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 A B S T R A C T

Innovative approaches are needed to manage chronic and emerging water quality challenges in communities 
that rely on treated wastewater and urban stormwater as sources of raw water for drinking water treatment, 
or ‘‘One Water’’ systems. When amended to account explicitly for upstream versus distributed inflow to the 
reservoir, we show that unsteady transit time theory links pollution sources to water quality in the Occoquan 
Reservoir (Virginia, USA), one of the largest and oldest One Water systems in the United States. Using 11 
years of hydrologic and water quality data, the model identified distinct sources and transformation rates for 
reactive (nitrate) and relatively non-reactive (sodium, chloride) solutes. High predictive skill was achieved with 
a strikingly small number of parameters: two for sodium and chloride (one for the upstream storage selection 
function, one for solute input from distributed sources; Nash–Sutcliffe Efficiency (NSE) = 0.65 and 0.76) and 
two additional for nitrate (capturing seasonal denitrification linked to summer stratification and hypolimnetic 
processes; NSE = 0.55). The simplicity of unsteady transit time theory supports rigorous parameter estimation 
(Bayesian Markov Chain Monte Carlo) and model structure evaluation (Bayesian Information Criterion). It 
also opens the door to real-time interactive simulations with stakeholders, supporting collaborative solutions 
to cascading water quality challenges.
1. Introduction

Historically, water systems have been managed as three distinct ser-
vice components: drinking water, wastewater, and stormwater. Water 
practitioners worldwide are increasingly embracing integrated man-
agement of these systems to improve water quality, increase water 
supply reliability, reduce freshwater withdrawal, protect ecosystems, 
and achieve net energy and cost savings (Rahaman and Varis, 2005; 
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Liu et al., 2020; Pokhrel et al., 2022; Grant et al., 2012). Widespread 
adoption of this One Water vision, as recommended by the Global 
Commission on the Economics of Water (Global Commission on the 
Economics of Water, 2024), requires moving beyond the siloed in-
stitutions that dominate today’s practice (Mukheibir et al., 2014). In 
the United States, drinking water, wastewater, and stormwater are 
managed by separate organizations with different rules, norms, funding 
https://doi.org/10.1016/j.watres.2025.124652
Received 2 July 2025; Received in revised form 24 August 2025; Accepted 20 Sept
vailable online 27 September 2025 
043-1354/© 2025 The Authors. Published by Elsevier Ltd. This is an open access ar
ember 2025

ticle under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ). 

https://www.elsevier.com/locate/watres
https://www.elsevier.com/locate/watres
https://orcid.org/0000-0002-5248-0646
https://orcid.org/0000-0001-6221-7211
https://orcid.org/0000-0001-7556-1417
https://orcid.org/0000-0002-0575-8342
https://orcid.org/0000-0001-9641-327X
https://orcid.org/0000-0003-4043-1799
https://orcid.org/0000-0002-1246-7412
https://orcid.org/0000-0003-0834-9189
https://orcid.org/0000-0002-9231-5995
https://orcid.org/0000-0003-2654-5132
https://orcid.org/0000-0001-6132-9107
https://orcid.org/0009-0004-7276-2175
https://orcid.org/0000-0002-3434-1319
https://orcid.org/0000-0002-4225-2252
mailto:stanleyg@vt.edu
https://doi.org/10.1016/j.watres.2025.124652
https://doi.org/10.1016/j.watres.2025.124652
http://crossmark.crossref.org/dialog/?doi=10.1016/j.watres.2025.124652&domain=pdf
http://creativecommons.org/licenses/by/4.0/


S.V. Bhide et al. Water Research 288 (2026) 124652 
models, and strategies (Pokhrel et al., 2022; Dombrowsky et al., 2022; 
Margerum, 2011; Crona and Parker, 2012; Kiparsky et al., 2016; Steel 
et al., 2017). This fragmentation poses barriers to the coordinated 
management of chronic and emerging water quality challenges, par-
ticularly for constituents such as sodium that lack clear regulatory 
remedies and therefore depend on voluntary, system-scale action by 
local actors (Ostrom, 2009; Rippy et al., 2024).

Predictability of system behavior and stakeholder understanding 
of system dynamics are key antecedents to the collaborative man-
agement of complex polycentric governance systems (Ostrom, 2009), 
including One Water systems (Grant et al., 2022). When dynamics are 
predictable, stakeholders can design more effective management strate-
gies; when they are not, adaptive or precautionary approaches are often 
required (Nagel and Partelow, 2022). In this study, we examine how 
unsteady transit time theory can enhance predictability and deepen 
understanding of dynamic water quality patterns in One Water systems.

Unsteady transit time theory is a physics-based modeling approach 
that tracks the time-varying flux and age distribution of contaminants 
moving into and out of a control volume drawn around the system 
of interest (McGuire and McDonnell, 2006). As a lumped modeling 
approach, it avoids the need to resolve detailed internal hydraulics 
and transport processes (Lindenschmidt et al., 2019; Masoumi et al., 
2016; Costa et al., 2021) and thus offers a simplified, data-driven 
alternative to conventional process-based models that can reduce com-
putational demands, support rigorous model evaluation and parameter 
inference (Miles, 2019), and enable real-time deployment using data 
routinely collected by utilities.

Unsteady transit time theory has been widely applied in catchment 
hydrology to study water-age distributions, flow pathways, and solute 
transport (Benettin et al., 2022; McGuire and McDonnell, 2006; Hra-
chowitz et al., 2016; Rinaldo et al., 2011). It has also been used to 
model solute transport through transiently unsaturated soils (Kim et al., 
2016), bioinfiltration systems (Parker et al., 2022), wetlands (Roa-
García and Weiler, 2010), stream hyporheic zones (Harman et al., 
2016), and alpine lakes (Smith et al., 2018). For many environmental 
applications a current limitation of unsteady transit time theory is the 
implicit assumption that all solutes and water share the same flow paths 
through the system of interest. This fundamental assumption breaks 
down when contaminants originate from spatially distinct sources with 
divergent hydrologic pathways (Liao et al., 2025).

To address this inherent limitation, we propose a dynamic mixing 
framework that partitions reservoir storage and outflow into sepa-
rate contributions from upstream sources versus distributed shoreline 
sources. Combining this source-specific partitioning with unsteady tran-
sit time theory and solute-specific reaction models yields a tractable 
and generalizable modeling approach that preserves the strengths of 
age-based transport theory while explicitly accounting for the varied 
pollutant sources and flow pathways characteristic of One Water sys-
tems. This advance extends existing applications of unsteady transit 
time theory and provides a novel basis for real-time, source-resolved 
contaminant transport modeling in One Water systems and beyond.

We test this novel source-resolved version of unsteady transit time 
theory using data from the Occoquan Reservoir, a primary drinking 
water source for up to one million people in Northern Virginia (Fig.  1). 
The reservoir is among the first and largest examples of indirect potable 
reuse systems for surface water augmentation, the practice of delib-
erately adding advanced-treated wastewater, or ‘‘reclaimed water,’’ to 
a drinking water reservoir (Randall and Grizzard, 1995). Reservoir 
inflows include reclaimed water from the Upper Occoquan Service 
Authority (UOSA) along with urban runoff and streamflow from the 
surrounding watershed (Bhide et al., 2021). UOSA employs a multi-
barrier advanced treatment train that goes well beyond conventional 
secondary wastewater treatment, including biological nutrient removal, 
in which UOSA practices nitrification and seasonally adjusts denitrifi-
cation to manage nitrate delivery to the reservoir, chemical phosphorus 
removal, media filtration, granular activated carbon, and disinfection. 
2 
Fairfax Water’s Griffith Drinking Water Treatment Plant draws its raw 
water from the downstream end of the reservoir near the Occoquan 
Dam. Water quality in the reservoir is managed by the drinking water 
utility (Fairfax Water), water reclamation facility (UOSA), and more 
than a dozen utilities and city, county, state, and federal government 
agencies (Grant et al., 2022).

For the past 50 years, these entities have navigated diverse water 
quality challenges through the Occoquan Policy (Virginia Administra-
tive Code at 9 VAC 25-410), a state regulatory framework predating the 
U.S. federal Safe Drinking Water Act and Clean Water Act (Assembly, 
1971). Today, the reservoir faces cascading water quality challenges 
spanning multiple regulatory contexts. These include nutrients such as 
nitrate and phosphorus, which have been regulated for decades (Ran-
dall and Grizzard, 1995); salts such as sodium and chloride, which are 
unregulated but have been increasing over time and could eventually 
affect finished water taste and contribute to excess dietary sodium 
intake (Kaushal et al., 2023); and newly regulated contaminants such 
as per- and polyfluoroalkyl substances (PFAS), two of which frequently 
exceed the U.S. EPA’s recently promulgated maximum contaminant 
levels (MCLs) for drinking water at the Griffith intake (Environmental 
Protection Agency, 2024; Koban et al., 2024). Each pollutant class has 
various sources, including agricultural and urban runoff, contaminated 
groundwater, industrial discharges, and reclaimed water inputs.

The Occoquan Reservoir thus exemplifies the overlapping nutrient, 
salt, and emerging contaminant challenges that characterize modern 
One Water systems. In this first application of transit time theory to a 
reservoir, we focus on nitrate, sodium, and chloride for three reasons. 
First, these constituents are directly relevant to drinking water quality 
and have been monitored in the Occoquan at high frequency over mul-
tiple decades. Second, they originate from contrasting sources, follow 
distinct transport pathways, and display different seasonal dynamics, 
providing a rigorous test of the modeling framework. Finally, nitrate 
and chloride have long served as representative reactive and conserva-
tive tracers in watershed-scale transport studies (Kirchner et al., 2000; 
Benettin et al., 2015, 2022). Our results extends this end-member tracer 
framework to the reservoir scale, using nitrate, sodium, and chloride 
to probe the fate and transport of reactive (nitrate), conservative (chlo-
ride), and semi-conservative (sodium) constituents within a complex 
One Water system.

