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ABSTRACT 

 
Given the rising number of groundwater contamination scenarios involving reactive 

solutes, understanding fundamental interactions between aquifer heterogeneity and solute 

transport is crucial in assessing human health risk.  Aquifer heterogeneity is known to affect 

solute characteristics such as spatial spreading, mixing, and residence time, all of which may 

influence solute concentrations.  Dispersion resulting from different scales of heterogeneity is 

examined, ranging from the local scale (sub-grid dispersion as small as a millimeter) to the 

regional scale (macrodispersion due to advection as large as tens of kilometers).  Finely 

discretized, large extent aquifers are simulated stochastically to test for parameter sensitivity and 

to quantify uncertainty.  Stochastic numerical simulations allow the flexibility to perform 

controlled experiments across a range of spatial and temporal scales, and are especially 

advantageous when applied to probabilistic risk assessment where statistically analyzing 

environmental conditions can be used to inform risk management decisions.  For example, by 

varying the spatial persistence patterns of aquifer material, feedbacks between the degree of 

statistical anisotropy (i.e. aquifer stratification) and plume migration are observed and quantified. 

I demonstrate that both the degree of statistical anisotropy and the model of heterogeneity have 

significant impacts not only on uncertainty quantification of solute travel time and concentration 

parameters, but also uncertainty quantification of human health risk.  Results show that the 

impact of local and small-scale reactions (such a kinetic sorption) up-scale and affect far field 

plume behavior, where the impact is largely a function of larger, maco-scale heterogeneities.  

The development of a framework for time dependent risk assessment (TDRA) is also presented, 

and highlights how hydro-geologic processes can be used to inform a risk assessment.   In 
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contrast to traditional, time independent assessments of risk, this new formulation relays 

information on when the risk occurs, how long the duration of risk is, and how risk changes with 

time. These results are especially pertinent for forecasting risk in time, and for risk assessors and 

managers who are assessing the uncertainty of risk.  Finally, the communication difficulties in 

conveying technical information in post-normal science are discussed using the example of 

hydraulic fracturing, or fracking.  The use of documentaries in opposing information campaigns 

is used as an illustration.  In this example we show that these techniques, and specifically the 

focus on a "data battle" prevent a constructive dialogue between not only the opposing 

information campaigns within a debate, but also between the public and scientists or technical 

experts.
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CHAPTER 1  

GENERAL INTRODUCTION 
 

This work is motivated by the need to draw connections across the fields of 

hydrologeology, risk assessment, and risk communication, especially as the characterization of 

natural systems become more sophisticated and questions of anthropogenic impacts on the 

environment become more prevalent.  In Chapters 2-4 of this dissertation, numerical techniques 

are used as a tool to assess uncertainty in the growing number of reactive contamination 

problems.  I focus on the use of stochastic, controlled numerical experiments across a range of 

spatial and temporal scales to quantify uncertainty and sensitivity.  This approach is especially 

advantageous when applied to probabilistic risk assessment, where statistically analyzing 

environmental conditions can be used to inform risk management decisions.   

In Chapter 2, a robust sensitivity analysis is conducted by assessing the interplay between 

varying scales of heterogeneity, ranging from millimeter, pore-scale dispersion and kinetic 

reactions to several hundreds of meters hydraulic conductivity correlation lengths.  Human 

health risk is used as an endpoint for comparison via a nested Monte Carlo scheme, explicitly 

considering joint uncertainty and variability.    Chapter 3 describes the development of a new 

framework, Time Dependent Risk Assessment (TDRA), which is important when concentration 

versus time signals are time dependent, as shown in Chapter 2.  The development of TDRA is 

important to assess not only the magnitude or risk, but also the duration.   Chapter 4 re-examines 

the question of scales of heterogeneity discussed in Chapter 2, but focuses the comparison on 

heterogeneity model sensitivity opposed to parameter sensitivity.  Here, differences in anisotropy 

over a ten-kilometer travel distance are assessed for different models of heterogeneity honoring 

the same global statistics.   Lastly, in Chapter 5 of this dissertation I discuss the communication 
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difficulties in competing information campaigns, especially those encountered in post-normal 

science.  The concept of a “data battle” is introduced, where science is used to promote one’s 

side while dismissing another.  Specifically, an analysis of opposing information campaigns in 

hydraulic fracturing, or fracking, in two opposing documentaries is used as an example. 

 Chapters 2 and 3 are published in Water Resources Research (WRR) and Science of the 

Total Environment (STOTEN), respectively.  Both papers are co-authored by Erica R. Siirila, 

graduate student, Department of Geology and Geological Engineering, Colorado School of 

Mines, and by Reed M. Maxwell, Associate Professor, Department of Geology and Geological 

Engineering, Colorado School of Mines.  Erica R. Siirila is the primary researcher, author, and 

corresponding author for both papers.  Chapter 2 is reprinted with permission of WRR, 2012, 48, 

p. W04527.  Chapter 3 is reprinted with permission of STOTEN, 2012, 431, p. 221-232.  See 

Appendices D and E for further copyright information.        
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CHAPTER 2  

EVALUATING EFFECTIVE REACTION RATES OF KINETICALLY DRIVEN SOLUTES 

IN LARGE-SCALE, STATISTICALLY ANISOTROPIC MEDIA: HUMAN HEALTH RISK 

IMPLICATIONS 

A paper published in Water Resources Research 

Erica R. Siirila and Reed M. Maxwell 

2.1  Introduction 

Correctly identifying point values of a contaminant plume (i.e. at a well) is critical to 

accurately calculate human health risk because groundwater concentrations are often directly 

used as exposure values to assess risk.  The importance of fundamental groundwater flow and 

transport processes in risk assessment has been demonstrated in multiple studies, but with 

varying methods.  For example, risk assessments in which health risk is calculated with human  

exposure [e.g. Andričević et al. 1994; Hassan et al. 2001; Tartakovsky 2007; Bolster and 

Tartakovsky 2008], or conversely when human exposure is not calculated, and risk is defined as 

exceeding a threshold concentration such as a maximum contaminant level (MCL) or the risk of 

system failure [e.g. Bolster et al. 2009a; Fernandez-Garcia et al.].  Probabilistic approaches 

have also been used [e.g. Andričević 1996; de Barros and Rubin 2008], including a subset of 

probabilistic approaches which utilize a rigorous treatment of risk via uncertainty and variability 

methods [e.g. Maxwell et al. 1999b; Smalley et al. 2000; Benekos et al. 2003; Benekos et al. 

2007; Maxwell et al. 2008; de Barros et al. 2009; Siirila et al. 2012].  Maxwell and Kastenberg 

[1999] found sorption mechanisms’ influence on human health risk is small given intermediate 

and long exposure durations.  Most recently, the influence of a contaminant’s sorptive capacity 

was found to be a controlling factor in determining if risk exceeded United States Environmental 
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Protection Agency (EPA) remediation action levels (RAL) [Siirila et al. 2012].  Under an 

exposure duration of 30 years, differing degrees of instantaneous equilibrium sorption (referred 

to here as the local equilibrium assumption, LEA) yielded differing probabilities of an individual 

incurring cancer over a lifetime and/or experiencing an adverse health effect, where values of 

predicted risk varied by over an order of magnitude.  Additionally, field and laboratory 

observations show non-ideal or kinetic behavior of reactive solutes [e.g. Pickens et al. 1981; 

Roberts et al. 1986], suggesting the use of LEA in contaminant transport studies may be 

problematic for accurately quantifying human health risk.  This discrepancy and the finding of 

Siirila and co-authors which shows the importance of sorption mechanisms in assessing risk 

warrants further analysis of the assumption of LEA in risk assessment, and to identify the 

constraints of predictive tools to estimate when LEA is appropriate (for example, the Damköhler 

number as discussed in Section 2.2.3).   

Deviations from LEA and the effects of kinetically sorbing solutes have been extensively 

studied in the past [Jennings 1984; Valocchi 1985; Bahr and Rubin 1987; Valocchi 1988; 

Valocchi 1989; Valocchi and Quinodoz 1989; Cvetkovic and Shapiro 1990b; Andričević and 

Foufoula-Georgiou 1991; Selroos and Cvetkovic 1992; Dagan and Cvetkovic 1993; Cvetkovic 

and Dagan 1994; Selroos and Cvetkovic 1994; Miralles-Wilhelm and Gelhar 1996; Espinoza 

and Valocchi 1997; Fiori and Bellin 1999; Mishra et al. 1999; Michalak and Kitanidis 2000; 

Fiori et al. 2002] but not in the context of human health risk assessment.  The majority of these 

studies derive or utilize analytical solutions that do not explicitly simulate well capture which is 

often necessary in predicting groundwater contamination and risk scenarios.  Additionally, first 

order analytical solutions are generally not valid at large variances of hydraulic conductivity, K 

[m d-1] [Chin and Wang 1992; Selroos and Cvetkovic 1992; Selroos 1995; Salandin and Fiorotto 
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1998].  While higher order solutions exist, here we choose to use a numerical approach to allow 

for more flexibility in the level of problem complexity and the treatment of simplifying 

assumptions normally used in analytical solutions.     

The numerical framework utilized in this study is stochastic, where risk derived from 

groundwater well concentrations in three-dimensional heterogeneous media is assessed 

probabilistically.  Specifically we investigate the effect of kinetically sorbing solutes in highly-

stratified aquifers, a topic addressed in the early literature for more simplified heterogeneous 

domains [Valocchi 1988; Valocchi 1989; Cvetkovic and Shapiro 1990a; Andričević and 

Foufoula-Georgiou 1991].  Here we use stratified domains to assess realistic far-field 

groundwater contamination scenarios where variations in sedimentology and stratigraphy are 

dominant factors in determining contaminant flow and transport.  Stratified aquifers are often 

associated with non-ergodic transport [Sánchez-Vila and Solís-Delfín 1999a], or when the 

ensemble statistics do not coincide with the corresponding spatial averages calculated over a 

single realization [Christakos 1992].  If the source dimensions are small with respect to the 

integral scale, highly stratified (i.e. highly anisotropic) aquifers have a higher uncertainty 

associated with the location of the plume center of mass and plume spreading. The stratified 

aquifer is also of interest because (1) the stratigraphy of many natural formations are highly 

anisotropic [e.g. see Table 2.1 of Rubin 2003] and (2) inter-connected pathways are much more 

prevalent, where channeling of solutes through areas of higher hydraulic conductivity effectively 

decreases the overall effect of macrodispersion [Siirila et al. 2012].  The importance of 

preferential flow paths was recently observed at the Macrodispersion Experiment (MADE) site, 

where highly asymmetric breakthrough curves suggest transport connectivity and where 43% - 

69% of particle paths are located within the high hydraulic conductivity zones [Bianchi et al. 
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2011].  This study, however, only examines a small region of the aquifer (where domain size in 

x, y, and z directions are xd = 4, yd = 4, zd = 6 [m], respectively); it is one of the objectives of the 

current study to investigate how the effects of connectivity zones over short (i.e. meter scale) 

effect connectivity over larger distances (i.e. kilometer scale).  This objective is achieved by up-

scaling aquifers of similar hydraulic composition (i.e. according to similar correlation lengths of 

[Rehfeldt et al. 1992]) to the kilometer scale.   

In the present analysis, a case-study (see Section 2.3) is used to simulate an example 

contamination scenario involving mobilized arsenic, an aqueous contaminant that will sorb to 

mineral surfaces.  Multiple ensembles (each composed of 200 realizations) of large-extent, 

highly-resolved, regional-scale aquifers are simulated with flow and transport codes through the 

use of parallel high performance computing.  Well elution breakthrough curves and time 

dependent kinetic sorption are explicitly accounted for in this process.  Because the methodology 

is numerical, high variances of Y = ln(K) [m d-1] are also explored. Both the validity and 

predictability of LEA is investigated by stochastically simulating ensembles of both linear and 

kinetic sorption scenarios that should theoretically retard the solute equally if equilibrium is an 

appropriate assumption.  An investigation of potential inter-play (positive or negative feedbacks) 

between multiple hydro-geologic parameters is conducted for both kinetic and LEA ensembles.  

In particular, the effect of preferential flow pathways and solute mixing on the field-scale 

(marcrodispersion) and sub-grid (local dispersion) is examined by a comparison of normalized 

well breakthrough curves and peak times for varying degrees of stratified, heterogeneous flow 

fields.  Finally, carcinogenic human health risk is used as an endpoint of comparison by utilizing 

a risk methodology previously developed [Maxwell and Kastenberg 1999; Siirila et al. 2012].  

Risk is calculated for a population of potentially exposed individual using a nested Monte Carlo 
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approach, explicitly considering uncertainty in environmental parameters and variability in 

individual physiological and exposure parameters.  These results have implications in a wide 

range of groundwater contamination scenarios involving reactive solutes, including but not 

limited to, acid-mine drainage, CO2 leakage from Carbon Capture and Storage (CCS), other 

forms of underground waste storage, agricultural and urban run-off, disposal of industrial 

wastewater, etc.      

2.2 Methodology 

Following the framework of Siirila and others [2012], far-field groundwater flow and solute 

transport is modeled stochastically to account for uncertainty in groundwater flow paths. A 

complete set of the governing equations for (1) flow and transport, and for (2) human health risk 

are described in Appendices A and B, respectively.  Section 2.2.1 briefly describes the creation 

of the heterogeneous aquifer, also consistent with the methodology previously presented by 

Siirila and co-authors.  Section 2.2.2 outlines a number of new metrics used to analyze the 

interplay between reactive solutes and the hydrologic flow field.  These metrics are useful tools 

to understand how modeling parameters affect groundwater flow and transport and ultimately 

how they affect risk assessment analyses.   

2.2.1 Hydrologic Flow Field and Heterogeneity 

Uncertainty in hydrologic flow and subsurface properties is accounted for by the use of a 

stochastic Monte Carlo scheme where multiple realizations of equally probable heterogeneous 

subsurface domains are simulated, all honoring the same global statistics. Although equally 

likely, each realization randomly simulates distinctly different hydraulic conductivity (K) [m d-1] 

fields based on the geo-statistical descriptors geometric mean (Kg) [m d-1] and variance ( ) [-] 

of K.  An exponential correlation model is used to define spatial correlation of K via a separation 

σY
2
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distance (ξ) [m] and correlation lengths in the horizontal and vertical directions (λh, λv, 

respectively) [m]: 

    (2.1) 

In this study, the magnitude of λh is used to describe the degree of aquifer stratification and is a 

principal parameter investigated in the sensitivity analysis of the case study.  The degree of 

stratification is discussed in terms of the statistical anisotropy ratio, ε [-], equivalent to the ratio 

of vertical and horizontal correlation lengths (ε =λv/λh), and referred to hereafter as the anisotropy 

ratio.  A very stratified formation is equivalent to ε <<1.  This process yields realizations of flow 

dictated by the head gradient and spatially correlated random K field which together comprise an 

ensemble of equally likely flow scenarios.  By varying parameters such as ε and the regional 

groundwater velocity (v [m d-1], see Equation A3), multiple ensembles can be cross-compared. 

2.2.2 Transport of Sorbing Solutes 

Realizations of the flow field described in Section 2.2.1 are linked to a solute transport 

model to simulate plume migration from a fixed source location.  By linking flow field 

realizations with transport, ensembles of constant global statistics of flow and transport 

properties can be investigated.  Sensitivity to these hydraulic properties is explored by generating 

multiple ensembles of varying hydraulic properties and analyzing the statistical outcome of an 

endpoint measured in the solute transport model (i.e. concentration at a well).  

Non-reactive (i.e. tracer), LEA, and first-order kinetic particle simulations are conducted.  

LEA simulations utilize the partition coefficient (KD) [L kg-1], defined as the slope of sorption 

isotherm relating the aqueous concentration in solution (C) [mg kg-1] is to the sorbed 

concentration in the solid phase (C*) [mg m-3].  Kinetic simulations utilize time dependent 

R(ξ ) =σ 2 exp−ξ /λh,v
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forward (kf) [L d-1] and reverse (kr) [kg d-1] rates with an equivalent ratio to the partition 

coefficient: 

      (2.2) 

All sorption parameters (KD, kf, kr) are constant in space and time.  Here the retardation (R) [-] of 

the solute is directly related to KD for LEA simulations and the ratio (kf / kr) for kinetic 

simulations, where: 

                 (2.3) 

                 (2.4) 

where and θ [-] is porosity and ρb [kg m-3] is the bulk density of the porous medium.  A 

stochastic element was added to the Lagrangian particle tracking model SLIM-FAST to rapidly 

and efficiently simulate the time dependence associated with kinetic sorption.  This technique 

builds on previous approaches to decrease simulation time and improve computational efficiency 

[A. Keller and Giddings 1960; Valocchi and Quinodoz 1989; Andričević and Foufoula-Georgiou 

1991; Tompson and Dougherty 1992; Quinodoz and Valocchi 1993; Michalak and Kitanidis 

2000; Maxwell et al. 2007].  When kf  and kr rates are slow, reaction times are large and the 

particle displacements are small within a given advection time tadv [d], and result in long waiting 

times [e.g. Valocchi and Quinodoz 1989].   Rather than explicitly simulating phase transfer 

between the porous media and solution, aqueous and sorbed times (taq  [d] and ts [d], respectively) 

during one tadv are monitored.  taq  and ts are scaled by kf and kr, in addition to a random number 

within a normal distribution (RN): 

KD =
k f
kr
=
C*

C

RLEA =1+
ρbKD

θ

Rkin =1+
ρbk f
θkr
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      (2.5) 

                  (2.6) 

When the sum of taq and ts exceed the tadv, ts is then added to the continuously running particle 

time (tparticle) [d].  This process is computed for each particle, p, for each advection step: 

               (2.7) 

In other words, the model is continuously moving particles according to the aqueous advection 

time (and therefore at a faster simulation rate) but accounts for kinetic sorption time by 

calculating a running tally of sorbed time.  This process is especially efficient when forward and 

reverse rates are very fast in comparison to the groundwater velocity, effectively decreasing 

simulation time by several orders of magnitude over the approach previously used (see Maxwell 

et al. 2007, supplemental material for further particle tracking details).  This approach is similar 

to the third of Valocchi and Quinodoz’s [1989] methods (the “Arbitrary Time step”), which was 

found to provide the most efficient method of simulating kinetic sorption with low simulation 

times, where the computational effort is quasi-independent of the reaction rate.   

Local (or sub-grid) dispersion (LD) has also been linked to sensitivity in higher order 

moments (i.e. mean solute point flux and concentration variances) [Dagan and Fiori 1997; Fiori 

et al. 2002; Fiorotto and Caroni 2002; Bellin et al. 2004].  This increase in dispersion is 

quantified in terms of displacement by the non-dimensional Péclet number (Pe) [-] and 

simplified through the relationship in Equation A6 as: 

                (2.8) 

taq =
RN
kf

ts =
RN
kr

Given taq,p + ts,p > tadv,p
tp = tp + ts,p

Pe =
vxλx=y
DL

=
λx=y
αL
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LD has also been found to be especially significant in three-dimensional stratified aquifers, 

where given high Pe numbers and low ε, the neglect of LD may yield in-accurate results [Bellin 

et al. 2004].  Fiori [1996] also had a similar finding for ε ≤ 0.1, where both studies analyzed Pe 

numbers up to O(103 - 104).  Combinations of infinite (Pe = ∞) and finite (Pe ≠ ∞) Péclet 

numbers of O(104-105) at low anisotropy ratios (ε ≤ 0.1) are simulated in this case study to 

examine aquifer settings where sedimentology and stratigraphy are controlling factors in flow 

and transport.  Combinations of high Pe and low ε have been briefly investigated in the literature 

[e.g.Indelman and Dagan 1999] but not previously studied in risk assessment.  Even if the 

aquifer is not highly stratified, Fiorotto and Caroni [2002] argue that it is important to include 

LD in the field of risk analysis where a threshold of safety is defined.  A second stress on the 

investigation of LD in the case of stratified domain is made because other processes such as 

molecular diffusion and diffusive fractionation have been found to be controlling in non-

equilibrium, or poorly mixed, regimes [LaBolle et al. 2006].  Although the fundamental process 

and scales differ, LaBolle and co-authors found the importance of neighboring strata and 

hydrofacies (i.e. low and high K zones) to be controlling in correctly dating post-1950, prebomb 

peak 3H and 3He water.  

2.2.3  LEA Prediction: The Damköhler Number  

The assumption that solutes instantaneously reach equilibrium is partly based on the 

postulation that groundwater velocities are slow relative to the rate of reaction, but is also widely 

used because of the reduction in complexity in the mass transport model [Jennings 1984].  As 

noted earlier, this assumption may or may not be valid given certain hydrologic conditions.  

Traditionally, the use of the dimensionless Damköhler number has been used as a predictor to 

distinguish when LEA or kinetic modeling is appropriate [e.g. Jennings 1984; Bahr and Rubin 
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1987; Brusseau and Srivastava 1997; Espinoza and Valocchi 1997; Michalak and Kitanidis 

2000; Green et al. 2010].  Although there are several definitions of the “length scale” used in the 

Damköhler definition, we choose to adapt the following, local formulation based upon the scale 

of the spatial discretization:

 

 

Da Local=
k f *Δx
v
 =

k f *Δx

vx
2 + vy

2 + vz
2

       (2.9) 

where Δx [m] is the cell size parallel to groundwater flow and v


 [m d-1] is the cell based local 

velocity vector defined by directional components within that cell: vx [m d-1], vy [m d-1], vz [m d-

1].  It is important to note that because kf and kr rates are spatially homogeneous, any variance in 

Da is attributed to fluctuations in  (and therefore Y) alone.  Likewise, we define a global 

estimate of the Damköhler number as: 

Da Global=
k f *Δx
v

                  (2.10) 

Following the aforementioned studies examining Damköhler numbers, large Da values, typically 

over 10.0 [-], suggest that the LEA is appropriate because the contaminant will have sufficient 

time to sorb to the porous media (i.e. sorption reaction time is small relative to the groundwater 

velocity).  Likewise small Da values, typically below 1.0 [-], suggest that the contaminant will 

not have sufficient time to sorb to the porous media (i.e. sorption reaction time is large relative to 

the groundwater velocity) and may be treated as conservative.  Intermediate Da values are rate 

limited, and forward and reverse kinetic modeling is needed.  Theoretically, a Gaussian 

distribution of Y would yield a similarly Gaussian distribution of cell based velocities, and 

therefore a similar distribution of Da (Figure 2.1a).  This is consistent with perturbation theory, 

where if according to Equation A1, ln(K) is described by Y = <Y> + Y’, v and Da may be 

described respectively as v = <v> + v’ and Da = <Da> + Da’. This reasoning does not consider 

v
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preferential flow pathways, or connected, high Y zones where the velocity may be much faster 

than the predicted velocity given the statistical composition of the domain.  Figure 2.1b-c shows 

an example cross-section of the parametric relationship between Y, v, and Da.  As expected, 

regions of high Y relate to regions of high v and regions of low Y relate to regions of low v.  The 

Y-v relationship, however, is not completely linear due to the physical constraints of the flow 

regime.  In contrast, the v-Da relationship is linear (see Equations 2.9 and 2.10).  A comparison 

of Figure 2.1b and Figure 2.1d shows a clear Y-Da trend, where equilibrium zones (high Da) are 

associated with zones of low Y. To quantitatively investigate the impact of preferential flow 

pathways, one representative realization is used to calculate a distribution of Da for each flow 

field ensemble using the DaLocal definition (Equation 2.9).  A comparison to (Equation 2.10) is 

then conducted. Results of Da estimates and distributions are discussed in Section 2.4.1.   

2.2.4  Analysis of breakthrough curves: Peak concentration distributions, effective 

retardations, connectivity indicator 

Four main parameters are adjusted in the following sensitivity analysis: ε, v, Pe, and the sorption 

scenario (i.e. LEA versus kinetic).  To quantify the effects of each parameter adjusted, the flux 

averaged peak time (tpk) [d] and normalized peak concentration (Cpk/C0) [-] at which the 

maximum mass arrives at the well are calculated. tpk and Cpk/C0 are computed for each well and 

each realization.  Cumulative distribution functions (CDFs) shown here are composed of (nw*nr) 

points, where nw is the number of wells within the domain, and nr is the number of realizations 

in the ensemble (i.e. 800 points per ensemble in this analysis).  Ensemble CDFs are then 

compared (see Section 2.4.2).  CDFs of pulse and continuous sources are also examined given 

the same ensemble parameters.  Bellin and Rubin [2004] found that peak concentration arrival 

time was a good proxy for advection dominated travel time.  Peak arrival times are also of 
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Figure 2.1 a) Theoretical distribution of Da following a Gaussian distribution of K. b-d) 
Identical cross sections showing the relationship between the variables b) Y c) v , and d) Da. 
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importance in the context of risk assessment, where the peak environmental concentration is 

averaged over an exposure duration (further details and discussion in Appendix B1).   

For each sorption scenario (LEA versus kinetic), effective retardation is expressed 

relative to tpk and Cpk of the corresponding tracer simulation of that realization, where: 

      (2.11) 

      (2.12) 

This essentially uses the conservative tracer simulations as a control by holding the parameters ε, 

v, and Pe, constant and isolating the effect of the sorption scenario alone.  Equations 2.11 and 

2.12 are based on the results of the numerical simulations and describe the effective retardation 

of the overall plume.  Reff,LEA and Reff,kin should not be confused with Equations 2.3 and 2.4 which 

are used to calculate cell-based retardation within the model.  Because of the relationship 

imposed between the ratio kf/kr and KD (see Equation 2.2), if LEA is an appropriate assumption, 

Reff,LEA is equivalent to R eff,kin, regardless of the hydrologic domain or the transport parameters.   

To investigate the effect of LD, two metrics are used to calculate effective retardations.  

First, the differences between non-reactive breakthroughs are compared for Pe = ∞ and Pe ≠ ∞ 

scenarios through the effective retardation of dispersion, Reff,Disp: 

                (2.13) 

To isolate the effect of LD alone, Equation 2.13 is calculated for the tracer simulations (i.e. 

excludes the sorption scenario).  This metric holds the parameters ε, and v constant while 

isolating the effect of Pe alone.   

Reff ,LEA =
tpk,LEA
tpk,tracer

Reff ,kin =
tpk,kin
tpk,tracer

Reff ,Disp =
tpk,tracer!" #$Pe≠∞
tpk,tracer!" #$Pe=∞
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Because kinetic sorption is associated with tailing behavior [e.g. Valocchi 1989], the 

additive effect of kinetics and dispersion was also investigated via the effective retardation of 

tailing, ΔReff,Tail: 

      (2.14) 

This metric holds the parameters ε and v constant and isolates the additive effect of tailing 

induced by LD and kinetic sorption.  Theoretically this effective retardation resulting from ε and 

v can also be calculated, by following the same parameter isolation process.  Because solute 

retardation scales linearly with v, the retardations of ε and v were not found to be controlling in 

this study and are therefore not presented in this work.  

      Lastly, channeling through preferential flow paths is investigated by the connectivity 

indicator, CI [-].  As described by Knudby and Carrera [2005], the position of one point on the 

breakthrough curve (first order moment) such as the peak or average concentration is 

proportional to the effective hydraulic conductivity, and does not relay information on flow 

connectivity.  The shape of the breakthrough curve (higher order moments), however, can be 

used to relate the degree of connectivity within an aquifer.  Here we define CI as the ratio of the 

time at which 5% of particle mass is present at the well (t5) [d], and the time at which 50% of the 

particle mass is present at the well (t50) [d]:   

       (2.15) 

A higher CI value signifies a breakthrough curve skewed towards earlier arrival times and 

significant tailing.  Higher CI values indicate high channeling when compared to lower CI values 

[Knudby and Carrera 2005].  Equation 2.15 was recently utilized in the work of Bianchi and co-

ΔReff ,Tail = Reff ,kin"# $%Pe≠∞ − Reff ,LEA"# $%Pe=∞

CI = t50
t5
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authors [2011] and is based on the work of Knudby and Carrera, but differs in that it does not 

utilize an area averaged exit face of the domain.   

2.3  Description of Case Study 

A hypothetical contamination scenario of a potable drinking water aquifer is investigated in 

a fully saturated, regional-scale aquifer (approximately xd = 4000 [m], yd = 1000 [m], zd = 100 

[m]).  200 realizations of Y and the subsequent hydrologic flow field were calculated by 

following the methodology described in Section 2.2.1.  Hydrologic parameters implemented (Kg, 

, λh/ λv ) are typical of a fluvial or glacial outwash sand and gravel aquifer [Springer 1991; 

Rehfeldt et al. 1992; Rubin 2003].  In this study two end-member ε are used to simulate aquifers 

with varying degrees of stratification.  To allow for cross comparison of differing ε ensembles, λh 

is varied while λv remains constant.  Appropriate spatial sampling of the Y-field is implemented 

through a resolution of at least five cells per λv and λh [Ababou et al. 1989], yielding a fine scale 

discretization of  Dx=Dy=3.0 [m] and Dz=0.3 [m] resulting in approximately 150 million 

compute cells.  Due to the large number of cells per realization and the large number of 

realizations per ensemble, convergence below 1% was reached after 75 realizations in ε = 0.1 

ensembles and below 0.1% in ε = 0.006 ensembles.  Figure 2.2 shows representative realizations 

of each ε ensemble.  Additionally, three regional head gradients are simulated to produce varying 

degrees of v, spanning three orders of magnitude (v = 0.001, 0.01, 0.1 [m d-1]).  A hydraulic head 

gradient along the x-axis is imposed with constant head boundaries at the two faces of the 

domain parallel to the y-axis and enforcing no-flow boundaries at all other faces of the domain.  

