RESEARCH ARTICLE
10.1029/2019WR027040
Key Points:
• 3‐D ecosystem modeling of a Great
Lake showed high sensitivity of
hypoxia to climatic air temperature
and wind speed variations
• Anoxia (<1 mg O2/L) was even
more sensitive than
hypoxia (<2 mg O2/L)
• Effects of future temperatures
and winds may imply a need for
further nutrient reduction
approaching 50% beyond current
remediation targets
Supporting Information:
• Supporting Information S1

Correspondence to:
S. A. Bocaniov,
sbocaniov@uwaterloo.ca;
serghei.bocaniov@gmail.com

Citation:
Bocaniov, S. A., Lamb, K. G., Liu, W.,
Rao, Y. R., & Smith, R. E. H. (2020).
High sensitivity of lake hypoxia to air
temperatures, winds, and nutrient
loading: Insights from a 3‐D lake
model. Water Resources Research, 56,
e2019WR027040. https://doi.org/
10.1029/2019WR027040
Received 31 DEC 2019
Accepted 8 NOV 2020
Accepted article online 16 NOV 2020

High Sensitivity of Lake Hypoxia to Air Temperatures,
Winds, and Nutrient Loading: Insights From a 3‐D
Lake Model
Serghei A. Bocaniov1
Ralph E. H. Smith4

, Kevin G. Lamb2

, Wentao Liu2, Yerubandi R. Rao3, and

1

Department of Earth and Environmental Sciences and Ecohydrology Group, University of Waterloo, Waterloo, Ontario,
Canada, 2Department of Applied Mathematics, University of Waterloo, Waterloo, Ontario, Canada, 3Water Science and
Technology, Environment and Climate Change Canada, Burlington, Ontario, Canada, 4Department of Biology, University
of Waterloo, Waterloo, Ontario, Canada

Abstract

A three‐dimensional hydrodynamic‐ecological model is applied to Lake Erie to predict the
response of dissolved oxygen (DO) to independent changes in air temperature, wind speeds and total
phosphorus (TP) loading. Warmer temperatures and lower wind speeds increased the size and duration of
hypoxic and anoxic regions by lengthening the stratiﬁed period. Decreased wind speed increased
hypolimnion thickness while decreasing its temperature and DO consumption rate. Decreased TP loading
improved DO conditions with a reduction of 75% effectively abolishing hypoxia. Anoxia was more
sensitive to air temperature, wind, and nutrient changes than was hypoxia. New metrics that capture the
spatial and temporal dimensions of low DO conditions were more sensitive than the commonly
cited maximum areas of hypoxia or anoxia. Over most of the relevant range of forcing factors, the simple and
ﬁrst‐order effect of a 1°C temperature change was equivalent to a 10–14% change in TP loads, while a
1% change in wind speed was equivalent to a 2–3% change in TP loads. Reduced ice cover in warmer climates
will likely increase air temperature effects even further.

1. Introduction
Over the past few thousand years, humankind has enjoyed relatively stable climate and sea levels, with air
temperatures varying within 1°C or so (Spratt & Sutton, 2008), but this has not always been the case (Alley
et al., 2003). Abrupt changes in regional air temperature of up to 8°C to 16°C appear to have occurred during
previous ice ages, over intervals as short as a decade (Stocker, 2000). Increases of 3–5°C above a 1986–2005
baseline are expected globally and in the Laurentian Great Lakes (LGL) region of North America by 2100,
barring major volcanic events or serious reductions in anthropogenic climate warming emissions (Hayhoe
et al., 2010; IPCC, 2014). Such large and rapid climatic changes have important consequences for aquatic
ecosystems, particularly as they affect the incidence and severity of hypoxia.
Hypoxia can cause ecosystem biodiversity loss by collapsing complex trophic networks into simpler, microbially dominated, noxious systems (Diaz & Rosenberg, 2008; Jenny et al., 2016). Rising temperatures
decrease oxygen availability through direct (solubility) and indirect (mixing, stratiﬁcation, and decomposition) effects, while temperature‐dependent metabolism elevates organism requirements. An increasing incidence of hypoxia in oceans (Diaz & Rosenberg, 2008) and freshwaters (Jenny et al., 2016) is strongly
associated with anthropogenically driven increases in nutrient loads, primary production, and the consequent biological oxygen demand. Increases in strength and duration of thermal stratiﬁcation associated with
climate warming (e.g., Austin & Colman, 2008; Coma et al., 2009) are likely to increase the intensity and spatial distribution of hypoxia in large aquatic systems (Diaz & Rosenberg, 2008; Meier et al., 2018) and impede
remediation efforts (Jenny et al., 2016). Lake Erie presents an example of a freshwater ecosystem where
hypoxia occurs on a large scale, approaching that of the Gulf of Mexico hypoxic zone (Bocaniov &
Scavia, 2016; Obenour et al., 2013), and climate change is likely to be important to hypoxia impacts and
remediation efforts.

©2020. American Geophysical Union.
All Rights Reserved.
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Hypoxia in Lake Erie is a continuing concern despite major efforts to reduce nutrient loads (Bocaniov &
Scavia, 2016; Scavia et al., 2014; Zhou et al., 2015). Lake Erie contains three distinct basins, of which the
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Figure 1. (a) Annual loadings of total phosphorus (TP; 10 MTA) to Lake Erie from 1967 to 2013 (with dashed line
indicating the line of the best ﬁt), and data obtained from the following sources: 1970 to 1976 (Fraser, 1987), 1977 to
1986 (Lesht et al., 1991), 1986 to 1990 (Dolan, 1993), 1991 to 1993 (Dolan & McGunagle, 2005), 1994 to 2008 (Dolan &
Chapra, 2012), and 2009 to 2013 (Maccoux et al., 2016); (b) cumulative annual TP load anomaly curve relative to the
long‐term mean (1967–2013) with horizontal gray‐shaded area showing a period with the reported recent observations of
the increased hypoxia in central Lake Erie; the anomaly curve was calculated from the data presented in (a) by
subtracting the long‐term mean of annual loads (47 years: 1967–2013) from each of the annual loads to determine the
individual anomalies for each year and then summing these anomalies one at the time starting from the earliest
year (1967).

central is much the largest and is the basin in which most hypoxia forms. The relatively thin (commonly
2–5 m thickness) and warm (from 5°C to more than 10°C) hypolimnion in the central basin has dissolved
oxygen (DO) concentrations of mostly 2 mg L−1 or less by late summer, due to biological oxygen
demand in sediments and in the water column (Bocaniov et al., 2016; Liu et al., 2014; Rowe et al., 2019;
Rucinski et al., 2010). Low DO conditions put stress on public water supply systems (Bocaniov &
Scavia, 2016; Rowe et al., 2019; Ruberg et al., 2008) and bottom‐dwelling aquatic organisms, especially
sessile ones (Karatayev et al., 2018). The seasonal occurrence of waters with a DO concentration of
2 mg L−1 or less (commonly taken as the hypoxic threshold) creates differential losses of habitat quality
among ﬁsh species, with potential to alter population dynamics (Scavia et al., 2014). Wind‐driven
upwelling of hypoxic water can result in large ﬁsh kills (Kraus et al., 2015; Rao et al., 2014).
Excessive nutrient loading, speciﬁcally of phosphorus (P), has long been a major factor causing hypoxia in
Lake Erie (Bertram, 1993; Burns et al., 2005; Scavia et al., 2014). A major decrease of P loads in the 1970s
and 1980s alleviated some key eutrophication problems including hypoxia. However, the worsening of
hypoxia since the early 1990s and recent (2008–2014) interannual variations in the spatial extent of hypoxia
(Bocaniov et al., 2016; Bocaniov & Scavia, 2016; Scavia et al., 2014) cannot be explained simply by corresponding increases in P loads (e.g., Figure 1). The qualitative nature of the P loads (particularly the soluble
reactive fraction), the seasonal timing and magnitude of tributary discharge maxima, and physical conditions in and over the lake have been identiﬁed as important additional drivers (Scavia et al., 2014; Zhou
et al., 2015). Climate‐driven physical forcing will likely affect future hypoxia and success of remediation
efforts in Lake Erie (Scavia et al., 2014). Analysis of 30 years of records has recently indicated that
long‐term P loads and springtime air temperatures can together explain most of the interannual variation
in the size of the hypoxic area, with temperatures approximately equal in effect to P loads (Del Giudice
et al., 2018). Process‐based simulation models of lake ecosystems can help to illustrate the likely response
of hypoxia to variations of individual factors, such as nutrient loading and temperature, and identify
mechanisms and needs for further research. They can also furnish metrics of response beyond the historically observed range, through process‐based extrapolation, and reveal events not captured by existing observational programs, such as extension of hypoxia into seasons not well covered by surveillance programs.
Various simulation models have been applied to Lake Erie. The one‐dimensional (1‐D) model of Blumberg
and Di Toro (1990) predicted warmer waters and increased hypoxia under climate warming scenarios.
BOCANIOV ET AL.
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Conroy et al. (2011) used 2‐D modeling to show that stronger wind led to higher oxygen depletion rates in the
Sandusky subbasin of Lake Erie, somewhat similar to its effects in Chesapeake Bay (Zhou et al., 2014).
Rucinski et al. (2014) used a 1‐D model to conclude that meteorology was a more powerful predictor of
interannual variations of hypoxia than the external nutrient loads. Field observations and modeling show,
however, that the hypoxic zone is dynamic and patchy (Bocaniov et al., 2016, 2017; Bocaniov &
Scavia, 2016; Kraus et al., 2015; Rowe et al., 2019). Hypoxia is driven by a variety of physical processes such
as vertical mixing and horizontal transport (Beletsky et al., 2012), downwelling/upwelling episodes (Rao et
al., 2014), and near‐inertial internal waves (Rao et al., 2008) that can be at least partially captured in 3‐D, but
not lower dimensional, modeling. Bocaniov and Scavia (2016) used 3‐D modeling and compared the predicted hypoxia among simulations representing the coolest, warmest, and average meteorological conditions
observed between 1995 and 2014. They found an enlarged hypoxic area under warmer conditions and also
demonstrated the value of 3‐D modeling to support more informative metrics that properly capture the
severity of hypoxia and its response to environmental variations. To date, however, 3‐D modeling of Lake
Erie (Bocaniov et al., 2016) and other systems (e.g., Meier et al., 2011, 2018) has not attempted to quantify
and compare the effects of two key elements of climate: air temperature and wind speed.
Air temperatures are very likely to increase over the rest of the 21st century. Hayhoe et al. (2010) predict that
annual air temperature in the LGL region will increase 0.8°C to 2.0°C by 2039 and 3.0°C to 5.0°C by 2099
(under lower and higher emissions), relative to 1961–1990 values. Future wind speeds are likely to weaken
but with regional variability across North America (Li et al., 2010) and possibly within the LGL region.
Huang et al. (2012) found that the 10 m wind speed over Lake Ontario decreased by 0.20 to 0.33 m s−1 per
decade over 1970–2009, while temperatures increased. Meanwhile, over Lake Superior, the surface wind
speed increased about 0.22 m s−1 per decade (approximately 5% per decade) from 1985 to 2008, also during
a warming period (Desai et al., 2009). Such diversity of trends even within the LGL region highlights the
value of modeling for sensitivity and scenario analysis pending more deﬁnitive predictions for future
conditions.
Previous 3‐D modeling of Lake Erie predicts that increased air temperatures will increase the length of the
stratiﬁed season and the epilimnion temperatures, while raising the thermocline depth without much
change in hypolimnion temperature (Liu et al., 2014). Such changes would be consistent with observations
from other Great Lakes (e.g., Austin & Allen, 2011; Huang et al., 2012). Lengthened stratiﬁcation and a shallower thermocline should have somewhat opposing effects on the severity and extent of hypoxia; the outcome may depend on the peculiarities of lake morphometry and the metrics selected, among other
factors. Stronger winds are predicted mainly to warm the hypolimnion, deepen the thermocline, and shorten
the stratiﬁed season (Liu et al., 2014). These predictions are also in line with modeling and observations in
the LGL (e.g., Austin & Allen, 2011; Conroy et al., 2011; Huang et al., 2010, 2012) and again present some
opposing effects on the expected extent and severity of hypoxia. Even without considering the important
effects of climate on runoff and nutrient loading (Meier et al., 2011, 2018; Scavia et al., 2014) the effects of
wind and temperature are not necessarily simple and merit analysis to guide prioritization of future
research.
Hypoxia as a phenomenon has dimensions of area, duration, and intensity, while threshold DO concentrations for different ecological impacts vary (Bocaniov et al., 2016). So far in Lake Erie and elsewhere, hypoxia
has been characterized mostly by the areal extent of hypoxia (and sometimes duration and/or volume) using
a single hypoxic threshold value (e.g., Meier et al., 2018; Rucinski et al., 2014; Scavia et al., 2016). Modeling
results from Lake Erie, however, indicate that conclusions about the effects of environmental factors such as
nutrient loading or meteorological conditions can depend on the choice for the threshold DO value
(Bocaniov et al., 2016). Comparisons among systems and environmental scenarios would be strengthened
by use of indices that integrate more effectively over space and time and that account for multiple hypoxic
thresholds.
The objective of this paper is to use process‐based, 3‐D modeling of Lake Erie to characterize the predicted
sensitivity of hypoxia in Lake Erie to plausible medium‐term variations of air temperature and wind speed
and compare against predicted responses to nutrient loading. Because the apparent response of hypoxia can
vary depending on choice of hypoxic threshold value and summary metrics, we employed both hypoxic
(2 mg L−1) and anoxic (1 mg L−1) threshold values and computed indices to integrate hypoxia over space
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Figure 2. (a) Lake Erie bathymetry; (b) Lake Erie map with four forcing sections (divided by three dashed lines) and the
locations of meteorological buoys (solid triangles) and mooring stations (solid circles). The Long Point‐Erie Ridge is a
broad (14 to 22 km) arcuate ridge of 5–10 m overall relief, extending upward to minimum depths of 10–15 m.