2. Theory

2.1. Conventional unsteady transit time theory

Application of unsteady transit time theory typically begins by 
performing a water budget over a control volume drawn around the 
system of interest, including inflows 𝐽 (𝑡), outflows 𝑄(𝑡), and storage 
𝑆(𝑡) of water over time 𝑡 (Fig.  2a and Table  1). Because water transports 
contaminants into and out of the control volume, the age distributions 
of water and contaminants in storage (residence time distribution) and 
outflow (transit time distribution) also vary with time. Here, the term 
‘‘age’’ refers to the elapsed time between when a water parcel enters 
the reservoir (e.g., from an upstream tributary), 𝑡𝑖 > 0, and some later 
time, 𝑡 ≥ 𝑡𝑖: 𝑇 = 𝑡 − 𝑡𝑖. Water and contaminants in reservoir storage 
and outflow have a range, or ‘‘distribution,’’ of ages, reflecting the fact 
that they entered the reservoir at various times. For example, if 𝐽 (𝑡)
increases, the influx of new water (of age 𝑇 = 0) will skew the age 
distributions of water and contaminants in storage and outflow toward 
younger values.

These age distributions are described mathematically by cumula-
tive distribution functions (CDFs), 𝑃𝑆 (𝑇 , 𝑡) and 𝑃𝑄(𝑇 , 𝑡) (unitless), that 
represent the fraction of water in storage and outflow, respectively, 
with ages less than or equal to 𝑇  at time 𝑡 (Fig.  2b). The relationship 
between the unsteady hydrology of the system and water age distribu-
tions is defined by the Age Conservation Equation (ACE) (also referred 
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Fig. 1. The Occoquan Reservoir One Water system in Northern Virginia, U.S.A. Shown on the map are water quality and flow monitoring sites on the two major 
tributaries to the reservoir (Bull Run (ST45) and Occoquan River (ST10)) and at the base of the reservoir near the Occoquan Dam (ST01). Also shown are the 
discharge point where reclaimed water from the Upper Occoquan Service Authority (UOSA) enters Bull Run (red arrow), and the abstraction point where Fairfax 
Water’s Griffith Drinking Water Treatment Plant (DWTP) intake is located (orange arrow). The pink triangle (R4) denotes the location on the reservoir where 
temperature and water quality are monitored at the surface and bottom of the reservoir on a weekly basis.
Fig. 2. Three steps in the conventional application of unsteady transit time theory. (a) A dynamic water balance is performed over a control volume enclosing 
the unsteady hydrologic or engineered system of interest, including inflows 𝐽 (𝑡), outflows 𝑄(𝑡), and water in storage 𝑆(𝑡). (b) The time varying age distributions 
of water in storage, 𝑃𝑆 (𝑇 , 𝑡), and outflow, 𝑃𝑄(𝑇 , 𝑡), are then calculated from the Age Conservation Equation (ACE, Eq. (1a)). This requires specifying a StorAge 
Selection (SAS) function, 𝛺(𝑆𝑇 ), that indicates how the selection of water and solutes from storage for outflow is biased by age. (c) The breakthrough concentration 
of a contaminant leaving the control volume, 𝐶𝑄(𝑡), is then computed by convolving the probability density function (PDF) form of the time-varying transit time 
distribution, 𝑝𝑄(𝑇 , 𝑡), with the time-varying concentration, 𝐶𝐽 (𝑡), of contaminant entering the control volume (Eq. (2)).
to as the water age balance equation (Benettin et al., 2022)) shown 
schematically as the arrow between panels (a) and (b) of Fig.  2: 

𝜕𝑆𝑇
𝜕𝑡

= 𝐽 (𝑡) −𝑄(𝑡)𝑃𝑄(𝑇 , 𝑡) −
𝜕𝑆𝑇
𝜕𝑇

(1a)

𝑆𝑇 (𝑇 = 0, 𝑡) = 0 (1b)

𝑆𝑇 (𝑇 , 𝑡 = 0) =

{

0, 𝑇 ≤ 𝑇0
𝑆(𝑡 = 0), 𝑇 > 𝑇0

(1c)
3 
The ACE’s dependent variable, age-ranked storage, 𝑆𝑇 (𝑇 , 𝑡) (units 
of volume), represents the volume of water in storage with age 𝑇  or 
younger at time 𝑡. Mathematically, it is the product of the volume of 
water in storage and the water’s residence time distribution: 𝑆𝑇 (𝑇 , 𝑡) =
𝑆(𝑡) × 𝑃𝑆 (𝑇 , 𝑡). The ACE equates the time rate of change in age-ranked 
storage (left hand side Eq. (1a)) to the inflow of water of age 𝑇 = 0
(first term right hand side), discharge of water from the control volume 
with transit time distribution 𝑃𝑄(𝑇 , 𝑡) (second term), and aging of water 
in storage (third term). The age boundary condition (Eq. (1b)) ensures 
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Table 1
List of variables, their descriptions, and dimensions.
 Variable Description Dimensions  

Water balance variables
 𝐽 (𝑡), 𝑄(𝑡) daily reservoir inflows and outflows [L3 T−1]  
 𝑆(𝑡) daily reservoir storage [L3]  
 𝐽ST45(𝑡), 
𝐽ST10(𝑡), 
𝐽UOSA(𝑡)

daily measured inflow at ST45, ST10, and 
UOSA

[L3 T−1]  

 𝐽P(𝑡) daily precipitation on reservoir [L3 T−1]  
 𝐽OR(𝑡) = 𝐽ST10(𝑡) daily inflow from Occoquan River watershed [L3 T−1]  
 𝐽BR(𝑡) =
𝐽ST45(𝑡) −
𝐽UOSA(𝑡)

daily inflow from Bull Run watershed [L3 T−1]  

 𝐽UG/GW(𝑡) daily inflow from ungauged surface water and 
groundwater

[L3 T−1]  

 𝑄DWTP(𝑡), 𝑄E(𝑡), 
𝑄Dam(𝑡)

daily measured outflow from abstraction by the 
drinking water treatment plant (DWTP), 
evaporation off the reservoir surface, and 
discharge over the dam’s spillway

[L3 T−1]  

Transit time variables
 𝑡𝑖 time a water parcel enters the reservoir [T]  
 𝑡 time a water parcel is observed (e.g., in storage 

or outflow)
[T]  

 𝑇 = 𝑡 − 𝑡𝑖 ‘‘age’’ of a water parcel in reservoir storage or 
outflow, 𝑡 ≥ 𝑡𝑖

[T]  

 𝑃𝑆 (𝑇 , 𝑡), 
𝑃𝑄(𝑇 , 𝑡)

CDF form of age distributions in storage 
(residence time distribution, RTD) and outflow 
(transit time distribution, TTD)

[–]  

 𝑝𝑄(𝑇 , 𝑡) PDF form of the TTD [T−1]  
 𝑆𝑇 (𝑡) =
𝑆(𝑡)𝑃𝑆 (𝑇 , 𝑡)

age-ranked storage [L3]  

 𝛺(𝑆𝑇 , 𝑡) CDF form of the StorAge Selection (SAS) 
function

[–]  

Concentration variables
 𝐶𝐽 (𝑡), 𝐶𝑄(𝑡) daily concentration in reservoir inflows and 

outflows
[M L−3]  

 𝐶𝐽 ,OR(𝑡), 
𝐶𝐽 ,BR(𝑡), 
𝐶𝐽 ,UOSA(𝑡), 
𝐶𝐽 ,P(𝑡), 
𝐶𝐽 ,UG/GW(𝑡)

daily concentration in inflows from the 
Occoquan River, Bull Run, UOSA’s reclaimed 
water, precipitation, and 
ungauged/groundwater sources

[M L−3]  

Upstream vs Distributed source variables
 𝑓2(𝑡) fraction of storage from distributed sources [–]  
 𝐽1(𝑡), 𝑄1(𝑡) daily inflows and outflows from upstream 

sources
[L3 T−1]  

 𝐽2(𝑡), 𝑄2(𝑡) daily inflows and outflows from distributed 
sources

[L3 T−1]  

 𝑆1(𝑡), 𝑆2(𝑡) daily storage from upstream and distributed 
sources

[L3]  

 𝜔1(𝑡), 𝜔2(𝑡) fraction of outflow from upstream and 
distributed sources

[–]  

 𝑃𝑆,1(𝑇 , 𝑡), 
𝑃𝑆,2(𝑇 , 𝑡)

CDF form of the RTD for upstream and 
distributed sources

[T−1]  

 𝑝𝑄,1(𝑇 , 𝑡), 
𝑝𝑄,2(𝑇 , 𝑡)

PDF form of the TTD for upstream and 
distributed sources

[T−1]  

 𝛺1(𝑇 , 𝑡), 
𝛺2(𝑇 , 𝑡)

SAS functions for upstream and distributed 
sources

[T−1]  

 𝐶𝐽 ,1(𝑡), 𝐶𝐽 ,2(𝑡) inflow concentrations from upstream and 
distributed sources

[M L−3]  

 𝐶𝑄,1(𝑡), 𝐶𝑄,2(𝑡) outflow concentrations from upstream and 
distributed sources

[M L−3]  

Model fitting parameters
 𝑎 coefficient for scaling 𝐶𝐽 ,OR(𝑡) to 𝐶𝐽 ,UG/GW(𝑡) [–]  
 𝑝 Shifted-Uniform SAS parameter [–]  
 𝛼, 𝛽 Gamma SAS shape and scale parameters [–] and [L3]  
 𝑘 stationary first-order rate constant [T−1]  
 𝑐, 𝑑 coefficient and exponent for the non-stationary 

rate constant
[T−1] and [–] 

that no water in storage has age less than 𝑇 = 0. The initial condition 
(Eq. (1c)) implies that all water in storage at time 𝑡 = 0 has a single age, 
𝑇 = 𝑇0 ≥ 0. In practice, the solution to Eq. (1a) quickly loses memory 
of its initial condition.

