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Linking chloride dynamics in Lake Wingra with climate variability 

Elizabeth Emch 

Abstract 

Salt pollution has become prominent over the past 80 years in freshwater ecosystems 

across the Midwest United States. This study focuses on chloride dynamics in Lake Wingra, a 

eutrophic, urban, small, and shallow lake in Dane County, Wisconsin. Due to Lake Wingra’s 

size, it responds rapidly to changes in chloride loading. Since the 1940’s, chloride 

concentrations have risen 30-fold. Climate drivers such as precipitation play a role in chloride 

transport. It is crucial to investigate and distinguish human impacts from natural variability in 

chloride concentrations. Using a dynamic model, this study integrates historical data on 

precipitation, road salt application, and chloride concentrations with projected future scenarios 

of reduced road salt application. This model additionally simulates chloride accumulation in 

Lake Wingra from 1962 to 2024 and analyzes trends under different climate and road salt 

application scenarios. Results from this model provide insights into the long-term consequences 

of road salt use, as well as the potential for sustainable management practices to preserve 

water quality in freshwater systems outside of Lake Wingra. Understanding the interplay of 

climate and human decision making will allow us to assess the impacts of the strategies 

implemented and guide future advocacy efforts to protect, maintain, and further emphasize the 

importance of healthy freshwater ecosystems. 
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Introduction 

 Freshwater makes up less than 3% of all the water on this planet and of this amount, 

only 0.26% is found in lakes (Shiklomanov, 1993). Freshwater lakes are important resources 

because they provide habitat for aquatic life, are culturally significant, can be a source of 

drinking water, and provide a variety of ecosystem services. Salinity, or the concentration of 

dissolved inorganic solids in water, is a water quality parameter that can negatively affect 

freshwater ecosystems. Salinity is measured as the sum of total ions in water, of which the 

major cations (Ca, Mg, Na, K) and major anions (HCO3, Cl, SO4) make up the majority of mass  

(Dugan, 2024). Salinization, as a water quality impairment, refers to increasing salinity in water 

bodies. Salinization is often detected by an increase in chloride (Kaushal et al., 2005). Chloride 

is singled out amongst the major ions because changes in chloride are often ascribed to 

anthropogenic factors. Outside of coastal areas, the natural concentrations of chloride in 

freshwater reflect the geologic composition of the underlying bedrock. The planet’s  surface 

water ranges from 1 to more than 280,000 mg/L of natural chloride concentrations (Feth, 1981). 

In the Midwestern region of the United States, there are very low natural concentrations of 

chloride due to predominantly sandstone and dolomite geology. Specifically, background 

Wisconsin chloride concentrations in lakes averaged 1.44 mg/L from 1900-1943 (Birge & Juday, 

2022). In addition to monitoring chloride, salinity is also monitored through the measurement of 

electrical conductivity, where the mass of charged ions in the water are proportional to water's 

ability to conduct electric current.  

Long-term salinization in freshwater systems threatens aquatic life, aquatic structure, 

and overall ecosystem functions (Findlay & Kelly, 2011). The accumulation of anthropogenic 

salts impacts lake physics by increasing density gradients in the water column (Ladwig et al., 

2023). This leads to delayed, diminished, or disrupted lake mixing, which can negatively impact 

benthic organisms (Ladwig et al., 2023). There is a range of sensitivity to chloride which can 

impact species diversity, growth, and reproduction (Greco et al., 2023). Freshwater salinization 

poses a significant threat to ecosystem services such as impairing drinking water quality 

(Kaushal et al., 2018). Higher chloride concentrations can increase water corrosivity, leading to 

leaching of metals from pipes in water supply infrastructure, which can compromise human 

health and safety (Stets et al., 2018). Additionally, freshwater salinization can corrode human 

dominated landscapes, including roads and vehicles, where deicers are commonly applied 

(Koch et al., 2002). Besides infrastructure impacts, salinization increases the speed of 

weathering and alters soil cation properties (Kaushal et al., 2018). 

https://www.zotero.org/google-docs/?pNOI3e
https://www.zotero.org/google-docs/?kZx1UA
https://www.zotero.org/google-docs/?3SIV9g
https://www.zotero.org/google-docs/?3SIV9g
https://www.zotero.org/google-docs/?3SIV9g
https://www.zotero.org/google-docs/?3SIV9g
https://www.zotero.org/google-docs/?5Rdyzt
https://www.zotero.org/google-docs/?V2H3rR
https://www.zotero.org/google-docs/?V2H3rR
https://www.zotero.org/google-docs/?3ODRcc
https://www.zotero.org/google-docs/?kBmtEd
https://www.zotero.org/google-docs/?Sv5IwY
https://www.zotero.org/google-docs/?ETDWR5
https://www.zotero.org/google-docs/?QvI76z
https://www.zotero.org/google-docs/?nqr6xV
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 Salinization can occur naturally through geological and climate factors. Climate is a 

primary control on ion concentrations and impacts water budgets of lakes via precipitation, 

surface evaporation, and groundwater flow on seasonal bases (Fritz, 2013). With the climate 

changing, more irregular precipitation events and rising temperatures may increase the 

variability of ion concentrations (Kaushal et al., 2023). Changes in precipitation can either 

increase or decrease lake water salinity depending on the seasonality and degree to which the 

water enters the lake (Pham et al., 2008). During periods of high precipitation, conductivity and 

ion concentrations generally decrease due to dilution (Bennett et al., 2007). Periods of drought 

can lead to increased conductivity and ion concentrations as evaporative losses concentrate 

ions in the remaining lake water without altering the total ion mass; however, external inputs 

such as precipitation or runoff are necessary to add or remove ions from the water body 

(Bennett et al., 2007).  

 Anthropogenic inputs also lead to salinization of freshwaters. Road deicers, effluent from 

water softeners, and agricultural fertilizers like potassium chloride are common forms of 

anthropogenic salt sources in lakes (Laceby et al., 2019). Road deicing is the leading cause of 

widespread salinization in lakes, rivers, wetlands, and groundwater in Wisconsin (Dugan & 

Arnott, 2023). In the United States, the use of road salt started around the 1930’s and soared 

after World War II, doubling every five years during the 1950s and 1960s (Kaushal et al., 2021). 

