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Abstract
Habitat mapping is a common and often useful tool in the ecological management of rivers. The complex nature

of fluvial processes, however, makes it difficult to predict the reach-scale distribution of substrate habitat from
landscape-scale covariates. An option is to identify and partition a data set on boundaries of geomorphic process
domains, within which the globally complex relationships between landscape, climate, and instream habitat may
potentially be approximated by a simpler model. In this study, we used regression trees as a machine learning
method for partitioning and identifying useful strata in a geographically extensive substrate habitat model for larvae
of the sea lamprey Petromyzon marinus, an invasive and economically harmful species in the Laurentian Great
Lakes. We used field survey data from over 5,000 substrate habitat transects collected in 43 watersheds of the
Lower Peninsula of Michigan, and we created a geographic database of geographical information systems-derived
covariates that represent the principal geomorphic influences on substrate habitat. We created three trees in which
tree splits delineated (1) spatially contiguous units, (2) noncontiguous units defined by values of the covariates, and
(3) both contiguous and noncontiguous units. The adjusted R2 values of the three trees were 0.30, 0.30, and 0.32,
respectively, and all three trees outperformed a single model fitted to the entire data set and a set of models fitted
to each watershed individually. The trees identified useful stratifications of Michigan’s Lower Peninsula, important
geomorphic influences on substrate habitat, and variation in the influence of geomorphic processes on substrate
habitat across our study region. Conservation and management applications of our model predictions and tree-based
stratifications include sea lamprey population modeling, habitat survey design, and evaluation of dam removal.

Reach-scale maps of riverine species’ preferred habitats
play a variety of useful roles in conservation and management
(Lunetta et al. 1997; Seelbach et al. 1997; Delong and Brusven
2006; Brenden et al. 2008). For some species, key dimensions of
their habitat (e.g., temperature and flow; Zorn et al. 2002; Bren-
den et al. 2008) are largely predictable from landscape-scale
covariates. For these species, it is possible to create statistical
models that predict reach-scale habitat from geographic data
sets of landscape-scale covariates (Wang et al. 1997; Wehrly
et al. 2009) or implicitly model habitat by directly linking
landscape characteristics to fish distribution (Steen et al. 2008).
Species whose preferred habitats are linked to site-specific
substrate characteristics, however, present a unique challenge
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owing to the complexity of the relationships between landscape,
climate, and the geomorphic processes that drive substrate
distribution.

Our goal was to use recent developments in fluvial geo-
morphology as a conceptual basis for predicting reach-scale
distributions of preferred substrate habitat for larval sea lam-
preys Petromyzon marinus. The sea lamprey is an invasive and
parasitic fish species in the Laurentian Great Lakes and has been
linked to the collapse of native lake trout Salvelinus namaycush
(Smith and Tibbles 1980) and widespread changes in fish
community structure (Christie 1974; Smith and Tibbles 1980).
As such, sea lampreys are the target of extensive and costly
control programs (Applegate 1950; Smith and Tibbles 1980;
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Christie et al. 2003). Predictive models of the distribution of
larval habitat have potential application in population modeling,
in guiding field assessment and lampricide treatment surveys,
and particularly in evaluating consequences of dam removal and
access for adult sea lampreys to stream reaches upstream from
dams. Larval sea lampreys (ammocoetes) prefer habitat that is
characterized primarily by soft, burrowable substrate of fine
sands (Applegate 1950; Malmqvist 1980; Potter et al. 1986).
These substrate preferences were confirmed in laboratory
choice experiments (Lee 1989) and thus qualify as a true habitat
preference (cf. Rosenfeld 2003). Our analysis focused only on
the distribution of preferred substrates (hereafter, “substrate
habitat”) irrespective of local larval densities and other factors
that might at times influence larval distribution, such as oxygen
(Potter et al. 1970), temperature (Potter and Beamish 1975),
and river network structure (Neeson et al. 2011, 2012).

The distribution of substrate in a reach is controlled by the lo-
cal energy distributions and sediment budget (Knighton 1998).
Efforts to predict reach-scale substrate distribution across
large geographic areas must rely on the often tacit assumption
that the local-scale energy distributions and sediment budget
are correlated with landscape-scale covariates. However, the
relationship between reach-scale energy distribution, sediment
budget, and landscape-scale covariates is characterized by
strong thresholds (Phillips 2003, 2006), nonadditive and
higher-order interactions between several ongoing processes
(Shreve 1979), and temporal and spatial lags between causes
and effects (Madej and Ozaki 1996). Furthermore, substrate
habitat models with a large spatial extent may be influenced
by variation in geography and physiography (Seelbach et al.
1997), latent climate effects (Langbein and Schumm 1958),
and noncausal (spurious) correlations among covariates.

Systems with strong thresholds and complicated interactions
often exhibit multiple operating regimes (Eikens and Karim
1999). In geomorphology, this idea is most succinctly stated in
the process domain concept (Montgomery 1999). Each process
domain is an area or region within which a limited set of geomor-
phic processes constitutes the dominant influence on instream
substrate (Whiting and Bradley 1993; Brardinoni and Hassan
2006). In short, a process domain is the geologic and geomor-
phic context of a channel unit (Montgomery 1999). Channels
identified as belonging to the same process domain should there-
fore behave similarly with respect to the influence of landscape
and climate on instream substrate (Whiting and Bradley 1993).
A key consequence is that within each process domain, the glob-
ally complex relationships between landscape, climate, and in-
stream substrate habitat may be approximated by a simpler (i.e.,
more linear) relationship between substrate and some subset of
landscape covariates. The ability to identify process domains
and partition large data sets accordingly transforms the task of
fitting a single, complicated model into the task of fitting a suite
of simpler models, each involving fewer covariates. A similar ra-
tionale underlies the delineation of hydrologic response units in

hydrological modeling (Becker and Pfutzner 1986; Becker and
Braun 1999).

