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Background
Jordan Lake was initially named New Hope Lake under the original construction plan
in 1963, authorization after significant study by the Army Corps of Engineers following the
wake of a major hurricane which impacted North Carolina’s Cape Fear River Basin (Chatham
County, 2019). The lake’s construction began in 1967 by damming up the Haw River and
Deep River on the border of Chatham County (Chatham County, 2019). The construction of
Jordan Lake has provided conservation for fish and wildlife, flood control during inclement
weather conditions, and suitable drinking water for the triangle region (Chatham County,
2019). The New Hope Lake was renamed Jordan Lake after North Carolina Democratic
Senator B. Everett Jordan in 1973, who worked extensively in the agricultural and forestry
division and served in the senate from 1960 to 1966 (NCPedia, 2019).
Jordan lake is a very large and important water resource and drinking water source in
North Carolina, particularly in the triangle region. Many people in the triangle region
participate in activities on and in Jordan Lake, including swimming, boating, and fishing
(Town of Chapel Hill, 2018). The state park where the watershed lies is also home to one of
the largest populations of bald eagles on the east coast which effectively increased when the
second reservoir expansion was completed in the 1980s (NC Division of Parks and
Recreation, 2019). The lake currently expands over 46,768 acres of land and acts as a source
of drinking water for many counties including Chatham County, Orange County, Wake
County, City of Durham, and the towns of Cary, Apex, Holly Springs, and Morrisville
(Chatham County, 2018). This means that the Jordan Lake watershed supplies water to around
half a million people within the triangle region every single day (Town of Chapel Hill, 2018).
Although Jordan Lake supplies water to so many people, it has had issues with pollution
leading to eutrophication since its initial construction and the issue has only become more
severe with increased urbanization (NC DEQ, 2019). Eutrophication is a result of polluted
runoff, that includes nitrogen and phosphorus from urban and suburban developments, and
which leads to low quality bodies of water due to the lack of dissolved oxygen.
This study aims to identify landscape features and climatic conditions that lead to
elevated nutrient loading in developed areas of the Jordan Lake watershed. This will allow
environmental managers to focus limited resources towards mitigating nutrient loading.
Eutrophication
Eutrophication arises when a particular body of water builds up dissolved nutrients,
like nitrogen and phosphorus, that enhances the growth of aquatic plant life which usually
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leads to the depletion of dissolved oxygen within that body of water (Merriam-Webster).
When eutrophication occurs in places like Jordan Lake, it is caused from nutrients such as
nitrogen and phosphorus leaking into the body of water through pollution and runoff.
Nitrogen and phosphorus act as fertilizer to aquatic plant life and tend to lead to large algal
blooms (Soil Science Society of America, 2019). When the algal blooms begin to decompose,
microorganisms use up the majority of the oxygen in the water to feed on and break down the
blooms. This in turn impacts the entire body of water because there is not enough oxygen for
the rest of the aquatic animals and plants in the lake and they are suffocated. The factors that
have the largest impact on water eutrophication include nutrient enrichment, hydrodynamics,
environmental factors, microbial factors and biodiversity (Yang, 2008). Environmental factors
that can be considered to impact eutrophication include things like temperature, salinity,
carbon dioxide, and element balance.
Eutrophication in bodies of water is also correlated to cyanobacterial outbreaks which
have negative impacts on both aquatic animals and humans alike (Davis and Shaw, 2006).
Although not a vast collection of research is focused on cyanobacteria or harmful algal
blooms (HABs), it is still considered a danger to the health of people who drink the water and
aquatic life. One study done on Jordan Lake revealed that a variety of toxins due to HABs
were detected at 86% of the tested sites and during 44% of the sampling events between 2014
and 2016 (Wiltsie et al, 2018).