As urbanization increases, road salt application increases (Dugan, Bartlett, et al., 2017). Road 

salt is spread on impervious surfaces like highways, parking lots, driveways, and other paved 

surfaces. Urban waterbodies experience higher average salt concentrations due to their high 

percentage of impervious surfaces in their watersheds (Kinsman-Costello, 2023). Rural water 

bodies, despite having fewer impervious surfaces, remain at risk for gradual, long-term 

salinization due to road salt applications, agricultural fertilizers, and the influence of groundwater 

inputs on lake water budgets (Dugan & Rock, 2023). 

 Once applied to pavement, road salt dissolves and is carried into freshwater systems 

through runoff and leaching, with peak chloride inputs typically occurring during late winter and 

early spring from snowmelt (Dugan, Bartlett, et al., 2017). In recent years, efforts to reduce road 

salt use have included shifting from solid rock salt application to liquid brine or pre-wetted salt, a 

method that can reduce the amount of salt used by over 23.8% (Claros et al., 2023). Agencies 

such as the United States Environmental Protection Agency (EPA) and the United Nations (UN) 

have also taken measures to identify salinity in freshwater as harmful. The EPA set an aquatic 

chronic threshold for chloride (>230 mg/L), which is the level of exposure that will cause harm to 

https://www.zotero.org/google-docs/?qNk6TH
https://www.zotero.org/google-docs/?tEO9v3
https://www.zotero.org/google-docs/?mMMFSU
https://www.zotero.org/google-docs/?9Jg7A0
https://www.zotero.org/google-docs/?1WujKT
https://www.zotero.org/google-docs/?4HuLTD
https://www.zotero.org/google-docs/?3xjUa2
https://www.zotero.org/google-docs/?3xjUa2
https://www.zotero.org/google-docs/?nGu9RO
https://www.zotero.org/google-docs/?iWPTvP
https://www.zotero.org/google-docs/?dB5Uzv
https://www.zotero.org/google-docs/?Ovzdht
https://www.zotero.org/google-docs/?Lskju9
https://www.zotero.org/google-docs/?1G2FJV
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aquatic organisms if surpassed (Dugan, Bartlett, et al., 2017). The UN established Sustainable 

Development Goals (SDG), with one of them being UN SDG goal 6: ensuring availability and 

management of water for all. Within this, Indicator 6.3.2 emphasizes the need to manage 

desalination for good ambient water quality (Kelly et al., 2023). Surpassing these critical 

thresholds in freshwater systems can lead to negative repercussions, from impaired aquatic 

ecosystems to broader public health concerns.  

Given the co-occurence of natural and anthropogenic drivers on freshwater salinization, 

we can study a single lake to understand the coupling of these forces. Lake Wingra is a small, 

shallow, and eutrophic lake, situated in a region where lake chloride concentrations have been 

steadily increasing since the 1940s (Figure 1). Due to its size and urban watershed (75% urban 

and 25% forested), Lake Wingra experiences the highest chloride concentrations amongst the 

lakes in Madison, WI, reaching 100 mg/L in 2024 (Figure 1). The water budget, which was 

measured annually from January 1972 to September 1977, is approximately 31% precipitation, 

34% surface runoff, and 35% groundwater inflow in Lake Wingra (Novitzki & Holmstrom, 1979). 

Included in the groundwater inflow is springflow, which plays a crucial role in the lake’s 

hydrology. As a spring fed lake, Lake Wingra has the greatest number of springs among the 

Madison lakes (Brown, 1927). These springs are spiritually significant to the Ho-Chunk Nation, 

as they supported many indigenous tribes (Brown, 1927). Originally starting with 48 springs, 

there are only 14 springs that remain, and eight are regularly monitored by various stakeholders 

and citizen science projects. The loss of these springs is primarily due to decreased infiltration 

caused by increased impervious surfaces and groundwater pumping in the lake’s urban 

environment, with storm sewer runoff replacing many natural flows (Noland 1951). Groundwater 

is a significant part of Lake Wingra’s water budget and any changes in its quality can have 

lasting impacts on the lake’s ecosystem. Lake Wingra is connected to a shallow unconfined 

groundwater aquifer underlying the watershed (Oakes et al., 1975). This aquifer is characterized 

by low recharge and slow flow rates (Arnold et al., 2000). Elevated chloride concentrations in 

Lake Wingra’s aquifer can lead to year-round chloride inputs to the lake through groundwater, 

potentially slowing the lake’s recovery after reductions in road salt applications occur 

(Kamarainen 2009). Groundwater entering Lake Wingra is estimated to take 20 to 40 years to 

travel through the aquifer (Kamarainen 2009). Additionally, municipal groundwater use and 

drawdown have reduced groundwater inputs to the lakes by as much as 46% (Lathrop 2005).  

As a lake within an urban watershed, Lake Wingra receives significant amounts of 

nutrient-rich stormwater runoff from the surrounding landscape (Figure 2). This highlights the 

https://www.zotero.org/google-docs/?dF8LPZ
https://www.zotero.org/google-docs/?HohaEP
https://www.zotero.org/google-docs/?5Aa7Si
https://www.zotero.org/google-docs/?xkqm3L
https://www.zotero.org/google-docs/?gNNOJl
https://www.zotero.org/google-docs/?R2e0zz
https://www.zotero.org/google-docs/?uKwbRz
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need for effective watershed management to maintain healthy lake use. There is a rich 

monitoring record of chloride concentrations in Lake Wingra from the Wisconsin Department of 

Natural Resources, City of Madison (COM), Public Health Madison & Dane County (PHMDC), 

and the North Temperate Lakes Long-Term Ecological Research (NTL-LTER). In 2015, Friends 

of Lake Wingra (FOLW), a local advocacy group, created a Lake Wingra Watershed 

Management Plan that proposed aims and goals to decrease chloride concentrations in the 

lake. One of the plan’s key targets was to decrease chloride concentrations to 40 mg/L by 2030. 

