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Abstract

The Midwest of the USA is a highly productive agricultural region, in part due to the
installation of perforated subsurface pipes, known as tile drains that remove excess
water from wet soils. Tile drains rapidly move water to nearby streams, influencing
how quickly streamflow rises and falls (i.e., streamflow “flashiness”). Currently, there
are no comprehensive studies that compare the extent to which tile drainage influ-
ences flashiness across large and diverse agricultural regions. We address this knowl-
edge gap by examining growing-season (April-October) flashiness using the
Richards-Baker Index (RBI) in 139 watersheds located throughout the Midwest.
Using a spatial tile-drainage dataset, watersheds were split into low, medium, and
high tile-drainage classes. We found no significant differences between the flashiness
of these three classes using a one-way Kruskal-Wallis test. When watersheds were
separated into infiltration groups to help control for different soil types, the high tile-
drainage class RBI was significantly higher than the low tile-drainage class RBI in the
high infiltration group. To further understand the causes of flashiness, additional
environmental variables and their relationship to flashiness were examined using mul-
tivariate regression. In the low infiltration group, tile drainage significantly reduced
flashiness, with watershed area and average depth to water table being the largest
influences on flashiness. Tile drainage produced a larger reduction in flashiness in the
high infiltration watersheds, with the largest influences being percent clay in the
watershed and watershed area. These results indicate that the influence of tile drain-
age on flashiness emerges only after other watershed variables are accounted for.
Given that tile drainage may increase in the future as precipitation patterns and
extremes change, flashiness will likely continue to be modified. These results lead to
an improved understanding of flood-generating and nutrient transport mechanisms

that are relevant to stakeholders across a wide range of sectors.
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1 | INTRODUCTION

As one of the most productive agricultural regions in the world, the
Midwest of the USA produced over 63 billion dollars worth of crops
in 2018 (USDA National Agricultural Statistics Services, 2017) in areas
converted from the natural wetland, prairie, and forest ecosystems to
agricultural lands (Radeloff et al., 2005; Slater & Villarini, 2017). His-
torically, agriculture in many parts of the Midwest was limited by high
water tables. The installation of agricultural tile drainage removed
excess water in these areas, allowing for cultivation to occur (Blann
et al., 2009; Spaling & Smit, 1995). Tile drainage is an agricultural prac-
tice that places perforated pipes under the surface of a field at depths
of 0.6-1.2 m to lower the water table and quickly remove excess soil
water from the field, resulting in drier soil that promotes larger rooting
zones, earlier planting dates, and higher yields (Blann et al., 2009;
Schilling & Helmers, 2008; Spaling & Smit, 1995). The installation of
tile drains transformed the way that watersheds respond to precipita-
tion inputs (Raymond et al., 2008; Slater & Villarini, 2017) and, due to
their ability to rapidly transport nutrients, lowered the water quality in
many bodies of water. The impacts extend to areas as large as Lake
Erie and the Gulf of Mexico, resulting in ongoing eutrophication and
hypoxia (Blann et al., 2009; Goolsby et al., 2001; Mclsaac & Hu, 2004;
Randall & Mulla, 2001).

Tile drains lead to altered streamflow regimes due to subsurface
flow that causes water to move from soil to stream faster than in
unmodified conditions (Blann et al., 2009; Rodvang & Simpkins, 2001;
Schilling et al., 2015). Annual baseflow, which is the portion of stream-
flow that comes from groundwater and sustains river discharge during
dry periods, has been found to increase due to tile drainage in lowa
(Boland-Brien et al., 2014; Schilling, 2005; Schilling & Helmers, 2008;
Schilling & Libra, 2003), while tile drainage decreased baseflow in
Ohio (Miller & Lyon, 2021). Additionally, tile drainage has been found
to contribute 30%-61% of annual streamflow in small headwaters in
Ohio (King et al., 2014), while in lowa tile drainage was found to con-
tribute 15%-43% of annual streamflow (Arenas Amado et al., 2017).
In the Minnesota River Basin, Foufoula-Georgiou et al. (2015) found
that tile drainage has increased streamflow at the intermediate per-
centiles, suggesting tile drainage may affect typical (normal) stream-
flow more than streamflow extremes.

Another characteristic of the hydrograph that tile drainage can
alter is flashiness (Boland-Brien et al., 2014; Miller & Lyon, 2021).
Streamflow flashiness is characterized using how rapidly the hydro-
graph rises and/or how quickly it falls (Gannon et al., 2022). Beyond
tile drainage, flashiness is influenced by many watershed characteris-
tics, including climate, flood control structures, channel form, land use
and land cover (LULC), slope, and soil type (Baker et al., 2004; Poff
et al., 1997; Poff et al., 2006; Schilling & Libra, 2003; Xu et al., 2013).
As a result, changes in flashiness can occur due to alterations in pre-
cipitation or other watershed characteristics, especially at the land
surface, that modify the partitioning of precipitation into surface run-
off or infiltration, both of which control how quickly water reaches a
stream channel (Gannon et al., 2022; Liu et al., 2006; Zhang &
Schilling, 2006).

While the influence of tile drainage on streamflow flashiness has
been studied at the watershed or state level, how tile drainage influ-
ences flashiness at the regional spatial scale has not been examined.
We found only two studies that examine the influence of tile drainage
on flashiness in multiple watersheds. The first (Boland-Brien
et al., 2014) uncovered that watersheds (n = 24) in lowa without tile
drainage were flashier than those with tile drainage, possibly due to
topography. Tile drains are usually installed in flatter, poorly drained
areas, so watersheds with less tile drainage tend to have larger slopes
that can drain water more rapidly, creating flashier conditions. Addi-
tionally, they found that tile-drained watersheds with high infiltration
soils exhibited increased baseflow and reduced flashiness (Boland-
Brien et al., 2014). The second study, performed in Ohio, found that
sites (n = 59) with more tile drainage tended to be flashier than sites
with less tile drainage (Miller & Lyon, 2021). These conflicting results
indicate that tile drainage may not always lead to streamflow flashi-
ness, with changes perhaps related to local conditions such as topog-
raphy and soil type (Miller & Lyon, 2021). Additionally, Gannon et al.
(2022) found that flashiness was influenced by subsurface characteris-
tics across much of the Midwest, but this study only posited that the
effect of subsurface characteristics on flashiness was due to tile drain-
age because of its prevalence in the region.

lowa and Ohio generally represent the east-west limits of the
highly tile drained regions of the Midwest; however, there is little
information about tile drainage and its influence on flashiness
between these two states. This work fills a knowledge gap in under-
standing the relationship between flashiness and tile drainage in Mid-
western watersheds. Our primary research question is, after
controlling for other watershed characteristics, how does tile drainage
influence flashiness at the scale of the Midwest? While high flow
events are essential for aquatic and riparian ecosystems (Baker
et al., 2004; Poff et al., 1997), further understanding flashiness and its
drivers is necessary. Streams that are flashier can experience
increased flooding (Wiskow & van der Ploeg, 2003) and a decline in
water quality, both of which are harmful to the environment and
economy (Miller & Lyon, 2021; Rabalais et al., 2002; Rabotyagov
et al, 2014).

