity. However, it is not practical to visually inspect all features independently. Here, 
we extend the analysis to include more features by investigating the aggregate association, 𝐴𝐴  (Equation 4). We 

Figure 11.  Significant features distributions of pressure (𝐴𝐴 𝐴𝐴 ) data stream for Well #1 (a) and Well #3 (b). Here, we are 
showing the most significant time series feature (smallest p-value) for the same data stream (𝐴𝐴 𝐴𝐴  ) at two different wells where it 
is available.
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explore how the injection-seismicity association shifts for different Rotokawa wells over time by comparing 
the pre-July and post-September 2013 responses (Figures 13 and 14). In this analysis, we only used features 
computed from normalized injection data, 𝐴𝐴 𝐴𝐴𝐴𝑖𝑖 , and considering two values of 𝐴𝐴 𝐴𝐴th : 50th and 80th percentile. The 
latter value picks out associations with the highest seismicity periods.

Focusing on a specific well (e.g., Well #3) in Figures 13a–13b, we can assess the association with seismicity 
rate measured over different time-scales (𝐴𝐴 Δ𝑡𝑡 in the range 2.5–20 days). We see an increasing association (smaller 
aggregate p-values) between longer-term seismicity (larger 𝐴𝐴 Δ𝑡𝑡 ) and injection rate. The reduced association over 
periods of only a few days is best explained by the relative dominance of aleatoric variability in the microseis-
micity. Short-term earthquake rates, by construction, have fewer events from which to infer an underlying rate. 
This results in more day-to-day variability of the seismicity rate, and this in turn obscures any relationships with 
injection. In comparison, by averaging over several weeks, we smooth out short-term stochasticity, and any asso-
ciations with injection rate, if present, become apparent.

The vertical separation between curves in Figures 13a and 13b indicates that injection into Well #2 in the pre-July 
2013 phase had the largest association with microseismicity. This is true when both 50th and 80th percentile 
thresholds are used to separate periods of high and low rate. This result is consistent with regression modeling 

Figure 12.  Significant feature distributions for the differenced injection rate (𝐴𝐴 𝐴𝐴𝐴  ) data stream for (a) total injection rate, (b) 
Well #1, (c) #2, and (d) #3. Here, we are showing the most significant time series feature (lowest p-value) for the same data 
stream (𝐴𝐴 𝐴𝐴𝐴  ) for different wells and well combinations. t/h (tonnes per hour) shown in the x axes of each subplot is the unit of 
flow rate.
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in Section 2, which assigned a larger coefficient to Well #2 when fitting these data. For 𝐴𝐴 𝐴𝐴th  = 80th percentile, the 
association between Wells #1 and #3 and the microseismicity is reduced relative to Well #2.

In contrast, for the post-September 2013 data, associations between wells and the microseismicity rate are much 
less clear (higher values of 𝐴𝐴  in general, Figures 13c and 13d). Compared with pre-July 2013 period (Figures 13a 
and 13b), they also do not exhibit the trend with seismicity averaging rate, which suggests there is no underlying 
association to be diluted by stochasticity.

To place these associations in context, we note that in the pre-July 2013 period, seismicity had been steadily 
increasing whereas, in the post-September 2013 period, it switched to fluctuating around a relatively constant 
rate. Although the regression model suggested a decreased emphasis on Well #2 injection in the post-September 
period (Table 1), the feature analysis here suggests that no significance should be attached to specific wells. 
Taken together, these findings provide further support that variations in the operational strategy achieved by 
rebalancing well injection volumes resulted in changes in the microseismicity behavior (rate and stability) at 
Rotokawa.