Impact of Urban Development
Urban development has a significant impact on nutrient loading and eutrophication in
nearby bodies of water. As cities continue to be built for the developing world, problems with
nutrient loading will become more severe (Maintone and Parr, 2002). Over the past 50 years,
the nutrient condition of many different bodies of water has heavily increased due to the
increased compilation and leakage of domestic wastes, increased loadings to collection
systems, and national increased agricultural development (Maintone and Parr, 2002). The
global population living in cities is expected to increase to 6 billion by 2045 (World Bank,
2019), meaning that if significant and consistent measures aren't taken to prevent nitrogen and
phosphorus runoff into nearby bodies of water, then eutrophication will continue to lower the
quality of our surface water and likely increase the cost of providing drinking water to urban
centers.
Despite knowledge that urban nutrient runoff significantly contributes to
eutrophication, finding solutions to prevent the runoff is difficult. Previous studies have
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created statistical models to predict how nutrients concentrate in certain areas in the United
States. These regression models were proven to be a reliable way of finding processes that
influenced the accumulation of nutrient concentrations in runoff from urban stormwater (May
and Sivakumar, 2009).

Figure 1. This figure shows Land Cover in the Haw River Watershed. Urban development can
be seen around Jordan Lake in the Chapel Hill-Carrboro, Durham, and Cary areas in the
eastern boundary of the watershed. Greensboro is the area in red along the western
boundary, and Burlington is the red urbanized area near the center.
Previous Studies
Previous studies have focused on generally identifying how the concentration of
nitrogen changed throughout North Carolina regions. One study conducted by Jamie
Smedsmo did this by using maps to track out how river patterns changed the nitrate
concentration. The source variables included in the mapping of this model were comprised of
developed areas, manure mass, NPDES point sources, septic sewer system density, and
wastewater treatment residual fields (Smedsmo, 2015). One literature review compared
similar studies that focused on identifying ways to limit nitrogen loading caused by urban
impacts (Bernhardt et al, 2008). Among other recommendations, Bernhardt and others discuss
the need for investing in better sanitary sewer structures and wastewater treatment plants
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(Bernhardt et al, 2008). This study also proposed new ideas for managing projects and
included a promotion of the use of the full water cycle that could increase water recycling.
The researchers in this study proposed these ideas in the hopes that developing nations could
avoid the pitfalls that developed nations have discovered now that many facilities are already
in place and do not take certain water systems to their advantage (Bernhardt et al, 2008).
Our study focused on creating a base flow model of total dissolved nitrogen (TDN)
loading based on land use, land cover, and infrastructure data from the Jordan Lake and Duke
Nutrient Studies (Bernhardt et al, 2008). This model was used to predict TDN load in the
OWASA service boundary. The model was then applied to watersheds in this area for two
reasons. The first was that they had similar land cover variables to the study sites. The second
was that the point-source pollution data was available for the Chapel Hill-Carrboro area. In
addition to the land use variables, some geological and hydrological data were also calculated.
This study produced a multivariate linear model that can predict base flow TDN loading in
NHD Plus watersheds from land use data.

Figure 2. This figure shows the Jordan Lake and Duke Nutrient Study sites in relation to the
Haw River watershed and the OWASA Service Boundary.
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Figure 3. This figure shows the NHD Plus watersheds in the OWASA Service Boundary to
which the model was applied. The blue town hall symbol is the UNC-CH campus.
Methods
NPDES Methods
There were three teams that were primarily responsible for creating the model for this
study. The first team titled “NPDES Team” mapped both private and public National
Pollution Discharge Elimination System (NPDES) permits within the OWASA boundary in
Geographic Information System (GIS) to identify the permit numbers of point sources. Using
these permit numbers, the NPDES Team pulled all the effluent data for these point sources
using the EPA’s ECHO facility search website. From there, the NPDES team downloaded the
data in a CSV file. Using R studio, the NPDES team isolated the total nitrogen data by
filtering out other parameters such as temperature, pH, conductivity and more. This data was
narrowed further by filtering out the nitrogen concentration data and ensuring that nitrogen
loading was the only parameter being used. The NPDES Team also simplified the data by
converting the timestamp and refining it to the units and time needed. This data was then used
to create multiple plots within R Studio to estimate the total nitrogen loading within the
OWASA area.