Domains of each ε are paired with each v, yielding six ensemble scenarios.  These ensembles of 

varying hydraulic properties are used to simulate plume migration from a fixed source location 

σY
2
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up gradient of four groundwater pumping wells where contaminant mass is tracked as a function 

of time.  Table 1.1 lists all flow parameters values used in the case study.    

Continuous and pulse sources of arsenic-contaminated groundwater are investigated, where 

the source concentration is assumed to be lognormally distributed based on the geochemical 

modeling of a source term in a previous study [Siirila et al. 2012].  Arsenic is a worldwide 

contaminant of concern in groundwater resources and is furthermore of importance due to its 

high cancer and non-cancer adverse health effects.  Arsenic was also chosen for this case study 

due to its relatively mobile nature in comparison to other known toxins such as lead [Siirila et al. 

2012]. Human toxicity of arsenic has also been extensively studied in areas of naturally 

occurring, arsenic rich host-rock material [Nickson et al. 1998; Berg et al. 2001; Ogola et al. 

2002; Yu et al. 2003].  The US EPA ranks contaminants according to the amount of available 

data for a given contaminant from A (known human carcinogen) to E (evidence of 

noncarcinogenicity for humans).  Arsenic is one of the few contaminants which is rated as “A”, 

known human carcinogen, due to the vast number of studies which identify arsenic as the cause 

of cancers of the skin, lung, liver, and kidney [Chen et al. 1992; Guo et al. 1997].  One study 

estimated that at the previous US EPA maximum contaminant level (MCL) of arsenic (50.0 

[ppb], now currently 10.0 [ppb]) at a water ingestion rate of 1.0 [L d-1], as many as 13 out of 

every 1,000 US persons are at risk of dying from liver, lung, kidney, or bladder cancers [Smith et 

al. 1992].  As discussed in Appendix B, this probability greatly exceeds the US EPA remediation 

action levels, and stresses the need to accurately quantify US exposure to arsenic contamination.  

While the analysis here is based on the sorptive and toxicity values of arsenic, the results are 

generally applicable to a range of other contaminants with similar properties.    

Solute transport of mobilized arsenic is modeled using the methodology described in Section 
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Figure 2.2.  Representative realizations of Y [m d-1] fields for (a,c) a more stratified domain, ε = 
0.006 [-] opposed to (b,d) a less stratified domain, ε = 0.1 [-].  Plan view is shown in a-b and a 
segment of the vertical cross-sections is shown in c-d. 
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Table 2.1 Flow and transport parameter values. 

Parameter Value Units 
Domain Size (xd, yd, zd) ~ (4000 x 1000 x 100) [m] 
Cell discretization (Δx, Δy, Δz) (3.0 x 3.0 x 0.3) [m] 
Number of cells (nx, ny, nz) (1333 x 333 x 333) - 
Location of source (x, y, z) (500.0, 500.0, 30.0) [m] 
Distribution of source C lognormal distribution: 

     mean:  0.005  
     stdev:  0.55 

[µg L-1] 
[-] 

Number of particles  300,000 - 
Geometric mean of Y KG, Y = 52 [m d-1] 
Standard deviation of Y σY = 1.9 - 
Porosity θ = 0.33 - 
Well pumping rates Qw = 500 [m3 d-1] 
Well screen length sw = 20 [m] 
Well locations xw = 3500, yw = 800, zw = 75 

xw = 3500, yw = 600, zw = 75 
xw = 3500, yw = 400, zw = 75 
xw = 3500, yw = 200, zw = 75 

[m] 
[m] 
[m] 
[m] 

 
Anisotropy ratios   
ε = 0.1 [-] λh = 15.0 [m] 
 λv = 1.5 [m] 
ε = 0.006 [-] λh = 250.0 [m] 
 λv = 1.5 [m] 
   
Mean groundwater velocities   
v = 0.001 [m d-1] Δh = 0.0317  [m] 
v = 0.01 [m d-1] Δh = 0.317  [m] 
v = 0.1 [m d-1] Δh = 3.170  [m] 
   
Sorption scenarios     
LEA, partition coefficient KD = 25 [L kg-1] 
Kin1, forward and reverse rates kf = 2.88, kr =0.115  [L d-1] 
Kin2, forward and reverse rates kf = 28.80, kr =1.150  [kg d-1] 
   
Local dispersion scenarios     
Pe = ∞ [-] αL = 0.0, αT = 0.0 [m] 
Pe = 1.5 x 104 [-] For λh = 15.0: 

αL = 0.001, αT = 0.0001 
 
[m] 

Pe = 2.5 x 105 [-] For λh = 250.0: 
αL = 0.001, αT = 0.0001 

 
[m] 
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1.2.2.  For each of the six aforementioned flow-field ensembles, plume migration is simulated 

utilizing LEA and first-order kinetic sorption. Two sets of kinetic forward and reverse rates are 

used (referred to hereafter as Kin1 and Kin2) where the ratio of forward and reverse rates of each 

scenario are equivalent to each other and to the KD value used in the LEA simulations (see 

Equation 2.2, kf,Kin1/kr,Kin1 = kf,Kin2/kr,Kin2 = KD).  Forward and reverse rates range by an order of 

magnitude, and are mean to be reflective of a range of literature values for arsenic [e.g. Darland 

and Inskeep 1997; Smith and Naidu 2009]. As described in Section 2.2.2.2, if LEA is 

appropriate, the effective retardation of all sorption scenarios is equivalent (Reff,LEA = Reff,Kin1 = R 

eff,Kin2). The effect of LD is also investigated by simulating ensembles with (Pe ≠ ∞) and without 

(Pe = ∞) this added parameter.  Table 1.1 lists all transport parameter values used in the case 

study. 

For each ensemble, human health risk is calculated for the 99th fractile of variability 

(maximally exposed individual) following the methodology described in Appendix B.  Risk to 

individuals within a population is calculated with exposure parameters based on the California, 

USA groundwater case study of McKone and Bogen [1991] and the references therein. Table 1.2 

lists the generic exposure parameters used as suggested by the US EPA [U.S.EPA 2001, 2004], 

as well as the arsenic toxicity values obtained and/or derived from the IRIS database.  For each 

ensemble, 200 flow and transport realizations (uncertainty loop) were simulated and then re-

sampled using a bootstrap method of 20,000 realizations to accurately characterize the source-

term distribution.  An additional 10,000 realizations of variability were then conducted for each 

uncertainty loop, resulting in 200 million Monte Carlo iterations per realization of the K field. 

2.4 Results and discussion  

Following this methodology above, results from each metric are discussed below.  
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Table 2.2 Exposure and toxicity parameter values. 

 

Parameter Value Units Distribution* Values Source 

Exposure duration ED [yr] C 30 US EPA RAGS,  
Part A, 2001 

Exposure frequency EF [d yr-1] C 365 US EPA RAGS,  
Part A, 2001 

Averaging time AT [d] C 70 x 365 US EPA RAGS,  
Part A, 2001 

Ingestion rate per 
unit   body weight IR/BW [L kg d-1] L (3.3 x 10-2, 1.3 x 10-2) Mckone and  

Bogen, 1991 
Skin surface area per 
unit body weight SA/BW [m2 kg-1] L (2.7 x 10-2, 2.5 x 10-3) Mckone and  

Bogen, 1991 
Fraction of skin in 
contact with water fskin [-] U (4.0 x 10-1, 9.0 x 10-1) Mckone and  

Bogen, 1991 
Shower exposure 
duration EDshower [h d-1] L (1.3 x 10-1, 9.0 x 10-2) Mckone and  

Bogen, 1991 
Unit conversion 
factor CF [L m-3] C 1.0 x 10-3 - 

 
Cancer potency 
factor, ingestion CPFing [kg d mg-1] C 1.5 IRIS 

Cancer potency 
factor, dermal CPFderm [kg d mg-1] C 1.58 

 (CPFing/ABSGI) 

Gastrointestinal 
absorption ABSGI [-] C 95% US EPA RAGS, 

Part E, 2004 
Dermal permeability 
coefficient in water Kp [m h-1] C 1.0 x 10-5 US EPA RAGS, 

Part E, 2004 
*Constant (C); Lognormal (L) values represent the mean and standard deviation (respectively); 
Uniform (U) values represent the minimum and maximum values (respectively). 
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2.4.1 Damköhler Number distributions 

A global definition of the Damköhler number using Equation 2.10 (see Section 2.2.2.1) 

was used to estimate the extent to which LEA is valid for each case.  Table 1.3 lists DaGlobal for 

varying v and for both kinetic sorption rates.  Using this predictor of solute behavior, equilibrium 

is expected for all scenarios, regardless of kf or v.  To investigate to use of the Damköhler 

number as an indicator of macro-equilibrium conditions, a distribution of DaLocal numbers was 

also calculated for representative realizations of each of the six ensembles and for both kinetic 

rates using Equation 2.9.  Figure 2.3 shows the frequency of DaLocal for varying v (Figure 2.3 a-c) 

and ε (see key of each sub-Figure 2.3) in a single realization composed of 1.4 x 108 cells for both 

kinetic scenarios Kin1 and Kin2 (Figure 2.3 solid versus dashed lines, respectively).  Regardless 

of v, ε, or kf, a large distribution of DaLocal is apparent, ranging from prediction of the solute akin 

to a tracer (DaLocal ≤1.0), kinetically controlled (1.0 ≥ DaLocal ≤10.0), or in equilibrium (DaLocal 

≥10.0).  A large frequency of DaLocal values fall within non-equilibrium regimes, suggesting 

modeling with LEA may not be an appropriate assumption at all spatial locations within the 

domain.  At this , the distributions of DaLocal for all scenarios are non-Gaussian, suggesting 

the relationship between Y and v (and therefore DaLocal) are non-linear.  This non-linearity is 

expected due to the physical constraints on v, where v is shown to vary more smoothly and has a 

smaller coefficient of variation in comparison to K [Rubin 2003].   Here we see very little 

difference in DaLocal distribution with changing ε, but a clear trend with increasing v.  As v 

increases, the tail of the DaLocal distribution is smaller (i.e. reduced frequency of equilibrium 

cells) corresponding to a greater frequency of tracer and kinetic cells.  The distributions of 

DaLocal are also affected by the kinetic rate utilized, where the slower kf (Kin1) yields a 

distribution of DaLocal skewed towards lower values and the faster kf (Kin2) yields a distribution 

σY
2
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of DaLocal skewed towards higher values.  This effect combined with the influence from varying 

v suggests the slowest v and the faster kf realization (Figure 2.3a dashed lines) will contain the 

most cells in solute equilibrium.  Likewise, the fastest v and the slower kf realization (Figure 2.3c 

solid lines) will contain the most cells out of equilibrium. The trends in DaLocal (Figure 2.3) are 

comparable to the same trends in DaGlobal (Table 1.3), and are attributed to the linear dependence 

between v and kf on DaLocal and DaGlobal.  While the results of DaLocal expand on the first-order 

approximation using DaGlobal, the distribution of local DaLocal does not include path-dependent 

effects of the solute.  Here we argue a more appropriate indicator of equilibrium conditions is the 

effective retardation (Reff) with respect to the expected retardation (R).  General ensemble 

statistics are analyzed in Sections 1.4.2-1.4.4 and calculated effective retardations are presented 

in Section 2.4.3.   

 

Table 2.3.  DaGlobal [-] estimates. 

  v = 0.001  v = 0.01  v = 0.1  
Kin1   8,640.0    864.0   86.4 
Kin2 86,400.0 8,640.0 864.0 
 

2.4.2  Peak concentration distributions  

 The magnitude and distribution of the environmental concentration, independent of timing, are 

driving forces when assessing exposure (see Appendix B1).  For each realization, and for each of 

the four wells, Cpk/C0 is calculated using elution curves (see Section 2.2.2.2).  Figure 2.4 shows 

inner well (yw = 600 [m] and yw = 400 [m]) ensemble CDFs of Cpk/C0  for a continuous source.  

The effects of varying v (Figure 2.4. a-b, c-d, e-f), ε (see key for each sub-plot), and Pe (Figure 

2.4. a, c, e and b, d, f) are compared. LEA distributions are shown as solid lines whereas Kin1 

distributions are shown in dashed lines.  Results from Kin2 distributions show great similarity to 



25 

Kin1 distributions and are therefore not presented here.  The matrix of sub-plots shown in Figure 

2.4 are used here to distinguish which combination of parameters  (i.e. v, ε , Pe, and LEA versus 

Kin1) drive the magnitude and distribution variance of Cpk/C0.   

Four general trends are noteworthy.  Trend 1: an increase in Cpk/C0 with an increase in v 

(for example, the x-axis shift in Figures 2.4a and 2.4b compared to Figures 2.4e and 2.4f).  This 

can be attributed an increase in effective recharge, where the regional head gradient increases in 

relation to the well pumping rate (which remains constant).  In other words, if we define a 

dimensionless arrival time, tarr,v = Qregional,v/Qw(where Qregional,v = v*Δz*nz*Δy*ny is the regional 

volumetric flux, see Table 1.1 for further definitions), an increase in Cpk/C0 increases linearly 

with tarr,v.  Trend 2: an increase in the Cpk/C0 distribution variance with an increase in v (for 

example, the smaller ensemble distribution in Figures 2.4a and 2.4b compared to Figures 2.4e 

and 2.4f) is attributed to an increase in macrodispersion within the aquifer, and thus more 

variability in the concentration at the well. Trend 3: an increase in the Cpk/C0 distribution 

variance with a decrease in ε (see the key in each sub-plot), is also attributed to an decrease in 

macrodispersion with ε.  In the more stratified domain (ε = 0.006), the aquifer is subject to lower 

solute spreading through channeling in interconnected K zones.  This channeling results in a 

binary distribution of the solute arriving at the well where elution water is either A) clean, and 

the connected zone does not follow a pathway connecting from the source to the well or B) 

highly concentrated, and a connected zone between the source to the well exists.  This behavior 

can be thought of as a “hit or miss” probability, increasing with v.  This idea is consistent with 

that described by other previous studies, which show that in the absence of LD, the probability 

distribution function (pdf) model of point concentrations converge to a binary distribution  
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Figure 2.3.  Distributions of DaLocal for the three varying mean groundwater velocities (a-c). 
Differences in anisotropy ratio are denoted by color; Kin1 realizations are shown in solid lines 
whereas Kin2 distributions are shown in dashed lines (see key of each sub-figure).   
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Figure 2.4.  Cumulative distribution functions of Cpk/C0 for varying v (a-b, c-d, e-f) and ε (see 
key for each sub-plot) using a continuous source term.  LEA distributions are shown in solid 
lines whereas Kin1 distributions are shown in dashed lines.    
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[Dagan 1982; Sánchez-Vila and Solís-Delfín 1999b; Rubin 2003; Bellin and Tonina 2007].  The 

latter references refer to studies involving tracers, where we note this behavior for reactive 

solutes.  A quantitative discussion of results regarding channeling is presented in Section 2.4.4. 

Trend 4: an increase in the Cpk/C0 distribution variance with an increase in Pe (see the 

smaller ensemble distributions in the left panel versus those in the right panel of Figure 2.4) is 

related to the imposed LD within the model.  While it is expected that the inclusion of LD will 

increase distribution variance, it should be noted that the cell-based mixing imposed for each cell 

is minute, equal to 1.0 [mm] in the longitudinal direction and 0.1 [mm] in the transverse 

direction (see Table 1.1).  The increase in Cpk/C0 distribution variance is physically relatable to 

the probability of pumping non-contaminated water from the well.  For example, the percentage 

of clean groundwater withdrawal from a stratified aquifer varies between approximately 20-90% 

whereas the less stratified aquifers are always pumping contaminated water.  This result is in 

contrast to the molecular diffusion work of Tartakovsky and Neuman, where an increase in Pe 

yielded less mixing [Tartakovsky and Neuman 2008].  In agreement with our results, 

Tartakovsky and Neuman also observed an increase in channeling with an increase in Pe.  This 

study, however, only utilized a two dimensional domain and did not simulate spatial correlation 

of grain sizes.  These limitations aside, this comparison suggests an up scaling of pore-scale 

diffusion to local dispersion may not be appropriate.  These results also show agreement with 

those example simulations in the methodology presented by Siirila and co-authors [2012], which 

reported similar results for LEA distributions.  Here we investigate the effect of time dependent, 

kinetic sorption and the effect of time-dependent sorption in conjunction with LD (discussed in 

more detail below), in addition to how this metric (Cpk/C0 CDF distributions) change with three 

orders of magnitude v, all topics which were not addressed in the methodology presented by 
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Siirila and co-authors [2012].  This portion of the current discussion is the only overlying 

analysis with Siirila and co-authors [2012], shown here for completion and used as a discussion 

tool for other, new metrics in Sections 1.4.3-4.5.   

To investigate if equilibrium is an appropriate assumption, CDFs of Kin1 ensembles 

(dashed lines) are compared to CDFs of LEA ensembles (solid lines).  For scenarios with Pe = ∞  

(left panel of Figure 2.4:a,c,e) Kin1 ensembles are nearly indistinguishable from LEA 

ensembles., suggesting LEA is an appropriate assumption for these hydro-geologic conditions.  

Unlike the Pe = ∞ ensembles, scenarios with Pe ≠ ∞  (right panel of Figure 2.4:b,d,f)  Kin1 

ensembles differ from LEA ensembles.   In other words, with the inclusion of LD the equilibrium 

assumption is no longer valid given these hydro-geologic conditions.  This is especially apparent 

for the more stratified domain (ε = 0.006), where for all v the solute is out of equilibrium.  The 

less stratified domain (ε = 0.1) is out of equilibrium for only the intermediate velocity (Figure 

2.4d).  The feedback between kinetic sorption and LD in stratified aquifers yielding dis-

equilibrium conditions is an unexpected result, and highlights the complex interactions between 

time dependent reactions are the hydro-geologic setting, as discussed in further detail below.   

Figure 2.5 shows the CDF results for a pulse source, and reflects the same formatting as 

Figure 2.4 for a continuous source. The magnitudes of Cpk/C0 values are approximately two 

orders of magnitude lesser for ensemble CDFs of the pulse source (Figure 2.5) in comparison to 

the continuous source (Figure 2.4).  The four general trends noted above for the continuous 

source are also true for the pulse source shown in Figure 2.5.  Kin1 ensembles (dashed lines) are 

clearly distinguishable from LEA ensembles (solid lines), suggesting LEA is not an appropriate 

assumption given these hydro-geological conditions.  For all scenarios (Figure 2.5 a-f) LEA 

ensembles over-estimate the magnitude of Cpk/C0 values but do not dramatically affect the 



30 

variance of the distribution.  The lesser Kin1 Cpk/C0 values are attributed to delayed mass 

breakthrough at the well (i.e. a longer tailing effect).  Thus, the effect of the time dependence in 

the pulse source (Figure 2.5) when compared to the time independent continuous source (Figure 

2.4) is dominant in predicting equilibrium conditions.  A disparity between Pe ≠ ∞ (right panel, 

Figure 2.5) and for Pe = ∞ (left panel, Figure 2.5) is also apparent, where the inclusion of LD 

yields a more apparent difference between Kin1 and LEA ensembles.  This is attributed to the 

aforementioned additive effect between the time dependence in kinetic sorption and LD, also 

observed in ensembles utilizing the continuous source. These results show interdependence 

between kinetic sorption and LD not previously documented.  Here the induced cell-based 

mixing creates particle jumps from interconnected high K regions into regions of low K and vice 

versa. 

We speculate that the effect of the time dependence associated with kinetic sorption into 

and out of solution is magnified, yielding solute behavior unlike that of equilibrium simulations.  

This process is illustrated at the high-low K interface in the schematic representation shown in 

Figure 2.6 for a) LEA sorption and b-c) two possible kinetic sorption scenarios.  This schematic 

highlights the process of particle retardation when LD forces the particle into neighboring high 

or low K zones.  Particle movement at the time of LD (tDisp, bottom panel of Figure 2.6) is 

indicated by particle locations 0-10, where equal time has elapsed between each incrementing 

particle location.  Solid-end cap lines indicate the magnitude of particle displacement whereas 

vector lines indicate the magnitude of the groundwater velocity.  The magnitude of particle 

velocity (or the velocity of the contaminant solute) is shown in the panel labeled vparticle.  Because 

LEA is assumed in Figure 2.6a, the vparticle is retarded by a factor of R regardless of if the particle 

is located in a high or low K zone (i.e. v/R, see Equation 2.3 for definition of R).  When  



31 

 

Figure 2.5.  Cumulative distribution functions of Cpk/C0 for varying v (a-b, c-d, e-f) and ε (see 
key for each sub-plot) using a pulse source term.  LEA distributions are shown in solid lines 
whereas Kin1 distributions are shown in dashed lines.   Note the x-axis shown here is shifted two 
order of magnitude compared to that shown in Figure 2.4.
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kinetically controlled particles (Figure 2.6 b-c), are located within a low K zone, vparticle is 

analogously equivalent to v/R.  The assumption here is that v is much slower in low K zones than 

in high K zones, and is favorable to equilibrium conditions.  This regime is akin to a high Da, 

and is illustrated by very similar particle displacements between particle locations 1 and 2 for 

both LEA and kinetic scenarios.  When kinetically-controlled particles are located within a high 

K zone, vparticle is equivalent to v retarded by a factor of Reff,kin (i.e. v/Reff,kin, see Equation 2.4 for 

definition of Reff,kin).  Depending on the actual magnitude of v in the high K zone, this regime is 

analogous to low and intermediate Da.  An example of an intermediate (kinetic dependent) Da is 

shown in Figure 2.6b, where Reff,kin < R, and the particle displacement between particle locations 

3 and 4 is larger in the kinetic case.  The extreme case of very low Da is depicted in Figure 2.6c, 

where the magnitude of v in the high K zone is very high in relationship to the rate of the 

reaction, and Reff,kin << R.  As Reff,kin approaches unity, the particle is less retarded and behaves 

similar to a tracer.  This is illustrated by the large particle displacement between locations 3 and 

4.  Our results, along with the conceptual model, indicate that there is an additive process 

involving kinetic sorption and LD that include: 1) particle retardation similar to LEA in low K 

zones where low v regimes are conducive to equilibrium conditions, 2) lower particle retardation 

in high K zones via less reaction time in high v regimes, 3) shorter particle displacement in low K 

zones and longer particle displacements in high K zones, and 4) a higher frequency of tDisp in 

LEA scenarios compared to kinetic scenarios.   A comparison of pulse and continuous sources 

show the kinetic-LD affect is greater for pulse sources, where time dependent variables are more 

sensitive to this interaction.  In addition to analyzing the magnitude and distribution of peak 

concentrations, Section 2.4.3 discusses the results related to the timing of the sorbing solutes via 

effective retardation factors.    
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Figure 2.6.  Schematic representation of the high-low K interface given LD for a) LEA sorption 
and b-c) two possible kinetic sorption scenarios. 
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2.4.3  Effective retardation factor 

 In addition to comparing normalized peak concentrations, corresponding peak times (tpk) are also 

calculated.  As discussed in Section 2.4.4.2, tpk for each sorption scenario (tpk,LEA and tpk,Kin1) are 

normalized by tpk,tracer (see Equations 2.11 and 2.12), effectively factoring out the effects of 

physical heterogeneity to analyze the sole effect of differences in Kin1 and LEA ensembles.  

Figure 2.7 shows a scatter plot (12 ensembles, 200 realizations each) of effective kinetic 

retardations (Reff,Kin1) versus normalized peak tracer concentrations (Cpk/Cpk,tracer) with infinite Pe 

(Figure 2.7 a,c,e) and finite Pe (Figure 2.7 b,d,f).  To demonstrate the behavior of the majority of 

plume mass, only values corresponding to breakthrough mass greater than or equal to 5% of the 

source mass are shown.  The crossbar intersection at Reff = 26 [-] and Cpk,Kin1/Cpk,tracer ≈ 0.038 [-] 

corresponds to the expected solute retardation if equilibrium is an appropriate assumption.  

Results for Kin1 simulations with a pulse source are shown here; LEA ensembles (not shown 

here) are centered at the crossbar intersection, as expected.  

As shown in Figure 2.7a-f, Kin1 ensembles are not centered at crossbar intersection but 

rather are centered between Reff = 40 - 70[-] with corresponding Cpk,Kin1/Cpk,tracer values less than 

0.038.  In other words, the majority of kinetic realizations yield a more retarded peak arrival time 

and concentration when compared to the LEA realizations, even though the expected retardations 

are equivalent.  This result demonstrates the influence of the rate dependence associated with 

kinetic sorption, and how it potentially impacts both peak concentration and peak times.  This 

behavior (i.e. the shift from expected intercept in Figure 2.7) is evident across three orders of 

magnitude of v, including the v = 0.001 [m d-1] cases that have the highest potential of the three v 

for equilibrium conditions to persist.  This result furthermore demonstrates the impact of kinetic 

sorption in these simulations and in other potential hydrologic conditions.   
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Figure 2.7.  Kin1 effective retardation ratios versus normalized peak concentrations for each 
realization of the six instantaneous pulse-source ensembles for infinite Pe (a,c,e) and finite Pe 
(b,d,f).  Differences in v and ε are denoted by color and symbol (see key for each sub-plot).  
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Secondly, while the majority of the scatter is shifted towards greater Reff values (i.e. more 

retarded peak times), several realizations show much smaller Reff values, and therefore very fast 

arrival times.  This is especially true for finite Pe ensembles (right panel of Figure 2.7).  The 

faster peak times can again be explained by the schematic in Figure 2.6, where the increase in 

LD in kinetic simulations may move a particle from a region of low to high K, increasing the 

probability of aquifer channeling.  This result with respect to time is consistent with the results 

with respect to concentration as discussed in Section 2.4.2, where the centered value of Reff for 

finite Pe, Kin1 ensembles is nearly double that of LEA ensembles. Differences in stratification 

are also apparent in Figure 2.7, where smaller ε demonstrate less variance in Reff and greater ε 

demonstrate more variance in Reff.  In other words, the normalized arrival times for more 

stratified domains are consistent in contrast to the less consistent arrival times with the less 

stratified domain.  This effect can also be attributed to channeling and preferential flow pathways 

in the stratified domain. 

 The effective retardation of dispersion, Reff,Disp, is used to isolate the effect of LD through 

the use of Equation 2.13. As outlined in Section 2.4.2, this metric is performed on tracer 

simulations only in order to separate the effect of the sorption scenario.  Figure 2.8 shows Reff,Disp 

versus [Cpk]Pe≠∞ / [Cpk]Pe=∞ at both ε (see sub-plots) for varying v (Figure 2.8 a-c).  Summary 

statistics are also shown in Table 1.4.  Regardless of v, the driver in Reff,Disp behavior is the 

difference in ε.  The less stratified domain (ε = 0.1) exhibits little difference between finite and 

infinite Pe, as shown by a clustered Reff,Disp near unity (Reff,Disp = 1, Cpk/C0 = 1).  In contrast, the 

stratified domain (ε = 0.006) exhibits scatter far from the unity point.  A majority of this scatter 

(> 50% of points) falls within quadrants II and IV in Figure 2.8 a-c.  Quadrant II reflects when: 

1. (tpk,Pe ≠ ∞) ≤ (tpk,Pe = ∞) 
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2. (Cpk,Pe ≠ ∞) ≥ (Cpk,Pe = ∞) 

In other words, when the inclusion of LD yields a faster peak time and a higher concentration.  

Quadrant IV reflects when: 

1. (tpk,Pe ≠ ∞) ≥ (tpk,Pe = ∞) 

2. (Cpk,Pe ≠ ∞) ≤ (Cpk,Pe = ∞) 

Or, when the inclusion of LD yields a slower peak time and a lower concentration.  The ε = 

0.006 scatter in quadrant II reflects when the inclusion of LD forces the contaminant from zones 

of low K into zones of higher K.  Similarly, ε = 0.006 scatter in quadrant IV reflects movement 

from zones of high K into zones of lower K.  This finding suggests the inclusion of LD (even if 

only on the mm scale) will cause either a retardation or acceleration of the overall plume.  While 

other studies have shown the effect of LD affects higher order moments [Dagan and Fiori 1997; 

Fiori et al. 2002; Fiorotto and Caroni 2002; Bellin et al. 2004], to the best knowledge of the 

authors, the theory of LD as a catalyst of retardation of the first order moment has yet to be 

reported (represented here as the peak time and concentration).  This result regarding LD builds 

on the previous theories regarding diffusion suggested by LaBolle and co-authors [LaBolle et al. 