and time. While it is widely accepted that rising air temperatures are likely to exacerbate aquatic hypoxia,
including in Lake Erie (Del Giudice et al., 2018), we currently do not know whether or how the effects of
climate and nutrients may be extrapolated into future conditions to provide guidance on likely events
outside the historical domain of environmental conditions and observations. We hypothesized that our
process‐based model would reinforce the mutual importance of temperatures and nutrient loading to
hypoxia in Lake Erie but that future conditions may not follow simple linear extrapolations. We also
hypothesized that average wind velocity, a largely overlooked factor in related studies to date, would be of
comparable importance to temperatures and nutrients, while the more severe phenomenon of anoxia
would be even more sensitive than hypoxia to environmental forcing.

2. Methods
2.1. Field Observations
Lake Erie was sampled in 2008 (May–October). Three meteorological buoys measuring air temperature and
wind speed and direction were deployed and maintained by Environment and Climate Change Canada
(ECCC) and the National Data Buoy Center (NDBC) near Port Colborne, Port Stanley, and Station C3
(Figure 2). Station C3 also recorded solar radiation, longwave radiation, and relative humidity. Water temperatures and DO concentrations were measured at ﬁve mooring stations in the central basin which are
renamed following Liu et al. (2014) (Table 1 and Figure 2). Temperature and DO loggers were deployed at
various depths (Table 1) to provide vertical proﬁles and time series measurements. Quality control was performed on the measured DO data including the predeployment two‐point calibration of DO loggers
BOCANIOV ET AL.
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Table 1
Summary of Moored Loggers in Central Lake Erie in 2008
Station name
Standard

This study

Location (latitude,
longitude)

Station
depth (m)

Sensor (sensor
type; sampling interval)

41°48′36″N, 82°30′09″W
41°48′36″N, 82°30′08″W
41°47′40″N, 82°21′13″W
41°47′40″N, 82°21′13″W

11.5
11.4
14.5

T (Tidbit; 1 h)
DO (YSI; 1 h)
T (RBR; 10 s)
DO (YSI; 1 h)
DO (RBR; 10 s)
T (RBR; 10 s)

1227

C1

1228

C2

341

C3

41°47′40″N, 82°17′35″W

17.5

1231

C4

41°47′30″N, 82°11′38″W

19.8

84

C5

41°55′07″N, 81°38′46″W

24.8

DO (RBR; 10 s)
T (RBR; 10 s)
DO (RBR; 10 s)
DO (YSI; 1 h)
T (Tidbit; 1 h)

452

C6

41°34′55″N, 79°55′23″W

54.5

DO (RBR; 10 s)
T (Tidbit; 1 h)

Sensor depths (mab)
[1, 2, 3, 4, 6, 7, 8, 8.7, 9.2, 10.9]
[1]
[1, 2, 3, 5, 6, 7, 8, 11.5, 12, 12.5, 13, 13.5]
[1]
[1, 2, 5]
[1, 2, 3.5, 4.5, 5.5, 6.5, 7.5, 8.5, 9.5, 12.75, 13.5, 14.5, 15, 15.5,
15.9, 16.5, 17]
[0.5, 1, 2, 5]
[1, 2, 3, 4, 5, 6, 7, 8, 10, 11.5, 12.5, 13, 14, 15, 15.5, 16, 16.5]
[0.5, 1, 2, 5]
[1]
[1, 3, 5, 7, 9, 11, 13, 15, 16, 17, 18, 19, 20,
21, 22, 23]
[1]
[4.5, 9.5, 14.5, 19.5, 24.5, 28.5, 31.5, 34.5, 35.5, 36.5, 37.5
38.5 40.5 41.5 43.5 45.5 47.5, 49.5, 51.5, 53.5]

Note. See Figure 2b for the station locations. mab, meters above bottom; T, temperature; DO, dissolved oxygen; TidbiT, temperature logger (Onset Computer
Corporation; www.onset.com); YSI, multiparameter water quality sonde (YSI Inc./Xylem Inc; www.ysi.com); RBR, temperature and oxygen loggers (RBR
Inc.; www.rbr‐global.com).

(100% and 0% DO saturation) using water samples from Lake Erie along with middeployment and end‐of‐
deployment checks for sensor conditions and drifts during refurbishment (August) and retrieval (October)
cruises. In addition to the deployment of loggers, there were several lake‐wide cruises with vertical water
quality proﬁles in all three basins of the lake. These measurements were supplemented with the ﬁeld
observations during spring (mid‐April) and summer (early August) lake‐wide monitoring cruises
undertaken by the U.S. Environmental Protection Agency Great Lakes National Program Ofﬁce (USEPA
GLNPO or GLNPO for short) and the Great Lakes Environmental Research Laboratory (GLERL) of the
National Oceanic and Atmospheric Administration (NOAA) Ofﬁce.
2.2. Model Setup
The numerical experiments (simulations) were conducted using the coupled 3‐D hydrodynamic and ecological model ELCOM‐CAEDYM (ELCD). ELCOM is a nonlinear, three‐dimensional, hydrostatic, free surface,
z‐level model. It simulates velocity, temperature, salinity, and tracers in lakes subjected to environmental
forcing including surface heating and cooling, wind stress, inﬂows, and outﬂows (Hodges et al., 2000).
ELCOM provides the hydrodynamic driver for CAEDYM, an ecological model with the ability to simulate
complex interactions among different components of the aquatic food web including phytoplankton,
zooplankton, ﬁsh, and mussels (Hipsey & Hamilton, 2008). ELCD's ability to model DO has been calibrated
and validated in several previous applications to Lake Erie for several years including 2002 (Bocaniov,
Ullmann, et al., 2014; Leon et al., 2011), 2007 and 2008 (Oveisy et al., 2014), 2008 (Bocaniov &
Scavia, 2016; Bocaniov et al., 2016: these two studies used data sets from GLNPO and GLERL data), and
2014 (Karatayev et al., 2018: this study used data sets from Ohio EPA, GLNPO, and GLERL). Further information on the model is provided in the supporting information (SI; Texts S1–S3).
The initial conditions with respect to water quality constituents were based on observations from 20 index
GLNPO stations sampled during a lake‐wide spring cruise on 20–22 April 2008. Measurements included
temperature, light attenuation, DO concentration, chlorophyll‐a, and concentrations of nitrogen (N), phosphorus (P), and silica (Si). To estimate the loadings from the 11 river inﬂows, we used different sources
including government and state/provincial agency databases and reports (STOrage and RETrieval and
Water Quality eXchange, Provincial Water Quality Monitoring Network, Ontario Ministry of the
Environment, Conservation and Parks) and online databases (Heidelberg College National Center for
Water Quality Research). The lake bathymetry was obtained from GLERL. The computational grid has a
2 km horizontal resolution and 45 unevenly spaced vertical layers and is identical to that used in
BOCANIOV ET AL.
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Bocaniov, Smith, et al. (2014) and Liu et al. (2014). The layer thicknesses were generally 1 m thick in the
upper 27.5 m of the water column with increased resolution in the upper 4 m and between depths of 17
and 25.5 m, spanning the mean and maximum depths of the central basin, where the layer thickness was
reduced to 0.5 m with a few layers of 0.75 m thickness in transition regions. Below a depth of 27.5 m the
thickness gradually increased reaching 5 m at 50.5 m depth below which it is constant. The numerical simulations lasted a total of 190 days spanning Days of Year (DOY) 112–301 (21 April to 27 October) using a 5 min
time step to satisfy the Courant‐Friedrichs‐Lewy (CFL) condition.
2.3. Quantitative Deﬁnitions of Thermal Structure, Hypoxia and Anoxia
To deﬁne the thermal structure and location of the thermocline, we followed the characterization of Liu
et al. (2014). Spatially and temporally varying regions for the epilimnion, thermocline, and hypolimnion
in three dimensions were deﬁned. A grid column was considered to be stratiﬁed if
T s − T b > T thres

