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ABSTRACT 

 

 

This dissertation quantifies fracture frequency variations using new 

methodologies that incorporate the partial least squares analytical method for multivariate 

data, linear piecewise regressions of cumulative fracture frequency, and the Akaike 

information criterion. The predictive equations and novel fracture frequency analyses 

presented in the two manuscripts provide valuable constraints when developing models 

of fluid flow pathways by accurately quantifying the distribution of fractures within a 

given geologic setting. The statistical analyses presented in this dissertation focus on 

predicting geometric variations of fracture intensification domains (FIDs). FIDs are 

identified in the field as volumes of elevated fracture frequency as compared to a 

relatively lower background frequency level.  The data set utilized in these analyses 

consists of 3678 fractures and 17 minor normal faults at 34 field sites in the Ordovician 

Utica Group and Schenectady Formation in the Mohawk Valley of eastern New York 

State.  

In the first manuscript (O’Hara et al., 2017), I constructed a partial least squares 

(PLS) statistical analysis to quantify the variability in FID width (FIDw) and average 

fracture frequency (FIDƒ) as a function of fault slip and lithology. Variables included in 

the final predictive model included FIDw, FIDƒ, fault slip, grain size and clay percent. 

Fault slip and grain size were found to have a positive covariance with FIDw, whereas 

clay percent had a negative covariance. Fault slip, grain size and clay percent all showed 

a negative covariance with FIDƒ.  

In the second manuscript, I present a statistics-based methodology for analyzing 

fracture frequency variations and defining frequency boundaries (i.e., FID width) using a 



x 

 

linear piecewise regression (LPR) analysis and the Akaike information criterion (AIC). 

The LPR/AIC technique can accurately calculate the width of FIDs by fitting multiple 

slope segments to cumulative fracture frequency (CFF) data. The distribution of CFFs 

defined three distinct slope intervals: the core FID (FIDc), the intermediate FID (FIDint), 

and the background fracture frequency.
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CHAPTER 1: INTRODUCTION 

 

1. Introduction 

Fractures in lithified sediments have been rigorously studied with emphasis on 

mapping regional paleo-stress fields (e.g., Engelder and Geiser, 1980), identifying local 

stress field perturbations (e.g., Dyer, 1988; Rawnsley and Petit, 1992), predicting spacing 

among joints in a set (e.g., Lenzin et al., 2009), determining boundaries of fault damage 

zones (e.g., Choi et al., 2017), finding “sweet spots” in fractured limestone reservoirs 

(e.g., Jacobi, 2007), and deciphering relative timing of deformation events (e.g., Zhao and 

Jacobi, 1997; Jacobi, 2002; Jacobi and Fountain, 2002). In the Mohawk Valley of eastern 

New York, detailed structural analyses of the Trenton, Utica and, Lorraine groups have 

revealed complex relationships between faulting activity and fracture characteristics. 

Specifically, researchers have documented increasing fracture frequency along transects 

approaching mapped fault systems and identified fracture sets with elevated frequency 

that strike parallel to inferred and observed faults (Cross, 2004; Agle, 2008).  

Fracture frequency variations in the Appalachian basin have been used to 

differentiate zones of intensified fracturing from the regional background fracture sets. 

The regions of outcrop exhibiting elevated fracture frequency were designated fracture 

intensification domains (FIDs) and were thought to commonly indicate proximity of 

faults (Jacobi and Xu, 1998). The fracture set with elevated fracture frequency is 

commonly the master fracture set within the FID and the strike of these fractures defines 

the trend of the FID (e.g., Jacobi, 2002). FID trends have been observed to strike parallel 

to fault surfaces in outcrop (e.g., Jacobi and Fountain, 2002; O’Hara et al, 2017) and to 

regional lineaments (e.g., Jacobi, 2002; Jacobi and Fountain, 2002).  

https://docs.google.com/document/d/1-NfiDJkj3POC8EwxmQ0I6t_nTd1NFsj2YMg3thpOuG4/edit?ts=5aa35929#heading=h.4d34og8
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Systematic changes in fracture frequency are also used in general fault damage 

zone (FDZ) research to determine structural boundaries associated with fault systems 

(e.g., Savage and Brodsky, 2011; Johri and Zoback, 2014; Choi et al., 2016). Variable 

techniques of labeling elevated fracture zones have encouraged researchers to unify FDZ 

boundary definitions by developing consistent methodologies that differentiate 

background fracturing from elevated fracture frequencies proximal to faults (e.g., Berg 

and Skar, 2005; Choi et al., 2016). In this dissertation, I address two areas of fracture 

research that increasingly implement quantitative methodologies. The first area of 

research focuses on predicting fracture frequency and the width of fracture zones based 

on outcrop characteristics (i.e., faults, fractures and lithology). The second area of 

research refines the definition of fracture zone boundaries by developing quantitative 

approaches that differentiate background fracture frequencies from FIDs/FDZs. 

Combining both areas of research resulted in a complete methodological process of 

objectively defining geometric characteristics for volumes of fractured rock and 

predicting the distribution fractures from fault slip and lithology.  

Benefits of accurately defining FDZ boundaries and fracture frequency variations 

by using quantitative methodologies include 1) more consistent data usage among 

researchers, and 2) increased reliability of predictive models that use variables derived 

from the quantitative analyses. This dissertation adds to the growing body of quantitative 

fracture research by combining regional fracture analysis with local fault and fracture 

relationships. The analyses presented herein utilized three statistical methods to quantify 

fracture characteristics, including: 
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1. The partial least squares (PLS) technique; this method produces equations 

that predict the width and average fracture frequency within a fracture 

intensification domain (FID). 

2. A linear piecewise regression (LPR); I use an LPR analysis to quantify 

changes in slope in cumulative fracture frequency (CFF) datasets. 

3. The Akaike information criterion (AIC); comparing AIC values 

quantitatively determines the optimal number of segments that define a LPR 

by weighting the goodness of fit against model complexity. 

  

2. Objectives 

 The primary objective of this dissertation is to quantify fracture frequency 

variations by creating a novel and reproducible methodology based on multilinear 

statistical analysis and model optimization. The goal of creating this new methodology is 

to provide a consistent means to compare fracture and damage zone characteristics 

among independent research groups and varying geologic settings. I present the details of 

two methodological solutions to these objectives in Chapters 2 and 3.  

 

The objectives of Chapter 2 include: 

1. Quantifying the relationship among fault slip, FID width and average fracture 

frequency within the FID.  

2. Creating a PLS model capable of predicting FID characteristics based on 

lithologic variations (i.e. grain size and mineralogy). 
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3. Creating a generalized model of FID development based on the results of the 

PLS analysis.  

 

The objectives of Chapter 3 include: 

1. Quantitatively defining the boundary between background fracture frequency 

and intensified fracturing within an FID, 

2. Creating a repeatable methodology to eliminate bias when 

identifying/calculating the boundary of an FID by using regression model 

optimization techniques (i.e. Akaike and Bayesian information criteria), 

3. Determining whether fracture frequencies fall within predictable ranges using 

0-normalized CFF data, 

4. Creating a general conceptual model of fracture intensification initiation and 

development with respects to a maturing fault system. 

 

Results from these statistical analyses met the objectives described above, 

producing a predictive PLS model of FID variations and an objective methodology for 

calculating FID boundaries. The PLS predictive model calculates FID width (FIDw) and 

average fracture frequency (FIDƒ) using fault slip, clay%, and grain size. Coefficient 

relationships from the final model equations indicate that increasing fault slip leads to 

wider FIDs and lower average fracture frequency within the FID. I propose that the 

decrease of fracture frequency within the domain is attributed to an increase in the length 

of the low-frequency FID tail and the consumption of high-frequency fractures facilitated 

by the formation of the fault core. 
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Results from the LPR/AIC analysis produced three discrete CFF slope intervals: 

background, intermediate FID (FIDint), and core FID (FIDc). The changes in slope among 

the CFF intervals differentiate damage zone fractures from the background fracture set. I 

locate the FIDs boundaries at order-of-magnitude changes in slope from background 

fracture frequencies to a region of elevated fracture frequency. The three CFF slope 

intervals are hypothesized to represent multiple strain localization events. Each 

successive overprinting event results in a reduction in the active fracture zone width and 

an increase in fracture frequency, concluding with the formation of a fault surface. 

 

3. Rationale 

The importance of understanding the intricacies of fault and fracture processes is 

best exemplified by the real-world problems encountered by petroleum geologists, 

hydrologists and environmental scientists. Hydraulic fracturing requires that the tensile 

stress of the shale is overcome by the fracturing energy of the fluid driven into the 

formation. If this energy is distributed among preexisting structures, diminished by fault 

reactivation, or is arrested by barriers to tensile stress, the shale will not fracture to its full 

potential and may result in an uneconomic well (e.g., Warpinski and Teufel, 1987; 

Montgomery et al., 2005). 

Quantifying fracture and fault interactions also contributes to the analysis of fluid 

flow within the subsurface, which has become increasingly important in the field of 

petroleum geology (Lauback et al, 2018). Mapping these flow pathways provides 

constraints on the horizontal and vertical movement of fluids through the bedrock 

(Sibson, 1996). Migration pathways also vary throughout the evolution of a faulted 



6 

 

sedimentary basin. Active faulting within a basin during hydrocarbon generation can 

juxtapose highly permeable layers against the source rock, creating new pathways for 

fluids to escape (Manzocchi et al., 2010). By combining datasets of thermal maturation 

and fault growth history, it should be possible to trace the fluid migration history through 

time along predictable fracture-controlled conduits. Results from this dissertation provide 

a means to estimate the geometry of predicted fracture zones from fault slip data derived 

from seismic structural interpretations. The ability to predict the width of fracture zones 

associated with faults in the subsurface defines the regions of highest fracture frequency 

without the need of outcrop analysis. A model that can predict the relationships among 

FID frequency, area of FID formation, and fault slip will help determine the areas in 

which hydraulic fracturing will be most effective by avoiding volumes of rock where the 

potential loss of induced fracture energy to fault systems is highest.  

 In addition to applications in petroleum geology, the distribution of fractures is an 

important variable to quantify in environmental remediation projects. Fractured bedrock 

provides a means for increased fluid transmission through the subsurface, potentially 

resulting in higher mobility of pollutants (Wealthall et al., 2003). Creating models that 

accurately represent the possible flow networks requires information on both the fracture 

density (fractures per unit volume) and the fracture orientation (Witherspoon et al., 

1987). Using the predictive equations and analytical methodology from this dissertation 

to model variability in subsurface fracturing would aid in environmental remediation 

studies by providing highly accurate parameters for numeric models of fracture networks 

(Jardine et al., 1999), and would produce more accurate assessments of the hydraulic 
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conductivity and contaminate transport through an area of interest (Witherspoon et al., 

1987). 

 

4. Dissertation outline 

 This dissertation is composed of two primary manuscripts (Chapters 2 and 3) 

which contain the details of the statistical analyses, the results, and independent 

discussion sections. The first manuscript (O’Hara et al., 2017) presents a predictive 

model for fracture intensification domains. The main conclusions from this paper include 

the quantified positive covariance of FID width and average spacing with fault slip and 

the influence of lithology on the fault scaling relationship. The second manuscript defines 

FIDs using the new LPR/AIC method on cumulative fracture frequency data. This 

technique identifies cumulative frequency slope breaks, which are used to determine the 

width of the fracture zone. Chapter 4 presents an integrated discussion of the results from 

Chapters 2 and 3. Chapter 4 also outlines plans for future work that are specifically 

tailored to each manuscript goal. Proposed future work is focused on improving the 

analysis by introducing geologic diversity among new field locations and introducing 

additional statistical analyses to compare fracture datasets. Chapter 5 presents the overall 

conclusions of the dissertation. 
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CHAPTER 2: 

PREDICTING THE WIDTH AND AVERAGE FRACTURE FREQUENCY OF 

DAMAGE ZONES USING A PARTIAL LEAST SQUARES STATISTICAL 

ANALYSIS: IMPLICATIONS FOR FAULT ZONE DEVELOPMENT 

 

Abstract  

I introduce the partial least squares (PLS) statistical analysis that quantifies and 

predicts the observed relationships among normal fault slip, fracturing associated with the 

fault, and lithology. I describe the systematic process for constructing a multivariate PLS 

model that predicts the average fracture frequency and the width of fracture-dominated 

fault damage zones from fault, lithologic and fracture data.  Conversely, the model can 

also predict normal fault net slip for a defined lithology given the average fracture 

frequency and width of a fracture-dominated fault damage zone, hereafter defined as a 

fracture intensification domain (FID). Fracture, fault and lithologic data were collected in 

the Mohawk Valley of New York State from outcrops in the Upper Ordovician Utica 

Group and Lorraine Group. Data collection was focused on faults with observable slip, 

associated FIDs, and no observable lateral restriction. My statistical analysis used three 

variables to describe the geometry of the FID: FID width (FIDw), average fracture 

frequency within the FID (FIDƒ), and the power law regression exponent (FIDR) of the 

least squares trend line. I incorporated additional data from literature and tested multiple 

PLS models in order to refine the analysis using quality indicators provided by the PLS 

summary statistics output. Variables included in the final predictive model included 

FIDw, FIDƒ, fault slip, grain size and clay percent. Fault slip and grain size were found to 
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have a positive covariance with FIDw while clay percent had a negative covariance. Fault 

slip, grain size and clay percent all showed a negative covariance with FIDƒ. Results from 

this research indicate that increasing fault slip leads to wider FIDs and lower average 

fracture frequency within the FID. The lower average fracture frequency in wider FIDs is 

primarily attributed to an increase in the length of the low-frequency FID tail away from 

the associated fault. A possible secondary influence reducing fracture frequency is due to 

the progressive development of a fault core at the expense of the adjacent damage zone 

and the consumption of the highest-frequency fractures adjacent to the fault surface. 

 

1. Introduction 

Fracture system variations arise from diverse driving mechanisms including 

lithology (e.g., Childs, 2007; Lézin et al., 2009), pore fluid pressure (e.g., Lash and 

Engelder, 2009), tectonic history (e.g., Engelder and Geiser 1980; Geiser and Engelder 

1983; Zhao and Jacobi, 1997; Whitaker and Engelder, 2005), and local stress field 

deviations (e.g., Dyer, 1988; Rawnsley et al., 1992; Jacobi and Xu, 1998; Sagy et al., 

2001; Jacobi, 2002; Jacobi and Fountain, 1996, 2002; Lin et al., 2010). Fracture systems 

that develop in the perturbed stress fields around faults can display elevated frequency 

and increased complexity compared to regions outside the anomalous stress field. This 

anomalous fracturing, regarded as part of a fault damage zone (e.g., Savage and Brodsky, 

2011; Johri et al., 2014), has additional factors that affect their development such as fault 

type and net slip (e.g., Cowie and Scholz, 1992; Kim et al., 2004; Faulkner et al., 2010). 

Choi et al. (2016) advocated limiting qualitative descriptions of damage zones by 

integrating descriptive terminology, including fault core, and inner/outer damage zone 
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(e.g., Kim et al., 2004), with quantitative analyses that would improve comparisons 

among damage zone datasets. Choi et al. (2016) proposed defined the width of a damage 

zone by analyzing changes in slope of cumulative fracture frequency data. The present 

paper adds to the developing quantitative methodologies for damage zone analysis 

through the use of partial least squares (PLS) predictive modeling. 