2 | METHODS

21 | Site selection

Watershed boundaries, stream-gaging stations, and daily streamflow
data from 2010 to 2019 were retrieved from the United States Geo-
logical Survey (USGS) National Water Information System (NWIS;
USGS, 2016) for the Midwest (defined in this study as Minnesota,
lowa, Wisconsin, lllinois, Indiana, Michigan, and Ohio; Figure 1). This
time period was chosen to align with that of the tile drainage dataset
(additional details in Section 2.2). The streamflow data used for the
analysis were limited to the warm season (April-October) to reduce
the influence of rain-on-snow or frozen ground precipitation events,

which can lead to large runoff and streamflow pulses (Lapenta
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FIGURE 1

United States Geological Survey (USGS) streamflow gages included in this study. As an example, USGS 04195500 (top right panel)

is shown with the tile drainage dataset in the background. The tile-drainage class is portrayed using three symbols with circle for low drainage,
square for medium, and triangle for high. Black symbols indicate watersheds with majority high infiltration soils, while red indicates watersheds
with majority low infiltration soils. The 30-m resolution AgTile-U.S. dataset is shown in the background, with dark grey indicating areas that are

estimated to have tile drainage.

et al., 1995) that could result in streamflow flashiness not related to
tile drains. Watershed characteristics such as LULC data, the number
of dams and their distance from the gages, soil type, slope, and cli-
mate characteristics were extracted from GAGES-II (Falcone, 2011)
and the 2016 National Land Cover Dataset (NLCD; Dewitz, 2019)
for each watershed. NLCD data was used rather than land cover data
from GAGES-Il because it was more recently updated and matched
the time period of the tile-drainage dataset (see Section 2.2). Follow-
ing Miller and Lyon (2021), only watersheds that were >25% agricul-
tural and <25% urban were included (Dewitz, 2019). Additionally,
USGS gages had to have fewer than six major dams (dams 215
meters in height) in the watershed, have a watershed area of less
than 2000 km?, and be >8 km downstream from the nearest major
dam (Falcone, 2011), and have <10% missing data (Miller &
Lyon, 2021). These criteria reduce the possibility of other factors,
such as dams or urban areas, from obfuscating the influence of tile

drainage on flashiness in the study watersheds. Based on these cri-
teria, 139 USGS gaging sites were selected across the Midwest
(Figure 1; Table S1).

2.2 | Flashiness metric

The (Matlab) Toolbox for Streamflow Signatures in Hydrology
(TOSSH; Gnann et al., 2021) was used to calculate the Richards-Baker
Index (RBI; Equation 1). RBI was developed as a flashiness metric and
has been applied in the Midwest (Baker et al., 2004) and elsewhere in
the United States (Dow, 2007; Gannon et al, 2022; Jarvie
et al., 2017; Saxe et al., 2018):

n
RBI= Ef:ilqnﬁm\ (1)
i=19i
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In Equation 1, g; is streamflow on day i, gi_1 is streamflow on the
previous day, and n is the total number of days. Given that RBI is
the sum of the absolute differences of daily streamflow on two suc-
cessive days divided by the sum of the total streamflow for April to
October (Baker et al., 2004), it is a dimensionless (contrast) metric that
is standardized by the flow magnitude over the sample period. Flash-
ier streams, therefore, have a higher RBI due to larger daily differ-
ences than in streams with more stable flow. The RBI was calculated
for the growing season for each of the 10 years and averaged across
the 10 years for each location to create a single value of mean RBI for
each watershed. Initially, two other metrics that describe flashiness,
Baseflow Index (BFI; UK Institute of Hydrology, 1980) and Flow Dura-
tion Curve slope (FDC slope; McMillan et al., 2017) were calculated
with TOSSH (Gnann et al., 2021) and included in this study. However,
both metrics were correlated (Figure S1; RBI and FDC slope:
rs = —0.67; RBI and BFI: r, = —0.85) to RBI, so only RBI was reported
in this study.

2.3 | Watershed characteristics

Spatial tile-drainage data for this study was gathered from AgTile-US,
a 30 m resolution raster dataset that indicates the presence or
absence of tile drains in each given cell across the continental
United States (Valayamkunnath et al., 2020; Figure 1). This dataset
was created using a combination of United States Department of
Agriculture (USDA) Tile Census data, National Land Cover Database
(NLCD) cropland, slope, and Soil Survey Geographic Database
(SSURGO) soil drainage categories. Across the Midwest, it was
found to have an accuracy range of 83%-94% (Valayamkunnath
et al., 2020). The number of tile-drained cells within each watershed
were summed and used to calculate the percent area of tile drainage
(Miller & Lyon, 2021). Following this, the watersheds were separated
into three classes based on the percent area of tile drainage: low (5-
15% drainage; n = 22), medium (>15%-40% drainage; n = 51), and
high (>40% drainage; n = 66). Binning by tile drainage rather than
working with continuous percent area is useful for broad categorical
comparisons and also helps to control for the uncertainty and inaccu-
racies (e.g., tile drain density, spatially limited validation with satellite
data) in the AgTile dataset. However, tile data was treated as continu-
ous in the multivariate regression (discussed below) in order to quan-
tify the influence that it has on flashiness.

Additional watershed characteristics were retrieved from the
GAGES-Il dataset. We first extracted the percent of the watershed
that had soils in hydrologic groups of A, B, C, or D from GAGES-II,
which classify soils based on infiltration potential (Falcone, 2011).
Watersheds with a majority of type A or B soils were separated into
the “high” infiltration group (n = 68), while watersheds that had a
majority of C or D soils were separated into the “low” infiltration
group (n = 71). Watersheds with soil types in these groups have dif-
fering responses to precipitation, which, if analysed together, can
dampen the flashiness signal (Boland-Brien et al., 2014; Miller &
Lyon, 2021). Other GAGES-II data that may also influence flashiness

included watershed area (km?), mean watershed slope (%), % of the
watershed with clay soils present, and depth to water table (season-
ally high; m). Gridded (4-km resolution) growing season ET, (mm),
represented as a short reference crop calculated with the ASCE
Penman-Monteith Method (Walter et al., 2005), and precipitation
(mm) data were retrieved from GridMET (Abatzoglou, 2013) for
2010-2019. The climate data were summed into a seasonal total
(April-October) from the daily data, which were then averaged at the
watershed level to gain a seasonal average of precipitation and ET, for
each watershed. Alongside tile drainage, several of these data (area,
slope, clay percentage, depth to water table, and climate characteris-
tics) have been found to influence flashiness (Boland-Brien
et al., 2014; Miller & Lyon, 2021).