Figure 13.  Aggregate association for seismicity smoothed over different 𝐴𝐴 Δ𝑡𝑡𝑖𝑖 for the three different wells at Rotokawa pre-July 
2013 and post September 2013 periods. (a) Using a 50th percentile threshold to separate high and low seismicity at pre July 
2013 period. (b) Using an 80th percentile threshold at pre July 2013 period. (c) Using a 50th percentile threshold at post 
September 2013 period. (d) Using an 80th percentile threshold at post September 2013 period.
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Figure 14.  Significant features distributions of each individual wells of Húsmúli reinjection area. t/h (tonnes per hour) shown 
in the x axes of each subplot is the unit of flow rate.
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3.4.  Microseismicity Rate Association With Húsmúli Reinjection Wells

We performed a similar feature analysis for Húsmúli, first plotting a selection of significant feature for individual 
wells to show how aspects of the injection behavior can affect the microseismicity that follows (Figure 14). An 
expanded selection of features is given in Supporting Information S1. As with the Húsmúli regression model, we 
first declustered the catalog by removing all events in a 1-week window following events larger than ML 2.5. High 
and low seismicity are here separated by the 50th percentile value (∼2.1 events per week) for a rate calculated 
using a 20-day smoothing window (𝐴𝐴 Δ𝑡𝑡  = 20 days).

Analysis of the distribution of readily interpreted injection rate features (quantiles, maximum, intercept of 
linear regressors, sums) suggests weak associations between seismicity and individual Húsmúli wells. There 
is a tendency for high seismicity rate (label vector 1) distributions to be slightly biased to higher injection rate 
measures. However, because the distributions overlap significantly, the associations are weak and, in this form, 
likely not suited for predictive modeling. For the explanation of the features shown in Figure 14, refer to Table 3.

We also checked aggregate associations of the individual Húsmúli wells by computing the 𝐴𝐴  (Equation 4) for each 
of them at different seismicity smoothing time-scales (Figure 15). First, separating low and high seismicity at the 
50th percentile reveals there is perhaps a stochasticity effect that is being removed by averaging over periods of a 
week or more. However, at longer time-scales, this trend plateaus and is even reversed. This could suggest signif-
icant microseismicity variability tied to injection at one-to-two weeks time scales, which would tend to discount 
longer-term mechanisms such as accumulated thermal effects.

Of interest is the clear separation in terms of p-value for the six well curves in Figure 15a. From this we identify 
HN-12, HN-17, and HN-14 as the wells most strongly associated with one-to-two week seismicity. The HN-16 
CO2 injection zone has a stronger association with long term seismicity rates. As a fluid, CO2 is more compress-
ible than water and may therefore take longer to build pressures needed to trigger seismicity. When 𝐴𝐴 𝐴𝐴th  = 80th 
percentile, the associations are generally weakened. This suggests that relationships between individual wells and 
microseismicity are somewhat dependent on the choice of 𝐴𝐴 𝐴𝐴th and therefore could be spurious. Any further inter-
pretation should be done with caution. Well HN-09 does not appear sensitive to microseismicity in the Húsmúli 
area, independent of the threshold used to classify seismicity.

These general observations are roughly consistent with the findings of the regression analysis in Section 2.2, 
which highlighted HN-12 and HN-17 as particularly sensitive to microseismicity, and HN-14 and HN-16 (CO2) 
less so. A caveat is that the time series feature analysis only shows an association between microseismicity and 
HN-16 (CO2) when 𝐴𝐴 𝐴𝐴th is the 50th percentile, but not the highest seismicity at 𝐴𝐴 𝐴𝐴th  = 80th percentile. In contrast, 
the regression analysis fits all levels of seismicity simultaneously because, by construction, it does not arbitrarily 

Figure 15.  Aggregate association for all features under different 𝐴𝐴 Δ𝑡𝑡𝑖𝑖 for Húsmúli reinjection wells. (a) Using a 50th percentile 
threshold to separate high and low seismicity. (b) Using an 80th percentile threshold.
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categorize high and low seismicity. Therefore, although the analyses are not directly comparable, they at least do 
not contradict each other.

3.5.  Feature Analysis of Different Data Types

In this section, we compare the relative importance of the different data types derived for Well #3 at Rotokawa 
geothermal field. We chose this well because it has a long record of uninterrupted data (Figure 2), some associa-
tion with seismicity in the pre-July 2013 period (Figure 13a), and had available wellhead pressure data. We also 
evaluated relative significance of data streams ( 𝐴𝐴 𝐴𝐴 , 𝐴𝐴 𝐴𝐴𝐴 , 𝐴𝐴 𝐴𝐴 ) for HN-12 well at Húsmúli reinjection area, which has 
been identified as one of the wells that associated with seismic events (Figure 15). Following the approach of 
Section 3.4, we compute aggregate associations for the different normalized data types and compare their values 
across different smoothed earthquake rates.

