
Analysis of the Seismogenic Activation Potential in the Montney Formation,
Northeastern British Columbia and Northwestern Alberta

(Parts of NTS 083, 084, 093, 094)

P. Wozniakowska
1
, Department of Geoscience, University of Calgary, Calgary, Alberta,

paulina.wozniakowska@ucalgary.ca

D.W. Eaton, Department of Geoscience, University of Calgary, Calgary, Alberta

Wozniakowska, P. and Eaton, D.W. (2021): Analysis of the seismogenic activation potential in the Montney Formation, northeastern Brit-
ish Columbia and northwestern Alberta (parts of NTS 083, 084, 093, 094); in Geoscience BC Summary of Activities 2020: Energy and Wa-
ter, Geoscience BC, Report 2021-02, p. 81–90.

Introduction

Hydraulic fracturing is used in unconventional resource de-

velopment to enhance the fluid migration in low-perme-

ability reservoirs. It involves the creation of complex frac-

ture systems during injection of fluids at pressures

exceeding in situ breakdown pressures (Smith and

Shlyapobersky, 2000). In recent years, hydraulic-fractur-

ing technology has been associated with earthquakes

reaching moment magnitudes (MW) of 5.2 (Lei et al., 2019).

Although the basic requirements for generating induced

seismicity are well understood (e.g., Ellsworth, 2013;

Eaton, 2018), current physical models fail to explain all the

fundamental characteristics. One of the extensively studied

features is the spatially clustered distribution of induced

earthquakes (Skoumal et al., 2015), which has commonly

been observed in the Montney Formation (Atkinson et al.,

2016; Schultz et al., 2017; Eaton and Schultz, 2018) as well

as in other unconventional plays in Canada (Bao and Eaton,

2016; Schultz and Wang, 2020), the United States

(Skoumal et al., 2019) and China (Dengfa et al., 2019).

Spatial clustering implies a similar underlying distribution

of the geological susceptibility to fault activation by

hydraulic fracturing.

To date, multiple models have been proposed that seek to

explain the physical basis for this apparent variability of

geological susceptibility to induced seismicity (Schultz et

al., 2016; Shah and Keller, 2017; Pawley et al., 2018). In

this study, a machine-learning approach is used to investi-

gate the spatial distribution of the seismogenic activation

potential (SAP) in the Montney Formation in British Co-

lumbia (BC) and Alberta, where industrial activities have

triggered earthquakes of magnitudes as high as MW 4.6

(Babaie Mahani et al., 2017). The SAP is a probabilistic

measure of geological susceptibility to induced earthquake

during hydraulic-fracturing operations.

Machine learning has proven to be a helpful tool in many

geoscientific areas, including seismic-data processing

(Chen et al., 2019), earthquake detection (Perol et al., 2018)

and structural interpretation (Huang et al., 2017; Wrona et

al.; 2018). Due to its ability to analyze patterns in multidi-

mensional datasets, it can be effectively used to investigate

complex relationships and provide additional insights into

the mechanisms controlling the occurrence of seismicity

induced by hydraulic fracturing (Pawley et al, 2018).

The goal of this study is to reveal underlying mechanisms

for seismicity occurring on critically stressed faults in re-

sponse to elevated pore-fluid pressure. This work is a con-

tinuation of the analysis presented in Wozniakowska and

Eaton (2020), which investigated the primary factors con-

trolling induced seismicity in the Montney using tree-based

algorithms. In the current study, an alternative machine-

learning approach (logistic regression) is introduced, the

input data and seismicity catalogue are enhanced, and a pre-

liminary seismogenic activation potential map is created

for the Montney play.

The project database consisted of 6466 hydraulically frac-

tured horizontal wells and related geological, geomechani-

cal and tectonic characteristics. Each well was classified as

seismogenic or nonseismogenic using spatiotemporal asso-

ciation criteria related to seismicity induced by hydraulic

fracturing. The next step involved training a supervised

machine-learning model to determine the factors control-

ling the induced seismicity potential in the Montney. In ad-

dition, probabilities of seismogenic class determined for

each sample were used to estimate the SAP distribution for

the whole formation. Based on the results, it appears that

seismogenic potential is primarily influenced by the dis-

tance to the Cordilleran foreland thrust-and-fold belt and

the depth of fractioning-fluid injection. A logistic-regres-

sion model predicted the highest occurrence of SAP in the
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northwestern part of the Montney, which is consistent with

observed seismicity patterns in BC and Alberta (Figure 1a).