The PLS method was chosen due to its ability to quantify the influence of 

individual predictor variables which may be correlated with one another, as has been 

established in several fields such as chemometrics (Kramer, 1998). In the case of this 

dissertation, testing multiple combinations of predictor and response variables provides a 

means of quantifying the influence of structural and lithologic variations on the width and 

average fracture frequency of fracture dominated fault damage zones (hereafter defined 

as fracture intensification domains, Jacobi and Xu, 1998; Jacobi, 2002; Jacobi and 

Fountain, 1996, 2002).  

Fracture intensification domains (FIDs) are fault-parallel zones defined by 

fracture set(s) with elevated fracture frequency compared to the fracture frequency in 

regions outside the FID (e.g., Jacobi and Xu, 1998; Jacobi and Fountain, 1996, 2002; 

Jacobi, 2002). Since faults are commonly located within, or adjacent to, the area of 

elevated fracturing, FIDs could be considered the fracture subset of fault damage zones 

(e.g., Choi et al., 2016). In the northern Appalachian Basin of New York State, the FID-

defining fracture set is commonly the master set, i.e., this set is the oldest set based on 

fracture abutting relationships and/or the cross-cutting sequence of veins (e.g., Hancock, 

1985), although some FIDs display fracture sets older than the defining high frequency 

fracture set.  The fracture set defining the FID is parallel to the FID trend in most of the 
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FIDs in the Devonian section of central and western New York State (e.g., Jacobi, 2007), 

whereas the defining fracture set of some FIDs is highly oblique to the FID trends in the 

Ordovician black shales in the Mohawk Valley region of New York State (e.g., Jacobi, 

2011). In this research, I only consider FIDs that are defined by fault-parallel fractures.  

Results from my analysis can be applied to modeling fluid flow in aquifers and in 

oil and gas reservoirs. Modeling fluid flow in fractured rock associated with faults can 

prove difficult if the fracture characteristics of fault-associated fractures are poorly 

known due to covered intervals or if the fault is only observed remotely, such as in a 

seismic reflection profile (e.g., Kearl et al., 1998; Abdelaziz and Merkel, 2012; Kumar, 

2012). The multivariate nature of fluid dynamics in fractured bedrock creates the need to 

quantify characteristics such as the width of fault damage zones and fracture frequency 

associated with the fault in order to produce more accurate models of the hydraulic 

system. The PLS model that I present can accurately predict the width of an FID and 

average fracture frequency for an area of interest if the fault throw, grain size, and clay 

content are known. Conversely, given the width of an observed fracture zone associated 

with a hidden fault and the average fracture frequency within the zone, the PLS analysis 

presented here can predict the net slip on the concealed fault. With the ability to calculate 

the width of intensely fracture bedrock associated with faults, improvements can be made 

to monitoring and remediation techniques for environmental scientists and modeling of 

hydraulic fracturing. 
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2. Geological Setting 

Fracture, fault, and lithologic data were collected in the Mohawk Valley, a region 

located generally south of the Precambrian crystalline rocks of the Adirondack 

Mountains and north of the Silurian/Devonian sedimentary rocks of the Catskill 

Mountains in New York State (Figure 1). In the Mohawk Valley field area, Ordovician 

black shale and overlying siliciclastic sediments were deposited over a Cambrian-

Ordovician carbonate bank along the Laurentian passive continental margin (e.g., 

Landing, 2012). The Mohawk Valley has traditionally been viewed as Taconic-aged 

(Ordovician) collisional foredeep, dominated by normal faults (e.g., Bradley and Kidd, 

1991, see review in Jacobi and Mitchell, 2002); although recent work suggests strike-slip 

and thrust movements have also occurred along the faults (e.g., Jacobi et al., 2015). 

 Events of the Ordovician Taconic orogeny reflect the initiation of a series of 

microcontinent/microcontinental-floored arc collisions with the eastern (present 

coordinates) margin of Laurentia, culminating in the collision of Laurentia and 

Gondwana during the Carboniferous/Permian Alleghanian orogeny (see review in van 

Staal et al., 1998; Hatcher, 2010). In New England, the Taconic continent-magmatic arc 

collision initiated about 520-505 Ma when the Iapetus Ocean began eastward subduction 

(Kim and Jacobi, 2002). The resulting Shelburne Falls arc (Karabinos et al., 1998; Kim 

and Jacobi, 2002; Macdonald et al., 2014) underwent peak igneous activity 

approximately at 480-470 Ma (Macdonald et al., 2014). Prior to the recognition of the 

Shelburne falls arc, the older eastward subduction models involved only one long-lived 

arc, the Bronson Hill arc, which lies east of the Shelburne Falls arc (e.g., Jacobi, 1981, 

Stanley and Ratcliffe, 1985; Bradley and Kidd, 1991). The more recent models suggest 
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that the Bronson Hill arc is younger than the Shelburne Falls arc (e.g., Karabinos et al., 

1998; Kim and Jacobi, 2002; Macdonald et al., 2014), and was generated from about 460 

to 445 Ma by westward subduction. Based on the earlier Taconic eastward (present 

coordinates) subduction tectonic models with a single Taconic arc, faulting in the 

Mohawk Valley region occurred when the Laurentian continental margin passed over a 

peripheral bulge and into the trench at 460-445 Ma (e.g., Jacobi, 1981; Stanley and 

Ratcliffe, 1985; Bradley and Kidd, 1991). In the more recent Taconic models with two 

arcs and westward subduction, the relatively late timing of the Mohawk Valley faults 

suggests they developed primarily during subsidence of a retroarc foreland coeval with 

late (460-445 Ma) Taconic westward subduction (Macdonald et al., 2014). This 

subsidence resulted from retroarc thrust loading (Macdonald et al., 2014), perhaps 

associated with flat slab subduction (Jacobi and Mitchell, 2016).   

 

3. Data Collection 

3.1. Outcrop Analysis 

Field work for the present research focused on locating outcrops proximal to the 

major fault trends (Fig. 1) in order to identify minor faults with observable displacements 

and zones of locally intense fracturing. Although data are biased toward minor faults, 

results of this analysis should apply to fault systems with larger magnitudes of slip due to 

the fractal scaling of faults and fractures for both general structural geology (Mitchell and 

Faulkner, 2009; Schueller et al., 2013) and specific fracture studies completed in New 

York State (e.g., Zhao and Jacobi, 1993; Xu et al., 1999; Jacobi and Baudo, 2000).  
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Data were collected from outcrops presented in Figure 1 (white circles) with 

lithologies ranging from black shales in the Flat Creek and Indian Castle formations of 

the Utica Group to interbedded shales and greywackes in the overlying Frankfort and 

Schenectady formations of the Loraine Group (e.g., Mitchell et al., 1994; Baird and Brett, 

2002). The outcrops used for this study are sufficiently separated (on the order of km) 

and the fault throws sufficiently small (on the order of a meter) that interference among 

fault stress fields is not an issue. 

 

Fig. 1. Geologic map of the Mohawk Valley with outcrop locations. Outcrop locations 

(white circles) are primarily located proximal to mapped fault trends within the 

Ordovician Utica and Loraine Groups. White boxes indicate outcrop locations with faults 

that are discussed in Figure 2 and Figure 15 (faults 1-3). After Isachsen and McKendree 

(1977), Fisher (1980), Bradley and Kidd (1991), Cross (2004) and Dicken et al. (2005).  

Outcrop characterization followed a set of standardized protocols. Suitable 

locations for analysis included faults with observable slip, planar fractures and FIDs. The 
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only faults with incontrovertible observable slip in the study area were 15 minor-throw 

normal faults, which I used for the PLS study. The faults I studied did not have 

observable lateral restrictions that might affect the scaling factors (e.g., Balsamo et al., 

2016). I collected fracture, fault and lithologic data along a scanline orthogonal to the 

fault surface (e.g., Terzaghi, 1965; Mauldon and Mauldon, 2001; Davy et al., 2006). Due 

to the limited pavement outcrop locations, values for FID width and fracture frequency 

were collected in a one dimension (P10) analysis (Dershowitz, 1985). Measured fracture 

characteristics include strike, dip, length, height, spacing, planarity, and relative timing 

relationships, lithology and bedding thickness. The site was imaged using a 1m by 1m 

scangrid if the scale of a pavement outcrop permitted (Jacobi and Zhao, 1996a). The 

resulting images were orthorectified and the individual fractures and faults were digitized 

from the image in Adobe Illustrator. Figure 2 provides an example of the style of faulting 

and fracturing in an outcrop at the contact of the Schenectady Formation and Utica 

Group. Faults observed in outcrop predominantly sustained normal dip slip movement 

inferred from drag folds in shale beds and vein-fill kinematic indicators (e.g., 

slickenfibers and rhombochasms). Fault heave and slip were calculated from measured 

bedding displacement along the fault and fault dip.   
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Fig. 2 Typical FID fracture patterns in the Mohawk Valley region of New York State. 

Panel A depicts the location of an FID in map view along an observed normal fault in the 

Ordovician Schenectady sandstone. The fault strike 30º, dips 81º NW, and has 

approximately 0.2 m stratigraphic throw. Inset in Panel A displays a scan grid mosaic 

across the fault zone. The red line indicates the position of the fault. Panel B is a photo of 

the same fault, looking southwest at the fault surface and associated fractures. The 

highlighted region outlined in red indicates the fault surface at a slightly oblique view to 

the camera. Location of outcrop indicated by square labeled “Fig. 2” in Figure 1. Osc = 

Schenectady Formation Ou=Utica Group. For location of outcrop, see Figure 1. 
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3.2. Field Data Reduction and Analysis 

The first step in the data reduction process is to determine true fracture frequency 

measurements if the scanline technique was used (Terzaghi, 1965; Priest and Hudson, 

1981; Mauldon and Mauldon, 1997; Mauldon et al., 2001; Davy et al., 2006).  The 

reduction process corrects for any scanline spacing measurements not taken orthogonal to 

the fracture set.  The technique utilizes the trigonometric relationship between the 

orientation of the scanline and the strike of the intersecting fractures. Once all fracture 

frequency measurements are corrected, the FID width is determined. I use the cumulative 

fracture frequency and slope break method to more accurately and reliably calculate the 

FID boundary location (Berg and Skar, 2005; Darcel et al., 2012, 2013; Choi et al., 

2016). An example of the cumulative fracture frequency for a scanline and calculated 

FID boundaries are illustrated in Figure 3. The slope break can be defined where the 

cumulative frequency switches from a steep to shallow trend. Variations in slope and 

slope breaks are used to differentiate the FID fracture frequency from the background 

frequency. After the width of an FID is determined, the average fracture frequency for the 

defined FIDw is calculated. Next, I fit a power law regression to the fracture frequency 

values that decline away from the fault within the FID. The power law exponent from the 

equation defining the best fit line can then be incorporated into the statistical analysis. 

This process produces the three dependent variables that are modeled using the PLS 

method. Additionally, lithologic data for each FID were incorporated into this study to 

improve the predictive power of the statistical analysis. Figure 4 plots the complete 

dataset in terms of fault slip magnitude and FID width from my field work combined 
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with data from published literature. Figure 4 illustrates the well-documented  positive 

correlation between fault slip and FID width. 

  

Fig. 3. Example of the slope-break method used to determine FID width.  The analysis is 

performed on fracture-frequency data along a scanline that crosses an observed fault in 

outcrop (Fig. 2). A zone of elevated fracture frequency indicates a potential fracture 

intensification domain (FID). The changes in slope on the cumulative fracture frequency 

plots define the boundaries of the FID. This example is from site 1 (Figure 2). 
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Fig. 4. The dataset used to create the PLS model in the present study. Combined field and 

literature data show the positive correlation between the magnitude of fault slip and FID 

width. Dispersion in the positive correlation is significantly reduced when clay content 

and grain size are introduced as controlling variables (see text for further discussion). 

 

4. Partial Least Squares Statistical Analysis 

 The partial least squares (PLS) statistical analysis, developed by Wold (1966), 

provides a means of determining the significance of collinear variables that influence FID 

development and produces a predictive model that quantifies FID geometric variations. 

Statistical analysis of the fault/fracture system was accomplished using the Excel add-on 

software XLSTAT (see Appendix A). The PLS method differs from other techniques, 

such as a principal component analysis (PCA), where the variable reduction process only 

produces components that explain the variations in X (the matrix of predictor variables; 

Garthwaite, 1994). The principal components calculated from a PCA are not calculated 

with respect to the Y matrix of response variables, limiting the predictive power of a 

principal component regression (Garthwaite, 1994; Maitra and Yan, 2008). A PLS 
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analysis is more appropriate when making predictions from a large number of variables 

because it combines the modeling power of a linear regression with the variable reduction 

processes of a PCA (Abdi, 2010). The ability of the PLS method to produce significant 

models from relatively small data sets as compared to the number of variables 

(Hoskuldsson, 1988) is particularly attractive in the case of this dissertation due to the 

high number of variables and the relatively low number of data points for each variable. 

4.1. Partial Least Squares Model Construction 

I focus my PLS analysis on FID width (FIDw), average fracture frequency within 

the FID (FIDƒ) and the power law decay exponent of the regression equation defining the 

fracture frequency decay away from the fault (FIDR). Values for FIDƒ are calculated by 

taking the inverse of the spacing orthogonal to FID-defining, fault-parallel fractures 

within the FID. These values are then averaged. If a fault is observed in association with 

an FID, then a power law regression can be fit to the fracture frequency that declines 

away from the fault, providing a power law decay exponent value (FIDR).  Using data 

from 15 faults with assocated FIDs and previouse fault damage zone research, the PLS 

model construction quantifies the relationships among FID geometry (FIDw, FIDƒ, and 

FIDR), lithology and magnitude of net fault slip.  

Predictor variables used to construct the PLS analysis include fault slip (with 

additional analysis including heave and throw), fracture height, mineralogy, and grain 

size. These variables are tested for significance using the quality indicators calculated 

during the PLS analysis. Fault influences on FID formation are the primary concern of 

this research. Lithologic and fracture characteristics are used to normalize comparisons of 

FID characteristics between outcrops. For the models presented here, data collection 
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focuses on minor normal faults with no apparent oblique slip and no lateral restrictions. 

Table 1 presents the structural and lithologic variables used to construct the PLS models. 
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Table 1. Structural and lithologic data from outcrop analysis in the Mohawk Valley and 

previous fault damage zone studies. Average mineralogy for the Utica and Schenectady 

units in the field area were taken from Thériault (2012). The statistical analysis uses 

multiple variable combinations and variable subsets to create several PLS models which 

are compared during the model selection process (see text for further discussion).  

4.2. PLS Model Selection 

 Integration of fracture spacing and FID analyses introduces multiple variables 

which influence the ability of the PLS model to make accurate predictions of FIDw, FIDƒ, 

and FIDR. The results of a PLS analysis provide summary statistics that allow the 

operator to assess the quality of the model. Model selection is an iterative process 

wherein the preliminary models potentially can be improved by removing variables with 

low quality or improved by adding new variables to the PLS analysis. This process of 

exploratory statistics is illustrated in a workflow diagram in Figure 5. The first quality 

indicator provided by the PLS analysis is the variable importance in the projection (VIP). 

VIPs are used to compare the relative significance of contributions from individual X 

variables to the prediction of Y variables in the PLS model projection (Fig. 6). Variables 

with VIP values above the threshold of one indicate a relatively greater contribution of 

information to the projection than variables with VIP values closer to zero.  
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Fig. 5. Workflow for a PLS statistical analysis of a generic multivariate dataset. The PLS 

analysis begins with the organization of an initial set of x predictor variables. Testing 

multiple combinations of variables produces unique PLS models with a range of 

predictive power.  Quality indicators determine variables for elimination from subsequent 

iterations with the goal of improving the predictive power of the final PLS model.  