(1)

where Ts is temperature at the surface (°C), Tb is temperature immediately above bottom (°C), and Tthres is
the speciﬁed minimum difference (°C) for stratiﬁed columns. The thermocline was deﬁned to be at the
depth of maximum vertical temperature (T) gradient, and Tthres was 4°C. A basin was considered stratiﬁed
when at least 25% of its grid columns were stratiﬁed (Liu et al., 2014). The thermocline temperature
(Ttherm) varies spatially and temporally. The hypolimnion was deﬁned to lie between the bottom and
the ﬁrst grid point above the bottom where T satisﬁes the following conditions:
T ≥ T hyp ¼ T therm − ðT therm − T b Þ × chyp

(2a)

where chyp = 0.25 is a parameter determining the relative temperature difference between the bottom
water and the upper hypolimnion boundary. The epilimnion was similarly deﬁned to extend from the surface cell to the grid cell where the epilimnetic temperature (Tepi) satisﬁes the following condition:
T ≥ T epi ¼ T s − ðT s − T therm Þ × cepi

(2b)

where cepi deﬁnes the relative temperature difference between the surface water and the lower epilimnion
boundary and was assigned a value of 0.25. The trends in stratiﬁcation associated with changes in wind
speed and air temperature were not sensitive to the values of chyp or cepi (Liu et al., 2014).
We deﬁne hypoxia to exist when DO concentrations are less than 2 mg L−1 at 1 m above bottom (mab), to be
consistent with standard practice at relevant ﬁeld‐sampling environmental agencies. We additionally deﬁne
anoxia to exist when DO concentrations are less than 1 mg L−1 at 1 mab. While a DO of 1 mg L−1 is not literally anoxic, such a condition does approach the resolution threshold of many ﬁeld observations and is
associated with occurrence of DO values that would be hard to distinguish from 0 and that are likely to have
even more dramatic ecological impact than values of 2 mg L−1. The average hypolimnetic DO for every stratiﬁed grid column (i, j) within the central basin boundaries (Figure 2b) can be calculated:
k

DOhypij ¼

2
∑k¼k
DOijk Δzijk
1

k

2
∑k¼k
Δzijk
1

(3)

where i, j, and k are the grid indices in the x, y, and z directions, DO and Δz are the DO concentration and
cell thickness, and the sum is between the bottom k1 and the hypolimnion boundary k2 which vary with (i,
j). The basin mean hypolimnetic DO, DOhyp, is the volume weighted average of DOhypij over the total number of hypolimnetic grid cells. During the onset and breakdown of the stratiﬁcation, there may be times
when the water in only a few grid columns is stratiﬁed making the average less meaningful. Therefore,
we calculate the basin mean only if at least 10% of its grid columns are stratiﬁed.
The apparent volumetric hypolimnetic oxygen depletion rate (HOD*) is the rate of decrease of DO concentration in the system of interest, often calculated from time series observations. It reﬂects all relevant processes, including physical ones. Our simulated mean hypolimnetic DO, based on the calculated daily
average DOhypij , followed a decreasing trend during the stratiﬁed period. The HOD* for each grid column
BOCANIOV ET AL.
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and for the basin mean was derived by a simple linear regression. The hypoxic volume was deﬁned as the
cumulative hourly volume of grid cells with DO less than 2 mg L−1.
We deﬁne the hypoxia onset time as the time when 10% of the area of the central basin becomes hypoxic for
the ﬁrst time at 1 mab, and the breakdown time as the time when 10% of the central basin is hypoxic for the
last time at 1 mab. The hypoxia duration is the length of time between the onset and breakdown times.
2.4. Quantitative Characterization of Hypoxic and Anoxic Extents
To characterize the areal extents of hypoxia and anoxia in the central basin (Figure 2b), we use an integrated
measure which incorporates areal extent and duration for a given DO threshold concentration.
The areal hypoxic index is deﬁned by
AHI ¼

Δt · ΔA i¼T DO < DOH
∑N
1; 000 i¼1 i

(4)

< DOH
where i is the model output index, T is the number of model output times, DOH is 2 mg L−1, N DO
i
is the number of grid columns in which DO is less than DOH at 1 mab and time i, Δt is the constant time
between model output times in days, and ΔA is the total area of the grid columns. AHI has units of
103 km2 day. It represents the cumulative effects of hypoxia and can be easily understood as the
cumulative area with a duration of 1 day, representing the seasonal sum of all hypoxic areas. In our study
DOH = 2 mg L−1, ΔA = 4 km2, and Δt = 5/(12·24) days.

The areal hypoxic factor is deﬁned by
AHF ¼

Δt · ΔA i¼T DO < DOH
∑N
BA i¼1 i

(5)

where BA is the area in square kilometers of the basin (same units as ΔA). It has units of days. It gives the
number of days the whole basin would have to be hypoxic to have the same cumulative effective hypoxia.
In our study BA = 16,138 km2 which represents the total area of the central basin (Figure 2).
The areal anoxic index (AAI) and areal anoxic factor (AAF) are determined similarly to AHI and AHF but
with DOH = 1 mg L−1.
2.5. Sensitivity of Hypoxia to Changes in Meteorological Forcing and Nutrient Loads
Numerical experiments were conducted to assess the sensitivity of hypoxia to the meteorological forcing, as
Liu et al. (2014) did for thermal structure dynamics, using ELCOM alone. In one experiment the air temperature was changed by ±1°C, ±2°C, and ±4°C (Table 2) with appropriate changes in longwave radiation
(Austin & Allen, 2011; Liu et al., 2014) and unchanged wind. In the other experiment the wind speed was
changed by ±5%, ±10%, and ±20%, while wind direction and other forcings were unchanged.
To help place the simulated meteorological effects in context with the concerns over eutrophication and
nutrient loading in Lake Erie, an experiment to determine the predicted sensitivity of hypoxia and anoxia
to nutrient loads was also conducted. Nutrient loadings from the tributaries were changed so as to produce
changes of +25%, −25%, −50%, and −75% of total P loading to the lake, relative to the base case (2008 loadings). Sediment oxygen demand (SOD) was adjusted as described in Bocaniov et al. (2016) using a relationship between SOD and P loading from Rucinski et al. (2014) to account for the delayed (multiyear) effects of
external load changes on biological oxygen demand in the lake.
While it is beyond the scope of the current work to fully simulate all the implications of future climates and
management activities, we do recognize that initial conditions (i.e., those existing on our 21 April simulation
start date) are likely to vary from those in our base year. To estimate the sensitivity of our results to variations
in initial conditions, and particularly to an advanced cycle of lake stratiﬁcation under warmer climate, we
did additional simulations with a start date of 1 March for base case and ATp4 scenarios. The intent was
to show the effect of allowing conditions on 21 April to be more advanced than in our standard simulations.
The initial conditions for 1 March, such as the ice cover and water temperatures, were based on GLERL
observations of lake‐wide ice cover (87.6%) and surface water temperatures (0.2°C) and, as suggested by
BOCANIOV ET AL.
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Table 2
The Deﬁnition of the Simulation Scenarios With Their Names and Corresponding Occurrence Times of Onset, Breakdown (Dissipation), Maximum Extent, and
−1
Overall Duration (Difference Between Dissipation and Onset Times) of the Hypoxic Area (DO < 2 mg L ) in Central Lake Erie
Case
Base (year 2008)
Air temperature (AT)

Wind speed (WS)

Nutrient (TP) load

Scenario
AT and WS as in 2008
AT as in case B + 4°C
AT as in case B + 2°C
AT as in case B + 1°C
AT as in case B − 1°C
AT as in case B − 2°C
AT as in case B − 4°C
WS as in case B + 20%
WS as in case B + 10%
WS as in case B + 5%
WS as in case B − 5%
WS as in case B − 10%
WS as in case B − 20%
TP load as in case B − 75%
TP load as in case B − 50%
TP load as in case B − 25%
TP load as in case B + 25%

Scenario name

Onset DOY
(mm‐dd)

Maximum extent DOY
(mm‐dd)

Dissipation DOY
(mm‐dd)

Overall duration
(days)

B
ATp4
ATp2
ATp1
ATm1
ATm2
ATm4
WSp20
WSp10
WSBp5
WSm5
WSm10
WSm20
TPm75
TPm50
TPm25
TPp25

229 (08‐18)
227 (08‐14)
227 (08‐14)
228 (08‐15)
229 (08‐16)
230 (08‐17)
233 (08‐20)
226 (08‐13)
227 (08‐14)
228 (08‐15)
230 (08‐17)
230 (08‐17)
235 (08‐22)
255 (09‐11)
231 (08‐18)
229 (08‐16)
227 (08‐14)