2.4 | Statistical analyses
The effect of tile drainage on streamflow on the three (low, medium,
and high) tile-drainage classes was examined using a Kruskal-Wallis
test. Type-l error of a = 0.05 was used to evaluate statistical signifi-
cance for this and all following statistical analyses. Spearman's correla-
tion coefficient (r) was used to test for correlations between tile
drainage and flashiness at sites in Ohio and lowa, while a two-tailed
Kolmogorov-Smirnov (K-S) test was used to compare the distribu-
tions of RBI for the three tile-drainage classes with and without dams.
A multivariate linear regression was used to further understand
the connections between climate, watershed characteristics, and RBI.
Multivariate regressions with variables such as ET,, precipitation and
land use regressed on streamflow have been widely used to model
complex hydrologic processes due to the various factors that
influence streamflow (Ficklin et al, 2018; Jiang et al., 2011,
Thomas, 2000; Zhang et al., 2016). In this study, RBI is the response
variable while multiple watershed and climate variables and tile drain-
age are the predictor variables. Predictor variables were z-score stan-
dardized to control for differences in their magnitudes (Sirdas &
Sen, 2003). Standardized regression coefficients also allow us to com-
pare the relative effect size of different predictors. The accuracy of
the model was evaluated with the coefficient of determination (R?),
mean absolute error (MAE), and the distribution of residuals. MAE
was used as a metric of average error due to it being a more interpret-
able measure of mean error (Willmott & Matsuura, 2005) while pro-

viding an error metric in the units of the response variable.

3 | RESULTS

3.1 | RBIldistributions by tile drainage class

RBI varied spatially across the 139 watersheds in the Midwest, with
values ranging from 0.04 (low flashiness) to 1.08 (high flashiness) and
a median value of 0.36 (Figure 2). RBI throughout the Midwest
decreased with increasing latitude, where the higher latitude water-

sheds located in Minnesota, Wisconsin, northern lowa, and Michigan
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FIGURE 2 Richards-Baker Index (RBI) for the study watersheds. Lighter symbols characterize watersheds with more stable hydrographs,
while dark blue symbols portray watersheds with flashier hydrographs. The 30-m resolution AgTile-U.S. dataset is shown in the background, with

dark grey indicating areas that are estimated to have tile drainage.

exhibited the majority of the smaller (0-0.3) RBI values. The water-
sheds that exhibited the highest (0.6-1.08) RBI were located in lllinois,
Indiana, and Ohio, where many of the highest values for low and
medium classes were located in southern lllinois and Indiana in areas
near or outside of glacial boundaries (Naylor et al., 2016). While most
of the flashiest watersheds were in the medium and high tile-drainage
classes, there was no spatial pattern of these classes having consis-
tently higher RBI (Figure 2), although many of the higher values are
present in areas that had more tile drainage in the eastern portion of
the study area (see Figure 1). Many of the medium and high tile-
drainage watersheds, especially in the northern and western portions
of the Midwest (Figure 2), exhibited low RBIs that were similar to
those in the low tile-drainage classes. Additionally, most of the low
drainage sites had RBI that were similar to those of nearby medium
and high drainage watersheds, suggesting that tile drainage is not a

primary control on flashiness at this scale.

There was little difference in the RBI distributions (Figure 3),
medians, and means of the low (n = 22), medium (n = 51), and high
(n = 66) tile-drainage classes, respectively. The tile-drainage classes
had similar RBI distributions and, using the Kruskal-Wallis test, were
found to have no significant differences in their distributions
(p = 0.36), suggesting no clear connection between tile drainage and

flashiness at these sites.

3.2 | RBldistributions by soil infiltration group

In order to better determine how tile drainage affects flashiness, the
sites were divided into low and high infiltration soil groups (Figure 4a).
Using the Kruskal-Wallis test, we found no significant difference
(p = 0.18) between the RBI distributions of the three tile-drainage

classes in the low infiltration drainage group. However, the high tile-
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drainage class exhibited a median value that was higher than that of
the medium and low tile-drainage classes, indicating that some influ-
ence of tile drainage may have been present.

In contrast to the watersheds with low infiltration soils, the sites
with a majority of high infiltration soils were less flashy (Figure 4b),
with tile-drainage class mean and median values well below those of

Tile Drainage Class RBI Distributions
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FIGURE 3 Boxplots comparing the Richards-Baker Index (RBI)
distributions and means (red dots) of the low (n = 22), medium

(n = 51), and high (n = 66) tile drainage. Grey dots are scaled to show
watershed areas. The middle bar of the boxplot represents the median
RBI, while the top and bottom of the box represent the 75th and 25th
percentiles respectively. The end of the whiskers are the maximum
and minimum values that are not considered outliers.
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the low infiltration tile drainage groups. For these high infiltration
sites, the Kruskal-Wallis test found a significant difference
(p = 0.038) between the RBI distributions of the low and high tile-
drainage classes. With this group, the mean and median values gener-
ally increased as tile drainage increased, indicating that tile drainage
may have had some effect on RBI, although the effect was not large
enough for a statistically significant difference between the medium
tile class and the other two classes. However, given that many water-
shed characteristics influence RBI, it is likely that there were other
factors influencing flashiness besides tile drainage in both the low and
high infiltration groups.

3.3 | Multivariate regression

A multivariate regression model was developed to better quantify the
strength of the relationship between each watershed characteristic
and flashiness while controlling for the other watershed characteris-
tics. This model included RBI as the response variable, with six water-
shed characteristics (watershed area, slope, clay %, precipitation, ET,,
and depth to water table) and tile drainage percentage as continuous
predictor variables. The models resulted in high coefficients of deter-
mination in both the low (R? = 0.58; MAE = 0.105; p < 0.05) and high
(R? = 0.65; MAE = 0.069; p < 0.05) infiltration groups (Table 1;
Figure S2), with a visual inspection of the residuals indicating that they
were approximately normally distributed for both models.

In contrast to the findings from the tile-drainage class analysis,
the multivariate regression found that tile drainage had a negative
influence on flashiness in both infiltration groups when accounting for
other variables (Table 1). The magnitude of the effect of tile drainage

High Infiltration Soils
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FIGURE 4 Boxplots of the tile drainage classes for low and high infiltration soils. The grey dots are scaled to show watershed areas, while the
mean value for each class is shown by a red dot. The low infiltration tile drainage classes have 9, 31, and 31 sites, respectively. The high
infiltration tile drainage classes have 13, 20, and 35 sites, respectively. The middle bar of the boxplot represents the median RBI, while the top
and bottom of the box represent the 75th and 25th percentiles respectively. The ends of the whiskers are the maximum and minimum values that

are not considered outliers.
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Results of the multivariate linear regression, including the number of sites, regression performance metrics, and (standardized) coefficients for the variables.

TABLE 1

Tile drainage

Depth to water table
—0.099 (6.6e—05)

0.0016 (0.43)

ET,

Clay % Precipitation

Slope

Watershed area

MAE
0.105

0.069

R2

—0.049 (0.043)

0.0017 (0.92)
0.010 (0.47)

0.071 (3.7e —04)

0.047 (0.01)

—0.011 (0.64)
—0.062 (0.0058)

—0.098 (1.4e—06)
—0.053 (1.5e—04)

0.58
0.65

Low Infiltration

—0.089 (1.3e—05)

0.054 (5.3e—04)

0.146 (5.7e—12)

High Infiltration

Note: p values for the coefficients are given in parentheses. Statistically significant coefficients (p < 0.05) are bolded.

on RBI in the high infiltration soils was approximately twice the
strength of its influence in low infiltration soils. In the low infiltration
soils, depth to water table and watershed area were the two strongest
influencing factors, while precipitation was the third strongest factor.
For high infiltration watersheds, the largest regression coefficient was
the percentage of clay in the watersheds. The second largest influence
on RBI was tile drainage, which, as with the low infiltration sites, had
a negative influence on RBI (i.e., tile drainage reduces flashiness).
Alongside clay and tile drainage, watershed area, slope, and precipita-
tion were all influencing factors on tile drainage at these sites.
Between the two groups, precipitation and watershed area had the
strongest influence on the low infiltration group due to the runoff-
generating capabilities of those soils. In the high infiltration soils, the
influence of clay was about three times greater than that in the low
infiltration soils, while tile drainage and slope both had influences that

were far larger than the low infiltration sites.