If a single time-varying solute concentration, 𝐶𝐽 (𝑡), can be assigned 
to all water flowing into the control volume, a major assumption 
4 
underlying conventional unsteady transit time theory as noted earlier, 
then the ‘‘breakthrough concentration’’ of the solute leaving the control 
volume, 𝐶𝑄(𝑡), can be calculated by filtering, or in mathematical terms 
convolving, the concentration of contaminant entering the control vol-
ume with the probability density function (PDF) form of the water’s 
transit time distribution, 𝑝𝑄(𝑇 , 𝑡) =

𝜕𝑃𝑄(𝑇 ,𝑡)
𝜕𝑇  (units of inverse age), shown 

schematically as an arrow between panels (b) and (c) in Fig.  2: 

𝐶𝑄(𝑡) = 𝐶𝐽 (𝑡) ∗ 𝑝𝑄(𝑇 , 𝑡) = ∫

𝑡

0
𝐶𝐽 (𝑡 − 𝑇 )𝑝𝑄(𝑇 , 𝑡)𝑑𝑇 (2)

Here, the symbol ‘‘∗’’ denotes convolution. As we shall see, Eq. (2) 
can be amended to account for time-varying transit-time-dependent 
reaction of a contaminant as it passes through the control volume.

To solve Eq. (1a), a closure relationship is required to represent 
how the selection of contaminants from storage for outflow is biased 
by age (Kim et al., 2016): 
𝑃𝑄(𝑇 , 𝑡) = 𝛺(𝑆𝑇 , 𝑡) (3)

The StorAge Selection (SAS) function, 𝛺(𝑆𝑇 , 𝑡) (unitless), is a CDF 
that represents the fraction of outflow drawn from each age-ranked 
volume-increment of water in storage (Kim et al., 2016). The SAS 
function is an emergent property of unsteady flow systems that cap-
tures: (1) the speed that water and solutes transit along flow paths 
through the control volume (advection); (2) where and when water 
and solutes enter the control volume, which determines the flow paths 
they transit along (source dispersion); and (3) local variation in flow 
velocities on adjacent flow paths (kinematic dispersion) (Hrachowitz 
et al., 2016). It is often assigned an analytical probability distribution, 
such as the Uniform, Plug-Flow, Gamma, or Beta (Hrachowitz et al., 
2016; Harman, 2015; Grant and Harman, 2022; Kim et al., 2016). The 
SAS function can also vary with time, for example reflecting storage-
dependent activation or deactivation of hydrologic flow paths through 
the control volume (Benettin et al., 2019; Kaandorp et al., 2018; Grant 
and Harman, 2022).

2.2. Extending unsteady transit time theory to upstream and distributed 
sources

Conventional unsteady transit time theory assumes that all water 
entering the control volume 𝐽 (𝑡) can be assigned a single, time-varying 
contaminant concentration 𝐶𝐽 (𝑡) (Fig.  2c). Here, we extend unsteady 
transit time theory to accommodate a key feature of pollutant loading 
in many environmental systems: inflowing water can originate from dis-
tinct sources with different time-varying contaminant concentrations. 
In the case of the Occoquan Reservoir, we postulate that pollutant 
loading to the reservoir can be roughly divided into two broad sources. 
One of these sources is the combined inflow from the Occoquan River 
and Bull Run at the head of the reservoir, including UOSA’s reclaimed 
water; the other consists of groundwater and ungauged small tributaries 
that discharge to the reservoir along its perimeter. We refer to these as 
‘‘upstream’’ and ‘‘distributed’’ sources, respectively, and denote them 
with subscripts 1 and 2 (see blue and orange inputs and flow paths in 
Fig.  3).

Given this conceptualization, the flow-weighted breakthrough con-
centration of a solute at the outlet, 𝐶𝑄(𝑡), can be expressed as follows, 
where the variables 𝐶𝑄,1(𝑡) and 𝐶𝑄,2(𝑡) represent the outlet concentra-
tion of solute from upstream and distributed sources, respectively, and 
𝜔1(𝑡) and 𝜔2(𝑡) are the corresponding fractions of total outflow, 𝑄(𝑡)
(Fig.  3c): 
𝐶𝑄(𝑡) = 𝜔1(𝑡)𝐶𝑄,1(𝑡) + 𝜔2(𝑡)𝐶𝑄,2(𝑡) (4a)

𝜔1(𝑡) =
𝑄1(𝑡)
𝑄(𝑡)

(4b)

𝜔2(𝑡) =
𝑄2(𝑡)
𝑄(𝑡)

(4c)

𝑄(𝑡) = 𝑄 (𝑡) +𝑄 (𝑡) (4d)
1 2
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Fig. 3. Extension of unsteady transit time theory to include upstream and distributed pollutant and water sources (indicated here by the subscripts 1 and 2, 
respectively). (a) An unsteady water balance is performed separately for upstream and distributed sources, including inflows (𝐽1(𝑡), 𝐽2(𝑡)), storage (𝑆1(𝑡), 𝑆2(𝑡)), 
and outflows (𝑄1(𝑡), 𝑄2(𝑡)). The total outflow is the sum of outflows originating from upstream and distributed sources (Eq. (4d)). (b) Once source-dependent SAS 
functions have been selected (𝛺1(𝑆𝑇 ,1), 𝛺2(𝑆𝑇 ,2)), the residence time distributions of upstream and distributed source water in storage (𝑃𝑆,1(𝑇 , 𝑡), 𝑃𝑆,2(𝑇 , 𝑡)) and 
the transit time distributions of water in outflow (𝑃𝑄,1(𝑇 , 𝑡), 𝑃𝑄,2(𝑇 , 𝑡)) can be calculated from the ACE (Eqs. (3) and (1a)). (c) The breakthrough concentration of 
a contaminant leaving the control volume, 𝐶𝑄(𝑡), is the flow-weighted sum of outflow concentrations associated with upstream and distributed source inflows, 
obtained by convolving the source-dependent inflow concentrations and transit time distributions (Eqs. (5a) and (5b)).
The outflow concentrations 𝐶𝑄,1(𝑡) and 𝐶𝑄,2(𝑡) can be represented 
as convolutions of the inflow solute concentrations for these two 
sources (𝐶𝐽 ,1(𝑡), 𝐶𝐽 ,2(𝑡)) and their corresponding transit-time distribu-
tions (𝑝𝑄,1(𝑇 , 𝑡), 𝑝𝑄,2(𝑇 , 𝑡)) (arrow between panels (b) and (c), Fig.  3):

𝐶𝑄,1(𝑡) = 𝐶𝐽 ,1(𝑡) ∗ 𝑝𝑄,1(𝑇 , 𝑡) (5a)

𝐶𝑄,2(𝑡) = 𝐶𝐽 ,2(𝑡) ∗ 𝑝𝑄,2(𝑇 , 𝑡) (5b)

Combining Eqs. (4a)–(5b) we arrive at the following expression for 
the breakthrough concentration at the outlet: 
𝐶𝑄(𝑡) = 𝜔1(𝑡) ×

(

𝐶𝐽 ,1(𝑡) ∗ 𝑝𝑄,1(𝑇 , 𝑡)
)

+ 𝜔2(𝑡) ×
(

𝐶𝐽 ,2(𝑡) ∗ 𝑝𝑄,2(𝑇 , 𝑡)
)

(6)

2.3. Solving the water balance for upstream and distributed sources

To implement this extension of unsteady transit time theory, the 
ACE must be solved twice: once for upstream sources and once for 
distributed sources. This requires that the unsteady water balance over 
the control volume be known or estimated separately for each source 
(Fig.  3a). To that end, let 𝑓2(𝑡) ∈ [0, 1] [unitless] represent the fraction 
of total storage from distributed sources at any time 𝑡: 
𝑆1(𝑡) = (1 − 𝑓2(𝑡))𝑆(𝑡) (7a)

𝑆2(𝑡) = 𝑓2(𝑡)𝑆(𝑡) (7b)

To proceed, we must make an assumption about how water from 
distributed sources in storage contributes to outflow. Given the broad 
spatial dispersion of distributed source inflows (orange arrows in Fig. 
3), it is reasonable, at least as a starting point, to assume that this 
water is uniformly sampled for outflow across a wide distribution of 
travel times. These range from very short (e.g., for distributed source 
water entering near the base of the reservoir near the drinking water 
intake) to very long (e.g., for distributed source water entering at the 
far upstream end of the reservoir). Under this assumption, the fraction 
of distributed water in outflow matches its fraction in storage: 
𝑄 (𝑡) = (1 − 𝑓 (𝑡))𝑄(𝑡) (8a)
1 2

5 
𝑄2(𝑡) = 𝑓2(𝑡)𝑄(𝑡) (8b)