The multimodeling framework (Eikens and Karim 1999) pro-
vides a useful strategy for constructing a statistical model of a
system hypothesized to span multiple process domains. The
model-fitting process consists of two steps. First, the data set
must be partitioned such that the partitions approximately corre-
spond to the boundaries of the various process domains. Second,
a statistical model relating substrate habitat to landscape-scale
covariates is fit to the subset of data points in each domain. The
resulting model is potentially useful quantitatively as a predic-
tive model and qualitatively as a method for identifying useful
stratifications of a large data set or geographic region. Even in
cases where the resulting models have low predictive power,
the stratifications and key geomorphic variables identified in
the process of partitioning the data set may still inform future
modeling efforts, sample designs, and identification of units for
conservation and management.

Identifying the boundaries of process domains in a large and
noisy multivariate data set may be challenging. Previous efforts
to identify process domains have used a combination of field
work and reasoning from first principles (Whiting and Bradley
1993; Brardinoni and Hassan 2006; Polvi et al. 2011). Neither
method for identifying process domains is possible when con-
structing a spatially extensive model spanning physiographic
regions. The class of statistical methods informally known as
“machine learning” methods may be useful for discovering the
boundaries of process regimes. In particular, regression trees
provide a method for completing both steps of the multimodel-
ing procedure outlined by Eikens and Karim (1999): (1) parti-
tioning a data set on the basis of differences in the relationship
between substrate habitat and landscape and (2) fitting a regres-
sion model to each partition.

In this study, we were interested in exploring the use of re-
gression tree methods to create a process domain predictive
model of the distribution of substrate habitat for larval sea lam-
preys in streams throughout the Lower Peninsula of Michigan.
We used a data set that was unique in its spatial extent and ge-
omorphic covariates and so provided a rich setting for testing
hypotheses related to the influence of landscape-scale covari-
ates on substrate habitat across process domains. We created
regression trees as a machine learning multimodeling method
for both partitioning our data set and fitting a linear model to
each partition. Our objectives were to (1) identify useful stratifi-
cations of the Lower Peninsula of Michigan and (2) understand
the key geomorphic processes that influence the distribution of
preferred substrate habitat, both across the Lower Peninsula and
within identified process domains.

METHODS
The study region was the Lower Peninsula of Michigan

(Figure 1). We used field-surveyed substrate habitat data from
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FIGURE 1. The study area, composed of 43 watersheds in the Lower Peninsula of Michigan. Watersheds included in the analysis are shaded, and identification
numbers correspond with those in Table 1.

43 watersheds that varied in size from 5 to 16,176 km2 and
exhibited a variety of land use, surficial geology, and hydrology
characteristics (Table 1). From these data, we created linear
models relating substrate habitat to a set of geographical in-
formation systems (GIS)-derived covariates of hydrology, land
use, and surficial geology (Table 2). The larval substrate habitat
data and geomorphic covariates are described in detail in later
subsections.

We created two sets of models by fitting a multiple linear
regression to the entire data set and then to each of the 43 trib-
utaries individually. Next, we used regression trees as a method
for partitioning a multiple linear regression model by creating
three trees with splits based on latitude and longitude, values of
the GIS-derived covariates, and both the latitude–longitude and
the values of covariates. We compared the explanatory power
of all models and examined covariates and strata in the data set
identified by the regression tree models.

Modeling Strategy
Our analysis proceeded in five stages. Hereafter, we use the

notation “s1–s5” to refer to these five stages.

For the first (null) model (s1), we hypothesized that the rela-
tionship between larval sea lamprey substrate habitat and geo-
morphic covariates may be adequately represented by a single,
best-fit linear model across the entire spatial extent and range
of covariates of our data set. To test this hypothesis, we fitted
one multiple linear regression model relating larval sea lamprey
habitat and our GIS-derived covariates to the entire data set.

In the second stage (s2), we hypothesized that the relationship
between larval sea lamprey substrate habitat and our covariates
varied by watershed. We again assumed that the relationship
between substrate habitat and covariates may be represented by
linear models, but we also assumed that the relationship be-
tween substrate habitat and covariates differs (i.e., has different
regression coefficients) among watersheds. To test this set of
hypotheses, we fitted a multiple linear regression model to each
of the 43 selected watersheds.

For the third-stage models (s3), we again hypothesized that
there is spatial variability in the relationship between larval sea
lamprey substrate habitat and covariates but that this variability
may be best characterized by spatial units other than the water-
shed. Under this hypothesis, we assumed that the boundaries of
process domains are primarily spatial (e.g., between upstream
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TABLE 1. Summary statistics for the 43 watersheds in the study area, Michigan’s Lower Peninsula (Lake = the Laurentian Great Lake into which each watershed
drains [Lake Michigan = 2; Lake Huron = 3]; ID = watershed identification number, corresponding to those in Figure 1; DA = drainage area; n = number of sea
lamprey larval habitat data points; type I percentage = mean [with SD in parentheses] percentage of transect width classified as type I [preferred] substrate habitat
in quantitative assessment sampling surveys). Mean watershed values for each covariate used as a regressor in our models are also presented (FINALPOWE =
stream power; QANN90YLD = 90% exceedance yield or low-flow yield; Dist2Mouth = distance to the river mouth; upDist = distance to the nearest upstream
dam or lake; downDist = distance to the nearest downstream dam or lake; FORESTR = percentage of the riparian corridor classified as forested land cover;
LACUSTRINE = percentage of the riparian corridor classified as lacustrine surficial geology).

Type I mean FINALPOWE
(SD) (newtons per QANN90YLD DIST2MOUTH upDist downDist FORESTR LACUSTRINE

Stream name Lake ID DA (km2) n percentage second) (m3·s−1·km−2) (m) (m) (m) (%) (%)