To achieve this, the plan proposed management measures, including the implementation of a 

certification program for commercial applicators, the establishment of maximum city salt 

guidelines, reducing the number of applications per snow event, and limiting salt route mileage. 

Since the plan’s release, the City of Madison has begun taking action, including reducing road 

salt routes for the 2023-2024 winter by 6% (City of Madison, 2023). It remains unclear how 

many other strategies have been fully implemented and what progress has been made toward 

meeting the goal of reducing chloride concentrations. Long-term monitoring of the lake is 

required to evaluate the effectiveness of remediation measures over time. 

Despite chloride concentrations increasing in many lakes, few studies have examined 

the interplay between road salt application and precipitation within a single lake system. 

Generally, chloride concentrations in lakes are variable over time due to the combined effects of 

chloride loading and climate drivers within the watershed. Road salt, widely used to maintain 

safe winter road conditions, is the dominant source of chloride in urban areas like Madison, 

where it accumulates in lake systems through runoff and urban drainage systems 

(Radosavljevic et al., 2024). Simultaneously, climate drivers such as precipitation play a crucial 

role in how and when chloride is transported to or diluted in lakes (Oswald et al., 2023). By 

examining and understanding these interactions within a single lake system, we gain insight into 

chloride variability influenced by both climate and human activities, laying the foundation for 

more targeted and effective environmental management practices aimed at reducing road salt 

accumulation in urban lakes. 

In this study, I investigate the interactions of road salt application and precipitation by 

using a dynamic model to simulate chloride accumulation in Lake Wingra from 1962 to 2024. I 

am also interested in predicting future chloride concentrations to understand the scale of road 

salt reduction necessary to meet environmental management goals. I aim to explore how 1) 
precipitation is driving variability of chloride concentrations in Lake Wingra and 2) do 
chloride concentrations change with management practices? I hypothesize that annual 

https://www.zotero.org/google-docs/?zrUaHu
https://www.zotero.org/google-docs/?zrUaHu
https://www.zotero.org/google-docs/?zrUaHu
https://www.zotero.org/google-docs/?zrUaHu
https://www.zotero.org/google-docs/?CV4JA2
https://www.zotero.org/google-docs/?OEmv34
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chloride concentrations in Lake Wingra are influenced by the interaction of extreme precipitation 

events and road salt application rates. High precipitation years will dilute chloride 

concentrations, and show temporary declines in chloride concentration. High snowfall years will 

result in chloride concentration spikes. Low precipitation years will also result in higher chloride 

concentrations, but low snow years will have little impact on chloride concentrations. 

 

Methods 

Study Site 

 Lake Wingra (43.0537, -89.4197) is a small (137 hectare), shallow (4 meters) springfed 

lake adjacent to the Yahara Chain of Lakes in Dane County, Wisconsin (Figure 2). The Lake 

Wingra watershed covers 2056 hectares, with 75% urban land use, and the remaining 25% 

consisting of forested areas, due to the presence of the University of Wisconsin-Madison 

Arboretum (Watson et al., 1979). This lake was chosen for this study because of its urban 

watershed and extensive history of chloride research. The water budget for Lake Wingra is 

approximately 31% precipitation, 34% surface runoff, and 35% groundwater inflow (Novitzki & 

Holmstrom, 1979). The majority of the output is through Wingra Creek, followed by groundwater 

seepage, with a residence time of approximately 0.44 years (Seyb & Randolph, 1977). This 

region’s climate plays a significant role in Lake Wingra’s hydrological processes, with annual 

precipitation ranging between 0.13 and 1.24 meters (Figure 3a). Given Lake Wingra’s short 

residence time, seasonal fluctuations of precipitation influence surface runoff chloride transport 

and contribute to dynamic chloride changes within the lake. 

Data Sources and Preparation 

Historical chloride data from Lake Wingra were obtained from Public Health Madison & 

Dane County (PHMDC) (Figure 5a). Chloride samples are taken monthly, covering seasons and 

mixing events. These samples are measured 0.3-0.6 meters deep just below the Wingra Dam. 

Water samples are run using an ion chromatograph following the U.S. EPA Method 300.00 

protocol to determine accurate chloride readings (Pfaff, 1996). Summer mean chloride 

concentrations were calculated using data from the months of June through September (Figure 

5c).  

https://www.zotero.org/google-docs/?2eFITN
https://www.zotero.org/google-docs/?d8L0JH
https://www.zotero.org/google-docs/?d8L0JH
https://www.zotero.org/google-docs/?Dwpow3
https://www.zotero.org/google-docs/?V55Clg
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Climate data were obtained from the core datasets of the NTL-LTER program (Anderson 

et al., 2024). This core meteorological dataset  was acquired from the Dane County Regional 

Airport Weather Station (ID: GHCND:USW00014837) (Figure 5a). Daily precipitation data were 

converted from millimeters to meters and daily snowfall from centimeters to meters (Figure 5b). 

For model input, total precipitation and snowfall was calculated based on a water-year (July 

through June) to align with summer chloride concentrations (Figure 5c). Precipitation includes 

both rain and snow. 

Evapotranspiration data were obtained from the OpenET Ensemble Monthly 

Evapotranspiration v2.0 dataset via Google Earth Engine (GEE). This model uses Landsat 

satellite data to produce ET data at a pixel size of 30 meters by 30 meters. We calculated an 

annual spatial mean for the Lake Wingra Watershed for the six years of data available. Annual 

ET ranged from 0.556 to 0.684 m, with a mean of 0.627 m.  

Road salt data were obtained from the City of Madison (Figure 5a). Annual road salt 

application data were provided in tons per winter season (November through April) and were 

converted to kilograms (Figures 4b and 4c). These data were then divided by the meters of 

roads that fall within the Lake Wingra watershed that the City of Madison salts (road length = 

1252066 m) and multiplied by 0.610 (chloride proportion of NaCl) to convert data to kg Cl- per 

lane-meter-road per year. To account for other road salt inputs from private sources, these 

annual values were multiplied by 1.5.  

