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a b s t r a c t

Groundwater models coupled with GIS analyses can be used to estimate the time for groundwater and
solutes to be transported from each location across a watershed to surface water bodies. Coupled to
backcast land use models, these estimates can be used to create land use “legacy” maps that quantify the
contribution of historic land uses to the groundwater signal arriving at streams. However, groundwater
models and backcast land use models contain uncertainties inherent to each model. These uncertainties
may affect the outcome of the coupled model and hence their reliability to natural resource and land use
planning.

In this paper we demonstrate how a simple spatially explicit, multi-uncertainty metric can be used to
assess uncertainties from our backcast land use change and groundwater travel time model. We couple
five variants of groundwater travel time (GWTT) simulations with 12 variants of historic land uses, and
analyze the resulting 60 realizations of land use legacy maps using a spatially explicit, multi-metric
uncertainty score. We apply this approach to the Muskegon River Watershed in Michigan, where
groundwater flow provides the vast majority of streamflow. Our results indicate that despite uncer-
tainties inherent in both models, townships located in the north-central portion of the study watershed
can benefit from using legacy maps as planning tools despite a wide range of evaluated uncertainties.

� 2012 Elsevier Ltd. All rights reserved.

Introduction

Coupled land use/cover change and hydrologic models are being
used to inform land use planning and natural resource manage-
ment (Harbor, 1994; Osborne & Wiley, 1988; Refsgaard, van der
Sluijs, Højberg, & Vanrolleghem, 2007; Sanchirico & Wilen, 2005;
Sun et al., 2005; Tang, Engel, Pijanowski, & Lim, 2005; Tong &
Chen, 2002; Walsh, Messina, Mena, Malanson, & Page, 2007;
Wiley et al., 2010). Recently, we coupled a backcast land use/
cover change model (Ray & Pijanowski, 2010) to a groundwater
travel time model (Pijanowski, Ray, Kendall, Duckles, & Hyndman,
2007) to produce what we call land use legacy maps. Land use
legacy maps integrate the temporal signal of groundwater with
historical land use patterns as one map. We have argued that these
land use legacy maps can be used by planners to relate how
historical land usesmight influence current surface water quality in

semi-humid regions of the world where slow groundwater flow
paths recharge surface water bodies, such as rivers, lakes and
wetlands.

Unfortunately, uncertainties in either or both models are likely
to influence the composition of these legacy maps and hence
impact their utility for planning. In this paper, we demonstrate how
a simple spatially explicit multi-uncertainty metric can be applied
to quantify where land use legacy maps are likely useful for plan-
ning units in a regional watershed where land use legacies are
likely important for land use planning and natural resource
management. We seek to determine whether the uncertainties
inherent in each model and the coupled model influence the
interpretation of land use legacy maps as they might be applied by
local planning offices.

For this application to the Muskegon RiverWatershed (MRW) in
the Upper Midwest USA, we discuss and demonstrate how the
evaluated uncertainties can be understood individually and in
combination using a simple multi-uncertainty metric developed
within a GIS. We show that this metric exhibits complex spatial
behavior that varies across planning units in the MRW, indicating
varying levels of what we call application uncertainty e whether
land use legacy maps differ from current land use maps. Using
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similar methods that combine uncertainties from coupled models,
other researchers can also quantify the accuracy of coupled model
outputs and apply them to land use planning and natural resource
management. Our discussion focuses on: (1) how our uncertainty
assessment impacts the use of land use legacy maps for land use
planning; (2) a discussion of other sources of uncertainty that
might be considered in our coupled model; and (3) a concise “take
home message” for local land use planners.

Study area

This study was conducted for the Muskegon River Watershed
(MRW) located in the west-central Lower Peninsula of Michigan,
USA (Fig.1) as a part of several studies being conducted by a team of
researchers studying the dynamics of the MRW in response to
a Section 319 grant from the US Environmental Protection Agency
for developing a watershed management plan (Wiley et al., 2010).
This 7057 km2 watershed is currently dominated by forest in the
northeast, agriculture in the center, and urban in the southwest.
The region was heavily logged in the late 1800s, largely in an effort
to rebuild Chicago after the 1871 fire (Alexander, 2006). Agricul-
tural expansion occurred in early 1900s,1940s, and again in the
1960s. Twenty percent of the watershed is currently in public
ownership, mostly as State Forest.

Motivation for this study comes from the need to begin under-
standing how coupled models improve our understanding of
ecosystem dynamics. The several funded projects to researchers in
this watershed have culminated in the coupling of dozens of
process-based and statistically informed models (cf. Hyndman,
Kendall, & Welty, 2007; Wayland, Hyndman, Boutt, Pijanowski, &
Long. 2002; Wiley et al., 2010) that are spatially explicit and

dynamic. The models selected here represent twomodels that span
the entire watershed and characterize long-term couplings. The
focus on groundwater is important since this watershed’s streams
are impacted mostly by groundwater (Kendall & Hyndman, 2007).
Research onwatershed dynamics and fish production is considered
critical in this watershed as the MRW is one of the most important
fish nurseries in the Great Lakes basin. Finally, results of the model
are being used by local and regional (e.g., watershed) stakeholders
to help develop natural resource and land use planning approaches
that protect the integrity of the hydrologic dynamics of the
watershed.

In the Muskegon River Watershed there are 124 minor civil
divisions (MCDs) that fall wholly within the watershed, which
includes portions of twelve counties (Fig. 1). MCDs are typically
subdivisions of counties known as townships, incorporated
villages, or cities. EachMCD is required to developMaster Plans and
create ordinances and zoning laws that control land use decisions.
This study was conducted to support the development of these
Master Plans by taking into account the effect of historical land use
on current surface water quality using the legacy maps. Many
Master Plans in Michigan, indeed across the United States, contain
sections that illustrate sensitive areas, such as high quality natural
areas or areas that are being impacted by pollution, and describe
ways that they will be protected through zoning or implementing
ordinances.