4 | DISCUSSION
41 | Tile-drainage classes

No coherent spatial pattern of increasing flashiness based on tile
drainage class was found, indicating that local factors might be exert-
ing more influence on flashiness across the Midwest. Some of the
areas with the highest RBI, despite having low tile drainage, were in
the southern portions of the Midwest where there is a convergence
between a lack of glaciation (Naylor et al., 2016) and low infiltration
soils. These unglaciated regions tend to have shallower soils and
steeper slopes in many areas, which are major factors in causing faster
runoff responses and flashier streams (Baker et al., 2004). Agriculture
within the unglaciated areas is concentrated in river valleys, which
may allow for flashier behaviour due to the proximity of tile drainage
to the stream channel, creating shorter travel times and a less attenu-
ated precipitation response. In comparison to Miller and Lyon (2021),
who included areas outside of glacial boundaries in their tile-drainage
analyses, our study contains a smaller proportion of sites in these
areas. Moreover, the multivariate regression models account for some
of the factors (such as slope and soil type) that may be different out-
side of the glacial boundary and thus influence flashiness (Morton
etal, 2015).

A large reason for a lack of difference between the tile-drainage
classes was due to watersheds with majority low or high infiltration
soils being analysed together. Hydrologic soil type can cause tile
drained watersheds to respond to precipitation differently due to infil-
tration potential (Miller & Lyon, 2021), which had the effect of muting
the influence of tile drainage on flashiness. When the watersheds
were split into low and high infiltration groups (Figure 4), the results
of the low infiltration group found no significant increases in flashi-
ness between the medium and high tile classes, although the median
value did increase, which aligned with findings from Miller and Lyon
(2021) for Ohio. However, the high infiltration group diverged from
the findings in Boland-Brien et al. (2014), who found that flashiness
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decreased with increasing tile drainage, as flashiness significantly
increased from the low to high tile-drainage class. This is likely due to
our use of sites with >5% tile drainage, as sites with <5% tile drainage
have been found to have higher slopes and, therefore, an influence on
flashiness (Boland-Brien et al., 2014). Removal of sites with <5% tile
drainage likely reduced the flashiness of the low tile-drainage class,
which therefore allows flashiness to increase with tile drainage as
some of the influence of slope is removed. Additionally, many sites in
the high infiltration group had higher percentages of low infiltration
soils than the lowa sites from the Boland-Brien et al. (2014) study,
which may have contributed to tile drainage increasing flashiness.
Another factor that may have influenced the results in these analyses
is area. As the area of a watershed increases, it generally becomes less
flashy. The low tile-drainage classes had the smallest median area for
all sites (Figure 3) and high infiltration sites (Table S2; Figure 4b),
which allows for some bias to be present when comparing the tile-

drainage classes.

4.2 | Influences on flashiness

Major dams are an additional factor present in some watersheds,
although our analysis limited them in both their number and distance
from the gaging station. Dams are known to alter the hydrograph by
reducing peak flows and increasing low flows, which can reduce flash-
iness (Baker et al., 2004; Graf, 2006). Although our original methods
controlled for the number and distance of major dams from the gages,
we performed an additional analysis on sites without major dams
(n = 116) to test for an influence due to damming. The results with
major dams removed from the low (n = 18), medium (nh = 40), and
high (n = 58) tile-drainage classes showed small differences in the
flashiness distributions, with no significant differences found
(p =0.54; p =0.42; p = 0.82) when compared to the original tile-
drainage classes with the two-tailed K-S test. The differences
between the without-dams median compared to the median from the
original results were 0.108, 0.014, and 0.049 for the low, medium,
and high tile-drainage classes, respectively. This, combined with the
lack of difference between the distribution, indicated that there was
little effect on the median RBI of these watersheds due to
major dams.

The true amount of tile drainage in each watershed, compared to
the modelled amount from AgTile (Valayamkunnath et al., 2020), may
also have influenced the results. While the AgTile dataset was
ground-truthed with 16 000 points at sites across the Midwest
(Valayamkunnath et al., 2020), these sites were scattered and may not
be representative of all the tile drained areas in this region. The AgTile
dataset also does not estimate the density of tile drains within each
30-m grid cell. Tile drainage systems with more closely spaced drains
can quickly transport more water from the soil to nearby streams or
rivers (Kennedy et al., 2012; Schilling et al., 2015; Strock et al., 2010),
so flashiness may have varied for watersheds with different tile-
drainage density. Sites with shallower tile drains could also increase

flashiness by more directly connecting precipitation inputs with

streamflow (Miller & Lyon, 2021), while sites with deeper installation
depths would have slower response times to precipitation inputs and
intercept more groundwater (Schilling et al., 2015), therefore reducing
flashiness. While we are unable to confirm this from the AgTile data-
set, the low infiltration sites in this study likely had tile drains installed
closer to the surface due to shallower seasonally high water table
depth (median: 0.7 m) when compared with the water table depth of
high infiltration sites (median: 1.1 m; Falcone, 2011). Moreover,
AgTile-US gives no indication of surface intakes or areas where con-
trolled drainage is being implemented due to the difficulty in assessing
where these practices are being used. Both practices could confound
the results of this study by either reducing tile flow due to controlled
drainage (Sunohara et al., 2015) or increasing tile flow due to surface
inlets (Schilling & Helmers, 2008).

43 | Comparisons with previous work

The impact of tile drainage on streamflow flashiness has not been
analysed for most watersheds within the Midwest, which limits com-
parisons across much of the region. Thus, we compared our flashiness
results with those of the statewide lowa (Boland-Brien et al., 2014)
and Ohio (Miller & Lyon, 2021) studies, which represent the spatial
ends of the highly tiled portion of the Midwest. The sites within these
respective states were extracted and their RBI values were correlated
with tile drainage. We found that RBI had a weak negative correlation
to tile drainage in lowa (rs = —0.13; p = 0.54; n = 26) and a moderate
positive correlation to tile drainage in Ohio (r; =0.53; p =0.01,
n = 24). In comparison, Boland-Brien et al. (2014) posited sites in
lowa to have decreased flashiness with increased tile drainage, as sites
with tile drainage had lower mean flashiness. Our results in lowa find
a weak and insignificant negative correlation between tile drainage
and flashiness, although the results cannot be directly compared
because no correlation was calculated in the lowa (Boland-Brien
et al., 2014) study. In Ohio, Miller and Lyon (2021) found that tile
drainage was negatively correlated to the flashiness metric
(r= —0.57; p < 0.05), which indicated that flashiness increased with
tile drainage (although opposite sign from our correlation due to their
use of a different flashiness metric: TQunean; Konrad & Booth, 2002).
Our correlation-based findings in the Ohio watersheds closely match
those found in Miller and Lyon (2021).