Like injection rate, an increased wellhead pressure could plausibly be associated with microseismicity. For exam-
ple, high injection pressure could increase the pressurized volume or pressurization rate, both of which link back 
to stability conditions on faults and earthquake triggering (Catalli et al., 2016; Ciardo & Rinaldi, 2022; Dempsey 
& Riffault,  2019; Hubbert & Rubey,  1959). However, Figure  16a shows that at Rotokawa, the pressure (𝐴𝐴 𝐴𝐴  ) 
actually has a weaker aggregate association than the flow rate 𝐴𝐴 𝐴𝐴 . Hydraulic work rate, 𝐴𝐴 𝐴𝐴 , which combines both 
pressure and injection rate, has as association that is approximately the average of its constituent parts. Further 
work is required to make full use of wellhead pressure data, especially because it does not necessarily correlate 
with downhole pressure conditions if the fluid is not in a liquid state. Cumulative injection volume, 𝐴𝐴 𝐴𝐴 , shows the 
largest association of all data types. This likely reflects its monotonically increasing characteristic, which corre-
lates well with building seismicity in the pre-July 2013 period (Figure 5a).

Figure 16b also shows the cumulative injection volume and injection rate are the two most significant data streams 
with seismicity rates at Húsmúli HN-12 well. Moreover, the 𝐴𝐴  value decreases with the increase of 𝐴𝐴 Δ𝑡𝑡 , and obtain 
the minimum value when 𝐴𝐴 Δ𝑡𝑡  = 2 weeks. As noted earlier, this potentially reflects significant seismicity-injection 
variability at the 2-week timescales.

4.  Discussion
4.1.  Physical Interpretations of Well Association With Microseismicity

4.1.1.  Rotokawa Injection Wells

Our analysis of the Rotokawa injection wells suggests that cumulative injection volume into Well #3 adjacent 
to the CFF is correlated with microseismicity. This is in agreement with previous studies (Sewell, Cumming, 
et al., 2015; Sherburn, Bannister, et al., 2015; Sherburn, Sewell, et al., 2015) of Rotokawa seismicity in the period 
2008– 2012. These studies showed that microseismicity clustered at the approximate depth of the permeable zone 

Figure 16.  Aggregate association comparison of all features under different rata type (flow rate 𝐴𝐴 𝐴𝐴  , flow rate derivative 𝐴𝐴 𝐴𝐴𝐴  , 
cumulative injection volume 𝐴𝐴 𝐴𝐴 , pore pressure 𝐴𝐴 𝐴𝐴  , and hydraulic work rate 𝐴𝐴 𝐴𝐴 ) of Rotokawa Well #3 and Húsmúli HN-12 well 
under different short-term 𝐴𝐴 Δ𝑡𝑡 .
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of Well #3 and the surrounding area of the CFF, and were assumed to represent reactivation of this structure. The 
CFF has been identified as a major compartment controlling the microseismicity distribution in the Rotokawa 
reservoir. It acts as a conduit for the fluid migration along strike but also as a buffer for slowing the fluid migra-
tion across its strike (Addison et al., 2017; Sherburn, Bannister, et  al., 2015; Sherburn, Sewell, et  al., 2015), 
promoting pressure build-up.

Both statistical inference models indicate that injection into Rotokawa Well #2 is associated with microseismicity 
in the pre-July 2013 period, but that the association is reduced (Table 1) or absent (Figures 13c and 13d) in the 
post-September 2013 period. This is in spite of relatively higher injection after the operational change. One expla-
nation is that reservoir rock in the region covering these three injection wells and CFF and IFF faults achieved 
some sort of equilibrium in the physical processes driving seismicity. Whether this is stabilization of fluid pres-
sure, or attendant contributions by thermal and poroelastic stresses is unknown. However, the change in injectate 
to a higher temperature fluid is suggestive.