The biophysical characteristics of this watershed are typical for
the Midwest USA. The Muskegon River runs from its headwaters
near two large inland lakes to its outlet in Lake Muskegon in the
southwest corner of the watershed, which is in direct connection
with LakeMichigan. The average annual precipitation for the region
was 83 cm from 1899 through 2007, and 90 cm from 1980 to 2007

Fig. 1. Study area map. Bold brown lines delineate county boundaries. Thin black lines delineate the MCDs within each county. Inset shows the study region with respect to the
upper Midwest USA. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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(AWRI, 2002; Wiley et al., 2010). Soils within the watershed are
predominantly coarse textured sands and loamy sands (80%) that
developed on similar coarse textured glacial tills and outwash, with
scattered peat and muck deposits (AWRI, 2002).

Model description and methodology

We describe below the concept of land use legacy using the
MRW as an example and summarize how the two models coupled
here to create land use legacy maps were parameterized to create
12 different variants of the backcast model and 5 variants of the
groundwater travel time model.

The land use legacy concept

The legacy maps were generated using the output of the back-
cast land use change model (Ray & Pijanowski, 2010) and ground-
water travel time (GWTT) model (Pijanowski et al., 2007). Our land

use change model is rule-based, spatially explicit, with empirically-
driven, neural network-based components that create land use
maps for each year between 1900 and current (considered 1978 in
this study). Our GWTT model uses a MODFLOW (Harbaugh, Banta,
Hill, & McDonald, 2000) simulation of the steady-state water
balance along with a GIS summation of travel times across the
MRW and its surrounding region. We then identify the historical
land use for each cell of the watershed that would be affecting
surface water quality in the streams today via groundwater flow
paths. This is done by merging the GWTT times with the backcast
land use change model results. The discussion below provides
details about these two models and describes the 60 land use
legacy maps used to examine coupled uncertainties created from
12 land use backcast model and 5 GWTT model variants.

The delayed surface water quality response to surface-derived
solutes caused by GWTT is illustrated in Fig. 2A. The blue cells are
surface water and the red cells have less than 1 year travel time to
surfacewater, while travel times for dark green cells are longer than

Fig. 2. (A) Relationship of GWTT to land use. (B) Example of backcast land use map.
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16 years. As an example, water recharged at location (i) on this map
is simulated to emerge to surface water in 8 years. Thus, solutes
transported to groundwater in the year 2000 at location (i) would
not affect surface water quality until approximately 2008. The
longest travel time in this local map is 29 years along a flow divide
(location ii); therefore surface water sampled in 2008 carries the
solute signal of land uses no older than 1979. Note that a large
proportion of the GWTT map is composed of travel times less than
a year (e.g., location iii). These locations are either surface water
bodies or areas adjacent to open water, and thus only contribute
solutes from current land use practices. (For interpretation of the
references to color in the text, the reader is referred to the web
version of this article.)

A sample of backcast historical land uses for the same area
shown in Fig. 2A is provided in Fig. 2B. A land use legacy map is
constructed by each locationwith the land use for the year specified
by the groundwater travel time model. For example, if the time it
takes for groundwater to travel from the infiltration location to
recharge to a surface water body is 8 years, then we replace that
location with the land use class from 8 years ago. By replacing each
groundwater travel time from Fig. 2Awith the appropriate land use
for the corresponding year for all locations creates what Pijanowski
et al. (2007) termed a “land use legacy map”. Such a map shows the
land uses from the years that contribute to current water quality,
provided groundwater discharge to surface water is the primary
component of total flows. A land use legacy map can differ

substantially from a current map. For example, the legacy map for
the MRW (Fig. 3a) contains less than half of the current urban area
(Fig. 3b) and less than 30% of the current agriculture, but nearly 20%
more forests than the current land use map. These watershed-scale
differences are caused by the smaller area of urban in the past and
the relatively long travel times in many agricultural areas which
caused current (i.e. 1978) agricultural land uses to be replaced by
forests from the assumed pre-1900 land use map.

The legacy times discussed in this study represent the advective
movement (bulk transport as a result of water movement) of dis-
solved species in the groundwater, and ignore other processes such
as diffusion, dispersion, sorption, and reactions. The simulated
results thus represent the expected average times for conservative
solutes to arrive at a surface water body from the surface via
groundwater pathways. Small scale heterogeneities were not
described in the model as there is no reasonable method to effec-
tively characterize such heterogeneities at the watershed scale.
Thus the legacy maps represent the mean impact of a particular
land use on stream chemistry for conservative (non-reactive, non-
sorptive) species. Other processes tend to mix groundwater along
flow paths, or significantly retard transport. In areas such as the
MRW that primarily have aerobic ground waters, most input N will
reach the stream at roughly the legacy-predicted timeframe,
though in varying ratios of NO3

� and NH4
þ (Böhlke, 2002; Hantzsche

& Finnemore, 1992; Schilling & Libra, 2000; Schilling & Wolter,
2005). This is also true with Na, Cl, and other species (Boutt,

Fig. 3. (a) Comparison of legacy and current land use maps. (b) Histogram of differences in land use quantity between legacy and current land use maps.
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Hyndman, Pijanowski, & Long, 2001), that are often considered
relatively conservative despite processes such as anion exclusion
(Lovett et al., 2005). By contrast, very little upland-sourced P or K
reaches the stream as these species are commonly retained in the
soil due to adsorption or undergo reactions (Böhlke, 2002; Weiskel
& Howes, 1992).