 

Fig. 6. Variables of importance in the projection (VIPs) and quality indicators for the first 

PLS model. A VIP is calculated for each variable used in the analysis in order to compare 
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their relative importance in the model. Variables with larger VIP values indicate higher 

importance in the model than those variables with values lower than 1. Whiskers for each 

bar quantify the standard error (standard deviation of the sampling mean) associated with 

each variable and provides a method to determine significance. Variables are considered 

significant if the error bars (whiskers) exclude zero. R2Y and R2X quantify the amount of 

variance that is explained by the loading vectors for X and Y (see text for details). The 

VIPs are part of a two component (comp1 and comp2) PLS model. The first component 

is the loading vector that captures the most variation in Y and the second component, 

projected orthogonal to the first, is a loading vector that captures the remaining variance 

in that direction. 

Following an assessment of the VIPs, the Q2 value is used to quantify the overall 

predictive quality of the PLS model. The Q2 value is equal to 1 minus the ratio of the sum 

of squares of the prediction error and the total sum of squares (Cruciani et al., 1992). The 

sum of squares of the prediction error quantifies the distance between the predicted value 

for a variable and the actual value, providing an estimate from how well the PLS model 

can make predictions while the total sum of squares quantifies the difference between a 

single response variable value and the mean of the response variable. Q2 values range 

between 0 and 1 with values closer to 1 indicating that the model will make more 

accurate predictions of the Y response variables. The predictor and response variables 

also have separate correlation coefficient values, R2Y and R2X, which quantify the 

amount of variance that is explained by the latent structure. In a PLS analysis, I am most 

concerned with maximizing the explained variance in Y, accomplished by rotating the 

loading vector through the multivariate data set. Therefore, R2Y closest to 1 produces a 
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comparatively more accurate prediction of FID variables. The R2X value does not 

necessarily need to be maximized to produce a significant model, but a large discrepancy 

between R2X and R2Y may indicate that there are predictor variables included in the 

model that are not correlated to Y variations. In the example of a two component PLS 

model (comp1 and comp2) shown in Figure 6, the first component is the latent structure 

that captures the most variation in Y and the second component, projected orthogonal to 

the first, captures the remaining variance. This model presents the first quantified results 

in a sequence of iterations in the PLS analysis process. The quality of the first model can 

be considered to be poor based on the low Q2 (0.277) and R2Y (0.420).  

Beta coefficient weights can be included to identify the amount of influence 

which the individual variables have on the variation in the response variables. Larger beta 

coefficient weights will have more influence on the variation in the response variables 

compared to smaller coefficient weights (Figs. 7 and 8). VIPs can also be paired with the 

beta coefficients to determine potential variables that can be dropped from the model. 

Variables with both relatively low VIPs and relatively small beta coefficients can be 

considered for exclusion from the analysis. VIP and beta coefficient error bars must also 

exclude zero to be considered significant.  

Analysis of the model quality using VIP values does not take into account 

potential biases that may be hidden in the data.  The importance of a variable in the 

model may be due partly to the relative abundance of the variable in the data set. The 

abundance factor can be minimized by choosing variables common to all of the 

geological settings in question. Biases in the importance of variables may also occur due 

to the scale of the data wherein larger values are found to have greater importance in the 
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projection.  This bias is reduced by standardizing the data prior to the analysis.  

Additionally, my PLS analysis attempts to only model fracture sets that exhibit frequency 

intensification proximal to faults, excluding background fractures that would contribute 

noise to the predictive model. This results in the incorporation of fracture data exhibiting 

a power law decay perpendicular to a fault surface when graphed.  

Figure 6 presents the VIPs of the first PLS model and provides a comparison of 

the relative importance of each independent variable. VIPs in Figure 6 suggest that fault, 

mineralogy and grain size are the most important variables in the projection while 

fracture height is the least important. The following sections present results from the 

iterative model selection process that begins with results from the first PLS model. After 

reviewing the predictive limitation of the first model, a second set of variable 

combinations are presented and discussed in the second PLS model. Finally, variables in 

third PLS model are discussed and in turn, used for the final predictive model. This 

sequence illustrates the method by which initially poorly constructed models may be 

improved using the PLS quality indicators, resulting in a PLS model capable of make 

realistic predictions.  

4.3. Selection of Predictor Variables for PLS Model 

 Construction of the PLS model relies on the quality measures which identify 

predictor variables that have a significant contribution to the variance. Figures 7 and 8 

present the standardized coefficient results for FIDw and FIDƒ (respectively) from the 

preliminary PLS. Variables are considered for elimination from the model if they have 

low coefficient weights, large error bars, and low VIPs. 
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Fig. 7. Standardized beta coefficients used to predict FIDw from the first PLS model. 

Coefficient weights are represented by the bar graph with higher values indicating a 

greater influence in the model equation. Positive beta coefficients indicate a positive 

covariance between the predictor and response variables and vice versa. Variables are 

considered significant if the error bars (whiskers) exclude zero. Quality measures are the 

same as those in Figure 6. 
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Fig. 8. Standardized beta coefficients used to predict FIDƒ from the first PLS model. 

Beta coefficient weights are represented by the bar graph with higher values indicating a 

greater influence in the model equation. Positive beta coefficients indicate a positive 

covariance between the predictor and response variables and vice versa. Since variables 

are considered significant only if the error bars (whiskers) exclude zero, the apparently 

poorly constructed X and Y matrices in this first PLS model were revised and rerun as the 

second PLS model summarized in Figures 9, 10, and, 11 (see text for details). Quality 

measures are the same as those in Figure 6. Cal = calcite/carbonate and Qtz = quartz.  

Fracture height has been demonstrated to control joint spacing and was 

incorporated into this analysis to test its significance in faulted systems as a 1D proxy for 

fracture size and a crude proxy for the variance in energy release (Griffith, 1920; Hobbs, 

1967; Gross et al., 1995; Bai et al., 2002). However, Figure 6 suggests that fracture 

height is the least important variable in the model based on the relatively low VIP value. 

Fracture height beta coefficients in both figures 7 and 8 are relatively small with error 

bars containing zero, contributing to the poor model quality. Recognition of the actual 
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fracture height in poor outcrop is difficult and may have contributed to low quality 

indicator values. These factors informed the decision to drop the fracture height variable 

from the predictive model.  

 Lithology has been documented to contribute to the variations in FIDw and FIDƒ 

(e.g., Childs, 2007; Lézin et al., 2009; Rustichelli et al., 2013). In this study, I used 

multiple mineralogical values during the model construction process, including individual 

quartz, clay and calcite percentages. The mineralogical values used in the analysis 

presented in Figure 6 utilized ratios of brittle to ductile minerals. The ratios of brittle and 

ductile minerals created a split between the importance of quartz and calcite, as indicated 

by the two unique VIP values (Fig. 6). The disparity in the variable importance between 

the ratios can be attributed to the data set containing more carbonate-rich lithologies, 

thereby creating an observation bias in the data. Since the ratios also produced poor, non-

significant coefficients for both FIDw and FIDƒ, a different quantitative representation of 

the lithologic data was chosen. For the final model, clay percent was selected as the main 

variable contributing the FID variations. Average mineralogy for the Utica and 

Schenectady units were taken from Thériault (2012) with additional clay percentages 

taken from Childs et al. (2007) and Shipton and Cowie (2001). 

 Grain size was the second lithologic factor considered in this study. For the 

approach of my modeling, I assume grain size at the time of fracturing is grossly equal to 

the grain size in present day lithified rock types due to the relatively shallow maximum 

depths (2 to 3 km) of compaction related grain size reduction (Bjørlykke, 1998; Fawad et 

al., 2011) as compared to the initiation of brittle fracturing and faulting (2 to 4 km) 

(Hoshino et al., 1972; Davatzes et al., 2002; Lash et al., 2009). My results agree with 
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previous studies that have shown fracture frequency increases with deceasing grain size 

(e.g., Lézin et al., 2009; Rustichelli et al., 2013). VIPs for grain size indicate that the 

variable contributed significant information to the model. Grain size produced a positive 

covariance with the dependent variables in the first PLS model but was only found to be 

significant for FIDw (Fig. 7 and 8). This variable was incorporated into later models due 

to its relatively higher VIP value.   

 Fault slip magnitude in the first PLS model was separated into throw and heave 

(Figs. 6, 7 and 8). Fault throw VIP (Fig. 6) was the most important variable in this 

analysis and had the largest significant beta coefficient correlated to FIDw (Fig. 7). Fault 

heave was less significant in the projection and had a lower significant beta coefficient 

used in the FIDw predictive model. Both fault variables were not significant in the FIDƒ 

predictive model (Fig. 8). The discrepancy between throw and heave could be attributed 

to the fact that measurements were taken on high angle (dip greater than 80 degrees) 

normal faults where throw is the largest contributor to slip.  Later models combined fault 

throw and heave into a single fault slip value using the cosine of the fault surface dip 

angle and magnitude of vertical displacement measured in outcrop. 

4.4. Correlation of Independent and Dependant Variables in PLS Model        

Primary variables used to describe FID characteristics in the first PLS model 

include FIDw and FIDƒ. Additional PLS analyses were performed, incorporating FIDR to 

determine if different variable combinations would produce significant results. Model 

parameters from the three dependent variable construction are presented in Figs. 9, 10 

and 11. Correlation coefficients and VIPs for the second PLS model indicate that all 

variables are relatively important in the projection (Fig. 9). The overall quality of the 
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second PLS model is relatively low, however, based on the Q2 of 0.334. The second PLS 

model again produced significant coefficients for FIDw, but has a reduced fault slip beta 

coefficient (Fig. 10) compared to the first PLS model. FIDƒ beta coefficients in Figure 10 

show an improvement compared to the first PLS model in figures 6, 7 and 8 except for 

clay percent which is not significant. Modeled results for FIDR suggest that fault slip and 

grain size are not significantly correlated to FIDR (Fig. 11). The significant correlation of 

clay percent may indicate that FIDR reflects variations in mineralogy and not fault slip 

magnitude, but the model Q2 value of 0.334 (Fig. 9) indicates that my models cannot 

distinguish between these two alternative controls. The lack of fault slip correlation with 

FIDR is in agreement with the current understanding that no significant covariance exists 

between fault slip and power law decay exponent for fracture frequency (Savage and 

Brodsky, 2011). 

Fig. 9. VIPs and correlation coefficients produced from incorporating FIDR into the 

modeling process. Variables are significant in the projection but the quality of the overall 
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model is poor (Q2 0.334). Variables are considered significant if the error bars (whiskers) 

exclude zero. 

 

 

Fig. 10. Standardized coefficients for FIDw and FIDƒ from the second PLS model based 

on the variables presented in Figure 9. Variables are considered significant if the error 

bars (whiskers) exclude zero. 

 

 

Fig. 11. Power law decay coefficients from the second PLS model based on the variables 

presented in Figure 9. Statistical analysis indicates no significant relationship exists 

between dependent and independent variables excluding clay percent.  Variables are 

considered significant if the error bars (whiskers) exclude zero. The negative correlation 
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with clay percent is rejected based on the low Q2 (0.334) and poor overall quality of the 

model. 

Several subsequent iterations resulted in the third PLS model, a five component 

system including FIDw, FIDƒ, fault slip, clay percent, and grain size (Figs. 12 and 13).  

The third PLS model is presented as the final predictive model and is used to interpret the 

relationships among the variables. Review of the beta coefficients and VIPs suggest a 

complex interplay between variables in the statistical analysis (Fig. 12 and 13). FIDw has 

a positive correlation with fault slip and grain size and a negative correlation with clay 

percent (Fig. 13). FIDƒ has a negative correlation with all three predictor variables (Fig. 

13).  Modeled results for FIDw and FIDƒ also show a negative correlation with each other 

and fault slip. The final model suggests that increasing fault slip will lead to wider FIDs 

and lower average fracture frequency. Coarser grained lithologies will produce wider 

FIDs and lower average fracture frequency for the same fault slip. Higher clay content 

will produce narrower FIDs and lower average fracture frequency. Results from the final 

model can be described by equations 1 and 2. 

 

LOG10FIDw = 1.66 + 0.44 X LOG10fault slip - 0.46 X LOG10clay % + 0.50 X LOG10grain size        (1) 

LOG10FIDƒ = 1.39 - 0.12 X LOG10fault slip - 0.047 X LOG10clay % - 0.036 X LOG10grain size      (2) 

 

 Modeled FIDw and FIDƒ for average sandstone, siltstone and shale lithologies (Table 1) 

are displayed in Figure 14. The graphs in Figure 14 predict FIDw (Fig. 14A) and FIDƒ 

(Fig. 14B) based on fault slip for a given lithology. Conversely, if the FID fracture 

frequency or width is observed in outcrop, the magnitude of the associated fault slip can 



36 

 

be estimated from the graphs. The model regression lines also indicate lithologic 

variations have a greater influence on FIDw variations than FIDƒ. 

  

Fig. 12. VIPs and correlation coefficients produced from the third PLS model which 

produced the variable combinations used in the final predictive model. Variables are 

considered significant because error bars (whiskers) exclude zero and the overall model is 

significant (Q2 0.615). 

 

 

Fig. 13. Variable beta coefficients for the third (final) PLS model indicating significant 

results (error bars excluding zero). Fault slip is the most significant variable in the model 

with lithology acting as a secondary influence.  
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Table 2. Representative fault slip and lithologic values used to calculate example 

response variables from the final PLS model.  

 

 

Fig. 14. Modeled regression lines used to predict FIDw (A) and FIDƒ (B) for average 

sandstone, siltstone, and shale. Note that panel A is in log-log, and that the maximum 

FID width generally reaches a maximum of about ~150 - 200m. Mean squared error 

(MSE) is graphed for each modeled regression in panel A and the maximum and 
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minimum MSE is graphed in panel B due to overlap among the regression lines. Modeled 

values presented in Table 1. 

 

5. Discussion    

In order to produce a PLS model capable of making accurate predictions of FIDƒ, 

FIDw, and FIDR, multiple predictor variables were used in the statistical analysis process 

including fault slip, fracture height, grain size and mineralogy. After the PLS analysis 

was completed, the predictor variable, fracture height, and response variable, FIDR, were 

dropped from the final model due to poor quality indicators. Initially, fracture height was 

included as a potential predictor variable in the model due to its control on joint spacing 

in structurally simple regions (e.g., Hobbs, 1967; Ladeira and Price, 1981; Huang and 

Angelier, 1989; Gross et al., 1995; Bai et al., 2002). Maximum fracture heights within the 

stratigraphic section are defined by their mechanical units, packages of rocks with similar 

rheologies (Gross et al., 1995; Rijken and Cooke, 2001; Bai et al., 2002). In these layered 

sedimentary systems, fracture spacing was found to vary positively with fracture height 

(Nur, 1982; Rabinovitch and Bahat, 1999). The height/spacing relationship exists due to 

fracture height defining the area of strain release around the fracture (i.e., strain shadow) 

in which new fractures cannot form or are less likely to form (Hobbs, 1967; Nur, 1982; 

Gross et al., 1995; Rabinovitch and Bahat, 1999; Bai et al., 2002). However, researchers 

have suggested that the strain shadow width around a fracture could approach zero under 

high-stress conditions (Priest and Hudson, 196l; Rabinovitch and Baht, 2001). I 

hypothesize that the high-stress conditions experienced in faulted outcrops reduce the 
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strain shadow around fractures, minimizing the influence of fracture height within the 

FID to a non-significant level.  