Galien River 2 1 454.13 182 22.8 (22.5) 18,862 0.00318116 23,747 3,329 6,754 55.5 37.0
St. Joseph 2 2 1,155.61 246 23.7 (20.1) 33,951 0.00466708 62,864 8,823 48,670 71.2 14.5
Brandywine Creek 2 3 41.48 18 30.3 (27.7) 18,075 0.00311000 1,598 4,618 NA 66.4 65.0
Black River 2 4 742.55 30 22.8 (16.9) 14,385 0.00503388 17,978 12,800 7,412 79.0 100.0
Allegan 4 Creek 2 5 5.40 24 19.6 (17.5) 3,061 0.00108700 458 NA NA 43.5 27.9
Kalamazoo River 2 6 5,039.06 153 11.4 (10.1) 546,366 0.00334988 29,634 1,463 18,059 78.7 92.5
Grand River 2 7 4,944.01 138 16.1 (19.0) 172,140 0.00143214 39,659 15,356 14,630 70.9 62.4
Black Creek 2 8 194.31 36 21.3 (11.4) 12,936 0.00169000 15,219 13,562 10,764 66.6 100.0
Muskegon River 2 9 7,052.16 256 15.6 (15.2) 515,644 0.00497642 45,207 20,114 13,889 69.4 25.2
White River 2 10 1,392.82 80 15.0 (13.8) 86,281 0.00916162 65,668 18,187 7,859 82.0 0.0
Pentwater River 2 11 442.07 42 23.4 (13.4) 11,291 0.00581930 16,448 37,848 NA 79.4 27.2
Pere Marquette River 2 12 1,954.64 443 18.0 (15.4) 75,446 0.00935625 85,136 14,084 28,821 90.8 4.1
Lincoln River 2 13 262.00 46 23.2 (12.6) 16,845 0.00171840 20,435 20,510 18,204 84.6 80.5
Gurney Creek 2 14 48.45 48 15.2 (11.4) 10,600 0.00234124 1,061 6,759 NA 93.0 30.4
Big Manistee River 2 15 5,046.13 389 14.6 (12.6) 291,623 0.00932900 31,216 19,526 21,754 66.6 59.4
Betsie River 2 16 627.38 18 13.3 (13.3) 75,463 0.00368000 12,208 4,914 NA 82.9 34.0
Platte River 2 17 498.38 204 24.5 (17.5) 29,988 0.00453530 8,891 4,202 3,233 71.1 11.7
Good Harbor Creek 2 18 117.83 66 50.7 (32.0) 4,767 0.00644557 4,317 6,695 NA 86.5 81.2
Boardman River 2 19 734.47 34 31.7 (19.5) 76,827 0.00845000 2,604 2,981 NA 32.2 100.0
Mitchell Creek 2 20 40.53 18 37.4 (23.9) 17,554 0.00449201 1,293 3,388 NA 57.5 42.6
Yuba Creek 2 21 58.76 18 19.3 (25.7) 6,536 0.00554350 719 1,279 91 77.1 0.0
Elk Lake Outlet 2 22 217.21 33 11.6 (15.1) 118,609 0.00262760 198 453 NA 14.2 5.8
Jordan River 2 23 860.02 191 18.6 (17.4) 28,005 0.00940700 25,455 11,176 8,563 71.2 71.7
Wycamp Lake Outlet 2 24 138.32 12 21.6 (20.9) 24,624 0.00203778 2,227 3,473 NA 89.2 0.6
Carp Lake River 2 25 119.68 48 16.4 (12.0) 28,449 0.00166000 3,747 11,803 NA 88.3 100.0
Little Black River 3 26 67.93 12 10.5 (15.0) 13,516 0.00180338 1,072 2,004 NA 40.2 80.2
Cheboygan River 3 27 3,867.70 168 12.8 (13.4) 160,882 0.00698000 47,623 31,190 45,141 76.0 46.1
Elliott Creek 3 28 14.46 78 22.8 (12.7) 3,339 0.00231322 3,193 NA NA 61.2 41.0
Greene Creek 3 29 127.53 60 22.4 (27.2) 2,905 0.00082718 778 NA NA 84.0 52.8
Black Mallard Creek 3 30 70.87 60 6.8 (9.7) 23,560 0.00253000 4,098 NA NA 86.9 50.0
Ocqueoc River 3 31 382.65 68 18.8 (14.8) 51,058 0.00465722 22,269 3,030 11,901 84.1 66.1
Schmidt Creek 3 32 81.21 136 21.4 (25.7) 14,879 0.00246032 2,082 NA NA 78.6 51.5
Trout River 3 33 95.22 166 17.2 (23.2) 35,363 0.00326381 3,298 2,945 1,764 84.2 49.7
Swan River 3 34 113.42 32 5.9 (7.5) 50,176 0.00307678 6,470 NA 5,654 85.1 100.0
Grand Lake Outlet 3 35 124.74 16 72.9 (32.1) 38,809 0.00017776 3,331 328 NA 78.8 100.0
Long Lake Creek 3 36 147.51 31 1.3 (4.6) 61,169 0.00030870 1,488 5,339 NA 73.8 87.7
Devil’s River 3 37 185.09 54 11.7 (10.2) 25,089 0.00243093 3,479 3,284 NA 72.5 46.1
Black River 3 38 161.14 96 14.8 (21.6) 20,392 0.00524000 8,895 12,507 NA 74.2 76.3
Au Sable River 3 39 5,197.00 88 8.9 (10.0) 325,189 0.00587000 8,877 10,312 NA 39.1 93.9
Tawas Lake Outlet 3 40 403.51 164 18.4 (14.5) 29,631 0.00232465 9,471 3,437 1,325 73.1 60.4
Au Gres River 3 41 1,012.30 80 16.5 (14.7) 39,543 0.00068721 39,541 12,113 4,695 74.8 48.6
Rifle River 3 42 1,144.29 297 11.7 (11.8) 42,281 0.00350659 73,434 8,255 20,823 72.3 48.3
Saginaw River 3 43 16,176.03 554 9.4 (10.4) 105,446 0.00221350 120,620 10,391 18,501 66.1 65.6

and downstream reaches; Gomi et al. 2002). We created a re-
gression tree as a machine learning method for identifying these
units, where partitions in the tree were based on latitude and
longitude (hereafter, “spatial tree”). Each terminal node in the
regression tree contained a spatially contiguous subset of data
points described by a unique multiple linear regression relating

substrate habitat to covariates. If this hypothesis was correct, we
expected that the set of regressions based on the regression tree
partitions would outperform both models 1 and 2 (i.e., s1 and s2).

In the fourth stage (s4), we hypothesized that the rela-
tionship between substrate habitat and covariates is character-
ized by functional complexity—nonlinearities, thresholds, and
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TABLE 2. Summary of substrate habitat and geomorphic variables used in models of preferred substrate habitat for sea lamprey larvae in Michigan’s Lower
Peninsula. Variable types are response, classification (i.e., used as the basis for regression tree splits), and regressor (used for model fitting). Statistical transformations
used for the variables are also presented.