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GIS Methods
The second group, called the “GIS Team”, was provided data on the Haw River
Watershed that was collected from the Jordan Lake Nutrient Study funded by the NC
Collaboratory and the Duke Nutrient Study, that was led by Dr. Emily Bernhardt. This data
included a septic count shapefile, a road length shapefile, an impervious surface cover raster, a
land cover raster, stream rasters, a watershed boundary shapefile for NHD Plus watersheds
within the Haw River watershed, a shapefile for the OWASA boundary, and shapefiles for the
Nutrient Study sites. The GIS team created a stream buffer of 90 meters in each NHD Plus
watershed to represent areas of higher potential for nutrient removal. In order to create the
stream buffer, the team compared stream raster files which derived stream networks from the
number of upstream pixels from any point to a shapefile of Orange County streams and
selected the stream raster file which most closely overlapped the county file. These raster files
covered the entire study area and were used instead of the county shapefiles for mapping
consistency. The stream raster was then widened by a pixel on either side giving the buffer a
total width of ninety meters, and was turned into a polygon shapefile. This team then used the
ArcGIS Pro software to calculate data for the NHD Plus watersheds and the stream buffers in
each watershed including: road density, septic count and septic density, percent impervious
surface cover (ISC), percent forested cover, average slope, mean topographic wetness index
(TWI), and sewer system density. To calculate percent forest cover, the team used the land
cover raster file and reclassified areas of deciduous forest, evergreen forest, mixed forest, and
wooded wetland as forested area. Sewer system length was calculated by the team’s capstone
advisor, Joseph Delesantro, who had access to sewer system data.
It is also important to note that Digital Elevation Model (DEM) data was used to
calculate slope and TWI. This data was gathered from the USGS’s National Map Viewer
which provides access to base geospatial information to describe the landscape of the United
States and its territories. The 3DEP (3D Elevation Program) provided DEMs ranging from
1/9th arc second (approximately three meters) to one arc second (approximately 30 meters)
resolutions derived from bare-earth LiDAR points. 1/9th arc second resolution was chosen in
order to capture smaller structures like roads. DEM data that was downloaded from the USGS
National Map Viewer is on the geographic coordinate system North American,1983. Before
starting any analyses of the data, DEMs were reprojected into the projected coordinate system
UTM Zone 15N. The geographic coordinate system uses angles as units, where the UTM
projection uses meters as units. Angles caused analyses to become negative on metrics such as
Topographic Wetness Index (TWI) and slope. Switching to the UTM projection fixed this
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problem. Flow direction, flow accumulation, and slope maps were created using the DEMs
using ArcGIS tools. These were then used to calculate TWI using the formula 𝑙𝑙𝑙𝑙(𝛼𝛼/ 𝑡𝑡𝑡𝑡𝑡𝑡 𝑏𝑏),

where ɑ is the local upslope area draining through a certain point per unit contour length and
tan b is the local slope in radians.

Figure 4. This figure shows septic density in the OWASA NHD Plus watersheds. This is one of
the infrastructure variables calculated. Higher septic density is expected to be a predictor of
higher TDN loading.
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Figure 5. This figure shows percent forest cover in the OWASA NHD Plus watersheds. This is
one of the land cover variables calculated. Higher percent forest cover is expected to be a
predictor of lower TDN loading.

Modeling Methods
The goal of the third group, labeled the “modeling team”, was to construct a
multivariate linear model using R-script that described the relationship between several
variables that affect base flow TDN loads using the data collected from 30 sample sites within
the Jordan Lake watershed (R Core Team, 2019). Base flow was defined as .02 cubic meters
per second by the expert opinion of Joseph Delesantro. This model was applied to the
watersheds within the OWASA municipal boundary to estimate the total TDN load
contributed by non-point sources. Joseph Delasantro provided the team with grab samples for
30 sample sites, that were taken twice a week. This data included 33 variables, that included:
sample date, flow, TDN concentration, antecedent precipitation, impervious surface cover,
road density, and percent forest cover. TWI, slope, and buffer calculations were provided by
the GIS team for each sample site.
