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Introduction
A significant increase in the seismicity rate in western Canada in recent years has been associated with the development of unconventional oil and gas reserves, including hydraulic fracturing (Bao and Eaton, 2016) and saltwater
disposal (Schultz et al., 2014). Because of incomplete understanding of the underlying spatial-temporal distribution, induced seismicity is a subject of extensive academic
research (Baranova et al., 1999; Ellsworth, 2013; Guglielmi et al., 2015). Incomplete information and lack of continuous data hinder a full understanding of the distribution
of seismic events, which is potentially linked to seismic
hazard in the Western Canadian Sedimentary Basin (WCSB;
Ghofrani et al., 2019). Therefore, understanding the mechanisms controlling the geological susceptibility to induced
earthquakes is crucial for both seismic-hazard assessment
and seismic-risk mitigation. Additionally, it is still not well
understood why most hydraulic-fracturing and wastewaterdisposal operations are not triggering higher magnitude
earthquakes (Ellsworth, 2013). The goal of this project is to
identify the most important factors controlling the occurrence of induced earthquakes in the Montney Formation, in
northeastern British Columbia (BC) and northwestern Alberta. This will provide a source of additional information,
which could help manage more effectively the seismicity
induced by oil- and gas-production activities.
Monitoring of induced seismicity can significantly enhance
the quality of hydraulic-fracturing stimulation, providing
valuable information about the created fracture network
and the reservoir mechanics (Eaton, 2018). Large volumes
of data, in conjunction with the complex relations between
different geological, physical and geomechanical characteristics, significantly hamper the correct interpretation of
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the phenomena observed in the subsurface. Due to its ability to discover hidden patterns, machine learning has
proven to be a helpful tool for geoscientists and its popularity is growing. The focus of this paper was to assess the importance of properties controlling seismic activity during
hydraulic-fracturing operations in the Montney Formation.
Current knowledge was combined with existing technological advancements to test the common hypotheses about the
nucleation of induced seismic events. An analysis was performed using decision-tree and random-forest algorithms,
both of which are examples of supervised machine learning.

Methodology
Understanding the occurrence of induced seismic events
requires a broad comprehension of the mechanisms in the
subsurface and characteristics of the study area. In this
study, geological, geomechanical and tectonic indicators
were analyzed to estimate the influence of each characteristic on seismogenic potential for the analyzed wells. Parameters were extracted from the collection of compiled characteristics, including, among others, distance from the
Rocky Mountain fold-and-thrust belt, distance from known
lineaments, distribution of reservoir overpressures and
vertical distance to the Debolt Formation (see below).
Overall, more than 6300 hydraulically fractured horizontal
wells drilled into the Montney Formation were analyzed in
this study. Wells were investigated in terms of their geological characteristics and whether seismicity occurred during
or shortly after hydraulic fracturing. Ultimately, the final
number of wells was determined by the quality and availability of data (see below).
The project consisted of the following steps:
1) Data collection and preparation:
a) compilation of data from publicly available sources
b) data preprocessing (data interpolation, incorrect data
identification and removal)
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c) labelling wells as seismogenic/nonseismogenic (binary classification)
2) Algorithm development
3) Feature importance analysis

Data Collection and Preparation
Output Values (Target) Determination
To implement the supervised machine-learning algorithm,
it was necessary to decide on the appropriate output values.
In this project, induced seismicity was considered as a binary-classification problem with respect to the observed
seismic activity correlated in time and space with the coinciding hydraulic-fracturing operations. A similar methodology was introduced by Pawley et al. (2018), who investigated the potential for induced seismicity in the Duvernay
Formation in Alberta caused by hydraulic fracturing and
wastewater disposal. Their research revealed that seismogenic potential in the Duvernay Formation is controlled primarily by the vertical distance to the Precambrian basement, the state of stress in the formation (specifically,
overpressure) and the value of the minimum horizontal
stress. Due to significant differences in geological setting
in the case of the Montney Formation and limited data
availability, a similar study was performed using a slightly
different set of input features in the analysis. Moreover,
only horizontal wells were considered, as they are more
likely to cause a change in the stress state and pore pressure
near the faults (Atkinson et al., 2016), and are therefore
more likely to result in higher magnitude induced earthquakes. Similarly, as in the study by Pawley et al. (2018),
wells were flagged as seismogenic, when at least one seismic event of magnitude (M) >2.5 was located closer than
5 km from the well. This condition was valid only when the
date of the injection preceded the occurrence of the seismic
event and occurred no later than three months after the hydraulic-fracturing operation was completed. Wells which
had no observable seismic activity near the hydraulicfracturing operations were considered as nonseismogenic.