Variable Description Variable type Transformation

prop type1 Mean proportion of transect length classified
as type I (preferred) substrate habitat for
larval sea lampreys

Response loge(prop type1 + 0.05)

YCOORD Latitude Classification None
XCOORD Longitude Classification None
FINALPOWE Stream power (newtons per second) Classification, regressor loge(FINALPOWE)
QANN90YLD 90% exceedance yield (m3·s−1·km−2) Classification, regressor None
DIST2MOUTH Distance (m) to the mouth of the river Classification, regressor None
FORESTR Forest cover (percentage of upstream riparian

corridor)
Classification, regressor None

LACUSTRINE Lacustrine surficial geology (percentage of
upstream riparian corridor)

Classification, regressor None

upDist Distance (m) to closest upstream dam or lake Classification, regressor loge[1/(upDist + 100)]
downDist Distance (m) to closest downstream dam or

lake
Classification, regressor loge[1/(downDist + 100)]

interactions between covariates. Under this hypothesis, we as-
sumed that the boundaries of process domains were not neces-
sarily spatial but instead primarily covariate based, analogous
to arranging domains on a slope–area plot (Montgomery and
Foufoula-Georgiou 1993; Brardinoni and Hassan 2006). One
option for modeling such a system is to partition the data set
based on values of the covariates such that data points within
each partition may be adequately represented by a linear model.
To test this hypothesis, we created a regression tree in which
partitions were based only on values of the covariates (hereafter,
“covariates-only tree”).

In a fifth and final modeling stage (s5), which involved the
hypothesis that the relationship between substrate habitat and
covariates may be characterized by both geographic variability
and functional complexity, we created a fifth model that allowed
both (1) spatial stratification of the data set and (2) partitions
in the data set based on values of the covariates. Under this
hypothesis, we assumed that process domains within our study
area are at times best identified by their spatial boundaries and
at other times best identified by covariate-based boundaries.
We created a regression tree as a machine learning method
for identifying these partitions, and partitions in the tree were
based on latitude and longitude and on values of the covariates
(hereafter, “hybrid tree”).

Statistical Approach and Analysis
For all of the models, our response variable was the natural

logarithm of the mean proportion of transect length that was
preferred sea lamprey larval substrate habitat in transects mea-
sured by U.S. Fish and Wildlife Service (USFWS) agents (type
I habitat in Slade et al. 2003). We used the natural logarithm as
our transformation in order to stabilize the variance of the re-

sponse variable with respect to several geomorphic covariates.
Covariates were a set of seven GIS-derived variables chosen to
represent key geomorphic influences on substrate habitat.

To fit one model (s1) to our entire data set, we selected co-
variates by using forward and backward stepwise regression. To
fit a unique multiple linear regression model to each watershed
in our data set (s2), we partitioned the data set by watershed
and selected covariates for each watershed’s model by using
forward and backward stepwise regression. We calculated a sin-
gle R2 value for the entire data set by calculating the sum of
squares regression for all data points across all watersheds and
then dividing the result by the total sum of squares for all data
points across all watersheds. We examined the performance of
the watershed models in more detail with regression diagnostics
on the two best-fitting and two worst-fitting watersheds.

For s3, s4, and s5, we used the GUIDE software package
(Loh 2002) to build regression trees in which each terminal tree
node (or leaf) contained a multiple linear regression model re-
lating the response (preferred substrate habitat) to some subset
of our seven GIS-derived covariates. In GUIDE, the trees were
constructed by iteratively splitting the data on values of “clas-
sification variables.” The classification variable used for each
split was the one that minimized the P-value of a chi-square test
for curvature in the relationship between substrate habitat and
covariates. For each terminal tree node, GUIDE fitted a mul-
tiple linear regression model by using forward and backward
stepwise regression.

We measured the explanatory power of each tree by calculat-
ing the adjusted R2 value using all points in the data set. We also
examined the performance of the trees by performing a detailed
diagnostic analysis on the models fitted to the two terminal nodes
with the highest adjusted R2 values (R2

adj) and the two terminal
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nodes with the lowest R2
adj. We report the overall importance

of each covariate as the number of terminal node regression
relationships in which it appeared. We also report the consis-
tency of each covariate—that is, the frequency with which the
regression coefficient of the covariate was consistently positive
or consistently negative.

Larval Habitat Data
We used an extensive georeferenced database of larval sea

lamprey substrate habitat collected during quantitative assess-
ment sampling (QAS) surveys (Slade et al. 2003) conducted by
USFWS personnel between 1998 and 2003. During the QAS
surveys, substrate was classified visually into three types on
the basis of substrate particle size, independent of local larval
densities (Slade et al. 2003): type I (preferred) habitat is the sub-
strate most preferred by sea lamprey larvae and is characterized
by fine sands and silt; type II (acceptable) habitat is character-
ized by coarser sands or fine gravel; and type III (unacceptable)
habitat is unburrowable (i.e., gravels or coarser substrates). Al-
though this is a subjective classification, there is typically high
agreement among observers (Mullett and Bergstedt 2003).

The basic spatial unit in the USFWS database is an “access
site.” Personnel from USFWS measured substrate habitat along
a pair of latitudinal transects at each access site and measured
the length of each substrate habitat type along each transect. The
location of one of the transects was recorded with a Global Posi-
tioning System (GPS) unit. We incorporated 5,027 of these GPS
waypoints into our GIS database and corrected the waypoint po-
sition when supplementary metadata (e.g., sample date, reach,
and access site) contradicted the GPS coordinates. The second
transect was located upstream or downstream at a distance of
twice the mean stream width.

The two habitat transects associated with each GPS way-
point constituted the basic unit of observation for our study.
Our response variable for all modeling analyses was the natural
logarithm of the mean proportion of transect length that was
preferred larval substrate habitat (i.e., type I habitat) in these
two transects.

Geomorphic Covariates
We derived the following geomorphic covariates by using

GIS: stream power, low-flow yield, distance to mouth of the
river, distance to the nearest upstream lake or dam, distance to
the nearest downstream lake or dam, the percentage of the
upstream riparian corridor with forested land cover, and the
percentage of the upstream riparian corridor with surficial ge-
ology characterized as lacustrine deposits. Summary statistics
for these covariates by watershed are reported in Table 1.