The power law decay exponent (FIDR), defining the decay rate from the high 

fracture frequency peak to the low background fracture frequency, produced the lowest 

quality measures of the three response variables. It has been suggested that the exponent 

defining the fracture frequency decay away from the fault is not directly correlated to 

fault slip; rather, faults with slip values greater than ~150 m have average decay 

exponents of 0.8 and slips less than 150 m have an average exponent of 0.6. (Savage and 

Brodsky, 2011; Johri et al., 2014). Results from the second PLS model are consistent 

with the data presented in Savage and Brodsky (2011), but I interpret the variation in 

FIDR to be more dependent on mineralogy than fault slip. This proposed relationship is 

based on a stronger beta correlation of FIDR with clay percent, a relatively higher clay 

percent VIP, and a significant beta coefficient for clay percent (error bar excluding zero) 

in the second PLS model (Figs. 9, 10 and 11).  The second model, however, did not 

produce the desired predictive qualities for the FID characteristics as indicated by the 

relatively low Q2 (0.334) in Figure 9.  For this reason, FIDR was excluded from the third 

PLS model.   

The weak correlation of FIDR with fault slip suggests that a fault can retain a 

single decay exponent throughout its development by increasing the width of the low 

frequency tail of the FID. Figure 15 presents multiple FID regression curves with similar 

power coefficients (-0.4657, -0.4865, -0.5331, -0.6063) illustrating the lengthening of the 

FID tail that is associated with increasing fault slip magnitude.   
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Fig. 15. A graphical example of power law regression curves calculated for FID fracture 

frequencies associated with three different faults (location of faults 1-3 shown in Figure 

1). Each curve is truncated at the boundary between the FID and background frequency. 

Curves are defined by similar decay exponents and exhibit a lengthening of the low 

frequency tail as fault slip magnitude increases. The highest value for peak fracture 

frequency is associated with lowest value for net fault slip in this example (note break in 

y axis between 100 m-1 and 200 m-1).      

Average fracture frequency within the FID is also dependent on the peak fracture 

frequency adjacent to the fault surface. Savage and Brodsky (2011) have suggested that 

the peak fracture frequency increases with fault slip for siliciclastic rocks. In this study, I 

found no such relationship. In fact, faults with the highest slip magnitude produced some 

of the lowest fracture frequency peaks. Because of this discrepancy, it is difficult to 

determine whether or not peak fracture frequency plays a significant role in average 

fracture frequency variation. Fracture frequency is also influenced by the development of 

fault cores that can cannibalize fractures in the highest frequency zone due to the 
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initiation of brecciation and cataclasis (e.g., Joussineau and Aydin, 2007; Mitchell and 

Faulkner, 2009). The progressive fragmentation and diminution of fracture spacing below 

the limit of field resolution results in the incorporation of the FID/fault damage zone into 

the fault core, effectively decreasing the average fracture frequency of the remaining FID. 

The model of peak fracture frequency cannibalization is consistent with my results that 

indicate a negative covariance between FIDƒ and FIDw. The small-throw fault damage 

zones in my field area lack well developed fault cores, which suggest that this process of 

fracture cannibalization initiates as the fault zone matures. The growth of the low-

frequency tail and the loss of high-frequency fractures to the formation of the fault core 

are presented schematically in Figure 16.  Fault development processes presented in 

Figure 16 eventually culminate in the creation of a traditionally defined fault core/fault 

damage zone boundary. 

 

Fig. 15. A graphical example of power law regression curves calculated for FID fracture 

frequencies associated with three different faults (location of faults 1-3 shown in Figure 
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1). Each curve is truncated at the boundary between the FID and background frequency. 

Curves are defined by similar decay exponents and exhibit a lengthening of the low 

frequency tail as fault slip magnitude increases. The highest value for peak fracture 

frequency is associated with lowest value for net fault slip in this example (note break in 

y axis between 100 m-1 and 200 m-1).      

Lithologic variables used in this study that produced significant correlations with 

FIDƒ and FIDw include clay percent and grain size. Clay percent contributes to the 

variations in shear modulus and overall competence of the unit. Laboratory tests of 

brittle/ductile layered media provide evidence that brittle units become intensely 

fractured at strain rates of 3.6 ×10-5s-1 to 7 ×10-3s-1 (e.g., Sagy et al., 2001) whereas more 

ductile units such as shale do not respond with the same high-frequency fracturing. In 

carbonate systems, lithologies containing a higher percentage of ductile (clay) minerals 

will result in more widely-spaced fractures than the units containing a higher percentage 

of brittle (quartz/calcite) minerals for units with similar thickness (Lézin et al., 2009). In 

addition, lithology will influence the formation of fault damage zones wherein formations 

with less brittle, more clay-rich units will develop narrower damage zones (FIDw) than 

more competent units, all other factors being equal (e.g., Sagy et al., 2001; Childs, 2007). 

The results of the present study are consistent with this research in that the more brittle 

units (sandstone), containing a lower clay content, respond to stress with a higher fracture 

frequency and wider FID than less competent, more ductile clay-rich layers.  

Grain size is the second lithologic factor contributing to the variation in FIDƒ and 

FIDw. I reason that the influence of grain size on fracture frequency is related to the 

uniaxial compressive strength of the mechanical unit experiencing brittle failure. For a 
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given lithology, finer grain sizes produce higher uniaxial compressive strength values as 

compared to their more coarse-grained counterparts (Fahy and Guccione, 1979). 

Additionally, quantitative analyses demonstrate that the increase in uniaxial compressive 

strength correlates with elevated fracture frequencies (Rustichelli et al., 2013). Koncagul 

and Santi (1999) suggested that the greater compressive strength of fine grained 

lithologies is due to the increased number of gain boundary contacts distributing the 

compressive load over a larger surface area, resulting in higher fracture frequencies. The 

model I propose agrees with previous work (e.g., Lézin et al., 2009; Rustichelli et al., 

2013) and presents new model equations quantifying the relationship between larger 

grain sizes and lower fracture frequency in sandstone/siltstone units. Results from the 

analysis of grain size and percent clay suggest that relatively brittle units that have low 

clay content and a smaller grain size will lead to higher average fracture frequencies 

within FIDs than coarse grained units of equivalent mineralogy. Results from the 

lithologic analysis may also account for some of the dispersion seen in fracture frequency 

for fracture sets with the same height and bedding thickness (e.g., Ladeira and Price, 

1981). For fractures forming in a carbonate sequence with no observed faulting, Young’s 

modulus and grain size were found to explain 63.8 percent of the variation in fracture 

frequency (Lézin et al., 2009). The decrease in the spacing between each fracture in the 

FID due to decreasing grain size will effectively narrow the overall width of the FID. 

The influences of fault slip and lithology on FID width and fracture frequency, as 

developed in this research, are summarized in a conceptual block diagram (Fig. 17). 

Figure 17 uses a comparison of fracture characteristics in sandstone and shale to illustrate 

the complex relationship that arises between FIDƒ and FIDw, which can be attributed to 
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the unique coefficient weights in each model equation. Average sandstones have larger 

grain sizes and lower clay content than average shale. These variables both contribute to 

the overall widening of the FID. In contrast, clay content and grain size have opposing 

effects on FIDƒ. An increase in grain size leads to a decrease in the average fracture 

frequency. However, transitioning from shale to sandstone decreases clay mineralogy 

percent, which should lead to an increase in the fracture frequency. The final model (Fig. 

12, 13 and 14) shows that grain size has a greater influence than clay mineralogy content 

on fracture frequency variations. In the conceptual example (Fig. 17), the fracture 

frequency will decrease when transitioning from shale (on the left) to sandstone (on the 

right) due to increasing grain size, but will not decrease to the maximum extent due to the 

opposing effects of lowered clay content. 

 

Fig. 17. Block diagrams representing FIDs surrounding normal faults. Fault slip increases 

from the top panels to bottom panels. FID width increases with increasing fault slip while 
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average fracture frequency decreases. Lithology changes from left to right (see text for 

further discussion).  

 

6. Conclusions  

Using a PLS statistical analysis, this project quantifies the variability in FID width 

and average fracture frequency as a function of fault slip and lithology. I found that by 

testing multiple PLS models with unique variable combinations, the model could be 

refined by eliminating variables that did not produce relatively high quality measures 

(e.g., fracture height and FIDR). The process of selecting variables based on the PLS 

quality indicators led to an overall improvement in the predictive accuracy of the final 

model. Results from the PLS model indicate that increasing fault slip leads to wider FIDs 

and lower average fracture frequency within the FID. From the PLS models, I developed 

equations that predict FIDw and FIDƒ based on fault net slip, grain size and clay percent 

predictor variables. The graphical results of these equations can also be used to determine 

FIDw and FIDƒ for average sandstone, siltstone, and shale, based on the fault slip 

magnitude. Conversely, the fault magnitude can be estimated from observed FIDw and 

FIDƒ in average sandstone, siltstone, and shale. The lower average fracture frequency in 

wider FIDs is primarily attributed to an increase in the length of the low-frequency FID 

tail away from the associated fault (Figure 15) with a possible secondary influence due to 

progressive development of a fault core at the expense of the adjacent damage zone and 

the consumption of the highest-frequency fractures adjacent to the fault surface.  

In summary, the present PLS analysis demonstrates that the average fracture 

frequency within an FID varies inversely with fault slip, clay content, FID width, and in 
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siltstones/sandstones, matrix grain size; FID width varies directly with net fault slip.  The 

predictable nature of these relationships allows estimation of the FID width and fracture 

frequency in covered intervals from fault net slip if the slip can be inferred from seismic 

reflection profiles or other means. Conversely, for a given grain size and clay content, the 

fault net slip can be estimated from the FID width unit.   
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CHAPTER 3: 

QUANTIFYING FRACTURE FREQUENCY VARIATIONS USING LINEAR 

PIECEWISE REGRESSION AND THE AKAIKE INFORMATION CRITERION: 

STRAIN LOCALIZATION CONTROLS ON THE DEVELOPMENT OF FAULT-

FRACTURE SYSTEMS 

 

Abstract 

I present a statistics-based methodology for analyzing fracture frequency variations using 

a linear piecewise regression (LPR) analysis and the Akaike information criterion (AIC). 

The LPR/AIC technique can accurately calculate the width of fault damage zones by 

fitting multiple slope segments to cumulative fracture frequency (CFF) data. This 

analysis suggests that fractures with higher frequency overprint the pre-existing 

background fractures during strain localization. Fracture and fault data were collected 

from 38 sites in the Ordovician Utica black shale and overlying clastics in the Mohawk 

Valley, New York State. A total of 3678 fractures and veins were measured using 

scanline, scangrid, and abbreviated methods. I utilized the piecewise function in the R 

package, “Segmented”, to perform the calculations for the LPR/AIC analysis. 

Additionally, individual CFF slopes were reorganized as new, standalone datasets, and 

replotted to analyze potential clustering of segments. Average slopes and ranges for each 

group of linear segments produced three discrete CFF slope intervals that I use to classify 

background fracture frequency, intermediate fracture intensification domains, and core 

fracture intensification domain (FID) frequencies. Background frequencies are defined by 
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an average CFF slope of 4.6 and an average fracture frequency of 2.4 fractures/m. 

Intermediate FID frequencies have higher CFF slopes of 109.7 and a higher average 

fracture frequency of 12.3 fractures/m. Core FIDs (including fractures in fault damage 

zones) are defined by the highest average CFF slope of 2208.2 and highest average 

fracture frequency of 44.6 fractures/m. The changes in slope among the CFF intervals 

differentiate damage zone fractures from the background fracture set. The three CFF 

slope intervals are hypothesized to represent multiple strain localization events. Each 

successive overprinting event results in a reduction in the active fracture zone width and 

an increase in fracture frequency, concluding with the formation of a fault surface. 

 

1. Introduction 

Fracture frequencies at surface outcrops and at reservoir depth vary due to a 

combination of geologic influences including: fracture height (Gross et al., 1995; Rijken 

and Cooke, 2001; Bai et al., 2002), thermal maturity as a function of depth (Lash and 

Engelder, 2009), far field stress (Engelder and Geiser, 1980), lithology (Lenzin et al., 

2009) and magnitude of fault slip (O’Hara et al., 2017). Fracture frequency has 

traditionally been used to differentiate fault damage zones (FDZ)/fracture intensification 

domains (FID) from background fracture sets (i.e. Jacobi and Xu, 1998; Jacobi, 2002; 

Johri and Zoback, 2014). Transforming fracture frequency into cumulative fracture 

frequency (CFF) permits identification of significant changes in slope that represent 

potential fracture frequency boundaries. Additionally, quantitative analyses using CFF 

promote the recognition of additional fracture domains within an FID, such as the 

transition zone of Berg and Skar (2005), which is located between the intensely fractured 

bedrock and background fracture frequencies. This study improves upon the CFF solution 

https://docs.google.com/document/d/1-NfiDJkj3POC8EwxmQ0I6t_nTd1NFsj2YMg3thpOuG4/edit?ts=5aa35929#heading=h.4d34og8
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for defining fracture frequency boundaries (O’Hara et al., 2017) by implementing a linear 

piecewise regression (LPR) analysis and the Akaike information criterion (AIC) for 

selecting the regression model with the optimal number of segments for CFF data. The 

statistical analysis presented in this paper uses the software “R” and the package 

“Segmented”, which provides a robust and repeatable method of defining boundaries in 

CFF data by calculating changes in slope. Additionally, I discuss the variations in 

fracture frequency, categorize FIDs into subtypes, propose possible mechanisms of 

formation for each fracture frequency subtype and define cumulative frequency slope 

intervals for core FID (FIDc), intermediate FID (FIDint), and background fractures. 

Finally, I present a conceptual model of fault initiation and fracture intensification that 

incorporates the principles of the strain localization hypothesis for FDZ development 

(e.g., Frost et al., 2009). 

Results from the piecewise analysis produced four FID subtypes: normal fault slip 

induced FID, compound FID, generic FID, and isolated FID. FID subtypes form due to 

variations in driving mechanisms including: slip on a single normal fault surface, slip 

across multiple fault surfaces, distance to fault surface, and fracture formation around 

fault-related structures like folds. Additionally, CFF slope segments were plotted 

individually and grouped into three intervals defining the FIDc, FIDint and background 

fracture set boundaries. Boundaries are determined by comparing the change in slope 

across break points. An order of magnitude change in slope indicates a transition from 

one interval to another. The three CFF slope intervals are hypothesized to represent 

multiple strain localization events. Higher frequency fractures overprint the pre-existing 

background set during strain localization. Each successive overprinting event results in a 
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reduction in the active fracture zone width and an increase in fracture frequency, 

potentially concluding with the formation of a fault surface.  

2. Geological Setting 

 Field work for this project was completed in the Mohawk Valley of New York 

State (Fig. 1). The Cambrian and Ordovician sedimentary sequence that comprises the 

bedrock of the Mohawk Valley region is underlain to the north by the Precambrian 

basement of the Adirondacks and overlain to the south by Silurian and Devonian 

sequences (Fig. 1). The Cambro-Ordovician depositional cycle within the field area 

transitions from the Laurentian passive margin sediments (Potsdam and Galway 

sandstones and overlying Beekmantown and Trenton/Black River carbonates) to the 

deeper Taconic foreland basin sediments (black shales and carbonate turbidite tongues of 

the Utica Group) and ends with the shallowing-upward siliciclastic infill of the Taconic 

basin by the Lorraine Group (e.g., Stanley and Ratcliffe, 1985; Bradley and Kidd, 1991; 

Landing, 2012). The Mohawk Valley contains multiple observed and inferred fault 

systems hypothesized to have formed either during the Taconic orogeny (e.g., Darton, 

1895; Kay, 1937, 1968; Fisher et al., 1970; Fisher, 1977, 1979; Cisne et al., 1982; 

Bradley and Kidd, 1991; Macdonald et al., 2014) or initially during Iapetan opening and 

then reactivated during the Taconic orogeny (e.g., Jacobi 2002; Jacobi 2012). 