𝜔1(𝑡) = (1 − 𝑓2(𝑡)) (8c)

𝜔2(𝑡) = 𝑓2(𝑡) (8d)

Substituting Eqs. (7b) and (8b) into the dynamic water balance for 
distributed sources, 𝑑𝑆2

𝑑𝑡 = 𝐽2(𝑡) − 𝑄2(𝑡), we arrive at the following 
differential equation for the fraction of water in storage and outflow 
from distributed sources: 
𝑑𝑓2
𝑑𝑡

=
𝐽2(𝑡)
𝑆(𝑡)

− 𝑓2(𝑡)
𝐽 (𝑡)
𝑆(𝑡)

(9a)

𝑓2(0) =
𝐽2
𝐽

(9b)

The initial condition for 𝑓2(𝑡) (Eq. (9b)) has been set equal to the 
average fraction of total inflow from distributed sources; the differential 
equation for 𝑓2(𝑡) (Eq. (9a)) quickly loses memory of the initial condi-
tion (see Appendix A), so the choice of initial condition is somewhat 
arbitrary. In our application of Eq. (9a), the functions 𝑆(𝑡), 𝐽 (𝑡) and 
𝐽2(𝑡) are known from measurements of pool elevation and inflow to the 
Occoquan Reservoir. Thus, Eq. (9a) can be solved numerically to yield 
𝑓2(𝑡), from which the complete dynamic water balance for upstream 
sources (𝑆1(𝑡) and 𝑄1(𝑡)) and distributed sources (𝑆2(𝑡) and 𝑄2(𝑡)) can 
be obtained (see Eqs. (7a)–(8b)).

3. Methods and materials

The extended version of unsteady transit time theory described 
above was applied to the Occoquan Reservoir on a daily timestep over 
an 11-year period, from January 1, 2010 to December 31, 2020, as 
follows.

3.1. Dynamic reservoir water balance

A daily reservoir water balance was performed over the 11-year 
period, including reservoir inflows, 𝐽 (𝑡), reservoir outflows, 𝑄(𝑡), and 
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reservoir storage, 𝑆(𝑡). Inflows to the reservoir include precipitation 
on the reservoir surface, 𝐽P(𝑡), UOSA’s reclaimed water, 𝐽UOSA(𝑡), wa-
tershed runoff and urban runoff from Bull Run, 𝐽BR(𝑡) and the Occo-
quan River, 𝐽OR(𝑡), and net inputs from ungauged surface inflows and 
groundwater, 𝐽UG/GW(𝑡). Outflows include evaporation off the reservoir 
surface, 𝑄E(𝑡), abstraction by the Griffith drinking water treatment 
plant, 𝑄DWTP(𝑡), and discharge over the dam’s spillway, 𝑄Dam(𝑡).
𝑑𝑆
𝑑𝑡

= 𝐽P(𝑡) + 𝐽UOSA(𝑡) + 𝐽BR(𝑡) + 𝐽OR(𝑡) + 𝐽UG/GW(𝑡)

− 𝑄DWTP(𝑡) −𝑄E(𝑡) −𝑄Dam(𝑡) (10)

Daily storage volumes, 𝑆(𝑡), were estimated from measured reser-
voir pool elevation using a stage-volume rating curve. Stream and 
reclaimed water inflows were derived from gauged discharge mea-
surements and utility data, while precipitation and evaporation were 
estimated from on-site weather observations. Outflow over the dam 
was estimated from a calibrated Weir equation (King, 1918), and net 
ungauged/groundwater inflow was estimated by difference. Additional 
details, including data sources and calibration procedures, are provided 
in Appendix B.

3.2. Dynamic upstream- and distributed-source water balance

Upstream-source inputs were defined, for the purposes of this study, 
to include water entering the head of the reservoir from Bull Run, 
UOSA’s reclaimed water, and the Occoquan River: 
𝐽1(𝑡) = 𝐽BR(𝑡) + 𝐽UOSA(𝑡) + 𝐽OR(𝑡) (11a)

𝐽BR(𝑡) = 𝐽ST45(𝑡) − 𝐽UOSA(𝑡) (11b)

𝐽OR(𝑡) = 𝐽ST10(𝑡) (11c)

Because UOSA’s reclaimed water is discharged to Bull Run upstream 
of monitoring station ST45 (Fig.  1), the portion of flow coming from the 
Bull Run watershed can be isolated by taking the difference between 
the daily stream flow measured at ST45, 𝐽ST45(𝑡), and the daily flow of 
UOSA’s reclaimed water into Bull Run, 𝐽UOSA(𝑡) (Eq. (11b)). The flow 
of water into the Occoquan Reservoir from the Occoquan River was 
equated to streamflow measurements at ST10, 𝐽ST10(𝑡) (Eq. (11c)).

Distributed source inputs included precipitation on the reservoir 
surface and inflows along the perimeter of the reservoir from ground-
water and smaller ungauged streams. 
𝐽2(𝑡) = 𝐽P(𝑡) + 𝐽UG/GW(𝑡) (12)

While the inflow from direct precipitation on the reservoir was mea-
sured, inflow from small streams and groundwater along the reservoir’s 
perimeter were inferred from all other measurements by rearranging 
Eq. (10).

From the daily estimates of distributed source inflows, 𝐽2(𝑡), total 
inflow, 𝐽 (𝑡) = 𝐽1(𝑡)+𝐽2(𝑡), and reservoir storage, 𝑆(𝑡), the daily fraction 
of distributed source water in reservoir outflow, 𝑓2(𝑡), was obtained 
by numerically integrating Eq. (9a). The corresponding proportion of 
reservoir outflow from upstream sources, 𝑄1(𝑡), and distributed sources, 
𝑄2(𝑡), was computed from Eqs. (8a) and (8b), respectively, where the 
total daily outflow from the reservoir was estimated as follows: 
𝑄(𝑡) = 𝑄DWTP(𝑡) +𝑄E(𝑡) +𝑄Dam(𝑡) (13)

3.3. Inflow concentrations for upstream and distributed sources

During storm events, inflow to the Occoquan Reservoir can increase 
by several orders of magnitude, and in this region contaminant con-
centrations are often inversely correlated with flow (Bhide et al., 2021; 
Pandit et al., 2025). To obtain unbiased estimates of contaminant mass 
loading rates (Appling et al., 2015), we therefore constructed synthetic 
hourly time series of Na+, Cl−, and NO−

3  concentrations for all reservoir 
inflows based on daily-to-weekly measurements of these analytes in 
6 
UOSA’s reclaimed water and in grab samples collected at stations ST10 
(upstream of the reservoir on the Occoquan River) and ST45 (upstream 
of the reservoir on Bull Run) (Fig.  1).

Specifically, multiple linear regression (MLR) models were created 
for each inflow and contaminant, adopting measured contaminant 
concentration as the dependent variable and a set of stakeholder-
recommended environmental variables as potential covariates (Ap-
pendix C). Where data gaps prevented MLR model construction, a 
persistence model was adopted; i.e., daily concentrations were set equal 
to the last measured value (Heasley et al., 2021). These synthetic hourly 
concentration time series were paired with corresponding hourly flow 
data and aggregated into daily mass loads and average concentrations 
using the USGS software loadflex (Appling et al., 2015) for: (1) the 
Occoquan River, 𝐶𝐽 ,OR(𝑡), based on measurements on grab samples 
collected at ST10; (2) UOSA’s reclaimed water, 𝐶𝐽 ,UOSA(𝑡), based on 
measurements on grab samples of the reclaimed water; and (3) Bull 
Run downstream of UOSA’s discharge, based on measurements on grab 
samples collected at ST45, 𝐶𝐽 ,ST45(𝑡). The corresponding daily inflow 
concentration for Bull Run (upstream of UOSA’s discharge point), 
𝐶𝐽 ,BR(𝑡), was calculated by performing a daily mass balance over the 
confluence (see Appendix C for details).

Daily average contaminant concentrations in precipitation falling on 
the reservoir, 𝐶𝐽 ,P(𝑡), was estimated by adopting a persistence model 
on weekly National Atmospheric Deposition Program (NADP) data at 
station #MD99, the nearest NADP station, located approximately 50 km 
northeast of the reservoir in Beltsville, MD (Conrad-Rooney et al., 
2023).

The daily average contaminant concentrations in ungauged streams 
and groundwater discharging to the reservoir are unknown, but are 
approximated here by using as a proxy concentrations measured in one 
of the other gauged inflows to the reservoir. There were three possible 
inflows that could have been used for this purpose: Occoquan River, 
𝐶𝐽 ,OR(𝑡), Bull Run, 𝐶𝐽 ,BR(𝑡), or UOSA’s reclaimed water, 𝐶𝐽 ,UOSA(𝑡). 
UOSA’s reclaimed water was ruled out as treated sewage is unlikely 
to capture the magnitude or timing of inflow concentrations from 
ungauged streams and groundwater. Of the two gauged tributaries, the 
Occoquan River watershed is most similar to the ungauged portion 
of the watershed surrounding the reservoir in terms of land use and 
imperviousness. In 2016, the Occoquan River watershed was 5% imper-
vious, 38% forested, and 18% developed, compared to 8% impervious, 
53% forested, and 38% developed in the ungauged area. In contrast, 
the Bull Run watershed is more heavily developed (18% impervious, 
30% forested, and 47% developed) (Dewitz, 2020). Therefore, con-
centrations in the inflow from ungauged and groundwater sources 
were approximated as follows, where 𝑎 is model fitting parameter: 
𝐶𝐽 ,UG/GW(𝑡) = 𝑎𝐶𝐽 ,OR(𝑡).