Input Values (Parameters) Preparation
Data used in this study were compiled from publicly available sources, which included geoSCOUT (geoLOGIC systems Ltd., 2019), BC Oil and Gas Commission (BC Oil and
Gas Commission, 2019) and Alberta Energy Regulator
(AER; Mossop and Shetsen, 1994) databases, as well as the
Composite Alberta Seismicity Catalogue (Fereidoni and
Cui, 2015). In total, 6315 oil- and gas-producing horizontal
wells drilled into the Montney in BC and Alberta were analyzed. Earthquake data were sourced from the Canadian Induced Seismicity Collaboration (2019) website and included the seismic events registered before April 27, 2019.
It is worth noting that the analyzed dataset does not include
all the Montney horizontal wells, only those with complete
(and validated) information.
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Pressure Data
Previous literature examples demonstrate the relationship
between the formation pressure and occurrence of seismic
events (Eaton and Schultz, 2018). Here, pressure data were
gathered using the geoSCOUT database and complemented with data published on the BCOGC website. Due to
data sparsity and the limited number of measurements, the
pressure-gradient values have been estimated using a radial
basis function (RBF) interpolation method with linear kernel, which is included in the scipy interpolation Python
module (Jones et al., 2001; van Rossum and Drake, 2003).
A total of 2376 pressure measurements were used to calculate the pressure gradient; obtained pressure gradients
ranged from 0.6 to about 20.6 kPa/m. Previous studies
(e.g., Eaton and Schultz, 2018) have revealed that reservoir
overpressure (areas where the pressure gradient exceeds a
hydrostatic gradient value of 10 kPa/m) has the potential to
influence the overall susceptibility to induced seismicity.
Regional Stress Regime
In addition to reservoir pore pressure, information about
maximum horizontal-stress (SHmax) direction was another
parameter characterizing the stress regime of the analyzed
area. In some cases, fault orientation seems to be conformable with the regional stress field (Snee and Zoback, 2016),
whereas examination of other studies suggests the potential
for fault activation irrespective of their geometry (Zoback
and Zoback, 1989). This implies that the regional stress direction may have a strong impact on the seismicity observed in the given area. The direction of SHmax has been investigated based on the values of SHmax azimuths from the
World Stress Map (Heidbach et al., 2016), an open-access
public database. These values were limited to the vicinity of
the Montney Formation subcrop region and interpolated
using RBF with linear kernel. Overall, 133 data points were
used in the calculation, relying on stress-state variations instead of absolute values as the major factor. The difference
between the SHmax direction and the average value of the
SHmax azimuth observed in the WCSB (estimated to be
about 45°) was used in the calculation.
Tectonic Data
Tectonically, the presence of pre-existing conductive thrust
faults in the Precambrian crystalline basement (Zhang et
al., 2013) as well as proximity to the Precambrian basement
(Skoumal et al., 2018) are believed to influence the occurrence of natural and induced earthquakes. Within the
WCSB, most of the seismic events tend to be concentrated
within a band stretching between the eastern margin of the
Cordilleran foreland thrust-and-fold belt and so-called undisturbed WCSB, which represent the margins of the regional seismicity. It was previously observed that the induced seismicity was most common in the vicinity of
disturbed belt for two reasons: the high concentration of
deep, critically stressed, pre-existing faults that are more
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likely to be reactivated near the treatment wells (BC Oil and
Gas Commission, 2014) and the role of the tectonic-strain
rate, which is surmised to have a long-term impact on seismic potential (Kao et al., 2018). To address these hypotheses, distance from the disturbed belt was included into the
analysis, together with the distance to minor lineaments
indicating the potential locations of minor faults.
Stratigraphic Data
In previous studies, it was suggested that the risk of induced
seismicity increased where hydraulic-fracturing operations
in the Montney were performed at close distance to the
crystalline basement (Skoumal et al., 2015). By also taking
into consideration the Debolt Formation, which could represent a geomechanical basement, the impact of those two
formations on the overall seismic-activity potential can be
compared. Information about the tops of the Debolt Formation and Precambrian basement was implemented as the
vertical distance between the hydraulic-fracturing operations (defined by the true vertical depth [TVD] of the well)
and upper boundaries of both stratigraphic units. The
Montney Formation tops were incorporated into the analysis indirectly, as one of the components of the depth factor
described in detail below. Montney and Debolt formation
tops were compiled from the geoSCOUT and BCOGC databases, whereas Precambrian basement-top information
was sourced from the isopach and structure surface grid
data collection available on the AER website. As in the case
of the pressure gradient, the linear kernel variant of the
RBF interpolation method was used to estimate the depths
to the stratigraphic tops of the Montney and Debolt
formations, and Precambrian basement.
Depth Factor
Due to the discrepancy between the levels of seismicity observed for hydraulic-fracturing operations performed in the
upper, middle and lower units of the Montney Formation,
establishing a possible relationship between the phenomena and the depth of injection could help further investigate
any potential correlation between the induced seismicity
and respective zones. In general, the lower Montney is
characterized by higher induced seismic susceptibility;
however, some significant seismicity is still observed in
both the upper and middle units of the formation (BC Oil
and Gas Commission, 2014). One possible explanation is
the smaller vertical distance separating the lower unit from
the underlying formations compared to the upper and middle Montney units rich in natural fractures (Nieto et al.,
2018). In this study, a simple depth factor was implemented
to provide a simplified way to divide the Montney into upper, middle and lower units, assuming the vertical division
of the formation into three equal layers. Depth factor ‘d’
was calculated using the following equation:
d = (Zw – Zt) / Zth
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where Zw is the TVD of the well, Zt is the top of the Montney Formation at the location of the well, and Zth is the
thickness of the Montney at the location of the well.
Interpolation may carry the risk of incorrect estimation of
the interpolated values. Parameter ‘d’ was implemented to
detect the wells not matching the physical scenarios and
guarantee the maximal correctness of the input data. Considering only wells drilled into the Montney interval, the
depth factor should range between values 0 and 1. Values
<0 indicate that the well was drilled above the top of the
Montney Formation, whereas values >1 indicate that the
well was drilled below the Montney. Therefore, ‘d’ values
beyond the established range (0–1) suggest errors were
made in measuring the formation top, thickness and/or well
TVD. Such wells were excluded from further analysis, resulting in the final dataset consisting of 6315 wells. The
depth factor was included into the models as a numerical
value; however, further investigation revealed additional
information about the analyzed wells.
Supposing the division of the Montney into three equal
parts, it is possible to use the depth factor to differentiate
between the Montney units associated with each well. According to this approach
• a ‘d’ value in the range of <0 to <0.34 corresponds here
to the upper Montney;
• a ‘d’ value in the range of ≤0.34 to <0.67 corresponds
here to the middle Montney; and
• a ‘d’ value in the range of ≤0.67 to <1 corresponds here
to the lower Montney.
Table 1 presents the number of wells assigned to each specific unit of the Montney Formation using the described
method.
It can be observed that the percentage of high-magnitude
(M >2.5) events induced by hydraulic-fracturing operations is the highest for the wells drilled in the lower
Montney, which is consistent with the hypothesis that this
unit is more prone to seismic activity. At the same time, it
has the fewest number of wells drilled, most of the wells
having been drilled into the upper Montney unit.
Assigning Features to the Wells and Preprocessing
The value of each feature characterizing the corresponding
wells was assigned using the NNjoin plugin (Tveite, 2019)
Table 1. Numbers and percentages of seismogenic and
nonseismogenic wells corresponding to each of the Montney Formation units associated with M >2.5 induced seismic events.