264 (09–20)
264 (09‐20)
264 (09‐20)
263 (09‐19)
263 (09‐19)
264 (09‐20)
264 (09‐20)
248 (09‐04)
257 (09‐13)
257 (09‐13)
271 (09‐27)
272 (09‐28)
290 (10‐16)
273 (09‐29)
272 (09‐28)
264 (09‐20)
258 (09‐14)

295 (10‐21)
299 (10‐25)
296 (10‐22)
295 (10‐21)
292 (10‐18)
289 (10‐15)
282 (10‐08)
265 (09‐21)
278 (10‐04)
283 (10‐09)
298 (10‐24)
301 (10‐27)
306 (11‐01)
292 (10‐18)
293 (10‐19)
295 (10‐21)
295 (10‐21)

66
72
69
67
63
59
49
39
51
55
68
71
71
37
62
66
68

previous observations of the typical thermal and DO regimes of Lake Erie during ice cover, isothermal water
column conditions and DO concentrations at saturation. Loadings from the tributaries were determined as
described earlier for the base case. Other in‐lake water quality parameters on 1 March were taken as those
representative of 21 April, when the ﬁrst measurements of water column conditions were made by GLNPO.
The atmospheric forcing conditions for 1 March to 20 April were ﬁrst determined as described in earlier
studies (Bocaniov et al., 2016; Bocaniov & Scavia, 2016; Karatayev et al., 2018).
The effects of ice are to shield the water surface from the direct impacts of atmospheric forcing. The ice modeling component in water quality models is still a developing ﬁeld of research (Oveisy et al., 2014). However,
in water quality models, including complex 3‐D coupled physical‐ecological models, it is possible to simulate
ecosystem conditions resulting from ice cover if appropriate adjustments are made to atmospheric forcing to
account for the effects of ice when it is present. We made corrections to air temperature at the lake‐air interface, longwave and shortwave radiation balance, and wind‐generated surface drag to account for presence of
ice (SI; Text S4). These corrections were made for the base and ATp4 cases and applied to our four forcing
sections (Figure 2b). For the latter case, we also calculated the thawing duration of ice cover under the
new conditions of elevated air temperatures (SI; Text S4). We ran additional simulations assuming no ice
cover on 1 March, as might well be the case in an ATp4 world.

3. Results
3.1. Model Validation
Previous studies, as reviewed below in section 4, have demonstrated that ELCD can usefully simulate the
dynamics of thermal structure, selected chemical variables (especially P and N), and some biological variables (phytoplankton) in Lake Erie. Here we extend that work to provide further validation and assessments
of ELCD for DO dynamics in Lake Erie.
Figure 3 compares contour plots of observed and modeled water temperature and DO at Stations C2–C4
while Figure 4 shows times series of DO at various depths at Stations C2–C5. The contour plots span a small
range of depths, lying between 10 and 14 m, for which we have DO measurements. Validation of the modeled thermal structure is discussed in Liu et al. (2014) and illustrated in their Figures 3–5. Values for mean,
standard deviation (SD), root‐mean‐square error (RMSE), and coefﬁcient of determination (R2) using daily
averaged values (Station 1231, Table 3; Stations 84 and 452, Tables AP5.1 and AP5.2 in SI Text S5) showed
smaller errors in the epilimnion and hypolimnion than in the metalimnion. The RMSE was less than 2°C in
the epilimnion and hypolimnion at all stations but increased to between 2.66°C and 4.79°C in the metalimnion. The largest RMSE values in the metalimnion occurred at Station 452 in the eastern basin.
BOCANIOV ET AL.
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) at Stations C2 (a, d), C3 (b, e), and C4 (c, f). The observed (g, h, i) and modeled (j, k, l) water

At Station C2 the contour plots of DO (Figures 3a and 3d) show a similar development and sudden end of
near‐bottom hypoxia in observations and predictions. The DO at 5 mab (Figure 4a) did not vary greatly
and was mostly high. At 3 and 0.5 mab (Figures 4d and 4g) DO decreased from DOY 170 (18 June) to
DOY 240 (27 August) and increased dramatically afterwards, in both observations and simulations. The
model thus correctly captured DO dynamics, including the time of onset and end of hypoxia. Figures 3g
and 3j show that observations and model both indicated the presence of thermal stratiﬁcation until the time
that hypoxia ended, when vertical mixing largely abolished the temperature gradient. The model tended to
overestimate thermocline depth, metalimnion thickness, and hypolimnion temperature during stratiﬁcation
at C2 but not enough to prevent reasonable simulation of the DO dynamics.
At other stations (C3, C4, and C5) the temperatures again showed some differences between observations and
model but a similar seasonal pattern (Figure 3). The contour plots of DO (Figure 3) and the DO time series at
selected depths (Figure 4) appeared to show similar dynamics between observations and model predictions,
with hypoxia developing and ending at similar times and rates. The RMSE between the observations and
simulation results for DO at Stations C2–C4 when taken across all depths and times was 2.5, 1.4, and
1.5 mg L−1 respectively. For the stratiﬁcation period only the RMSE was in the range of 1–2 mg L−1 except
at Station C2 (Table 4). The correlation between observed and modeled DO time series was high (correlation
coefﬁcients r > 0.75), and all relationships were highly signiﬁcant (p < 0.01) in each series.
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) at various depths at Stations C2 (a, d, g), C3 (b, e, h, k), C4 (c, f, i, l), and C5 (j).

3.2. Central Basin Hypoxia in 2008 (Base Case)
The seasonal thermocline in the central basin is well established by July. The western part of the central
basin (approximately from Point Pelee to Cleveland) and the area on the west side of Long Point‐Erie
Ridge (Figure 2) are relatively shallow with depths between 15 and 20 m. The hypolimnion in both regions
becomes very thin in late summer due to the deepening of the thermocline, and hypoxia forms ﬁrst in these
shallower regions (Figure 5). By 20 September the thermocline reaches
the bottom in shallower areas, and DO increases to about 6 to 8 mg L−1.
Table 3
In deeper, still stratiﬁed waters, a large region of hypoxic water, covering
Summary of Model Performance Statistics to Evaluate the Model Ability to
nearly 50% of the central basin has formed. The area covered by hypoxic
Simulate the Thermal Structure at the Location of Station 84 Based on
water has nearly reached its maximum size at this time. By 10 October
Mean Daily Temperatures for the Period of Available Observations (29
April to 16 October: 171 days)
(Figure 5) the thermocline has broken down in most of the central basin
and DO has increased to 8 mg L−1 or more in most places.
Simulated
Measured
Depth
(m)
1
2
3
4
5
6
7
8
10
13
14
15
15.5
16
16.5

Thermal
strata
Epilimnion

Metalimnion

Hypolimnion

temperature
(°C)

temperature
(°C)

Mean

SD

Mean

21.00
20.92
20.84
20.76
20.65
20.48
20.22
19.82
18.39
15.27
14.58
14.02
13.89
13.77
13.66

2.31
2.30
2.30
2.31
2.36
2.48
2.70
2.99
3.79
4.89
4.65
4.55
4.52
4.47
4.38

22.20
22.15
22.09
22.04
21.93
21.77
21.54
21.19
19.63
16.47
15.54
14.20
13.92
13.56
13.32

SD

RMS
(°C)

R

2.45
2.34
2.46
2.51
2.63
2.49
2.64
2.69
3.34
4.36
4.51
4.97
4.93
4.66
4.26

1.35
1.39
1.43
1.47
1.61
1.56
1.73
1.99
2.66
2.42
2.36
1.97
1.92
1.78
1.58

0.94
0.93
0.92
0.93
0.87
0.88
0.83
0.76
0.62
0.80
0.79
0.84
0.80
0.96
0.93

2

Note. See Figure 2 and Table 1 for the location of Station 84 and its coordinates. Abbreviations: Mean, mean value; SD, standard deviation;
2
RMSE, root mean square error; R , coefﬁcient of determination.
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The overall duration of hypoxia calculated as the difference between
breakdown and onset times was 66 days (Table 2). The maximum extent
of hypoxia and anoxia was 7,284 and 4,986 km2, respectively (Table 5).
The areal hypoxic and anoxic factors were 15.0 and 5.0 total basin area
(TBA) days, respectively, while areal hypoxic and anoxic indices
approached 242.8 and 81.2 103 km2 days, respectively (Table 5).
3.3. Effects of Air Temperature Changes
The predicted dynamics of thermal stratiﬁcation and hypoxia varied
among the different air temperature scenarios, as exempliﬁed by Station
C4 (Figure 6). Thermal stratiﬁcation (Figures 6a1–6g1) persisted longer
as air temperatures increased from the coldest (ATm4) to the warmest
(ATp4) scenario. For ATp4 (Figure 6g1) the stratiﬁcation breakdown time
was delayed by about 20 days relative to ATm4 (Figure 6a1). Predicted
hypoxia likewise lasted longer under warmer scenarios, as late as DOY
290 (16 October) for the very warm ATp4 scenario (Figure 6g2). By contrast, hypoxia was abolished on DOY 276 (2 October) for the very cold
ATm4 scenario (Figure 6a2).
10 of 27

Water Resources Research
Table 4
Mean Root‐Mean‐Square Error (RMSE) and Correlation Coefﬁcient (r)
Between Simulated and Observed DO at Stations C2, C3, and C4
(Figure 2) During the Stratiﬁcation Period Between DOYs 170 and 240
(18 June and 27 August 2008)
Station

Depth (mab)

C2

5
3
0.5
3
2
1
0.5
5
2
1
0.5

−1

RMSE (mgO2 L
2.9
1.8
2.4
1.3
1.3
1.5
1.4
2.3
1.6
1.2
1.3

)

r

10.1029/2019WR027040

For the central basin as a whole, hypoxia started earlier and broke down
later as air temperatures were increased (Table 2). The hypoxic period
was 72 days in the warmest scenario and 49 days in the coldest, compared
to 66 days in base case (actual 2008 conditions). A 1°C change in air temperature thus resulted in a change of 2.8 days in hypoxia duration
(Table 2) or 4.2% of the hypoxic period in the base case.