Additionally, studies suggest that Mohawk Valley faults also were reactivated in post-

Taconic times (e.g., Jacobi and Smith, 2000; Jacobi, 2012).  
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Fig. 18. Mohawk Valley structure map with outcrop locations and observed FIDs. A 

range of distances between mapped fault systems and field sites allowed me to capture 

maximum variability in fracture frequency as a function of distance away from faults. 

Similarly, field sites in a range of rock types promote an understanding of the influence 

of lithology on fracture frequency.  

2.1 Mohawk Valley fault system and associated structures 

 Faults have been recognized and mapped in the Mohawk Valley for over 150 

years (Vanuxem, 1842). Early publications of fault trends in the Mohawk Valley 

presented curvilinear fault segments with a dominant north-northeast strike and limited 

NW-striking cross faults (e.g., Darton, 1895; Kay, 1937, 1968; Fisher et al., 1970; Fisher, 

1977, 1979). The faults were mapped as high-angle normal faults, but oblique slip and 

reverse fault motion has also been suggested from outcrop observations (Jacobi and 

Mitchell, 2002; Jacobi, 2002), 3D seismic reflection data to the southwest (Jacobi, 2012), 
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and tectonic model considerations (e.g., Jacobi 2003; 2012). The faulting was assumed to 

be Taconic (Ordovician), based on a perceived lack of fault offset along the 

Ordovician/Silurian boundary, growth fault geometries of Utica Group units across the 

faults, and the recognition of Beekmantown clasts in Trenton limestone conglomerates at 

locations proximal to fault surfaces (Kay,1937, 1968; Fisher et al., 1970; Fisher, 

1977,1979; Cisne et al, 1982; Bradley and Kidd, 1991; Jacobi and Mitchell, 2002). 

However, Jacobi has suggested that the faults initiated as Iapetan-opening faults and were 

reactivated in Taconic times. Additionally, sediment pinch outs at fault trends south of 

the Mohawk Valley suggest continued, limited faulting through the Silurian (Jacobi and 

Smith, 2000). Post-Devonian motion (Acadian and Alleghanian) is suggested by faulted 

monoclines in the Devonian Onondaga limestone and FIDs in overlying units (Jacobi and 

Smith, 2000; Jacobi, 2002).  

The major fault motion in Taconic times was thought to record eastward 

attempted subduction of the Laurentian plate beneath an arc (e.g., Bradley and Kidd, 

1991), but if the westward subduction models for the age of the Utica are correct, then the 

faults document retroarc foreland basin subsidence related to retroarc thrust loading by 

the Taconic thrusts (Jacobi and Mitchell, 2018). 

Faults mapped across the Mohawk Valley exhibit variable geometry related to 

proximity to the Taconic thrust front, timing of motion, and rheology of the faulted units 

(e.g., Bradley and Kidd, 1991). Magnitude of fault slip can range in scale from 

centimeters for minor faults in outcrop to hundreds of meters for fault surfaces that define 

boundaries between horsts and grabens (Darton, 1895; Kay, 1937, 1968; Fisher et al., 

1970; Fisher, 1977, 1979; Bradley and Kidd, 1991).  
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Fault characteristics in the Mohawk Valley depend on the scale of observation, 

lithology, and fault type. Shallowly plunging drag folds in the Utica Group are associated 

with NNE-striking major (>100 m slip) normal fault systems that down-drop the Utica 

Group against the carbonates of the Cambro-Ordovician carbonate bank and/or the 

underlying Precambrian units (e.g., Darton, 1895; Kay, 1937, 1968; Fisher et al., 1970; 

Fisher, 1977,1979; Bradley and Kidd, 1991; Jacobi and Mitchell, 2002; Cross, 2004; 

Agle, 2008). Minor faults (<1 m slip) observed in the Schenectady sandstone and the 

Utica Group, on the other hand, have no observable drag, have planar fault surfaces, and 

have well-defined FIDs (O’Hara et al., 2017). Fault and fracture data from the Utica 

Group and Schenectady Formation used in the statistical analysis are planar, vein-filled 

and exhibit consistent strike and dip between the fracture set and fault surface. My 

fracture frequency analysis defines the relationship between normal fault development 

and FIDs. Outcrops containing observable normal faults with small displacements are 

concentrated near the major NNE-striking fault trends in the Mohawk Valley. Analyzing 

fractures around these minor faults allows me to directly observe the fracture frequency 

decay away from the FDZ to the background fracture set. Additionally, fracture 

measurements collected from outcrops located in the center of faults blocks should reflect 

minimal fault influence and provide a comparison to fault-proximal fracture frequency 

data.  
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3. Constructing fracture frequency boundaries 

3.1 Mohawk Valley FID data collection 

I performed regional fracture mapping in the Mohawk Valley to gain an overview 

of the distribution of fracture sets and the variations in fracture frequency among 

outcrops. I used the scangrid and scanline methods to determine the fracture character in 

the region. The scanline technique uses a meter tape laid obliquely to the dominant 

fracture sets to create a reference line across the outcrop. Fracture characteristics (strike, 

dip, length, height, crosscutting relationships) are recorded for each fracture that 

intersects the scanline. The scanline technique is generally adequate for recording 

fracture characteristics where distances between fractures are greater than 0.5 cm. The 

scanline method is not sufficiently sensitive to accurately measure the distances between 

the highest frequency fractures within FIDs. If a portion of outcrop contains fractures 

with spacings below the resolution of the scanline (~0.25 cm) then a more accurate 

millimeter scale ruler is used to measure the FID portion of the transect. If a fault is 

associated with the FID, then the scanline is oriented perpendicular to the strike of the 

fault and related fractures. If exposure permits, then the scanline crosses the entire FID 

and extends into the regions with the background frequency. Fracture characteristics are 

then measured away from the fault along the reference line using the millimeter scale 

ruler when necessary. 

The scangrid technique is a supplemental method of data collection in the field.  

This method is performed using a 1 m by 1 m grid placed over an area of interest within 

the outcrop selected for imaging (Jacobi and Zhao, 1996a, 1996b; Jacobi and Fountain, 

2002).  The grid is made up of four one-meter aluminum rulers that are bolted together at 
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right angles to form a square.  The area chosen for a scangrid often overlaps with the 

scanline. The scangrid is linked to the line by recording where the grid and line intersect.  

After numbering the fractures and delineating a north arrow on the exposure, pictures of 

the scangrid are taken perpendicular to the outcrop surface.  If a second grid is desired or 

if a large area of the outcrop is to be measured, mosaics may be created with a ¼ grid 

overlap in photoshop. Prior to creating mosaics, orthorectification in GIS removes 

distortion from each image. 

3.2 Fracture frequency analysis 

Fracture frequency is analyzed as a function of distance along a scanline or 

distance from an observed fault surface. In cases where the scanline is not orthogonal to 

the fractures, I use the Terzaghi (1965) method to calculate the true spacing between 

fractures of the same set. Additionally, I build composite scanlines by adding the detailed 

scanline across the FID to the regional scanline that is oblique to the fracture sets. 

Corrected fracture frequency values are plotted along the scanline at the corresponding 

fracture/scanline intersections. In addition to analyzing standard fracture frequencies, I 

calculate cumulative fracture frequency (CFF). Converting fracture frequency to CFF 

allows me to more accurately detect slope breaks such as the boundary of the FID since 

cumulative transformations minimize the high variance within my dataset. A CFF curve 

is created by adding each successive fracture frequency along the scanline to the 

previously calculated value (the first CFF value is equal to the first fracture frequency 

value). Due to the presence of multiple slope segments in the CFF curves, I use a linear 

piecewise analysis to calculate the regression parameters of the curves (i.e. slopes, y 

intercepts and break points). My proposed analysis of the fracture data utilizes frequency 
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peaks, fracture frequency in relation to distance along the scanline, cumulative frequency 

slopes, and CFF slope breaks combined with any observed fault characteristics. I initially 

utilize this methodology to determine the boundaries of the FID, but results from the 

frequency analysis are also used to categorize fracture sets into multiple fracture 

frequency subtypes. 

The distribution of CFF slopes for individual fracture frequency measurements 

are plotted in Figure 19. The CFF distribution does not take location of fracture along the 

scanline or the frequency of adjacent fractures into account and reflects the maximum 

variation of CFF slopes in this study. The CFF slope values are binned using logarithms 

of the slope values due to the wide range of values. The counts for CFF slope bins define 

a multimodal distribution with peaks at 0.68 (CFF slope of 4.77), 2.29 (CFF slope of 

196.24), and a third peak at 3.85 (CFF slope of 7084). Using the results of the distribution 

in Figure 19, the proper LPR segmentation scale is determined to detect the CFF slope 

boundaries inferred the distribution.  The number of slope breaks and magnitude of slope 

change detected by the LPR analysis depends on length of outcrop used in the analysis 

and the section of the scanline analyzed (high vs low frequency sections). If the length 

scale is too small, changes in slope will reflect variations within a CFF distribution and 

not a transition into one of the other frequency domains. Reproduction of my LPR 

analysis can be done by following two initial criterium: 1) the length of outcrop 

containing fracture measurements must contain relatively low fracture frequencies and 

regions of elevated frequency.  If the variation in fracture frequency is not sufficiently 

high, slope breaks detected by the analysis will reflect CFF slope variations within one of 

the distributions defined in Figure 18 and not a transition between the distribution peaks. 
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2) the length of scanline analyzed must be of sufficient length to capture a representative 

portion of the fracture frequency variations. If the outcrop is divided into smaller sections 

and analyzed individually, the changes in slope will not reflect the transition between 

CFF distribution peaks. Based on these criterium, the LPR/AIC analysis method should 

be completed at the outcrop scale and include all fractures of the same set measured 

along the scanline.    

 

Fig. 19. Distribution of CFF slopes for each fracture frequency from all CFF curves. Due 

to the range of CFF slopes, the logarithms of the values are used to determine bin size.  

Count peaks in the distribution are differentiated by order of magnitude changes in 

average slope values. I label the first CFF slope peak as background, the second peak as 

intermediate FID, and the third peak as Core FID. The distribution defines the scale at 

which the segmentation process is completed. In this study, an outcrop scale is used to 

determine the fracture frequency boundaries between background fracturing and FIDs. 
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Datasets used in the LPR/AIC segmentation analysis have linear extents of approximately 

5 - 10m along an outcrop surface.   

3.3. Linear Piecewise Regression Analysis with AIC Model Selection 

Fracture frequency boundaries are determined using a linear piecewise regression 

and CFF datasets. Piecewise regressions fit datasets that exhibit changes in slope that are 

not captured by a single linear regression (Lyman, 1988). I test for the presence of 

multiple slopes by fitting various types of regressions (e.g., linear, power, exponential) to 

the dataset and then compared the root mean squared errors (RMSE) and R2 values 

among the various regressions. If multiple linear regressions exist, then the piecewise 

function should produce a higher overall R2 and lower RMSE for each segment than any 

single regression for the entire dataset (Al-Sobsky and Ramadan, 2015). Slope breaks 

within the data define the linear segments of the piecewise function (Lyman, 1988; Al-

Sobky and Ramadan, 2015). In order to determine whether a piecewise regression is 

necessary to describe the data, I use an iterative process (Figure 2) described by Al-

Sobky and Ramadan (2015).  

The analysis begins by fitting a linear regression to the CFF curve (Fig. 20, 

regression line A). The linear regression in this case produces a low R2 and relatively 

high RMSE, as would be expected if two or more regression segments fit the data. In 

order to determine the location of a potential slope break that divides two possible 

regression segments, I calculate the residuals of each point. The potential slope break is 

located where the highest residuals occur that are not on the fringes of the dataset. I then 

use the inferred slope break to fit two new regression lines (Fig. 20, regression lines B 

and C). Regression lines B and C produce higher R2 and lower RMSE values for each 
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segment, which suggests that the position of the slope break is correct, and the two 

regression segments more correctly fit the data than the single segment.  

 

Fig. 20. Graphical workflow illustrating the method used to determine a single slope 

break in CFF data. Regression A (panel 1) produces low R2 and a high RMSE for the 

dataset. The slope break is inferred at the red data point which has the maximum 

calculated deviation from the regression line. Two new regression lines B and C (panel 2) 

are fit to the data utilizing the slope break from panel 1 

 After determining that the CFF data is better fit by multiple linear regressions, 

statistical analyses using the package “Segmented” in R provide the base code to 

calculate the locations of multiple slope breaks in a dataset and output summary statistics 

for the LPR models. The R package allows for manual input of possible slope break 

locations from the operator. I base my estimated slope break locations on the 

methodology illustrated in Figure 20. After entering the potential slope break values into 

the R code and running the regression algorithm, the summary statistics provide the 

calculated slope breaks and slope coefficients for each piecewise regression segment. 
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This LPR analysis method is iterative, beginning with a linear model and sequentially 

dividing the linear regression into shorter segments with different slopes (and slope 

breaks). Continued segmentation of a CFF dataset increases the number of parameters 

(slopes and constants), increasing the overall complexity of the LPR (Fig. 21). I quantify 

the increase in regression complexity by calculating AIC and Bayesian information 

criterion (BIC) values each time the number of segments increases for a CFF dataset (Fig. 

21). Optimal fit of the LPR is achieved by comparing the change in information criterion 

values, leading to the selection of a single LPR model from the original candidate 

regression models (discussed in next section).  
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Fig. 21. The segmentation process of a single CFF dataset measured along a scanline (site 

location Fig. 18). One segment is calculated using the ordinary least squares method. For 

two or more segments, equations from the R package, “Segmented” calculate the slopes 

and slope breaks for the LPR models. Segmentation of CFF data ends at the limit of the 

program’s calculation capability. After segmentation is complete, I calculate AIC/BIC 

values, analyze the change in criterion values among models, and determine the optimal 

number of segments by negatively weighting the fit of the regression using the number of 

parameters defining the LPR model.   
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3.4. AIC/BIC model selection 

Complexity of an LPR model increases with each new slope added during the 

segmentation process. I quantify the parsimony of each regression with the AIC and BIC, 

which penalize increased complexity (i.e., additional segmentation) by negatively 

weighting the residual sum of squares with the number of parameters used in the 

regression. The information criterion method of model selection produces the most 

accurate representation of the data while avoiding overfitting. The raw AIC and BIC 

values do not provide information on how well individual models fit the given data; 

rather, information criterion values only offer a comparison among differing models. 