44 | Connections between RBI and watershed

variables

From the multivariate regression (Table 1), we found that tile drainage
had the second-strongest relationship with RBI in high infiltration
sites. In comparison, it had the fourth strongest relationship with RBI
in low infiltration soils. Generally, the multivariate regression found
that tile drainage has a negative influence on RBI in the high infiltra-
tion soil group, which aligns with previous studies of this soil type
(Boland-Brien et al., 2014). The multivariate regression also found that
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tile drainage had a negative effect on flashiness in the low infiltration
group, which contradicts previous work (Miller & Lyon, 2021) and our
bivariate correlations in Ohio. This is likely due to the multivariate
regression controlling for other variables that can influence flashiness
(such as clay % and depth to water table) when assessing the role of
tile drainage on RBI, which a bivariate correlation is unable to
do. Moreover, the reduction in flashiness is likely a product of reduced
soil moisture due to tile drainage (Lam et al., 2016), as well as an
increase in baseflow in areas that have high infiltration soils (Boland-
Brien et al., 2014). The Ohio sites in this study had a watershed aver-
age of 10.5% high infiltration soils, while all low infiltration sites have
an average area of 15.7% high infiltration soils. This means that, espe-
cially near the boundary of where the high and low infiltration groups
are, there is a possibility that mixed responses from the soil types are
present, which may cause the signal of tile drainage to be altered.

Watershed area was included as a predictor variable in the multi-
variate regression due to the wide variety (7-1900 km?) of watershed
areas included in this study. As watershed area increases, flashiness
tends to decrease due to larger watersheds having more baseflow,
more varied characteristics, and variable inputs from tributaries (Baker
et al., 2004; Gannon et al., 2022; Singh, 1997). Despite the influence
that area has on flashiness, we did not limit the minimum watershed
size because half of the sites that were less than 100 km? had flashi-
ness values similar to larger watersheds. Additionally, the multivariate
regression controlled for area when assessing the influence of other
variables, such as tile drainage, on RBI. Watershed area had the
second-strongest negative relationship with RBI in the low and fourth
strongest in the high infiltration groups. Watershed area in the low
infiltration group likely had a stronger negative influence on RBI due
to the overall flashier nature of those watersheds, which would allow
for a larger change in flashiness as watershed area increased and more
varied inputs (streams and groundwater) attenuated flow. The sites
had similar median areas of 527 km? for low infiltration watersheds,
compared to a median value of 521 km? for the high infiltration
watersheds, indicating that there was no large difference between
their sizes. A characteristic that can be related to watershed area is
slope, which was also included in the regression models. Smaller
watersheds may also have larger slopes, although the multivariate
regression found that slope had a negative influence on flashiness in
both infiltration groups. In previous work, sites with little tile drainage
have been found to have larger slopes and an increased influence on
flashiness (Boland-Brien et al., 2014). Therefore, we removed sites
that had less than 5% tile drainage to help control for slope. Slope
may have had a negative influence on RBI since removing the sites
with the least tile drainage did not remove all the sites with high
slopes, and many sites with smaller slopes had higher flashiness due
to other watershed characteristics.

The multivariate regression found the strongest positive relation-
ship of all high infiltration variables was between clay percentage and
RBI, while it had a small influence on RBI in low infiltration water-
sheds which was likely due to these watersheds having slightly higher
percentages of clay present. The low infiltration sites had less variabil-
ity in clay (%) than the high infiltration soils. The standard deviations

and median clay percentages between tile classes were similar in the
low infiltration soils, while the high infiltration sites had more variation
in their clay percentages (Table S2). This may have allowed clay per-
centage to exert more influence on RBI than in the low infiltration
sites, which had less variability. Moreover, the response of RBI likely
varied between infiltration groups because the high infiltration sites
had a higher baseline infiltration rate than sites in the low infiltration
group (Dripps & Bradbury, 2010). This means that as clay increases in
the high infiltration watersheds, there can be a larger infiltration
reduction because of the larger difference between the
infiltration rates of the high infiltration soils and clay. In areas that
contain high infiltration soils, increased clay has been found to
increase runoff due to the reduced ability of soil to infiltrate water
(Anderson et al., 2009).

In contrast to clay, the strongest predictor of RBI in the low infil-
tration soils was depth to water table. While the high infiltration soils
had deeper water tables (Table S2; Falcone, 2011), the low infiltration
sites had a wider range of water table depths. However, these depths
were on average shallower than the high infiltration soils, which likely
increased the influence of depth to water table on RBI in the low infil-
tration soils. Sites with shallower water tables may not be able to
infiltrate as much precipitation, increasing runoff and flashiness when
compared to sites with deeper soils and water tables that can infiltrate
more precipitation. Tile drainage is oftentimes installed in areas with
shallow water tables (Blann et al., 2009), which creates a possibility
that some effect from tile drainage may be connected to water table
depth. This, combined with the low infiltration soils having shallower
soils, creates the possibility that some effect from tile drainage may
be hidden by the depth to water table.

4.5 | Connections between RBI and climate

variables

Precipitation had the third strongest positive influence of the predic-
tor variables in the low infiltration soils, while it had the fourth stron-
gest influence on RBI in the high infiltration soils. Part of the reason
for weaker relationships is due to the inherent variability of precipita-
tion (and, perhaps, the use of seasonal total precipitation). Across the
Midwest, the northern portion (Minnesota, Wisconsin) receives less
precipitation during the growing season than areas that are more
southern and eastern (Indiana, Ohio; Morton et al., 2015). This gradi-
ent was present in our study, with watersheds in southern Indiana
and lllinois receiving over 800 mm of precipitation (April-October
mean of the 10 years in our study), while watersheds in Minnesota,
Wisconsin, and Michigan received mean seasonal total precipitation in
the range of 570-700 mm over the course of this study. Combined
with the variability in tile drainage, this precipitation gradient likely
contributes to precipitation not having a stronger relationship with
flashiness. Additionally, the flashiest sites in this study tend to be in
the southern and eastern areas, which is likely due, at least partially,
to the higher precipitation in those areas. The variability of the magni-

tude, intensity, and location of precipitation are all lost, especially in
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larger watersheds (Singh, 1997), since precipitation is a basin-wide
and multi-year seasonal average in this study. Moreover, the amount
of runoff generated by precipitation can also be influenced by ante-
cedent soil moisture, which can increase the variability of an area's
runoff response (Tarasova et al., 2018; Williams et al., 2023). The mul-
tivariate regression found that the strength of the relationship
between ET, and RBI was weak and insignificant. While precipitation
drives the rising limb of the hydrograph, ET, can be a controlling factor
of the recession limb (Karlsen et al., 2019; Tashie et al., 2019). How-
ever, given that we used a seasonal average of ET,, much of this rela-
tionship is likely lost due to ET, remaining relatively constant despite
the rising and falling of the hydrograph, whereas any change in precip-
itation will directly influence the rising limb of the hydrograph.
Despite its lack of influence on RBI (Table 1), ET, was not removed
from the model because it did not cause the model to perform more
poorly. Moreover, keeping ET, in the model allows for a more com-
prehensive understanding of factors that do and do not affect
flashiness.