The backcast LU change model and scenarios

The backcast land use model used here is a modified version of
the Land Transformation Model (LTM) from Pijanowski, Gage, and
Long (2000) and Pijanowski, Brown, Shellito, and Manik (2002),
reconfigured to simulate land use changes in reverse time (Ray &
Pijanowski, 2010). This model consists of three components: 1)
a temporal-quantity submodel that calculates how many cells
transition during each timestep, 2) a neural network submodel,
trained using observed land use change from 1998 to 1978 that
determines where to locate transitioning cells within the model,
and 3) rules that specify how cells transition among classes. When
the backcast model simulates the land usemap for a particular year,
it uses the results of the temporal-quantity submodel to ensure that
the correct amount of urban and agriculture cells are present at
eachMCD and county respectively (following Shellito & Pijanowski,
2003). The neural network submodel provides the backcast model
the probability maps of agriculture and urban spatial locations that
would participate in land use transitions; cells with higher proba-
bility participate in transitions before those with lower probability.

The probability maps were developed by training a neural
network to simulate the observed land use changes between 1998
and 1978 (in the reverse time sense) and drivers of land use
changes. We followed the approach of Pijanowski, Pithadia,
Shellito, and Alexandridis (2005) and Pijanowski, Alexandridis,
and Mueller (2006) to train and calibrate the model. There was
one set of training for the urban land use and another for the forest
changes with the assumption that similar patterns of changes
would hold further into the past. Since some land use transitions do
not occur abruptly, we allowed for multi-step land use transitions
via rules of land use transitions.

Interpolation of land use maps between 1978 and 1998 and
projections into the future (i.e. Ray, Duckles, & Pijanowski, 2010) to
bringing land use maps to current (2008) was beyond the scope of
this paper. Prior to 1900, we assume that land had minimal
settlement, and a presettlement land use map was used for all
locations with groundwater travel times greater than 78 years;
these land use/cover classes primarily consisted of forests.

Combinations of three types of transition rules were used to
create 12 backcast model variants (Table 1, as presented in Ray and
Pijanowski (2010)). A model variant is described by three transition
rule options: those labeled A increase agriculture, whereas those
with B decrease agriculture; those with U decrease urban in the
reverse time sense. These options were examined because only
agriculture and urban land use census data were available to
constrain the model variants. Predicted forests and shrubs were
a consequence of the transition rules and a residual of these

changes. In reality, there is a very large set of transition rules, out of
which Ray and Pijanowski (2010) investigated only a limited set to
create 12 variants of historical land cover for the Muskegon River
Watershed.

Groundwater travel time model

The GWTT model is based on a MODFLOW-2000 simulation of
the Muskegon River Watershed and surrounding region (Wiley
et al., 2010; Kendall & Hyndman, in review). The model domain
was expanded beyond the MRW to large lakes or rivers to avoid
edge effects (Fig. 4), creating a model with w3.34 million cells that
are 106.3 m on a side (scaled to 16x the resolution of the 1 arc-
second native STRM data), with two vertical layers. The bedrock
bottom for the model was interpolated based on data from thou-
sands of oil and gas wells, and this aquifer bottom was assumed to
be impermeable as it is mostly shale. The geometry of aquifer
sediment zones within the model domain was assigned using
digital quaternary sediment maps from Farrand and Bell (1982).
Hydraulic conductivity values for mapped geologic zones were
calibrated to minimize the squared differences between measured
water levels in wells and simulated steady-state hydraulic heads.

Groundwater flow travel times were estimated in ArcGIS by
summing travel times along flow paths generated using Darcy’s
law, where the groundwater flow velocity equals the hydraulic
conductivity times the hydraulic gradient along the flowpath
divided by the aquifer porosity. This methodmakes two simplifying
assumptions: (1) that the vertical component of groundwater travel
times is small, relative to the horizontal portions of flow paths, (2)
that a D8 (4 cardinal and 4 bisecting directions) sufficiently
represents flow directions. The first assumption is valid for areas
like the MRW with relatively shallow and thin aquifers, modest
water table gradients, and significant annual recharge. The second
requires only that the discretization of flow paths is sufficiently fine
relative to describe the flowpath adequately.

With these two simplifying assumptions, all that is required to
estimate groundwater travel times are a map of hydraulic heads
and similar maps of sediment hydraulic conductivity and porosity.
For this study, we have assumed the sediment porosity to be 30%,
which is a reasonable estimate for these types of unconsolidated
sediments (Freeze & Cherry, 1979), as no direct measurements were
available. Travel times for each cell were calculated by dividing the
flow length of the groundwater flow paths to surface water bodies,
calculated in ARCGIS, by the average flow velocity along this path
based on the groundwater model.

Five different scenarios of parameter perturbations of the GWTT
model were created by perturbing two input parameters hydraulic
conductivity, K, and groundwater recharge, R to partially evaluate
the input sensitivity of the Muskegon River Watershed ground-
water system (Table 2). The first scenario, Baseline, uses calibrated
recharge and hydraulic conductivity values (K values mapped in
Fig. 4). Two scenarios,High K and Low K, perturb just the hydraulic
conductivities by þ100% and �50% from the nominal values,
respectively. The other two scenarios, High R and Low R, perturb

Table 1
Backcast model options.

Model option Type of transition Description (time running in the backward or backcast sense)

A1 Increase Ag Forests convert directly to agriculture
A2 Increase Ag Forests convert to shrub and remain shrub for 5 years and then convert to agriculture
A3 Increase Ag Forests and shrubs convert to agriculture within a predefined radius (5� 5 cells used here)
B1 Decrease Ag Agriculture converts directly to forest
B2 Decrease Ag Agriculture converts to shrub and then to forests after 5 years as shrub
U1 Urban transition type 1 Urban cells become agriculture and remaining cells convert to forest
U2 Urban transition type 2 Urban cells become shrub and then after 5 years as shrub become agriculture

Note: see Ray and Pijanowski (2010) Fig. 5 for a more detailed description of how these transition rules occur.

D.K. Ray et al. / Applied Geography 34 (2012) 356e370360
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recharge by þ25% and �25% from nominal, respectively. The
perturbation range for recharge was chosen as an approximate
uncertainty bound for areally-averaged recharge estimated
through baseflow separation, while conductivity estimates have
a much larger uncertainty range due to the inherent heterogeneity
in sediment composition (Boutt et al., 2001; Wiley et al., 2010;
Kendall & Hyndman, in review). This study does not explicitly
evaluate the influence of multi-scale heterogeneity on groundwater
travel times, as a comprehensive analysis of the uncertainty in such

a parameter was not feasible due to lack of available data at the
watershed scale.