From the source-specific daily concentration estimates described 
above, we constructed daily timeseries of inflow concentrations from 
upstream sources, 𝐶𝐽 ,1(𝑡), and distributed sources, 𝐶𝐽 ,2(𝑡). The time-
varying upstream concentration was calculated as the flow-weighted 
average of daily concentrations in UOSA’s reclaimed water, 𝐶𝐽 ,UOSA(𝑡), 
along with watershed outflow from Bull Run, 𝐶𝐽 ,BR(𝑡), and the Occo-
quan River, 𝐶𝐽 ,OR(𝑡): 

𝐶𝐽 ,1(𝑡) =
𝐶𝐽 ,UOSA(𝑡)𝐽UOSA(𝑡) + 𝐶𝐽 ,BR(𝑡)𝐽BR(𝑡) + 𝐶𝐽 ,OR(𝑡)𝐽OR(𝑡)

𝐽UOSA(𝑡) + 𝐽BR(𝑡) + 𝐽OR(𝑡)
(14)

The time-varying distributed-source concentration was calculated 
as the flow-weighted average of daily contaminant concentrations in 
inflows from groundwater and ungauged streams along the reservoir’s 
perimeter, 𝐶UG/GW(𝑡), and direct precipitation on the reservoir, 𝐶𝑃 (𝑡): 

𝐶𝐽 ,2(𝑡) =
𝐶𝐽 ,UG/GW(𝑡)𝐽UG/GW(𝑡) + 𝐶𝐽 ,P(𝑡)𝐽P(𝑡)

𝐽 (𝑡) + 𝐽 (𝑡)
(15)
UG/GW P
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3.4. StorAge selection (SAS) functions for upstream and distributed sources

3.4.1. SAS function for distributed sources
Consistent with the assumption underlying the water balance for 

distributed sources (see Eq. (9a) and discussion thereof), we assumed 
that a uniform SAS describes the selection of distributed source water 
and contaminants for outflow from the reservoir, 𝛺2(𝑆𝑇 ).

3.4.2. SAS functions for upstream sources
Five different candidate SAS functions were trialed for the selection 

of upstream source water and contaminants from storage for outflow 
from the reservoir, 𝛺1(𝑆𝑡), including the Shifted-Uniform, Uniform, 
Plug Flow, stationary Gamma, and non-stationary Gamma (Kim et al., 
2016). The Shifted-Uniform function is a recently introduced stationary 
SAS function whose single parameter, 𝑝 ∈ [0, 1], indicates where an 
unsteady hydrologic system falls along a spectrum between a pure 
Uniform SAS function (𝑝 = 0) and a pure Plug Flow SAS function 
(𝑝 = 1) (Grant and Harman, 2022). As recommended by Harman 
and Xu Fei (2024), both stationary and non-stationary versions of the 
Gamma distribution were evaluated. The stationary version has two 
parameters, a shape parameter 𝛼 (unitless) and a scale parameter 𝛽
(units of volume). The non-stationary version has only one parameter 
(the shape parameter, 𝛼) because the scale parameter is set equal to the 
measured volume of water in reservoir storage, 𝛽(𝑡) = 𝑆1(𝑡). Details are 
presented in Appendix B.

3.5. Kinetic models for in-reservoir contaminant removal

We evaluated three kinetic models of in-reservoir contaminant re-
moval: null, stationary, and non-stationary.

3.5.1. No removal (null model)
The Null Model, evaluated for all three contaminants (Na+, Cl−, and 

NO−
3 ), assumes that no removal occurs as water transits the reservoir.

3.5.2. Stationary first-order removal (stationary model)
The Stationary Model, which was evaluated for all three contami-

nants (Na+, Cl− and NO−
3 ), assumes that in-reservoir removal follows 

transit-time dependent first-order kinetics with a fixed rate constant 𝑘
(units of inverse residence time).

3.5.3. Non-stationary first-order removal (non-stationary model)
For NO−

3 , we also evaluated a non-stationary first-order rate model 
that accounts for seasonal and temperature-driven variability in the 
rate constant, 𝑘(𝑡). This was motivated by two key observations: (1) 
UOSA seasonally adjusts its denitrification processes to increase nitrate 
concentrations in reclaimed water during summer stratification, with 
the goal of limiting hypolimnetic anoxia and the associated release of 
phosphorus and heavy metals from reservoir sediments (Randall and 
Grizzard, 1995); and (2) much of the nitrate released by UOSA during 
this period is subsequently denitrified in the reservoir, as nitrate-rich 
effluent mixes into the oxygen-depleted hypolimnion. To capture this 
seasonal variability in the reservoir’s denitrification capacity (which is 
greater during stratification), we allowed the removal rate constant 𝑘(𝑡)
to vary with surface water temperature (Palacin-Lizarbe et al., 2018) 
where Temp(𝑡) is weekly measured reservoir surface water temperature 
at station R4 (pink triangle, Fig.  1), Tempavg is the 11-year average 
of surface water temperature measured at station R4, and 𝑐 and 𝑑 are 
model fitting parameters: 

𝑘(𝑡) = 𝑐

(

Temp(𝑡)
Temp

)𝑑

(16)

avg

7 
3.5.4. Incorporating removal into the convolution integrals
The null (NULL), stationary (S) and non-stationary (NS) kinetic 

models described above for contaminant removal in the reservoir were 
incorporated into the convolution integrals in Eq. (6) as follows: 

(𝐶𝐽 ∗ 𝑝𝑄)NULL = ∫

𝑡

0
𝐶𝐽 (𝑡 − 𝑇 ) 𝑝𝑄(𝑇 , 𝑡) 𝑑𝑇 (17a)

(𝐶𝐽 ∗ 𝑝𝑄)S = ∫

𝑡

0
𝐶𝐽 (𝑡 − 𝑇 ) 𝑝𝑄(𝑇 , 𝑡) 𝑒−𝑘𝑇 𝑑𝑇 (17b)

(𝐶𝐽 ∗ 𝑝𝑄)NS = ∫

𝑡

0
𝐶𝐽 (𝑡 − 𝑇 ) 𝑝𝑄(𝑇 , 𝑡) 𝑒− ∫ 𝑡

𝑡−𝑇 𝑘(𝑥) 𝑑𝑥 𝑑𝑇 (17c)

3.6. Parameter inference and model structure ranking

Model calibration and model structure selection proceeded in two 
steps. First, the model was fit to 11 years of weekly or higher frequency 
Na+ and Cl− measurements at the base of the reservoir near the 
drinking water intake (station ST01, yellow star in Fig.  1). The goal of 
this first step was to identify an appropriate SAS function for upstream 
sources of water and contaminants (i.e., contaminants entering the 
reservoir from UOSA’s reclaimed water, the Occoquan River, and Bull 
Run, 𝛺1(𝑆𝑡)), using a set of analytes (sodium and chloride) which, as 
will be documented below, behave relatively conservatively as they 
transit through the reservoir. To this end, a total of 10 different model 
structures were evaluated for Na+ and Cl− (Tables E.1 and E.2), includ-
ing combinations of five SAS functions (Shifted-Uniform, Uniform, Plug 
Flow, stationary Gamma, and non-stationary Gamma) and two kinetic 
models (Null and Stationary first-order removal).

The upstream-source SAS function, 𝛺1(𝑆𝑡), identified in the first step 
should apply equally well to any contaminant entering the reservoir 
from reclaimed water and the upstream tributaries. Accordingly, in the 
second step the best-performing SAS function from the first step was 
used to model the transport of NO−

3  under a broader set of removal 
assumptions (Null, Stationary, and Non-Stationary). The focus of this 
second step was to calibrate the Non-Stationary model for nitrate 
removal in the reservoir, and compare its performance to the Null and 
Stationary kinetic models.

Model fitting was carried out using Bayesian Markov Chain Monte 
Carlo (MCMC) simulations implemented in the pymcmcstat Python 
package (Miles, 2019). The model fitting exercise excluded the first 
120-days of the 11-year study period, to allow for model spin-up (see 
Appendix A). The number of inferred parameters ranged from one (for 
the Uniform or Plug Flow SAS functions paired with the Null kinetic 
model) to five (for the stationary Gamma SAS function paired with the 
Non-Stationary kinetic model; see Appendix E). All model simulations 
were performed using mesas.py (Harman and Xu Fei, 2024).

Model performance was evaluated with respect to both predictive 
error and model parsimony. Predictive error was quantified using 
the root mean squared error (RMSE) between simulated breakthrough 
concentrations and observed concentrations at the base of the reservoir 
near the drinking water intake (at station ST01, Fig.  1), as well as 
Nash–Sutcliffe Efficiency (NSE) which ranges from -∞ to 1, where 
negative values indicates that the model represents the data worse 
than the mean and the upper limit indicates a perfect representa-
tion of the data (Weglarczyk, 1998). The different model structures 
were ranked by Bayesian Information Criterion (BIC), which penalizes 
overparameterization (Brewer et al., 2016).