(1)
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in QGIS, an open-source geographic information system
(QGIS Development Team, 2019). The plugin allows the
user to join two points from corresponding layers using the
nearest neighbour method (i.e., linking points with the
shortest distance). Collected features required preprocessing, which included missing-data identification and handling. For the wells that did not have data determined directly (such as formation tops, pressure and SHmax values), it
was necessary to assign and use the interpolated values. In
the next step, quality-control measures helped to determine
only those wells that could assure the most reliable results.
Due to the high number of wells with interpolated values,
some of the interpolated values did not match realistic values. Data were analyzed in terms of the sequence of stratigraphic tops (Montney top – Debolt top – Precambrian top)
and well TVD, with respect to the depth of the Montney top.

small percentage of the wells were associated with induced
seismicity. To overcome this problem (which might lead to
biased analysis), stratified random sampling was implemented. Stratified random sampling requires the division
of the whole dataset into smaller subgroups (stratas) so that
each subgroup corresponds to its class. In the next step, a
random sample was drawn independently from each subgroup (Cochran, 2007).

Algorithm Development

Discussion

Determination of seismogenic potential related to the geological and geomechanical conditions in the subsurface
was defined as a binary-classification problem, in which
the algorithm assigns the labels according to the predicted
classes (seismogenic/nonseismogenic). Two supervised
learning techniques were analyzed with respect to their
ability to determine the feature importance when predicting
the class: decision-tree and random-forest classifiers (these
are examples of tree-based methods).