Akaike (1974) developed the AIC method which depends upon the maximum value of 

the likelihood function L, and the number of parameters p (y intercept and x coefficient 

for a linear model):  

AIC =2p - 2Log(L) 

Calculations of AIC values in R use the residual sum of squares (RSS) of the candidate 

regression model, the number of observations (n), and the number of parameters (p) in 

the equation: 

AIC = n + n ln(2π) + n ln(RSS / n) + 2(p + 1) 

The goodness of fit (RSS) for a regression is penalized by the number of parameters (p) 

that characterize that regression. A BIC value is calculated using a heavier weight for 

additional parameters by taking the log of n in the equation: 

BIC = n + n log(2π) + n log(RSS/n) + (log n)(p + 1) 

An AIC or BIC value evaluated on its own provides no analytical power (Burnham and 

Anderson, 2004). Information criterion values are compared by subtracting the initial 
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AIC/BIC value from the AIC/BIC value of the model containing more parameters. This 

resultant, the change in the information criterion value between models, tracks model 

segmentation wherein model complexity increases to the point where there is no 

significant change in the information criterion value. A change in the AIC value of 2 or 

less indicates that the increase in model complexity does not add any new information to 

the model (Burnham and Anderson, 2004). Figure 22 provides an example of the 

segmentation process using both the AIC and BIC methods. In Figure 22, CFF 

segmentation starts with a linear regression and the associated AIC/BIC values. Next, I 

calculate AIC and BIC values for each piecewise model. If the segmentation process is 

minimizing information loss, then the AIC/BIC values will decrease. The segmentation 

example in Figure 22 presents the maximum number of segments (9) calculated for the 

CFF dataset using R. 

The LPR models that are considered significant in Figure 22 have different 

segment counts based on whether AIC or BIC values are used for CFF model selection. 

In order to determine the most realistic model, and by association the information 

criterion to be used in the analysis, the segmented CFF models were compared to field 

observation. For relatively simple CFF data containing only 2 slope breaks, I observe 

changes in slope at fault surfaces. For CFF data containing 3 or more slope breaks, I 

assume that observed faults in outcrop also produce changes in slope that will be detected 

by the segmentation process (Fig. 23). After comparing the number of segments detected 

using both AIC and BIC methods, I concluded for this example that the AIC method 

produces final LPR models with slope breaks at observed faults more reliably than the 

BIC method.  
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Fig. 22. Change in AIC and BIC values plotted against number of piecewise regression 

segments (data from Fig. 21). The goal of the analysis is to minimize the information 

criteria value. A change of two or more between successive models with increasing 

segmentation indicates a significant improvement in the model. The AIC calculations 

indicate that the maximum number of segments that improve the information criterion is 

8. The BIC calculations indicate that only 6 segments show significant improvement. The 

discrepancy between AIC and BIC values results from the BIC equation over-penalizing 

additional parameters. In this example I chose the AIC method since it identifies all the 

prominent slope breaks that correspond to fault observations in outcrop (Fig. 23). 
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Fig. 23. Example of an LPR fit (blue line) to CFF data using the AIC method of 

segmentation. Slope breaks detected by the segmentation process correspond to faults 

(red lines) observed in outcrop. Red shaded areas define observed FIDs associated with 

faults in outcrop. Open circles denote observed fracture frequency. 

 

4. Cumulative fracture frequency slope intervals 

The piecewise regression analysis I present differentiates CFF curves into discrete 

slope intervals. Performing the LPR/AIC segmentation analysis at the outcrop scale 

(scanline length of 5-10 m) produces order of magnitude changes in slope across the 

slope breaks. The results of the segmentation analysis are plotted as the distribution of 

CFF segments in Figure 24. Plotting the CFF slope for each segment calculated during 

the segmentation process produces a similar multimodal distribution observed in Figure 

18 but with a more prominent FIDc response. This similarity between the distributions in 
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Figure 19 and Figure 24 indicates that the segmentation process at the outcrop scale is 

accurately identifying the boundaries among the CFF distribution peaks. 

 
Fig. 24. Distribution of CFF segments after completion of the LPR/AIC method used to 

calculate slope breaks. Performing the segmentation process at the outcrop scale (5-10m) 

produced a similar distribution of CFF slope values and slope averages to Figure 19. 

Averages are separated by the same order of magnitude changes in slope, which defines 

the background, FIDi, and FIDc intervals. Using LPR segments calculated from scanlines 

instead of individual fracture measurements increases the FIDc signal and produces a 

stronger differentiation among all three distributions.  

A change from the background fractur interval to an FID interval (FIDi/FIDc) is 

defined by the first order-of-magnitude change in slope. Following the order-of-

magnitude definition for delineating different slope intervals, I separated each slope 

interval from the original LPR/AIC model curves into new, independent CFF datasets 

(Table 1). All CFF segments were then normalized to the origin (Fig. 25) by subtracting 
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the initial CFF values and distance values from all the data points comprising each slope 

interval. The zero-normalization process promotes direct comparisons of the slope 

intervals and eliminates the arbitrary initial locations in 2D graphical space for all slope 

intervals. Each slope interval was then fit with a linear regression (Fig. 25). Slope 

intervals plot in three prominent regions, indicating that a discrete distribution of fracture 

frequencies exists within the core of an FID, within the intermediate FID zone, and 

within the background fracture frequency (Fig. 25). The average regressions for each 

slope interval are plotted using the average regression coefficients from each slope 

interval population (Table 1).  

 

Table. 3. CFF segment data used to construct FIDc, FIDint, and background slope 

intervals. 
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Fig. 25. Compilation of CFF slope segments normalized to 0 distance (see text for 

details). An average linear regression (red dashed lines) was calculated for each cluster of 

CFF slope segments defined by the value ranges (gray shading). 

Average linear regressions and their corresponding ranges for each CFF slope in 

Figure 25 define three intervals: FIDc, FIDint, and background. Background fracture 

frequencies are defined by an average CFF slope of 4.6 and an average fracture frequency 

of 2.4 fractures/m. The FIDint interval is defined by CFF slopes that are an order-of-

magnitude higher than background (109.677), and by a higher average fracture frequency 

of 12.3 fractures/m. The FIDc interval is defined by the highest average CFF slope of 

2208.2 and highest average fracture frequency of 44.6 fractures/m.  
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5. Analysis of fracture frequency variations 

Analysis of fracture frequency variations is based on multiple unique properties of 

the LPR analysis including: slope of the linear regression, slope breaks, frequency peaks, 

and distance/frequency covariance. Using these parameters, I identify multiple types of 

fracture frequency responses, which are used to discriminate between background and 

elevated fracture frequencies. In previous studies, background fracture frequencies are 

assumed to be uninfluenced by faults, are identified by a low average frequency (<4 

fractures/m) and maintain a fairly consistent spacing between each fracture in the set 

(e.g., Jacobi and Xu, 1998; Jacobi, 2002). In order to test the assumption that background 

frequencies can be identified by their frequency characteristics, I compare multiple 

fracture frequencies from outcrops with no observable faults or significant fracture 

frequency variations to fracture sets exhibiting intensification proximal to observed 

faults.  

Figure 26 illustrates the various components of the fracture frequency and 

cumulative fracture frequency trends for a potential background fracture frequency. The 

LPR calculated for the CFF data (Fig. 26a) produced shallow slopes (1.4, 3.4, 1.8) and 

minor changes in slope across slope breaks. The fracture frequency (Fig. 26b) contains a 

low range of frequency values with no prominent frequency peaks. Additionally, the 

frequency and distance variables do not covary significantly.  
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Fig. 26. Fracture frequency response for a background fracture set. Measurements were 

taken from an outcrop with no observed faulting. (A) Cumulative frequency for 

background fractures produces a sequence of relatively shallow slopes (blue line). The 

numbers 1.4, 3.4, and 1.8 refer to the slope of each particular segment. (B) The fracture 

frequency is fit with a linear trend and shows no significant covariance with distance 

along the scanline (R2 = 0.0022).  

 A second type of frequency response is illustrated in Figure 27. Fracture 

measurements were collected from an outcrop containing a single normal fault and 

associated FID. The CFF response presented in Figure 27a is defined by three order-of-

magnitude changes in slope. The high frequency zone is defined by a relatively steep 

slope (2001) for the linear segment of the cumulative fracture frequency. Beyond about 2 

m from the fault, the slope of the line is relative shallow (7.85) compared to segments 

proximal to the fault surface. The fracture frequency also contains unique characteristics 

that define the response style (Fig. 27b). The fracture frequency is best fit by a power law 

regression with a high frequency peak occurring adjacent to the fault surface and a low 

frequency tail that decays away from the fault.  
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Fig. 27. (A) Cumulative fracture frequency response contains multiple linear segments 

(blue line) defining the piecewise regression. The numbers 2001, 347, and, 7.85 refer to 

the slope of each particular segment. Slope breaks produced three segments that include 

the high frequency FID core slope (2001), an intermediate FID slope (347) and, the 

background fracture frequency slope (7.85). (B) Fracture frequency is defined by a single 

power law best fit regression (red line) with the fracture frequency decaying away from 

the fault surface.  

The third frequency response is defined by multiple fracture frequency peaks and 

slope breaks within a zone of anomalously high fracture frequency (Figure 28). The 

cumulative frequency curve (Fig. 28a) contains steep slopes (e.g. 24460) and shallower 

slopes (e.g. 61) within the fracture zone. The fracture frequency (Fig. 28b) differs from 

the previously discussed examples because multiple power law regressions can be fit to 

the single fracture zone.  



80 

 

 

Fig. 28. (A) Cumulative fracture frequency curve contains multiple slope breaks that 

define fracture intensification within the compound fracture zone. The numbers 103, 

1147, etc. refer to the slope of each particular segment. (B) The fracture frequency 

contains multiple fracture peaks and power law decay regressions (red lines) adjacent to 

multiple fault surfaces within the compound zone.  

 The fourth type of fracture frequency is identified by its elevated frequency, 

intermediate slope values (Fig. 29a) as compared to background CFF slope values (Fig. 

26a), and the lack of a power law regression in the fracture frequency (Fig. 29b). This 

type of fracture frequency (Fig. 29b) is similar to that of background fracture frequency 

since they are both characterized by a lack of covariance with distance (perpendicular to 

the fracture set) and an absence of prominent frequency peaks. However, the elevated 

average fracture frequency and increased variance distinguishes this type of fracture 

frequency from that of the usual background frequency.  
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Fig. 29. (A) The cumulative frequency response has a slope that falls between the 

background frequency and intensified frequency. The numbers refer to the slopes of the 

particular segments. (B) The fracture frequency response contains no singular fracture 

peak and the multiple peaks that exist do not reach the same level of intensification as 

those fracture frequencies presented in Figures 27b and 28b. The fracture frequency also 

contains no power law decay response and shows no covariance with distance (R2 = 

0.0052). 

 

6. Fracture set subtypes 

 Using the results from the fracture frequency and cumulative frequency analyses, 

fracture sets in a faulted basin can be consigned to one of four FID subtypes or a fifth 

subtype that represents the background fracture set. Figure 30 combines all fracture set 

subtypes into a single, hypothetical fault system with variations in fracture patterns due to 

fault geometry and location relative to the fault. 
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Fig. 30. Conceptual cross-section of fracture frequency variations along a fault surface. 

Slip-induced FIDs are zones of elevated fracture frequency that exhibit a power law 

decay in fracture frequency away from the fault surface. In a compound FID, the zone of 

elevated fracture frequency contains multiple fault segments. Each fault segment 

produces an individual power law decay response within the FID. At the fault tip, the 

isolated FID forms ahead of the fault surface, but the zone retains the power law fracture 

frequency decay in response to the influence from a nearby fault. In the isolated FID 

zone, there is no observable power law decay and no singular fracture peak. Background 

fracture sets form outside the influence of the local fault zone. 

6.1 Slip-induced FID 

The slip-induced FID is defined by a fault-parallel/sub-parallel fractured region 

with a single power law decay function that describes the fracture frequency variation 

away from the fault surface. The slip-induced FID also contains a well-defined slope 
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break in the cumulative frequency curve that separates the FID from the background 

fracture frequency. This FID subtype also contains a single fracture frequency peak at the 

fault surface. These FID frequency characteristics are related to dip-slip motion across a 

single fault surface. This FID subtype is also considered a fracture dominated FDZ. 

6.2 Compound FID  

A cluster of faults has the potential to produce a compound FID that contains 

multiple fracture frequency peaks and multiple slope breaks within the CFF curve. 

Within a compound FID, the background frequency is absent and is only observed 

outside the compound zone. Compound zones produce wider FIDs than their single fault 

counterparts for faults with the same magnitude slip as compared to each individual fault 

within the compound FID zone.  

6.3 Isolated FID 

An isolated FID is characterized by the lack of a coherent fracture frequency 

peak, presence of a power law decay, and well-defined slope breaks within the zone, but 

does exhibit a fracture frequency above that of the background signature. Potential 

mechanisms that may result in this type of FID include the formation of fractures: 1) at 

the most distal location of fault influence, 2) at sites of minor folding, 3) at sites capable 

of generating gas chimneys.  

6.4 Background frequency 

 The background fracture set is defined by: 1) the lowest average fracture 

frequencies in a fracture set, 2) low variance of the fracture frequency, 3) no relationship 

between distance along the scanline and fracture frequency, and 4) the shallowest CFF 

slopes in the study area. The analysis from this research provides additional clarification 
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for defining background fractures by allowing the defining frequency values to vary 

based on outcrop observations. The unfixed background fracture frequencies that are 

calculated using the LPR/AIC method are derived directly from individual outcrop 

observations.  

6.5 Generic FID 

The generic FID is characterized by a high fracture frequency and a high 

frequency peak but has no associated fault surface or displacement observed in the 

outcrop. The formation of these fractures is hypothesized to occur at, or in front of, a 

developing fault tip (Rotevatn and Fossen, 2012). If this type of FID is indeed related to 

fault tip dynamics, then it can be used to infer a “blind” fault. 

 

7. Strain localization and fracture development in a maturing fault system 

Piecewise analysis of fracture frequency data from the Mohawk Valley produced 

three discrete CFF slope intervals (FIDc, FIDi, and background) based on order-of-

magnitude changes in slope. The discrete slope changes are similar to previous analyses 

of fault systems and damage zone boundaries where variations in damage characteristics 

were used to suggest that smaller sub-zones were present (e.g., Berg and Skar, 2005; 

Frost et al., 2009; Choi et al., 2016). 

Using the results from the LPR/AIC analysis, strain localization models for 

damage zones (e.g., Frost et al., 2009) and results of FID variations from O’Hara et al. 

(2017), I constructed a comprehensive model describing fracture-fault evolution from the 

earliest stages of regional fracture and fault initiation through mature damage zone 

development. Phases are divided into: phase 0) regional background fracturing (t0 in Fig. 
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31b), phase 1) pre-slip strain localization (t1 in Fig. 31b), phase 2) syn-slip strain 

localization (t2 in Fig. 31b), phase 3) damage zone growth (Fig. 32), and phase 4) fault 

slip/damage zone equilibrium (Fig. 32). I recognize that multiple diverging histories are 

possible, including fault systems with no associated fracturing (e.g., McGinnis et al., 

2015). For the purposes of this discussion, I present a model for the development of a 

fracture-dominated fault system with one primary slip surface and a fault core.  

 

Fig. 31. CFF distribution in terms of strain (a) and phases of strain localization leading to 

the formation of zones with differing fracture frequency (identified in the CFF) within an 

FID (b). 

For the development of a fracture-fault structural history, initial conditions of the 

mechanical layer that will sustain the fracturing and faulting contribute to the specific 

structural development history when strain rate is low (Priest and Hudson, 196l; 

Rabinovitch and Baht, 2001). I first consider a stress system that results in regional 

fractures prior to local faulting. In this model, background fracture sets form in response 
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to far field (tectonic) stresses and deviated, local stress fields near pre-existing structures 

(t0 in Fig. 31b and phase 0 in Fig. 32).  