A covariance matrix was created from the variables mentioned above using the core
plot package in R-script (Figure 6). The covariance matrix shows how heavily two variables
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are correlated to one another. The results of this matrix helped determine the variables to use
as cross product predictors and what variables to use independently in the linear model.

Figure 6. This covariance plot shows the relationship between variables, where the red
represents a negative auto-correlation and the blue represents a positive auto-correlation.
Subsets were then created from the measured flow and TDN concentration of the
sample sites to examine base flows and remove obvious outliers that skew the data. It is
important to note that the septic, sewer, forest and mixed Land Use categories were unofficial
categories created by Joseph Delesantro based on these key landscape features. Load was
calculated from the flow and TDN concentration and was then normalized by the area of the
NHD Plus watershed in meters.
Next, they used a stepwise AIC (Akaike Information Criterion) selection to determine
which variables had the most significance or greatest effect on TDN loading in the linear
model. The AIC selection was run both forwards and backwards to return a linear model of
select variables that had the strongest relationship to TDN load. The higher the AIC value of a
variable in the selection, the higher the effect on TDN. The linear model with the largest R^2
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from the AIC selection was further refined by evaluating the coefficients of each variable to
ensure the model did not include false indicators. Limited post processing was performed on
the model results to set a prediction floor at 0. This shifts all negative predictions from the
model to 0.
Results
Figures 7 and 8 display the overall NPDES TDN loading in the OWASA Service
boundary from November 2014 to September 2019. Of all the point sources Mason Farm
Road, a major Wastewater Treatment Plant (WWTP), was the only source that displayed
nitrogen loading effluent data. There are two other public NPDES permits the UNC
Cogeneration Facility and Jones Ferry Road Water Treatment plant which are not required to
list nitrogen effluent data. All private NPDES permits also did not report nitrogen loading
effluent data; we concluded that these point sources were negligible in comparison to the
nitrogen loading data collected for Mason Farm Road. There is no interannual trend across
this time period for nitrogen loading. Furthermore, the nitrogen loading data did not show
significant decreasing or increasing over a five-year period, but showed consistent seasonal
fluctuations leading to the creation of Figure 8. The point source month with the highest
TDNL was February, at 6857.2 kg, and July was the month with the lowest TDNL at 2893.43
kg.

Figure 7. A scatter plot of Monthly TDN Loading from NPDES sources spanning from
November 2014 to September 2019. There is no evidence of an interannual trend in loading
(kg/month) though there is evidence of a seasonal pattern.
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Figure 8. Monthly Averages and Variability from 2014 to 2019 in NPDES point source TDN
Loading (kg/month) for the OWASA area. A clear seasonal trend with a winter bias for higher
loading values is present. The long whiskers in November may be explained by the high
variability in the onset of winter in the piedmont area.
The final model achieved an R2 of 0.65 and had a P-value < 2.2e-16. It included 15
individual variables and 7 cross products which consumed 31 degrees of freedom from 880
sample points (figure 10).

Figure 9. Residuals Vs. Fitted Values plot for the final TDN Load Model. Observe the model
floor at 0 on the X-axis, applied to prevent the model from predicting negative loads. Note the
bias of negative residuals, indicating an underestimation of TDN load by the model.
The residual plot (Figure 9) shows many points less than zero. This means that the
actual TDN loading values in the Jordan Lake Nutrient Study were higher than the model’s
predicted values. This indicates that the model generally underestimates TDN load.
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The residuals plot has two other interesting features. There wall at x = 0 from the floor applied
on the model output and there is a limit on the residuals as you move along the x-axis. We
suspect that this is the detection limit of the instrument used to measure TDN concentration.