Other important parameters including aquifer geometry,
numerical discretization of the physical domain, andmodel domain
boundaries, were not perturbed due to a relatively high degree of
confidence in their description. Porosity was also not perturbed
because, as is the case here, a description of its spatial variability is
rarely available, and without such a description any perturbation
would simply result in a uniform linear rescaling of all simulated
GWTT models.

Uncertainty sources and analysis methodology

In this section we present the metrics that we use to evaluate
uncertainties deemed to be the most significant for each model
type. We then present a means to evaluate the application uncer-
tainty of the land use legacy maps for planning, and then detail
a multi-metric score that can be used to understand the combined
effects of the four uncertainty types and judge the utility of land use
legacy maps, based on these uncertainties, for planning.

Fig. 4. Baseline hydraulic conductivity estimates for the entire groundwater model boundary. Zones were delineated based on the classifications in Farrand and Bell (1982).

Table 2
GWTT model variants.

Variant Description

1 Baseline Optimized hydraulic conductivities, nominal 30.5 cm/year
recharge across the model

2 High K Doubled conductivities, nominal 30.5 cm/year recharge
3 Low K Halved conductivities, nominal 30.5 cm/year recharge
4 High R Nominalþ 25% recharge; baseline K
5 Low R Nominal� 25% recharge; baseline K

D.K. Ray et al. / Applied Geography 34 (2012) 356e370 361
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Assessing uncertainties

Both the backcast and GWTT models contain model-related
uncertainties, here we focus on uncertainty of estimating two
parameters in the GWTT model and uncertainties related to the
nature of the land use/cover transitions that may have occurred in
theMRW.We used the 12 different variants of the Backcast land use
model and the 5 variants of the GWTT model to create 60 land use
legacy maps.

A direct measurement of model goodness of fitfor the backcast
model can be evaluated as in Ray and Pijanowski (2010) using the
Area under the Receiver Operator Curve (AROC) where,

AROC ¼
Z1:0

0

ROC; (1)

and,

ROC ¼ f ðSe; ð1� SpÞÞ; (2)

where Se denotes Sensitivity and Sp denotes Specificity, and

Se ¼ TP
ðTPþ FNÞ; Sp ¼ TN

ðFPþ TNÞ; (3)

TP, TN, FP and FN are true positive, true negative, false positive and
false negative, respectively, generated from an error or confusion
matrix developed using a cross-tabulation of simulated and refer-
ence (observed) maps (Pontius, 2000). The AROC metric distin-
guishes errors of spatial placement of land use transitions from
quantification of total change within each MCD (Pijanowski,
Tayyebi, Delavar, & Yazdanpanah, 2009; Pontius & Batchu, 2003).
Values of AROC closer to 1 indicate better model classification
performance. Ray and Pijanowski (2010) used 235 independently
classified aerial photos from the 1930s to 1970s and selected 12,598
randomly selected locations to compare with the model simula-
tions to evaluate model performance using the AROC statistical
metric. The AROC values were calculated within each MCD for
urban (UrbAROC) and agriculture (AgAROC) areas separately for
each backcast model variant.

There are currently no direct methods to comprehensively
evaluate the simulation accuracy of the GWTT model. Work to
quantitatively compare simulated ages to those measured from
tracer techniques (Kendall & McDonnell, 1998) has been very
limited, particularly in smaller, relatively young aquifer systems
like that of the Muskegon River Watershed (Kazemi, Lehr, &
Perrochet, 2006). Furthermore, a numerical model of the aquifer
is the only approach that can produce a detailed GWTT map,
because existing field measurement methods are incapable of
producing spatially-distributed maps of GWTTs at the necessary
level of detail (Kazemi et al., 2006). As mentioned earlier, it is not
possible to fully characterize the detailed heterogeneous aquifer
properties across a regional watershed, thus there is significant
unresolved uncertainty in hydraulic properties for these simula-
tions. If methods are developed in the future to address such
uncertainties they can be added to the presented method to better
resolve the influence on coupled uncertainties.

Since the legacy maps couple the backcast model variants to the
GWTT model variants, they integrate errors of both models along
with those of the coupling itself. The similarity amongst the model
variants within a given planning unit is thus a reasonable integra-
tive measure of the magnitude of the “integrated” uncertainties.
Herewe quantify the similarity amongst the 60 legacy maps via the
standard deviation (s) of a comparisonmetric we call the Similarity
Index (SI). This metric was first used by Ray and Pijanowski (2010)

to compare output of 11 backcast land use model variants to
a selected backcast land use model variant; comparisons in Ray and
Pijanowski (2010) were also made across historical land use maps
for each year between 1900 and 1978. Here, we use the SI to
compare the 60 land use legacy maps to the 1978 land use map (for
our discussions, the “current map”) using a standard cross-tabu-
lation matrix (Fielding & Bell, 1997). We then computed the
proportion of cells that contained the same land use (by cell) in the
1978 (i.e., current) and legacy maps for each MCD in the watershed
as this index following Ray and Pijanowski (2010):

SI ¼
P5

i¼1
P5

j¼1 Ti¼jP5
i¼1

P5
j¼1 Tij

; (4)

where the numerator is the sum of the diagonals of the cross-
tabulation of land use legacy (represented as i) and current map
(represented as j) and the denominator is the sum of all cross-
tabulations. SI measures the proportion of cells identical to
a reference map within a given aggregation unit, here as MCDs.
Although similar in form to Ray and Pijanowski (2010), the SI used
here compares legacymaps to a referencemap, which is the current
land use map (i.e., 1978); we make this calculation for each MCD.
The standard deviation amongst all maps at the MCD scale thus
gives a measure of the integrated uncertainties captured by these
60 model variants at the level of planning. The mean SI across the
60 variants for each MCD gives a measure of the application
uncertainty (cf. Walker et al., 2003) of the coupled model outputs
also at the level of planning. Calculation of the standard deviation
andmean SI scores for eachMCD represents an extension of the Ray
and Pijanowski (2010) similarity index.