3.7. Field data collection and analytical methods

Na+, Cl−, and NO−
3  concentrations in reclaimed water were reported 

by UOSA and measured by a certified in-house or commercial labora-
tory using standard methods. All other measurements of these three 
analytes were performed by the Occoquan Watershed Monitoring Labo-
ratory (OWML) in Manassas, Virginia, using standard methods. Weekly 
grab samples collected from the dam spillway (ST01), downstream of 
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Fig. 4. (a) Daily inflows (top panel) and outflows (bottom panel) for the Occoquan reservoir over 11 years, from January 1 2010 to December 31, 2020 (𝑁 = 4018
days). Vertical light blue stripes denote dry weather periods when inflows from the watershed fall near or below inflow from UOSA’s reclaimed water. (b) Daily 
rainfall (top panel) and NASA Land Surface Model estimates of potential evapotranspiration (PET, bottom panel) in the watershed (0.125◦ × 0.125◦ pixel centered 
on the nearby Occoquan Forest). (c) Monthly average values of inflows and outflows. (d) Monthly average values of daily rainfall and PET estimates in (c). 
Shaded bands represent standard error of the mean. Numbered months in panels (c) and (d) are as follows: 1 = January; 2 = February; 3 = March; 4 = April; 5 
= May; 6 = June; 7 = July; 8 = August; 9 = September; 10 = October; 11 = November; 12 = December.
UOSA on Bull Run (ST45), and from the Occoquan River (ST10) were 
field-filtered using 0.45 𝜇𝑚 syringe filters (Filtrous Lab, 30 mm GFP) 
and transported on ice to the OWML within 4 h of collection. Within 
24 h of arrival, the pre-filtered samples were analyzed for Na+, Cl−
using ion chromatography (Dionex ICS-5000), following ASTM D6919-
09 and Standard Method 4110 B-2011. At the same sampling sites, 
additional (unfiltered) samples were collected and transported to the 
OWML on ice where they were immediately filtered through a 1.5 𝜇𝑚
glass microfiber filter (Whatman, 934-AH) and stored at −20 ◦C prior 
to analysis. Within 28 days of arrival, 200 mL of the filtered sample 
was analyzed for dissolved nitrate (Astoria Pacific, Model 311 Autoan-
alyzer with 305D Detector; SM4500-NO−

3  F). Nitrate concentrations are 
reported as mg/L of N. All analyses were conducted in accordance with 
the OWML’s Virginia Environmental Laboratory Accreditation Program 
(VELAP #460026).

Daily stream discharge at gauge stations on the Occoquan River 
(ST10) and on Bull Run (ST45), and flow out of the reservoir through 
the dam’s spillway (ST01) were also measured by the OWML (Appendix 
B). Daily discharge of reclaimed water to Bull Run was provided by 
UOSA. Daily precipitation on the reservoir surface was measured at 
a rain gauge in Lorton, VA, near station ST01 (Appendix B). Daily 
estimates of local potential evapotranspiration (PET) in the watershed 
(for a pixel (0.125◦ × 0.125◦) centered on the nearby Occoquan Forest) 
were obtained from NASA’s land surface model (NLDAS-Noah) using 
the Data Rods Explorer (https://apps.hydroshare.org/apps/data-rods-
explorer).

4. Results

4.1. Reservoir water balance

Over the 11-year study period, average daily inflows to the reser-
voir, 𝐽 (𝑡), decreased in order (top panel, Fig.  4a): Occoquan River (987 
8 
megaliters per day (ML day−1)) > Bull Run (520 ML day−1) > ungauged 
sources (361 ML day−1) > UOSA’s reclaimed water (125 ML day−1) >
direct precipitation on the reservoir surface (17 ML day−1). Average 
daily outflows from the reservoir decreased in order (bottom panel, 
Fig.  4a): flow over the Dam’s spillway (1735 ML day−1) > abstraction 
by Fairfax Water’s Griffith Drinking Water Treatment Plant (253 ML 
day−1) > evaporation (22 ML day−1). Reservoir storage varied from 28 
to 44 GL, with a mean of 33 GL.

On a day-to-day basis, inflow from the watersheds varies dramati-
cally (in some cases increasing >100-fold during storm events) while 
inflow of UOSA’s reclaimed water is relatively steady. Occasionally, 
during prolonged dry weather, inflow to the reservoir from Bull Run 
and the Occoquan River fall close to, or below, inflow from UOSA’s 
reclaimed water, highlighting the drought resilience benefits of indi-
rect potable reuse in this system (see vertical light blue stripes, Fig. 
4a,b). During these dry weather periods the primary outflow from the 
reservoir is abstraction by the Griffith DWTP.

The corresponding seasonal patterns are illustrated in Figs.  4c,d. De-
spite higher average precipitation during the summer, monthly average 
inflow to the reservoir from the Occoquan River and Bull Run decline 
sharply from June through September (Fig.  4c), reflecting the influence 
of increased evapotranspiration across the watershed in the summer 
(Figs.  4d). The seasonal pattern of outflow from the reservoir over the 
dam spillway closely follows the seasonal patterns of inflow from the 
Occoquan River and Bull Run (compare top and bottom panels, Figs. 
4c).

4.2. Upstream and distributed source water balance

The daily inflows described in the previous section were partitioned 
into upstream sources, 𝐽1(𝑡), and distributed sources, 𝐽2(𝑡) (see Eqs. (12) 
and (11a)). On average, upstream sources account for ≈ 78% of total 

https://apps.hydroshare.org/apps/data-rods-explorer
https://apps.hydroshare.org/apps/data-rods-explorer
https://apps.hydroshare.org/apps/data-rods-explorer
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Fig. 5. Measured or imputed daily (left panels) and monthly average (right panels) inflows, storage, and outflows associated with upstream sources (Occoquan 
River, Bull Run, and UOSA’s reclaimed water) and distributed sources (small ungauged streams and groundwater inflows along the reservoir’s perimeter, along 
with direct wet deposition on the reservoir surface). Vertical light blue stripes denote dry weather periods when inflows from the watershed fall close to, or 
below, inflow from UOSA’s reclaimed water. (a, b) Inflows from upstream, 𝐽1(𝑡), and distributed, 𝐽2(𝑡), sources. (c, d) Division of total reservoir storage volume 
between upstream, 𝑆1(𝑡), and distributed, 𝑆2(𝑡), sources. (e, f) Reservoir outflows from upstream, 𝑄1(𝑡), and distributed, 𝑄2(𝑡), sources. Shaded bands in panels 
(b), (d), and (f) represent standard error of the mean (not visible in some cases).
inflow to the reservoir, while distributed sources contribute ≈ 22%. 
Both exhibit substantial day-to-day variability, reflecting higher inflows 
during storm events (Fig.  5a). Seasonal variability is stronger in up-
stream inflows, which are higher in winter and lower in late summer, 
while distributed inflows are more constant over the year (Fig.  5b).

The daily fraction of reservoir storage originating from distributed 
sources, 𝑓2(𝑡), was estimated by numerically integrating Eq. (9a). Over 
the 11-year study period, the fraction 𝑓2(𝑡) ranged from 5 to 51%, 
with a mean (= 22 ± 10%) precisely equal to the fraction of inflow 
from distributed sources. The resulting partitioning of storage between 
upstream and distributed sources (𝑆1(𝑡) and 𝑆2(𝑡); Eqs. (7a) and (7b)) 
shows both daily and seasonal variability. Storms temporarily increase 
contributions from both upstream and distributed sources (Fig.  5c), 
while the seasonal mix of water in storage shifts toward upstream 
sources in winter and toward distributed sources in late summer and 
early fall (Fig.  5d).

The seasonal cycles of upstream and distributed outflows closely 
track the seasonal cycles of upstream and distributed inflows, indicating 
that on a month-to-month basis inflows and outflows from each source 
are effectively balanced (Fig.  5b,f). On daily timescales, however, the 
most striking difference is in the minimum values: distributed inflows 
(𝐽2(𝑡)) frequently decline to near zero during dry periods (vertical light 
blue stripes), whereas distributed outflows (𝑄2(𝑡)) remain sustained 
(compare brown curves in Figs.  5a and e). This pattern reflects the 
reservoir’s buffering role: the release of previously stored water from 
distributed sources maintains a base level of outflow, effectively rais-
ing the minimum outflow during inflow deficits while preserving the 
broader seasonal cycle.
9 
4.3. Upstream source pollutant concentrations

Fig.  6a shows daily measured or imputed values of Na+, Cl−, and 
NO−

3  concentrations in upstream source (𝐶𝐽 ,1) inflows to the reservoir 
(blue points in the figure). Among the three upstream sources (re-
claimed water, Bull Run, and the Occoquan River), concentrations in 
UOSA’s reclaimed water (𝐶𝐽 ,UOSA) are generally highest, except during 
winter deicer wash-off events when Na+ and Cl− levels in Bull Run 
and the Occoquan River occasionally exceed those in reclaimed water 
(compare blue and black points in the top two panels of Fig.  6a).

Seasonal trends in upstream-source concentrations include (blue 
curves, Fig.  6b): (1) bimodal peaks in Na+ and Cl−, with winter 
peaks driven by deicer runoff from impervious urban areas in the 
Occoquan River and Bull Run watersheds and summer peaks likely 
reflecting reduced dilution of UOSA’s effluent during periods of low 
inflow from those watersheds; and (2) a strong summer peak in NO−

3 , 
consistent with UOSA’s seasonal practice of suspending denitrification 
treatment processes (and thereby increasing nitrate concentrations in 
their reclaimed water) to help reduce hypolimnetic anoxia and limit the 
release of phosphorus and heavy metals from bottom sediments when 
the reservoir is stratified in the summer (Randall and Grizzard, 1995).