2006; LaBolle et al. 2008]. The effect of kinetic sorption is isolated from this result, and is 

therefore applicable (and has implications) in the theory of non-sorbing solutes as well. 

 The last effective retardation calculated is also discussed in Section 2.2.2.2 and reflects 

the additive effect of tailing induced by LD and kinetic sorption, referred to here as ΔReff,Tail. 

Equation 2.14 is used to calculate this additive effect, and is tabulated in Table 1.4.  These 

statistics quantitatively measure the differences in effective retardation between LEA ensembles 

without LD (not plotted here, but centered around Reff,LEA = 26 [-]) and Kin1 ensembles with LD  

(right panel of Figure 2.7).  The average ΔReff,Tail (see Table 1.4, ) is considerably larger  ΔReff ,Tail
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Figure 2.8.  Effective retardation of dispersion versus normalized peak concentration for varying 
v (a-c) and ε (see key for each sub-plot).  Ensembles reflect a pulse source only.   
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Table 2.4.  Change in effective retardation of dispersion and effective retardation of tailing 
statistics.  Ensembles reflect a pulse source only.   

 v = 0.001  v = 0.01  v = 0.1  

       

ε = 0.1 1.03 0.05 1.03 1.85 1.09 1.91 
ε = 0.006 1.15 2.62 0.04 7.08 0.18 3.09 
       

       
ε = 0.1 32.48 4.70 31.46 5.05 34.81 8.41 
ε = 0.006 18.65 8.50 17.74 8.29 19.71 11.56 

 

for the less stratified domain (ε = 0.1) than for the stratified domain (ε = 0.006).  The standard 

deviation of ΔReff,Tail, (see Table 1.4, ) is larger for the less stratified domain when 

compared to the stratified domain.  These results suggest the additive effect from kinetic sorption 

and LD affect the effective retardation of both stratification scenarios, but in different ways.  The

for ε = 0.1 ensembles is more consistently affected by the tailing effect when compared 

to the ε = 0.006 ensembles.  Because the of the ε = 0.006 ensembles is large (8.3 – 11.6 

for all v) when compared to ε = 0.1 ensembles (4.7 - 8.4 for all v), the additive tailing effect is 

also pronounced, but not as consistently.   Table 1.4 also shows  increases with greater v, 

an artifact of increased plume spreading with increased v.  Interestingly, the relationship between 

 and v is unclear, where the intermediate v does not correspond to intermediate  

values but rather minimum  values.  This analysis of ΔReff,Tail demonstrates the 

pronounced solute tailing effect that would otherwise be neglected if the two modeling 

assumption (LEA and Pe = ∞) were presumed. These small-scale differences in transport and 

how they affect both concentration and human health risk are further discussed in Section 2.5.5.   

Reff ,Disp σ Reff ,Disp Reff ,Disp σ Reff ,Disp Reff ,Disp σ Reff ,Disp

ΔReff ,Tail σ ΔReff ,Tail ΔReff ,Tail σ ΔReff ,Tail ΔReff ,Tail σ ΔReff ,Tail

σ ΔReff ,Tail

ΔReff ,Tail

σ ΔReff ,Tail

σ ΔReff ,Tail

ΔReff ,Tail ΔReff ,Tail

ΔReff ,Tail
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2.4.4  Measure of aquifer channeling 

To investigate aquifer connectivity, the connectivity indicator (CI) metric is utilized in 

conjunction with breakthrough times corresponding to when 50% and 5% of the mass arrives at 

the well (see Equation 2.15).  Table 1.5 shows statistics corresponding to the average 

connectivity indicator ( )[-] and standard deviation of the connectivity indicator ( ) [-] for 

varying v, Pe, and sorption scenarios. 

 General trends in include: 1) greater for kinetic sorption ensembles and lesser 

for LEA ensembles, 2) greater than or equal in ensembles including LD and lesser or equal 

ensembles excluding LD.  This analysis also indicates is invariant to differences in ε.  

The higher CI values within Table 1.5 signify a breakthrough curve skewed towards earlier 

arrival times and significant tailing.  These results are consistent with the analysis presented in 

Section 2.4.3, where it was shown that the resulting solute peak concentration from kinetic 

sorption and/or LD is retarded in time.  General trends in  provide a more insightful 

discussion, and include: 1) greater for kinetic sorption ensembles and lesser for LEA 

ensembles, 2) much greater in stratified aquifers (ε = 0.006) in comparison to the less 

stratified aquifers (ε = 0.1). is invariant to differences in LD.  Trend 2 is the most pronounced 

result, suggesting connectivity is highly variable within the ε = 0.006 ensembles and not within 

the ε = 0.1 ensembles.  CI values within highly stratified aquifers are as high as 3.9 [-], and as 

low as 1.0 [-] where multiple realizations of the ensemble are dominated by either very fast or 

slow flow paths.   Very high CI values are indicative of fast paths from the source to the well, 

and vice versa for very low CI values.  This behavior signifies is a better metric for  

CI σCI

CI CI CI

CI

CI CI

σCI

σCI σCI

σCI
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Table 2.5. CI statistics. Ensembles reflect a pulse source only.   

ε = 0.1   v = 0.01   v = 0.1   
        
LEA Pe = ∞ 1.31 0.03 1.31 0.03 1.31 0.03 
 Pe = 1.5 x 104 1.31 0.03 1.31 0.03 1.30 0.02 
Kin1 Pe = ∞ 1.53 0.05 1.49 0.03 1.64 0.05 
 Pe = 1.5 x 104 1.64 0.06 1.46 0.04 1.70 0.08 
Kin2 Pe = ∞ 1.53 0.05 1.47 0.04 1.53 0.06 
 Pe = 1.5 x 104 1.64 0.06 1.46 0.04 1.66 0.09 
        
ε = 0.006  v = 0.001   v = 0.01   v = 0.1   
        

LEA Pe = ∞ 1.33 0.25 1.35 0.30 1.33 0.19 
 Pe = 2.5 x 105 1.50 0.25 1.49 0.26 1.45 0.17 
Kin1 Pe = ∞ 1.48 0.32 1.50 0.26 1.72 0.19 
 Pe = 2.5 x 105 1.65 0.34 1.61 0.22 1.79 0.21 
Kin2 Pe = ∞ 1.48 0.32 1.45 0.28 1.46 0.18 
 Pe = 2.5 x 105 1.65 0.34 1.59 0.23 1.60 0.23 

 

connectivity in comparison to .  v = 0.001 [m d-1], ε = 0.006 ensembles at both sorption rates 

(Kin1 and Kin2) yield the highest  values, indicating kinetic sorption is controlling in the 

shape of the breakthrough curve.  Finite Pe of these ensembles (ε = 0.006, Kin1 and Kin2) 

compared to infinite Pe also contributes to greater , supporting the aforementioned finding 

concerning a positive feedback between kinetic sorption and LD.  We postulate a greater  in 

the case of kinetically driven, stratified domains is again physically explainable by the schematic 

shown in Figure 2.6, where LD may induces particles originally located in low K zones into high 

K channels and yield a lower effective retardation of the particle (or vice versa), thus increasing 

the distribution of . 

CI σCI CI σCI CI σCI

CI σCI CI σCI CI σCI

CI

σCI

σCI
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2.4.5  Carcinogenic risk 

 The probability of an individual incurring carcinogenic cancer risk was calculated using 

the framework in Siirila et al (2011) and equations presented in Section 2.2.3.  Uncertainty and 

variability was considered following the nested Monte Carlo scheme presented in Section 

2.2.3.4.  Figure 2.9 shows cancer risk given a continuous source for a) infinite Pe and b) finite 

Pe.  Figure 2.10 shows cancer risk given a pulse source for a) infinite Pe and b) finite Pe. Both 

Figures 2.9 and 2.10 shows cancer risk to the maximally exposed individual (99th fractile of 

variability) at the 5th, 50th and 95th percentile of uncertainty (shown here as upper and lower 

bound around the 50th percentile of uncertainty).   Varying v (x-axis) is presented for differences 

in ε for the six flow field ensembles (see key shown in Figure 2.7).  LEA distributions are shown 

in solid lines whereas Kin1 distributions are shown in dashed lines, yielding 12 ensembles of risk 

per Pe scenario and 24 ensembles of risk per source scenario.  Remediation action and de 

minimus levels are also plotted as horizontal lines at 10-6 [-] and 10-4 [-].  The following is a 

discussion of a comparison between these 24 ensembles and implications of the disparities 

between them. 

2.4.6  Continuous source risk 

 Figure 2.9a shows the probability of risk given a continuous source term and infinite Pe.  

As v increases, the upper bound (95th percentile) of risk also increases.  Differences in ε are small 

for the v = 0.001 [m d-1] and v = 0.01 [m d-1], but drastically affect the distribution of risk at the 

fastest v, where the more stratified domain (ε = 0.006, pink lines) has an upper-bound cancer risk 

higher than the 10-4 remediation action level and a mean cancer risk much lower than the de 

minimis remediation action level (less than 10-10 [-]).  In other words, the scientific uncertainty 

associated with the risk of cancer from a stratified domain with high v is substantial (i.e. highly  
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Figure 2.9.  Increased cancer risk for the maximally exposed individual (99th fractile of 
variability) for a continuous source term is shown for a) infinite Pe and b) finite Pe.  The 99th 
and 5th percentiles of uncertainty are plotted as upper and lower bounds around the mean (50th 
percentile) for each ensemble.  Varying v is also shown (x-axis) for differences in ε (see key 
shown in Figures 2.6 and 2.7).  LEA distributions are shown in solid lines whereas Kin1 
distributions are shown in dashed lines. 
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Figure 2.10.  Increased cancer risk for the maximally exposed individual (99th fractile of 
variability) for a pulse source term is shown for a) infinite Pe and b) finite Pe.  The 99th and 5th 
percentiles of uncertainty are plotted as upper and lower bounds around the mean (50th 
percentile) for each ensemble.  Varying v is also shown (x-axis) for differences in ε (see key 
shown in Figures 2.6 and 2.7).  LEA distributions are shown in solid lines whereas Kin1 
distributions are shown in dashed lines. 
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uncertain) but also relates to the highest cancer risk of all flow field scenarios.  As explained 

with the CI metric (Table 1.5), stratified domains have a much higher associated variance in 

connected pathways (i.e. very fast or very slow fingering).  The elution concentration at the well  

is therefore very low (near or equal to zero) or very high (un-mixed, highly concentrated 

solutes).  As shown here, the dependence on groundwater flow pathways are directly related to 

the distribution and magnitude of risk estimates.  Differences in the sorption scenario (Figure 

2.9a, dashed versus solid lines) are indistinguishable, consistent with the results found in the left 

panel of Figure 2.4 (a,c,e).  For these 12 ensembles (continuous source, infinite Pe), LEA is a 

correct assumption, and was accurately predicted by DaGlobal. 

Figure 2.9b shows the probability of risk given a continuous source term and finite Pe.  In 

general, as v increases, the risk upper bound (95th percentile of uncertainty) also increases.  An 

exception exists for the less stratified, fastest v ensembles (Figure 2.9b, purple lines) and is 

discussed below.  Variations in ε also show dependence in trends with v.  Changes in risk with 

changes in ε are small for v = 0.001 [m d-1] (red versus orange lines) and are more distinct for v = 

0.01 [m d-1] and v = 0.1 [m d-1] (green versus blue lines).  At the intermediate and fastest v, the 

more stratified domains (ε = 0.006, blue and pink lines) have a higher upper bound of risk.  In 

the case of the intermediate v, differences in stratification result in differences in exceeding the 

10-4 RAL.  Aside from v and ε, perhaps the most controlling risk variable for the continuous 

source with LD ensembles is differences in the sorption scenario.  The upper bounds of Kin1 

(dashed lines), v = 0.001 and v = 0.01 ensembles are significantly higher than those of their LEA 

counterparts (solid lines).  This result confirms the importance of the LD-kinetic sorption 

feedback shown in right panel of Figure 2.4 (b,d,f) and demonstrates it as a governing process in 
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accurately calculating risk. DaGlobal does not accurately characterize these ensembles that reflect 

dis-equilibrium conditions.   

Unlike v = 0.001[m d-1] and v = 0.01 [m d-1], the upper bounds of risk for the v = 0.01 [m d-

1] ensembles (purple and pink lines) are similar for both sorption scenarios.  When compared to 

the less stratified domain with infinite Pe, (Figure 2.9a, ε = 0.1, purple lines) the ensemble 

statistics of the finite Pe ensembles (Figure 2.9b, ε = 0.1, purple lines) mirror each other.  

Stratified domains with infinite Pe (Figure 2.9a, ε = 0.006, pink lines) and finite Pe (Figure 2.9b, 

ε = 0.006, pink lines) both demonstrate large distributions in risk, but the mean of the finite Pe 

ensembles are larger than the near-zero (less than 10-10) mean risk estimates of the infinite Pe 

ensembles.  In other words, while the uncertainty associated with both scenarios is large, it is 

more certain that an aquifer modeled with LD will yield cancer risk above the de minimis RAL.   

This comparison for continuous source ensembles illustrates the importance of accurately 

representing small-scale reactions such as kinetic sorption and LD, especially for v = 0.001 [m d-

1] and v = 0.01 [m d-1] ensembles.  Because the source is continuous and therefore the 

environmental concentration ( )  dependence on time should be small to non-existent (see 

Appendix B1), these results exemplify the strong dependence of small-scale reactions in risk 

assessment.  A second finding of importance is the invariance of LD and kinetic sorption with 

high v ensembles (especially the less stratified aquifer, purple lines, where equilibrium 

conditions exist), suggesting a tipping point in variable dominance when calculating risk. 

2.4.7  Pulse source risk 

 Figure 2.10a shows the probability of risk for a pulse source with infinite Pe whereas 

Figure 2.10b shows the probability of risk for a finite Pe.  For each Pe scenario, all ensembles 

are dissimilar, and dis-equilibrium conditions always exist.  Thus, the use of DaGlobal for any of 

C
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these ensembles would be a poor predictor of equilibrium conditions.  Unlike the risk results 

given a continuous source (Section 2.4.5.1), changes in each variable (i.e. v, ε, Pe, and sorption 

scenario) show sensitivity to risk.  In general, upper bounds of risk increase with 1) an increase 

in v, 2) a decrease in ε, and 3) LEA ensembles in comparison to Kin1 ensembles.  Again, an 

exception persists in the case of the less stratified aquifer, v = 0.1 [m d-1] case (Figure 2.10 a,b 

purple lines) where risk decreases at v = 0.1 [m d-1].  While trends 1 and 2 are consistent with the 

results for the continuous source (Figure 2.9), trend 3 is the opposite.  The time dependence 

associated with the pulse source and with sorption kinetics diminishes the overall effect of the 

peak concentration (see Figure 2.5), resulting in lower probabilities of cancer risk in comparison 

to LEA ensembles (Figure 2.10, differences in dashed versus solid lines).  Because mass is 

conserved in the simulation, the decreased peak concentration results in a smearing of the 

breakthrough curve and an increasing tail.  We previously noted greater Reff,Kin1 ensemble 

variances when compared to the ensemble variances of Cpk,Kin/Cpk,tracer (Figure 2.7) and that the 

additive LD-kinetic sorption effect yielded the highest change in effective retardations (see 

ΔReff,Tail statistics, Table 1.4).  It is important to distinguish here that the risk simulations are 

directly dependent on the value of (see discussion in Appendix B), and do not reflect the 

variance in effective retardations directly.  For all v, the effect of LD decreases both LEA and 

Kin1 risk upper bound values. Differences in ε are present for finite and infinite Pe, consistent 

with the results from the Reff,Disp metric (Figure 2.8 and Table 1.4).  These effects are small in 

comparison to the additive LD-kinetic sorption effect observed in the continuous source analysis.  

2.5  Conclusions 

The effects of kinetically sorbing solutes in stratified aquifers were studied to assess 

realistic far-field groundwater contamination scenarios. This study focused on cases where 

C
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variations in sedimentology and stratigraphy are dominant factors in determining contaminant 

flow and transport and ultimately risk assessment. Contamination of a potable drinking water 

aquifer with mobile arsenic was used as an example case study to investigate the effect of  

differing hydrologic parameters such as: pulse versus continuous sources, differences in the 

anisotropy ratio, mean groundwater velocity, kinetic or LEA sorption, and with and without the 

inclusion of LD.  An investigation of potential inter-play (positive or negative feedbacks) 

between multiple hydro-geologic parameters was conducted for both kinetic and LEA ensembles 

to assess the validity and predictability of LEA through comparisons of stochastic ensembles.  A 

number of new metrics were utilized to assess flow and transport behavior, and finally 

carcinogenic human health risk was used as an endpoint of comparison by utilizing a risk 

methodology previously developed [Maxwell and Kastenberg 1999; Siirila et al. 2012] where 

risk is calculated using a nested Monte Carlo approach.  Principal findings include: 

1. Using representative realizations of each ensemble, large distribution of DaLocal  were 

calculated, and could be directly related to the distribution of v within the domain.  For all 

ensembles, a portion of the DaLocal distribution falls within tracer, kinetic, and equilibrium 

regimes.  In contrast, all calculations of DaGlobal yielded equilibrium conditions.  For the 

hydrologic scenarios considered here, peak concentration and risk results show DaGlobal is 

only an accurate predictor given a continuous source without LD.  For all pulse sources 

(with and without LD), the peak concentrations and risk results show DaGlobal is in-

accurate predictor of equilibrium conditions.   

2. Parametric sensitivity to LD is sensitive to the degree of aquifer stratification.  To isolate 

the effect of LD alone, a comparison of tracer (i.e. non-sorbing solutes) is conducted with 

finite and infinite Pe.  Results show the driver in the effective retardation of dispersion is 
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the difference in stratification, where the less stratified domain exhibits little difference 

between finite and infinite Pe, and the stratified domain exhibits non-negligible 

differences between finite and infinite Pe.  These differences are apparent in two subsets 

of results, where the solute is either moved from a zone of high K to low K, and the 

plume is retarded, or vice versa when the plume is accelerated.  This finding suggests the 

inclusion of LD (even if only on the mm scale) will cause an effective retardation of the 

overall plume, particularly for highly stratified domains.  While it has been previously 

been shown that the effect of LD affect the second moment of the plume [Dagan and 

Fiori 1997; Fiori et al. 2002; Fiorotto and Caroni 2002; Bellin et al. 2004], we show the 

effect of LD either retards or excels the first moment of the plume, represented here as 

the peak time and concentration, a phenomena which has yet to be reported in the 

literature.   

3. An additive, or positive feedback, between LD and kinetic sorption was found to be a 

controlling process in accurately simulating solute behavior by adding an effective tailing 

behavior as high as approximately 30 times that of a LEA solute without LD.  We 

speculate that the effect is controlled at the high-low K interface, where the induced cell-

based mixing creates particle jumps from interconnected high K regions into regions of 

low K and vice versa.  The time dependence associated with kinetic sorption into and out 

of solution is magnified with LD, yielding solute behavior unlike that of equilibrium 

simulations when the effective retardation of kinetics is much less than R.  Here we show 

the LD-kinetic sorption effect retards the first moment of the plume, a second 

interdependence phenomenon not previously documented.  This proposed conceptual 

model is valid given with respect to a number of presented results including peak 
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concentration distributions, effective retardations, and the variance of the connectivity 

indicator.    

4. Parametric sensitivity to aquifer channeling is sensitive to the degree of aquifer 

stratification.  While the mean connectivity is independent of ε, the variance in 

connectivity is highly dependent on ε where connectivity is highly variable for stratified 

ensembles and more uniform for less stratified ensembles. Either very fast (inter-

connected high K zones) or slow flow (inter-connected low K zones) paths dominate flow 

fields of highly anisotropic media. Connectivity variance is the greatest for ensembles 

including LD and kinetic ensembles, further promoting the results discussed in principal 

finding 3.  

5. The magnitude and distribution of carcinogenic human health risk is highly dependent on 

the source term (pulse versus continuous).  Equilibrium conditions exist for the 

continuous source without LD and only for high mean groundwater velocities with LD.  

All other hydrologic conditions for the continuous source, and for all conditions for the 

pulse source display dis-equilibrium conditions.  While the cancer risk estimates given 

the pulse source are small in comparison to the continuous source, the demonstrated 

parametric sensitivity is substantial, suggesting the feedbacks between processes such as 

LD and kinetic sorption are significant and should not be neglected in risk analysis 

modeling or in groundwater solute transport problems. 

6. In general, upper bounds of carcinogenic risk increase with 1) an increase in v and 2) an 

increase in aquifer stratification. The additive LD-kinetic sorption effect relates to a 

higher upper bound of risk for the continuous source and a lower upper bound of risk for 
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the pulse source.  This opposition is due to the increased time dependence in the pulse 

source scenario, and therefore the increased tailing effect.   

These results suggest small-scale mechanisms such as LD and kinetic sorption are controlling of 

not only solute transport processes but also human health risk assessment.  Implications of this 

study are relevant in upcoming technological challenges in groundwater contaminant transport 

with relevance in human health risk assessments.   

A limitation of this analysis is the investigation of other intermediate spatial scales such as 

the length of the well screen, the well capture zone, and also sensitivity in the size of the source 

relative to the integral scale.  Recent work has begun to address this problem, and would be 

complimentary to this work [de Barros and Nowak 2010].  Although the magnitude of the 

horizontal integral scale was investigated in this work, the model of spatial persistence of Y was 

not explored for sensitivity.  Because many models of heterogeneity have been developed and 

compared [e.g. Lee et al. 2007], another next step in this analysis would be a comparison of 

these models of Y.  Secondly, while parametric uncertainty was a central focus of this study, 

model uncertainty was not addressed.  Full reactive transport models (i.e. including non-linear 

reactions such as dissolution and precipitation) are computationally expensive, and at this 

discretization and spatial extent, are virtually impossible except with a very large number of 

processors (i.e. on the order of millions) and with long computational times [Hammond and 

Lichtner 2010].  Future analyses include sensitivity at intermediate scales and also an inter-

model comparison of different techniques to address the flow and transport feedbacks addressed 

here as a method to bound model uncertainty.   
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CHAPTER 3  

A NEW PERSPECTIVE ON HUMAN HEALTH RISK ASSESSMENT: DEVELOPMENT OF 

A TIME DEPENDENT METHODOLOGY AND THE EFFECT OF VARYING EXPOSURE 

DURATIONS 

A paper published in Science of the Total Environment 

Erica R. Siirila and Reed M. Maxwell 

3.1 Introduction 

Traditionally, risk is calculated using the point of maximum environmental concentration, 

independent of when that concentration is in time.  We present a new formulation that relaxes 

this assumption to investigate how other time-dependent variables in human health risk may 

affect the overall assessment.  Examples of such time dependent processes are well documented 

in the toxicological literature and include processes such as human metabolism rates [e.g. 

Goering et al. 1999] and contaminant decay [e.g. Lubin et al. 1995].  Examples of rate 

dependency in the medium include sorption rates in groundwater [e.g. Siirila and Maxwell 2012] 

ventilation rates of indoor air [e.g. Haghighat et al. 1994], consumption rates of food [e.g. Rose 

et al. 1986], and resuspension of contaminated dust particles [e.g. U.S.EPA 1985; Anspaugh et 

al. 2002; Maxwell and Anspaugh 2011] .  As recommended by the US EPA Risk Assessment 

Guidance for Superfund [U.S.EPA 1989, 2001] and other regulatory documents [e.g. E.C. 1996], 

the exposure concentration is defined as “the arithmetic average of the concentration that is 

contacted over the exposure period”.   Point estimate risk assessments typically use a “upper 

confidence limit” such as the 95th percent upper confidence limit as a reasonable estimate of the 

concentration [U.S.EPA 1989].  When conducting probabilistic risk assessments, the US EPA 
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suggests considering either the highest concentration to be protective or to conduct modeling to 

obtain a “long-term average concentration” [U.S.EPA 2001].  Regardless of whether point or 

probabilistic methods are used, the process of conducting a traditional, time independent 

methodology results in one calculation of risk, and is meant to be a conservative estimate.  This 

procedure, however, does not yield any information on when the risk occurs, how long the 

duration of risk is, or how risk changes with time.  We present a new Time Dependent Risk 

Assessment (TDRA) in which multiple calculations of risk are the result, each representative of 

one ED over the total time frame evaluated.  The result of this time dependent methodology 

yields information on risk as a function of time. 

Using the TDRA methodology, we also investigate the effect of the ED magnitude on 

risk.   The ED is meant to represent the true interaction time between an individual and the 

contaminant, although other standardized values are often implemented.  For example, the US 

EPA suggests a thirty year exposure duration for non-carcinogens and a seventy year exposure 

duration (the convention for a lifetime) for carcinogens [U.S.EPA 1989].  This standard may not 

be representative in all risk assessments because the actual ED may be shorter, longer, or may 

vary intermittently.  If exposure time varies as a function of time, obtaining an accurate 

assessment of risk is complicated in traditional risk assessments (i.e. when a singular ED window 

is used) because the sampled exposure duration may be representative of the entire time of the 

assessment.  Previous studies found shorter exposure durations more accurately characterize 

high-frequency concentration fluctuations (and result in a larger environmental concentration) 

but argue that because exposure increases as the ED increases (discussed in further detail in 

Section 3.2.1), the calculated exposure and therefore risk are also smaller, diminishing the 

overall need for smaller a ED [e.g. Maxwell and Kastenberg 1999; Maxwell et al. 2008].  In this 
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study, fixed-size ED windows (varying between durations of 5 and 70 years) are tested for 

sensitivity using both time dependent and time independent methodologies.   The question of a 

variable ED  (for example, the ED as a random variable) is not addressed in this analysis. 

These interactions are investigated by utilizing previous stochastic risk methodologies to 

assess carcinogenic human health risk [e.g. Hoffman and Hammonds 1994; Andričević 1996; 

Maxwell and Kastenberg 1999; Benekos et al. 2007; de Barros and Rubin 2008; Maxwell et al. 

2008; Siirila and Maxwell 2012; Siirila et al. 2012].  A number of examples are used to compare 

differences in risk methodologies (i.e. time dependent versus time independent).  A case study is 

used, involving the example of a groundwater contamination scenario.  Time-dependence in the 

chemical-interactions is used to provide complexity in the environmental concentration signal, 

resulting in different breakthrough curve shapes.  Specifically, ensembles of kinetic solutes (i.e. 

reaction rate dependent) and equilibrium solutes (reaction rate independent) are utilized to 

further compare the time dependence with a systematic sensitivity analysis of varying sizes of 

stationary ED windows.  Results of this study have implications in the assessment of risk when 

steady-state conditions cannot be assumed and illustrate the importance of fundamental 

assumptions in risk assessment studies. 

3.2  Methodology  

Here, we present a new formulation of a time dependent (TD) risk methodology, and 

provide comparisons with the traditional time independent (TI) risk methodology.  The 

methodology is probabilistic, and accounts for 1) uncertainty in time-varying environmental 

concentrations and 2) variability in inter-individual differences in physiology and/or exposure.  

This is achieved via a nested Monte Carlo scheme, where joint uncertainty and variability (JUV) 

parameter distributions are simultaneously sampled [see e.g. Figure 2 of Siirila et al. 2012]).  In 
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the nested Monte Carlo scheme, for each equally probable environmental concentration 

(uncertainty loop), risk is calculated for each individual within a population (variability loop).  

This process yields the calculation of risk in uncertainty and variability space, and is 1) a more 

robust treatment of the uncertainty in the assessment and 2) allows for the discussion of risk in 

terms of target sub-populations.  We expand on the JUV process so that risk is not only treated as 

a function of uncertainty and variability, but also time.  See Appendix C for a full description of 

the time dependent JUV process.  The process of computing risk (by using either a TD or a TI 

methodology) begins with an examination of the environmental concentration statistics, such as 

the temporally averaged concentration over the ED, C  (mg L-1), and the associated maximum 

environmental concentration over the ED.  Here we use the “ ” operator to denote a 

temporally averaged parameter.  These concentrations are then used to calculate risk, a process 

that can account for JUV and other considerations as described above.  

3.2.1  Exposure and Toxicity 

Exposure is calculated for p total pathways (for example if ingestion, inhalation, and 

dermal sorption are considered p = 3), and combined with a contaminant (z) specific toxicity 

parameter.  Exposure is quantified using the average daily dose, ADDi (mgz kg-1 d-1), for pathway 

i.  Toxicity is quantified with the EPA tabulated Cancer Potency Factor, CPFz (kg d mgz-1).   A 

detailed discussion of the equations and associated theory which are used to calculate multi-

pathway exposure can be found in Section 4 of Siirila [2012], and are not shown her for brevity.  

The equations used are generally based on those described in the US EPA Risk Assessment 

Guidance for Superfund (RAGS) Volumes I and III [U.S.EPA 1989, 2001], as well as other 

studies presented in the recent literature [e.g. Bogen and Spear 1987; Mckone and Bogen 1991, 
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1992; Maxwell et al. 1998; Maxwell and Kastenberg 1999; Maxwell et al. 1999b; Maxwell et al. 