An initial phase of strain localization overprints the background fractures, 

resulting in a localized volume of fractures that have an average frequency above the 

background level (t1 in Fig. 31b, and phase 1 in Fig. 32). This initial strain localization, 

and eventual faulting, occurs at specific locations within the mechanical layer due to 

inherent heterogeneities within the mechanical layer (Cowie et al., 2000; Soliva and 

Schultz, 2008), or due to development of faults below the mechanical layer in question. 

Following the nomenclature defined in the previous sections, the region of elevated 

fracture frequency would be described as an isolated FID and represents the first 

occurrence of fracture intensification in my fault-fracture development model. 

The second phase of strain localization occurs during the formation of a through-

going fault surface, termed the syn-slip strain localization phase (t2, Fig. 31b and phase 2 

Fig. 32). During this second strain localization phase, the isolated FID is overprinted by 

fractures constrained to a narrow zone prior to, and or during, the formation of the fault 

surface. The narrow zone of peak fracture frequency forms the FID core and is located 

adjacent to the fault surface. In this phase of development, the fracture frequencies 

describe a power law decay away from the fault surface. This second phase of strain 

localization with the formation of the FID core is the first occurrence of a fault-centric 

region defining the fracture-dominated fault damage zone.  

 The third phase of fault development is the damage zone growth phase (Phase 3, 

Fig. 32) and is facilitated by the lengthening of the low-frequency tail of the power law 

distribution of fracture frequencies. I propose that the growth of the damage zone is due 
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to a continued cycle of increasing magnitude of fault slip that results in both a wider zone 

for fracture overprinting and wider transition zone. As the growth phase continues, cycles 

of strain localization generate higher frequency fractures, eventual brecciation and gouge 

formation, and the development of a well-defined fault core. The increase in the width of 

the low fracture frequency zone and its positive covariance with fault slip causes the 

average fracture frequency to decrease as the fault zone matures (O’Hara et al., 2017). In 

my model, multiple over-printing and damage zone widening events occur due to the 

cycles of strain localization, which produces the increase in complexity of damage zone 

related deformation as the fault zone matures. 

The fault slip/damage zone equilibrium phase (Phase 4, Fig. 32) is reached when 

significant growth of the damage zone ends. Maximum damage zone width has been 

observed to reach approximately 200-250 m for a single primary fault surface (Savage 

and Brodsky, 2011). In this final phase of fault development, slip can increase by an 

order of magnitude while the width of the damage zone remains relatively constant (see 

Savage and Brodsky, 2011 for details). In terms of my model, strain localization in the 

fault core breaks down the host rock until equilibrium of gouge, breccia and fractures is 

reached. At equilibrium, any additional strain energy introduced into the fault system will 

be accommodated by slip within the fault core and not widening of the damage zone.  
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Fig. 32. Conceptual model of fault damage zone development. Light yellow is associated 

with background fracturing, orange represents the overprinting of fractures during initial 

strain localization and red is the second phase of strain localization forming the FID core. 

The thick black line represents gouge and brecciation development during equilibrium 

phase. Black lines represent active structures and gray lines represent inactive structures, 

illustrating the process of fracture overprinting. 

The fracture-fault developmental model (Fig. 32) represents time steps of slip 

accumulation, but the model can also display the geometry of a mature fault system if the 

time steps are converted to locations along a fault surface. When the fracture-fault 

developmental model is viewed as a geometric representation of a fault system, the FID 

is widest at the center of the fault, where accumulated slip is the largest, and narrows 

toward the tip of the fault. The specific geometric relationships predicted in my model are 
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consistent with the observations of FID characteristics presented in this paper and with 

observations of FDZ variations along a fault surface from literature (e.g., Rotevatn and 

Fossen, 2012; Schueller et al., 2013). In the model, the structures that develop during the 

proposed FID initiation phase (t1 and t2, Fig. 31b) agree with field observations made by 

Rotevatn and Fossen (2012). These authors observed deformation bands extending 400 m 

on-strike beyond the limit of the observed termination of the fault tip. Thus, the 

occurrence of FIDs with no observed slip surface would be expected and inferred to have 

formed ahead of the fault tip.  

 In my model, the formation of a fault surface after fracture generation and 

intensification during t1 and t2 (Fig. 31) is supported by deformation band research. In a 

review of previous work including Aydin and Johson (1978 and 1983), Underhill and 

Woodcock (1987), Mair et al. (2000), and Rotevatn and Fossen (2011), Schueller et al. 

(2013) concluded that deformation band formation occurs before the arrival of the 

through-going fault. Observations presented in these papers support the FID 

developmental model in phases 1 and 2 where fractures develop and increase in intensity 

prior to the formation of the through-going fault surface. Additionally, Schueller et al 

(2013) suggested that the maximum fracture frequency in the deformation bands forms 

early in the FDZ development (fault slip < 100 m), which is compatible with the idea that 

the highest fracture frequency occurs in small faults (fault slip < 50m) and that the FDZ 

grows through widening of the low frequency tail.  

My model relies on overprinting of structures to explain the widening of FIDs and 

the development of new structures, including gouge and breccias. Davatzes et al. (2003) 

observed two distinct styles of deformation associated with two separate fault sets that 
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overprint each other (deformation bands and shear fractures). The observations of 

Davatzes et al. (2003) are consistent with my model wherein the fault system begins with 

fracture intensification and develops gouges and breccias due to overprinting as the fault 

matures. 

 

8. Conclusions 

I present a new statistics-based methodology for analyzing fracture frequency 

variations using a linear piecewise regression (LPR) analysis and the Akaike information 

criterion (AIC) to calculate the optimal number of slope segments. The LPR/AIC 

methodology outlined herein can accurately calculate the width of FDZs by fitting 

multiple slope segments to cumulative fracture frequency (CFF) data. Additionally, I 

reorganized individual CFF slopes as new, standalone datasets, and replotted the 

individual CFF slopes to analyze potential clustering of segments. All the linear segments 

plot in one of three discrete CFF slope groups: background, intermediate FID (FIDint), 

and core FID (FIDc). Background frequencies exhibit an average CFF slope of 4.6 and an 

average fracture frequency of 2.4 fractures/m. FIDint frequencies have higher CFF slopes 

of 109.7, and a higher average fracture frequency of 12.3 fractures/m. FIDc frequencies 

are defined by the highest average CFF slope of 2208.2 and highest average fracture 

frequency of 44.6 fractures/m. The changes in slope among the CFF intervals 

differentiate damage zone fractures from the background fracture set. The two CFF slope 

intervals for FIDs are hypothesized to represent multiple strain localization events. Each 

successive overprinting event results in a reduction in the active FID width and an 

increase in fracture frequency, concluding with the formation of a fault surface. 
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Results from the frequency analysis produced five fracture frequency subtypes 

with differing fracture frequency characteristics: 1) slip-induced FID, 2) compound FID, 

3) isolated FID, 4) generic FID and, 5) background fractures. Slip-induced FIDs produce 

a fracture zone with a slope break between high and low fracture frequency regions on a 

cumulative fracture frequency, a power law regression of fracture frequencies away from 

the fault and a single fracture frequency peak at the fault surface. Compound FIDs 

contain multiple slope breaks in the cumulative fracture frequency curve, multiple 

fracture frequency peaks and is produced from slip on multiple faults within the FID. The 

isolated FID contains elevated fracture frequency with minor slope breaks in the 

cumulative fracture frequency data and has no significant organized variation in fracture 

frequency with distance. The generic FID contains frequency values that are similar to a 

slip-induced FID zone but no faults are observed. 

Using the results from my LPR/AIC analysis and the model for progressive strain 

localization presented by Frost et al. (2009), I propose a model that describes fracture-

fault evolution from the earliest stages of regional fracture and fault initiation through 

mature damage zone development. Phases are divided into: phase 0) regional background 

fracturing, phase 1) pre-slip strain localization, phase 2) syn-slip strain localization, phase 

3) damage zone growth, and phase 4) fault slip/damage zone equilibrium.  
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CHAPTER 4: DISCUSSION 

 

1. Discussion of statistical analysis results 

1.1 Developmental models for fracture-fault evolution  

Combining the damage zone growth model from Chapter 2 and fault 

developmental model from Chapter 3 produced a comprehensive model describing 

fracture-fault evolution from the earliest stages of fault initiation through mature damage 

zone development. Stages are divided into (1) background fracturing, (2) pre-fault slip 

strain localization, (3) syn-fault slip strain localization, (4) damage zone growth, and (5) 

fault slip-damage zone equilibrium. Based on the results of the predictive PLS model 

from Chapter 2, an FID will initially form with a high average fracture frequency due to 

the initial narrow width of the FID. The current average fracture frequency variable can 

be improved by incorporating the core FID (FIDc) and intermediate FID (FIDint) 

boundaries defined in Chapter 3. The distribution and development of fracture 

frequencies within an FID are now represented as a ratio between FIDc and FIDint 

(FIDc/FIDint). The ratio of the FID boundary widths quantifies variations of fracture 

frequencies within a single fracture zone. The FIDc/FIDint ratio decreases as the fault 

system develops, resulting in the predicted negative covariance of average fracture 

frequency within the FID (FIDƒ) to the width of the FID (FIDw). Analysis of the FID ratio 

may also lead to new insights on fault processes if it is found, with more data, that the 

ratio varies in magnitude for similar fault slips. Variance in the FID ratio for a given slip 

value may be linked to the properties of the fault surface (i.e., fault roughness or strain 

hardening) or may be related to the lithology of the host rock.  
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Using the results from Chapters 2 and 3, I propose a more accurate and rigorous 

definition of inner and outer damage zones (i.e., Townend et al., 2017) and describe the 

variations in damage processes that occur in each differentiated volume of rock. I now 

transition from the FIDc and FIDint nomenclature to the more generalized FDZ 

terminology in an effort to derive a generalized damage zone model from the specific 

structures observed in fracture dominated damage zones of the Mohawk Valley (Fig. 33). 

For example, an FIDc forms in the inner FDZ and the FIDint forms in the outer FDZ. The 

boundary between inner and outer FDZs is defined using the methodology from Chapter 

3. The primary characteristics of the inner FDZ are derived from FIDc observations. The 

inner FDZ is defined by the highest cumulative slope adjacent to the fault surface and by 

peak frequencies. The inner FDZ also contains the fault core. The inner/outer damage 

zone boundary is located at the first order-of-magnitude slope break, defined by the 

frequency of planar structures within the damage zone. The outer damage zone is defined 

by an intermediate slope and contains the low frequency tail of the power law decay. A 

second order-of-magnitude change in slope defines the outer damage zone/background 

fracture frequency boundary. The current methodology outlined in this dissertation 

provides the means to calculate the level of zonation in any FDZ containing a distribution 

of structural features. The zonation level defining a damage zone may result from 

multiple fault influences including (but not limited to) slip magnitude, the number of 

secondary faults, and location of the FDZ with respect to the fault surface. One potential 

reason for increased FDZ zonation is traversing from the tip of a fault where only an 

outer FDZ is present with no slip surface, toward the center of the fault where an inner 

FDZ and fault core are present. 
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Fig. 33. Application of FID zonation to fault damage zone terminology. The inner 

damage zone contains the fault core and the highest cumulative frequency of planer 

structures within the zone. The first order-of-magnitude change in cumulative frequency 

slope demarcates the transition from inner to outer damage zone. The second order-of-

magnitude change in slope defines the boundary of the damage zone with the background 

region.  

1.2 Applications of PLS and LPR/AIC results   

 Results of this research have applications in petroleum geology and 

environmental remediation projects that use variations in fractured bedrock to predict 

fluid transmission through the subsurface. The PLS model developed in this dissertation 

predicts the width and average fracture frequency of FIDs, providing accurate variables 

for use in fluid flow models. For example, a remediation study area containing multiple 

faults systems of varying slip that offset a heterogenous sedimentary sequence is 

predicted to have variable FDZ geometries. Significant FDZ variations have the potential 

of introducing error into fluid flow models that do not include these parameters. Using 
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the PLS model equations, the geometries of preferential contaminant migration pathways 

could be quantitatively defined based on the predicted distribution of fractures and FDZs 

if fault slip and lithology are known. Additionally, if the methods of Chapter 3 are 

followed and CFF intervals are constructed for the given study area, core FID and 

intermediate FID fracture frequencies could be assigned to the intra-FDZ zonation. The 

range of frequency values for the study area could also be calculated and used to predict 

the intensity of damage given the distance to a fault and location within the FDZ. 

Differentiating inner and outer FDZ fracture frequencies may be especially useful for 

larger faults (slip > 100m) where the majority of FDZ growth is attributed to the 

lengthening of the low frequency tail (following the conclusions from Chapter 2 and 3). 

Following the fault developmental model outlined in Chapter 3, the majority of the FDZ 

for these larger fault systems would be comprised of intermediate FID fracture 

frequencies. If FDZs are defined as a gradient of increasing fracture frequency, 

heterogenous fluid flow models could more accurately assess the potential for 

contaminant migration based on proximity to the inner FDZ.  

 The fault developmental model from Chapter 3 predicts that larger faults (slip > 

100m) will have a “buffer zone” of intermediate fracture frequencies that smaller faults 

will lack. In cases of hydraulic fracturing proximal to fault systems, mapping the 

distribution fracture frequencies and FDZ variations is necessary when quantifying 

factors that contribute to unproductive unconventional plays. If the avoidance of high 

frequency fractures is desired for maximum gas production from shale reservoirs, I 

hypothesize that it is more important to identify minor faults (conduits for fluid loss) in 

the target section than it is to avoid FDZs surrounding large fault systems. Drilling 
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horizontal wells into the transition zone of a large fault system is predicted to have 

minimal effects on production due to the relatively small change in fracture frequency 

when crossing the FDZ boundary. One the other hand, crossing a fault with a lower 

magnitude of slip would result in fluid interactions with a concentrated volume of the 

highest fracture frequencies in the FDZ, leading to greater fluid migration away from the 

target section causing a reduction in overall production.  

2. Future work 

2.1 Universal PLS predictive modeling of fault damage zone characteristics  

 Developing universal predictive models for fault damage zone characteristics 

requires quantitative definitions of geologic variables that are consistent among study 

areas. To normalize values used across studies, the process of quantifying dependent and 

independent variables should follow the same procedure. Currently, the accuracy of 

research presented in this dissertation is limited by the variations in FDZ values among 

published datasets. The method used to determine the width of FDZs has the greatest 

impact on subsequent variables, such as fracture frequency, because the width of the zone 

is a fundamental property controlling the number of fractures included in the FDZ. The 

method used to determine the width of the FDZ can also affect the fault scaling 

relationship. If methodologies vary among studies, then an unquantifiable error is 

introduced into any literature review of FDZ/fault slip data sets. I addressed the problem 

of improving the definition of FDZ boundaries in Chapter 3 by introducing objective 

procedures that limit the amount of variation in the dataset. Creating a new dataset 

following the LPR/AIC method of calculating FDZ boundaries could potentially produce 

more accurate predictive models of FDZ characteristics. 
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Multiple geologic factors also limit my current research. Fault data from the 

current study area in the Mohawk Valley is dominated by minor normal faults and could 

be improved further by including multiple fault types from new field locations. The 

current PLS model could then integrate this new dataset into the analysis and quantify the 

importance of fault type on FDZ characteristics. A targeted approach to data collection 

could also eliminate data gaps that were present in this study. Specifically, data collection 

in the slip range of 10 to 50 meters would produce a more continuous range of slip 

magnitudes. Additionally, literature review of multiple research disciplines could be used 

to fill data gaps related to lithology. For example, publications containing extensive 

lithologic information for a specific field area could guide the exploration for observable 

faults and FDZs by narrowing search areas to those containing variables applicable to the 

multivariate analysis. Conversely, areas that are known to contain observable faults could 

be targeted specifically for lithologic analysis.  