Methodology

Input Parameters Description

One of the biggest challenges of machine-learning analysis

is data compilation and preprocessing. Incomplete or incor-

rect information will result in biased predictions. It is im-

portant to include all potentially relevant features, as well

as potentially insignificant and less obvious characteristics,

as the significance (or lack thereof) of each characteristic

will be manifested in the feature importance analysis.

The selection of features for this study was dependent on

availability of data that could assist in examining current

hypotheses concerning the factors influencing SAP distri-

bution in the Montney Formation. As no direct measure-

ments were available for some of the features, proxies were

used that were assumed to have a similar correlation with

induced seismicity. Interpolated values were used in the

case of those features for which no point data were avail-

able (see below). Input parameters used in this study and

the reasons for their inclusion are presented in Table 1.

Seismicity Data Compilation

Seismicity data (Figure 1a) were compiled from publicly

available catalogues provided by Natural Resources Can-

ada (Visser et al., 2017; Huang et al., 2020; Visser et al.,

2020) , Albe r t a Energy Regu la to r (h t tps : / / ags -

aer.maps.arcgis.com) and Canadian Induced Seismicity

Collaboration (Cui et al., 2015). The final catalogue in-

cluded the events from the period between January 1, 2006

and January 21, 2020. The spatial and temporal variability

of the magnitude of completeness was investigated to de-

termine the threshold of the seismicity that would guaran-

tee unbiased classification of hydraulically fractured wells.

Magnitude of completeness for the 2006–2013 period

ranged from local magnitude (ML) = 2.0 for southwestern

Alberta to ML 3.0 in the northeastern corner of Alberta

(Stern et al., 2013; Schultz et al., 2015; Cui and Atkinson,

2016). More recent catalogues (2014–2016) are estimated

to have a magnitude of completeness of ML = 1.8 (north-

eastern BC and western Alberta), whereas the rest of the

Western Canada Sedimentary Basin was estimated at

ML~2.3. Considering the detectability thresholds through-

out the entire period, only earthquakes above ML 2.5 were

considered for this analysis; the threshold was based on the

local magnitude (ML), which was the primary magnitude

scale used for the compiled seismic catalogues. Natural

earthquakes and seismicity associated with industrial activ-

ities other than hydraulic fracturing in the Montney were

removed from the analysis. Data removed included quarry

blasts (Dokht et al., 2020), saltwater disposal wells and hy-

draulic fracturing in other unconventional plays, including

the Duvernay Formation (Schultz et al., 2017; Eaton and

Schultz, 2018), and drilling activity in the Horn River Basin

(BC Oil and Gas Commission, 2012; Farahbod et al.,

2015).

Well Labels

A spatiotemporal association filter was implemented to la-

bel wells as seismogenic or nonseismogenic. Following

previously published studies that investigated induced seis-

micity in western Canada (e.g., Atkinson et al., 2016), wells

were identified as seismogenic if one (or more) induced

earthquakes above ML 2.5 had occurred after the start of hy-

draulic-fracturing operations (to establish potential causal-

ity) and within three months after operations were com-

pleted (the maximum estimated lag time). To address the

uncertainty of earthquake location, a spatial constraint was

applied specifying that the event epicentre had to be located

within 5 km of the horizontal wellbore.

Data Preprocessing and Model Development

Feature Interpolation

The compilation of features for machine-learning analysis

required interpolation of irregularly sampled input data.