4.4. Parameter inference and model performance

Given the reservoir water balance and inflow concentrations pre-
sented above, we next evaluated a suite of transit time models (each 
combining alternative upstream source SAS functions and kinetic re-
moval models) for their ability to reproduce weekly measurements of 
Na+, Cl− and NO− at the base of the reservoir near the Griffith DWTP 
3
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Fig. 6. Measured or imputed Na+, Cl−, and NO−
3  concentrations in reservoir inflows from upstream sources (Occoquan River, Bull Run, and reclaimed water) and 

distributed sources (surface and groundwater inflows along the perimeter of the reservoir, and wet deposition on the reservoir surface). Daily values (left panels) 
and corresponding monthly averages (right panels) are shown separately for upstream sources (blue points and lines) and distributed sources (brown points and 
lines). Reclaimed water is shown separately for comparison (black points and lines).
Table 2
Inferred mean [95% CI] parameter values for Na+, Cl− and NO−

3 .
 Pollutant 𝑎 (unitless) 𝑝 (unitless) 𝑐 (units of inverse days) 𝑑 (unitless) RMSE (units of mg/L) NSE (unitless) 
 Na+ 0.97 [0.96, 0.98] 0.51 [0.51, 0.51] – – 4.79 0.65  
 Cl− 0.63 [0.63, 0.64] 0.51 [0.51, 0.51] – – 6.86 0.76  
 NO−

3 0.28 [0.05, 0.85] – 7.4 [6, 10] ×10−3 29 [21, 36] 0.29 0.55  
intake (station ST01, Fig.  1). Top-performing model variants were 
selected primarily based on parsimony (Bayesian Information Criterion, 
BIC) as summarized next.

4.4.1. Distributed source concentrations
One of the parameter values obtained through model fitting was 

the scaling constant, 𝑎, which converts measured concentrations in the 
Occoquan River into corresponding concentrations in ungauged surface 
water and groundwater entering the reservoir along its perimeter: 
𝐶UG/GW = 𝑎𝐶OR. In effect, the model uses concentrations measured in 
the Occoquan River as a proxy for concentrations in ungauged/ground-
water inputs, with the parameter 𝑎 adjusting the magnitude of this 
proxy to best match observed concentrations of Na+, Cl−, and NO−

3
at the base of the reservoir near the Griffith intake. The inferred 
values of 𝑎 (Table  2) suggest that, on average, ungauged/groundwater 
concentrations are lower than Occoquan River concentrations (i.e., 𝑎 <
1), which are already low compared to concentrations measured in 
Bull Run and UOSA’s reclaimed water (Figure C.1). Because measured 
concentrations in rain are also quite low (Figure C.1), the resulting 
distributed source concentrations (𝐶𝐽 ,2(𝑡), Eq. (15)), are substantially 
lower than upstream source concentrations (𝐶𝐽 ,1(𝑡), Eq. (14)) and ex-
hibit less seasonal variability (brown curves and points in Fig.  6a,b). 
An exception is Cl−, which shows a modest wintertime increase, likely 
reflecting road salt and perhaps septic field inputs from low-density 
residential communities located in the portion of the watershed that 
drains to the reservoir’s perimeter (as of 2016, 8% impervious).

4.4.2. SAS function for upstream-source water and solute transport
Five candidate SAS functions were evaluated for their ability to 

reproduce measured Na+ and Cl− concentrations at the base of the 
10 
reservoir. For Cl−, the Shifted-Uniform SAS had the lowest BIC (Ta-
ble E.2). For Na+, the stationary Gamma and Shifted-Uniform SAS 
functions have similar BIC values (1767 and 1773, respective, Table 
E.1). However, a strong correlation between the Gamma function’s 
shape (𝛼) and scale (𝛽) parameters indicates an equifinality problem; 
i.e., multiple combinations of the Gamma function’s parameter val-
ues yield similar model performance (Figure E.2). Accordingly, the 
Shifted-Uniform SAS was selected to represent upstream source trans-
port through the reservoir. Inferred values of the Shifted Uniform’s 
single parameter were the same for both solutes: 𝑝 = 0.51±0.003 (Table 
2 and Figure E.1.).

4.4.3. Kinetic models for Na+, Cl−, and NO−
3  removal

For Na+ and Cl−, the Null Model yielded the lowest BIC, indicat-
ing no appreciable removal as these ions pass through the reservoir 
(Tables E.1 and E.2). In contrast, the Non-Stationary Kinetic Model 
(Eq. (16)) performed best for NO−

3  (Table  2; Table E.3; Figure E.1), 
with most removal occurring during summer stratification (Fig.  7a). 
The corresponding annual average denitrification rate (4.9 ± 3.7 mol 
𝑁 m-2 year-1) is at the high end of values previously reported for 
lakes and reservoirs (0.013–2.93 mol 𝑁 m-2 year-1) (Piña-Ochoa and 
Álvarez-Cobelas, 2006; Mulholland et al., 2008) (Fig.  7b) consistent 
with the highly managed nature of nitrate in this system. Specifically, as 
noted earlier, during periods of reservoir stratification UOSA suspends 
denitrification treatment processes, thereby increasing the nitrate con-
centrations in their reclaimed water (see black points, bottom panel, 
Fig.  6a). The resulting combination of high nitrate concentrations, 
low dissolved oxygen, and abundant organic carbon concentrations 
provide ideal conditions for hypolimnetic denitrification (Seitzinger 
et al., 2006).
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Fig. 7. (a) The model-inferred non-stationary first-order reaction rate constant for nitrate removal in the reservoir, 𝑘(𝑡). (b) Model-inferred in-reservoir 
denitrification rate compared to denitrification rates previously reported for lakes and reservoirs (𝑁 = 30) (Piña-Ochoa and Álvarez-Cobelas, 2006; Mulholland 
et al., 2008). The model-inferred denitrification rate was calculated from the non-stationary first-order rate constant as follows, 𝑟(𝑡) = 𝑘(𝑡)𝐶(𝑡)ℎ(𝑡), where 𝐶(𝑡) and 
ℎ(𝑡) are the average measured nitrate concentration and water depth in the reservoir, respectively.
Fig. 8. (a) Weekly measured (blue circles) and daily model predicted (solid black curves) Na+ (top panel), Cl− (middle panel), and NO−
3  (bottom panel) 

concentrations near the Griffith drinking water treatment plant intake (ST01 in Fig.  1). Shaded bands represent estimates of model error. (b) Monthly average 
values of weekly measured (blue markers) model predicted (black curves) Na+ (top panel), Cl− (middle panel), and NO−

3  (bottom panel) concentrations near the 
Griffith drinking water intake. Shaded bands represent standard error of the mean.
4.4.4. Transit time model predictions at the base of the reservoir
The top-ranked models for Na+, Cl− and NO−

3  closely track measured 
concentrations of these three constituents at the base of the reservoir 
(Fig.  8a). The corresponding models for these three constituents utilize 
the same SAS functions for upstream (Shifted-Uniform) and distributed 
(Uniform) sources but differ with respect to the kinetic model employed 
(Null Kinetic Model for Na+ and Cl−, Non-Stationary Kinetic Model for 
NO−

3 ) and the inferred scaling of Occoquan River concentrations for 
ungauged/groundwater source inflows (𝑎 = 0.97, 0.63, and 0.28 for 
Na+, Cl−, and NO−

3 , respectively). These top-ranked models perform 
remarkably well given their simplicity, relying on just two parameters 
for Na+ and Cl− and four parameters for NO−

3  (see performance metrics 
in Table  2).

The seasonal patterns of measured and predicted Na+ and Cl−
concentrations at ST01 closely mirror those of upstream-source inflow 
concentrations (compare top two panels of Figs.  6b and 8b), consistent 
with the conservative nature of these two constituents in the reservoir. 
By contrast, inflow and outflow NO−

3  concentrations exhibit inverse 
seasonal patterns (higher summertime inflow concentrations but lower 
summertime outflow concentrations, compare bottom panels of Figs.  6b 
11 
and 8b) reflecting enhanced nitrate removal via denitrification during 
periods of reservoir stratification (Fig.  7a).

5. Discussion

In this section, we discuss how the unsteady transit time theory 
described here can support water quality management in complex One 
Water systems, and explore its broader applications as well as possible 
technical challenges.

5.1. Water quality management in one water systems

5.1.1. Source attribution and management interventions
A key advantage of unsteady transit time theory is its parsimony 

and strong physical basis, which together support transparent analysis 
of how individual sources contribute to observed contaminant levels at 
the drinking water intake. To illustrate the model’s utility for guiding 
intervention strategies and to gain mechanistic insight into seasonal 
patterns of Na+, Cl−, and NO−, we conducted a sensitivity analysis in 
3
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Fig. 9. Simulated effects of source-specific interventions on monthly average concentrations of Na+, Cl−, and NO−
3  at the base of the Occoquan Reservoir near the 

drinking water intake. Each column shows results for a different inflow – including UOSA’s reclaimed water, Bull Run, Occoquan River, and distributed sources 
– under scenarios where the inflow concentrations from that source were reduced by 0% (black), 50% (light blue), and 100% (dark blue), while all other model 
inputs were held constant. Results are based on daily simulations over the 11-year study period (2010–2021) using the top-ranked unsteady transit time models 
(see Table  2). The daily predictions (𝑁 = 4018) were averaged monthly to yield the seasonal patterns presented here.
which inflow concentrations in upstream sources (UOSA’s reclaimed 
water, Bull Run, and the Occoquan River) as well as in distributed 
sources (surface water and groundwater entering the reservoir along its 
perimeter, along with wet precipitation on the reservoir surface) were 
independently reduced by 0%, 50%, and 100%, while concentrations 
from all other sources were unchanged. For each intervention scenario, 
we simulated daily solute concentrations at the base of the reservoir 
over the 11-year study period and summarized the results as monthly 
averages (Fig.  9).