We excluded open water and wetland cells from the calculation
because these two land use classes did not change over time (i.e.
land use classes 6 and 7 were held invariant for the backcast
projections). Thus we included only the urban, agriculture, shrub,
forest and barren land use classes (classes 1 through 5 respectively)
for SI computations. Cells with a GWTT prior to 1900 were assumed
to be represented by presettlement vegetation and were also not
included in the computation as they were assumed identical across
all the land use projections as pristine vegetation.

Thus, from the MCD-calculated SI values for each of the 60 reali-
zations, we computed two metrics: (1) the similarity of the legacy
map variants to each other given by the standard deviation (sSI) of SI
across all 60 variants, and (2) themean similarity of the 60 variants to
the current land use map ðxSIÞ. Larger values of sSI indicate greater
dissimilarityamongst legacymapvariants, and thusembodyagreater
degree of the integrated uncertainty from the coupled backcast and
GWTTmodels. Values of xSI closer to 1.0 indicate that the legacymap
variants are on averagemore similar to the current land usemap, and
thushave lowerutility for planning. Similarly, small xSI values indicate
significant differences between legacy and current land use maps,
reflecting that the legacy map has higher utility for planning.

Evaluating the utility of legacy maps using multi-metric uncertainty
scores

Two questions are critical to evaluating the overall utility of
legacy maps for planning: 1) are the legacy maps significantly
different from current land use?, and 2) how much uncertainty is
there within the legacy maps? In the previous section we detailed
metrics to answer those questions. The overall utility of legacy
maps can be evaluated by combining the output of the individual
metrics (UrbAROC, AgAROC, xSI, and sSI) in a multi-metric score.

Herewe use a simple multi-uncertainty metric (hereafter legacy
utility score) based on applying thresholds for eachmetric and then
summing the binary outcomes in a decision tree (Fig. 5). We use

D.K. Ray et al. / Applied Geography 34 (2012) 356e370362
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four thresholds of the individual metrics. If the urban or agricul-
tural AROC for an MCD is higher than a specified threshold, each
can score 1; otherwise the urban or agricultural AROC score is 0.
When either the variability among the legacy maps (sSI) or differ-
ences between the legacy maps and current map ðxSIÞ thresholds
are bettered, the legacy utility score is increased by 1. Thus,
a maximum legacy utility score of 4, and a minimum of 0, are
possible.

The exact thresholds still require identification, and cannot be
known a priori. In practice, the thresholds chosen by planning units
will vary based on the importance of groundwater inputs to surface
water. More groundwater-dominated regions may be more sensi-
tive to legacy solute inputs, and would likely choose less restrictive

thresholds (i.e. lower AROC thresholds, higher sSI and lower xSI).
Areas where surface water bodies are being polluted from agri-
culture (e.g., nutrients) or urban (e.g., heavy metals) may want to
select higher values for AgAROC or UrbAROC, respectively (see
Boutt et al., 2001; Fitzpatrick, Long, & Pijanowski, 2007; Wayland
et al., 2003 for non-point source pollution types from various
land uses in this region). Here we varied each of the four metrics
independently (Table 3) to evaluate how sensitive the legacy utility
score is to those thresholds. We tested 16 combinations of
thresholds, each of which is termed a Case. In order to restrict the
number of Cases to manageable numbers for this study, the agri-
culture AROC threshold (AgAROC) was fixed at 0.8 as above this
threshold.

Fig. 5. Rules used to calculate the legacy applicability score.

Table 3
Thresholds used to determine the legacy applicability score. Color coding is to help the readers to easily delineate the various thresholds used.

D.K. Ray et al. / Applied Geography 34 (2012) 356e370 363
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Results

Here, we present a summary of the (1) individual uncertainty
metrics for the backcast land use change model and the ground-
water travel time model; (2) the spatial distribution of the multi-
metric index that combines four types of model uncertainty
metrics; and (3) effect of varying a threshold for the importance of
each impacts of land use legacy utility score.

Goodness of fit within the backcast model

AROC values for the urban and agriculture transition models for
the entire Muskegon River Watershed were 0.91 and 0.83 respec-
tively, where 1.0 indicates a perfect match. Maps of the goodness of
fit, using the AROC metric (Fig. 6), show that the backcast model
provided reasonable simulations of forest to agriculture transitions
and urban transitions across the watershed. The urban change
model performed well in rural areas where most of the develop-
ment occurs along roads. The urban model did not perform as well
in the smaller MCDs, which tend to be incorporated towns or
villages, where development patterns are often heterogeneous. The
performance of the forest to agriculture model is generally lower
than the urban model.

Sensitivity analysis of two parameters of groundwater travel time
model

While there was no direct means to assess all GWTT model
uncertainties, we present a simple sensitivity analysis to the two
most important parameters of the model, groundwater recharge
(R) and hydraulic conductivity (K). According to the GWTT model,
travel times range from 0 to approximately 500 years, although the
vast majority of cells have simulated travel times less than 100
years (Fig. 7). These values, though calculated via a simpler and
faster method, provide similar estimates to those published in
Boutt et al. (2001) for a nearby watershed. Factors that increase
GWTT for any given cell are: 1) large distance from streams and
lakes, 2) relatively flat surface topography, 3) low hydraulic
conductivity, 4) large aquifer thickness, and 5) low groundwater
recharge rate. GWTTs tend to be shorter for the opposite of those
conditions.