We chose these specific covariates because they are known to
be the dominant influences on substrate particle size (Knighton
1998) and the organization of process domains (Montgomery
1999). Stream power, which is the rate of potential energy ex-
penditure per channel length, determines sediment transport
rate (Bagnold 1980) and influences median substrate particle

size (Whiting et al. 1999). Stream power is derivable solely
from channel slope and drainage area (Whiting et al. 1999;
Gorman et al. 2011), two variables that form a basic ordina-
tion for process domains (Montgomery and Foufoula-Georgiou
1993; Brardinoni and Hassan 2006) and process-based chan-
nel morphologies (Montgomery and Buffington 1997). We hy-
pothesized, therefore, that stream power might be a particularly
useful variable for delineating process domains. The 90% ex-
ceedance yield (low-flow yield) describes groundwater loading
and is therefore a key variable related to the frequency and sever-
ity of the flow events that constitute the hydrologic disturbance
regime of a channel (Resh et al. 1988). The longitudinal location
of a reach, described here by the distance to the river mouth,
determines the position of a reach within longitudinally orga-
nized process domains (Gomi et al. 2002) and the longitudinal
gradient in substrate particle size (Knighton 1980; Brierley and
Hickin 1985). Impounded lakes behind dams, and to a lesser
degree natural lakes, operate as sediment sinks (Brune 1953).
The distance to the nearest upstream lake or dam incorporates
the lack of fine sediments below dams (Williams and Wolman
1984; Meade and Parker 1985) into the model, and the distance
to the nearest downstream lake or dam incorporates the back-
water reaches upstream from the reservoir (Kondolf 1997) into
the model. Dams also alter the hydrologic disturbance regime of
downstream reaches (Ward and Stanford 1995), an effect that di-
minishes with distance (Travnichek et al. 1995). Patterns of land
use and surficial geology in the upstream catchment determine
the overall sediment budget of a channel and thus the amount of
fine substrate available to transport processes (summarized by
Knighton 1998).

We calculated stream power, distance to the river mouth,
distance to the nearest upstream lake or dam, and distance to the
nearest downstream lake or dam by using stream path files from
the U.S. Geological Survey’s National Hydrography Dataset
(USGS 2006) updated for greater accuracy for Michigan rivers
(Brenden et al. 2006). We obtained modeled low-flow yield,
forested land cover, and lacustrine surficial geology from a high-
resolution GIS database constructed through a combined effort
of the Great Lakes Aquatic Gap Analysis Program (GLSC 2006)
and the Classification and Impairment Assessment of Upper
Midwest Rivers (Brenden et al. 2006). The database contains
31,817 Michigan stream reaches, and we assigned data to our
waypoints by using the data values associated with the stream
reach containing each waypoint.

Stream power.–We calculated stream power based on Whit-
ing et al. (1999) as

Power = g × p × Flow × Slope,

where g is the gravitational constant (9.8 m/s2), p is the den-
sity of water, Flow is the 2-year flood flow (m3/s), and Slope
is the stream channel slope (i.e., [vertical distance, m] ÷ [hor-
izontal distance, m]) at the site. We estimated stream channel
slope from GIS for an 800-m channel segment enclosing the
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waypoint, a channel length previously shown to give good cor-
relation with field-measured water surface slopes (Neeson et al.
2008). Discharge data for estimating the 2-year flood flow were
not available for all sites in our analysis, so we estimated 2-
year flood flow by using drainage area (Gorman et al. 2011) as
follows:

Flow = a × Areab

where a = 6 × 10−6 and b = 0.8613; these are regional regres-
sion coefficients for northeastern Ohio (Gorman et al. 2011).
After preliminary analysis, we selected the natural logarithm of
stream power as our covariate.

Low-flow yield.–Low-flow yield is the 90% exceedance
flow divided by the upstream drainage area. These data were
available in an existing Michigan rivers database, where the
90% exceedance flow was generated from hydrologic models
(Brenden et al. 2006).

Distance to the mouth of the river.–Distance to the river
mouth was calculated for each of our sample waypoints with
two ArcView GIS 3.x extensions, Network Analyst (ESRI 1998)
and Multiple Closest Facilities, which generated a measure-
ment of the distance along the National Hydrography Dataset
stream path shapefile between each sample waypoint and the
river mouth.

Distance to the nearest upstream or downstream lake or
dam.–We combined a Michigan Department of Natural Re-
sources (MDNR) data set of dams and a MDNR data set of
inland lakes to create a single data file of the location of 311
dams and 974 inland lakes in our study region. We used Network
Analyst and Multiple Closest Facilities to calculate the distance
from each waypoint in our habitat database to the nearest up-
stream dam or lake and the nearest downstream dam or lake.
We transformed both covariates according to the formula:

Distance = loge[1/(Distance + 100)].

Land use and geology.–Land use and surficial geology are
categorical variables that each exhibits a sum-to-1 constraint
(Barringer et al. 1990) and collinearity between categories, so
we used only one category of land use and one category of sur-
ficial geology as covariates. From an existing data set (Brenden
et al. 2006), we chose the percentage of the riparian corridor
that was forested (land use) and the percentage of the ripar-
ian corridor with lacustrine deposits (surficial geology), the two
categories that had the highest correlation with substrate habitat
(i.e., our response variable).

RESULTS

Model Performance
The single linear regression fitted to the entire data set (the

null model s1) performed poorly (R2 = 0.03). Regression diag-
nostics indicated that the poor fit was due to high variability in

the response variable in the pooled data set that could not be
explained by the model covariates. A plot of predicted values
against residuals for the entire model exhibited minimal het-
eroscedasticity, with the exception of artifacts due to the 0, 1
constraint on the response variable (i.e., the mean proportion of
preferred substrate habitat). However, more than 99% of the pre-
dicted values fell between 0.10 and 0.25, suggesting that while
the 0, 1 constraint violated the assumption of constant variance
for some points on or near the extremes, it did not inappropri-
ately constrain model fitting or predictions. Plots of residuals
against each of the covariates in the model did not indicate that
further covariate transformations would improve the fit.