Three key insights emerge. First, reductions in distributed source 
concentrations have a negligible effect on solute concentrations at the 
drinking water intake. This outcome reflects both the relatively low 
volumetric contribution of distributed sources to the reservoir’s water 
balance (≈22% on average) and their generally low concentrations 
compared to upstream sources (𝑎 < 1, see Table  2). Second, reducing 
concentrations in UOSA’s reclaimed water leads to marked reductions 
in summertime Na+ and Cl− concentrations, effectively eliminating 
the summer peak in Na+ that we previously attributed to diminished 
dilution of reclaimed water with watershed runoff during the summer. 
Reclaimed water also exerts strong control over NO−

3  concentrations, 
with reductions in NO−

3  loading from this source lowering concentra-
tions of this nutrient throughout the year. Finally, the winter peaks in 
Na+ and Cl−, linked to deicer wash-off, are most sensitive to concen-
tration reductions in outflow from the Bull Run and Occoquan River. 
These results affirm the dominant role of UOSA’s reclaimed water 
in shaping summer-time chemistry at the drinking water intake, and 
urban runoff from the Bull Run and the Occoquan River watersheds in 
driving winter pulses of Na+ and Cl−. They also demonstrate the po-
tential of this modeling framework to support targeted, source-specific 
management of salinization and nutrient loading (Grant et al., 2025).

5.1.2. Comparison to spatially resolved reservoir models
Because unsteady transit time theory is grounded in control volume 

analysis (i.e., it is a lumped model), it avoids the need to explicitly 
12 
track internal water and solute movements within the reservoir. This 
structural simplicity allows for rigorous evaluation of alternative model 
structures (BIC ranking), rigorous statistical approaches for parameter 
inference (Bayesian MCMC), and rapid deployment for scenario testing 
(Fig.  9), and real-time interactive simulations (see next section). The 
unsteady transit time framework is also highly parsimonious, requiring 
only two fitted parameters for Na+ and Cl− and four for NO−

3  (Table 
2), supporting robust parameter inference and scenario exploration.

By contrast, spatially resolved process-based modeling tools such 
as CE-QUAL-W2 or Delft3D require detailed bathymetry and segmen-
tation, meteorological and heat flux data, hydrodynamic calibration 
(including turbulence/dispersion), and numerous water-quality rate co-
efficients and boundary conditions before they can be used to simulate 
reactive solute transport through a reservoir (Bai et al., 2022). In 
our experience at the Occoquan, graduate students required roughly 
a year to configure and calibrate a single CE-QUAL-W2 solution (Xu 
et al., 2007; Lodhi et al., 2019); by comparison, the unsteady transit 
time modeling framework presented here runs directly on measured 
reservoir inflows and outflows and can simulate decades of daily water 
quality at the drinking water intake in extraordinarily short run times 
(e.g., under 10 s on a standard laptop)—something that would be 
impractical with more complex spatially resolved models.

The trade-off for this parsimony and computational speed is that the 
transit time model cannot explicitly resolve within-reservoir circulation 
patterns or spatially resolved physicochemical processes that may in-
fluence the fate of some contaminants. For example, nitrate removal 
in the Occoquan Reservoir occurs primarily via denitrification in the 
hypolimnion during summer when the reservoir is stratified (Randall 
and Grizzard, 1995). While such stratification and depth-dependent 
reaction cannot be represented mechanistically within the transit time 
framework, they were successfully approximated here by allowing the 
transit-time–dependent reaction rate constant for denitrification to vary 
seasonally (e.g., higher during summer stratification, lower when the 
reservoir is mixed; Fig.  7). Other processes, such as turbulence-driven 
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exchange between the water column and sediments (Grant et al., 2020) 
and hyporheic exchange (Grant et al., 2020; Monofy et al., 2024), 
may be less amenable to representation in the transit time modeling 
framework. Systematic evaluation of conditions under which the un-
steady transit time framework and spatially resolved models perform 
best remains an important area for future research.

5.1.3. Interactive scenario testing and participatory modeling
The low computational cost of the unsteady transit time model 

makes it well suited for simulating water quality outcomes under 
alternative management scenarios in real time (Gray et al., 2017), 
allowing stakeholders to explore trade-offs by adjusting source-specific 
inflow concentrations and immediately observe the predicted outcomes 
of their choices, along the lines of Fig.  9. As part of a U.S. National 
Science Foundation funded Growing Convergence Research project, 
we are using this approach to support stakeholder-driven solutions to 
cascading water quality challenges in the Occoquan Reservoir, includ-
ing rising sodium ion concentrations (Bhide et al., 2021; Grant et al., 
2022, 2025). More generally, unsteady transit time theory provides 
a transferable foundation for modeling and managing source-specific 
contaminant dynamics in One Water systems, offering a scalable path-
way for integrating community and stakeholder input into coordinated, 
cross-sector responses to cascading water quality challenges.

5.2. Broader applications and technical insights

5.2.1. Shifted-uniform SAS function for upstream sources, 𝛺1(𝑆𝑡)
To represent upstream source transport through the reservoir, we 

evaluated five different SAS functional forms, of which the Shifted-
Uniform SAS emerged as the best choice based on model parsimony.

The Shifted-Uniform SAS function is a hydrologically unsteady ana-
log of the tanks-in-series models commonly used in chemical engineer-
ing for reactor design (Hill, 2014). This SAS function splits upstream-
source water and contaminants in storage into two tanks arranged 
in series (Grant and Harman, 2022) (Appendix D.1; Figure D.1). The 
upstream tank, which is assigned a plug-flow SAS, represents the 
advective transport of upstream-source water and solutes through the 
reservoir. The downstream tank, which is assigned a uniform SAS, 
represents dispersive mixing of upstream-source water and solutes as 
they transit through the reservoir. The SAS function’s only parameter, 
𝑝, represents the fraction of upstream source storage volume assigned to 
the upstream and downstream tanks, and thus the relative importance 
of advective versus dispersive mixing in the reservoir. The inferred 
value of the Shifted-Uniform SAS function parameter, 𝑝 = 0.51 ± 0.003, 
suggest that both down-reservoir advection (as modeled by the plug-
flow component of the Shifted Uniform SAS) and dispersive mixing 
(as modeled by the uniform component) play an important role in 
the transport of upstream sources through the reservoir (Grant and 
Harman, 2022; Harman, 2015; Benettin et al., 2022).

5.2.2. Uniform SAS function for distributed sources, 𝛺2(𝑆𝑡)
Distributed-source water and contaminant transport through the 

reservoir was represented here by a uniform SAS function—a choice 
justified by the diffuse nature of distributed inputs, which enter the 
reservoir all along its length and give rise to a broad distribution 
of transit times. The uniform SAS function, which samples water for 
outflow evenly from all ages in storage, provides a natural and par-
simonious representation of this spatially distributed inflow behavior. 
An important benefit of this assumption is that it enables an immediate 
solution of the water balance for upstream and distributed sources, 
yielding explicit expressions for their respective contributions to reser-
voir storage and outflow (see Eqs. (7a)–(9b)). While alternative SAS 
functions might more accurately capture the influence of distributed 
sources on outlet water quality, our choice of a Uniform SAS is un-
likely to bias results in the Occoquan Reservoir, where distributed 
sources contribute less inflow volume and contaminant mass, com-
pared to upstream-sources. In systems where distributed sources are 
more dominant, the appropriateness of a uniform SAS may need to be 
reevaluated.
13 
5.2.3. Extensibility to other environmental systems
While our implementation of unsteady transit time theory is framed 

around upstream and distributed source inflows to the Occoquan Reser-
voir, the underlying approach is broadly applicable to any system 
where solutes enter along distinct flow paths with different transit 
time distributions and source concentrations. This generalization of 
conventional unsteady transit time theory represents a key methodolog-
ical advance: it extends unsteady transit time theory beyond idealized, 
single-source catchments to more complex and realistic environmental 
systems in which multiple sources contribute to observed water quality 
at a shared outlet. The strength of the approach lies in its flexibility, as 
transit time models can be independently applied to each source and 
then combined to simulate total concentration dynamics.

However, this extension comes with an important caveat: a mixing 
model must be introduced to account for how solutes from different 
sources combine at the outlet. In our study, the task was relatively 
straightforward, as the volumetric contributions of upstream and dis-
tributed inflows were separately estimated, enabling their mixing to be 
resolved via simple mass balance. In general, however, outlet mixing 
can be complex and uncertain (Liao et al., 2025). For example, Westfall 
et al. (2025) recently identified and evaluated 15 alternative mixing 
models for observed concentration–discharge relationships in 23 Aus-
tralian streams. While outlet mixing remains a source of uncertainty 
and future research, the ability to represent source-specific dynamics 
using unsteady transit time theory represents a significant advance for 
environmental water quality modeling.

6. Conclusions

• This study extends unsteady transit time theory to settings with 
dual pollution sources, where a water body receives inputs both 
from upstream and from distributed sources along its perimeter.

• Applied to the Occoquan Reservoir, a drinking water supply for 
nearly one million people in Northern Virginia, the approach 
reproduced more than a decade of sodium, chloride, and nitrate 
measurements at the drinking water plant intake using only a 
handful of interpretable parameters.

• By avoiding the need to resolve detailed flow and transport 
within the reservoir, transit time theory simplifies model develop-
ment and enables real-time simulations to support collaborative 
decision making.

• The framework is likely transferable to other drinking water 
contaminants and, more broadly, to cases where pollution enters 
a receiving water from multiple sources.
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