Modeling Approach 

 The dynamic model for Lake Wingra builds on the 2023 model developed by Solomon et 

al. who devised a simple equilibrium model to estimate upper limits for chloride accumulation in 

lakes based on salt application, watershed characteristics, and hydrological flows. The Solomon 

model accounts for both direct and indirect chloride inputs, with a focus on cumulative loading 

and potential thresholds for water quality impacts. This model is represented by the following 

equations: 

                                                         𝑑𝑑𝑆𝑆𝑤𝑤
𝑑𝑑𝑑𝑑

 =  𝛼𝛼𝛼𝛼𝛼𝛼 −  𝑟𝑟𝑟𝑟𝑆𝑆𝑤𝑤                                                 [1a]                                                     

                                                      𝑑𝑑𝑆𝑆𝐿𝐿
𝑑𝑑𝑑𝑑

=  𝑟𝑟𝑟𝑟𝑆𝑆𝑊𝑊  −  𝑟𝑟𝑟𝑟 (1
𝑉𝑉

) 𝑆𝑆𝐿𝐿                                              [1b]  

where (Sw) denotes the mass of road salt chloride in the watershed and (SL) the mass of road 

salt chloride in the lake. Chloride enters the watershed via road salt application, determined by 

https://www.zotero.org/google-docs/?84LiXB
https://www.zotero.org/google-docs/?84LiXB
https://www.zotero.org/google-docs/?6AyQLf
https://www.zotero.org/google-docs/?6AyQLf
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application rate (𝛼𝛼), and road density (δ) across the watershed area (A). Precipitation not lost to 

evapotranspiration (ET) contributes to runoff (r) which removes chloride from the watershed and 

transports it to the lake, depending on the relative chloride yield of the watershed per unit of 

runoff (ϕ). Chloride is removed by hydrologic outflow which depends on the residence time of 

the lake, determined by the lake volume (V). All state variables and parameters are given in 

Table 1 along with their units (Table 1).  

Equilibrium chloride concentrations (mg/L) in the lake (CL) and in the lake’s hydrologic 

inflow (CI) can be calculated as: 

                                                             𝐶𝐶𝐿𝐿  =  𝑆𝑆𝐿𝐿
𝑉𝑉

,                                                       [2a]                                                     

                                                      𝐶𝐶𝐼𝐼 =  𝑟𝑟𝑟𝑟𝑆𝑆𝑤𝑤
𝑟𝑟𝑟𝑟

 =  𝜙𝜙𝑆𝑆𝑤𝑤
𝐴𝐴

                                              [2b]  

For this study, I incorporated static parameters consistent with Solomon et al.’s 

approach including the watershed area (A), lake volume (V), road density within the watershed 

(δ), and the relative salt yield per unit of runoff (ϕ) (Table 1). I updated the model by introducing 

dynamic inputs for annual road salt application rates (𝛼𝛼), and annual runoff (r) (Table 1). Annual 

runoff (r) was calculated by subtracting a static evapotranspiration value (ET = 0.627 m) from 

the total precipitation. ET was set at 0.627 m per year, by averaging out the annual ET in the 

Lake Wingra watershed from 2018-2023 using OpenET (Volk et al., 2024) (Table 3). If the runoff 

was less than 0 m, I assume runoff was 0.05 m.  

The Solomon model assumes a single hydrological flowpath that moves from the 

watershed to the lake and downstream. Hydrology is modeled via the phi (ϕ) parameter, which 

describes the proportion of chloride currently in the watershed that is exported per unit runoff. A 

low value of ϕmeans that chloride is exported gradually, and a high ϕwould model a fast 

flowpath. To account for two possible flowpaths in the Wingra watershed, I modified equations 

[1] and [2] by assuming that a certain percentage (cld) of the chloride applied in the watershed 

directly enters the lake along with a percentage of the precipitation (rd) (e.g. via storm sewers). 

The remaining chloride (1-cld) and precipitation (1-rd) enters the watershed as described in 

Solomon et al. (2023). The equations are updated as: 

                                                   𝑑𝑑𝑆𝑆𝑤𝑤
𝑑𝑑𝑑𝑑

 =  (1 −  𝑐𝑐𝑐𝑐𝑑𝑑)𝛿𝛿𝛿𝛿 −  𝑟𝑟𝑟𝑟𝑆𝑆𝑤𝑤                                       [3a]                         

Where  

https://www.zotero.org/google-docs/?M1pX5w
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                                         𝑟𝑟 =  (𝑝𝑝(1 − 𝑟𝑟𝑑𝑑) − 𝐸𝐸𝐸𝐸)  *[r must be >= 0]                            [3b] 

                       

                                         𝑑𝑑𝑆𝑆𝐿𝐿
𝑑𝑑𝑑𝑑

 =   𝑐𝑐𝑐𝑐𝑑𝑑𝛿𝛿𝛿𝛿 + 𝑟𝑟𝑟𝑟𝑆𝑆𝑤𝑤  −  𝑟𝑟𝑟𝑟𝑟𝑟𝑑𝑑𝐴𝐴(1
𝑉𝑉

) 𝑆𝑆𝐿𝐿                                 [3c] 

The updated equations [3] used optimized 𝑐𝑐𝑐𝑐𝑑𝑑, 𝑟𝑟𝑑𝑑, and ϕvia a custom Nelder-Mead 

optimization routine (optim function in R) that minimized the sum of squared error between the 

observed values and the model output chloride concentrations (Nelder & Mead, 1965). The 

optimized parameters were 𝑐𝑐𝑐𝑐𝑑𝑑= 0.20 𝑟𝑟𝑑𝑑 = 0.05, and ϕ = 0.13. Therefore, in our model 80% of 

chloride applied remains in the watershed and is affected by precipitation and runoff, while the 

remaining 20% enters the lake directly. This is consistent with the water budget of Lake Wingra, 

where the direct input accounts for chloride concentrations entering the lake via direct runoff or 

storm sewers, and where watershed retention reflects hydrological processes such as 

infiltration, evapotranspiration, and groundwater movement. Values for 𝑐𝑐𝑐𝑐𝑑𝑑 , 𝑟𝑟𝑑𝑑 , and ϕ remain 

constant across all modeled years, which may not be realistic based on changing stormwater 

infrastructure. Initial conditions for the model were SW = 0.5x107, SL = 51483.6, the latter based 

on in-lake concentrations in 1962. The historical chloride data influenced 𝑐𝑐𝑐𝑐𝑑𝑑, and the historical 

meteorology data influenced 𝑟𝑟𝑑𝑑 and p (Figure 5d). 