4.6 | Future directions

While we attempted to account for the main drivers of flashiness,
other factors such as sinuosity, channel morphology, the density of
tributaries, and riparian buffers could all influence flashiness in water-
sheds that otherwise have similar characteristics. For future studies,
more inter-watershed variability could be controlled for with a geo-
graphically weighted regression (Brunsdon et al., 1996), which could
account for the inherent spatial variability of climate, soil type, and
other watershed characteristics that this study did not take into
account. Moreover, further studying flashiness across wetter or drier
seasons or years, rather than annual or growing-season averages, may
help to better understand how antecedent soil moisture can influence
runoff generation at a regional scale in a tile-drained landscape. Addi-
tionally, using data that is of higher temporal resolution may help to
further understand the influence that tile drainage plays on stream-

flow flashiness and its change over time.

5 | CONCLUSIONS

Using 139 watersheds, we analysed the effect of tile drainage and
other watershed and climate characteristics on flashiness in the Mid-
west. Tile-drainage data was gathered from the AgTile-US dataset and
used to separate watersheds into low, medium, and high tile-drainage
classes. Using a Kruskal-Wallis test on the three drainage classes, we
found no influence of tile drainage present. When accounting for soil
type, we found that there was a significant difference between the
low and high tile-drainage classes in the high infiltration group, while
there were no significant differences in the low infiltration group.
Given that many watershed and climate characteristics can influence
flashiness, we developed a multivariate regression for the two infiltra-
tion groups. We found that, when controlling for other watershed

variables, tile drainage reduced flashiness in both the high and low
infiltration groups. This is likely due to tile drainage reducting soil
moisture when the influence of other variables that affect flashiness
is held constant. Other factors that are present in areas with tile drain-
age (such as % clay or shallower water tables) also influence flashi-
ness, but their impacts are difficult to disentangle from tile drainage
with univariate or bivariate analyses such as graphical summaries or
correlation. However, uncertainties in the true amount of tile drainage
likely reduced the accuracy of our Kruskal-Wallis test and regression
results. While tile drainage reduced flashiness, our results indicate that
other variables, such as % clay, depth to water table, slope, watershed
area, and precipitation can act to mask the influence of tile drainage
on flashiness. While many of these variables will stay constant in the
future (i.e., % clay, slope, area), changes to precipitation patterns and
extremes may drive an increase in installation (tiled area or tiled den-
sity) in order to transport larger quantities of water from
agricultural areas. Such alterations to tile drainage would likely modify
the relationship between flashiness and tile drainage further and con-
tribute to water quality issues since flashiness and high flows are
drivers of nutrient transport. Without further management efforts,
such as controlled drainage, enlarged riparian buffers, and agricultural
best management practices, precipitation changes and possible
changes to tile drainage area and/or density could continue to exacer-
bate water quality issues across the Midwest.

ACKNOWLEDGEMENTS

This work was supported by the Indiana University Department of
Geography Research and Travel Fellowships and the Indiana Univer-
sity College of Arts and Science Travel Award. This material is also
based upon work supported by the National Science Foundation
under grant no. EAR-2227356. Any opinions, findings, conclusions, or
recommendations expressed are those of the authors and do not nec-

essarily reflect the views of the National Science Foundation.

DATA AVAILABILITY STATEMENT
Data sharing is not applicable to this article as no new data were cre-

ated or analyzed in this study.

ORCID

Seth R. Adelsperger
Darren L. Ficklin
Scott M. Robeson

https://orcid.org/0000-0003-0787-8484
https://orcid.org/0000-0003-3736-7407
https://orcid.org/0000-0002-1558-6951

REFERENCES

Abatzoglou, J. T. (2013). Development of gridded surface meteorological
data for ecological applications and modelling. International Journal of
Climatology, 33, 121-131.

Anderson, S. H., Udawatta, R. P., Seobi, T., & Garrett, H. E. (2009). Soil
water content and infiltration in agroforestry buffer strips. Agroforestry
Systems, 75, 5-16.

Arenas Amado, A., Schilling, K., Jones, C., Thomas, N., & Weber, L. (2017).
Estimation of tile drainage contribution to streamflow and nutrient
loads at the watershed scale based on continuously monitored data.
Environmental Monitoring and Assessment, 189, 1-13.

QSO SUOWIW0) dANEa1) d[qearjdde ayy Aq pauIdA0T d1e SO[O1IE YO SN JO SO[NI 10§ AIeIqr] duI[uQ AJ[IA\ UO (SUOHIPUOI-PUB-SULID}/W0d" AS[IM" ATeIquiaur[uo;/:sdiy) suonipuoy) pue swid ], oy 99§ [£20z/21/07] uo Areiqry suruQ Ad[im 120S 1°dAu/z001°01/10p/woo Ka[im Kreiqrouruo//:sdny woly papeoumo( ‘[ 1 ‘€20T ‘S8016601


https://orcid.org/0000-0003-0787-8484
https://orcid.org/0000-0003-0787-8484
https://orcid.org/0000-0003-3736-7407
https://orcid.org/0000-0003-3736-7407
https://orcid.org/0000-0002-1558-6951
https://orcid.org/0000-0002-1558-6951

ADELSPERGER ET AL.

Wl LEY 11 of 12

Baker, D. B., Richards, R. P., Loftus, T. T., & Kramer, J. W. (2004). A new
flashiness index: Characteristics and applications to midwestern rivers
and streams 1. Journal of the American Water Resources Association,
40(2), 503-522.

Blann, K. L., Anderson, J. L., Sands, G. R., & Vondracek, B. (2009). Effects
of agricultural drainage on aquatic ecosystems: A review. Critical
Reviews in Environmental Science and Technology, 39(11), 909-1001.

Boland-Brien, S. J., Basu, N. B., & Schilling, K. E. (2014). Homogenization
of spatial patterns of hydrologic response in artificially drained agricul-
tural catchments. Hydrological Processes, 28(19), 5010-5020.

Brunsdon, C., Fotheringham, A. S., & Charlton, M. E. (1996). Geographically
weighted regression: A method for exploring spatial nonstationarity.
Geographical Analysis, 28(4), 281-298.

Dewitz, J. (2019). National Land Cover Database (NLCD) 2016 products.
U.S. Geological Survey data release. https://doi.org/10.5066/
P96HHBIE

Dow, C. L. (2007). Assessing regional land-use/cover influences on New
Jersey pinelands streamflow through hydrograph analysis. Hydrological
Processes: An International Journal, 21(2), 185-197.

Dripps, W., & Bradbury, K. (2010). The spatial and temporal variability of
groundwater recharge in a forested basin in northern Wisconsin.
Hydrological Processes: An International Journal, 24(4), 383-392.

Falcone, J. A. (2011). GAGES-II: Geospatial attributes of gages for evaluating
streamflow. U.S. Geological Survey.

Ficklin, D. L., Abatzoglou, J. T., Robeson, S. M., Null, S. E., & Knouft, J. H.
(2018). Natural and managed watersheds show similar responses to
recent climate change. Proceedings of the National Academy of Sciences,
115(34), 8553-8557.