The second area of improvement for future PLS models involves optimizing the 

variables used in the model. The PLS model I present uses VIP values to determine 

which variables to include in the final predictive equation. This technique does not 

provide an indicator of the optimal value for testing against other variables. For example, 

FIDƒ is heavily influenced by the low frequency tail of the power law distribution, 

producing the observed negative covariance with FIDw. A harmonic average, on the other 

hand, is less affected by outliers and is specifically used for averaging ratios (fracture 

frequency). Additionally, breaking up fracture frequency into FIDc and FIDint could 

produce new covariance relationships that focus on core/intermediate fracture frequency 

variations.  
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2.2 Testing fracture frequency intervals 

 Results from Chapter 2 include three quantified intervals that define the range of 

potential fracture frequencies given the local structures. The fracture frequency intervals 

(FIDc, FIDint, and background) present a new research path focusing on testing the 

universality of these results. I present four testable hypotheses for future consideration. 

 

1. Fracture frequency intervals will vary in average slope among geologic 

settings and potentially produce unique fracture interval “fingerprints”. 

2. Local structures will affect interval slope magnitudes and occurrence of FID 

intervals.  

3. Regardless of geologic setting, fracture frequency intervals will exhibit order 

of magnitude changes between average CFF slopes between adjacent 

intervals.  

4. Fracture sets among distinct geologic settings can be categorized based on 

their calculated fracture frequency intervals and tested for similarities based 

on the overlap of the fracture frequency population distributions 

 

Initial testing of the universality of the three fracture frequency intervals can be 

completed by comparing the distribution of fracture frequencies in the Marcellus Shale. 

This research would focus on defining the background fracture frequency for black shales 

in the Appalachian foreland basin using the same methodology presented in Chapter 3. 

The purpose of continuing the work in a similar geologic setting is to test the potential 
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variation in fracture frequency distributions in similar lithologic units to that of the 

current study area in the Mohawk Valley. In previous studies (e.g., LaGamba, 2011), the 

fracture frequencies measured in the Union Springs Formation (the lower black shale in 

the Marcellus Shale) ranged from less than 1 fracture/m to 10 fractures/m. Oatka Creek 

(the upper black shale in the Marcellus Shale) fracture frequencies ranged from 1 

fracture/m to 18 fractures/m. These fracture frequency ranges fall within the background 

and transition intervals defined in this dissertation. Based on the results from Chapter 3, I 

propose that the transition from background fracturing to intermediate fracturing in the 

Marcellus Shale will follow the same order-of-magnitude changes in CFF slope as 

observed in the Mohawk Valley data. Additionally, I predict a comparable increase in 

slope and range for background frequencies at fault-proximal locations. The distribution 

of frequency values for Marcellus Shale intervals are predicted to widen when 

approaching faults due to the increase of background frequency. Fault proximal locations 

in the Devonian black shales also have the potential to reach FIDc levels in regions such 

as Skaneateles Lake where fracture frequencies of 32 fractures/m are observed in the 

Geneseo black shale (Jacobi, 2011a). Due to the similarities in fracture frequency ranges 

between the Acadian and Taconic basins, it is probable that the CFF slope ranges will 

significantly overlap between these regions and that the combined dataset will maintain 

the discrete frequency boundaries initially defined for the Mohawk Valley. 

The second step in the process of testing fracture frequency intervals would 

involve varying the dominant lithology. Two potential geologic settings for contrast 

include field sites in the crystalline basement and additional sites in massively bedded 

carbonates. The current dataset is primarily composed of thin to medium bedded 
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siliciclastics (Utica and Lorraine groups). Additionally, varying bed thickness adds the 

potentially significant variable of mechanical unit height into the analysis. Study areas 

dominated by massive beds may contain lower average background interval slopes due to 

the likely presents of thick mechanical units in the section. 

 I have hypothesized that the occurrence of FID intervals is linked to the presence 

of faults within the study area. In order to test the influence of faulting, I propose 

contrasting study areas from structurally-quiet inner craton regions with locations in 

orogenic belts and faulted basins. Data collected from variable tectonic settings will test 

the effects of observed structures on the occurrence of FIDint or FIDc intervals. I predict 

that the inner craton will be defined by a narrow background frequency interval with a 

lower average CFF slope as compared to faulted regions. The narrowing of the 

background interval for an inner craton setting is due to the lack of fault influences. In the 

Mohawk Valley, background fracture frequencies can be elevated proximal to faults. 

Elevated background frequencies due to faulting increases the CFF slope range of the 

background interval. Variations in the interval range (wide/narrow) could provide an 

indication of faulting prevalence and slip magnitudes within the study area. The inner 

craton may also produce a subdued/missing FIDint interval. Finally, I suggest that the 

FIDc interval will be absent due to minimal faulting in the inner craton. Field areas in 

orogenic belts and faulted basins are hypothesized to align with fracture frequency 

intervals found in the Mohawk Valley, but may also contain variations in slope 

magnitude related to the fault prevalence in each study area. 

 Completing an analysis of multiple populations of CFF data and statistically 

defining different populations requires significance testing of population parameters 
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(mean, median, mode) among the datasets. The significance tests quantify the degree of 

variation among fracture frequency intervals due to variations in the geologic setting. The 

proposed methodology is dependent on the population distributions that arise from future 

data collection and the results of normality testing. If CFF slope populations are 

determined to follow a normal distribution, then standard confidence intervals and 

ANOVA methods can be followed to determine whether population parameters are 

significantly similar. Using 95% confidence intervals and ANOVA techniques rather than 

the data ranges, which are used currently to define the dispersion of the CFF data, could 

objectively determine the range of background, FIDint, and FIDc intervals and the 

potential overlap of intervals among diverse study areas. If future CFF slope data is not 

normally distributed, additional analysis would be required. Normalcy of the population 

may be obtained through a transformation, such as a logarithmic transformation. If the 

data can be transformed into a normal distribution, then the standard ANOVA/confidence 

interval techniques can be used. If the dataset cannot be transformed to a normal 

distribution, analysis of the frequency interval population parameters can still be 

performed. Confidence intervals can be calculated for non-normal distributions using the 

bootstrap confidence interval technique (DiCiccio and Efron, 1996). Bootstrapping 

produces new, sufficiently large datasets that approximate a normal distribution. 

Confidence intervals can then be calculated for the resampled dataset. Alternatively, non-

parametric ANOVA techniques, such as the Kruskal-Wallis ANOVA, can be used to 

analyze data sets that do not meet the standard ANOVA requirements. Significance 

testing following the proposed methodology could lead to a set of representative fracture 

frequency interval “fingerprints” that are defined by the geologic settings (i.e. fault type 
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and lithology). Constraining the range of fracture frequencies for a defined geologic 

setting would provide a predictive framework of fracture frequency variations by fitting 

observed fracture frequency values to a predetermined frequency interval standard. 

Quantitatively defining standard fracture frequency intervals based on the geologic 

setting could become a powerful method for future studies concerned with the 

distribution of subsurface structural discontinuities. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



109 

 

References 

DiCiccio, J.T. and Efron, B., 1996. Bootstrap Confidence Intervals Statistical Science, 

11, 3, 189-228. 

 

Jacobi, R.D., 2011a. Integration of remotely-sensed and geophysical data with  

ground-truth structure: evidence for fault systems in part of Cayuga County: 

NYSERDA (Albany NY) Final report, 88 pp. 

 

LaGamba, M.J., 2012. Fracture patterns in Marcellus black shale across the Appalachian  

 Basin of New York State: unpublished MS thesis, University at Buffalo, 230  

pages. 

 

Townend, J., Sutherland, R., Toy, V. G., Doan, M. L., Célérier, B., Massiot, C., 

Coussens, J., Jeppson, T., Janku-Capova, L., Remaud, L., Upton, P., Schmitt, D. 

R., Pezard, P., Williams, J., Allen, M. J., Baratin, L. M., Barth, N., Becroft, L., 

Boese, C. M., Boulton, C., Broderick, N., Carpenter, B., Chamberlain, C. J., 

Cooper, A., Coutts, A., Cox, S. C., Craw, L., Eccles, J. D., Faulkner, D., Grieve, 

J., Grochowski, J., Gulley, A., Hartog, A., Henry, G., Howarth, J., Jacobs, K., 

Kato, N., Keys, S., Kirilova, M., Kometani, Y., Langridge, R., Lin, W., Little, T., 

Lukacs, A., Mallyon, D., Mariani, E., Mathewson, L., Melosh, B., Menzies, C., 

Moore, J., Morales, L., Mori, H., Niemeijer, A., Nishikawa, O., Nitsch, O., Paris, 

J., Prior, D. J., Sauer, K., Savage, M. K., Schleicher, A., Shigematsu, N., Taylor-

Offord, S., Teagle, D., Tobin, H., Valdez, R., Weaver, K., Wiersberg, T., and 

Zimmer, M., 2017. Petrophysical, Geochemical, and Hydrological Evidence for 

Extensive Fracture-Mediated Fluid and Heat Transport in the Alpine Fault’s 

Hanging-Wall Damage Zone, Geochem., Geophy. Geosy., 18, 4709–4732. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



110 

 

CHAPTER 5: SUMMARY AND CONCLUSIONS 

 

This dissertation presents new statistical-based methodologies that quantify 

fracture variations with respect to faulting. I first use a partial least squares (PLS) 

analysis to determine the set of fault and lithologic variables that significantly contribute 

to the prediction of fracture intensification domain (FID) width and average fracture 

frequency. Second, I quantify FID boundaries using linear piecewise regressions and the 

Akaike information criterion.  

In the first manuscript of this dissertation (O’Hara et al, 2017; Chapter 2), I use a 

PLS statistical analysis to create a predictive model of FID width (FIDw) and average 

fracture frequency (FIDƒ) as a function of fault slip and lithology. The process of 

selecting variables for the predictive model relies on comparisons of quality indicators 

among candidate models. Variables are eliminated if they produce relatively low variable 

importance in the projection (VIP) values and low Q2 values.  The final equation 

produced three significant predictor variables (fault slip, clay%, and grain size) for FIDw 

and FIDƒ with a Q2 of 0.615. Predictions of FIDw and FIDƒ can be calculated using 

equations 1 and 2 from Chapter 2:  

 

LOG10FIDw = 1.66 + 0.44 X LOG10fault slip - 0.46 X LOG10clay % + 0.50 X LOG10grain size        (1) 

LOG10FIDƒ = 1.39 - 0.12 X LOG10fault slip - 0.047 X LOG10clay % - 0.036 X LOG10grain size      (2) 

 

where fault slip, grain size, and clay percent are the predictor variables.  Results from the 

PLS model indicate that increasing fault slip leads to wider FIDs and lower average 

fracture frequency within the FID. As the FID widens, the decrease of fracture frequency 
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within the domain is attributed to an increase in the length of the low-frequency FID tail 

and the consumption of high-frequency fractures facilitated by the formation of the fault 

core. The growth of FIDs, and FDZ in general, is hypothesized to reach a maximum limit 

of 250 meters. Damage zones at the 250 meter limit will not experience any significant 

widening as the magnitude of slip continues to increase over the lifetime of the fault.  

Grain size and clay percent have lesser, but significant influences on FID 

geometry. Grain size has a positive covariance with FIDw and a negative covariance with 

FIDƒ.  Clay percent has a negative covariance with both FIDw and FIDƒ.  For lithologies 

with larger grain sizes and relatively lower clay content (i.e. sandstone), the model 

predicts relatively wide FIDs and low fracture frequencies. Transitioning from sandstone 

to shale increases the clay mineralogy percent, which should result in a decrease in the 

fracture frequency.  However, clay content and grain size have opposing effects on FIDƒ. 

A decrease in grain size leads to an increase in the average fracture frequency. Between 

the lithologic variables, grain size was found to have a more significant influence on FID 

geometry, resulting in an overall increase in fracture frequency when transitioning from 

sandstone to shale.   

In the second manuscript (Chapter 3), I present a new statistics-based 

methodology for calculating fracture frequency boundaries using a linear piecewise 

regression (LPR) analysis and the Akaike information criterion (AIC) to calculate the 

optimal number of slope segments. The LPR/AIC methodology outlined in this 

manuscript can accurately calculate the width of FIDs by fitting multiple slope segments 

to cumulative fracture frequency (CFF) data. By plotting all the individual CFF slopes as 

standalone datasets, with each segment zeroed at the origin of the graph, three distinct 
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clusters of segments are apparent. Average slopes and corresponding value ranges for 

each group of linear segments produced three discrete CFF slope intervals: background, 

intermediate FID (FIDint), and core FID (FIDc). Background frequencies exhibit an 

average CFF slope of 4.6 and an average fracture frequency of 2.4 fractures/m. FIDint 

frequencies have higher CFF slopes of 109.7, and a higher average fracture frequency of 

12.3 fractures/m. FIDc frequencies are defined by the highest average CFF slope of 

2208.2 and highest average fracture frequency of 44.6 fractures/m. The changes in slope 

among the CFF intervals differentiate damage zone fractures from the background 

fracture set. The three CFF slope intervals are hypothesized to represent multiple strain 

localization events. Each successive overprinting event results in a reduction in the active 

fracture zone width and an increase in fracture frequency, concluding with the formation 

of a fault surface. 

Results from the frequency analysis produced five fracture frequency subtypes: 1) 

slip-induced FID, 2) compound FID, 3) isolated FID, 4) generic FID and, 5) background 

fractures. Slip-induced FIDs produce a fracture zone with a slope break between high and 

low fracture frequency regions on a cumulative fracture frequency, a power law 

regression of fracture frequencies away from the fault, and a single fracture frequency 

peak at the fault surface. Compound FIDs contain multiple slope breaks in the cumulative 

fracture frequency curve, multiple fracture frequency peaks, and are produced from slip 

on multiple faults within the FID. The isolated FID contains elevated fracture frequency 

with minor slope breaks in the cumulative fracture frequency data and has no significant 

variation in fracture frequency with distance. The generic FID contains frequency values 

that are similar to a slip-induced FID zone, but no faults are observed. 
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Combining the results from the LPR/AIC analysis in Chapter 3, the PLS 

predictive model relationships from Chapter 2, and tenets of progressive strain 

localization, I propose a comprehensive model that describes fracture-fault evolution 

from the earliest stages of regional fracture and fault initiation through mature damage 

zone development. Phases are divided into (1) regional background fracturing, (2) pre-

slip strain localization, (3) syn-slip strain localization, (4) damage zone growth, and (5) 

fault slip/damage zone equilibrium. In this model, prior to strain localization, regional 

background fractures form throughout the stratigraphic section in lithologies susceptible 

to fracturing. The formation of background fractures is followed by pre-slip strain 

localization, forming isolated FIDs that overprint the background fractures. During the 

syn-slip phase, a core of high frequency fractures forms adjacent to the through-going 

fault surface, overprinting the previously formed fractures. Syn-slip fracturing creates the 

FID-fault pair with a power law decay of fracture frequency away from the fault surface. 

The damage zone growth phase is facilitated by the lengthening of the low frequency tail 

of the power law distribution of fractures. Maximum width of the damage zone is 

achieved when fault slip reaches approximately 250m, at which time slip on the fault 

surface does not cause further growth of the damage zone. 
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