To understand the interactions between precipitation and chloride concentrations in Lake 

Wingra, I used the model to test three scenarios in comparison to  historical data: 

1. 10-year rolling mean of precipitation and road salt (to decrease interannual 

variability in both drivers) 

2. Historical precipitation and 10-year rolling mean of salt use (to decrease 

interannual variability in salt application) 

3. 10-year rolling mean of precipitation and historical salt use (to decrease 

interannual variability in precipitation). 

 To predict future chloride concentrations, 100 scenarios were generated for both 

precipitation and road salt application. For each simulation, annual precipitation and road salt 

application values were drawn from normal distributions based on the historical mean and 

standard deviation. 10-year rolling means for both precipitation and road salt were also 

calculated. Future scenarios considered reductions in road salt application by 0%, 25%, 50%, 

75%, and 100% following Solomon et al.’s recommendation to explore thresholds at which 

https://www.zotero.org/google-docs/?RuKt7g
https://www.zotero.org/google-docs/?AB4khX


13 
 

 

chloride levels may stabilize or decrease. Future scenarios apply a reduction percentage to the 

mean road salt use and standard deviation since 2000. For 100% reduction, road salt use was 

set to 0.  

Software, Packages, and Statistical Analyses 

 Dynamic modeling and all associated statistical analyses were conducted using R (R 

Core Team 2024). The packages used were: tidyverse, optim, deSolve, MetBrewer, and 

patchwork. Regression models were created to explore relationships between chloride 

concentrations, precipitation, road salt application, and runoff. Model performance was validated 

using R-squared values and root mean square error (RMSE) metrics to assess the goodness of 

fit and predictive capability of the model. RMSE measures the average distance between 

predicted and observed values, indicating the standard deviation of residuals.  

 

Results 

 Accumulated precipitation, snowfall, and road salt application have been increasing 

since the 1960s. Applying linear regression on data from 1962-2024, total yearly precipitation 

has been increasing by 0.0042 meters per year while total yearly snowfall has been increasing 

by 0.0053 m per year (Figure 3a & 3b). The distributions of annual precipitation and snowfall 

reveal that most years experience annual precipitation between 0.7-1.0 m and annual snowfall 

between 1.0-1.5 m, with occasional outliers that represent extreme years (Figure 4a & 4b). 

Road salt use by the City of Madison has increased by 71,551 kg per year, although rates have 

stabilized and decreased in recent years (Figure 6). In Lake Wingra, chloride concentrations 

have been increasing by 1.45 mg/L per year (Figure 1). Since 2000, there has been a strong 

positive correlation (R² = 0.61, p < 0.001) between historical chloride concentrations and annual 

snowfall (Figure 7a). While correlation was low for annual precipitation and historical chloride 

concentrations from 2000-2024 (R² = 0.07, p > 0.1), we visually inspected the data further for a 

relationship between precipitation events and chloride concentrations (Figure 7b). To identify 

patterns, we investigated extreme years with either low (< 5th percentile) or high (> 95th 

percentile) precipitation or snowfall (Figure 8). There were four low snow years (< 0.65 m), four 

low precipitation years (<0.623m), three high snow years (>1.85 m), and four high precipitation 

years (>1.18m) from 1962 to 2024 (Figure 8). 1993 was the year with the highest recorded 

precipitation at 1.24 meters, causing chloride to decrease by 3.65 mg/L from 1993 to 1994 
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(Figure 8). 2018 was a more recent wet year with 1.18 meters of accumulated precipitation 

leading to a substantial chloride decrease of 20.9 mg/L by 2019 (Figure 8). Conversely, 2008 

had the highest recorded annual snowfall, at 2.57 meters, which caused an increase in chloride 

concentrations by 17.0 mg/L from 2008 to 2009. We additionally calculated summer annual 

chloride concentrations from 1962 to 2024. In years with high snowfall, a spike in annual 

chloride concentrations follows, but in high precipitation years, chloride concentrations tend to 

decrease. Light snow years do not coincide with notable changes in annual chloride 

concentration, but light precipitation years seem to precede higher annual chloride 

concentrations. This supports my hypothesis by proving that high annual precipitation years 

dilute chloride concentrations in Lake Wingra, high annual snowfall years result in lagged 

chloride concentration spikes, low annual precipitation years show a rise in chloride 

concentrations, and light snowfall years do not show any changes in chloride concentrations.  

  The dynamic model was run from 1962 to 2024 and was fitted with historical chloride 

data from PHMDC. A linear regression between the model and observed chloride 

concentrations revealed a significant, positive correlation (R² = 0.75, p < 0.001) (Figure 9), with 

an RMSE of 13.95 (Figure 10). Model residuals are non-random, with the model overestimating 

chloride concentrations from the 1970s to 1990s, the model slightly underestimating chloride 

concentrations in the 1990s, and the model overestimating chloride concentrations from the mid 

1990s to 2020s. This non-random residual pattern suggests the model might not be capturing 

an explanatory process related to a shift in water dynamics in the 1990s. However, the model 

was able to replicate the interannual chloride dynamics in Lake Wingra, providing a useful tool 

for disentangling the interaction of precipitation drivers and road salt application rates. Scenario 