At Rotokawa, during the pre-July 2013 period, Well #2 was injected with 40°C condensate. This increased 
in the post-September 2013 period when a 130°C brine was instead injected, similar to Well #1 and Well #3 
injection temperature. Therefore, one explanation for this difference is that induced thermal stresses were 
smaller after the change in injection, and this reduced their impact on microseismicity. Rutqvist et al. (2016a) 
have shown that thermal contraction of reservoir rock induces stress changes that contribute to microseismicity 
around injection wells at the Geysers EGS. Sewell, Cumming, et al. (2015) have argued that large temperature 
differences trigger microseismicity in the thermally perturbed near-borehole region at Rotokawa. If this is the 
case, then a smaller temperature difference could plausibly account for a reduced association with Well #2 
injection.

An alternative explanation concerns pressurization (and perhaps poroelastic stress) re-equilibrium and then 
reduction in certain seismogenic reservoir compartments. This derives from Hopp et al. (2020) who adopted the 
interpretation of Wallis et al. (2013) that the strike of IFF separates wells #1 and Well #3 in one compartment 
from Well #2 in another. Wallis et al. (2013) describe the IFF as offsetting by 250–350m vertical stratigraphic 
separation between Well #2 and the rest of southern wells (e.g., Well #1 and #3). This indicates that Well #2 lies 
to the east of IFF whereas Well #1 and Well #3 locate to the west (Hopp et al., 2020). Thus, the stabilization of 
microseismicity in the post-September 2013 period might be explained by a reduced rate of pressurization in 
the reservoir compartment bounded by the CFF and IFF, while the increased pressurization rate in the Well #2 
compartment may be somewhat offset by a shorter history of injection here (and, hence, lower overall pressure).

Both hypotheses described here are likely difficult to confirm without extensive pressure and temperature moni-
toring data in the relevant reservoir compartments, accompanied by future shifts in injection strategy that modu-
late pressure or thermo-poroelastic effects.

4.1.2.  Húsmúli Injection Wells

For the Húsmúli analysis, we identified HN-12, HN-17 and HN-16 CO2 injection feedzones as associated with 
microseismicity. One reason for the sensitivity of these particular wells is that they are drilled into active faults, 
or are near to faults that are becoming reactivated by stress perturbations associated with injection. This could 
include stresses generated both from thermal cooling and stress transfer from other microseismicity events 
(Ágústsson et al., 2015; Gunnarsson, 2011, 2013).

The three wells most associated with seismicity (HN12, HN16, and HN17) are located on the Eastern part of 
the reinjection zone, and target NE-SW faults identified for their ability to carry fluids (Ratouis et al., 2022; 
Tomasdóttir, 2018). The wells also interact with E-W striking faults associated with a slower fluid propagation 
toward the North and that act as a trap for the fluids. This build-up and longer residence time of the injected fluid 
could explain an increased association between activity in these wells and the observed microseismicity. HN-16 
well CO2 injection zone is associated with long-term seismicity rates (Figure 15a), which might be explained as 
the effect of CO2 compressibility that requires a longer time to pressurize the faults. However, this also needs 
further investigation in the following studies to test this hypothesis.

On the other hand, wells HN09 and HN14 are located in the Western part of the reinjection area. HN09 is the 
deepest of the injection wells in Húsmúli, reaching into the altered crystalline basement (Ritz et al., 2021). 
HN14 lies on the Western-most part of the field and crosses paths with a NE-SW fault that seems to segment 
the reservoir and create a permeability boundary. This well has the lowest permeability of the five in Húsmúli 
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(Gunnarsson, 2011), which might result in a larger pressure build-up (and hence higher or more responsive 
seismicity rate) compared with a higher permeability formation under the same injection rate/volume. Its 
sensitivity to microseismicity could be linked to spatially clustered events happening between 2016 and 2018 
(Figure 3c), which could correspond to the periods of higher rate seismicity (Figure 7). Surface movement 
and deformation have been observed near well HN14 since the start of reinjection (Bessason et  al., 2012; 
Juncu et al., 2020) and this may be influenced by fracture slip nearby to this injector (Bessason et al., 2012; 
Gunnarsson, 2013).