Figure 10. TDN Load Linear Model Coefficient Values. This graph shows the significant
coefficient values that visualize the relative effect various variables and cross products have
on base flow TDN load measured in milligrams per second meter^2. The values range from 1.20E-05 to 1.20E-05 and skew either left or right to represent a negative or positive effect on
TDN loading.
Figure 10 indicates that continuous day and the slope of the watershed had the
strongest positive effect on load with coefficient values of 1.20E-05 and 6.25E-06,
respectively. The area of the buffer had the strongest negative effect on load with a value of 9.35E-06.
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Figure 11. This map displays Predicted Annual Average Nitrogen Loading (in kilograms per
year per square kilometers) for each watershed within the Chapel Hill OWASA Service
Boundary. The blue town hall symbol is the UNC Chapel Hill campus. The UNC campus
contains notably more pervious surface and green space compared to the surrounding urban
area leading to the lower predicted TDN loading.
After the peak point source TDN load in February (figure 8), the kilograms of TDN
load per month steadily decreased until July. After the month of July, the kilogram of TDN
load per month steadily increased until February, with the exception of December where it
experienced approximately a 1000 kg decrease in TDN load. The water treatment plants have
lower microbial activity in the winter because of the cooler temperatures, therefore there is a
higher TDN load during these months. In the summer months, there is less TDN loading in
the water because the microbial activity is higher due to warmer temperatures. Because there
were only 5 years’ worth of data to complete this study, the decrease in TDN loading in
December is seen as an inconclusive anomaly.
The month of May had the highest average nonpoint source TDN load, at 1482.3
kg/mo, and February was the month with the lowest average TDN load at 868.3 kg/mo. The
maximum TDN load for point and nonpoint sources combined was 7725.55 kg/mo in the
month of February and the minimum TDN load was 2893.43 kg/mo in the month of July.
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Discussion
This attempt to model TDN loading for base flow resulted in under prediction of total
TDN load from non-point sources expected based on sampling data collected during the
Jordan Lake Nutrient Study. The reasons for this underprediction include difficulty in
isolating the effects of land-use variables, limited nutrient study data and land use bias within
the data set, the omission of nitrogen deposition in the model. and the absence of land use
variables that incorporate some nitrogen sources including atmospheric deposition,
fertilization, and agriculture. Using land-use variables to model non-point source nutrient
runoff met significant challenges due to the complex relationships within landscapes.
Although the results conform to the understood relationships between land-use and nutrient
runoff these land use variables were insufficient to precisely predict TDN load.
A general pattern can be observed within the study region. The middle of the study
boundary, which coincide with less forest cover, higher sanitary sewer density, and more
impervious surface cover (with the exception of the UNC Chapel Hill Campus), tend to have
higher predicted TDN loading while forested areas, especially the north-west and southwest
corners of the OWASA boundary, tend to have lower predicted TDN loading. This is in line
with expectation. Similarly, seasonal time or Julian day was an important predictor of TND
loading, represented by the variable “Continuousday”. This seasonal influence mostly
accounts for temperature flux over the year which is positively related to microbial activity;
higher microbial activity spurred by the summer heat results in greater denitrification both in
the environment and at waste water treatment facilities. Slope of the watershed, which dictates
the velocity by which runoff travels, was an important variable that positively affected the
predicted TDN load. As water moves faster down a steeper slope, there is less time or
opportunity for denitrification. For this reason, slope is a significant indicator of the TDN load
from a watershed. Notably, the area of the buffer has the largest negative coefficient. It is well
known that the buffer area of a stream is important in protecting water quality, but for the
purpose of this model all streams are buffered by the same distance. Thus, the area of the
buffer in a particular watershed captures some other characteristic of the river. A large buffer
area in a watershed suggests a more dendritic stream network. Dendritic streams are slower,
allowing more time for denitrification to occur.