Data-point values, such as formation tops, pressure and

maximum horizontal-stress values, were interpolated to de-

termine the values corresponding to each of the wells,

which were then inspected to ensure that valid interpolated

values had been obtained. For example, data were analyzed

to ensure correct stratigraphic association (Montney For-

mation – Debolt Formation – Precambrian basement),

depth of the hydraulic-fracturing operation (approximated

by the true vertical depth of the well) within the Montney

Formation, as well as depth-index values (correct values

are indicated by depth index ranging between 0 and 1; Ta-

ble 1). Erroneous wells were excluded from further analy-

sis. Only horizontal wells were considered, as production

had ended at nearly all Montney vertical wells before the

start of this analysis. The final dataset consisted of 6466 hy-

draulically fractured wells spread over a significant area of
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Figure 1. The Montney unconventional play (shaded area), show-
ing a) seismic magnitude (coloured circles) by category for the pe-
riod of March 22, 2006 to January 21, 2020, seismogenic (green
dots) and nonseismogenic (grey dots) hydraulically fractured hori-
zontal wells drilled into the Montney Formation, the western edge
of the Cordilleran foreland thrust-and-fold belt (TFB; dashed line),
as well as the North Peace Ground Motion Monitoring Area
(NPGMMA) and Kiskatinaw Seismic Monitoring and Mitigation
Area (KSMMA) outlined in black (BC Oil and Gas Commission,
2017; Fox and Watson, 2019); b) examples of input data used in
the study, including maximum horizontal stress (SHmax) azimuths
(Heidbach et al., 2018), Phanerozoic thickness isolines, and
known faults influencing the middle and lower units of the Montney
(coloured lines) according to type (after Furlong et al., 2020) within
the Dawson Creek graben complex; c) schematic cross-section
through northeastern BC and western Alberta (at about 56°N) of
the generalized lithology and age (modified from Liseroudi et al.,
2020). Abbreviations: Fm., Formation; Gp., Group.



the study region (Figure 1a). Part of the machine-learning

process involved randomly splitting the total number of

wells into a training set (including labeled samples, used to

determine the model coefficients) and a testing set (includ-

ing unlabeled samples, used to evaluate the performance of

the model; James et al., 2013). Implementing a standard

train-test split ratio (75:25) resulted in 4849 samples being

assigned to the training set and 1617 samples to the testing

set.

Logistic Regression

Logistic regression is a type of supervised machine learn-

ing (James et al., 2013); for an n-dimensional problem the

classification probability p is given by

� �
p e

x xn n� � � � ��

�
	




�
�1 1 1 1/

.... * �  � � (1)

where xi, i = 1,…7, are the normalized input-data values at

each well location and the parameter weights i are calcu-

lated during the training phase. Probabilities calculated for

each well and coefficients of the model were obtained by

averaging individual realizations over 1000 bootstrap

samples. Wells with p >0.5 are labelled as seismogenic,

whereas samples with lower probabilities correspond to

nonseismogenic wells.

Results

Feature Importance Analysis

Feature importance was investigated using the weights ex-

tracted from the trained logistic-regression model. The al-

gorithm was developed using scikit-learn, a Python library

for machine learning. Ultimate feature weights correspond

to average weights of the normalized input parameters from

the multiple bootstrap realizations (Equation 1). The values

of the model coefficients are indicative of the relative influ-

ence of each parameter on the classification results

(Molnar, 2019). Based on this analysis, distance to the

Cordilleran foreland thrust-and-fold belt and depth of the

hydraulic-fracturing operation are the two most important

characteristics controlling the SAP. The vertical distance to

the top of the Precambrian basement, the difference be-

tween local and regional SHmax and the pore-pressure gradi-

ent are moderately important. Remaining parameters (i.e.,

vertical distance to the Debolt Formation, depth index and

distance to known faults) have no influence on SAP distri-

bution (Figure 2a).

SAP Distribution Map

A map of the SAP distribution was created based on the

probability of the seismogenic class for each hydraulically

fractured well; probabilities were interpolated using a ra-

dial-basis function (Lazzaro and Montefusco, 2002). The

extrapolation outside the location of the wells over the reg-

ular grid yielded values beyond the [0,1] range; therefore,

normalization was done to obtain the values matching the

realistic probability values (Figure 3). Virtually all higher

magnitude (ML =2.5) earthquakes induced by hydraulic

fracturing occurred within the Kiskatinaw Seismic Moni-

toring and Mitigation Area (KSMMA) and the North Peace

Ground Motion Monitoring Area (NPGMMA); both seis-
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Table 1. Description of the input parameters used in the analysis of the seismogenic activation potential in the Montney Formation.
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micity monitoring areas correspond to areas of higher

seismogenic potential (SAP > 0.5; Figure 3).

The highest SAP values (>0.8) are located north of the

NPGMMA in BC, whereas the KSMMA region is charac-

terized by a slightly lower SAP, reaching ~0.8 only in its

western part. Within Alberta, the SAP of the Montney does

not exceed 0.5, excluding a small portion in its northern

part, where no hydraulic fracturing operations have yet

taken place.

Performance Evaluation

Performance of the machine-learning algorithm was evalu-

ated using the receiver operating characteristics (ROC)

curve, which plots the true positive rate versus the false

positive rate (Figure 2b) for the validation dataset (Davis

and Goadrich, 2006). The area under the ROC curve of the

logistic-regression model achieved a score of 0.83, as com-

pared to a value of 0.5 corresponding to the accuracy of

random guesses. However, this study is an example of un-

balanced classification, characterized by an unequal ratio

between samples in one of the specific classes (majority of

wells are nonseismogenic). Therefore, metrics other than

the ROC may be more suitable to evaluate the performance

of the predictive model (Saito and Rehmsmeier, 2015).