In the s2 analysis, multiple linear regression models fitted to
each of the 43 watersheds individually outperformed the single
linear regression model and had an overall R2 value of 0.24.
More-detailed regression diagnostics of the two best-fitting and
two worst-fitting watersheds showed that the poor fit was not
due to correctable patterns in the residuals.

The regression tree created by using latitude and longitude
as classification variables (the spatial tree; s3) outperformed
models that were fitted to each watershed individually. It had an
overall R2 of 0.30 and contained 23 terminal nodes (Figure 2a).
The regression tree created by using the covariates as classifica-
tion variables (the covariates-only tree; s4) performed similarly
(R2 = 0.30) and contained 21 terminal nodes (Figure 3a).
The tree created by using both latitude and longitude and
the covariates as classification variables (the hybrid tree; s5)
performed best (overall R2 = 0.32) and contained 27 terminal
nodes (Figure 4a).

Habitat Patterns in Tree Models
All three of the tree models (s3–s5) described similar coarse

patterns in the distribution of preferred substrate habitat. For
example, all three described a high proportion of preferred sub-
strate habitat in several of the smaller watersheds in the north-
eastern portion of Michigan’s Lower Peninsula (Wycamp Lake
Outlet, Elliott Creek, and Greene Creek; watershed identifica-
tion numbers [IDs] 24, 28, and 29 in Figure 1; mean percent-
age of preferred substrate habitat = 28.4%). The south branch
of the Saginaw River (watershed ID 43 in Figure 1) was pre-
dicted to have low proportions of preferred substrate habitat
(mean = 2.44%). For other watersheds, the proportion of pre-
ferred substrate habitat varied among streams within the wa-
tershed. In the Muskegon River (watershed ID 9 in Figure 1),
Bigelow Creek (the northeasternmost tributary) had consistently
high proportions of preferred substrate habitat (mean = 22.4%),
while Brooks Creek (the middle north tributary) had consistently
midrange proportions of preferred substrate habitat (mean =
13.6%).

There were also finer-scale differences in the predictions
generated by each tree. For example, the covariates-only tree and
the hybrid tree predicted a high proportion of preferred substrate
habitat in the upstream reaches of the Rifle River (watershed ID
42 in Figure 1), while the spatial tree predicted little or no habitat.
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FIGURE 2. (a) Fitted regression tree relating preferred substrate habitat for larval sea lampreys to geographical information systems-derived geomorphic
covariates, where splits in the tree are based on latitude and longitude (spatial tree, analysis s3; R2 = 0.30). Each tree split is labeled with the value of the covariate
that determined the split (YCOORD = latitude; XCOORD = longitude). The node identification number is given below each terminal node and corresponds to
individual regression equations. The color of each node corresponds to the colors of waypoints in the (b) map of 5,027 waypoints of habitat transect data used to
fit the regression tree. The size of each waypoint reflects the predicted proportion of habitat transect length that is preferred larval habitat. Color groups (i.e., blue,
green, orange, and red) in the tree and map correspond to the (c) bar plot, which shows the number of times that each covariate (defined in Table 2) was used in a
terminal node regression relationship for all terminal nodes in that color group. [Figure available online in color.]

Variation in explanatory power within and among the trees is
reflected in the R2 values of the individual nodes. In the spatial
tree, the overall R2 value was 0.30, but the R2 of individual nodes
varied between 0.05 and 0.45. Similarly, the R2 of individual
nodes ranged from 0.04 to 0.51 in the covariates-only tree and
from 0.07 to 0.50 in the hybrid tree.

We found no obvious patterns between the R2 value of a
terminal node and the number of data points or the particular
covariates selected. More-detailed regression diagnostics of the

two best-fitting and two worst-fitting nodes in the hybrid tree
(as measured by R2

adj) showed that the two worst-fitting nodes
were not hampered by a need for further transformations or
other remedial adjustments. We also saw no obvious relationship
between the variance of the response and the fit of the model.

Geomorphic Influences on Substrate Habitat
Covariates differed in their importance (the number of ter-

minal node regression relationships in which they appeared)
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FIGURE 3. Panel descriptions are the same as those in Figure 2, except that splits in the fitted regression tree are based on values of the covariates (covariates-only
tree, analysis s4; R2 = 0.30). Covariates are defined in Table 2. [Figure available online in color.]

and their consistency (the frequency at which the coefficient of
the covariate was consistently positive or consistently negative;
Table 3). Distance to the river mouth and distance to the near-
est upstream dam or lake were the most important covariates
(occurring in 32 and 31 nodes overall, respectively). Distance
to the river mouth was negatively related to preferred substrate
habitat in 19 of 32 nodes, while distance to the nearest upstream
dam or lake was negatively related to preferred substrate habitat
in 16 of 31 nodes. Stream power was the third-most important
covariate, occurring in 29 nodes, and had the most consistent
relationship with substrate habitat; there was a negative rela-
tionship between stream power and the proportion of substrate

habitat in 24 of 29 nodes. The least important covariate, the
distance to the nearest downstream dam or lake, occurred in 22
nodes and was positively related to substrate habitat in 12 of 22
cases. For all covariates, their importance and consistency were
approximately similar across all three regression trees.

Data Set Partitions
Covariates differed in the frequency with which they were

used as the basis for a split within a regression tree (Table 4).
Low-flow yield was the most frequently used covariate and
served as the basis for eight splits among the three trees, followed
by distance to the river mouth (seven splits). Stream power,
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TABLE 3. Summary of importance and consistency for covariates (defined in Table 2) in each of the three trees and in total (importance = number of terminal
node regression models in which the covariate appeared; consistency = frequency with which the coefficient of the covariate was consistently positive or consistently
negative: i.e., number of terminal node regression models in which the covariate had a positive [ + ] or negative [−] coefficient).

Spatial tree Covariates-only tree Hybrid tree Total (all trees)

Variable Importance − + Importance − + Importance − + Importance − +
DIST2MOUTH 9 6 3 11 6 5 12 7 5 32 19 13
upDist 8 5 3 12 5 7 11 6 5 31 16 15
FINALPOWE 9 8 1 8 6 2 12 10 2 29 24 5
QANN90YLD 8 4 4 11 5 6 6 3 3 25 12 13
FORESTR 8 3 5 10 3 7 6 1 5 24 7 17
LACUSTRINE 9 5 4 8 6 2 7 5 2 24 16 8
downDist 5 2 3 9 5 4 8 3 5 22 10 12

FIGURE 4. Panel descriptions are the same as those in Figure 2, except that splits in the fitted regression tree are based on latitude, longitude, and values of the
covariates (hybrid tree, analysis s5; R2 = 0.32). Covariates are defined in Table 2. [Figure available online in color.]
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TABLE 4. Summary of the number of regression tree partitions based on each
classification variable (defined in Table 2) for each of the three trees and in total.