GWTT is both more sensitive to variations in K (hydraulic
conductivity) than in R (groundwater recharge), and due to the
larger degree of uncertainty in K captured by the K scenarios
relative to the R scenarios, the uncertainty in GWTT due to K
variability is more significant. As illustrated in Fig. 7, increasing the
hydraulic conductivity (K) or recharge (R), results in a younger

Fig. 6. Area under the Receiver Operating Characteristic (ROC) curve (AROC) values for: (a) forest to agriculture transition at the county level and (b) urban to non-urban transition
at the MCD level.
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distribution of groundwater ages. For instance, 85% of the Mus-
kegon River Watershed has groundwater ages less than 100 years
for the High K scenario, while this is true for only 70% of the
watershed in the Low K scenario (a 15% range), by comparison the

difference between High and Low R scenarios is just 2.7%.
Normalizing these by the perturbation range for the K and R
scenarios (150% for K, 50% for R), this equates to roughly twice the
sensitivity in K (0.1) as for R (0.054).

It is thus much more important to characterize variability in K
relative to R for developing estimates of groundwater travel time,
especially because K varies by more than an order of magnitude in
many aquifers (Freeze & Cherry, 1979) while R is much more tightly
constrained in humid environments. Note that we do not directly
use the GWTT sensitivities into our multi-metric score, but indi-
rectly through the SI. This analysis also does not fully examine the
role that heterogeneities in K and R play in GWTT uncertainty, due
to the inherent difficulties in doing so at the scale of a regional
aquifer.

Application uncertainty of legacy maps

The uncertainties within each model propagate to the legacy
maps quantified by the sSI metric. At the MCD level, application
uncertainty is quantified by the xSI metric, which represents the
average similarity of all 60 legacy map variants to the current land
use.

The 60 legacy map variants created for this study are not
random realizations, and as such there are systematic differences in
watershed-average SI values across the variants (Fig. 8). The legacy

Fig. 8. a) Watershed-averaged SI of the legacy maps with the 1978 land use map. Gray bars indicate SI of the 12 backcast model variants were coupled to the Baseline GWTT model.
Red and blue bars indicate SI of the four GWTT variants (High K, Low K, High R, Low R) as labeled. b) Normalized sensitivity of SI for each of the four GWTT variants relative to the
Baseline. This is calculated as (variant SI� baseline SI)/(baseline SI)/(parameter perturbation). (For interpretation of the references to color in this figure legend, the reader is
referred to the web version of this article.)

Fig. 7. Groundwater ages from the five GWTT models presented as a cumulative
distribution. The y-axis plots the fraction of the MRW groundwatershed with simu-
lated groundwater ages younger than the x-axis values.
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maps created using the 12 backcast maps and the Baseline GWTT
maps have watershed-average SI values ranging from 0.82 (i.e., 82%
similarity between the current land usemap and the legacymap) to
0.88. We found that the SI values of all the legacy maps that used
the A1 and A3 backcast land use model variants were greater than
the values for the A2 variants (see Table 1 for the descriptions of
land use change model variants such as A1, A2, A3).

Varying GWTT model parameters produced significant differ-
ences in watershed-average SI values. The dashed vertical red bars
in Fig. 8a show the impact of varying hydraulic conductivity using
the High K and Low K GWTT scenarios on SI. Legacy maps created
with theHigh K scenario produced higher SI values. The opposite is
true of the Low K variants. This result is logical because lower
conductivities slow the groundwater flow, increasing the travel
time and thus the difference between the 1978 condition and the
legacy map. The blue solid bars show the range in SI due to High R
and Low R variations of the GWTT model parameters. As expected
from the results in Fig. 7, these legacy maps produced by varying
groundwater recharge (R) were more similar to the Baseline legacy
maps than those created by varying conductivity (K) in GWTT
models. Fig. 8b shows the watershed-averaged SI sensitivity of the
four GWTT variants relative to the baseline scenario for each of the
12 backcast variants. Again for SI as with bulk GWTT ages, sensi-
tivity to K perturbations is roughly twice that of R. Furthermore SI

exhibit higher sensitivity to the Low R and K scenarios which
produced lower SI values.

Legacy utility scores under varying multi-uncertainty metric
thresholds

Because the thresholds for eachmetric cannot be known a priori,
as discussed in the Methodology section, we systematically varied
three of the four uncertainty thresholds (sSI, xSI, and UrbAROC) to
produce 16 Cases that test the sensitivity of each MCD to the
uncertainty thresholds. The xSI and sSI metrics are negatively
correlated (Fig. 9a). The frequency distribution of sSI for the MCDs,
shown as the horizontal histogram in Fig. 9b, is skewed toward
smaller sSI values. Out of the 128 MCDs, approximately 78% had SI
standard deviations sSI between 0.0 and 0.04, a range shaded
yellow in Fig. 9b. A smaller value of sSI for an MCD signifies lower
variability in the 60 legacy map projections and therefore smaller
application uncertainty and greater legacy map utility. (For inter-
pretation of the references to color in the text, the reader is referred
to the web version of this article.)

The vertical histogram in the lower left quadrant (Fig. 9c) shows
the distribution of mean SI ðxSIÞ values within the MCDs. This
distribution is closer to a normal distribution than sSI. Lower values
of xSI are in MCDswhere the legacymap is more dissimilar from the

Fig. 9. Sensitivity of number of MCDs that would benefit from legacy maps to thresholds of xSI and sSI. a) Plot of the SI standard deviation and mean for all 124 MCDs across the 60
legacy maps. b) Histogram of SI standard deviation values. c) Histogram of SI mean values.
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current LU, thus indicating areas that would see a greater benefit
from using the legacy map.

The following questions can then be raised: (1) what is the sSI
threshold below which we have high confidence, as all the 60
coupled models have nearly similar projections; and (2) what is the
xSI threshold below which the legacy maps would be useful for
planning as opposed to the use of only current maps. Unfortunately,
there is no simple and straightforward a priori method to identify
these thresholds. In reality, these thresholds are likely to depend on
the level of perceived risk and the degree to which groundwater
dominates the water quality signal.