We expected to see a stronger pattern between septic density and higher predicted
TDN loading knowing septic systems are a source of nitrogen. However, septic system counts
tend to be higher in less developed areas with higher forest cover which would thereby reduce
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TDN loads in the watershed. This is evident in figure 5, the covariance plot, where a positive
relationship between the variables is observed. Because of these relationships, the empirical
model was unable to isolate the effects of forest cover from septic density. A similar challenge
was faced with impervious surface cover and road density, which were omitted from the
model. They had high covariance to one another and strong inverse relationship with forest
density. Thus, their effect in the model was negligible though both would affect non-point
source TDN load from a watershed. Our inability to isolate the effects of these variable is a
leading cause of the under prediction of TDN load from the rural watersheds. This is a
significant concern for those looking use land-use as a proxy for non-point source runoff.
Even with the relatively fine study scale of NHD plus watersheds different land-use effects
could not be separate enough to explain TDN loading.
A wider study area and a longer sample period may allow researches to isolate the
effects of these separate variables. Only 8 of the 31 study watersheds were identified as septic
land use while 20 were identified as sanitary sewer, 2 as forested and 1 as mixed. This lack of
septic and forest sample sites limited the model’s ability to separate the effects of septic land
use from forest cover, road density, and impervious surface. Additionally, at the time of
writing, only 18 months of samples were collected, and samples which had exceeded the 2.5
mg/L detection limit of the monitoring equipment had not been reanalyzed. Thus, some
months had 4 associate samples, while others had two, and the data set was skewed lower than
field conditions. Lacking complete seasonal data and skewed sampling data lower the model
was further restricted in its ability to separate the effects of septic land use from other
variables.
Further explanation for the underestimation of load is the unaccounted effects of
nitrogen deposition, fertilizer run off, and micro agriculture which were not represented in our
land use variables. While these sources of nitrogen are accounted for in our overall load
estimation and sampling data it is not possible to isolate their effect from the other variables in
the model. There is a significant source of atmospheric nitrogen in the study area, the UNC
cogeneration facility. The depositions of emissions from this faculty are not accounted for in
any land-use variables, and a variable describing the rates of nitrogen deposition was
determined to be outside the scope of this analysis. This leaves the effects of nitrogen
deposition unaccounted for. Fertilizer run off, another significant contributor to nutrient
pollution, is not addressed in any land-use variable either. Athletic facilities, country clubs,
and golf courses are all present in the study area, and all use fertilizer in quantities which
would increase the nutrient pollution in a particular watershed. These land-uses typically have
16

a greater forested area as well, and without the land-use variable to capture the effect of
fertilizer, the nutrient load is underestimated. Lastly, there is no agricultural land-use variable
in this model. This was intentional, as the study area was restricted to exclude commercial
agriculture and focus on the effects urban-suburban land-use on runoff. However, there is still
garden scale cultivation within the study area which would increase the nutrient runoff. These
areas are likely be more forested which leads to the models underprediction of TDN loading.
Creating variables to capture these land-uses would be an enormous challenge due to their
fine geographic scale, temporal fluctuations and cofounding with other variables; another
difficulty in developing land-use based model.
Overall non-point source loading was lower than expected. We did not anticipate the
point source loading to be significantly higher than the non-point sources. As stated
previously, this model only constitutes base flow events. Base flow events only account for 40
to 60 percent of loading as measured by the Jordan Lake Study for this area. As such, the nonpoint source loading displayed in Figure 11 is an underestimation of total loading. However,
if the non-point source TDN loading estimate was increased by 40 to 60 percent of the point
sources would still contribute a greater proportion of the total TDN load in the watersheds of
the OWASA service boundary.
Recommendation/Conclusion
The results from this study provide some understanding of how TDN load is
distributed in the OWASA service boundary and how different land-uses influence loading.
“Continousday” representing seasonal trends, slope, and amount buffer area were identified as
significant variables impacting TDN loading. NHD plus watersheds with high intensity urban
land-uses, marked by the presence of sanitary sewer service, contributed greater non-point
loading then areas with of low-intensity development, identified by high forested area.