Spatial Covariates-only Hybrid Total
Variable tree tree tree (all trees)

XCOORD 12 5 17
YCOORD 10 6 16
QANN90YLD 6 2 8
DIST2MOUTH 3 4 7
FINALPOWE 4 1 5
FORESTR 4 1 5
upDist 1 4 5
downDist 1 1 2
LACUSTRINE 1 1 2

distance to the nearest upstream dam or lake, and riparian corri-
dor forest were each used for five splits. Low-flow yield, stream
power, and riparian corridor forest were more commonly used
in the covariates-only tree, while distance to the river mouth
and distance to the nearest upstream dam or lake were more
commonly used in the hybrid tree. Riparian corridor lacustrine
deposits and the distance to the nearest downstream dam or lake
were the least frequently used (two splits each).

In the spatial tree, the first tree split divided the data set along
a north–south line closely corresponding to a split between the
Lake Huron and Lake Michigan drainages. Second-tier splits
further divided the western half of the data set along an east–
west line and the eastern half of the state along a north–south
line. Covariates differed in their importance among these four
partitions (Figure 2c). Data points in the northwestern portion of
the Lower Peninsula (green points in Figure 2) never included
the distance to the nearest upstream or downstream dam or lake
as a covariate. Data points in the easternmost portion of the data
set (red points in Figure 2) never included distance to the nearest
downstream dam or lake as a covariate.

In the covariates-only tree, the topmost split was based on
stream power. Second-tier splits were based on distance to the
river mouth and low-flow yield. We again saw differences in
the importance of covariates between the resulting four subsets
of the data set (Figure 3c). Data points with low stream power
and near the river mouth (blue points in Figure 3) were never
modeled with distance to the river mouth as a covariate and only
once used distance to the nearest downstream lake or dam.

The topmost split in the hybrid tree also approximated the
split between the Lake Huron and Lake Michigan drainages, and
second-tier splits were made on distance to the river mouth and
latitude. Data points corresponding to the red terminal nodes in
Figure 4a (approximately those points draining to Lake Huron)
were never modeled by using distance to the nearest downstream
lake or dam (Figure 4c). Data points corresponding to the orange
terminal nodes (approximately those points draining to Lake
Michigan and having a high distance to the river mouth) were

most frequently modeled by using the distance to the nearest
upstream dam or lake.

DISCUSSION
The null linear model fitted to the entire data set (s1) per-

formed poorly. The set of linear models fitted to each watershed
individually (s2) had better explanatory power, suggesting that
there is spatial variability in the underlying relationship between
preferred substrate habitat and geomorphic covariates and that
some of this variability occurred by watershed. All three regres-
sion trees (s3, s4, and s5) outperformed the watershed-based
models, suggesting that tree-identified units are a better basis
than watersheds for stratifying the data set. The performance of
the covariates-only tree (s4) suggests that partitioning the data
set by values of the covariates allows linear models to approxi-
mate portions of a more-complex relationship between substrate
habitat and covariates. The moderate increase in fit for the hybrid
tree (s5) suggests that both spatial and covariate-based partitions
on the data set occur simultaneously.

Despite their modest explanatory power (R2 of about 0.30 for
each tree), the regression trees allowed us to (1) identify useful
stratifications of the Lower Peninsula of Michigan, (2) identify
the most important geomorphic influences on substrate habitat,
and (3) describe how the influence of geomorphic covariates
on substrate habitat varies across Michigan’s Lower Peninsula.
The stratifications identified in our analysis might be particularly
valuable for the design of stratified field surveys of habitat and
other substrate habitat modeling. Our results overall have several
specific applications related to the management of sea lampreys
in the Great Lakes (see Management Applications below).

Inference from Tree Splits
Stratifications identified by the regression trees represent sta-

tistically significant differences in the coefficients of the regres-
sion relationships between substrate habitat and covariates. For
the spatial tree and the latitude and longitude splits in the hybrid
tree, the tree splits delineate spatially contiguous units among
which the relationship between substrate habitat and covari-
ates differs. For the covariates-only tree and the covariate-based
splits in the hybrid tree, the tree splits represent process-based
partitions in the data set within which the complex relationship
between substrate habitat and covariates can be better approxi-
mated by a linear model.

The partitions identified by our regression tree analysis may
inform stratification strategy for future studies and modeling
efforts. For example, the topmost split in the spatial and hybrid
trees was a split between the eastern and western sides of Michi-
gan, approximately through the center of the Lower Peninsula.
This split may be due to latent climate variation in the form of
differences in precipitation regime between these two areas (Al-
bert 1995). This hypothesis could be tested with further study,
and variation in precipitation could be incorporated into future
habitat models explicitly (by introducing a covariate describing
precipitation) or implicitly (by stratifying studies or models by
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an east–west partition). Second-tier spatial partitions divided
the western half of the Lower Peninsula into north and south
units and divided the eastern half of the Lower Peninsula into
east and west units.

The size of our data set and the number of tree nodes limited
our ability to understand the basis of covariate-based tree splits.
For example, in a regression tree analysis of habitat for the desert
tortoise Gopherus agassizii, Andersen et al. (2000) were able
to use tree splits to identify interactions between covariates, but
that study involved a smaller data set and a smaller geographic
area. However, covariates that served as key classification vari-
ables in our data set can still be useful for stratification in future
studies and models. The top-level splits in the covariates-only
tree (stream power, distance to the river mouth, and 90% ex-
ceedance yield) and the hybrid tree (distance to the river mouth)
probably represent the most important partitioning of the data
set for management or future modeling efforts, while partitions
farther down the tree could be included if financially feasible.