The scatter plot in Fig. 9a can be used to identify the influence of
changing xSI and sSI thresholds on the number of MCDs expected to
have high legacy map applicability. MCDs with low xSI (and
therefore would have greater utility for legacy maps for land use
planning) and low sSI (and therefore agree with each other) are
those to which the legacy maps are most applicable. The dashed-
bold axes in the figure splits the scatter plot into four quadrants
with an example threshold set of xSI ¼ 0:8, sSI¼ 0.04. The green
scatter points (lower left quadrant) show that for these example
threshold values, there were 32 MCDs with high applicability. The
black scatter points (upper right quadrant) show that 12 MCDs
would not see any significant benefit from legacy maps, as they had
both their xSI and sSI above the chosen threshold. These thresholds
could be made more or less restrictive for either xSI or sSI, or both
(red arrows in Fig. 9a). Accordingly, the number of MCDs that would
benefit from the legacy map based on only xSI or sSI thresholds
could vary. (For interpretation of the references to color in the text,
the reader is referred to the web version of this article.)

Varying the multi-metric thresholds for legacy applicability scores

To evaluate which MCDs would most benefit from using legacy
maps for planning we have to consider that our backcast and GWTT
models have uncertainties in projecting the historic land uses and
groundwater travel times. Amongst these, GWTT model errors
cannot be effectively measured due to the difficulty in providing
independent groundwater age estimates as discussed earlier. The
utility of legacy maps can then be determined as a function of four
thresholds: UrbAROC, AgAROC, sSI, and xSI as described above and
shown in the multi-metric decision tree of Fig. 6.

Table 3 lists the legacy utility scores for all the Cases. Within
each Group of Cases, the sSI threshold was lowered from 0.04 for
the first Case in each Group to 0.01 for the last. Recall that this
threshold is an indicator of whether the 60 legacy maps are suffi-
ciently similar to each other to provide benefit in land use planning.
As evidenced by the multi-metric scores, fewer MCDs have sSI
values less than a 0.01 threshold (Cases 4, 8, 12, and 16) relative to
the less restrictive threshold of 0.04 (Cases 1, 5, 9 and 13). The
impact of relaxing the xSI threshold from 0.80 to 0.85 is seen by
comparing legacy utility scores of Group 1 to Group 2, similarly for
Groups 3 and 4. Differences between Cases 1 through 8 and Cases 9
through 16 show the impact of increasing the Urban AROC
threshold from 0.8 to 0.9. Fewer MCDs had urban AROC metric of
0.9 and above in comparison to 0.8 and above.

The spatial variations in the legacy utility scores for four cases
(Cases 1, 4, 5, and 9) are shown grouped byMCDs in Fig. 10. Relative
to Case 1, Cases 4, 5, and 9 illustrate the effects of changing
thresholds for sSI, xSI, and UrbAROC, respectively. For the 16 cases
shown here, AgAROC was not varied. As expected, when the
threshold is made more restrictive (for Cases 4 and 9), the MCD
legacy utility scores decrease, and when the threshold is relaxed
(Case 5) scores increase. Fig. 11 also illustrates that the spatial
pattern of scores is complex, with higher scores tending to occur in
a central band of the watershed and lower scores toward the

extremities. Also apparent is that individual MCDs are more
sensitive to certain thresholds than others. Utility scores in the
lower, more urbanized, portion of the watershed decrease more
frequently when the UrbAROC threshold is increased (Case 9 in
Fig. 10) than in the upper portion.

Legacy utility scores were most sensitive to variations in sSI,
followed by those from xSI, and finally to the AROC metrics
(Table 3). This was partly due to the nature of these individual
metrics as sSI was varied at the 0.01 level whereas xSI and AROC
varied at the 0.1 level, an order magnitude difference. However,
note that between xSI and AROC, which both varied at the 0.1 level,
there was higher sensitivity of legacy utility scores to xSI.

We also summed the land use legacy utility scores across all 16
cases for each MCD (Fig. 11). Two MCDs have the highest benefit
with a combined legacy applicability score summarized multi-
metric score of 60, followed by twelve with a score of 56, and 10
with a score of 52. We believe that the townships with highest
scores would benefit the most by using the legacy maps, and the
benefit would decrease as the score decreases. In general, legacy
applicability scores are highest for MCDs in the north-central
portion (along the EasteWest direction) of the watershed. In this
region, confidence in the land use backcasts is high, and there is
greater agreement amongst the GWTT variants that travel times are
sufficiently long to cause significant differences between the
current and legacy land uses.

Discussion

In a previous paper, Ray and Pijanowski (2010) used two
goodness of fit metrics, a similarity index (SI) and the area under
the receiver characteristic curve (AROC), to assessed output from 12
variants of their backcast land use change model. Here, we couple
the same 12 backcast land use variants with 5 different ground-
water travel time models. The GWTT models were parameterized
using the most likely largest and smallest values for two key
parameters e hydraulic conductivity and groundwater recharge.
One additional version of the GWTT model, which we called
baseline, contained most likely values for these two parameters;
the baseline GWTT model is the same version presented in
Pijanowski et al. (2007) where the land use legacy concept for the
first time (see also Martin, Hayes, Rutledge, & Hyndman, 2011 for
lakes). In this paper, we combined variants for these two models to
produce 60 land use legacy maps. Mean and standard deviation of
the SI metric summarized by land use planning units (i.e., minor
civil divisions) were combined with the AROC values for urban and
agricultural, also by MCD, to create our multi-metric index for each
MCD. This multi-metric index builds upon the Ray and Pijanowski
(2010) use of these two goodness of fit metrics in several ways.
First, the multi-metric index incorporates uncertainty in land use
legacy maps from the groundwater travel time model, which was
not done in Ray and Pijanowski (2010), since that research exam-
ined the performance of the backcast land use change model only.
Second, we use the current land use map as the reference map to
calculate the SI for land use legacy maps. Ray and Pijanowski’s
(2010) paper examined historical land use maps over the course
of their simulation (1900 through 1978), used one of the backcast
land use changemodel maps as variants as a referencemap, and did
not examine land use legacy maps. Third, the multi-metric index
presented here is examined at the spatial unit of planning; namely,
minor civil divisions. The previous application of SI compared
historical land use maps across the entire Muskegon River Water-
shed. Examining these metrics across the spatial units of planning
increases the complexity of the presentation of the coupling of
these two models and their application to planning as land use
legacy maps. Finally, we examined the multi-metric index using
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several threshold cases or decision points that reflect either level of
risk or the relative importance that groundwater might have on
planning or natural resource management decisions.