Foufoula-Georgiou, E., Takbiri, Z., Czuba, J. A., & Schwenk, J. (2015). The
change of nature and the nature of change in agricultural landscapes:
Hydrologic regime shifts modulate ecological transitions. Water
Resources Research, 51(8), 6649-6671.

Gannon, J., Kelleher, C., & Zimmer, M. (2022). Controls on watershed
flashiness across the continental US. Journal of Hydrology, 609,
127713.

Gnann, S. J,, Coxon, G., Woods, R. A., Howden, N. J., & McMillan, H. K.
(2021). TOSSH: A toolbox for streamflow signatures in hydrology.
Environmental Modelling & Software, 138, 104983.

Goolsby, D. A., Battaglin, W. A., Aulenbach, B. T., & Hooper, R. P. (2001).
Nitrogen input to the Gulf of Mexico. Journal of Environmental Quality,
30(2), 329-336.

Graf, W. L. (2006). Downstream hydrologic and geomorphic effects of
large dams on American rivers. Geomorphology, 79(3-4), 336-360.
Jarvie, H. P., Johnson, L. T., Sharpley, A. N., Smith, D. R., Baker, D. B.,
Bruulsema, T. W., & Confesor, R. (2017). Increased soluble phosphorus
loads to Lake Erie: Unintended consequences of conservation prac-

tices? Journal of Environmental Quality, 46(1), 123-132.

Jiang, S., Ren, L., Yong, B., Singh, V., Yang, X., & Yuan, F. (2011). Quantify-
ing the effects of climate variability and human activities on runoff
from the Laohahe basin in northern China using three different
methods. Hydrological Processes, 25(16), 2492-2505.

Karlsen, R. H., Bishop, K., Grabs, T., Ottosson-Léfvenius, M., Laudon, H., &
Seibert, J. (2019). The role of landscape properties, storage and evapo-
transpiration on variability in streamflow recessions in a boreal catch-
ment. Journal of Hydrology, 570, 315-328.

Kennedy, C. D., Bataille, C,, Liu, Z., Ale, S., VanDeVelde, J., Roswell, C. R,,
Bowling, L. C., & Bowen, G. J. (2012). Dynamics of nitrate and chloride
during storm events in agricultural catchments with different subsur-
face drainage intensity (Indiana, USA). Journal of Hydrology, 466, 1-10.

King, K., Fausey, N., & Williams, M. (2014). Effect of subsurface drainage
on streamflow in an agricultural headwater watershed. Journal of
Hydrology, 519, 438-445.

Konrad, C. P., & Booth, D. B. (2002). Hydrologic trends associated with
urban development for selected streams in the Puget Sound Basin, West-
ern Washington (Vol. 2). US Geological Survey.

Lam, W., Macrae, M., English, M., O'halloran, I., Plach, J., & Wang, Y.
(2016). Seasonal and event-based drivers of runoff and phosphorus
export through agricultural tile drains under sandy loam soil in a cool
temperate region. Hydrological Processes, 30(15), 2644-2656.

Lapenta, K. D., McNaught, B. J., Capriola, S. J., Giordano, L. A,, Little, C. D,
Hrebenach, S. D., Carter, G. M., Valverde, M. D., & Frey, D. S. (1995).
The challenge of forecasting heavy rain and flooding throughout the
eastern region of the National Weather Service. Part I: Characteristics
and events. Weather and Forecasting, 10(1), 78-90.

Liu, Y., Gebremeskel, S., De Smedt, F., Hoffmann, L., & Pfister, L. (2006).
Predicting storm runoff from different land-use classes using a geo-
graphical information system-based distributed model. Hydrological
Processes: An International Journal, 20(3), 533-548.

Mclsaac, G., & Hu, X. (2004). Net N input and riverine N export from Illi-
nois agricultural watersheds with and without extensive tile drainage.
Biogeochemistry, 70, 253-273.

McMillan, H., Westerberg, I, & Branger, F. (2017). Five guidelines for
selecting hydrological signatures. Hydrological Processes, 31(26), 4757 -
4761.

Miller, S. A., & Lyon, S. W. (2021). Tile drainage causes flashy streamflow
response in Ohio watersheds. Hydrological Processes, 35(8), e14326.
Morton, L. W., Hobbs, J., Arbuckle, J. G., & Loy, A. (2015). Upper Midwest
climate variations: Farmer responses to excess water risks. Journal of

Environmental Quality, 44(3), 810-822.

Naylor, S., Letsinger, S., Ficklin, D., Ellett, K., & Olyphant, G. (2016). A
hydropedological approach to quantifying groundwater recharge in
various glacial settings of the mid-continental USA. Hydrological Pro-
cesses, 30(10), 1594-1608.

Poff, N. L., Allan, J. D., Bain, M. B., Karr, J. R, Prestegaard, K. L.,
Richter, B. D., & Stromberg, J. C. (1997). The natural flow regime. Bio-
science, 47(11), 769-784.

Poff, N. L., Bledsoe, B. P., & Cuhaciyan, C. O. (2006). Hydrologic variation
with land use across the contiguous United States: Geomorphic and
ecological consequences for stream ecosystems. Geomorphology,
79(3-4), 264-285.

Rabalais, N. N., Turner, R. E., & Wiseman, W. J., Jr. (2002). Gulf of Mexico
hypoxia, aka “the dead zone”. Annual Review of Ecology and Systemat-
ics, 33(1), 235-263.

Rabotyagov, S. S., Kling, C. L, Gassman, P. W., Rabalais, N. N., &
Turner, R. E. (2014). The economics of dead zones: Causes, impacts,
policy challenges, and a model of the Gulf of Mexico hypoxic zone.
Review of Environmental Economics and Policy, 8, 58-79.

Radeloff, V. C., Hammer, R. B., & Stewart, S. I. (2005). Rural and suburban
sprawl in the US Midwest from 1940 to 2000 and its relation to forest
fragmentation. Conservation Biology, 19(3), 793-805.

Randall, G. W., & Mulla, D. J. (2001). Nitrate nitrogen in surface waters as
influenced by climatic conditions and agricultural practices. Journal of
Environmental Quality, 30(2), 337-344.

Raymond, P. A, Oh, N.-H., Turner, R. E., & Broussard, W. (2008). Anthro-
pogenically enhanced fluxes of water and carbon from the Mississippi
River. Nature, 451(7177), 449-452.

Rodvang, S., & Simpkins, W. (2001). Agricultural contaminants in quater-
nary aquitards: A review of occurrence and fate in North America.
Hydrogeology Journal, 9, 44-59.

Saxe, S., Hogue, T. S., & Hay, L. (2018). Characterization and evaluation of
controls on post-fire streamflow response across western US water-
sheds. Hydrology and Earth System Sciences, 22(2), 1221-1237.

Schilling, K. (2005). Relation of baseflow to row crop intensity in lowa.
Agriculture, Ecosystems & Environment, 105(1-2), 433-438.

Schilling, K. E., & Helmers, M. (2008). Tile drainage as karst: Conduit flow
and diffuse flow in a tile-drained watershed. Journal of Hydrology,
349(3-4), 291-301.