The seismicity in the area could also be associated with large-scale poroelastic changes due to nearby steam 
production. Being located at the edge of the Hellisheiði production region, Húsmúli could be then affected by the 
large stress gradient caused by the subsidence induced by fluid production. This would create a long-term trend 
in seismicity rate that could not be directly associated with the reinjection wells.

4.2.  No Evidence of Well Throttling Triggering Seismicity

Segall and Lu (2015) have proposed that rapid cycling of injection rates can induce transient undrained poroe-
lastic stresses in reservoirs and that these can temporarily elevate the earthquake triggering rate. The seismicity 
transient is proposed to be short-lived, occurring shortly after the injection rate change.

Shirzaei et al. (2016) investigated this model and found evidence of elevated seismic activity in eastern Texas 
following a rapid decline in injection at wells there, which might partly be because of the poroelastic relaxation 
of compressive stress on a fault. Langenbruch and Zoback (2017) also observed aftershock sequences related to 
relatively large magnitude events after injection rate cuts, and which delayed the decay of the amount of induced 
seismicity in Oklahoma.

We have tested this hypothesis at the Rotokawa field by looking for associations between short-term seismicity 
rate (focusing on averages between 2 and 8 days) and the derivative of the injection rate, which will tend to have 
large values when rapidly shutting in or reopening wells. Figure 16 shows that the aggregate association (𝐴𝐴  ) of 

𝐴𝐴 𝐴𝐴𝐴 has a smaller magnitude than 𝐴𝐴 𝐴𝐴 , indicating a reduced association with injection rate changes. Furthermore, 
there is no evidence of an increasing association with very short seismicity time-scales, where such effects might 
appear more prominent.

Thus, we find no evidence that rapidly throttling injection well rates, either by shutting-in or restarting, 
produces statistically elevated earthquake rates. However, we acknowledge that the absence of evidence is 
not evidence of absence. It may be that the data we have used are not sensitive enough to detect a poroelastic 
transient, particularly given that we had earlier indicated that short-term earthquake rates are contaminated 
by stochasticity. The corollary is those poroelastic transients, if present, are too small to be of concern. 
It may also be the case that Rotokawa is not as poroelastically sensitive as other reservoirs where this 
mechanism may prevail, possibly because pressure oscillations in permeable geothermal reservoirs are too 
small to induce a strong undrained poroelastic response. For fault systems that are far from critical state, 
injection-induced stress changes might be too small to trigger earthquakes, although this is unlikely to be 
the case in New Zealand and Iceland geothermal settings that are tectonically active with high natural seis-
micity. Finally, in this study, we have not tested whether throttling of production wells might be associated 
with elevated seismicity.

Note, this section does not consider or test for the presence of longer-term poroelastic stressing attributed, for 
example, to long-term pressurization of reservoir compartments. As noted earlier, the operational shift at Roto-
kawa in mid-2013 produced a seismicity response that might, in part, be explained by long-term poroelastic (and 
other) stress effects.

4.3.  Limitations and Future Directions for Data Driven Modeling

Our goal in applying the time-series feature engineering method was to find unseen patterns or new and signif-
icant features linking injection and microseismicity. The overall concept is to use these time-series features to 
evaluate the relative sensitivity of injection wells to microseismicity at geothermal reservoirs, and in this way 
assist operational management, and possibly forecasting of unwanted effects.
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In this instance, we are not convinced that time-series feature engineering has provided a better physical under-
standing of the system beyond simpler regression models. For example, both methods could associate the injection 
rate switch in August 2013 at Rotokawa with a change in microseismicity behavior. Furthermore, both methods 
identified the same wells as having an elevated association with microseismicity at Rotokawa and Húsmúli sites. 
Clearly, we should be cautious to not apply unnecessarily complex analysis methods when simple tools can 
achieve good results. Mordensky et al. (2023) applied several different ML methods to evaluate the geothermal 
energy assessments, which also found that complex ML methods (e.g., artificial neural networks) may not always 
outperform simple approaches (e.g., simple nonlinear algorithm).