1 looks at modeled chloride from 1962 to 2024 with 10-year rolling mean road salt application 

and precipitation data (Figure 11a). This scenario has an RMSE of 5.55, with the model staying 

in between peaks and troughs of chloride concentrations throughout the timeseries. The 

smoothing of chloride concentrations in scenario 1 is related to decreasing the interannual 

variability in both precipitation and road salt application inputs, suggesting that interannual 

fluctuations in precipitation and road salt application strongly influence chloride concentrations 

in Lake Wingra. Scenario 2 looks at modeled chloride from 1962 to 2024. This scenario has an 

RMSE of 3.56 and decreases the interannual variability in salt application. The scenario 2 model 

slightly overestimates chloride concentrations from the 1960s to the 2010s and then 

underestimates chloride concentrations from the 2010s until 2024. Scenario 3 looks at modeled 

chloride from 1962 to 2024 with historical road salt application and 10-year mean precipitation 
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data (Figure 11c). This scenario has an RMSE of 5.24 and decreases the interannual variability 

in precipitation. The scenario 3 model stays with the historical data until the 1970s, where it then 

falls between peaks and troughs of historical chloride concentrations until the 2020s. The 

difference in RMSE between Scenario 2 and 3 reveal that interannual variability in precipitations 

play a larger role in driving chloride variability than interannual variability in road salt use.  

To explore the effect of salt reduction on future chloride concentrations in Lake Wingra, 

we simulated five scenarios from 2024 to 2160, applying a 0%, 25%, 50%, 75%, and 100% 

reduction in road salt application (Figure 12). If no reduction occurs, chloride concentrations 

averaged 141 mg/L over the entire simulation period (2024 to 2160), with a mean of 145 mg/L 

during the final 20 years (2141 to 2160) (Figure 12). In the 25% reduction scenario, chloride 

concentrations averaged 109 mg/L over the entire simulation and 115 mg/L during the final 20 

years (Figure 12). In the 50% reduction scenario, chloride concentrations averaged 78.7 mg/L 

over the entire simulation period and 79.6 mg/L during the final 20 years (Figure 12). In the 75% 

reduction scenario, chloride concentrations averaged 50.3 mg/L over the simulation and 39.1 

mg/L during the final 20 years. Lastly, in the 100% reduction scenario, chloride concentrations 

averaged 19.8 mg/L over the entire simulation period and stabilized at 2.57mg/L from 2141-

2160, indicating near-complete flushing of chloride from Lake Wingra. 

 

Discussion 

 This study highlights the complex interplay between precipitation, road salt application, 

chloride concentrations, and overall hydrology in Lake Wingra. Historic chloride trends reveal 

rise in accumulated precipitation, snowfall, and road salt application since 1962 (Figure 3 & 6). 

These increases in precipitation fall parallel with the rise of chloride concentrations in Lake 

Wingra, which have been increasing by 1.45 mg/L per year (Figure 1). Despite road salt 

application rates decreasing in the last 10 years (Figure 6), chloride concentrations continue to 

increase (Figure 1). Precipitation plays a dominant role in controlling chloride variability in Lake 

Wingra. Precipitation and snowfall distributions show that most years experience annual 

precipitation between 0.7-1.0 m and snowfall between 1.0-1.5 m (Figure 4a & 4b). Extreme 

precipitation and snowfall years highlight the importance of understanding the relationships 

between climate drivers and chloride concentrations further. Generally, higher precipitation 

events lead to a decrease in chloride concentrations due to dilution. This is proven by years 

such as 1993 and 2018, where there were significant declines in chloride concentrations due to 
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dilution (Figure 8). Higher snowfall years, such as 2008, result in significant spikes in chloride 

concentrations, likely driven by snowmelt runoff transporting road salt into the lake (Figure 7a). 

Looking at these annual differences proves that the inputs and outputs in Lake Wingra’s water 

budget vary seasonally. When Novotizki & Holmstrom (1979) did their study on the monthly and 

annual water budgets of Lake Wingra, they found that in the fall and winter, groundwater inflow 

becomes the major input, increasing from 35% to 57%. When ice-off occurs, surface runoff 

transitions to become the major input, from 34% to 56% (Novitzki & Holmstrom, 1979). These 

findings highlight the dual influence of precipitation as both diluting and elevating Lake Wingra 

chloride concentrations, dependent on the precipitation season. 

 The dynamic model effectively replicated historical chloride trends (R² = 0.75, p < 0.001), 

capturing interannual variability and identifying key drivers of chloride fluctuations (Figure 10). 

The non-random residual patterns suggest that the model might not be capturing an explanatory 

process related to a shift in watershed dynamics in the 1990s. This shift could be related to 

groundwater hydrology. It is known that 22 or more of 30 springs that once flowed have been 

lost due to decreased groundwater flow (Friends of Lake Wingra, 2009). It also may be related 

to a plateau in urban development. Land use estimates derived from the National Land Cover 

Database for the Lake Wingra watershed show only a 0.3% increase in developed land from 

2001-2016 (Smith et al., 2002). The model performed poorly from 2019-2020, not capturing a 

large increase in chloride in the lake. Observational data show an increase from 78.7 mg/L in 

Dec 2018 to 141 mg/L in Apr 2019. The City of Madison did a 10-year high in road salt (9457 

tons). However, our use of municipal data might be significantly underestimating the total salt 

use by the County and private applicators, as 2019 received 7 individual snow events that 

totalled over 3 inches of snow each.  

We used the 10-year rolling means of road salt application and precipitation to explore 

the influence of interannual variability in driving chloride concentration variability. When 

comparing the RMSE of scenario 2 (historical precipitation, RMSE = 3.56) and scenario 3 

(historical road salt, RMSE = 5.24), the difference shows the extent that precipitation drives 

inter-annual variability of chloride (Figure 11b & 11c). Climate change projections expect to 

drive an increase of more accumulated annual precipitation and the frequency of intense 

storms, which will simultaneously drive the increase and fluctuations of chloride concentrations 

(Meehl et al., 2000; Peterson et al., 2008). This will ultimately lead to greater variability in 

chloride inputs due to both increased dilution and enhanced runoff from winter salt applications. 

https://www.zotero.org/google-docs/?hQxrWe
https://www.zotero.org/google-docs/?4H3LLB
https://www.zotero.org/google-docs/?Adpcss
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Understanding these dynamics is crucial for developing management strategies and policies 

that can mitigate road salt application rates. 