0.77
0.78
0.79
0.87
0.86
0.82
0.88
0.81
0.80
0.84
0.83

Both instantaneous and maximum areal extents of hypoxia and anoxia
increased with warmer air temperature (Table 5 and Figure 7). Figure 7
C3
shows the DO concentration on DOY 264 (20 September; the middle of
the hypoxia period) at 1 mab for the different air temperature scenarios.
The near‐bottom DO decreased as air temperature increased from coldest
to warmest scenarios. The maximum areal extent of hypoxia (Table 5) also
increased with air temperature, almost doubling from the coldest (ATm4)
to the warmest (ATp4) scenario. For maximum area of anoxia, the relative
C4
difference was even larger: 6,737 km2 for ATp4 and 1,814 km2 for ATm4.
Note. All relationships are signiﬁcant at p < 0.01.
The day at which hypoxic area was maximal was similar across scenarios
(Table 2). The dynamics of the stratiﬁcation and hypoxic areas (Figure 8)
showed the temporal correspondence between breakdown of stratiﬁcation and end of hypoxia, as vertical
mixing restored DO. Substantial hypoxic area nonetheless persisted well after the basin became mostly
unstratiﬁed in each temperature scenario.
Across scenarios, maximum hypoxic area increased 1.8‐fold from coldest (ATm4) to warmest (ATp4) scenarios, while the relative increase of anoxic area was even larger at 3.7‐fold (Table 5). The relative increases of
hypoxic factor (AHF) and hypoxic index (AHI) with air temperature (AT) were also more than threefold. The
anoxic factor (AAF) and anoxic index (AAI) likewise showed greater increases (8.2‐fold) than did maximum
anoxic area. AAF and AAI were also more responsive than AHF or AHI, illustrating the relatively large sensitivity of anoxic impacts to air temperature variations. Anoxia became an increasingly important feature in
warmer scenarios, as shown by the AHF/AAF and AAI/AHI ratios for the different scenarios (Table 5).
Higher air temperature led to considerably larger hypolimnetic hypoxic volume (Figure 8). The dynamics of
hypoxic volume had greater amplitude than for hypoxic area, and the drop in hypoxic volume during the
early part of the destratiﬁcation period was especially steep. Hypoxic volume also responded more strongly
to air temperature than did hypoxic area. The maximum hypoxic volume in the ATp4 scenario (28 km3) was
about 2.5 times larger than in ATm4 (11 km3).
The predicted mean hypolimnetic DO followed a monotonic and approximately linear downward trend
throughout the stratiﬁed season (Figure 8a). There was little difference among the temperature scenarios.
There were no signiﬁcant differences in the average HOD* rate, which was −0.08 mg L−1 day−1
(2.44 mg L−1 mo−1) across all scenarios. There were spatial variations in the HOD* rate (Figure 9), with
the western and eastern ends of the basin containing regions of relatively high rates. With lower air temperatures (e.g., ATm4, Figure 9b) the spatial variation became more pronounced, with small patches of high
HOD* rates. With higher temperatures (e.g., ATp4, Figure 9g) the spatial variation of HOD* was diminished.
The spatial variation of hypoxic durations (Figure 10) appeared more dramatic, increasing from 10 days or
less to 40 or more in some of the shallower and/or more peripheral parts of the basin. Under base case conditions (2008), hypoxia was conﬁned to the deepest parts of the basin (depth >18 m). Under higher air temperature (Figures 10e–10j), hypoxic area extended near shore to more shallow parts of the basin including
the Sandusky subbasin (most southwestern part of the central basin) and even to some parts of the western
and eastern basins.
3.4. Effects of Wind Speed Changes
Stronger winds caused hypoxia to form earlier and to last for a shorter period of time, as exempliﬁed by
point‐wise proﬁles (e.g., Station C4, Figure 11), because they deepened the thermocline and shortened the
stratiﬁcation period. In the weaker wind cases hypoxia not only lasted longer but also extended higher into
the water column. Stratiﬁcation and hypoxia even extended to the end of the simulation period in the weakest wind scenarios.
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Figure 5. Simulated hypolimnion dissolved oxygen (DO; mg L
−1
indicates DO concentrations <2 mg L .

) at 1 mab on selected dates for the base case. Pink color

Across the entire basin, variations of wind had strong effects on the dynamics of stratiﬁcation (Figure 12). In
the weakest wind scenario (WSm20) the basin was still >25% stratiﬁed to within a few days of the end of the
simulation period. In the strongest wind scenario (WSp20), the basin destratiﬁed 40 days earlier. Duration of
hypoxia varied likewise: 71 days in the weakest wind scenario to 39 days in the strongest (Table 2 and
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Table 5
Characterization of Hypoxic and Anoxic Extents in Lake Erie Under Conditions of Various Simulation Scenarios
−1

Hypoxia (DO < 2 mg L
Scenario

Base
ATm4
ATm2
ATm1
ATp1
ATp2
ATp4
WSm20
WSm10
WSm5
WSp5
WSp10
WSp20
TPm75
TPm50
TPm25
TPp25

Maximum area

−1

)

Anoxia (DO < 1 mg L

Indices

Maximum area

Maximum
area (km2)

As %
change
RBS (%)

Hypoxic
factor (AHF)
(TBA day)

Hypoxic index
(AHI)
(103 km2 day)

%
change
RBS
(%)

7,284
4,939
6,389
6,701
7,721
8,181
8,989
8,156
8,635
8,066
6,637
6,224
3,046
153
4,463
6,911
7,896

0.0
−32.2
−12.3
−8.0
+6.0
+12.3
+23.4
+12.0
+18.5
+10.7
−8.9
−14.6
−58.2
−97.9
−38.7
−5.1
+8.4

15.0
6.4
10.8
12.3
16.8
18.9
22.8
19.4
19.7
17.2
12.2
10.2
3.1
0.1
4.5
11.4
17.8

242.8
103.6
175.0
198.8
271.8
305.3
367.8
312.3
318.4
277.3
195.9
164.7
50.3
0.8
72.5
183.8
288.0

0.0
−57
−28
−18
+12
+26
+52
+29
+31
+15
−19
−32
−79
−99.7
−70.1
−24.3
+18.6

)

Anoxia/hypoxia ratio

Indices

AAI/AHI

AAI/AHI

Maximum
area (km2)

%
change
RBS
(%)

Anoxic
factor
(AAF)
a
(TBA )

Anoxic
index
(AAI)
(103 m2)

%
change
RBS
(%)

As %
(%)

%
change
RBS
(%)

4,986
1814
3,566
4,153
5,513
6,102
6,737
6,817
4,386
4,479
3,728
2,521
580
5
554
3,096
5,689

0.0
−63.6
−28.5
−16.7
+10.6
+22.4
+35.1
+36.7
+12.0
+10.2
−25.2
−49.4
−88.4
−99.9
−88.9
−37.9
+14.1

5.0
1.2
3.0
3.8
5.9
7.4
9.9
8.5
6.9
5.6
3.9
2.5
0.5
0.001
0.3
2.6
7.4

81.2
19.0
48.4
60.8
95.1
119.3
159.0
136.5
111.3
89.8
62.5
41.1
8.6
0.01
5.4
41.4
120.0

0.0
−76
−40
−24
+18
+48
+98
+70
+38
+12
−22
−50
−90
−100
−93
−49
+48

33.4
18.3
27.7
30.6
35.0
39.1
43.2
43.7
35.0
32.4
31.9
25.0
17.1
1.3
7.4
22.5
41.7

0.0
−45.2
−17.3
−8.6
+4.6
+16.8
+29.3
+30.7
+4.5
−3.2
−4.6
−25.4
−48.9
−96.1
−77.9
−32.7
+24.7

a

Note. TBA, times of basin area; RBS, relative to the base scenario.

Figure 12). In the strongest wind scenario hypoxia formed 9 days earlier but broke down 41 days sooner than
in the weakest wind scenario, while the time of maximum hypoxic area advanced 42 days, from 16 October
to 4 September (Table 2). The spatial pattern of hypoxia duration (Figure 10) is moderately complex, but one
general trend was for areas of longer duration to occur more in the western than eastern half of the basin as
wind speeds increased. A similar trend was apparent in response to cooler air temperatures (Figure 10).
The areal extent of hypoxia on any given day varied substantially among the wind and temperature scenarios,
as illustrated in Figure 7 for 20 September, close to the date of maximum hypoxic area under base case and all
air temperature scenarios. The day 20 September was close to the date of dissipation of hypoxia (i.e., the date
at which <10% of the basin displayed hypoxia at 1 mab) for the strongest wind scenario. Hypoxia in that scenario was conﬁned to relatively small patches in the western half of the basin. In the weakest wind scenario,
hypoxia was yet to reach its maximum extent, with substantial central areas still above threshold DO.
Intermediate wind scenarios (WSp5 and WSm5) showed the largest contiguous areas of hypoxia. Wind speed
thus had a powerful effect on where hypoxic water might be encountered at any given time.
Maximum hypoxic area generally decreased as wind speed decreased but across the range of scenarios the
effects were not strictly proportional or even monotonic (Table 5). Maximum hypoxic area increased greatly
(about twofold) as wind speeds dropped from WSp20 to WSp10, increased more gradually as the wind speed
continued to drop, but then decreased as winds diminished from WSm10 to WSm20. The heavy impact of the
strongest wind scenario was also apparent in hypoxic volume (Figure 12), areal hypoxic factor, and areal
hypoxic index (Table 5). Maximum anoxic area increased in a more proportional manner from strongest
to weakest wind scenarios, except between base case and the −10% scenario (Table 5). The AAF and AAI,
on the other hand, changed in a monotonic and proportional way across the whole range of wind speeds.
Like AHF and AHI, both AAF and AAI were even more responsive than maximum anoxic area, with
changes of +70% in the weakest wind scenario and −90% in the strongest (Table 5).
Unlike the air temperature scenarios, the wind speed scenarios differed in their predictions for mean hypolimnetic DO dynamics (Figure 12a). The decrease of DO over time was still monotonic and mostly linear in
appearance, but the trend became steeper with increasing wind speed. The average basin‐wide HOD* rate
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Figure 6. Hypoxic water at Station C4 for the air temperature scenarios: ATm4 (a1, a2), ATm2 (b1, b2), ATm1 (c1, c2), base case—B (d1, d2), ATp1 (e1, e2), ATp2
(f1, f2), and ATp4 (g1, g2). Left column (a1–g1): The black lines are calculated thermocline depths, and the blue lines are the depths of the upper boundary
of the hypolimnion. Subplots on the right (a2–g2) are zoom ins of the hypoxic region (shaded red) shown in the left column plots.