2008].  The generic equations describing exposure and risk (respectively) are: 

               (3.1) 

               (3.2) 

where INi/BW (L kg−1 d−1) is the intake rate per unit body weight of an individual via pathway i, 

AT is the averaging time or expected lifetime [d], and EF is the standard exposure frequency (d 

yr−1).  Standard values for EF, and AT are suggested by RAGS, and are listed in Table 2.1.  C  

is the maximum temporally averaged concentration (mg L-1) recorded over the exposure duration 

ED (y), and is described by: 

                                        (3.3) 

where j is the Monte Carlo iteration, w is a spatial location of the concentration sample (for 

example, multiple wells within one aquifer or multiple locations within a region), and t (y) is 

time within Δttotal (y), the total investigation time frame.  The ED is meant to describe the actual 

time an individual is in contact with the contaminant, and although RAGS also supplies a 

suggested ED value, in this analysis we vary the size of ED due to its inherent uncertainty and to 

test for sensitivity in risk.  It is important to note that because these equations are linear, the ED 

in the numerator in Equation 3.1 and in the denominator in Equation 3.3 effectively “cancels 

out” this parameter value.  Thus, the magnitude of the ED is only used when computing the size 

of the window in the environmental concentration averaging process (i.e. in the summation in 

Equation 3.3).  An increasing ED will usually integrate greater quantities of an environmental 

concentration, and therefore a larger ED will usually result in a greater exposure and risk.      

ADDi = C INi

BW
!

"#
$

%&
ED×EF
AT

Risk = 1− exp−(CPFz×ADDi )
i=1

i=p
∑

C =max
Cw

j (t)
t

t+ED
∑

ED

"

#

$
$

%

&

'
'
t=0

Δttotal



 57 

Table 3.1.  a) Domain setup, flow, transport, and parameters.   

Parameter Value Units 
Domain Size (xd, yd, zd) ~ (4000 x 1000 x 100) (m) 
Cell discretization (Δx, Δy, Δz) (3.0 x 3.0 x 0.3) (m) 
Number of cells (nx, ny, nz) (1333 x 333 x 333) (-) 
Location of source (x, y, z) (500.0, 500.0, 30.0) (m) 
Pulse source initial C 50 (mg L-1) 
v = 0.01 [m d-1] Δh = 0.317 (m) 
Number of particles  300,000 (-) 
Geometric mean of Y KG, Y = 52.0 (m d-1) 
Standard deviation of Y σY = 1.9 (-) 
Correlation lengths of Y  λh = 250.0, λv = 1.5 (m) 
Porosity θ = 0.33 (-) 
Well pumping rates Qw = 500 (m3 d-1) 
Well screen length sw = 20 (m) 
Well locations xw = 3500, zw = 75, yw  

 = (800, 600, 400, 200)  
(m) 
(m) 

LEA, partition coefficient KD = 25 (L kg-1) 
Kin, forward and reverse rates kf = 2.88, kr =0.115  (L d-1) 
Longitudinal Dispersivity αL = 0.001 (m) 
Transverse Dispersivity αT = 0.0001 (m) 
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Table 3.1. b) Exposure and toxicity parameters.  

Parameter (Distribution)* Value Units Source 
Exposure frequency (C) EF = 365 (d yr-1) US EPA RAGS,  

Part A, 2001 
Averaging time (C) AT = 70 x 365 (d) US EPA RAGS,  

Part A, 2001 
Ingestion rate per unit  
     body weight (L) 

IR/BW =  
(3.3 x 10-2, 1.3 x 10-2) 

(L kg-1 d-1) Mckone and  
Bogen, 1991 

Skin surface area per unit  
     body weight (L) 

SA/BW =  
(2.7 x 10-2, 2.5 x 10-3) 

(m2 kg-1) Mckone and  
Bogen, 1991 

Fraction of skin in contact  
     with water (U) 

fskin =  
(4.0 x 10-1, 9.0 x 10-1) 

(-) Mckone and  
Bogen, 1991 

Shower exposure  
     duration (L) 

EDshower =  
(1.3 x 10-1, 9.0 x 10-2) 

(h d-1) Mckone and  
Bogen, 1991 

Cancer potency factor,  
     ingestion (C) 

CPFing = 1.5 (kg d mg-1) IRIS 

Cancer potency factor,  
     dermal (C) 

CPFderm =1.58 (kg d mg-1) (CPFing/ABSGI) 

Gastrointestinal  
     absorption (C) 

ABSGI = 95% (-) US EPA RAGS, 
Part E, 2004 

Dermal permeability  
     coefficient in water (C) 

Kp = 1.0 x 10-5 (m h-1) US EPA RAGS, 
Part E, 2004 

*Constant (C); Lognormal (L) values represent the mean and standard deviation 
(respectively);  Uniform (U) values represent the minimum and maximum values 
(respectively). 

 

3.2.2  Environmental concentration temporal averaging 

C  is important in determining risk (TD and TI) not only because it linearly increases 

the magnitude of the ADDi (see Equation 3.1), but also because it determines when TI risk is 

calculated.  The breakthrough curve of concentration, C (mg L-1), versus time, t (y), for j 

realizations and for w wells (or spatial locations) shows when the maximum concentration, 

 (mg L-1), occurs and thus, when risk would therefore be greatest.  As shown in Figure 

3.1a, the calculation of TI risk utilizes a singular moving ED window to determine where in time 

the ED window yields the maximum C  value (Equation 3.3).  C  is calculated by 

arithmetically averaging all C values that fall within the ED time window.  Depending on the 
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environmental concentration signal (i.e. the shape of the breakthrough curve)  may or may 

not fall within this window of time.  This process is designed to make the calculation of TI risk a 

conservative assessment, but lacks any information on the timing of the risk.  In contrast, the 

calculation of TD risk begins at t = 0, and without overlapping ED windows, C  is sequentially 

calculated in time.  This process is repeated n times (see Figure 3.1b), effectively sampling the 

entire breakthrough curve of C values.  Here we define n by: 

                          (3.4) 

This results in (j x w) C  calculations in the TI formulation and (j x w x n) C  calculations in 

the TD formulation.  It is important to note that because the ED windows in TD risk are non-

overlapping and sequential beginning at t = 0, their placement in time is independent of .  

Because C  is independent of , the process of TD risk does not necessarily ensure that the 

maximum risk will correspond to the (conservative) maximum risk in a TI methodology.  As the 

magnitude of ED decreases, the maximum risk resulting from TD and TI methodologies will 

become equivalent.  An alternative to beginning the windows at t = 0 for the TD, temporal 

averaging approach is to first calculate the maximum C  value, identical to the TI approach.  

Then, the surrounding n-1 C  values with ED windows before and after the maximum are 

calculated (similarly, these averages are non-overlapping and sequential in time).  The 

mathematical equations describing the TD process used here (beginning at t = 0) are outlined in 

the following section.  Although computationally more expensive, we stress here that the use of 

the TD risk methodology will yield otherwise lost information concerning how risk, uncertainty 

and variability change as a function of time.   

 

€ 

Cmax,w
j

€ 

n =
Δttotal
ED

€ 

Cmax,w
j

€ 

Cmax,w
j



 60 

 

Figure 3.1.  Differences in the well averaging techniques used in a) the TI risk methodology and 
b) the TD risk methodology.   
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3.2.3  Time dependent risk formulation 

Traditionally, the JUV process is computed once, and a single calculation of risk is the 

result.  In for example, the EPA RAGS methodology, this calculation is irrespective of time, and 

corresponds to when the maximum concentration occurs (see Section 3.2.2).  In the methodology 

presented here, we relax the assumption of time independence in risk and compute multiple 

calculations of risk to examine how it may change as a function of time.  TD risk is achieved by 

computing n calculations of risk (from Riskk=1 to Riskk=n), where in the TD methodology n is 

defined in Equation 3.4, above.  In TI risk, n = 1.  Figure 3.2 conceptually shows how multiple 

TI risk calculations are used to compose a TD risk calculation. The same equations used to 

calculate risk in a TI method (see Equations 3.1-3.3), but are computed sequentially for each k:    

                (3.5) 

Riskk = 1− exp−(CPFz×ADDi,k )
i=1

i=p
∑                (3.6) 

         

               (3.7) 

The TD methodology results in risk as a function of uncertainty, variability, and time.  Here we 

term intervals within the uncertainty space as percentiles and intervals within the variability 

space as fractiles.  Results are presented for combinations of the 100th or 50th percentiles of 

uncertainty with the 100th or 50th fractiles of variability.  The 100th fractile of variability can be 

thought of as the maximally exposed individual, whereas the 50th fractile can be thought of as the 

average exposed individual.  Similarly, the 100th percentile of uncertainty can be thought of as 

ADDi,k = Ck
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the worst contamination scenario, whereas the 50th percentile of uncertainty can be thought of as 

the median contamination scenario, or “best scientific guess”.  

 

 

Figure 3.2.  Schematic of how multiple computations of TI risk (left) are used to compose the 
risk cube used in TD risk (right).  

 

One approach to compare these two methods (i.e. TD versus TI risk) is to use the singular 
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greatest).  By conducting such a comparison, we are able to cross-compare how distributions of

C and risk (as a function of uncertainty and variability) change given TD or TI risk 

methodologies.  Results from this comparison are shown in Section 3.4.2.  We also investigate 

the size of the ED (ranging from 5 (y) to 70 (y)) for sensitivity.  Previous studies found shorter 

EDs more accurately characterize concentration fluctuations (and result in a larger C ) but 

argue that because exposure increases linearly with ED (see Equations 3.1 and 3.5), the 
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calculated exposure and therefore risk is also smaller, diminishing the overall need for a smaller 

ED [Maxwell et al. 2008].  Here we utilize the EPA suggested ED of 30 (y), in addition to 

smaller and larger EDs (ED = 5, 15, 70 (y)) to explore these interactions.  Using this newly 

developed TDRA methodology, a case study (Section 3.3) is used to exemplify sensitivity in C  

and in risk.  

3.3  Contaminated Groundwater as Exemplar Risk 

For an example time dependent concentration signal, we draw upon contamination of potable 

groundwater.  Groundwater contamination and risk assessment has an extensive history, often 

involving the safety of, nuclear waste repositories [e.g. Slovic et al. 1991; Johnson and DeRosa 

1995], drinking water near landfills, acid mine drainage, or nuclear testing sites [e.g. Nicholson 

et al. 1983; Brown and Donnelly 1988; Tompson et al. 2002; Maxwell et al. 2009; Zhuang et al. 

2009], and most recently in efforts such as carbon capture and storage [e.g. Wilson et al. 2007; 

Siirila et al. 2012].  In many of these examples, the scope of the risk assessment necessitates 

contamination projections far into the future.  As such, these time-dependent concentration 

signals may vary significantly in time and be subject to both uncertainty and spatial 

heterogeneity that may change with time, or future scenarios and/or conditions.  While the 

methodology presented here is entirely general and may be used on any number of important 

time-dependent concentration signals, we use a synthetic study of groundwater contamination to 

compare two assumptions about chemical reactions.  Here we investigate how time-dependent 

(i.e. kinetic) reactions compare to time-independent (i.e. equilibrium) reactions, and how this 

affects risk when it is a function of time.  With no loss of generality, arsenic is chosen as the 

contaminant in these simulations due to applicability as a worldwide contaminant of concern, 

high toxicity, and relatively mobile nature.  
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In this study, aquifer groundwater flow is simulated stochastically using the parallel, three-

dimensional groundwater model ParFlow, [Ashby and Falgout 1996; Jones and Woodward 

2001; Kollet and Maxwell 2006].  Realizations of equally probable, correlated Gaussian random 

flow fields from ParFlow are used to simulate solute transport using the Lagrangian particle 

tracking model, SLIM-FAST [Maxwell and Kastenberg 1999; Maxwell et al. 2007; Maxwell 

2010].  A complete set of the equations used in these models can be found within the 

aforementioned references and are not shown here for brevity.  While this example is 

hypothetical and used for illustration, it may be thought of as arsenic groundwater contamination 

in a drinking water aquifer resulting from a number of sources such as natural contamination 

[e.g. Anawar et al. 2002; Harvey et al. 2002; Ng et al. 2003] or any of the anthropogenic 

contamination scenarios mentioned above.  These example simulations build on previous 

numerical analyses modeling arsenic flow and transport [Siirila and Maxwell 2012; Siirila et al. 

2012]; a complete description of the numerical simulation setup can be found in these studies.  

Here, ensembles composed of 200 realizations are used for cross-comparison.  Large extent 

(multi-kilometer scale), fine discretization (meter to sub-meter scale) domains are used to ensure 

an accurate characterization of the flow field and ergodicity.  Statistical convergence of the 

ensemble was tested, and ensured below 1% after only 75 of the 200 realizations.  The simulated 

aquifer is fully saturated, where flow is driven by two constant head boundaries perpendicular to 

flow along the x-axis, and where the remainder of the domain faces are treated as no-flow 

boundaries (see Table 2.1 for parameter inputs and domain setup).  Four pumping water wells 

located down gradient from the contamination source track concentration as a function of time, 

and are used as the environmental concentration signal to calculate human exposure.  
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Time dependence in the solute is controlled within SLIM-FAST by specifying either 1) a 

linear equilibrium assumption (LEA) or 2) first-order kinetic sorption (Kin).  A LEA simulation 

utilizes the partition coefficient (KD) (L kg-1), whereas a Kin simulation utilizes time dependent 

forward (kf) (L d-1) and reverse (kr) (kg d-1) rates with an equivalent ratio to the partition 

coefficient: KD = kf/kr.  By imposing this relationship, the expected retardation of the solute is 

equivalent across LEA and Kin ensembles.  A further discussion on the time dependence in Kin 

sorption and its relationship to LEA sorption can be found in Siirila and Maxwell [2012].  Eight 

ensembles (each with 200 individual realizations) are compared: for each of the four EDs (ED = 

5, 15, 30, 70 years) both LEA and Kin environmental concentrations are used to calculate risk 

using both methodologies.  

3.4  Results and Discussion 

TD risk results for these eight ensembles are shown in Section 3.4.1.  Using the same eight 

ensembles, the TI methodology is then used to calculate TI risk, and is shown for comparative 

analysis in Section 3.4.2.  For reference, statistics on the environmental concentrations, C (mg L-

1), are used in these calculations are shown prior to these results (Figure 3.3).  Here, the mean 

environmental concentration (µC (mg L-1), black lines) and the standard deviation of the 

environmental concentration (σC (mg L-1), red lines) are plotted versus time for a) LEA and b) 

Kin simulations.  These distributions of C are the associated statistics of µC and σC are utilized 

below to explain behavior in risk trends below.   

3.4.1  TD Risk and the effect of the ED 

 Figure 3.4 shows TD risk results for (a-b) LEA ensembles and (c-d) Kin ensembles versus 

time.  Differences in the ED are plotted in color (see key in Figure 3.4a).  These results represent 

one location in uncertainty and variability space within the risk cube (for example, see 
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Figure 3.3.  Environmental concentration statistics used in the example case study for a) LEA 
and b) Kin ensembles.  Red lines show one standard deviation above and below the mean 
concentration, which are shown as black lines.  The line showing the statics of one standard 
deviation below the mean is equivalent to zero for all time.     

 

Figure 3.2) for all time.  Figure 3.4 shows the 100th percentile of uncertainty for (a, c) the 

maximally exposed individual and for (b, d) the average exposed individual.  Recall, the 100th 

percentile of uncertainty is the upper bound of the confidence interval for the flow and transport 

scenarios, and can be thought of as the statistical worst-case contamination scenario.  Also note 

the de minimus US EPA 10-6 (-) remediation action level (RAL) is plotted as a dashed horizontal 

line, and distinguishes at what probability the risk is negligible or too small to be of societal 

concern and is otherwise “virtually safe” (below 10-6) or requires remediation (above 10-6).   
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Figure 3.4.  TD risk results for the 100th percentile of uncertainty at the 100th fractile of 
variability (a,c) and 50th fractile of variability (b,d) for varying ED (see key in a).  TD Risk for 
LEA ensembles (a-b) and Kin ensembles (c-d) are shown for comparison.  The RAL is shown as 
a dashed horizontal line at Risk = 10-6 (-). 

 

For all four scenarios, there is a clear trend in risk given variable ED: the greater the ED 

the higher the risk.  For example, for all scenarios and for most times the ensembles with ED = 5 

(y) is consistently the lowest risk results with time, whereas the ensemble with ED = 70 (y) is 

consistently the highest risk results.  These results are consistent with those of Maxwell and 

Kastenberg [1999], which show a larger ED results in higher risk; this increase is not linear but 

is a function of the time of the contaminant signal at the well.  At times when the uncertainty of 

C values is high, there is a correspondingly high uncertainty in risk.   For example, between 1500 

and 7000 (y), LEA C and risk show wide distributions (Figure 3.4 a-b).  At late times, this trend 
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(the greater ED the greater the risk) is not as discernible, especially for the two intermediate ED 

values (15 and 30 years).  We again attribute a non-linear relationship between C  and the size 

of the ED window to non-uniformities in the environmental concentration signal over time.  The 

uncertainty in C values at these times is very small when compared to earlier times, and thus the 

uncertainty in risk across varying ED size is also small.  It is also important to consider that at 

these late time the environmental concentration exhibits a strong kinetic tailing behavior and 

fewer non-zero values are present (see Figure 3.3) and differences in C between the intermediate 

ED values are smaller, resulting in more dilute (and similar) C  values.  This relationship 

between uncertainty in C and uncertainty in risk as a function of time can also be seen in the 

results of Kin ensembles (Figure 3.4 c-d).  At late times, the uncertainty in C is greater for Kin 

ensembles than for LEA ensembles (discussed in more detail below); correspondingly, the 

uncertainty in risk for the Kin ensembles are greater than LEA ensembles at these late times.  

This comparison affirms this relationship between uncertainty in C and uncertainty in risk, and 

highlights the importance of examining these relationships in time. 

 Trends in the maximally versus average exposed individual are also illustrated in Figure 3.4.  As 

expected, the maximally exposed individual (Figure 3.4 a,c) yields consistently higher risk 

values than the average exposed individual (Figure 3.4 b,d).  What is not intuitive from this 

figure is the distribution of risk with respect to time given for varying fractiles of variability.  To 

aid in describing this behavior, we define the time rate of change of risk, d(Risk)/dt (y-1), as the 

slope of the ensemble line after the onset of peak contamination in Figure 3.4.  The d(Risk)/dt for 

the maximally exposed individual is smaller than that of the average exposed individual.  This is 

especially true for LEA ensembles (Figure 3.4 a, b) where at t = 12,000 (y) the risk is three 

orders of magnitude lower than the RAL.  This result shows how risk changes in time is a 
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function of how susceptible the individual is.  When compared to the average exposed individual 

the maximally exposed individual not only has a higher associated risk, but the risk also 

decreases more slowly in time.  In other words, uncertainty and variability are a function of time.  

Using the TD methodology, these complexities can be dissected, and reveal more information on 

the complete characterization of risk in time.   

We also see trends in LEA (Figure 3.4 a-b) versus Kin (Figure 3.4 c-d) ensembles.  Two 

trends are noteworthy: 1) the magnitude of risk is higher for LEA ensembles when compared to 

Kin ensembles and 2) the d(Risk)/dt for LEA ensembles is greater than that of Kin ensembles.  

This behavior is directly related to the observed tailing effect when solutes are in dis-equilibrium 

conditions [e.g. Valocchi 1989] resulting in a lower peak concentration and later breakthrough 

times of the trailing edge of the plume [e.g. Siirila and Maxwell 2012].  Because the contaminant 

plume residence time in the aquifer is longer for Kin ensembles, the duration of time that the 

contamination poses risk is also longer.  This is evident by comparing the percent of time 

(relative to the Δttotal = 15,000 years ) over the RAL, shown in Table 2.2  This metric illustrates 

that while LEA ensembles may pose a higher probability of risk, the percent of time over a given 

level such as the RAL is much greater for Kin ensembles.  For example, at an ED of 30 (y) and 

70 (y), the maximally exposed individual percentage of time over the RAL is ~20-30% higher 

for Kin ensembles than for LEA ensembles (see Table 2.2 a).  Thus, if the time duration of risk is 

considered in the risk assessment, the Kin scenario may actually pose a greater total risk than the 

LEA scenario.  However, if the probability of risk is low relative to the RAL, the tailing effect 

(or analogously the small d(Risk)/dt) in Kin ensembles may be negligible.  For example, for an 

ED of 30 (y), the average exposed individual percentage of time over the RAL is 0.0% in 

contrast to the 12.8% for the corresponding LEA scenario.  In this case the Kin scenario poses 
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less risk than the LEA scenario.  Thus, it is crucial to consider both the magnitude of risk in 

conjunction with d(Risk)/dt.   We see here that the TD risk formulation can expose nuances that 

arise from different scenarios involving transport assumptions that might not otherwise be 

apparent in the TI approach.  These intricacies may have significance in risk management when 

time or population changes are important.  

 

Table 3.2.  Percent time over the RAL. 

a) Maximally Exposed Individual:  
percent of time over the RAL 

 LEA Kin 
ED =   5 (y) 24.7% 0.5% 
ED = 15 (y) 44.9% 48.3% 
ED = 30 (y) 50.6% 69.6% 
ED = 70 (y) 61.6% 93.8% 
   
b) Average Exposed Individual:  

percent of time over the RAL 
  LEA Kin 
ED =   5 (y) 0.0% 0.0% 
ED = 15 (y) 0.0% 0.0% 
ED = 30 (y) 12.8% 0.0% 
ED = 70 (y) 21.9% 29.9% 

 

Figure 3.5 shows TD risk results for (a-b) LEA and (c-d) Kin ensembles versus time.  

Again, these results represent one location in uncertainty and variability space within the risk 

cube for all time.  Figure 3.5 shows the 50th percentile of uncertainty for (a, c) the maximally 

exposed individual and for (b, d) the average exposed individual.  The 50th percentile of 

uncertainty can be though of as the “best scientific guess” or an intermediate contamination 

scenario given the range of equally probable scenarios.  This is in contrast to Figure 3.4 that 

shows results for the 100th percentile of uncertainty (i.e. worst-case contamination scenario).  

Although many of the same trends described above for the 100th percentile of risk are true for the 
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50th percentile of risk, an interesting result shown in  these plots is the “crossover” in higher risk 

between ensembles with ED = 15 (y) and 30 (y) (for example, see Figure 3.5 a at ~ 6,000 (y) and 

at late times in Figure 3.5 a-d).  This was also noted above for the 100th percentile ensembles at 

late times (Figure 3.4 a-d).  Upon examination of the C statistics at these times (Figure 3.3), it is 

shown that when uncertainty in C decreases, uncertainty in risk also decreases.  Especially at late 

times, the decreased number of non-zero C values in the breakthrough curve results in a lower 

C  for the larger ED window (in this case, ED = 30 years), and a higher C  for the smaller ED 

window (ED = 15 years).  This idea is quantitatively explored in Section 3.4.2. 

3.4.2  TD versus TI Risk 

 The following is a comparison of the risk results between TI and TD risk methodologies.  

Because TD risk is a function of time (e.g. Figures 3.4 and 3.5) comparisons are made using the 

Riskk which maximum occurs within the risk cube (see Figure 3.2).  The maximum risk 

corresponds the 100th percentile and 100th fractile intercept in the risk cube.  As described in 

Section 3.2.3, the k value is the computation number within the n calculations over a 15,000 (yr) 

timeline, and corresponds to the time at which the risk value at this point (100th percentile, 100th 

fractile) is greatest.  Table 2.3a lists the TD value of n for varying ED, and Table 2.3b lists the k 

at which the maximum risk occurred for LEA and Kin ensembles and for varying ED.  

3.4.3  Temporal well averaging, C  distributions  

Figure 3.6 shows cumulative distribution functions (CDFs) of C  for LEA (a) and Kin (b) 

ensembles with varying ED (see key).  Differences in maximum TD (dashed lines) and TI (solid 

lines) are also shown.  Each ensemble is composed of 800 points: 1 C  value per 4 wells for 

each 200 realizations.  For TD risk, the 99th to 100th percentiles of C  are also shown in the 

respective figure insets.  For TD risk ensembles (LEA and Kin), two characteristics are 
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Figure 3.5.  TD risk results for the 50th percentile of uncertainty at the 100th fractile of variability 
(a,c) and 50th fractile of variability (b,d) for varying ED (see key in a).  TD Risk for LEA 
ensembles (a-b) and Kin ensembles (c-d) are shown for comparison.  The RAL is shown as a 
dashed horizontal line at Risk = 10-6 (-).  
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Table 3.3.  Number of exposure duration windows per scenario, and maximum times. 

a) n in TD risk calculations 
ED =   5 (y) 3000  
ED = 15 (y) 1000  
ED = 30 (y) 500  
ED = 70 (y) 214  
   
b)  k (of n total) at which maximum risk occurs 
 LEA Kin 
ED =   5 (y) 417 710 
ED = 15 (y) 148 242 
ED = 30 (y) 60 107 
ED = 70 (y) 30 49 

 

noteworthy: 1) the distribution of C  are much more uncertain (i.e. have larger distributions) 

than TI ensembles, and 2) there is not a clear trend between ED and C .  For TI ensembles, a 

smaller ED yields a higher resulting C , consistent with Maxwell and co-authors [2008]. 

Because the same underlying concentration signals are used in both methodologies, we can 

attribute this to the differences in environmental concentration averaging procedures for the 

corresponding risk methodologies (TD versus TI) as illustrated in Figure 3.1.  Recall that in the 

TD risk methodology the calculation of Riskn calculations begin at t = 0 and are calculated 

sequentially in time, where the time between Riskk and Riskk+1 = ED.  Unlike in TI risk, this 

means that the placement (in time) of the n EDs is independent of the time at  occurs.  

These results show that for TD risk, where in time the ED window is placed has a greater 

influence on the C  distribution than the size of the ED window.  In contrast, the size of the ED 

window has a great influence on the C  distribution in TI risk because each ED window is 

always relative to . 

Differences in LEA (Figure 3.6a) versus Kin (Figure 3.6b) C  ensembles are also 
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Figure 3.6.  CDFs of C  resulting from the TI (solid lines) and the maximum TD (dashed lines) 
risk methodologies.  Varying ED are shown by color (see key) for LEA (a) and Kin ensembles 
(b).  The 99th to 100th percentiles are also shown as insets.  
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shown here.  For example, consider the probability of C  values lower than the 10-4 (mg L-1) 

marker.  Differences in Kin and LEA probabilities at this marker are clearly linked to the use of 

LEA or Kin sorption, and also dependent on whether TD or TI methods are used.  Percentiles of 

LEA-TD ensembles lower than 10-4 (mg L-1) are the greatest (~73% to 78%), whereas the 

percentiles of LEA-TI ensembles are the lowest (~57% to 59%).  In contrast, the percentiles of 

Kin-TD and Kin-TI ensembles yield intermediate percentiles lower than 10-4 (mg L-1) (~73% and 

62%, respectively).  These results reveal that Kin C  ensembles are less affected by the 

differences in risk methodology due to the smoother breakthrough concentrations in time when 

compared to LEA ensembles, which are associated with a less continuous breakthrough 

concentration in time.  Also, we show that TI-LEA C  ensembles are the most conservative due 

to their placement of the ED window in time relative to  and conversely TD-LEA C  

ensembles are the least conservative.  The following is a comparison of how these differences are 

observable in the calculation of maximum risk values.   

3.4.4  Maximum Risk  

 Figure 3.7 shows maximum risk (at the 100th fractile of variability) versus percentiles of 

uncertainty for (a-b) LEA ensembles and (c-d) Kin ensembles.  TI risk is shown in Figure 3.7 a, 

c and TD risk in shown in Figure 3.7 b, d.  Varying ED is denoted by color, and the RAL is the 

vertical solid line at Risk = 10-6 (-).  Note that the C  distributions discussed in Section 3.3.2.1 

are consistent with the 100th fractile of variability, 100th percentile of uncertainty risk, or the 

greatest risk point on each of these curves.  The lesser percentiles of uncertainty (0-99th) are 

shown here for completeness, and for a comparison of how the distribution of maximum risk is 

affected by the parameters: LEA versus Kin, TI versus TD, and the size of the ED window.   