We found that with the backcast land use change model, the
neural nets were able to simulate urban change as well as agri-
culture across most of the watershed. However, the few cases
where urban was not predicted well occurred where planning was
dominated by small towns in rural portions of the watershed. Thus,
if planning focused mostly on where to plan urban use for the
future, which is quite common, then a considerable amount of
model uncertainty would exist in these small urban-dominated
townships. The backcast model was also not able to predict

agricultural transitions well in several townships located along the
upper reaches of the watershed. We found that variability of legacy
composition was more sensitive to one GWTT model parameter, K,
than to R. Thus, this uncertainty in the coupledmodel output would
be reduced by focusing on improving the reliability of K estimates,
particularly since the magnitude of uncertainty in input K is much
greater than R.

Combining several sources of uncertainty was explored using
a decision tree where we simply created binary outcomes (1¼ low
uncertainty; 0¼ high uncertainty) which we summed across our
four types of uncertainty. This result, illustrated as a map (e.g.,
Fig. 11), shows that most townships could use legacy maps for land

Fig. 10. Maps of the multi-uncertainty scores within MCDs for all 16 cases showing the sensitivity of changing thresholds to the spatial pattern of cost benefit analysis at each MCD.
4¼Maximum benefit for an MCD to use the legacy map; 1¼ least benefit to use a legacy map.
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use planning as these differed from current land use maps. A few
townships, which were scattered throughout the watershed (red
and orange) would not because there was a high degree of uncer-
tainty in the coupled model. Twenty-four planning units (20% of
those in the MRW) received a score between 50 and 60 meaning
that any version of the backcast or GWTTmodel could be applied to
that township to better characterize land use and water quality
relationships than a current land usemap. (For interpretation of the
references to color in the text, the reader is referred to the web
version of this article.)

A full assessment of all model uncertainties in both models was
not possible for practical reasons, however. For example, we were
not able to rigorously assess uncertainty in the GWTT model
because few data are available about true groundwater travel times
at regional scales. In addition, there is uncertainty related to
unaccounted for small scale heterogeneities in hydraulic conduc-
tivity, the influence of which is often examined in site scale
transport and remediation studies. At the scale of watersheds,
however, most such heterogeneities are likely not continuous over
regional scales so they are not expected to be as important to
account for in this scale of analysis. To date, it is not feasible or
economic to characterize small scale heterogeneities at the water-
shed scale.

The use of groundwater models in land use planning has been
rare (Wilcox, Bradbury, & Bahr, 2010) although its importance to
understanding water pollution and its relevance to the planning
process has beenwell recognized (Anayah & Almasri, 2009; Colten,
1998; Foster, Ilbery, & Hinton,1989; B. Mitchell, 2005; G.N. Mitchell,
1991; Shrubsole & Wilcox, 1996; White & Howe, 2004). Several
researchers have used groundwater models to estimate the volume
of water to aquifers (e.g., Al-Adamat, Foster, & Baban, 2003;
Rahman, 2008; Rao & Yang, 2010; Ridgley & Giambelluca, 1991)
or have used GIS and a variety of indices (e.g., Dixon, 2005; van
Beynene, Niedzielski, Bialkowska-Jelisska, Alshanrif, & Matusick,
2012) to map groundwater vulnerabilities to current or future land
uses. GIS has also been used to relate how different land use/cover

patterns (e.g., areas that have high percent of land in the USDA
NRCS’ Conservation Reserve Program) and groundwater levels.
Given that the Muskegon River Watershed’s hydrologic system is
dominated by groundwater, spatially explicit tools such as land use
legacy maps may offer land use planners with novel ways to
determine how future land uses may impact natural resources in
their community.

Our “take home message” for decision makers is that uncer-
tainty inherent in the coupled models that produces land use
legacy maps are highly variably spatially. Despite the uncertainty in
parameterization of the GWTT model, about 20% of the planning
units in the watershed could use the land use legacy maps to assess
how historical land uses impact current water quality. The uncer-
tainty assessment also showed that only a small number (w10%)
could not benefit from the land use legacymaps at all since they did
not differ greatly from current land usemaps. The Backcast land use
change model provided a poor fit to urban in those MCDs which
were rural cities or villages. Varying the threshold of the multi-
metric score showed that the spatial variability of high legacy
scores was great although MCDs along the edges of the watershed
and especially in the headwaters could benefit from the land use
legacy maps produced by the coupled model. We do stress that the
land use legacy maps quantify the amount of time for water to
travel through the subsurface, it does not reflect the volume of
water in ground versus surface water. Thus, while managers and
planners should continue to assess the impact of overland flows in
this type of watershed (cf. Mishra et al. 2010; Pijanowski, Shellito, &
Pithadia, 2002; Ray et al., 2010; Tang, Engel, Lim, Pijanowski, &
Harbor, 2005), based on information from current land use maps,
legacy maps can also be a useful management tool in areas where
the groundwater flux dominates the streamflow. We show that
many planning units can benefit from applying a land use legacy
map even if there is only limited knowledge of parameters used to
build the legacy maps (for the GWTT model) and only a simple
backcast model is available. However, we also believe that more
work is needed onways to combine different sources of uncertainty
from coupled spatial models, especially for application to planning
and management.
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