Based on the decision-tree algorithm, the most important
features were determined to be the distance to lineaments
and the disturbed belt, the depth factor, the vertical distance
to the Debolt Formation, and the vertical distance to the
Precambrian basement. The results confirm the currently
existing hypotheses about the influence of the tectonic setting of the wells, both in terms of distance to the faulted disturbed belt as well as known lineaments. The high importance of the depth factor potentially indicates the higher
seismic risk in the lower Montney; however, this feature
should be analyzed further. In contrast, the variation of the
SHmax with respect to the regional stress state does not seem
to influence the seismogenic potential. Surprisingly, the
pressure gradient was indicated as the least important of all
analyzed features, which contradicts the idea proposed by
Eaton and Schultz (2018). However, this result could be biased as there were insufficient measurements of pore pressure. A different distribution of the important features
might be observed for a dataset containing more exact pressure values. Comparing these results to those obtained using the second algorithm, the random-forest classifier identifies the same set of features as those with the most
influence on the seismogenic potential, with similar feature-importance values. At the same time, the random-forest classifier showed a significant decrease in the error rate,
which suggests a higher accuracy of the results.

In general, a decision-tree algorithm constructs the classification (or regression) tree composed of the leaves (estimated attributes) and nodes that split the data according to
given conditions (Usuelli, 2014). The algorithm chooses
the most important features and separates the samples into
two groups until it satisfies the required conditions. Decision trees are expected to give better results than classical
methods, such as linear regression, when nonlinear and complex relationships between the data are analyzed (James et
al., 2013). Moreover, decision trees can be presented
graphically, which makes them easier and more intuitive to
interpret.
The random-forest classifier (similar to bagging and boosting machine-learning methods) is an improved and more
powerful version of decision-tree algorithms (James et al.,
2013) and uses sets of multiple trees to build the predictive
models instead of only one. When building a random forest,
small, randomly chosen collections of features are considered for splitting the nodes instead of a whole set of predictors. As a result, the feature used for splitting each node is
chosen from among a limited number of available characteristics. This approach guarantees a decrease of variance
between the single trees, which is desirable when building
the machine-learning models.
One of the attributes of the analyzed dataset was the disproportionate size of the two classes. In other words, only a
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Both models were built using Scikit-learn, a Python library
for machine learning (Pedregosa et al., 2011), and trained
on the number of 100 randomly shuffled stratified splits,
with the training set accounting for 75% of the whole
dataset and 25% for the test set. Figure 1 presents the feature importance indicated by both classification algorithms.

It is worth noting that the machine-learning models are dependent on the quality (and quantity) of the input data.
Therefore, the next step of this project is to perform extensive research and include additional parameters that may
have an impact on the distribution of induced seismicity.
The analysis in this study was limited to publicly available
datasets only and some assumptions (e.g., the ratio between
Montney intervals) were introduced. Additionally, several
of the input parameters (formation tops and pressure, SHmax
azimuths) were interpolated, which might mean they could
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Figure 1. Feature importance calculated using decision-tree (top) and random-forest (bottom) classification algorithms. Results are presented in ascending order toward the right: pressure gradient (press_grad); maximum horizontal-stress azimuth variance (azi_diff); vertical
distance from the well to the Precambrian basement and Debolt Formation (TVD_to_preC and TVD_to_debolt, respectively); distance to
lineaments (dstm_lnmt); distance to the disturbed thrust-and-fold belt (dist_to_dist); and depth factor. Abbreviation: TVD, true vertical
depth.

vary from the real values. Another problem is the incompleteness of data that cannot be interpolated, such as the location of unknown faults (especially strike-slip faults,
which are undetectable using seismic methods). Incorporating more detailed information as well as new attributes
into the algorithm will provide more accurate estimates of
the geological susceptibility to induced seismicity.

the upper and middle units. Overall, tree-based methods
performed well and helped to address currently established
conclusions about the factors controlling the occurrence of
induced seismicity during hydraulic-fracturing operations.
Including more detailed characteristics and additional features will increase the confidence level of the results and
can provide information about the mechanisms responsible
for the occurrence of induced seismicity.

Conclusions
This analysis revealed that three types of features are controlling the geological susceptibility to induced seismicity
in the Montney Formation:
• the tectonic setting (specifically the distance from the
disturbed belt and lineaments)
• the stratigraphy (vertical distance from the Debolt and
Precambrian basement)
• the depth of the injection relative to the Montney Formation top, which correlates with the specific Montney
unit (upper, middle and lower) stimulated during hydraulic fracturing.
Observations confirmed the current hypotheses about the
factors controlling the induced seismicity. Pore-pressure
gradient as well as variance of the SHmax from the average
value were interpreted as less significant in the overall prediction of the induced seismicity for a given dataset. Moreover, a newly introduced parameter, the depth factor, confirms the current hypothesis about the higher susceptibility
to induced seismicity in the lower Montney, compared to
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