The most noticeable difference in this comparison is the associated uncertainty, or 
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Figure 3.7.  Maximum Risk comparisons for (a-b) LEA ensembles and (c-d) Kin ensembles and 
for varying ED (shown by color, see key in a).  Results from the TI methodology are shown in 
(a,c) whereas results from the TD methodology are shown in (b,d). The RAL is shown as a solid 
vertical line at Risk = 10-6 (-).
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distribution of risk for TI versus TD risk.  The distribution of risk for TI ensembles (Figure 3.7 a, 

c) are small (or less uncertain) when compared to the large distributions (or more uncertain) for 

TD ensembles (Figures 3.7 b, d). In other words, the results from the TI method yield an 

underrepresentation of uncertainty, and have implications in terms of cleanup efforts or risk 

mitigation techniques.  For example, with an ED of 70 (y) (green lines) the probability of 

incurring cancer at the 10-6 (-) RAL is 100% for TI-LEA calculations (Figure 3.7 a) and a ~95% 

probability for TI-Kin calculations (Figure 3.7c).  In contrast, the same scenario yields much 

lower probability of incurring cancer for TD ensembles: a probability of ~40% for TD-LEA 

calculations (Figure 3.7b) and a ~50% probability for TD-Kin calculations.  The greater risk 

distribution for TD ensembles is attributed to the fact that C  distributions for TD ensembles 

are larger (more uncertain) than TI ensembles (see Section 3.4.2.1).  In other words, the 

uncertainty in C  is effectively propagating into the uncertainty of risk.  This behavior has been 

previously observed in regards to flow and transport behavior [e.g. Ferson and Kuhn 1992; 

Morgan and Henrion 1992; Hoffman and Hammonds 1994; Siirila and Maxwell 2012; Siirila et 

al. 2012]; we show here the new approach captures that uncertainty in flow and transport and in 

the risk assessment.  Because uncertainty in risk is often a driving factor in the assessment, this 

finding has significant implications for risk analysis methodologies.     

Regardless of risk methodology, the trends in the size of the ED window in Figure 3.7 (a 

greater ED window results in a greater risk) are also consistent with those previously presented.  

One exception is noteworthy in Figure 3.7b for TD-LEA ensembles given an ED =15 (y) and 30 

(y).  The crossover in greater risk values between these two ensembles at the 60th percentile of 

uncertainty can be explained by the lack of trends noted previously in C  values for the TD 

method (see Section 3.3.2.1).  We can again associate this crossover with the well-averaging 
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procedure, and the placement of TD ED windows in time irrespective of . Given the results 

regarding the TD, C  distribution and their lack of dependence on ED, one would expect more 

“crossovers” in ensembles and/or a more disordered trend in greater risk and the size of the ED 

window for TD results.  We conclude that although we see a large ED effect in the C  

distributions with regards to trends, the calculation of risk is less sensitive, therefore allowing for 

these trends to persist in risk.  Because we see this cross-over behavior in the LEA scenario and 

not the Kin scenario, we hypothesize sensitivity in risk would be more apparent with a more 

strongly fluctuating C signal (i.e. see Figure 3.3).  These results (Figures 3.4, 3.5, and 3.7) 

highlight 1) the choice of the ED size a controlling parameter in accurately assessing risk, where 

given a range of EDs from 5 (y) to 70 (y), risk may range as great as three orders of magnitude 

using the TI risk method, and as high as five orders of magnitude using the TD risk method and 

2) assuming equilibrium conditions for the solute effects uncertainty in the calculation on risk, 

where C fluctuations may be over predicted.  The assumptions of a standardized ED size of 30 

(y) and equilibrium solute conditions may lead to inaccurate results and exemplifies the need for 

accurate characterization of the true ED time and true solute processes.  

For each respective risk methodology, the differences between LEA and Kin sorption 

ensembles are also noteworthy.  LEA ensembles yield a higher risk when compared to Kin 

ensembles.  For example, when the ED = 5 (y) (yellow lines), the LEA ensembles exceed the 10-

6 (-) RAL whereas Kin ensembles do not.  This is attributed to the tailing associated with kinetic 

sorption, and is consistent with the results shown in Figures 3.4 and 3.5.  As discussed in Section 

3.4.1, how long and when a risk persists is a function of whether the solute is modeled with LEA 

or Kin properties, and can only be discerned with a TD methodology.  We expand and these 

results here, and discuss maximum risk between TD and TI methodologies.  The highest risk is 
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often used as a conservative measure of regulating risk, thus we introduce the maximum risk 

value metric (100th percentile, 100th fractile) to compare with Figure 3.7, and is shown in the bar-

chart in Figure 3.8.  Here LEA maximum risk values are shown in (a), and Kin maximum risk 

values are shown in (b); TI values are shown in black, whereas TD values are shown in gray.  At 

the maximum value of risk, the aforementioned trend showing LEA ensembles higher than Kin 

ensembles is apparent.  Figure 3.8 also reveals the difference between TD and TI for each 

sorption scenario, an attribute that is difficult to decipher from Figure 3.7.  Here we see the 

difference between TI and TD maximum risk values (differences between black and gray bars) 

for LEA ensembles (Figure 3.8 a) are much greater than that of Kin ensembles (Figure 3.8 b).  

Or, the choice in risk methodology (TD versus TI) has a greater impact on the results for LEA 

ensembles than for Kin ensembles.  This result shows the need to consider time-dependence in 

other aspects of the risk assessment, shown here as the time dependence in the solute reaction.  

This demonstrates how other potentially complicated, time-dependent processes in the risk 

assessment (for example metabolism rates, contaminant decay, etc.) may participate in a 

feedback between in the TD methodology.   

 

Figure 3.8.  Maximum risk (100th percentile, 100th fractile) for a) LEA ensembles and b) Kin 
ensembles.  Black bars denote TI risk results and gray bars denote TD risk results.  The RAL is 
shown as a dashed horizontal line at Risk = 10-6 (-). 
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3.5  Conclusions 

A time dependent risk methodology was developed and compared with the traditional 

treatment of risk, which is independent of time.  An example contamination scenario was used to 

investigate how uncertainty, variability, and the probability of risk change given this new 

methodology.  We also examined how time dependence in other parameters such as the reaction 

rate of the plume and the size of the ED window were affected by this new methodology.  Key 

findings include: 

1. The TD methodology reveals information otherwise lost in a TI methodology, such as 

when risk will occur and how long it will persist.  In analyzing ensembles of two 

environmental concentration signals (i.e. a fluctuating LEA signal and a more continuous 

and heavy tailed Kin signal), the information attained in a TD methodology illustrates 

how the uncertainty in time-dependent processes may influence the uncertainty in risk.   

These results are especially pertinent for risk assessors and risk managers in assessing 

uncertainty in risk and for forecasting risk in time.  

2. How risk changes in time is a function of individual susceptibility.  Compared to the 

average exposed individual, the maximally exposed individual not only has a higher 

associated risk but the risk also decreases more slowly in time. 

3. Both the magnitude and time rate of change (d(Risk)/dt) of risk were higher for LEA 

ensembles when compared to Kin ensembles.  This behavior is directly related to the 

observed tailing effect when groundwater solutes are in dis-equilibrium conditions.  If the 

duration of risk is considered or a risk at later times is an important management criteria, 

Kin ensembles may pose a greater risk than LEA ensembles, even though peak LEA risk 
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may be higher.  This result highlights when the magnitude and d(Risk)/dt of risk should 

be jointly considered.    

4. In a comparison of TD and TI maximum risk values, it is shown that the distribution of 

TD C  are much more uncertain than TI C  ensembles.  Similarly, the uncertainty in 

TI risk is less than the uncertainty in TD risk.  This result shows how the uncertainty in 

many time-dependent and uncertain concentration signals may propagate into the 

uncertainty of risk.  It also shows how using the new TD methodology, uncertainty may 

differ than if the TI methodology was used.  We stress that the importance of quantifying 

this uncertainty in a risk assessment may alter the end-result, and also functions to assess 

the uncertainty of risk in time.    

This study exemplifies how assumptions regarding time in environmental risk analysis 

may be controlling parameters in accurately representing or forecasting human health risk.  

However, the equations that describe risk and exposure assume an equilibrium or steady-state 

between concentration and risk.  Future work might include how other time dependent 

parameters in toxicity, metabolism, and the fate and transports of the contaminant my influence 

risk.  Using this new methodology as a tool, these questions regarding time-dependent process 

and risk forecasting are an attainable objective. 
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CHAPTER 4  

A MODEL COMPARISON OF STATISTICALLY ANISOTROPIC, HETEROGENEOUS 

AQUIFERS:  EFFECT ON MACRODISPERSION 

4.1 Introduction 

Because the subsurface is largely unknown, geostatistical approaches utilizing the global 

statistics of the aquifer (for example, a mean, variance, and directional correlation lengths of 

hydraulic conductivity, K (m d-1)), are used to address aquifer uncertainties.  Stochastic methods 

are advantageous in contaminant transport processes and risk assessments because they allow an 

endpoint (such as a concentration, a flux, or through analytical equations the probability of risk) 

to be assessed in terms of bounds of uncertainty [e.g. Rubin et al. 1994; Andričević 1996; 

Tartakovsky 2007; Bolster et al. 2009b].  While parameter uncertainty is often analyzed for 

sensitivity, the associated uncertainty of the model of heterogeneity used is often ignored.  

Spatial statistical models can be divided into Gaussian and non-Gaussian methods [Koltermann 

and Gorelick 1996], and while there are a range of emerging approaches, in this work we focus 

on the comparison of two models of heterogeneity to represent the spatial persistence of K:  1) 

Gaussian random fields and 2) a non-Gaussian, or facies, indicator approach.  In the first of two 

papers presented here, we quantify and compare the effect of heterogeneity model on 

macrodispersion as a function of statistical anisotropy.  In the second paper of this analysis, “A 

model comparison of statistically anisotropic, heterogeneous aquifers 2. Interplay between local 

dispersion and macrodispersion”, we continue the model comparison with the addition of 

smaller scale heterogeneity through the use of local dispersion and sub-facies heterogeneity.   
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In the facies approach, an integer code is assigned to lithologic or hydrologic units, 

creating an indicator database to each facies type [Journel 1983; Johnson 1995; Carle 1996; 

Koltermann and Gorelick 1996; Deutsch and Journel 1998; Ritzi et al. 2000].  Other additional 

information can be included such as the volume proportion, mean lengths, and juxtapositional 

tendencies of each indicator, yielding the statistical basis for the facies model.  Examples of 

facies models are SISIM within the GSLIB package [Deutsch and Journel 1998] and T-PROGS 

[Carle 1999] which simulates integer-coded categorical variables or continuous variables with 

an indicator database. The advantage of a facies approach is a more geologically realistic model 

of spatial persistence, able to represent features such as asymmetric patterns of heterogeneity, 

sharp interfaces, and an upward-fining feature typical of many alluvial deposits [e.g. Fogg et al. 

1998].  Statistically, a Gaussian random field could be generated in an equivalent way to a facies 

field, and could thus be compared. Common models used to produce such geostatistical 

representations include GSLIB [Deutsch and Journel 1998] and the turning-bands approach 

[Matheron 1973; Journel and Huijbregts 1978; Mantoglou and Wilson 1982; Mantoglou 1987; 

Tompson et al. 1989].  The turning bands algorithm generates spatially correlated random fields 

from a normal distribution with zero mean and specified covariance structure.  The method 

involves the generation of a series of one-dimensional random processes along lines radiating 

from a coordinate origin that are projected from these lines onto a three-dimensional space.  The 

advantage of this approach is the computational efficiency of utilizing a one-dimensional 

solution into three-dimensional space, but requires a large number of lines in the solution to 

avoid spatial distortion. 

Assessments between two-dimensional fields of Gaussian random fields and facies fields 

have been conducted in the past [e.g. Gomez-Hernandez and Wen 1998; Western et al. 2001; 
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Zhang et al. 2006]; however comparisons of three-dimensional fields are more limited [Lee et al. 

2007; Bianchi et al. 2011].  To accurately characterize plume transport and concentrations in 

natural settings, modeling of aquifer connectivity and potentially tortuous flow pathways with a 

three-dimensional, spatially correlated heterogeneity model is imperative, especially when 

analyzing macrodispersion [Gelhar and Axness 1983].  As demonstrated in previous work 

[Siirila and Maxwell 2012; Siirila et al. 2012; Navarre-Sitchler et al. 2013] the relationships 

between statistical anisotropy (i.e. stratification), solute residence time (thus reaction time), and 

implications of contaminant transport such as human health risk, are clearly linked.  The question 

of how to accurately model aquifer connectivity, and therefore the model of heterogeneity, is an 

important one.  For example, in a Gaussian random field, high and low K materials are spatially 

isolated due to the continuous nature of the way the heterogeneity is produced in this model.  In 

contrast, the facies approach allows for the possibility of sharp interfaces between high and low 

K material, potentially causing differences in how connected the simulated aquifer is.  LaBolle 

and co-authors found the importance of neighboring strata and hydrofacies (i.e. low and high K 

zones) to be controlling in correctly dating post-1950, prebomb peak 3H and 3He water due to 

molecular diffusion and diffusive fractionation [LaBolle et al. 2006].  The idea of low-K 

connections in an isotropic, Gaussian random field has also been explored in the context of 

mobile-immobile mass transfer [Zinn and Harvey 2003], where flow fields with nearly identical 

lognormal univariate conductivity distributions but different patterns of high and low 

conductivity regions are connected (connected high K structures, connected intermediate K 

structures, and connected low K regions) result in different flow and transport.   

Two studies have analyzed the three dimensional differences in flow given Gaussian and 

non-Gaussian models.  In a Lawrence Livermore National Laboratory pump test simulation 
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utilizing T-PROGS and sequential Gaussian random fields, the T-PROGS model yielded an 

aquifer with greater lateral connectivity and could better reproduce simulated drawdown 

response behavior [Lee et al. 2007].  The simulated aquifer, however, was characterized (and 

conditioned) by a large number of facies samples in a highly heterogeneous aquifer (with a 

variance of ln(K) ≈ 25), potentially leading to a naturally better fit with a geologically realistic, 

facies model.  A second study comparing a small, 6 (m) x 6 (m) x 6.2 (m), area of the 

macrodispersion experiment site (MADE) showed 43% of the fastest particle paths’ are located 

within a high K zone in a Gaussian random field and as high as 69% in a T-PROGS field 

[Bianchi et al. 2011].  In this comparison preferential flow dictated transport, where fast 

pathways in the variogram-based methods were not necessarily through the highest K material, 

suggesting particle “jumps” or “leaks”.  To accurately characterize these interactions over long 

transport distances, fine cell discretization and large ensembles are needed to provide robust 

statistical conclusions.  Neither of the aforementioned three-dimensional studies investigate far-

field interactions, where both analyses are restricted to sub-kilometer and sub-ten meter spatial 

extents, respectively.  To avoid these limitations, comparisons of Gaussian and non-Gaussian 

random fields in this analysis are 1) finely discretized (cm to meter scale), 2) large extent (ten 

kilometers), and 3) compose an ensemble of multiple realizations to ensure convergence.  To 

address aquifer connectivity, spatial auto-correlation lengths of K (and therefore statistical 

anisotropy) are also varied in this analysis, where integral scales vary from the tens of meters to 

the kilometer scale. 

4.2  Methodology 

 A combination of numerical and analytical solutions is used to assess differences in flow and 

transport given Gaussian and non-Gaussian models of heterogeneity with a wide range of 
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statistical anisotropy ratios.  Sections 3.2.1 and 3.2.2 describe the numerical experiment setup 

and models used with regards to K and statistical anisotropy followed by that of flow and 

transport, respectively.  Section 4.2.3 outlines the dimensional and dimensionless metrics used to 

characterize plume behavior.    

4.2.1  Model of Heterogeneity 

In this analysis, three-dimensional Gaussian and non-Gaussian models of spatially 

correlated random K fields are stochastically simulated and compared.  A Gaussian random field 

assumes a log-normal distribution of the hydrologic parameter (i.e. K), and is completely 

characterized by the mean, variance, and semivariogram [e.g. Rubin 2003].  Here, Gaussian 

fields are internally generated in ParFlow using the turning bands algorithm [Tompson et al. 

1989].  The turning-bands algorithm enforces a semivariogram function through rotation of one-

dimensional lines (or bands) through space, where each value in the random field is a weighted 

average of values contained within each band [Tompson et al. 1989].  An exponential model is 

used to define spatial correlation of K via a separation distance, ξ (m), and a directional integral 

scale, I (m):  

                        (4.1) 

The field produced is a continuous distribution of the hydraulic property [Koltermann and 

Gorelick 1996].   

Non-Gaussian fields are generated using transition probability indicator simulations (T-

PROGS) [Carle and Fogg 1996; Carle 1996; Carle and Fogg 1997; Carle et al. 1998; Carle 

1999], also referred to here as the “facies” model.  T-PROGS utilizes a Markov chain model 

with cokriging and a final quenching step in the interpolation scheme.  In this study, non-

Gaussian simulations are composed of three discrete facies: High (H), Fill (F), and Low (L).  

R ξ( ) =σ 2 exp−ξ /I
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Each facies type varies by an order of magnitude in the magnitude of K (KH, KF, KL), and are 

equivalent in volumetric proportion (see Table 3.1).  Given the geometric mean and variance of 

K in non-Gaussian fields, we impose identical global statistics on the Gaussian simulations (see 

Table 3.1).  In addition, a two-sided truncated Gaussian model is compared.  The truncated 

Gaussian model is identical to the Gaussian model except that tailing values of K greater than the 

discrete high facies (H) value or lower than the discrete low facies (L) value are “truncated” or 

set equivalent to KH or KL, respectively (see Figure 4.1).  Again, while the Gaussian and facies 

models are both characterized by the same global statistics of K, the facies model is characterized 

by a discrete distribution of K whereas the Gaussian and truncated Gaussian models are 

characterized by continuous distribution of K (see Figure 4.1).    

 

Figure 4.1.  Discrete versus continuous hydraulic conductivity (K) distributions for the models 
of heterogeneity used in this analysis: G, TG, FA, FB, FC.        
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 The effect of statistical anisotropy is analyzed by varying the x-direction integral scale, Ix (m), 

commonly referred to as the correlation length in a Gaussian model and as the mean length in a 

facies model.   For the sake of generality, we adopt the integral scale correlation length 

terminology, defined as the directional length of K autocorrelation in the x, y, and z-directions: Ix 

(m), Iy (m), Iz (m).  For both Gaussian and facies models, the magnitude of Ix is tested for 

sensitivity, ranging from 15.0 (m) to 960.0 (m) across seven scenarios.  For all scenarios, the 

magnitude of Iy  and Iz are held constant (see Table 3.1).  Statistical anisotropy of K is defined via 

the ratio: ε = Iz / Ix (-), where a ε = 1 (-) describes an isotropic aquifer and where ε  < 1 (-) 

describes a stratified aquifer.  For each of the aforementioned seven cases, corresponding ε 

values are defined (labeled ε1-7, see Table 3.1), and are used to differentiate each scenario of 

varying Ix. 

 Lastly, we also investigate the effect of asymmetry in high and low facies Ix.  That is, in a 

symmetric facies model the Ix of both facies H and facies L (i.e. Ix,H and Ix,L) are varied as 

described above, and is most equivalent to a Gaussian model which also assumes symmetries in 

high and low K material.  We denote this symmetric facies scenario “Facies A: IH = IL”.  High K 

zones are observed to be better connected in many geologic environments [e.g. Sánchez-Vila et 

al. 1996].  Thus, two asymmetric high and low Ix scenarios are examined: “Facies B: IH > IL=15” 

and “Facies C: IH=15 < IL”.  In the facies scenario B, Ix,L is constant at the lowest integral scale, IL 

= 15.0 (m), while Ix,H is varied, depending on which ε is being simulated.  Similarly, in facies 

scenario C Ix,H is constant at the lowest integral scale, IH = 15.0 (m), while Ix,L is varied, 

depending on which ε is being simulated (see Table 3.1).  It should be noted that for the ε1, 

scenario Facies A is equivalent to scenarios Facies B and Facies C (i.e. when Ix,H = Ix,L = 15.0).  

 The following nomenclature will be used for brevity: Truncated Gaussian (TG), Facies A (FA), 
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Facies B (FB), and Facies C (FC).  For each model and for each of the seven ε scenarios, 50 

realizations of equally likely, yet spatially distinct random fields of K are simulated.  Using the 

metrics defined in Section 4.2.3, each ensemble is then compared and discussed in Section 4.3. 

 

Table 4.1.  Heterogeneity parameters. 

Anisotropy Ratio Value Units 
ε1 = 0.1 (-) Ix = 15.0 (m) 
ε2 = 0.05 (-) Ix = 30.0 (m) 
ε3 = 0.025 (-) Ix = 60.0 (m) 
ε4 = 0.0125 (-) Ix = 120.0 (m) 
ε5 = 0.00625 (-) Ix = 240.0 (m) 
ε6 = 0.003125 (-) Ix = 480.0 (m) 
ε7 = 0.0015625 (-) Ix = 960.0 (m) 
*For all scenarios   Iy = 15.0, Iz = 1.5 (m), (m) 
   
Note for the scenarios: 

“Facies A” - Ix,H and Ix,L  are both varied for each ε 
“Facies B” - Ix,H is only varied for each ε while Ix,L=15 
“Facies C” - Ix,L is only varied for each ε while Ix,H=15 

  
Parameter Value Units 
Geometric mean of K KG = 1.0 (m/d) 
Standard deviation of K σ = 2.3 (m/d) 
Facies K values and proportions KH = 10.0, PH = 0.33 

KF = 1.0, PF = 0.34 
KL = 0.1, PL = 0.33 

(m/d), (-) 
(m/d), (-) 
(m/d), (-) 

Facies off-diagonal transition   
probabilities (all directions) 

rHL = rLH = 0.5 (-) 

 

4.2.2  Flow and Transport 

Saturated aquifer flow is simulated using the parallel, three-dimensional groundwater 

model ParFlow, [Ashby and Falgout 1996; Jones and Woodward 2001; Kollet and Maxwell 

2006] utilizing a multi-grid preconditioned conjugate gradient solver.  Flow and transport is 

solved for large-extent (10 km), finely discretized (m scale) aquifers to ensure an accurate 
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representation of heterogeneity over multiple integral scales, even with an Ix as large as nearly 1 

km.  Per realization, the resulting domain is approximately 184 million cells, necessitating the 

use of parallel high performance computing.  Two constant head boundaries at x = 0.0 (m) and x 

= 10,002 (m) drive a groundwater gradient, where all other boundaries are no-flow (see Table 

3.2).   

Using the flow fields generated with ParFlow, solute transport is simulated with the 

Lagrangian particle tracking model SLIM-FAST [Maxwell and Kastenberg 1999; Maxwell et al. 

2007; Maxwell 2010] and a bi-linear velocity interpolation [LaBolle et al. 1996].  A 10.0 (m) 

cubic source of particles is instantaneously released, then tracked as a function of time at a down 

gradient plane near the domain outlet (see Table 3.2).  Solute transport is governed by the 

advection dispersion equation [Fetter 1999]: 

                     (4.2) 

where C (mg L-1) is the concentration in the x(x1, x2, x3) coordinate vector, θ (-) is the porosity, v 

= -K∇h/θ (m d-1) is the local groundwater velocity, h is the change in head (m), and D (m2 d-1) is 

the small-scale (local) hydrodynamic dispersion coefficient.  In the second paper of this study, 

local dispersion in the longitudinal and transverse directions (i.e. non-zero DL and DT ) is 

simulated given the same conditions to test for feedbacks between macro-scale (as discussed 

here) and local-scale dispersion given different models of heterogeneity and with varying 

anisotropy ratios.  In both studies, non-reactive solutes are simulated, although the investigation 

of reactive solutes in the context of this analysis is an area of future study.  Table 3.2 lists flow 

and transport parameters used in this study.    
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Table 4.2.  Flow and transport parameter values. 

Parameter Value Units 
Domain Size (x, y, z) (10,002 x 501 x 99) (m) 
Cell discretization (Δx, Δy, Δz) (3.0 x 3.0 x 0.3) (m) 
Number of cells (nx, ny, nz) (3334 x 167 x 330) (-) 
Centered location of source (x, y, z) (250.0, 250.0, 50.0) (m) 
Number of particles  400,000 (-) 
Local dispersivity (Paper 1 only) αL = 0.0, αT = 0.0 (m) 
Porosity θ = 0.3 (-) 
Plane location (x, y, z) (9,750, 0 – 501, 0 – 99) (m) 
Change in head and gradient Δh = 25.0 

J = 0.0025 
(m) 
(-) 
 

 

4.2.3  Characterization of plume behavior  

 To evaluate the effect of heterogeneity models and anisotropy ratios, a combination of 

dimensional (Section 4.2.3.1) and non-dimensional (Section 4.2.3.2) metrics are used.  

Dimensional metrics provide information such as plume arrival times, important in real-world 

applications such as time-dependent risk assessment [Siirila and Maxwell 2012].  Dimensionless 

metrics are a function of global parameters such as the mean groundwater velocity and the 

integral scale, providing a larger context of this analysis in the field of stochastic contaminant 

transport.   

4.2.3.1 Dimensional metrics 
 

 Three, dimensional metrics based on breakthrough of mass at the down-gradient plane 

are used.  The first is the peak, or greatest amount of mass which breaks through at a given time 

step, masspk (mg), in conjunction with the associated time at which the peak mass breaks 

through, tpk (y).  To assess mean plume transport, the mass and time which fifty percent of the 

plume breaks through the plane, mass50 (mg) and t50 (y), respectively, are also compared.  Lastly, 

we combine the definition of t50 with the time at which five percent of the plume breaks through 
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the plane, t5 (y), to define the third dimensional metric, the connectivity indicator, CI = t50/t5 (-) 

[e.g. Knudby and Carrera 2005; Bianchi et al. 2011].  Given that CI assess the shape of the 

breakthrough curve, it is used to quantify channeling through preferential flow pathways, and 

can relay information on higher order moments of the plume.  A higher CI value signifies a 

breakthrough curve skewed towards earlier arrival times and significant tailing, or a greater 

presence of preferential flow pathways and more channeling [Knudby and Carrera 2005].    

4.2.3.2 Dimensionless metrics 
 

The use of spatial moments, unlike point estimates of concentration, are global measures 

of the plume’s behavior, and are therefore not as error prone [Rubin 2003].  The 0th, 1st, 2nd 

spatial moments of the plume are calculated using an approximated particle solution [e.g. 

Tompson and Gelhar 1990; Maxwell et al. 1999a].  The 0th order moment, or total mass within 

the domain Ω is defined as: 

                        (4.3) 

where Np is the total number of particles and m is the mass of each individual particle.  The 1st 

order moment, or the average trajectory of the plume center of gravity is defined as: 

                     (4.4a) 

Or, evaluated with respect to an approximate particle solution (denoted by the p subscript): 

                     (4.4b) 

where is the particle location of particle p at time t.  The average “moment of inertia”, or 2nd 

order spatial moment of the solute body with respect to its mean center of gravity, is defined 

relative to the total mass as: 

M = θC(x, t)
Ω∫ dx =mNp

Xjl (t) =
1
M

θxC(x, t)dx
Ω∫ j, l =1,2,3

Xjl (t) ≈ Xjl,p(t) =
1
Np

xp
t (t)

p∈Np

∑ j, l =1,2,3

xp
t
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               (4.5a) 

Or, evaluated with respect to an approximate particle solution: 

                  (4.5b) 

The effective dispersion, or macrodispersion tensor, is defined with respect to the 2nd order 

moment: 

                      (4.6a) 

Or, evaluated with respect to an approximate particle solution: 

                      (4.6b) 

Time is represented in dimensionless form, and varies depending on ε, where t’ is defined as 

t’=tU/Ix, where U = KGJ/θ (m d-1) is the mean groundwater velocity. 

A comparison of the first moment, second moment, and and macrodispersion tensor 

analytical solutions is also conducted, and are denoted here by the subscript a.  The analytical 

solution for the first moment is simply the mean trajectory of the plume center of gravity, Xa=Ut 

(m).  An approximation to the analytical solution for the second moment, j,l=11 direction, and 

for ε < 1.0 is given by Cvetkovic and co-authors [Cvetkovic et al. 1998]: 

               (4.7a) 

where 

                    (4.7b) 

Sjl (t) =
1

M (t)
θC(x, t) x j − Xj (t)"# $% xl − Xl (t)[ ]

Ω∫ dx j, l =1,2,3

Sjl (t) ≈ Sjl,p(t) =
1
Np

xp
t (t)xp

t (t)T − Xjl,p(t)Xjl,p(t)
T

p∈Np

∑ j, l =1,2,3

Djl (t) =
1
2
dSjl
dt

j, l =1,2,3

Djl,p(t) =
1
2
dSjl,p
dt

j, l =1,2,3

S11,a (t ',ε) =
2σ 2I 2

b
t 'b+ exp(−t 'b)−1[ ]

b(ε) =1+19ε
2 −10ε 4

16(ε 2 −1)2
−
ε(13− 4ε 2 )arcsin( 1−ε 2 )

16 1−ε 2 (ε 2 −1)2
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We can relate Equation 4.7 with Equation 4.6 to express Cvetkovic et al.’s definition of the 

macrodispersion tensor as: 

        
               (4.8) 

 Spatial moment results are shown as ensemble averages, and assume each particle is equal in 

mass.  Results are shown for time-steps where at least thirty of fifty realizations contain 100% of 

the initial mass.    