When looking at the Solomon et al. (2023) model, there were a few updates made to 

make this model fit more appropriately for Lake Wingra. These updates include inputting 

historical chloride, precipitation, and road salt application data as well as considering four road 

salt reduction scenarios. The 2023 model lacked dynamic historical data inputs, which can help 

understand the impact of climate drivers on chloride concentrations. Building this model based 

on an urban lake can be applied to other urban municipalities and watersheds. There were 

some assumptions that had to be made to run this model. One major assumption was the 

chloride transportation and dilution processes in Lake Wingra. We assumed these processes 

were simplified and treated as static values, where 80% of chloride is applied to the watershed 

and is influenced by precipitation and runoff, while the remaining 20% enters the lake directly. 

This partitioning of chloride routing maps onto an urban watershed where some precipitation is 

directed into storm sewers and directly into the lake, while other water is routed through longer 

flow paths, such as retention ponds, or purposefully into groundwater, through infrastructure 

such as rain gardens or permeable pavement. Urban infrastructure plays a significant role in 

chloride transport to lakes. Infrastructure such as roads, parking lots, and storm sewers 

expedite chloride transport from road salt application to lakes. This type of infrastructure 

completely bypasses natural filtration processes that could otherwise mitigate chloride 

concentrations. Conversely, infrastructure such as stormwater ponds and rain gardens 

sequester excess runoff and allow for the infiltration process, which could slow chloride 

transport into lakes over time (Alyaseri et al., 2017; Van Meter et al., 2011). Lake Wingra’s 

watershed has had many upgrades to stormwater management in the last few decades 

including the installation of residential rain gardens, and pervious pavement. Evapotranspiration 

(ET) was another value that we assumed was static. ET, similarly to the amount of chloride 

applied in the watershed, varies based on hydrologic conditions and climate fluctuations, which 

could influence the model’s accuracy in certain years. ET was set at 0.627 meters (m) per year, 

which was calculated using the OpenET Ensemble Monthly Evapotranspiration v.2.0 dataset via 

Google Earth Engine (GEE). The OpenET system includes six remote sensing models to 

calculate ET in the contiguous United States (Volk et al., 2024). We averaged ET values from 

2018-2023, and the annual values ranged from 0.556 to 0.684 m (Table 3). Calculating ET 

included using Landsat satellite data to produce ET data at a pixel size of 30 m by 30 m. Lastly, 

precipitation was the only climate driver explored in this model. Air temperature is another 

https://www.zotero.org/google-docs/?i5cuTj
https://www.zotero.org/google-docs/?8myDU0
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climate driver that affects the timing of ice-on/ice-off events and which further influences 

chloride spiking events during freeze-thaw cycles (Dugan, Helmueller, et al., 2017). Next steps 

for this model would be to incorporate historical temperature data, more accurate ET data, and 

urban infrastructure to better fit and predict chloride concentrations, as well as incorporate non-

municipal salt use. 

The model explores five scenarios of reducing road salt application by 0%, 25%, 50%, 

75%, and 100%. The chloride concentrations were predicted from 2024-2160. Each scenario 

shows a varied decrease in chloride concentrations from 2.57 to 145 mg/L by the final 20 years 

(2141 to 2160). Without changing the road salt application, chloride concentrations are 

projected to average at 141 mg/L from 2024 to2160. With a complete reduction, chloride 

concentrations in Lake Wingra show very quick recovery to chloride concentrations < 10 mg/L. 

Considering the EPAs aquatic chloride criterion of 230 mg/L, the business as usual scenario 

predicts occasional years where the lake concentration would surpass this threshold (Figure 

12). For these scenarios to be feasible, they have to be considered alongside road safety. 

Realistically reducing road salt use will have to be with a combination of policy changes, 

switching de-icing methods, updating winter maintenance technology, and overall public 

education efforts. Using this sort of predictive road salt model can help inform future policy 

changes, stormwater management, and overall management strategies. This model can help 

groups such as Friends of Lake Wingra (FOLW), Wisconsin Salt Wise, and the University of 

Wisconsin-Arboretum highlight actionable steps to reduce road salt inputs, including advocating 

for green or low salt infrastructure, changing municipal and private-sector snow maintenance 

practices, and supporting community-based monitoring programs. 

 

Conclusion 

 Freshwater salinization poses a threat to aquatic life, aquatic structure, and overall 

ecosystem functions (Findlay & Kelly, 2011). This study investigates the complex interactions 

between road salt application and climate drivers on chloride dynamics in Lake Wingra. This 

research utilized a dynamic model which unveiled scenarios and trends under different 

precipitation and road salt application scenarios from 1962 to 2024. Additionally, this model 

looked at chloride concentrations with future projected road salt application rates. Our findings 

provide insights into how both anthropogenic and climate drivers shape chloride concentrations 

in Lake Wingra. This is evidenced by results showing how both increased annual accumulated 

https://www.zotero.org/google-docs/?IfEoyF
https://www.zotero.org/google-docs/?OMfCpm


19 
 

 

precipitation could dilute chloride concentrations in some cases and extreme annual 

accumulated snowfall events combined with high salt application rates can continue driving 

chloride accumulation in Lake Wingra.  

The 3 scenarios looking at the 10-year means of precipitation and road salt application 

interactions in Lake Wingra show this pattern between annual precipitation fluctuations and road 

salt application rates varying based on snowfall demands, which  highlights the influence of both 

climate and human impacts on chloride dynamics in Lake Wingra. Future scenario analysis 

demonstrates that reducing road salt application rates through community and city engagement 

can effectively mitigate chloride concentrations over time. If road salt reduction efforts do not 

occur, Lake Wingra can exceed the EPA toxic threshold in the next 45 years (Figure 12). For 

groups such as Friends of Lake Wingra (FOLW) and Wisconsin Salt Wise, this research 

highlights actionable steps to reduce road salt inputs, including advocating for municipal and 

private-sector changes and supporting community-based monitoring programs, such as the one 

organized by the University of Wisconsin- Arboretum. Ultimately, understanding these chloride 

dynamics in lakes with urban watersheds through climate and human decision making will foster 

a path towards sustainable freshwater ecosystem management that prioritizes their cultural and 

ecological spheres. 