over the stratiﬁed period HOD increased from 0.072 mg L−1 day−1 in the weakest wind scenario to
0.084 mg L−1 day−1 in the strongest (Figure 9). The spatial pattern of HOD* varied strongly among wind
speed scenarios (Figure 9). Restricted areas of high HOD* in western and eastern parts of the basin
developed under higher wind. In lower winds the spatial variation of HOD* was much diminished.
3.5. Effects of Nutrient Load Changes and Comparative Responses
Among the nutrient loading scenarios, the dates for onset and maximum extent of central basin hypoxia
were delayed as loading decreased (Table 2). Dates for end of hypoxia varied less, so the duration of hypoxia
decreased as nutrient loading diminished. All metrics of hypoxia and anoxia (maximum area, factor, and
index) also decreased, as did the importance of anoxia relative to hypoxia (Table 5). In the 75% nutrient loading scenario (TPm75) both hypoxia and anoxia were essentially abolished.
To facilitate comparison of effects among air temperature, wind speed, and nutrient loading scenarios, the
various metrics of hypoxia and anoxia (areas, factors, and indices) were treated as dependent variables in linear regression analysis using the scenario treatments as independent variables (Table 6). The slopes of the
regressions are then response factors that express the effectiveness of the environmental forcing factors.
Nonlinear and even nonmonotonic responses occurred for some metrics over some ranges of wind speeds
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Figure 7. Simulated DO (mg L ) on DOY 264 (20 September) for the following scenarios: (a) base case scenario; (b–g) air temperature modiﬁcation scenarios;
and (h–m) wind speed modiﬁcation scenarios.

or nutrient loads (Table 6), but regression R2 values were high (>0.95) and p values low (<0.005) for all the
reported response factors. Response factors for effects of air temperature (1°C change) on AHI, AHF, and all
anoxia metrics were approximately 10 times larger than those for nutrient loads (1% change). It would thus
require a change of about 10% in nutrient load to equal the effect of a 1°C temperature change, at least over
the range of −4°C to +4°C in temperature and −50% to +25% change in nutrient load (TPm50 and TPp25)
for which the response factors apply. The responses of AHI and AHF to a 1% wind speed change were 2.9
times larger than for a 1% nutrient load change, while the responses of AAI and AAF were 2.6 and 2.1
times larger. It would thus require a change of 10–15% in nutrient loads to equal the effect of a 5% wind
speed change, depending on the metric, over the range (−10% to +20% in wind speed and −50% to +25%
in nutrient loads) for which the response factors apply.
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Figure 8. In the air temperature scenarios: (a) the volume mean hypolimnetic DO in the central basin; (b) the total
stratiﬁed area and the dashed line is 25% of the total area of the central basin as an indicator of basin stratiﬁcation;
(c) the total hypoxic area and the dashed line is 10% of the total area of the central basin as an indicator of basin hypoxia;
10 3
3
and (d) total hypoxic volume in the central basin and the dashed line is valued at 0.5 × 10 m (5 km ).

Simulations beginning on 1 March produced very similar results to those beginning on our usual start date of
21 April if we applied corrections for the presence of ice (Birnbaum & Lüpkes, 2002; Chapman et al., 2005;
Croley & Assel, 1994; Gerbush et al., 2008; Leppäranta, 2014; Wang et al., 2010). Details are provided in the
supporting information. A comparison is shown in Figure 13. In both base case and ATp4, the temporal
dynamics of daily hypoxic area and its maximum value were nearly identical. The AHI for base case was
15.5 and 15.9 for 21 April and 1 March start dates, respectively. Corresponding values for ATp4 were 22.5
and 21.9. Values for AAI were 5.0 and 5.1 for base case and 9.9 and 9.0 for ATp4.
Simulations starting on 1 March, but with no corrections for ice, predicted earlier onset of hypoxia and comparable (ATp4) or somewhat larger (base case) maximum values of daily hypoxic area (Figure 13). Dynamics
after the seasonal peak in hypoxic area were very similar to the other simulations. Values for AHI were 20.5
and 27.8 for base case and ATp4, while AAI was 9.7 and 13.9, considerably larger than values for the other
simulations.
The response of AHI and AAI to the ATp4 warming scenario was very similar in magnitude when comparing results with start dates of 21 April or 1 March and correction for ice; 6–7 for AHI and 4–5 for AAI.
Comparing 1 March base case with ice correction to 1 March ATp4 with no ice gave a much larger response;
12 for AHI and 9 for AAI. That is, a transition from a base case with ice present in early March to a warmer
scenario with no ice is predicted to generate much more hypoxia than expected from the linear response factors (Table 6) that apply when variations in ice are not a factor.
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Figure 9. Spatial distribution of the apparent oxygen depletion rates (HOD*; mg L day ) at any grid column in the central basin: (a) base case scenario; (b–g)
 is the basin‐wide mean HOD* (mean ± 95% conﬁdence interval) in the
air temperature modiﬁcation scenarios; and (h–m) wind speed is changed. HOD
central basin determined over the stratiﬁcation period.

4. Discussion
The simulated effects of altered air temperature and wind speed were largely as expected, with warmer temperatures and weaker winds exacerbating hypoxia and anoxia. The results supported previous ﬁndings that
variations of climatic air temperature are of comparable importance to changes in nutrient loads (Bocaniov
et al., 2016, 2017, 2019; Bocaniov & Scavia, 2016; Del Giudice et al., 2018). The model outcomes give the ﬁrst
evidence that changes in ice cover are an important state change that will likely amplify the otherwise linear
and proportional response of hypoxia to air temperature over the expected range of 21st century values. Even
without changes in ice cover, the equally important effects of wind and nutrient loads are likely to follow
nonlinear response functions and to be sensitive to the particular metric of hypoxia (or anoxia) selected.
The results give the ﬁrst process‐based demonstration that independent changes in air temperature and
wind speed rival phosphorus loading changes in terms of impact on hypoxia. While not a realistic
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Figure 10. Duration of hypoxia (day) in the central basin for (a) base case scenario, (b–g) air temperature is changed, and (h–m) wind speed is changed.

simulation of actual future ecosystem state, the model outcomes do have important implications for nutrient
load management to address the problem of hypoxia under future climatic conditions.
Accurate simulation of temperatures is very important in modeling hypoxia. Our model gave RMSE values
for epilimnion and hypolimnion that were close to, or in, the 0.8°C to 1.7°C range of other predictions for the
Great Lakes (Bocaniov & Scavia, 2016; Huang et al., 2010; Xue et al., 2015). The cited comparisons are for
predictions of lake‐wide average temperatures, which will always have less error than our site‐speciﬁc predictions, but even so the current model appears to perform well for surface and bottom layers. RMSE and
other error metrics were considerably worse for the metalimnion and especially so for the station in east
basin. Modeling the metalimnion in lakes using three‐dimensional hydrodynamic models is a difﬁcult problem (Bocaniov, Smith, et al., 2014). Errors in vertical mixing models, the numerics, and the effects of vertical motions associated with internal waves and other physical dynamics make it difﬁcult to capture the
structure of the metalimnion and to align predictions with available observations. The higher errors at the
east basin station in particular may be due to increased vertical motion of the metalimnion due to weaker
damping of seiches in the deeper eastern basin because of reduced damping of the bottom boundary layer.
Niu et al. (2015) provide, to the authors' knowledge, the only comparable vertically resolved temperature
simulations for Lake Erie. Their results showed temperature errors of 2°C or less in the surface layer but
6°C or larger in the metalimnion, somewhat worse than our model.
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Figure 11. Hypoxic water at Station C4 (Figure 1) for the wind speed modiﬁcation scenarios: WSm20 (a1, a2), WSm10 (b1, b2), WSm5 (c1, c2), base case—B
(d1, d2), WSp5 (e1, e2), WSp10 (f1, f2), and WSp20 (g1, g2). Left column (a1–g1): The black lines are calculated thermocline depths, and the blue lines are
the depths of the upper boundary of the hypolimnion. Subplots on the right (a2–g2) are zoom ins of the hypoxic region (shaded red) shown in the left
column plots.

In spite of the difﬁculty in modeling the thermal structure of the metalimnion our model does a reasonable
job in capturing water temperatures near the bottom in 2008 and for other years (see section 2.2). It has also
been shown to capture the length of the stratiﬁed period and hypolimnion thickness with acceptable accuracy (Liu et al., 2014). The temperatures within the metalimnion are of lesser importance to hypoxia as they
affect only a portion of the water column oxygen demand, itself a factor secondary to SOD. More accurate
modeling of the thermal structure of the metalimnion is highly desirable so that heat and oxygen vertical
transport can be captured better. We nonetheless conjecture that it would not make a signiﬁcant difference
to the predicted trends in hypoxia and anoxia that we have identiﬁed.
ELCD, with its many biogeochemical parameters, is an example of a highly underdetermined model (sensu
Rucinski et al., 2014) so it is hard to be sure that it is truly correct in its capture of the key processes and reliable for forecasting purposes. However, it did reproduce the spatial and temporal dynamics of DO concentration reasonably where comparisons were made, as described in section 3. It has been validated in previous
simulations of temperature, phytoplankton, and major nutrient concentrations for 2008 and other years in
Lake Erie (Bocaniov, Ullmann, et al., 2014; Bocaniov et al., 2016; Bocaniov & Scavia, 2016; Karatayev
et al., 2018; Leon et al., 2011; Liu et al., 2014) and in other lakes (e.g., Lake Simcoe, Schwalb et al., 2015).
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Figure 12. In the wind speed varying scenarios: (a) the volume mean hypolimnetic DO in the central basin; (b) the total
stratiﬁed area and the dashed line is 25% of the total area of the central basin as an indicator of basin stratiﬁcation;
(c) the total hypoxic area and the dashed line is 10% of the total area of the central basin as an indicator of basin hypoxia;
10 3
and (d) total hypoxic volume in the central basin and the dashed line is valued at 0.5 × 10 m .