4.3  Results and discussion 

In the following section, the results (dimensional and non-dimensional metrics) are 

analyzed following the methods presented in Section 4.2.   

4.3.1 Dimensional metrics 

 As discussed in Section 4.2.3.1, three dimensional metrics are used to quantify mass 

breakthrough at a plane down-gradient from the source.  Peak mass and corresponding 

breakthrough time are shown in Figure 4.2 for the a) TG, b) FA, c) FB, d) FC scenarios.  The G 

scenario is not shown here due to rapid mass loss outside of the domain at early time-steps, thus 

not transporting a sufficient amount of the initial mass to the plane for comparison with the other 

scenarios.  This result is discussed in more detail in Section 4.3.2.  Colors and symbols in Figure 

4.2 denote differences between ε 1-7 (see Table 3.1), where each ensemble of points is composed 

of fifty realizations.  A clear trend is noted for the symmetric (i.e. TG and FA, Figure 4.2 a-b) 

cases.  As ε decreases (i.e. the aquifer is more anisotropic, or more stratified), masspk and tpk both 

decrease.  In other words, in symmetric high-low material (regardless of the model of 

heterogeneity used, TG or FA) the peak amount of mass at the plane is much lower and arrives 

sooner in high anisotropy aquifers when compared to more isotropic aquifers.  Furthermore, the 

symmetric TG and FA cases show a trend associated with the ensemble spread, or the associated 

D11,a (t ',ε) =
1
2
S11,a (t ',ε)

dt
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uncertainty in masspk and tpk.  As ε decreases, the ensemble uncertainty increases. This result is 

consistent with previous work which shows that flow and transport is more uncertain in terms of 

metrics such as peak concentrations at a well given low ε [Siirila and Maxwell 2012; Siirila et 

al. 2012].  It is interesting to note that this result is especially true for the TG case (Figure 4.2, a), 

where scatter associated with each ensemble is generally much greater than in the FA case 

(Figure 4.2, b).  The uncertainty associated with the TG,ε7 case is so large that it encompasses the 

tpk time range of all other scenarios.   

Although the trends between the TG and FA cases are the same, the exact behavior is 

shown to be very different due to this associated uncertainty.  Obviously we can attribute this 

difference to the models of heterogeneity used, but can also be due to the differences in K 

distribution (Figure 4.1).  The intermediate values of K in the TG case, i.e. K >0.1 (m d-1) and < 

1.0 (m d-1); K >1.0 (m d-1) and <10.0 (m d-1), are likely affecting the associated uncertainty about 

the masspk and tpk metric results, especially given the sensitivity of the G case (not shown) which 

exhibited rapid mass loss, and only differs from the TG case by the presence of tails in the K 

distribution, i.e. K < 0.1 (m d-1) and K > 10.0 (m d-1).  The two dimensional analysis by Zhang 

and co-authors [2006] showed similar results in terms of peak times, where the Gaussian 

simulations resulted in peak breakthrough 1000 years earlier than the facies simulations, but also 

resulted in extensive tails whereas the facies simulations did not.   

There is also the question of adjacency of high and low materials.  Recall that the 

Gaussian models are limited to smoothly varying spatial changes in K, where areas of high and 

low K are spatially isolated in the Gaussian model whereas in the facies models high and low K 

material may be adjacent to one-another, depending on the statistics of the transition 

probabilities.  For example, a parcel of solute moving through the facies aquifer in a low-K 



 

 96 

region has a much greater probability of encountering a high-K region, and thus the potential to 

be transported in a region composed of higher K facies.  A parcel of solute moving through the 

Gaussian aquifer in a low-K region has a low probability of encountering a high-K region nearby 

(and vice-versa if in a high-K region there is a low probability of encountering a low-K region).  

Thus, flow in the facies models are dictated primarily by the H facies type, whereas flow in the 

Gaussian models are dictated by a number of K values, and the probability of encountering the 

highest value (such as in the facies models) is much smaller.   

 Figure 4.2, c-d show the t50 results for the asymmetric facies cases, FB and FC, 

respectively.  Unlike the symmetric cases (TG, FA, Figure 4.2 a-b), the asymmetric cases do not 

demonstrate the same trends with ε.  It appears that there may be a “tipping-point” associated 

between ε4 and ε5 for both cases, where at this change in Ix, the ensemble peak scatter arrives 

slower and with less mass (as in the FB case, Figure 4.2 c) or arrives faster with more mass (as in 

the FC case, Figure 4.2 d).  No other trends are notable, as FB and FC masspk and tpk metrics do 

not vary drastically across each ε ensemble, nor within an ensemble.  We attribute the behavior 

to the restriction of the facies model, where pre-imposed volumetric proportions of each of the 

three facies types (H, F, L) are equivalent (see Table 3.1).  Thus, the spatial extent of IH in 

scenario FB and IL in scenario FC may not be as pronounced as in the symmetric facies case, FA.  

This result highlights the insensitivity of ε given asymmetric integral scale facies models when 

the proportions of the facies types are equivalent, even when varying Ix from 15.0 (m) to 960 (m).  

This insensitivity can also be thought of as increased certainty in plume behavior, or more 

predictable conditions of flow and transport given an aquifer characterized similar to scenarios 

FB or FC.     

To assess mean plume transport, the mass and time which fifty percent of the plume 
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Figure 4.2.  Peak mass and associated time at the x = 9,750 (m) plane for the following cases: a) 
TG, b) symmetric facies case FA, c) asymmetric facies case FB, and d) asymmetric facies case 
FC.  Colors and symbols denote differences in anisotropy scenarios, ε 1-7, where each point 
represents one realization within the ensemble.  Note that figures insets c and d are a zoomed in 
parameter space of the same results.  
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breaks through the plane, mass50 (mg) and t50 (y), respectively, are also compared.  A scatter plot 

of t50 versus mass50 shows similar trends as the peak mass and time metric (i.e. Figure 4.2 for the 

peak breakthrough), and is therefore not shown here.  Instead, we focus on the distribution of the 

t50 metric in the form of cumulative distribution functions (CDFs).  Figure 4.3 shows t50 CDFs 

for the a) TG, b) FA, c) FB, d) FC scenarios (G scenario now shown).  Colors and dashed lines in 

Figure 4.3 denote differences between ε 1-7 (see key in Figure 4.3 d), where each ensemble 

distribution is composed of fifty realizations.  Similar to Figure 4.2, a clear trend is noted for the 

symmetric (i.e. TG and FA, Figure 4.2 a-b) cases.  As ε decreases from scenarios ε1 to ε4, t50 

distributions shift from later to earlier times, and the distribution shape does not vary drastically.  

As ε decreases after ε4, the t50 distribution no longer shifts to earlier time, but rather affects only 

the distribution shape, or associated uncertainty, of the t50 distribution.  With each additional 

increase in Ix after ε4, the shape of the t50 distribution becomes more and more uncertain.  This is 

especially true for the TG case, consistent with the peak mass and time metrics shown in Figure 

4.2a.  As shown here, a highly anisotropic aquifer can either accelerate or decelerate the plume, 

resulting in a t50 varying over 1,000 (y) (Figure 4.3 a).  It is also interesting to note that after this 

tipping point in anisotropy (i.e. after ε4) the 50th percentile of the distribution for both TG and FA 

cases converge.  In other words, after a certain increase in statistical anisotropy (decrease in ε), 

there is a fifty percent chance that the time at which half of the plume’s mass breaks through at 

the plane will be the same. Thus, while the associated uncertainty of that breakthrough time is 

larger (as discussed above), the differences in breakthrough between aquifers of high anisotropy 

are smaller.    

Figure 4.3, c-d show the t50 results for the asymmetric facies cases, FB and FC, 

respectively.  Similar to the peak mass and time results (Figure 4.2, c-d), there is not a clear trend 
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with regards to ε, but there does seem to be a quasi-tipping point related to increasing anisotropy 

after ε4.  For example, the FC-ε4 ensemble yields the slowest t50 times and the FC-ε5 ensemble, 

yields the fastest t50 times. This tipping point is unlike that described for the symmetric cases 

where results show that in decreasing ε after ε4 the t50 ensembles becomes more and more 

uncertain (Figure 4.3 a-b).  Instead, we see that for the asymmetric cases (Figure 4.3 c-d) the 

ensemble uncertainty is small (regardless of ε) and that there is little sensitivity in the t50 arrival 

time both within an ensemble and for varying ε. 

The third, dimensional metric used here is the connectivity indicator, CI, which relays 

information on the shape of the breakthrough curve to assess channeling through the aquifer.  

Figure 4.4 shows CI CDFs for the a) TG, b) FA, c) FB, d) FC scenarios (G scenario not shown) 

with colors and dashed lines denoting differences between ε 1-7 (see key in Figure 4.4 d), where 

each ensemble distribution is composed of fifty realizations.  The CI results for both symmetric 

and asymmetric cases are consistent with the peak and 50th mass breakthrough results (Figures 

4.2 and 4.3).  Aquifer connectivity for symmetric cases is similar for TG and FA scenarios, 

where there is a clear trend relating to ε, and also a tipping point relating where ensemble 

uncertainty increases after increasing anisotropy after ε4.  We also show that uncertainty relating 

to the TG ensembles is larger than the facies scenarios (Figure 4.4b-d), likely due to differences 

in both the model of heterogeneity but also the continuity of the K distribution used (Figure 4.1).  

The high CI value for the TG,ε7 ensemble indicates that solutes are flowing through preferential 

pathways in the aquifer; the large uncertainty associated with this distribution also indicates that 

a portion of the plume is potentially being withheld in low-K areas of the domain, causing more 

tailing within the breakthrough curve.  Here we show that this is largely a function of both ε and 

the model of heterogeneity used.  Aquifer connectivity for the asymmetric cases (Figure 4.4 c-d) 
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Figure 4.3.  Fifty percent mass breakthrough time at the x = 9,750 (m) plane for the following 
cases: a) TG, b) symmetric facies case FA, c) asymmetric facies case FB, and d) asymmetric 
facies case FC.  Colors and dashed lines denote differences in anisotropy scenarios, ε 1-7, where 
each ensemble represents the statistics of fifty realizations.      
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show 1) low connectivity and low associated uncertainty about that connectivity and 2) a lack of 

sensitivity associated with differences in ε within each scenario.  In other words, there is very 

little tailing within the breakthrough curve, and solute behavior within the FB and FC cases is 

more predictable than in the FA case and especially the TG case.     

4.3.2  Dimensionless metrics 

 Figure 4.5 shows the numerical results for the ensemble averaged, dimensionless 1st order 

spatial moment, or center of mass, in the jl = 11 direction for each model of heterogeneity: TG, 

G, FA, FB, FC  (see key for color and symbols).  Differences in ε1-7 are shown in subsequent 

figures a-g, where plots decrease in scale by a factor of two.  Figure insets show the first fourth 

of the figure (i.e. from 0-24 in Figure a and from 0-12 in Figure b, etc.).  As defined in Section 

4.2.3.2, the analytical solution of the mean trajectory of the plume century of gravity (X11,a) is 

also plotted as a solid black line for reference.  The dimensionless numerical results of X11 for all 

ε, and for all models of heterogeneity except the G scenario, depart from the analytical solution 

at early times and continue to follow at the same slope, overestimated by the analytical solution.  

In other words, after this early time step and for all scenarios except G, the plume’s center of 

mass does not travel as many integral scales as quickly as the analytical solution predicts.  

Although the G scenario only contains a sparse number of data points before a sufficient portion 

of the mass escapes the domain (recall that results are only shown for time-steps in which thirty 

of fifty realizations contain 100% of the initial mass), it is clear that the ensemble average for the 

G scenario is under-estimated by the analytical solution at these early time steps.  This result, 

showing an unexpectedly fast moving plume for the G scenario simulations, is consistent with 

the dimensional results that show quick mass loss outside of the domain.  Because we do not see  

this behavior in the TG results, which are identical in heterogeneity model and only differ by the  
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Figure 4.4.  Connectivity indicator for the following cases: a) TG, b) symmetric facies case FA, 
c) asymmetric facies case FB, and d) asymmetric facies case FC.  Colors and dashed lines denote 
differences in anisotropy scenarios, ε 1-7, where each ensemble represents the statistics of fifty 
realizations.  Note that figures insets c and d show a zoomed in CI axis of the same results.     
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lack of tails in the K-distribution (Figure 4.1), we can conclusively state that the rapidly moving 

plume in the G simulations are attributed to the highest and lowest values of the K-distribution.  

This sensitivity to the tails of the K-distribution are an interesting result, and demonstrate the 

necessity to accurately characterize the distribution variance of K, where truncation of these tails 

leads to drastically differing results in flow and transport behavior.  For example, the TG 

scenario results in the majority of the solute traveling several kilometers down-gradient from the 

source whereas very little of the G scenario mass is transported this distance, the majority of 

which exits outside of the domain at very early time-steps. In a real-world system where the 

proportions of extreme high or low K values are small (and therefore either inadvertently or 

advertently overlooked, or simply not measured), extreme K values could have a potentially 

large effect in terms of flow and transport.  In comparing the other X11 scenario results, for every 

ε the TG scenario most closely follows the analytical solution, followed by the FA case.  The FB 

and FC cases are least similar to the analytical solution.  

Figure 4.6 shows the numerical results for the ensemble averaged, dimensionless 

macrodispersion coefficient in the jl = 11 direction for each model of heterogeneity: TG, FA, FB, 

FC  (see key for color and symbols).  The G scenario did not yield enough data to be compared 

in terms of macrodispersion.  Differences in ε1-7 are shown in subsequent figures a-g, and plots 

decrease in scale by a factor of two.  As defined by Equation 4.7, Cvetkovic et al.’s [1998] 

analytical solution as a function of ε is also plotted as a solid black line for reference.  For all ε, 

numerical simulation results for the TG, FA, FB, and FC scenarios are over-predicted by the 

analytical solution, especially at the highest degree of anisotropy, ε7.    Similar to the first spatial 

moment results, at early time steps the numerical results follow the analytical solution then 

quickly depart from the analytical solution.  The analytical solution utilizes mean transport  
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Figure 4.5.  Ensemble averaged, dimensionless 1st order spatial moment in the jl = 11 direction 
for each model of heterogeneity (see key for color and symbols). Differences in ε1-7 are shown in 
subsequent figures a-g, and plots decrease in scale by a factor of two.  Note that figure insets 
show the first fourth of the figure (i.e. from 0-24 in Figure a and from 0-12 in Figure b, etc.).   
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parameters such as a mean U, or an averaged K, and although the effect of spatially connected K-

field heterogeneity is accounted for through this average, it is not explicitly modeled in the 

analytical solution.  The numerical simulations presented here show that explicitly modeling 

heterogeneity, and not just the averaged behavior, results in less macrodispersion due to the 

presence of these types of preferential flow pathways in the aquifer, causing the solute plumes to 

meander.  Discrepancies between numerical and analytical results for macrodispersion were also 

found in a two-dimensional analysis by Saladin and Fiorotto [1998], especially at higher K 

distribution variances.  Scheibe and Yabusaki [1998] also found the use of effective parameters 

to be ineffective in characterizing certain types of flow and transport (such as early and late 

arrival times) in highly structured heterogeneity which may lead to preferential flow.    

In terms of the different models of heterogeneity, the TG model most-closely resembles 

the analytical solution, followed by the FA model.   The FB and FC scenarios result in the lowest 

macrodispersion and least resemble the analytical solution.  Our results show greater 

connectivity and tailing (i.e. through the CI) for the TG model when compared to the three facies 

models (Figure 4.4 a versus b-d). We speculate that once again, the intermediate K-distribution 

values and the question of adjacency of high and low K materials (see discussion in Section 

4.3.1) are causing the Gaussian model plumes to spread more than the facies model plumes, 

regardless of symmetry in high and low K material.  Lastly, Figure 4.6 shows that the model of 

heterogeneity becomes less important as ε decreases.  For example, in Figure 4.6, g (ε7) the 

difference between the symmetric models, TG and FA, are nearly negligible.  In other words, at a 

certain degree of high anisotropy, flow is dictated by strong preferential flow pathways, and the 

model which created these flow pathways becomes less important.  This is consistent with the 

tipping point behavior we noted in terms of the t50 metric (Figure 4.3).   



 

 106 

It is well known that macrodispersion is not constant (i.e. non-Fickian), but grows with 

time until a certain point, at which a constant asymptotic value is reached.  Previous work shows 

that the travel distance needed to reach this asymptotic level is several tens of integral scales 

[e.g. Dagan 1988; Salandin and Fiorotto 1998].  Our numerical results show that although there 

is some uncertainty associated with when this value is reached, in general the asymptotic value is 

in the range of tens of integral scales. When compared to the facies cases (FA, FB, FC), the TG 

case requires more integral scales to reach the asymptotic limit.  It is questionable if, given the 

oscillatory nature of the TG results in dimensionless time, the TG macrodispersion results reach 

an asymptotic value (e.g. Figure 4.6 b-f), where the overall trend appears non-Fickian.  While the 

facies case results are also quasi-oscillatory in dimensionless time, the overall trend appears to 

reach a more clear asymptotic value, and therefore the facies models result in more Fickian 

behavior when compared to the Gaussian models.   

For highly anisotropic aquifers (e.g. Figure 4.6 e-g), the number of integral scales needed 

to reach the asymptotic limit is much smaller (under five integral scales).  Again, we can relate 

this to the strong presence of preferential flow pathways in highly anisotropic aquifers, and thus 

lower macrodispersion and a shorter time relative to the integral scale to reach the Fickian 

regime.  In our numerical experiment, the asymptotic macrodispersion values differ for the 

different heterogeneity models and for the seven ε.  In contrast, analytical solution results yield 

an asymptotic value independent of ε [Dagan 1988; Cvetkovic et al. 1998].  In other words, not 

only does the time required to reach the asymptotic value in the numerical results differ than the 

analytical solution, so does the actual value.  This result highlights the necessity of accurately 

measuring and accounting for anisotropy in modeling plume behavior.   

Figures 4.7 and 4.8 shows the numerical results of the dimensionless, macrodispersion 
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Figure 4.6.  Ensemble averaged, dimensionless macrodispersion coefficient in the jl = 11 
direction for each model of heterogeneity (see key for color and symbols). Differences in ε1-7 are 
shown in subsequent figures a-g, and decrease in scale by a factor of two.  
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asymptotic values in the jl = 22 and jl = 33 directions, respectively.   Models of heterogeneity 

(TG, FA, FB, FC) are denoted by color.  Differences in ε1-7 are shown in subsequent figures a-g, 

and plot scale decrease in scale by a factor of two.  Asymptotic values were determined for each 

ensemble average, and included D22 and D33 values after the first five time steps in which at 

least 30 of 50 realizations contained 100% of initial mass.  As shown in Figures 4.7 and 4.8, the 

asymptotic values of both D22 and D33 are greatest in the asymmetric models of heterogeneity 

(FA and FB) than in the symmetric models (TG and FA).    This is in contrast to the asymptotic 

values in the jl = 11 direction, where the symmetric models show the greatest amount of lateral 

spreading.  There again, seems to be a tipping point with respect to the anisotropy and 

macrodispersion in the jl = 22, 33 directions.  With regards to the symmetric models, at high ε, 

the TG results in greater lateral macrodispersion whereas at low ε the FA model results in greater 

lateral macrodispersion.   

4.1 Conclusions 

 In the first paper of a two-part heterogeneity model comparison, we performed a 

stochastic analysis utilizing dimensional and dimensionless metrics Gaussian and non-Gaussian 

heterogeneous flow fields.  This analysis expands on previous small scale, two-dimensional 

work.  Here, three-dimensional plume behavior such as arrival mass, times, and macrodispersion 

is rigorously assessed with meter and cm scale discretization over a ten kilometer regional 

aquifer.  We also address the question of symmetric and asymmetric high and low K material by 

varying the statistical anisotropy of each modeled aquifer.  The x-direction integral scale is 

varied (symmetrically and asymmetrically in high and low K material) between 15.0 (m) and 

960.0 (m) to provide sensitivity over a vast parameter space of integral scales for each model.     
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Figure 4.7.  Asymptotic values of ensemble averaged, dimensionless macrodispersion 
coefficient in the jl = 22 direction for each model of heterogeneity (see key for color and 
symbols). Differences in ε1-7 are shown in subsequent figures a-g, and decrease in scale by a 
factor of two. 
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Figure 4.8.  Asymptotic values of ensemble averaged, dimensionless macrodispersion 
coefficient in the jl = 33 direction for each model of heterogeneity (see key for color and 
symbols). Differences in ε1-7 are shown in subsequent figures a-g, and decrease in scale by a 
factor of two. 
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Dimensional metric (masspk, tpk, t50, CI) results for the symmetric high and low K material (TG 

and FA cases) show a clear trend with regards to statistical anisotropy.  A more anisotropic 

aquifer (lower ε) results in earlier peak and 50th percentile arrival times with less mass.  The 

ensemble uncertainty is also larger for more anisotropic aquifers.  This is especially true for the 

TG results, where the ensemble spread for the most anisotropic case (TG,ε7) is so large that it 

encompasses the time (peak and 50th percentile) range of all other scenarios.  Although the trends 

are similar for the symmetric cases, the differences in ensemble uncertainty are considerable, and 

can be attributed to not only differences in heterogeneity model but also the differences in 

continuous versus discrete K distributions and the question of adjacency of high and low K 

material in the facies model.  We also note a tipping point with regards to ε smaller than ε4.  

Aquifers less anisotropic than ε4 result in similarly shaped distributions for the t50 and CI metrics; 

aquifers more anisotropic than ε4 result in more uncertain distributions for these metrics.  In other 

words, after this tipping point in anisotropy, the effect of preferential flow pathways dictates 

either very slow or very fast solute transport, and where plume behavior is subsequently much 

less predictable than in more isotropic aquifers.   

Dimensional metric (masspk, tpk, t50, CI) results for the asymmetric high and low K material 

(FB and FC cases) do not show a trend with regards to anisotropy.  There is, however, the same 

sensitivity with regards to aquifers with anisotropy greater than ε4, where at this change in Ix, the 

ensemble peak scatter arrives slower and with less mass (FB case) or arrives faster with more 

mass (FC case).  No other significant trends are notable in this analysis.  The ensemble 

uncertainties for the asymmetric dimensional metrics do not vary drastically across each ε 

ensemble, nor within an ensemble.  We attribute the behavior to the restriction of the facies 

model, where pre-imposed volumetric proportions of each of the three facies types are 
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equivalent, and thus the spatial extent of Ix are not as pronounced as in the symmetric cases.  We 

can conclude that asymmetric facies models with equivalent proportions are insensitive to 

differences in Ix, even with differences as large as approximately to 960 (m).  Asymmetry in high 

versus low material (i.e. FB versus FC cases) also resulted in little differences in flow behavior.   

Numerical results for the dimensionless metrics first spatial moment and macrodispersion 

coefficient (X11 and D11, respectively) are over-predicted by analytical solutions except at early 

time-steps.  Because the analytical solution utilizes mean transport parameters such as a mean U 

to account for spatially varying heterogeneities in the K-field, it does not explicitly model the 

effect of preferential or slow flow pathways within the aquifer.  The exception is the G scenario, 

where the numerical results for X11 are under-estimated by the analytical solution.   The rapid 

mass loss in the G scenario simulations and subsequently small breakthrough of particles at the 

down-gradient plane restricted the analysis of this scenario, but reveals that the tails of the K 

distribution are crucial in accurately predicting plume behavior.  When comparing to the TG 

results (which are identical in heterogeneity model and global statistics but differ in the presence 

of the K distribution tails) the plume behavior is drastically different, resulting in the majority of 

the solute traveling several kilometers down-gradient from the source.  

In terms of macrodispersion, our numerical results for show that the TG model most-closely 

resembles the analytical solution, followed by the FA model, and that the FB and FC scenarios 

result in the lowest macrodispersion and least resemble the analytical solution.  Consistent with 

the results from the dimensional metrics, we speculate that the intermediate K-distribution values 

and the question of adjacency of high and low K materials result in the Gaussian models to have 

higher macrodispersion when compared to the facies models.  We also demonstrate that the 

model of heterogeneity becomes less important as the aquifer is more anisotropic.  In other 
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words, at a certain degree of high anisotropy, flow is dictated by strong preferential flow 

pathways, and the model which created these flow pathways becomes less important.  This is 

consistent with the tipping point behavior we noted in terms of the dimensional metrics.  We also 

demonstrate that macrodispersion is sensitive to the degree of statistical anisotropy, in 

contradiction to previous work.  This result highlights the necessity of accurately measuring and 

accounting for anisotropy in modeling plume behavior.   

Future work includes investigation of different models of heterogeneity at this high 

resolution and spatial extent. The effect of K distribution variance, facies transition probabilities 

and un-equivalent proportions are also potential next steps in assessing the effect of 

heterogeneity model on macrodispersion.  The question of feedbacks in scales of heterogeneity is 

addressed in the second paper of this analysis, where the effect of local dispersion and sub-facies 

heterogeneity are analyzed with regards to Gaussian and non-Gaussian models, and also as a 

function of statistical anisotropy.   
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CHAPTER 5  

THE BATTLE OVER DATA IN HYDRAULIC FRACKING AND THE ROLE OF SCIENCE 

IN ENERGY INFORMATION CAMPAIGNS 

In an age where technological advancements are rapidly growing, scientific inquiry and 

technical knowledge have become ever more important in policy choices and decision making.  

However, scholars increasingly find it concerning that scientific knowledge may be manipulated 

specifically to resolve political disputes and to enable decision-making.  Science and technology 

scholar Daniel Sarewitz, for example, describes how when science is expected to resolve 

contentious debates, controversy and political gridlock result instead, and the reputation of the 

scientific enterprise suffers [2004].  This new science-centered paradigm is especially troubling 

when an information campaign created to address political controversy uses scientific 

justifications to defend its position and rebuts the competing information campaign’s science by 

invoking uncertainty. 

5.1 Introduction 

Although it is not proven that increasing the quantity of scientific facts on a matter will 

increase public acceptance in technological controversy, modern societal debates are centered on 

the concept that scientific data can be generated to “out-science” one’s opponent.   This proves 

particularly true in information campaigns, which are intended to sway public opinion in 

controversial matters.  This countering of information campaigns to promote one’s position is 

what we will refer to as a “data battle.”  The concept that increasing the amount of scientific 

information on a given topic, with the end goal to attain “the truth” of the underlying science, 

paired with the dissemination of the information to out-bid the opponent’s science by countering 

or dismissing its validity with your own science, is rarely effective, and obscures or politicizes 



 

 115 

the actual progression of scientific inquiry, as well as its aims to objectivity.   This differentiation 

between a scientifically based decision and a non-scientifically based decision is what Funtowicz 

and Ravetz, Pielke, Jr., and others have referred to as “normal” versus “post-normal” science 

[1993; 2007].  In normal science or technology, a common goal is desired and a specific course 

of action can be resolved primarily through the systematic pursuit of knowledge or science.  In 

post-normal science or technology, a specific goal is not shared, and there are conflicting 

commitments based on differing values, making it difficult to come to a decision [Pielke 2007].  

In general, the use of data in post-normal science does not better inform decisions, because 

decisions must be decided by politics, whereas the use of data in normal science does better 

inform decisions.  In post-normal science, factors other than scientific pursuits (such as 

perceptions, individual values, societal gain, etc.) are important in determining a solution.  In 

other words, in post-normal science and the politics surrounding the debate, values are the driver 

of the decision and therefore the perceived risk.  One could also think of post-normal science as 

“issue driven,” whereas normal science would fall into the realms of “mission-oriented” in 

applied science, “client-serving” in professional consultancy, or “curiosity-motivated” in core 

sciences.  [Funtowicz and Ravetz 1993].    

This paper makes the argument that the data battle and other aggressive mimicry techniques 

accompanying the data battle, as outlined below, prevent a constructive dialogue between not 

only the opposing information campaigns within a debate, but also between scientists and the 

public.  In this analysis, the interaction between opposing information campaigns in hydraulic 

fracturing is used as an example of post-normal science in which the data battle is shown to be 

counterproductive to democratic aims, which would support dialogue and decision making 
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through politics.  As part of this discussion, we specifically focus on the response to the 2010 

documentary film by Josh Fox, Gasland, and the 2012 counter-documentary, Truthland.  

5.2 Background 

Hydraulic fracturing (commonly referred to as “fracking”, and denoted interchangeably here) 

is a process developed by the oil and gas industry to extract significant amounts of natural gas 

from deep geologic shale formations that were previously thought to be economically 

unattainable.  With the technological advancement of fracking, estimates of recoverable gas from 

United States shale is almost equal to the total conventional gas discovered in the United States 

over the past 150 years [Howarth et al. 2011b]. For perspective, this is equivalent to about 65 

times the current US annual consumption.  With the use of fracking, additional oil resources 

were also discovered in previously considered un-attainable shale formations, accounting for as 

high as 20% of current, conventional United States oil resources.  These resources have the 

potential to offset one third of current oil imports [Howarth et al. 2011b].  These types of 

statistics, in addition to natural gas being hailed as a cleaner energy source in comparison to coal 

(which was the previous leader in electricity production in the United States), make the 

technology very attractive from an economic point of view.  Supporters of fracking see the 

technology as an opportunity to use natural gas as 1) a bridge fuel from current energy sources to 

renewable energy, 2) a way to free the United State’s dependence on foreign oil suppliers, and 3) 

a mode to provide Americans employment in the time of economic recession [e.g. Howarth et al. 