Though the model was unable to assess an accurate level of loading from non-point sources, it
was determined that point sources are still the greater contributor to nitrogen load in this
portion of the Haw River Watershed. Knowing the factors that are significant to
eutrophication allows us to better target elements of land-use within the watershed to address
the impacts of TDN loading with limited time and money currently available to develop
solutions to decrease TDN loading. These results suggest that efforts should be taken to
reduce nutrient loading from non-point and point sources, as both are major sources of
regional nutrient loading and worthy further investigation.
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Seasonality, represented by continuous day, has the strongest positive effect on TDN
load from both point and non-point sources based on our results. Solutions to address both
non-point and point source loading should take a seasonal approach, and enforce more
stringent reduction measures during the winter and fall, when denitrification is lower. Slope,
which also had a strong positive effect on TDN load, will be difficult to address through direct
regulation. Opportunities to preserve high slope areas with pervious surface and forest cover
should be sought. In areas of moderate to steep slope that are already developed, or in the
process of development, care should be taken to place ground cover plants down slope to
reduce run off velocity and increase opportunities for denitrification. Lastly, the amount of
stream buffer area in a watershed had the greatest negative effect on TDN load in the model.
This represents a more dendric stream, which in turn means lower stream velocity and more
time for denitrification. Developments should take care not to channelize existing water
features and their storm water infrastructure, to reduce the velocity of water leaving the site.
Due to the complex nature of land-use influence on nutrient runoff and the challenges
in collecting comprehensive data, study of nutrient pollution should continue in the region and
state. Further attempts to model non-point source nutrient pollution should seek more data
points, spatially and temporally, to accurately capture the affects of different land-uses on
nutrient pollution. Robust monitoring and efficient reporting of nutrients in effluent discharge
should be required of the UNC cogeneration facility, the Jones Ferry Rd Water Treatment
Plant, and medium to large private NDPES permit holders, regardless of perceived risk from
such releases, to further our understanding of the role wastewater can play in the environment.
Continued research will yield better models, and a clearer understanding of the sources of
nutrient pollution in the Jordan Lake Reservoir Watershed, but policy efforts to address such
pollution should not be delayed on this account. Nutrient rules should be instated immediately
to address the eutrophication of Jordan Lake, and they should be tailored as new evidence
emerges to reduces pollution in an efficient and cost-effective process to make Jordan Lake
fishable and swimmable for the residents of the triangle region.
Definitions
● AIC (Akaike Information Criterion): compares the quality of a set of statistical models
to each other. For example, you might be interested in what variables contribute to low
socioeconomic status and how the variables contribute to that status (Statistics How
To)
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● Cross Products - a vector c whose length is the product of the lengths of two vectors a
and b and the sine of their included angle, whose direction is perpendicular to their
plane, and whose direction is that in which a right-handed screw rotated from a
towards b along axis c would move (Merriam-Webster).
● Cyanobacteria - any of a major group (Cyanobacteria) of photosynthetic bacteria that
are single-celled but often form colonies in the form of filaments, sheets, or spheres
and are found in diverse environments (such as salt and freshwater, soils, and on
rocks) (Merriam-Webster).
● Eutrophication - the process by which a body of water becomes enriched in dissolved
nutrients (such as phosphates) that stimulate the growth of aquatic plant life usually
resulting in the depletion of dissolved oxygen (Merriam-Webster).
● Nutrient enrichment - Eutrophication
● Hydrodynamics - a branch of physics that deals with the motion of fluids and the
forces acting on solid bodies immersed in fluids and in motion relative to them
(Merriam-Webster)
● Model of Best Fit - refers to a line through a scatter plot of data points that best
expresses the relationship between those points (Investopedia).
● TWI - the Topographic Wetness Index is computed from digital elevation models
(DEMs) and is used to forecast the amount of moisture in the soil (Hojati, M., &
Mokarram, M.). TWI is an indicator that measures the potential on where water tends
to accumulate. Higher TWI values indicate high potential of water accumulation due
to low slope.
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