Schilling, K. E., & Libra, R. D. (2003). Increased baseflow in lowa over the
second half of the 20th century 1. Journal of the American Water
Resources Association, 39(4), 851-860.

QSO SUOWIW0) dANEa1) d[qearjdde ayy Aq pauIdA0T d1e SO[O1IE YO SN JO SO[NI 10§ AIeIqr] duI[uQ AJ[IA\ UO (SUOHIPUOI-PUB-SULID}/W0d" AS[IM" ATeIquiaur[uo;/:sdiy) suonipuoy) pue swid ], oy 99§ [£20z/21/07] uo Areiqry suruQ Ad[im 120S 1°dAu/z001°01/10p/woo Ka[im Kreiqrouruo//:sdny woly papeoumo( ‘[ 1 ‘€20T ‘S8016601


https://doi.org/10.5066/P96HHBIE
https://doi.org/10.5066/P96HHBIE

12 of 12 Wl LEY

ADELSPERGER €T AL.

Schilling, K. E., Wolter, C. F., Isenhart, T. M., & Schultz, R. C. (2015). Tile
drainage density reduces groundwater travel times and compromises
riparian buffer effectiveness. Journal of Environmental Quality, 44(6),
1754-1763.

Singh, V. (1997). Effect of spatial and temporal variability in rainfall and
watershed characteristics on stream flow hydrograph. Hydrological
Processes, 11(12), 1649-1669.

Sirdas, S., & Sen, Z. (2003). Spatio-temporal drought analysis in the
Trakya region, Turkey. Hydrological Sciences Journal, 48(5),
809-820.

Slater, L. J., & Villarini, G. (2017). Evaluating the drivers of seasonal stream-
flow in the US Midwest. Water, 9(9), 695.

Spaling, H., & Smit, B. (1995). A conceptual model of cumulative environ-
mental effects of agricultural land drainage. Agriculture, Ecosystems &
Environment, 53(2), 99-108.

Strock, J. S., Kleinman, P. J., King, K. W., & Delgado, J. A. (2010). Drainage
water management for water quality protection. Journal of Soil and
Water Conservation, 65(6), 131A-136A.

Sunohara, M., Gottschall, N., Wilkes, G., Craiovan, E., Topp, E., Que, Z.,
Seidou, O, Frey, S. K., & Lapen, D. (2015). Long-term observations of
nitrogen and phosphorus export in paired-agricultural watersheds
under controlled and conventional tile drainage. Journal of Environmen-
tal Quality, 44(5), 1589-1604.

Tarasova, L., Basso, S., Poncelet, C., & Merz, R. (2018). Exploring controls
on rainfall-runoff events: 2. Regional patterns and spatial controls of
event characteristics in Germany. Water Resources Research, 54(10),
7688-7710.

Tashie, A., Scaife, C. |, & Band, L. E. (2019). Transpiration and subsurface
controls of streamflow recession characteristics. Hydrological Pro-
cesses, 33(19), 2561-2575.

Thomas, A. (2000). Spatial and temporal characteristics of potential evapo-
transpiration trends over China. International Journal of Climatology: A
Journal of the Royal Meteorological Society, 20(4), 381-396.

U.S. Geological Survey. (2016). National Water Information System. USGS
Water Data for the Nation.

UK Institute of Hydrology (Great Britain). (1980). Low flow studies reports.
Institute of Hydrology.

USDA National Agricultural Statistics Service. (2017). NASS—Quick Stats.
USDA National Agricultural Statistics Service.

Valayamkunnath, P., Barlage, M., Chen, F., Gochis, D. J., & Franz, K. J.
(2020). Mapping of 30-meter resolution tile-drained croplands using a
geospatial modeling approach. Scientific Data, 7(1), 257.

Walter, I. A, Allen, R. G,, Elliott, R., Itenfisu, D., Brown, P., Jensen, M. E.,
Snyder, R. L., & Jensen, M. (2005). Task committee on standardization
of reference evapotranspiration. ASCE.

Williams, M. R, Penn, C. J., King, K. W., & McAfee, S. J. (2023). Surface-to-
tile drain connectivity and phosphorus transport: Effect of antecedent
soil moisture. Hydrological Processes, 37(3), e14831.

Willmott, C. J., & Matsuura, K. (2005). Advantages of the mean absolute
error (MAE) over the root mean square error (RMSE) in assessing aver-
age model performance. Climate Research, 30(1), 79-82.

Wiskow, E., & van der Ploeg, R. R. (2003). Calculation of drain spacings for
optimal rainstorm flood control. Journal of Hydrology, 272(1-4), 163-174.

Xu, X., Scanlon, B. R., Schilling, K., & Sun, A. (2013). Relative importance of
climate and land surface changes on hydrologic changes in the US
Midwest since the 1930s: Implications for biofuel production. Journal
of Hydrology, 497, 110-120.

Zhang, Q., Liu, J.,, Singh, V. P., Gu, X., & Chen, X. (2016). Evaluation of
impacts of climate change and human activities on streamflow in the
Poyang Lake basin, China. Hydrological Processes, 30(14), 2562-2576.

Zhang, Y.-K., & Schilling, K. (2006). Effects of land cover on water table,
soil moisture, evapotranspiration, and groundwater recharge: A field
observation and analysis. Journal of Hydrology, 319(1-4), 328-338.

SUPPORTING INFORMATION
Additional supporting information can be found online in the Support-

ing Information section at the end of this article.

How to cite this article: Adelsperger, S. R., Ficklin, D. L., &
Robeson, S. M. (2023). Tile drainage as a driver of streamflow
flashiness in agricultural areas of the Midwest, USA.
Hydrological Processes, 37(11), e15021. https://doi.org/10.
1002/hyp.15021

QSO SUOWIW0) dANEa1) d[qearjdde ayy Aq pauIdA0T d1e SO[O1IE YO SN JO SO[NI 10§ AIeIqr] duI[uQ AJ[IA\ UO (SUOHIPUOI-PUB-SULID}/W0d" AS[IM" ATeIquiaur[uo;/:sdiy) suonipuoy) pue swid ], oy 99§ [£20z/21/07] uo Areiqry suruQ Ad[im 120S 1°dAu/z001°01/10p/woo Ka[im Kreiqrouruo//:sdny woly papeoumo( ‘[ 1 ‘€20T ‘S8016601


https://doi.org/10.1002/hyp.15021
https://doi.org/10.1002/hyp.15021

	Tile drainage as a driver of streamflow flashiness in agricultural areas of the Midwest, USA
	1  INTRODUCTION
	2  METHODS
	2.1  Site selection
	2.2  Flashiness metric
	2.3  Watershed characteristics
	2.4  Statistical analyses

	3  RESULTS
	3.1  RBI distributions by tile drainage class
	3.2  RBI distributions by soil infiltration group
	3.3  Multivariate regression

	4  DISCUSSION
	4.1  Tile-drainage classes
	4.2  Influences on flashiness
	4.3  Comparisons with previous work
	4.4  Connections between RBI and watershed variables
	4.5  Connections between RBI and climate variables
	4.6  Future directions

	5  CONCLUSIONS
	ACKNOWLEDGEMENTS
	DATA AVAILABILITY STATEMENT

	REFERENCES