2011b; Fry et al. 2012; Graves 2012].   

 Although from an economic standpoint the large-scale employment of fracking appears to be 

beneficial, especially when compared with coal-produced electricity, opponents of the 

technology argue that there may be environmental and societal issues that will outweigh the 
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benefits of fracking.  A primary concern of anti-fracking activists is leakage in the fracking 

process (either during or after well production) potentially causing contamination into the 

atmosphere, and into drinking and non-drinking water resources.  Leakage concerns are focused 

not only of natural gas [e.g. Howarth et al. 2011a], but also of fracking additives used in the 

process [e.g. Northrup 2000], which may be toxic, carcinogenic, or unknown due to proprietary 

reasons under what is now known as the 2005 “Halliburton loophole” [Howarth et al. 2011b]. 

Once contamination has occurred, humans and animals may experience adverse health effects 

(both cancer and non-cancer), and other negative environmental risks (for example, the risk of 

explosion from incomplete well capping).  Societal concerns include the lowering of property 

values, alteration of a community through industrial presence, and the deprivation of citizens’ 

right to objection and public involvement.   

The documentary Gasland (2010) chronicles the journey of a Pennsylvania native, Josh Fox, 

who was approached with a financial offer by an oil-and gas company to drill on his property 

overlying the Marcellus shale formation.  The documentary follows Fox as he sets out to learn 

more about the processes involved in fracking, including a cross-country road trip interviewing 

individuals affected by the fracking.  In Gasland, stories of corruption and pay-offs, and 

accusations of human and animal sickness caused by fracking are captured on film.  The 

documentary was an immediate sensation, bringing a flood of attention to the practice of 

fracking to obtain natural gas in the United States and spawning hundred of local organizations 

[Moore 2013].  The success of Gasland can partially be attributed to the shocking images of sick 

people and animals and flammable tap water in individuals’ kitchen sinks, but also due to the 

skillful combination of personal stories, and scientific basis presented in the film.     
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Following the release of Gasland, Skip Horvath, President of The Natural Gas Supply 

Association, was quoted in the Oil and Gas Journal as warning that Gasland is “well done. It 

holds people’s attention. And it could block our industry” [Snow 2010].  Shortly thereafter a 

number of rebuttal documents surfaced, including a detailed document released from Energy in 

Depth, entitled “Debunking Gasland,” employing a number of the same tactics which Fox uses 

in his documentary, and focusing on specific rebuttal of statements made in the documentary.  

The document was released from an organization called Energy in Depth, a “coalition” or front 

group founded by the Independent Petroleum Association of America (IPAA), to provide “public 

education and media outreach regarding hydraulic fracturing [to] keep a powerful surge of 

national anti-industry rhetoric and propaganda at bay” [IPAA].  Fox and the Gasland team 

responded with a thirty-nine page document, “Affirming Gasland: A de-debunking document.”  

And so the data battle began.   

In this paper, we focus on another significant rebuttal of Gasland produced by Energy in 

Depth: a “fact-based documentary”[IPAA] called Truthland (2012), starring Shelly DePue, a 

Pennsylvania mother, school-teacher, and rural Pennsylvania farmer in search of her own 

answers to information presented in Fox’s documentary.   DePue’s narrative begins in a way that 

eerily parallels Fox’s in Gasland.  According to a voiceover in the film, she and her family were 

approached by an oil and gas company with a financial bid to produce natural gas on their 

property through the use of fracking.  In the documentary’s introduction, DePue and her family 

watch Gasland, and are simultaneously frightened and skeptical of the story presented in that 

film, as they supposedly deliberate over whether or not to allow fracking on their land.  DePue 

then sets out on a road trip to seek answers to the practice of fracking, but also with the 

motivation to either validate or negate the information presented in Gasland.  In her travels, 



 

 119 

DePue meets with a range of academics, professionals in the field, and even a Pastor whose 

church is near a fracking facility.  Once home, she comforts her family with assurances that 

fracking is a safe technology, that the information presented in Gasland was not factual, and that 

the motivation of the film was not to present facts on fracking, but to generate a controversial, 

inaccurate documentary for the benefit of Fox’s own personal gain and subsequent success.  

5.3 Literature review 

Patterns and tactics used in the two documentaries are evident in the communication 

literature.  Jonathan Lange describes the kind of data battle we see in the Gasland case as a series 

of “mirroring and matching moves,” where the other party’s strategies and tactics are copied for 

one campaign’s own cause, resulting in a mirror image, or opposite result from what the 

opponent initially used [1993].  While this tactic is often seemingly un-intentional, if this 

mirroring and matching technique is actually deliberate, it could pose as a diversion technique.  

Peeples introduced the concept of “aggressive mimicry”, where this type of intentional 

appropriation of rhetoric of an opposing information campaign can be used for a group’s benefit 

[2005].  Peeples highlights how this technique has been used against environmental movements 

in the past, specifically through the use of opposing campaign “appropriation” through 1) 

mimicry of structure, 2) co-optation of language, and 3) aggressive mimicry of identity [2005].   

These techniques have proven historically effective to some degree, such as the success 

of Ron Arnold, the founding leader of Wise Use, an anti-environmentalist group [Peeples 2005].  

Arnold saw the success of environmental groups in the late 1970s, and adopted environmental 

techniques through the motto, “If you can’t beat ‘em, join ‘em”.  For example, Arnold 

encouraged forestry industries to take the position of “the people,” as environmental groups had 

done, thus positioning themselves as their own activist movement.  By positioning Wise Use as a 
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grassroots movement, Arnold and other anti-environmentalists could claim to “speak for the 

people”.  Wise Use utilized this appropriation of position to argue that their objective was to 

bring human concerns into environmental decision-making, and that the environmentalists were 

actually anti-people, or “pathological people haters” [Peeples 2005].  The concepts of discourse 

appropriation are also used in more blatant practices, and with more deliberate mimicry, either 

through selective diction, imagery, or between established societal traditions or stereotypes.  For 

example, Demo describes the success of an anti-sexist group, the Guerrilla Girls, by adopting the 

use of feminist stereotypes [2000].  Here, mimicry is made deliberate though the use of ultra-

feminine clothing and voice tones to illustrate sexist concepts.   

Lange describes how although this tactic is communicative, it is intended for anyone 

involved except the other party; instead, such tactics are intended to muddy public 

understandings of controversial topics and discourage deliberation.  These spirals of non-

interaction are typically ineffective from a democratic standpoint, as their sole purpose is to 

undermine the opposing information campaign’s purpose rather than to seek resolution.  These 

types of interaction “evoke - almost force - specific types of responses, while delegitimating or 

even disallowing others’ [Lange 1993].  This reactionary type of communication, or lack-there 

of, has the ability to accelerate misunderstanding when contextualized in destructive, escalatory 

spirals.  In the case of Wise Use against environmental groups, the use of discourse appropriation 

was ultimately not successful, but it did force a response from the environmental groups, 

therefore taking away resources (time, energy, etc.) from the environmental groups’ true 

objectives [Peeples 2005].  In this way, while a mirroring and matching technique fails at 

communication and problem solving, it can be effective in damaging the effort of a campaign’s 

opponent.  Using the example of the lumbering of old timber growth versus protection of a rare 
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bird (the Spotted Owl) in the pacific northwest, Lange argues that when assessing the entire 

campaign of both groups, there seems to have evolved a logic surrounding the use of spirals of 

non-interaction [1993].  This logic is facilitated through the use of mass media, where each party 

learns of the other’s communicative moves, negating the need for direct communication, and 

providing a means to strategize, and how to respond to the opposing campaign’s next move. 

With the mass availability of information through modern technological advancements, 

information dissemination can occur in seconds (i.e. through internet, social networking, 

television, radio, etc.), and is widely distributed through the same means.  Competing parties are 

constantly self-reinforcing, and negating their opponents in a “co-created sense of constraint, 

necessity, and logical force” [Lange 1993].   

5.4 Analysis 

These ideas provide a new framework to analyze modern political communication 

difficulties.  Five mirroring and matching patterns are outlined by Lange, and used here to 

exemplify the concept of spirals of non-interaction between those in favor and opposing 

fracking: (1) frame and reframe, (2) select high, select low, (3) vilify and ennoble, (4) simplify 

and dramatize, and (5) lobby and litigate.  Because our focus is not on courtroom activities and 

legalities, we focus on Lange’s first four patterns in the context of the two documentaries, 

Gasland and Truthland, as outlined in Section 5.4 below.  We also focus on the way in which 

each campaign determines and presents who and who is not an expert, and thus who has the 

authority to state and dismiss fact from fiction.   

5.4.1 Frame and reframe 

In opposing campaigns, each side frames the debate with its particular purpose and 

objective.  This framing, or contextualization of the situation with preference to the end-
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objective, uses a campaign’s “version of facts” to reframe the reality of the situation.  For 

example, those opposing fracking frame the technology as a source of environmental harm 

through potential leakage, whereas those in advocacy of fracking frame the technology as a 

source of environmental cleanup because natural gas burns cleaner in comparison to coal.  

Another framing example from the fracking debate focuses on the Marcellus Shale 

Formation in Pennsylvania.  An anti-fracking organization, The Marcellus Protest, describes 

itself on its website as, “an information clearing house…an alliance of western PA 

[Pennsylvanian] groups and individuals building a broad movement to stop the destruction of our 

environment and communities caused by Marcellus Shale gas drilling” [MarcellusProtest.org].  

The “About Us” section of the opposing information campaign in this area, The Marcellus Shale 

Coalition (MSC), states that their purpose is to “address issues regarding the production of clean, 

job-creating, American natural gas” and to “provide in-depth information to policymakers, 

regulators, media, and other public stakeholders on the positive impacts responsible natural gas 

production is having on families, businesses, and communities across the region 

[MarcellusCoalition.org]. 

These types of frames and reframes are evident across the fracking debate and within the 

two documentaries.  In general, the majority of these contextualizations are in reference to the 

betterment of man, and draw many parallels to that of Wise Use’s appropriation of the use of 

“the people”.  As described above in the case of the Marcellus Shale campaigns, both anti and 

pro fracking organizations portray their position with reference to the individual person.  Energy 

in depth even goes as far as portraying the majority of oil and gas companies as “small-

businesses” [IPAA].  Throughout the entirety of Gasland, almost everyone interviewed is 

without affiliation, that is, are individual residents of an area affected by fracking, and are 
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speaking through their own experiences, and not on behalf of an organization or company.  In 

this way, the documentary sets up its supporters as largely coming from the grassroots.  While 

DePue relies heavily on the use of experts in Truthland (see Section 5.4.5), she also invokes the 

position of “the people” through interviewing a handful of individual residents near fracking 

activities.  In this example, the frame of each campaign mirrors one another, while the re-frame, 

of course, differs.  In both documentaries, the objective in interviewing the un-affiliated 

individuals is to expose the experiences of everyday laymen, but differ in their message: those in 

charge of the fracking practice (legal, environmental, logistical, etc.) either are or aren’t looking 

out for “us”.  In Gasland, Fox interviews a Coloradan school bus driver, who discovers her tap 

water is flammable, and discusses her frustration after facing sickness that she believes is due to 

the practice of fracking near her home,  

What blows my mind is that the oil and gas conservation commission - I thought they 

were there to work for the people.  They are not there to work for the people.  They are 

there to work and help the oil and gas companies.  And I asked them, ‘Who’s there for 

the people?’ and he told me, ‘nobody, call an attorney’.  That’s what they told me [Fox 

2010]. 

In another Gasland interview, a rural resident who blames the oil and gas industry for 

contaminating his water supply states, “The whole concept of democracy and looking out for the 

little guy does not apply here” [Fox 2010]. 

In Truthland, DePue interviews a Coloradan rancher in the same area where Fox 

interviewed a number of individuals with flammable water taps, Weld County, Colorado.  DePue 

says she wanted to go to the same part of Colorado to “ask some real ranchers with natural gas 

wells if they were hurting their livestock or their families” [IPAA 2012].  In response to DePue 
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asking the rancher if he has experienced any of the horror stories presented in the Gasland 

movie, he states, “No, I’m happy to say there are always those around which try to instill fear to 

try to promote their cause…people stop by all the time to tell us how healthy our animals look” 

[IPAA 2012].  The perspective that the oil and gas industry has the best intentions for individual 

farms and communities is also portrayed in Truthland.  In interviewing a farmer from Dimock 

Pennsylvania, DePue explains how the oil and gas industry saved many people’s farms, and 

describes the ease in getting along with the companies.  The camera pans over a tractor with a 

bumper sticker of an American eagle and the US flag embossed with the words, “Gas Saved Our 

Ass”.      

Using the position of  “the people” is a good example of when both information 

campaigns agree on a frame and differ in their re-frame.  The overall outcome of fracking is a 

good example where opposing campaigns differ in their initial frames.  From the frame of the 

anti-fracking campaign, the overall outcome is environmental pollution, and potential for human 

and animal adverse health effects.  In contrast, the overall outcome of fracking as presented by 

advocates is that it provides a cleaner energy source and a means for American economic 

growth.  These differences in framing of the issue at hand give way to a fundamental 

disagreement in problem solving.  While there may be validity in either campaign’s framing, 

each points to a different problem, and therefore a different—and sometimes opposite—solution 

(i.e. to continue or to halt natural gas production with fracking).  How then, can the consensus of 

a solution be agreed on if not even the problem is in agreement?  Furthermore, how can scientific 

data be expected to adjudicate such disputes?  This new pattern in modern political 

communication exemplifies the difficulties involved when only subsets of the many perspectives 

within post-normal science are taken into account, and not the perspective of all those involved. 
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5.4.2 Select high, select low 

Lange describes the selective use of studies, and the interpretation of a point of view, 

through what he terms “selecting high, or selecting low” figures in accordance with one’s ends 

while rejecting those of the opposing information campaign.  An excellent example of this 

pattern is in the dispute over the number of wells drilled utilizing fracking.  In Truthland, DePue 

interviews Pennsylvania State University Professor Dr. Terry Engelder, who states that one to 

two million fractured wells are present across the nation, and that there have not been any 

problems for over sixty years.  On the Truthland website, the first point on “THE FACTS” tab 

states, “the history of fracturing technology’s safe use in America extends all the way back to the 

Truman administration, with more than 1.2 million wells completed via the process since 

1947”[truthlandmovie.com].  Anti-fracking parties argue that this number is a gross 

exaggeration, where less than only 2% of the estimated 1.2 million fractured wells since the 

1940s used the high-volume technology necessary to get gas from shale, and almost of which in 

the 2% have occurred within only the last ten years [Howarth et al. 2011b].  Those against 

fracking argue that the high-volume fracking cannot be grouped into the same section as those 

previously fracked without high-volume techniques, due to differences in the modern fracking 

being “far riskier” than earlier, conventional techniques.  

In Gasland, Fox uses the “select high” technique when he discusses the number of 

chemical additives used in the injected fracking fluid, which he refers to as a “brew”, and “a mix 

of over 596+ chemicals, from the unpronounceable, to the unknown, to the too well known [text 

showing *known carcinogen]” [Fox 2010].  By contrast, in Truthland, pro-fracking expert Dr. 

Terry Engelder states that fracking fluid is nothing more than “dish detergent” [IPAA 2012].  

Once back from her trip, DePue browses the internet and uses a hydraulic fracturing chemical 
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registry website [fracfocus.org] to investigate what components are used in fracking fluid.  She 

states,  

I don’t see anything that says dish detergent, but this does say over 99% of the frack fluid 

is water and sand.  And the rest of these chemicals, they’re things you already have 

around the house like toothpaste and cleaners, hair color and deodorant…probably even 

dish detergent [IPAA 2012]. 

In this mirror and match example, Fox insinuates the fracking fluid is harmful because 1) 

there are so many components, 2) some of the components are unknown, and therefore there 

must be something to hide, and 3) the known contents are either emerging contaminants that 

have not been well studied, or are proven carcinogens.  In contrast, DePue insinuates that 

fracking fluid is not harmful because 1) the industry is now willing to reveal the contents, 2) 

because the majority of the contents are sand and water, and 3) because the contents that aren’t 

sand and water are similar to household items we may already be exposed to.  With the select 

high technique, Fox insinuates that the oil and gas industry doesn’t have any stake in protecting 

the safety of those that may be exposed.  With the select low technique, DePue insinuates that 

the oil and gas industry is making efforts to protect the safety of those that may be exposed.    

In reality, there are more complexities regarding whether exposure to the contents of 

fracking fluid will cause adverse health effects.  The fundamentals of human health risk 

assessment are based on the concept that risk is driven by not merely toxicity, but also the dose 

[e.g. Siirila et al. 2010].  As DePue points out, toxic chemicals are ubiquitous in our 

surroundings on a daily basis.  This may or may not drive an adverse health effect, depending 

primarily on the dose, but also other factors such as frequency, exposure durations, human 

physiology, and so on.  In this way, it is incorrect for Fox to insinuate that if something is toxic, 
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it is inherently unsafe at all levels, except in the case of carcinogens, where such a claim 

deserves more investigation.  However, DePue also commits an alarming fallacy of logic when 

she insinuates that just because we may be exposed to something on a daily basis, it is safe for 

similarly toxic chemicals to invade our drinking and residential water resources.  The problem of 

transparency also persists:  many fracking chemicals are still protected by intellectual property 

laws, making it difficult to study and measure their impacts of human health and the 

environment.  Our point, however, is that even if transparency were granted—which we would 

support from an ethical standpoint—it is not clear that this information would settle the fracking 

debate.  

Another example of selecting high/selecting low is the amount of water used in the 

process of fracking.  This example is discussed twice in Gasland.  The first mention of the 

volume of water needed to frack a well is at the beginning of the movie, where it is stated that,  

Each time they [the oil and gas companies] drill a well, they need between 1 and 7 

million gallons of water.  Each time they go back and frack an existing well, they need an 

additional 1 to 7 million gallons of water.  They can frack a well up to 18 times in it’s 

life….450,000 wells, times 18, times 1 to 7 million gallons is something like 40 trillion 

gallons of water [Fox 2010]. 

By contrast, in Truthland, Dr. Michael Webber of the Center for International Energy and 

Environmental Policy states, “A typical well uses anywhere from somewhere like 2 to 8 million 

gallons of water to do the fracturing process” [IPAA 2012].  Although these statistics used in the 

two documentaries are comparable, where Fox’s range of per fracking process is actually less 

than what is presented in Truthland, Webber’s description in Truthland is arguably not as 

complete as that presented in Gasland (i.e. he does not mention the number of times a well is 
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fracked in its lifetime, or mention the sheer number of wells which this needs to consider).  

Webber does, however, go on to state that from the perspective of a different metric, “The 

amount of water you use for that well, over the lifetime of a well, is actually quite low.”  He goes 

on to state, “One of the things we find is that the water quantity requirements for shale gas 

production is actually lower per unit of energy produced than a lot of other choices like 

petroleum, or coal, or nuclear” [IPAA 2012, emphasis added].  In this light, one could also argue 

Fox’s representation of the volume of water needed in fracking is not representative in the 

context of net energy tradeoffs.    As shown here, even if opposing information campaigns 

present similar statistics, there should be caution regarding how a statistic is contextualized, and 

in determining whether the entire situation surrounding that statistic is being considered and/or 

presented.  

We also show that the usage of a statistic (i.e. in what way a metric is or is not 

normalized) is also a form of the select high, select low pattern.  For example, in Gasland, Fox 

lists the number of tanker trucks used in each step in the fracking process.  He states that 400-

600 tanker trucks of water are required per well that is fracked.  Similar to how Fox makes the 

volume of water seem high, oil and gas companies make the volume of water used in fracking 

using seem low.  For example, the fracking chemical disclosure website DePue uses in Truthland 

states that the amount of water used in oil and gas industry is less than 1% of the entire United 

States’ water consumption [fracfocus.org].  This includes all water resource use, including 

irrigation, which is well known to account for the majority of freshwater resources in the United 

States.  By utilizing these vague metrics (tanker trucks, percentages of total water use), both 

information campaigns are purposefully contextualizing the actual statistics of water use to make 

a point.  The use of statistics, whether simply selecting the highest or lowest range within 
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scientific uncertainty, without other relevant information (for example, not just how much water 

is needed to frack a well, but how many times the process will be used), or contextualizing the 

facts with ambiguous reference metrics (i.e. truckloads and percentages) are exemplary of the 

difficulties inherent in solely relying on a “data battle” to come to a consensus in the context of a 

complex matters such as fracking.    

5.4.3 Vilify and ennoble 

 In watching the documentaries, both documentaries appear to make the intended audience 

an average American citizen with whom not only information needs to be disseminated to, but 

also who needs to be “enlightened” concerning who the real villain is in the fracking debate.  

One could argue that each documentary is already speaking to an audience who would support 

the narrator’s stake in the information campaign by pure interest in selecting the documentary in 

the first place, although this is a somewhat open question.  According to Lange’s typology, while 

identifying the villain and the villain’s real objectives, information campaigns “ennoble’ 

themselves by purifying their own intentions.  In the beginning of Gasland, Fox describes his 

offer from an oil and gas company to purchase his Pennsylvania land for hydraulic fracking.  The 

same is true for the counter-documentary Truthland, where a dairy farmer and her family had a 

similar offer, which they accepted.  Both Fox and DePue are shown in scenes at their pristine, 

green Pennsylvanian properties, invoking their roots to the land, and speaking of trepidation 

(whether real or manufactured for the sake of the documentary narrative) regarding the safety of 

hydraulic fracking in their own backyards.  In this way, both individuals are portrayed as third 

parties, independently investigating the debate.  They represent themselves as citizens trying to 

make informed decisions regarding their own private property in the face of large-scale energy 

development.   



 

 130 

The mirroring technique by Energy In Depth to have their principal investigator within 

the counter-documentary to be of identical circumstances as Fox in Gasland is clearly 

intentional.  The very parallelism of their stories is intended to call into question scientific facts 

and to seed doubt in the viewer’s mind about data:  DePue and Fox each had the opportunity to 

drill on his or her own property, each began a journey for “facts” given this opportunity, yet each 

arrived at completely opposite conclusions on the risks surrounding hydraulic fracking.  It is this 

intentional mirroring by Energy in Depth, which emphasizes that the initial circumstances were 

the same, and the quest of both individuals was the same, and therefore there must be some flaw 

in the information presented in Gasland that would make Fox anti-fracking.  The fault is 

therefore not with the fracking itself, but with Fox and his seeming manipulation of data to suit 

his personal aims.   Of course, the set-up of both films—that both filmmakers are unbiased 

citizens setting out to seek the “truth”—is a narrative fabrication.  Fox’s perspective on fracking 

is clear from the beginning of his seeker’s tale, and while DePue was not directly funded by 

Energy in Depth, she does state that her family had agreed to fracking wells on their property, 

and the film itself was produced by Energy in Depth.   

The depiction of Fox and DePue as moral and just third party members is present 

throughout each documentary, respectively.  Thus both characters are ennobled.  Fox utilizes a 

hand-held camera in most scenes throughout the film, visually underscoring the grass-roots cause 

that he attempts to portray.  His laid back-attitude on the direction of the documentary, allowing 

the information from people across the country to lead his destinations, insinuates that his 

voyage is dictated by the “people’s voice,” and not of a calculated film producer out to “get a 

shot.”   In Dimock, Pennsylvania, one individual gives Fox a jar of contaminated water in a plea 

for his help to investigate its chemical contents.  After leaving Dimock, Fox states, “It stirred up 
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something else in me, the need to find out what was going on…was I actually going to become a 

kind-of natural gas drilling detective? Okay…I guess” [Fox 2010].  With this, Fox produces a 

sort of journey myth, establishing himself as an unlikely and cautious savior of the people and 

the environment.  As the film continues, Fox is shown befriending those he interviews (referring 

to them by their first names), playing his banjo across the country, and as out to first-hand 

expose a corrupt industry ignorant of the well-being of people such as himself.  In many ways, 

he accomplished his goal:  Gasland could be said to be the most effective consciousness-raising 

tool the anti-fracking movement has had, and it has drawn attention to serious concerns 

regarding the safety, environmental, and social problems it has wreaked.  Our aim is not to 

undercut its effectiveness, but rather to examine how Fox establishes his own character and sense 

of mission in the film, which is done in part by ennobling his own narrative. 

The same is true for DePue, the farmer who has “never spent much time away from the 

farm” [IPAA 2012].  The schoolteacher, surrounded by her family in their Pennsylvanian home, 

makes a list of questions she will journey away from home to answer.  In this way, she is acting 

as the representative of her family, portrayed as having the responsibility of keeping her family 

safe.  She repeatedly speaks humbly on her own behalf, saying things such as “I hope these 

experts aren’t too fancy, I’m just bringing my jeans” [IPAA 2012].   During her journey she 

visits a southern church and states that, “I wish I’d been there on Sunday so I could’ve heard 

Pastor Bowman preach” [IPAA 2012].  There is also a scene where DePue stops at a barbeque 

stop for lunch, where images of sliced beef are shown and a sign displaying, “You don’t need 

teeth to eat my beef” [IPAA 2012]. Because type of imagery may be offensive to say vegetarians 

or agnostics with liberal values, it is evident that DePu is being marketed to a certain 

conservative-valued audience to further promote her stance on the fracking, and therefore against 
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Fox.  Through such examples, her own bona fides as a representative of the grassroots is 

solidified.  At one point she simply states, “I’m a mom” [IPAA 2012], perhaps culturally 

paralleling herself to historical “moms” who have played important roles in truth-seeking—Lois 

Gibbs of Love Canal, Erin Brockovich, and even Mother Jones.  The intention of the film is to 

present DePue as folksy, down-to-earth, and trustworthy. Similarly, the oil and gas companies 

are also ennobled in Gasland, primarily due to their connection with employment.  Workers from 

a steel production plant and an elderly farmer, whose financial benefit from hydraulic fracking 

saved him from bankruptcy, explain that if it weren’t for the oil and gas company, they wouldn’t 

have a job.   

Ennobling one’s own campaign attracts followers, and evokes sympathy from the public.  

But vilifying the opposing campaign is an equally effective technique to sway the public to “join 

a side.  In so doing, vilifying encourages partisan separation and discourages deliberation.  The 

logic is simple: why engage in discussion with those who are framed to have corrupt or 

malicious intentions?  The rhetoric and images in Gasland of the oil and gas industry depict just 

this.  Gasland depcits the oil and gas industry as sneaky and corrupt by pairing them with 

political figures such as Dick Cheney for their own financial gain.  In Gasland, these individuals 

are described as loophole creators, bypassing laws environmentalists fought hard to enact.  Their 

objective is financial gain, not the well being of the people affected by drilling.   

In Truthland, on the other hand, Fox is depicted as a New York City film-maker driven 

by ambition and fame.  He made Gasland not because he was concerned for his and his 

neighbors’ health and environmental quality, but because he was in search of a new topic to 

dramatize, a topic that he could focus his documentary on while instilling fear in his audience to 

support his campaign.  His objective is financial gain, personal fame, award nominations, high 
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ratings, and support for future documentaries.  Such vilification from both documentaries 

supports an “us versus them” mentality, which further support the evolution of a data battle, 

wherein competing sides marshal evidence to ennoble themselves and vilify the other. 

5.4.4 Simplify and dramatize 

As DePue sets out on her road trip in Truthland, she states, “I started with the biggest 

question:  is the US national gas industry good, or bad?” [IPAA 2012].  The last of Lange’s 

patterns we will discuss in detail deals with the transformation of a complex topic (scientifically, 

socially, politically) into a simple topic in the effort to dramatize a cause, particularly through the 

use of imagery.  We must analyze not only words but images when examining film; images 

provide visual shorthands for delivering a message, or one campaign’s version of fact.  In the 

fracking debate, the scenes from Gasland of flaming tap water caused by methane contamination 

have become central.  The cause of this flaming has been a central issues in the data battles over 

fracking.  Important scientific questions are raised by the flaming faucets:  What effects does the 

gas have on the water quality?  Are these homes at risk for explosion?  Can we temporally or 

spatially correlate flammable water directly to fracking?  Research attempting to respond to these 

questions has yielded a variety of answers, all of which have appeared in the data battled, framed 

by the different sides and spun into select high/select low scenarios. 