At the same time, we note that this study has only tested one method (time series feature engineering) under a 
limited range of contexts (two geothermal fields, supervised learning). ML is a broad field with a diverse range 
of algorithms and modes of interrogation. For example, although both methods highlight the microseismicity 
change when directly informed of the injection rate switch, an unsupervised ML approach might detect this 
change, and other more subtle changes, without being directly led. This was the approach of Manley et al. (2021) 
who used anomaly detection to identify changes in patterns of volcanic state that may herald onset or the end of 
volcanic activity. Thus, a further test of our methods would be to try and identify the September 2013 change in 
the full Rotokawa data set while withholding from the algorithm knowledge of the change.

Neither modeling approach was able to satisfactorily eliminate the effect of aftershocks or other medium-term 
increases above the average rate, for example, swarms. Capturing these effects may be better achieved through 
physics-informed models that can build in their causative processes. It could also be useful to adopt different 
operational data streams, including downhole pressure data and or higher resolution catalogs subdivided into 
several field areas (e.g., as in Hopp et al., 2020). Using more advanced declustering methods on the catalogs 
to keep the microseismicity signal free of aftershocks might also prove helpful, providing it is done correctly 
and does not also remove underlying physical processes (e.g., Mizrahi et al., 2021). Integration of physical and 
data-driven models may further improve our understanding of induced microseismicity in geothermal reservoirs. 
Alternatively, other aspects of the event catalog might be more diagnostic than simply the seismicity rate. Future 
studies could investigate whether radiated seismic energy, moment rate or b-value changes can be linked to indi-
vidual wells.

Finally, future applications of this work could include testing whether there are sufficient associations in the data 
to develop classification models and regression models with predictive capability.

5.  Conclusions
We have investigated the relationship between injection and microseismicity data in the Rotokawa geothermal 
field (for the 2012– 2015 period) and Húsmúli reinjection area (between 2015 and 2020) using data-driven 
modeling approaches. This includes a simple linear regression analysis of injection data and a more sophisticated 
ML method based on time-series feature engineering. Our goal was to infer associations and patterns between 
the complex injection schedule involving multiple wells and the time-varying seismicity. Our main conclusions 
are summarized below:

1.	 �Based on the 2012–2015 data, there is an observed correlation between injection and long-term (i.e., 
𝐴𝐴 Δ𝑡𝑡  = 20 days) microseismicity rates in the Rotokawa geothermal field. The short-term earthquake rate is 

likely to be dominated by randomness when inferring rates from small event counts, and this obscures any 
association with changes in injection. Most seismicity at Rotokawa is smaller than magnitude 2 and these 
small events are unlikely to be felt outside the immediate vicinity.

2.	 �For the Rotokawa geothermal field, both regression analysis and time series feature engineering has associated 
injection rates into Well #2 with elevated microseismicity prior to a field operation change (i.e., slight modi-
fication in the injection well configuration to adapt to changes in well injectivity) in August 2013. Negative 
and positive associations of the different wells in the field might reflect underlying connectivity to major 
seismogenic structures in the reservoir, in particular, the CFF and IFF. However, in the post-September 2013 
period, the association between microseismicity rate and Well #2 and #3 becomes much weaker, and this is 
presumably linked to changes in reservoir operation.

3.	 �Based on a similar analysis of Húsmúli wells, HN-17, HN-12, and HN-16 (CO2 injection) are the three most 
significant injectors associated with microseismicity.
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4.	 �We find no evidence that rapid injection rate changes trigger elevated seismicity. Instead, cumulative injection 
volume and injection rate appear to be the most informative data for field microseismicity.

5.	 �The ML method provided only marginal benefits over a simple regression analysis of the injection and micro-
seismicity data. In this instance, it is not obvious that the approach has justified the additional time and 
complexity to implement it, beyond the evaluation of conclusion (4) above.

Data Availability Statement
The Húsmúli reinjection data and raw earthquake catalog are provided by Reykjavík Energy and the Icelandic 
Meteorological Office (IMO), Iceland, and are freely available at https://doi.org/10.5281/zenodo.7041552. Roto-
kawa injection data are provided by the Rotokawa Joint Venture, New Zealand, and are freely available at https://
doi.org/10.5281/zenodo.7592213. The raw earthquake data for Rotokawa geothermal field were obtained from 
Hopp et al. (2020) shared at https://doi.org/10.17605/OSF.IO/C2M6U.
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