Hence, the ‘recall’ score was computed, as it may be better

suited to induced-seismicity classification since it quanti-

fies the correct positive class predictions (correctly pre-

dicted seismogenic wells) relative to the all positive predic-

tions (both correctly and incorrectly predicted seismogenic

wells). ‘Recall’ is defined as

Recall = true positives/(true positives + false negatives)

The study model achieved a recall score of 77.92%, which

provides a good indication that the approach was suc-

cessful.
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Figure 3. Seismogenic activation potential (SAP) in the Montney Formation. The red cir-
cles indicate local magnitude (ML) =2.5 seismic events associated with hydraulic fractur-
ing in the Montney Formation. Black outlines correspond to seismicity monitoring areas.
Approximate range of the injection-induced earthquake (IIE) band is marked by the
green dashed lines (after Kao et al., 2018). Cordilleran foreland thrust-and-fold belt
(TFB; black dashed line), known faults and Dawson Creek graben complex are also
shown. Abbreviations: KSMMA, Kiskatinaw Seismic Monitoring and Mitigation Area;
NPGMMA, North Peace Ground Motion Monitoring Area.



Discussion

The results of this study can be compared with those of re-

cent studies that investigated the seismogenic potential in

other unconventional plays. It is important to note that

choice of input parameters strictly depends on the availabil-

ity of data and the geological setting of the specific region.

Despite the differences in the input features, individual

trends can be used to determine the major parameters influ-

encing the induced-seismicity potential in each of the un-

conventional plays.

For example, Pawley et al. (2018) used a similar machine-

learning technique to investigate the SAPdistribution in the

Duvernay Formation. Their analysis revealed that seismo-

genic potential in the Duvernay play is influenced by the

vertical proximity to the crystalline basement, formation

overpressure and minimum horizontal-stress value. In the

model developed for this study, distance to the Precambrian

basement was shown to be less important than the distance

to the Cordilleran foreland thrust-and-fold belt and the

depth of hydraulic-fracturing operations.

In contrast to the commonly established mechanisms re-

garding induced seismicity on pre-existing faults (Eaton,

2018), influence of the known fault structures is not sup-

ported by any of these models. Specifically, the distance to

known faults both in the Montney and the Duvernay forma-

tions was indicated as one of the least important features.

Information about the location, type and stress state of the

faults in the area is inferred to likely be incomplete. Other

geological proxies can be used to infer the potential loca-

tion of unmapped faults. For example, the presence of lith-

ium-rich brines can be indicative of the faults acting as hy-

drogeological pathways connecting upper sedimentary

layers with the Precambrian basement (Pawley at al.,

2018). Further work is needed to obtain lithium-concentra-

tion data throughout the Montney play.

As noted above, distance to the western edge of the Cordil-

lera emerges as the most important factor controlling the

distribution of SAP in the Montney. This appears to be con-

sistent, at least in part, with the hypothesis of Kao et al.

(2018) regarding the correlation of SAPwith areas showing

an elevated rate of tectonic strain. However, this associa-

tion does not explain the apparent difference in seismicity

levels for Montney wells located at an equivalent distance

from the deformation front in BC and Alberta.

Conclusions and Future Work

In this study, a machine-learning approach was used to in-

vestigate the spatial variability of induced seismicity in the

Montney Formation during hydraulic-fracturing opera-

tions. Areas with higher values of the calculated SAP are

congruent with the observed pattern of induced seismicity.

The map (Figure 3) indicates lower SAP values for the

Montney in Alberta, which is consistent with seismicity ob-

servations. Multiple hypotheses were tested regarding the

factors controlling the potential of fault-slip activation dur-

ing hydraulic fracturing. The model shows that SAP in the

Montney play is primarily controlled by proximity to the

Cordilleran deformation front and the depth of fluid injec-

tion during hydraulic-fracturing operations. The area of

highest SAP (>80%) occurs in the northwestern part of the

subsurface extent of the Montney Formation, which is out-

side both the KSMMA and NPGMMA seismic monitoring

regions. Planned future research will include incorporation

of new input parameters and enhancement of key sources of

data currently being used. More complete information

about the distribution and stress state of the faults in the

area, the influence of operational parameters and the dis-

tinctions between events triggered by completions per-

formed in the upper, middle and lower units of the Montney

present some of the current limitations that need to be

addressed to better understand the complex mechanisms

driving seismicity induced by hydraulic fracturing in the

Montney Formation.
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