Relationship between Habitat and Covariates
The regression coefficients of some covariates were consis-

tent in sign across tree nodes and reflected previously known re-
lationships between geomorphology and substrate habitat. Pre-
ferred habitat of sea lamprey ammocoetes consists of relatively
easily transported sands, so we would expect a negative corre-
lation between the amount of preferred substrate habitat and the
sediment transport rate. Stream power had a negative regression
coefficient in 24 of 29 terminal nodes, which corresponds to
empirical studies demonstrating positive correlations between
stream power and sediment transport rate (Bagnold 1980) or me-
dian substrate particle size (Whiting et al. 1999). The amount
of forest in the riparian corridor had a positive regression coef-
ficient in 17 of 24 terminal nodes, which corresponds to empiri-
cal studies describing the negative correlation between forested
landscapes and sediment transport rates (Milliman et al. 1987).

Rivers in glaciated landscapes such as Michigan flow through
regions of varying land use and geology, and the relative im-
portance of geomorphic drivers of substrate habitat may differ
among these regions. Differences in the importance of covariates
between strata reflect this variability in the influence of geomor-
phology on substrate habitat. For example, in the spatial tree,
substrate habitat in the northwestern quarter of the Lower Penin-
sula was never influenced by the distance to the nearest upstream
or downstream dam or lake (green points in Figure 2), yet this
was an important geomorphic influence on substrate habitat for
southwestern Michigan (red points in Figure 2). These patterns
of variability in the importance of covariates may be character-
ized at any of several spatial scales (i.e., tree depths) and may
be combined with expert knowledge of regional hydrology to
inform future studies and models of habitat.

For other covariates, such as low-flow yield and the distance
to the nearest upstream dam or lake, the number of nodes with
positive regression coefficients and the number of nodes with
negative regression coefficients were approximately equal. This

may reflect changes in the relationship between geomorphology
and substrate habitat across Michigan’s glaciated landscapes.
Alternatively, the sign of the relationships may be due to a mis-
match between the scales at which we measured covariates and
the scales at which they influence substrate habitat. For exam-
ple, a dam may limit downstream sediment supply (Williams
and Wolman 1984; Meade and Parker 1985), but this effect
diminishes with distance and the supply of sediment from ad-
ditional tributaries downstream. When the measured distance
from a waypoint to the nearest dam is greater than several kilo-
meters, the covariate may be serving as a general description
of geographic position. Distance to the river mouth was chosen
to incorporate the gradient of increasing substrate particle size
from the river mouth to the river headwaters (Knighton 1980;
Brierley and Hickin 1985), but this gradient is rarely smooth,
and local convex-upwards shapes and scatter may explain the
13 positive regression coefficients in 32 terminal nodes.

Management Applications
A general management objective for sea lamprey control

in the Great Lakes is to increase the number of ammocoetes
killed per dollar spent (a cost : kill ratio; Christie et al. 2003;
Slade et al. 2003), and proposed modifications to the sampling
protocol used to rank streams for lampricide treatment are typ-
ically evaluated in terms of their cost : kill impact. Until 2008,
estimates of both larval density and total amount of larval habi-
tat were necessary for estimating the expected production of
parasitic-phase sea lampreys in each reach; therefore, improv-
ing the estimates of either would be beneficial for the accuracy
of stream rankings. However, simply increasing the amount of
field sampling performed is not a feasible option. Regarding
larval density estimates, Hansen et al. (2003) calculated that
field sampling efforts “ . . . would need to be increased 52% to
increase precision of the larval density to 50% of the mean, and
by more than 240% to increase precision of the larval density
estimate to 33% of the mean.” The calculations would be dif-
ferent for habitat, but the calculations for larvae as presented
by Hansen et al. (2003) demonstrate the general point that large
increases in field sampling efforts are needed to increase the
precision of measurements.

Although the QAS protocol has recently been replaced by
a rapid assessment protocol that uses historical data in place
of additional field sampling of substrate habitat (Hansen and
Jones 2008), accurate estimates of the distribution and amount
of preferred ammocoete habitat are still desirable. The switch
from the QAS protocol to the rapid assessment protocol was
made on the basis of a cost–benefit analysis, but good predictive
substrate habitat models that complement and guide field
sampling efforts could significantly change the costs associated
with measuring habitat.

Predictive substrate habitat models might be more useful for
predicting the distribution and amount of habitat upstream of
dams that are being considered for removal. Adult sea lampreys
are constrained below most dams during their spawning runs,
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and dam removal could open large areas to infestation. Dam
removal is being considered for many rivers to improve ecolog-
ical integrity (Lavis et al. 2003) and is a pressing management
concern given the more than 2,000 existing dams in the Lower
Peninsula of Michigan (MDNR, unpublished data). Predictive
substrate habitat models that complement field surveys provide
a cost-effective way to estimate the amount of preferred ammo-
coete habitat that will be opened to infestation.

Given the modest predictive power of our models (R2 of
approximately 0.30 for all trees), they may best be used as the
basis for a stratified sampling regime (Guisan and Zimmerman
2000; Cole et al. 2001) that guides, rather than replaces, existing
field sampling efforts. Specifically, the trees identify domains
where the explanatory power of our models is relatively good
(R2 > 0.50) as well as domains where the explanatory power
of our models is low (R2 < 0.10). These two extremes will
require different allocation of field sampling efforts to arrive
at the same degree of confidence in estimates of larval habitat
within a reach. Tree-identified domains may therefore serve as
the basis for efficiently allocating field survey efforts.

Similarly, tree-identified domains may be used to provide
a geomorphic context for other process-based substrate habitat
models, such as those based on local stream geometry (Nee-
son et al. 2007) or a combination of channel slope and basin
size (Gorman et al. 2011; Wilkins and Snyder 2011). A model-
averaging approach may then generate improved predictions or
field sampling strategies.

Despite differences in their predictive power, each step in the
analysis contributed to a better understanding of the processes
and spatial units influencing substrate habitat. The spatial and
hybrid trees identified geographic areas that could serve as the
basis for management units or stratifications for partitioning fu-
ture habitat models. The presence or absence of covariates in the
regression relationship that described each of these nodes high-
lighted the critical influences on larval substrate habitat within
that management unit. In addition, the trees identified key ge-
omorphic influences on habitat and key stratifying geomorphic
variables, both of which may be used to understand the processes
influencing habitat and to inform future modeling efforts.
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