 

  



20 
 

 

Figures and Tables 

 

Figure 1. Chloride concentrations in lakes around Madison, Wisconsin from 1940-2024. Local polynomial 

regression (LOESS) lines are fitted for each lake. Data from Public Health Madison & Dane County 

(PHMDC). 
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Figure 2. Land cover in the Lake Wingra watershed. The black line denotes the border of the Lake 

Wingra watershed. Land cover data is a 2016 raster representation from WI DNR. 
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Figure 3. a) Total annual accumulation of precipitation (m)  and b) snowfall (m) are increasing by 0.0042 

and 0.0053 meters per year, respectively. Data from 1962-2024 at Dane County Regional Airport (ID: 

GHCND:USW00014837) (Anderson et al., 2024). 
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Figure 4. Histograms showing the distribution of a) annual precipitation (m)  and b) annual snowfall (m) 

from 1962-2024. Data from the Dane County Regional Airport (ID: GHCND:USW00014837) (Anderson et 

al., 2024). 

 

https://www.zotero.org/google-docs/?sUzLzh
https://www.zotero.org/google-docs/?sUzLzh
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Figure 5. Visual description of the data sources, conversions and processing for proper model fitting. (a) 

The three data sources used in this model: Chloride data (PHMDC), Road Salt Data (COM), and 

Meteorology Data (Anderson et al., 2024). (b) Two data conversions needed for model refinement. Road 

salt was converted from tons to kilograms/ meter within the watershed. Meteorology Data was converted 

from millimeters to meters for precipitation and centimeters to millimeters for snow. (c) Data was 

processed by: calculating annual chloride averages (June-September), total road salt application by 

winter season (November-April), and total precipitation per water year (July-June). (d) These data 

sources were fit into the model by: chloride data influencing 𝑐𝑐𝑐𝑐𝑑𝑑 and meteorology data influencing 

𝑟𝑟𝑑𝑑 and p. 

 

 

 

 

 

https://www.zotero.org/google-docs/?n3w3sv
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Figure 6. Road salt applied by the City of Madison from 1960-2024.  
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Figure 7. a) Linear regression showing a strong relationship (R² = 0.61, p <  0.001) between yearly 

accumulated snowfall (m) and yearly road salt applied (tons) from 2000-2024 in Lake Wingra. b) Linear 

regression showing no relationship (R² = 0.07, p > 0.1) between yearly accumulated precipitation (m) and 

yearly road salt applied (tons) from 2000-2024 in Lake Wingra  
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Figure 8. Chloride concentration (mg/L) and precipitation events (m) from 1962-2024 in Lake Wingra. The 

green line represents summer annual chloride concentrations from 1962-2024. The triangles identify 

years with accumulated precipitation events outliers (5% and 95%), categorized by precipitation type and 

intensity. 
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Figure 9. Linear regression showing a strong relationship (R² = 0.75, p <0.001) between observed 

chloride concentrations (mg/L) and modeled chloride concentrations (mg/L) from 1962-2024 in Lake 

Wingra.  
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Figure 10. Comparison of modeled and observed chloride concentrations in Lake Wingra from 1962-

2024 (RMSE =13.95). 
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Figure 11.Three scenarios that compare historical and modeled chloride concentrations from 1962-2024 

with: a) modeled chloride concentrations with 10-year mean road salt application and 10-year mean 

precipitation data inputs that has an RMSE of 5.55; b) modeled chloride concentrations with 10-year 

mean road salt application and historical precipitation data inputs that has an RMSE of 3.56; and c) 

modeled chloride concentrations with historical road salt application and 10-year mean precipitation data 

inputs that has an RMSE of 5.24. 



31 
 

 

 

Figure 12. Modeled future road salt reduction scenarios against modeled chloride, observed chloride 

concentrations, and historical rolling annual chloride in Lake Wingra. The five scenarios include: 0% 

reduction, 25% reduction, 50% reduction, 75% reduction, and 100% reduction.  
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Figure 12. Distribution of modeled mean chloride concentrations across five future road salt reduction 

scenarios (0%, 25%, 50%, 75%, 100%) in Lake Wingra. 
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Table 1. State variables and parameters adapted from Solomon et al. 

Variable or 
parameter 

Description Units Value used in model  

Sw Mass of road salt in the watershed kg Cl−  

SL Mass of road salt in the lake kg Cl−  

α  Application of road salt kg Cl− (lane-m 
road)−1 yr−1 

Dynamic annually  

δ Density of roads in the watershed Lane-m m-2 115486.53/A 

A Area of the watershed m² 19826594 

r Runoff (precipitation [p]-
evapotranspiration[ET]) 

m yr-1 Dynamic annually  

p Annual accumulated precipitation m Dynamic annually 
 

ϕ Relative salt yield of the watershed 
per unit of runoff 

m-1 0.13 
 

V Lake Volume m3 3677400 

rd Percent of precipitation in the 
watershed directly enters the lake 

% 5 

cld Percent of chloride applied in the 
watershed directly enters the lake 

% 20 

ET Annual mean evapotranspiration m 0.627 

CL Equilibrium chloride concentrations in 
the lake  

mg L-1  

CI Equilibrium chloride concentrations in 
the lake’s hydrologic inflow 

mg L-1  
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Table 2. RMSE values across different model types. 

Model Type RMSE 

Modeled vs historical chloride 13.95 

10-year rolling precipitation and 
salt means 

5.55 

10-year rolling precipitation mean 5.24 

10-year rolling road salt mean 3.56 

 

Table 3. Annual evapotranspiration (ET) from 2018-2023 and averaged to 0.627. Data from etdata.org  

Year ET (m) 

2018 0.619 

2019 0.556 

2020 0.617 

2021 0.671 

2022 0.616 

2023 0.684 

Average ET 0.627 
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