The simulated hypoxic areas also compared reasonably well with recent work designed to overcome the
limitations of survey data in quantifying hypoxia dynamics (Zhou et al., 2013, 2015). Zhou et al. used
geospatial modeling to quantify hypoxic area for a range of years, including our simulation year, 2008.
They reported no hypoxia in early August, consistent with our model results. Their seasonally averaged
hypoxic area (August–September) had a median of 4.8 × 103 km2 (95% CI from 3.4 × 103 to
5.9 × 103 km2) compared to an area of 5.9 × 103 km2 for the same period from our model. For 12
September, Zhou et al. (2013) reported an area of 9.7 × 103 km2 (95% CI from 6.9 × 103 to 11.7 × 10 km2)
compared to 7.5 × 103 km2 from our model. The model thus made predictions that were within the
uncertainty range of estimates based on observational data. The similarity of results for either 21 April or
1 March start dates (with ice correction) suggested the results are not strongly dependent on the choice of
start date and initial conditions. Considering as well the validation of ELCD's DO simulations in Bocaniov
and Scavia (2016) and Bocaniov et al. (2016) it seems likely that the model can make useful predictions
for altered conditions of weather and nutrient loading.
The modest increases of hypolimnion thickness and temperature associated with warmer air temperature
scenarios (Liu et al., 2014) had little impact on HOD* rates, while the hypolimnetic temperatures and
DO concentrations at the beginning of stratiﬁcation did not vary appreciably. By contrast, pioneering
work by Blumberg and Di Toro (1990) suggested that hypolimnetic temperatures and HOD*
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Table 6
Response Factors for Effects of Changing Air Temperature (AT, Δ1°C), Wind Speed (WS, Δ1%), and Nutrient Load (NL, Δ1%) on Hypoxia and Anoxia in Central
Basin Lake Erie
−1

Hypoxia (DO < 2 mg L
Forcing
parameter
(change)
AT (1°C)

WS (1%)

NL (1%)

Max area

−1

) metrics

Anoxia (DO < 1 mg L

Indices

Max area

) metrics
Indices

Area
2
(km )

% change
RBS

AHI
3
2
(10 km )

AHF
(TBA)

% change
RBS

Area
2
(km )

% change
RBS

AAI
3
2
(10 km )

AAF
(TBA)

+495.3
p < 0.001
2
R = 0.986
a
−127.1
p = 0.007
2
R = 0.790
NA

+6.8

+33.0
p < 0.001
2
R = 0.998
a
−6.8
p = 0.01
2
R = 0.904
+2.98
p = 0.002
2
R = 0.977

+2.1
p < 0.001
2
R = 0.998
a
−0.4
p = 0.01
2
R = 0.906
+0.18
p = 0.002
2
R = 0.976

+13.7

+622.0
p < 0.001
2
R = 0.969
NA

+12.5

+17.5
p < 0.001
2
R = 0.990
−3.2
p < 0.001
2
R = 0.993
b
+1.26
p = 0.004
2
R = 0.956

+1.1
p < 0.001
2
R = 0.989
−0.2
p < 0.001
2
R = 0.993
b
+0.078
p = 0.004
2
R = 0.956

a

−2.4

NA

a

−3.6

+1.23

+63.2
p = 0.004
2
R = 0.958

NA

+1.27

% change
RBS
+21.6

−4.0
b

+1.75

Note. Response factors are given in the physical units of each metric and also as a percentage of metric values in the base case scenario (% change RBS), and apply
to the range of scenarios tested (Table 2) except as noted. TBA, total basin area; NA, not applicable; RBS, relative to the base scenario.
a
Response factors for range of WS −10% to +20% only. bResponse factors for range of NL −50% to +25% only.

could increase substantially under climate warming scenarios and would drive hypolimnetic DO
lower despite increased hypolimnion thickness. It is not easy to diagnose all the possible causes of
differences between a 1‐D model (Blumberg & Di Toro, 1990) and our 3‐D model. Wind changes were
not important in the earlier work and not likely to explain the difference in predictions. Both models
do include temperature‐dependent oxygen demand in the water column and the sediments, and both
predicted modest (roughly 1–2 m) shallowing of the thermocline. However, the current results foresee
much less hypolimnetic warming (about 0.4–0.8°C in the warmest scenario) than in the previous study
(as much as 3–4°C by end of simulation) for comparable amounts of air temperature increase. The
current predictions for hypolimnetic temperature trends are likely the more accurate (Blumberg & Di
Toro, 1990; Liu et al., 2014) and increase of temperature‐dependent respiration in the hypolimnion is
not likely important in air temperature effects on hypoxia.
Stratiﬁcation period did increase considerably with air temperature in our simulations (Liu et al., 2014) and
those of Blumberg and Di Toro (1990) and Bocaniov and Scavia (2016). It was the main factor driving the
increase of hypoxia. The impacts on hypoxia were consistent with modeling of sensitivity to elevated air temperatures in the Baltic Sea, where a simulated 2°C increase expanded the hypoxic area (Meier et al., 2018).
The results were also in line with the expanded hypoxic area in the “warm year” simulations of Lake Erie by
Bocaniov and Scavia (2016) and with the strong effect of air temperature in the retrospective, empirical,
model of Del Giudice et al. (2018). Our model predictions must be recognized as informed speculation
but, being based on simulation of the processes underlying hypoxia over a range of temperatures, they do
provide guidance on the expected form of response to new, future, conditions. They also clearly separate
temperature effects from possible covariates, which are always difﬁcult to exclude or control in empirical
studies. The results provide the ﬁrst quantitative response functions to relate hypoxia to future air temperatures for any aquatic ecosystem.
We hypothesized that not only area but also severity and potential impact of hypoxia would be increased by
higher air temperature. Several metrics revealed this to be the case in our simulations. AHI and AHF encompass both duration and spatial extent of hypoxia. Both showed even stronger responses to air temperature
than did the maximum hypoxic area, showing that the expected impacts (e.g., days of habitat unavailability)
are likely to increase more than expected from the more commonly cited hypoxic area. The expansion of
regions with extended (30+ days) of hypoxia into shallower and more peripheral areas as temperatures
increased (Figure 10) illustrated how the proportion of habitat, and biological populations, impacted by
low DO concentrations could increase. All metrics of anoxia, the most severe condition, responded even
more strongly to air temperature than did the hypoxic metrics. This was consistent with the observation
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Figure 13. Daily hypoxic areas in the central basin of Lake Erie for (a) base case and (b) ATp4 scenarios with open
triangles indicating simulations starting on 21 April (DOY = 112), open circles indicating simulations on 1 March
(DOY = 61) without accounting for the effects of ice on atmospheric forcing and open squares indicating simulations
starting on 1 March with atmospheric forcing conditions accounting for the moderating effects of ice
(see supporting information).