In the simplest terms, in Gasland, the flaming faucets provide incontrovertible and 

frankly shocking evidence that something is seriously awry when it comes to fracking 

operations.  In Truthland, on the other hand, DePue easily dismisses the flaming faucet, and 

creates her own “image event” [DeLuca 2005].  DePue states, “Gasland seemed to only have 

gotten attention because of that flaming faucet, so I figured I needed something just as interesting 

to draw attention to my little movie” [IPAA 2012].  With the help of a former deputy secretary 
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for mineral resources management, dynamite-like explosives are ignited in a steel well casing 

used to transport produced natural gas in the fracking process.  The explosion is intended to 

show how solid and safe fracking casings are.  In Gasland, flaming faucets show fracking is 

dangerous, and explosive.  In Truthland, undamaged casings show just how safe fracking is.  

With these over-simplifications made through the use of imagery in each documentary, the data 

battle proceeds.  Energy in Depth’s blatant mirroring and matching of imagery is meant to 

demonstrate the inability for well casings to fail, while Fox’s imagery is meant to demonstrate 

that there must be natural gas leakage, and its presence can even be within one’s home.  As a 

viewer, it’s difficult to decipher which version of the truth to accept.  While inquiry into the 

logical framing of each example is important, having more scientific data in either case will not 

likely resolve this issue for the viewer.   

Because each form of data can also be used in the form of a simplified image, substantive 

inferences can be made without an explicit verbal statement. This technique is used in Gasland, 

where scenes are left to “speak for themselves” and to imply a certain state of things.  For 

example, in the beginning of the documentary, Fox describes the state of America during the 

1970s, which featured the beginning of environmental progress, the advent of computers, and the 

concept of leisure time.  Images of yesteryear flash across the screen, including the building of 

the twin towers in New York City.  The following scene is an image of Barack Obama, over 

whose image Fox intones, “But it’s 2009” [Fox 2010].  This purposeful juxtaposition of images 

highlights not only the way things were, but also the problems inherent in the way things are 

now, and sets the stage for Fox’s narration of a troubled reality that is the United States today 

(including terrorism, corruption, and environmental pollution).  These subtleties are placed 

throughout the Gasland documentary to subconsciously invoke suspicion and concern on the part 
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of the viewer.  For approximately one minutes and fifteen seconds, scenes of forested land and 

streams are shown while Fox is denied interviews by oil and gas companies, re-directed by a 

receptionist, and frustrated by the sound of corporate voice mail messages instructing him to 

leave a message after the beep.  Here Fox visually states a message from the oil and gas industry: 

unless you want to lease us your land, don’t call us, we’ll call you.  What Fox illustrates visually 

as a blatant disrespect and inability to communicate feels more personal when seeing these 

images of nature onscreen.  Oil and gas companies are set up as direct threats to the health of the 

natural world, and are also established as disrespectful corporate juggernauts, willing to ignore 

the “little guy” to get what they want.   

Parallel images—laid off workers struggling from the recession, or wars caused by our 

dependence on foreign oil—could have been used in Truthland, but instead these narratives are 

only hinted at.  The tone of Truthland is much more cheerful and much less apocalyptic, in order 

to make Gasland seem more absurd and sensationalist.  Such matching is meant to underscore 

the anti-doomsday, de-bunking approach of the oil and gas industry, where the attitude is focused 

on alleviating many of the frightening emotions evoked in Gasland.  Images of DePue appearing 

more and more relieved as she interviews expert after expert support this intended attitude.  The 

message is:  there really is nothing to worry about.  Environmentalists are merely engaging in 

frightening apocalyptic rhetoric yet again.  The narrators’ tone, the over-simplification of 

political positions, and even the background music in each documentary couldn’t be more 

contrasting in this regard.   

5.4.5 Defining expertise 

In addition to Lange’s four patterns of spirals of non-interaction in the data battle over 

fracking, both documentaries invoke the use of expertise, but do so in different ways.  In post-
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normal science, definitions of expertise may vary, and as discussed below may invoke a different 

type of truth within the data battle. In Truthland, DePue uses interviews with “experts” as a 

means to simplify the technological debates surrounding fracking as either true or false, with no 

gray area in between.  The use of experts is the entire basis in which she establishes truth.  In 

Truthland, the use of an expert is synonymous with factual data.  In Gasland, Fox also seeks out 

expertise, but also spends time supporting claims with either personal experiences or his own 

research (for example, visiting natural gas production fields and obtaining water samples across 

the country).  In comparison to DePue, Fox appears less inclined to make the basis of truth solely 

the influence of “expert” opinion, and portrays this differentiation in the documentary through 

the interview of primarily laymen and the people’s experience.   

In Truthland, the use of experts is so explicit that there are captions for each individual 

interviewed, instructing the audience on how to interpret their expertise.  The following are 

example texts for each expert:  

• Drexel University Professor and Engineer (tells it like it is) 

• Penn State University Professor of Geosciences (has three degrees) 

• Director, Red River Watershed Management Institute (water role model for the 

world) 

• Director, Environmental Defense Fund (climate change guru) 

• Associate Director, Center for International Energy and Environmental Policy (the 

government listens to him) 

• Former Deputy Secretary, Pennsylvania Department of Environmental Protection 

(just retired, doesn’t care who he makes mad) 
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These sub-titles could be interpreted a few different ways.  For example, they can serve as 

shorthand for the laymen viewer to easily interpret what an expert’s influence is.  The sub-titles 

can also serve as a source of humor, and a source of likability for the narrator.  Fox also uses the 

use of sub-titles to identify some of the individuals who he interviews.  For example, in 

introducing chemist and “Genius Award Recipient” Wilma Subra, the text, “it doesn’t take a 

genius” appears across the screen.  In this way, Fox uses the opposite approach of what is done 

in Truthland to exemplify that even though those he may be interviewing are well qualified to 

speak factually regarding the subject matter, the majority of the concepts which he attempts to 

portray do not require this level of expertise, only common sense.  In Truthland, by contrast, it is 

portrayed that common sense (or the knowledge of laymen alone) is not sufficient to form an 

opinion with regards to fracking.  At one point DePue justifies her use of experts in the 

documentary by stating,  

I’m not an engineer, a scientist, or a gas driller…. well, neither is the guy who made 

Gasland.  He lives in New York City and makes movies for a living.  I’m just a 

Pennsylvanian mom.  I needed to talk to an expert [IPAA 2012].  

To complicate the matter of defining expertise, people with different values draw different 

conclusions from the same evidence [Kahan 2012].  That is, given one’s own bias, a fact 

considered “indisputable” by one individual will not necessarily be accepted by another 

individual.  Part of the reason why we cannot agree on disputes, which are otherwise considered 

scientifically defensible, is that people also have different ideas on who is an expert [Kahan 

2012]. Kahan and his colleagues suggest that the communication failure present in many post-

normal science or technology controversies is due to one’s political and cultural cognitive, a 

heuristic that dictates how we associate with information campaigns.  Kahan and co-authors have 
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shown that there is a strong correlation between individuals’ cultural values and their perceptions 

of scientific consensus on risks [2011].  So the question is then, why focus on creating a war of 

individual data battles when the third party has already subconsciously chosen a side? 

5.5 Conclusions 

In this analysis, we have shown that the data battles in post-normal scientific 

controversies such as the one evolving over fracking prevent a constructive dialogue between not 

only the opposing information campaigns within a debate, but also between the public and 

scientists or technical experts.  We analyzed information campaigns in support and in protest of 

fracking using the framework described by Lange, and through the analysis of using and defining 

an expertise in a data battle.   

Following the release of Truthland, a short “emergency” online documentary video also 

by Fox, The Sky is Pink, was released, suggesting a pseudo-conspiracy theory, stating that the 

media is not exercising investigative journalism, but rather “he said, she said journalism” [Fox 

2012].  The media, according to Fox, is falling victim to the industry by obscuring risks of 

fracking by simply presenting the matter as a debate over the facts, even if there is no need for 

one.  In other words, as long as there is a disagreement on a matter, there is some perceived 

related uncertainty, and an otherwise definitive risk could be considered safe.  This concept is the 

origin of the short-documentary title; as long as someone rebuts a fact, such as “the sky is pink, 

not blue,” there is some validity in the statement, even if it’s nonsensical.  Fox’s framing of the 

oil and gas industry to use this technique as a conspiracy against the anti-fracking debate may err 

on the extreme side, but the technique, discussed here as mirroring and matching in a series of 

data battles, does have some validity.  This technique has been used in the discussion on climate 

change, where failing to translate scientific community discourse and unbalanced journalism and 
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tactical media responses have allowed room for the US to avoid responsibility and delay action 

regarding global warming [Boykoff and Boykoff 2004; Boykoff 2009; Oreskes and Conway 

2010].  The problem is that opposing campaigns feel the necessity to refute these types of 

statements.  If not, the sky is then pink.   

While there is undoubtedly a place for technical scientific details in modern day debates 

on technological advancements such as fracking and other energy solutions, information 

campaigns are becoming exceedingly more dependent on the use of technical science as an end-

all, be-all solution.  In a post-normal science, it is crucial to address not just the technical details 

(such as well casing integrity versus evidence of leakage) to work towards a solution.  For 

example, what other accompanying interferences does fracking have on a person’s community?  

There must be consideration of industrial presence in otherwise rural areas (such as traffic, air 

quality concerns) or, vice versa, the financial aide of families or entire communities affected by 

the economic crash.  Even on a national level, the potential for fracking to allow for Americans 

to have less foreign dependence with regards to energy can be contested.  In The Sky is Pink, Fox 

states, “How can you separate the science from the emotions?  In this case it is the science that 

provokes the emotion.  It’s the science that tell you how to feel” [Fox 2012].     

We would agree, except not in the sense Fox intends.  Science can tell you how to feel, 

but in postnormal controversies, we tend to listen to the science that supports the feelings we 

already have.  In a world where scientific influence over policymaking is experiencing 

exponential growth, it is an easy tendency to either wish or believe that all the complex 

anthropogenic problems man has created can just as easily be resolved by man with technology.  

This tendency, whether consciously or subconsciously, traps us into the cycle of out-bidding our 

opponents in a spiral of mirroring and matching, obscuring the real issue, and obstructing any 
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potential communication on that issue.  Using the example of the two documentaries Gasland 

and Truthland, is the question on the fracking debate actually being driven by science to guide 

decisions, as is culturally implied?  Or are these spirals of non-interaction, and obsession with 

data battles and managing public relations, obscuring steps towards problem resolution?  As 

concluded in the executive summary of the report entitled Drill, Baby, Drill: Can 

Unconventional Fuels Usher in a New Era of Energy Abundance, “A new energy dialogue is 

needed in the U.S. with an understanding of the true potential, limitations, and costs—both 

financial and environmental” [Hughes 2013].  By consciously acknowledging these spirals of 

non-interaction, moments of aggressive mimicry, subconscious cultural cognitive, and 

obsessions with scientific uncertainty and varying versions of “the facts,” a more constructive 

dialogue between not only the opposing information campaigns within a debate, but also a 

dialogue with the public can be accomplished.   
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CHAPTER 6  

SUMMARY AND CONCLUSIONS 

For this dissertation, I focused on the interplay between aquifer heterogeneity and human 

health risk assessment.  This work is motivated by the need to draw connections across the fields 

of hydrology and risk assessment, especially as the characterization of natural systems become 

more sophisticated and questions of anthropogenic impacts on the environment become more 

prevalent.  This work emphasizes the use of stochastic, numerical techniques as a tool to assess 

the inherent uncertainty in the growing number of reactive contamination problems.  The ability 

to perform controlled experiments across a range of spatial and temporal scales, and to 

furthermore quantify uncertainty and sensitivity, is the basis for the use of numerical methods in 

this dissertation.  This approach is especially advantageous when applied to probabilistic risk 

assessment, where statistically analyzing environmental conditions can be used to inform risk 

management decisions.   

In Chapter 1, a robust sensitivity analysis was conducted by utilizing of varying scales of 

heterogeneity.  The analysis ranged in heterogeneity scale from millimeter, pore-scale dispersion 

and kinetic reactions, to several hundreds of meters hydraulic conductivity correlation lengths.  

Human health risk is used as an endpoint for comparison via a nested Monte Carlo scheme, 

explicitly considering joint uncertainty and variability.  Results show effective reaction rates of 

kinetic ensembles with the inclusion of local dispersion yield dis-equilibrium transport, even for 

averaged (or global) Damköholer numbers associated with equilibrium transport. Solute behavior 

includes an additive tailing effect, a retarded peak time, and results in an increased cancer risk.  

In analyzing non-sorbing solutes with the inclusion of local dispersion in highly anisotropic 

media results in either an acceleration or retardation of the plume.  This finding is unexpected 
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given that local dispersion has only previously been shown to affect the concentration variance 

(i.e. second plume moment) and not the concentration center of mass (i.e. first plume moment).  

The sensitivity analysis also reveals that the distribution, magnitude, and associated uncertainty 

of cancer risk are controlled by the up-scaling of these small-scale processes, but are strongly 

dependent on the velocity and the source term.  

 Chapter 2 of this dissertation built on the concept of varying concentration versus time 

signals from time dependent processes (for example, human metabolism rates, contaminant 

decay, kinetic sorption ventilation rates of indoor air, consumption rates of food, etc.) as 

discussed in Chapter 1.    A new framework is developed and presented, Time Dependent Risk 

Assessment (TDRA), which stochastically considers how joint uncertainty and inter-individual 

variability (JUV) associated with human health risk change as a function of time.  In contrast to 

traditional, time independent assessments of risk, this new formulation relays information on 

when the risk occurs, how long the duration of risk is, and how risk changes with time.  Because 

the true exposure duration (ED) is often very uncertain in a risk assessment, I also investigate 

how varying the magnitude of fixed size durations (ranging between 5 and 70 years) affect the 

distribution of risk in both the time independent and dependent methodologies.  To illustrate this 

new formulation and to investigate these mechanisms for sensitivity, an example of arsenic 

contaminated groundwater is used in conjunction with two scenarios of different environmental 

concentration signals resulting from rate dependencies in geochemical reactions.  Results show 

that the information attained in the new time dependent methodology reveals how the uncertainty 

in other time-dependent processes in the risk assessment may influence the uncertainty in risk.     

Chapter 3 re-examines the question of scales of heterogeneity addressed in Chapter 1, but 

focuses on a heterogeneity model comparison of varying statistical anisotropy.  While parameter 
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uncertainty is often analyzed for sensitivity, the associated uncertainty of the heterogeneity 

model used is often ignored.  Here, a stochastic analysis utilizing dimensional and dimensionless 

metrics on Gaussian, truncated Gaussian, and non-Gaussian heterogeneous flow fields is 

performed.  Three-dimensional plume behavior such as peak arrival times and moment analysis 

are rigorously assessed with meter and cm scale discretization over a ten-kilometer regional 

aquifer.  Results show that the tails of the hydraulic conductivity distribution are crucial in 

accurately assessing plume behavior and macrodispersion.  We also demonstrate that the model 

of heterogeneity is important, especially as a function of statistical anisotropy.   More anisotropic 

aquifers have a greater ensemble uncertainty and result in earlier peak times and greater 

connectivity.  Differences between numerical and analytical results are discussed, where a 

dependence on the model of heterogeneity and statistical anisotropy is revealed.  We demonstrate 

that the model of heterogeneity becomes less important as the aquifer is more anisotropic, or 

when at a certain degree of high anisotropy, flow is dictated by strong preferential flow 

pathways, and the model which created these flow pathways becomes less important. 

 Finally, in Chapter 4 of this dissertation, an analysis of the communication in competing 

information campaigns, and the difficulties that are encountered in post-normal science, are 

discussed.  The concept of a “data battle”, where science is used to promote one’s side while 

dismissing another, is analyzed using the example of hydraulic fracturing, or fracking in two 

opposing campaign documentaries: Gasland and Truthland.  Specifically, we analyze these 

documentaries using Lange’s four mirroring and matching techniques in addition to an analysis 

focusing on the use of expertise in a data battle.  In this example we show that these techniques 

prevent a constructive dialogue between not only the opposing information campaigns within a 

debate, but also between the public and scientists or technical experts.  
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APPENDIX A 

 
Far-field aquifer flow is simulated using the parallel, three-dimensional groundwater 

model ParFlow, [Ashby and Falgout 1996; Jones and Woodward 2001; Kollet and Maxwell 

2006] utilizing a very efficient multi-grid preconditioned conjugate gradient solver. Perturbation 

theory is used to characterize Y = ln(K) as a mean and perturbation [Rubin 2003]: 

  (A1) 

where bracketed terms, , denote the mean or expected value and y’ is the perturbation from 

the mean Y.  Three-dimensional, spatially correlated random fields of K are internally generated 

in ParFlow using the turning bands algorithm [Tompson et al. 1989].  Steady state groundwater 

flow is described by: 

  (A2) 

where h [m] is the hydraulic head and q [m d-1] is the Darcy flux.  Local groundwater velocity (v) 

[m d-1] is defined by Darcy’s law as: 

             (A3) 

Varying conditions of solute transport are simulated using the Lagrangian particle tracking 

model SLIM-FAST [Maxwell and Kastenberg 1999; Maxwell et al. 2007; Maxwell 2010] where 

solute transport is governed by the advection dispersion equation [Fetter 1999]: 

   (A4) 

Y = Y + y '
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where DL [m2 d-1] and DT [m2 d-1] are the small-scale (local), hydrodynamic longitudinal and 

transverse dispersion coefficients (respectively), and i is a source or sink [mg m-3 d-1].  

Contaminant mass balance is accounted via: 

∂
∂t

θ(C +C*)( ) =∇⋅ θD

⋅∇C( )−∇⋅ (θvC)−C Qwδ(x − xw )δ(y− yw )δ(z− zw )w∑    (A5) 

where Qw [m3 d-1] is the pumping rate of well w situated at (xw, yw, zw) and is the 

hydrodynamic dispersion tensor defined as: 

           (A6) 

where αL [m] and αT [m] are longitudinal and transverse dynamic dispersivity (respectively), 

[m2 d-1] is the effective molecular diffusivity, and is the unit vector.  This case study utilizes αL 

and αT parameters (see Table 1.1) to account for LD.  A BiLinear velocity interpolation, was 

found to be the most accurate method of solving for the advection-correction and random-walk 

dispersion terms in particle displacement [LaBolle et al. 1996], and is implemented here.  A full 

description of the equations used in the particle-tracking model and further information on model 

validation is described by Maxwell [2010]. 
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APPENDIX B 

 

Adverse health effects to potentially exposed individuals from a contaminant are quantified 

using a calculation of an individual’s exposure in conjunction with a toxicity dose.  Risk is 

discussed in terms of a probability of carcinogenic risk, although the increased risk of other non-

cancer adverse health affects can easily be quantified using a similar methodology via the hazard 

index [Siirila et al. 2012]. The equations presented here are generally based on those described 

in the US EPA Risk Assessment Guidance for Superfund (RAGS) Volumes I and III [U.S.EPA 

1989, 2001], as well as other studies presented in the recent literature [Bogen and Spear 1987; 

Mckone and Bogen 1991, 1992; Maxwell et al. 1998; Maxwell and Kastenberg 1999; Maxwell et 

al. 1999b; Maxwell et al. 2008].  All calculations are based on a baseline assessment of risk, 

where remediation action is not considered.  Monitoring or remediation is not the purpose of this 

study but can easily be implemented in the methodology presented here.     

B1. Exposure 

Two exposure pathways are considered: ingestion of tap water and dermal sorption through 

skin in washing, bathing, etc. Arsenic is not a volatile contaminant according to RAGS Volume 1, 

Part B [U.S.EPA 1991], thus the contribution from the inhalation pathway (i.e. vapor via 

showering, washing, etc.) will therefore be much smaller than the other pathways and is not 

modeled in this case-study.  Exposure from the ingestion and dermal pathways are defined by the 

average daily dose (ADDingestion, ADDdermal, respectively) [mgAs kg-1 d-1]:  

           (B1) 

   (B2) 

ADDingestion =C
IR
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!
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where [mg L-1] is the maximum average well concentration of arsenic recorded over the 

exposure duration (ED) [yrs], IN/BW [L kg d-1] is the ingestion rate of water per unit body  

 weight, AT [d] is the averaging time or expected lifetime, EF [d yr-1] is the standard exposure 

frequency, SA/BW [m2 kg-1] is the skin surface area in contact with water per unit body weight, 

Kp [m h-1] is the dermal permeability coefficient of the compound in water, fskin [-] is the fraction 

of skin in contact with water, EDshower [h d-1] is the shower exposure duration, and CF is the unit 

conversion factor (1 x 10-3 L m-3).  Standard values suggested by RAGS for ED, EF, and AT are 

listed in Table 1.2.  Equations B1 and B2 are used to quantify risk for chronic exposure (7-70 

years) opposed to sub-chronic exposure (2 weeks – 7 years) [U.S.EPA 1989]. 

 Accurately quantifying the value of  is one of the overall objectives of this paper, and 

is the motivation for performing a parametric sensitivity analysis on the flow and transport 

parameters in the case study.  Evaluating  is significant since concentration break-through 

curves for each well effluent correspond to the concentrations that will eventually reach the 

individual.   is linearly related to exposure (see Equations B1 and B2), therefore augmenting 

the need to accurately quantify the range of expected  values within an ensemble.  is 

calculated at each well (w), and is averaged over the ED:  

           (B3) 

where cw [mg L-1] is the concentration at that well as a function of time (t).  Continuous sources 

will reach a maximum, steady-state concentration that is constant over time (and therefore a 

constant, maximum values over the ED). Time-dependent parameters are therefore not expected 

to change after the maximum concentration is reached for contamination scenarios with a 
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continuous source.  Pulse sources utilize the maximum of a running average of the entire well 

breakthrough curve over the ED [see e.g. Figure 1 of Maxwell et al. 1998].  Sensitivity between 

 and ED has been investigated for ED ranging between 5 - 70 years, where smaller ED values 

are associated with higher characterization [Maxwell et al. 2008].  However, because the ED 

value appears in the calculation for exposure (i.e. Equations B1 and B2), smaller averaging times 

also result less exposure and therefore in a smaller probability of risk.  

B2. Carcinogenic Toxicity 

Pathway specific carcinogenic toxicity values are used to calculate an increased probability 

of an individual developing cancer over a lifetime, generally under the assumption that a linear 

relationship exists between exposure to the contaminant and the risk of cancer.  However, the 

effect of non-linear relationships [e.g. U.S.EPA 2005] have been briefly explored in the context 

of groundwater risk assessment [de Barros et al. 2009].  For all carcinogens, any level of 

exposure will cause cellular proliferation leading to a clinical state of disease with a finite 

probability of an adverse health effect occurring, regardless of the exposure dose.  An 

extrapolation procedure is used for low level doses via a dose response curve, sometimes 

yielding high levels of uncertainty at low exposure doses [Cothern et al. 1986].  While some 

studies suggest the linear extrapolation is an appropriate assumption for most carcinogens [Guess 

et al. 1977], it should be noted that this procedure is somewhat controversial [Guess et al. 1977; 

Bogen and Gold 1997] especially if the studied exposure dose is a non-human species [Wogan et 

al. 2004; Trosko and Upham 2005].  

The primary parameter that quantifies carcinogenic toxicity is the pathway specific cancer 

potency factor (CPF) [kg d mg-1].  A tabulated value from the US EPA Integrated Risk 

Information System (IRIS) database for the arsenic ingestion pathway (CPFingestion) is used.  As 

Cw

Cw
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suggested by the US EPA [U.S.EPA 2004], toxicity values for the dermal pathway are derived 

by an extrapolation of oral toxicity values.  This relationship is defined by utilizing percentages 

of gastrointestinal absorption (ABSGI [-]) and is established on the theory that ingestion is based 

on the quantity of the contaminant administered and therefore directly relational to the quantity 

of the contaminant absorbed: 

            (B4) 

where the cancer potency factor for the dermal pathway (CPFdermal) [kg d mg-1] is defined by: 

  (B5) 

For those contaminants whose ABSGI are un-documented or are not scientifically defensible, a 

(conservative) value of 100% is suggested.  An arsenic ABSGI value of 95% is used here based on 

the work of Bettley and O’Shea [Bettley and O'SHEA 1975].  Toxicity values used in this case 

study are listed in Table 1.2.   

B3. Probability of Risk 

Human health risk of an individual incurring cancer over a lifetime of exposure is calculated 

by combining the exposure and toxicity parameters (discussed in sections B1 and B2, 

respectively) through pathway i: 

           (B6) 

where is a pathway and contaminant specific metabolized fraction of contaminant, developed 

using a pharmacokinetic (PBPK) model to account for decay products of the contaminant that 

may be present once consumed [Mckone and Bogen 1992].  Here we assume a value of = 1 

for arsenic.  Overall risk is then quantified as the summation for n pathways: 

Riskdermal
Riskingestion

∝
1

ABSGI

CPFdermal =
CPFingestion
ABSGI

Risk =1− exp−CPFi×ADDi× fi
*

fi
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  (B7) 

Remediation Action Levels (RALs) are defined as the probability risk value at which 

remediation is warranted to prevent cancer.  RAL values typically fall between 10-4 [-] and 10-6.  

Remediation is often warranted if risk exceeds the upper level (10-4 [-]), corresponding to a 

probability of 1 in 10,000 individuals incurring cancer.  Remediation is often not warranted if 

risk does not exceed the lower level (10-6 [-]), corresponding to a probability of 1 in 1,000,000 

individuals incurring cancer.  The latter is often referred to as the de minimis action level, or 

negligible risk that is too small to be of societal concern and is otherwise “virtually safe”.   

B4. Uncertainty and Variability 

 Risk of an individual incurring cancer over a lifetime is treated using a probabilistic risk 

assessment (PRA), explicitly differentiating between uncertain and variable parameters.   Here 

we define uncertainty as a lack of knowledge or measurement error, primarily associated with 

environmental parameters (i.e. hydrologic flow field, primarily K).  In contrast, we define 

variability as natural diversity, often associated with inter-individual differences (i.e. 

physiological and exposure differences between an adult and a child).  For the sake of simplicity, 

we choose to distinguish parameters as either uncertain or variable, although in reality some 

parameters may both (for example, variability in body weight and uncertainty in the 

measurement accuracy of the scale).  Another distinction is that uncertainty can be reduced, 

whereas variability can only be further characterized [Morgan et al. 1990; Mckone and Bogen 

1992; Finley et al. 1994; Maxwell et al. 1998; Maxwell and Kastenberg 1999; Maxwell et al. 

1999b; Daniels et al. 2000].  Here we adopt terminology introduced previously [e.g. Maxwell et 

al. 1998] and term fractiles of variability as sub-populations within the overall population, where 

the 95th and/or 99th fractiles of variability are often used to describe the maximally exposed (i.e. 

Risk = Riski
i=1

i=n

∑
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most sensitive to contamination) individual.  We discuss percentiles of uncertainty as scientific 

confidence, where the 50th percentile of uncertainty is often used to describe the “best scientific 

guess”.  Benefits of calculating risk in terms of joint uncertainty and variability (JUV) include: 

1. a tool for decision makers to generate relationships that differentiate between individual 

sensitivity, risk, and scientific uncertainty 

2. the ability to predict a change (or potential decrease) in individual risk as a function of 

reduction of uncertainty or measurement error 

A nested (or two-step) Monte Carlo approach is used to address JUV.  Discrete distributions 

are utilized for uncertain (environmental well concentrations, ) and variable (individual 

exposure variables related to physiology or time, see e.g. Equations B1 and B2) parameters.  For 

one sampling of the uncertain distribution (one value given one realization of flow and 

transport) complete sampling of all variability parameters distributions (exposure for all 

individuals within a population) is conducted.   This process can be conceptualized as an inner 

(uncertain) and outer (variable) loop, where a complete sampling of the inner loop is repeated for 

each realization of the outer loop (see e.g. Plate 1 of [Maxwell et al. 1999b] and Figure 2 of 

[Siirila et al. 2012]).  This process yields a 2-D surface of risk, where fractiles of variability and 

percentiles of uncertainty can easily be discerned.  Slices along this surface, usually at fractiles 

of interest such as the 50th fractile (average exposed individual) or 99th fractile (maximally 

exposed individual) provide meaningful comparisons of differences in individual sensitivity and 

cumulative scientific uncertainty.   

  

C

C
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APPENDIX C 

 

This framework incorporates uncertainty and variability as discrete distributions by 

utilizing a nested, Monte Carlo approach.  An additional “time loop” was added to this 

methodology making this a tri-step approach (see Figure C1).  This process is computed n = 

Δttotal/ED times for the time dependent methodology (TD), and n = 1 times for the time 

independent methodology.  For each Monte Carlo iteration of the intermediate (uncertainty) 

loop, an entire sampling process for the inner (variability) loop is conducted.  Uncertain 

parameters are unchanged within the variability loop, allowing for complete characterization of 

both uncertain and variable parameters.  For the TD methodology, this process generates a 3-D 

risk cube that is a function of percentiles of uncertainty, fractiles of variability, and time.  This is 

in contrast to the TI methodology, which generates a 2-D risk cube that is a function of percentile 

of uncertainty and fractile of variability for a single point in time.   
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Figure C1.  Flow chart describing the addition of time dependence (TD) to the joint uncertainty 
and variability (JUV) risk process.   
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