that the sensitivity to meteorology (“cool,” “warm,” and “normal”) in Lake Erie increased as the DO
threshold decreased from 4 down to 1 mg L−1 (Bocaniov & Scavia, 2016). Modeling of the Baltic Sea
(Meier et al., 2011) likewise indicated that warming climate in the 21st century would have more
pronounced effect on anoxic than hypoxic areas.
The results provided the ﬁrst predictions for any aquatic system of how hypoxia may respond across a range
of systematically altered wind velocity, and supported our expectation that weaker winds would exacerbate
hypoxia. Liu et al. (2014) showed that stronger winds would be predicted to cause an earlier deepening of the
thermocline and warmer hypolimnion temperatures. Such changes should cause higher HOD* due to elevated rates of temperature‐dependent respiration and, due to the thinner hypolimnion, a greater impact
of sediment oxygen demand (Bouffard et al., 2013; Rucinski et al., 2014). Predicted HOD* was indeed higher
in the stronger wind scenarios, consistent with the simulated effect of increased storm events on HOD* in
the Sandusky subbasin (Conroy et al., 2011), although the latter study experimented with simultaneous
change in wind and discharge from local tributaries, and not winds alone. The difference in HOD* across
the wind scenarios in this study was fairly small (about 0.01 mg L−1 day−1), as were the changes in hypolimnetic temperature (about 2°C; Liu et al., 2014). By comparison, season average water column oxygen
demand varied by about 0.09 mg L−1 day−1 among years between 1987 and 2005 in Lake Erie (Rucinski
et al., 2010). It was argued that most of that large interannual variation was related to variations in nutrient
loading and consequent biological oxygen demand (Rucinski et al., 2010). However, the more recent
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(1994–2005) time series (Figure 12 in Rucinski et al., 2010) showed a smaller interannual range of about
0.03 mg L−1 day−1, and wind effects appear more important on that smaller range of variation.
Increased winds caused later onset of stratiﬁcation, earlier deepening of the thermocline, and earlier ending
of stratiﬁcation in the central basin according to simulations (Liu et al., 2014), similar to the effect of
increased storm frequency in the Sandusky subbasin (Conroy et al., 2011). As opposed to the increases
of HOD*, these changes in thermal structure dynamics should act to diminish the extent and impact of
hypoxia. The predicted period of hypoxia was indeed shorter and the maximum hypoxic area smaller under
stronger winds, indicating that the diminished temporal and spatial presence of stratiﬁcation outweighed
the effects of elevated HOD* on hypoxic extent. Insofar as increased winds in themselves do little to accelerate biological oxygen demand beyond the modest increase of hypolimnetic temperature, these results
might be expected. They are nonetheless the ﬁrst clear quantiﬁcation of the net effect of wind speed on
metrics of hypoxia.
Just as for air temperature, metrics of hypoxia that quantify both spatial and temporal magnitude (AHI and
AHF) showed even stronger response to wind than did hypoxic areas. The relative change of AHI and AHF
was more than twice as large as for hypoxic area (Table 5). And again, similar to effects of air temperature,
effects of wind on all metrics of anoxia were far stronger than on their hypoxic counterparts. The relative
prevalence, and expected impact, of anoxia increased by 30% from base case to the weakest wind scenario,
judged by the hypoxic and anoxic indices. These predictions again seem to be a logical and perhaps unsurprising consequence of strong variations in the duration of thermal stratiﬁcation, but the magnitude of
response has not previously been quantiﬁed and isolated from other environmental factors.
The predicted effects of wind speed and air temperature on hypoxic and anoxic metrics were not symmetrical between increased and decreased scenarios and were not always proportional to changes in wind speed
or air temperature (Tables 5 and 6). The calmest wind scenario in particular failed to produce larger hypoxic
area, AHF or AHI compared to the second calmest, and its absolute effect was far less than for the strongest
wind scenario. The simulations ended before hypoxia did (Figure 12) but hypoxic area was decreasing steeply so this was not likely the only, or major, reason that the hypoxic metrics were relatively small for the
weakest wind scenario. Across the other wind scenarios, hypoxic metrics did give a highly signiﬁcant linear
response to wind speed variations (Table 6). Anoxic indices (AAI and AHF) had a signiﬁcant linear response
across the range of winds but anoxic area had a nonlinear response with less effect from weakening than
strengthening winds. This may imply that increased length of stratiﬁcation under weakening winds was
somewhat offset by increased hypolimnetic volume (shallower thermocline) and diminished HOD*. The
details of basin morphometry and their interaction with changing thermocline depth could also contribute
to nonproportional responses of hypoxia and anoxia to air and wind forcing. It may be somewhat surprising
that linear, proportional responses were as prevalent as they were across the scenarios.
An important aspect of the hypoxia problem is its potential spread into more nearshore areas (Bocaniov &
Scavia, 2016), where many public water intakes can be susceptible to harm by the development or advection
of hypoxic waters (Rowe et al., 2019). The present results show that higher temperatures and/or weaker
winds would bring more hypoxic conditions to the southwestern part of the central basin, where water for
over a million residents of Cleveland is taken (e.g., Figures 10e–10j). Results shown for 2016 and 2017 in
Rowe et al. (2019) depicted a broadly similar spatiotemporal pattern of hypoxia, although their results
showed an even more pronounced and early invasion of hypoxic water to shallow nearshore locations, especially in the southwest central basin. Water intakes have already been affected by the advection of hypoxic
waters in recent years (Ruberg et al., 2008). Hypoxic water in the nearshore will affect littoral habitat and can
be entrained in upwelling events, posing additional risk to ﬁsh and invertebrate populations (Rao et al., 2014).
Accurate predictions of nearshore hypoxia are thus important and may depend, in part, on better knowledge
of oxygen consuming processes in spatially variable littoral habitats. Those processes could include the activity, or decomposition, of dreissenid mussels and their associated biodeposits. While not abundant in the historically hypoxia‐prone parts of the central basin they form the dominant benthic biomass in many other
locations (Karatayev et al., 2018).
As for many hypoxic zones around the world, nutrient loading has been identiﬁed as an important driver of
hypoxia in Lake Erie, with P considered the key nutrient for this large freshwater ecosystem (Bertram, 1993;
Makarewicz & Bertram, 1991). The present results predicted that a 50% decrease of P loading relative to 2008
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values, close to the new 40% load reduction target recently adopted by the United States and Canada
(GLWQA, 2016), would decrease the maximum extent and impact (AAI and AAF) of anoxia by about 70%
and 93%, while maximum area and impact (AHI and AHF) of hypoxia would decrease by 39% and 89%,
respectively. A decrease of 75% of P loading would be predicted to essentially abolish hypoxia and anoxia
in 2008, an encouraging result considering the morphometric vulnerability of Lake Erie to hypoxia.
Hypoxic area showed an accelerating response as loads were reduced more than 25%, consistent with previous model predictions (e.g., Bocaniov et al., 2016) and indicating a high sensitivity of that metric to the precise amount of load reduction in the 25% or greater range. Other metrics had more linear responses, at least
down to −50% (AAI and AAF) or all the way to −75% (AHI, AHF, and anoxic area). For management purposes, the results provide some guidance on the degree of improvement that can be expected from load
reductions (e.g., close to direct proportionality for AHI and AHF) but such predictions must be taken cautiously. A key uncertainty is that biological oxygen demand in the lake will not equilibrate to altered external
nutrient loads in just one year (Bocaniov et al., 2016) and we cannot be sure that our compensation for this
reality is fully accurate. The impacts of load reductions must also be considered in the context of other,
simultaneous, environmental changes, as emphasized by Rucinski et al. (2014).
Rucinski et al. (2014) used a 1‐D hydrodynamic and water quality model together with DO concentrations
observed in Lake Erie from 1987 to 2005 to develop predictive relationships between external P loading
and metrics of hypoxia. A key conclusion was that SRP loading was more predictive of hypoxia than was
total phosphorus (TP) loading, but they also emphasized the importance of interannual variations in hydrometeorology. For example, the mean predicted hypoxic area roughly tripled (an increase of about
4 × 103 km2) as TP load quadrupled from 5 to 20 × 103 t, but the standard deviation deriving from interannual hydrometeorology variation was also about 4 × 103 km2 (e.g., their Figure 11). Variations of hydrometeorology had equal or greater effects as variations of loading did over the observation period. The
methodology in the present study is different, and it isolates only the air temperature and wind speed aspects
of hydrometeorology, but the conclusions are quite consistent as far as the importance of physical forcing is
concerned. The response factors derived here (Table 6) predict that it would require, for example, a 44%
reduction in P loading to offset the increased hypoxia (AHI and AHF) produced by a 4°C air temperature
increase, and a 39–55% load reduction to offset effects on anoxia (depending on metric). A decrease of
21% to 29% in P loading would be required to offset a 10% decrease in wind speed, depending on the DO
metric selected. Such loading reductions would in theory only restore DO to the base case conditions for
2008. A further reduction of total P loading of 46% may be necessary to restore DO to the ecosystem target
levels (Scavia et al., 2014), implying a need for extremely challenging reductions of 67% to remediate hypoxia
in the case of decreased winds or 90% in the case of elevated air temperatures.
The range of seasonal air temperatures and wind speeds simulated in the present study is within reasonable
projections for the 21st century or even shorter time scales. Air temperature increases of 4°C are within the
likely range for the 21st century in the Great Lakes region (Bush & Lemmen, 2019; Hayhoe et al., 2010; Moss
et al., 2008), and an increase of 1.7°C has already occurred for Canada from 1948 to 2016 (Bush &
Lemmen, 2019). Widespread declines in wind speed in the tropics and midlatitudes (McVicar et al., 2012;
Roderick et al., 2007), with an average annual rate of −0.014 m s−1 (McVicar et al., 2012), or
approximately 2.5% per decade, have been observed. The future for wind speed (Li et al., 2010) is less
certain than for air temperatures, and multidecade trends of both increasing and decreasing speeds of
approximately 5% per decade have been observed within the Great Lakes region (Desai et al., 2009; Huang
et al., 2012). While illustrating the uncertainties about trends in wind speeds and highlighting the need for
better predictive modeling of winds, such observations do show how much hydrometeorology can change
on annual and decadal scales.
Projections of anthropogenic climate change, including those for the LGL region (Hayhoe et al., 2010), often
include changes in both air temperatures and precipitation patterns that are likely to drive increased nutrient loading along with higher temperatures in many of the world's major hypoxic zones (e.g., Meier et
al., 2011, 2018), including Lake Erie (Rucinski et al., 2014). The current study gives only the independent,
ﬁrst‐order effects of loading, air temperature and wind speed and is not a realistic simulation of future ecosystem state but rather a demonstration that all three factors are of practical and comparable impact. It is
important to move forward with studies of the interactive effects of simultaneous variations in forcing.
Wind direction is also an important consideration (Beletsky et al., 2012; Bocaniov et al., 2017; Conroy
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et al., 2011) that could not be included here. The present results will have been inﬂuenced partly by our
choice of base case conditions, that is, 2008, despite that 2008 appeared representative of recent nutrient
and temperature conditions. Both 2007 and 2008 had nutrient loading that was near the recent target for
Lake Erie (i.e., 11,000 t of total P), and 2008 was also near the average TP loading for recent (1995–2014)
times (Bocaniov et al., 2016). Lake surface temperatures in 2008 were also close to average for recent years
(Bocaniov & Scavia, 2016). It would nonetheless be useful to conduct sensitivity analysis or simulations for
other years for comparison. It would be useful to investigate and test more of the mechanisms underpinning
the model's predictions, especially the internal P loading that has potential to amplify effects of change in
external nutrient loads under different climate scenarios (e.g., Nürnberg & LaZerte, 2016).
It is also important to pursue further modeling that would capture more of the effects of altered climate,
including the cumulative and year‐round effects. As a step in this direction, our simulations with an earlier
(1 March) start date suggested that the extent and duration of winter ice cover is important. Advancing the
start date to 1 March, and thus allowing the earlier heating that would be expected in a warmer climate,
had little effect on metrics of hypoxia or anoxia as long as we accounted for the presence of ice that was actually present on 1 March 2008. Stratiﬁcation and hypoxia set in well after 21 April and at similar times in both
cases. Simulation of events without any ice after 1 March predicted, by contrast, considerable increases in
anoxia and hypoxia. The extent of ice cover on Lake Erie varies greatly between years, with a near absence
(and lack of ice on 1 March) in recent warm winters such as 2012 according to both observation and modeling
(Fujisaki et al., 2013). The ice‐free 1 March simulation is therefore a glimpse of a likely future in which the
impact of air temperatures on oxygen in Lake Erie will be even greater than our response factors suggest.
There would be additional implications of diminished ice, including changes to mixing, circulation and nutrient distributions (Fujisaki et al., 2013), that are beyond the scope of the present work. There is clearly a need
for modeling of entire annual and, ideally, year‐over‐year dynamics. Fortunately, the potential for coupled
physical‐biogeochemical modeling that includes winter seasons is increasing (e.g., Oveisy et al., 2014).
Given the potential for future climate to worsen the DO conditions in the lake, it is also vital to pursue
research and action on P load reductions, which are not easy to achieve given the predominantly nonpoint
source origin of current loads (Scavia et al., 2014). Lake Erie is not unique in its vulnerability to hypoxia
under changing climate, and similar studies in other shallow lakes (e.g., Lake Winnipeg, Nürnberg &
LaZerte, 2016) and/or productive coastal embayments including the nearshore zones of marine systems
(e.g., Baltic Sea; Gulf of Mexico; Chesapeake Bay) with present or emerging DO problems would be highly
desirable.
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