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quantifying nutrient loads requires intensive sampling of both nutrient concentrations

monitoring are broadly available, but these data are thought to provide little informa-
tion on annual nutrient loads because they are typically collected during low, base-
flow conditions. Here, we demonstrate that these routine phosphorus measurements
are correlated with annual nutrient loads. We also show that the average of these
routine measurements of stream phosphorus within a watershed predict the aver-
age lake chlorophyll concentration in that same watershed. These relationships can
then be used to set targets for stream phosphorus concentrations to achieve desired

conditions in lakes.
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1 | INTRODUCTION

Streams regulate the downstream transport of terrestrially derived nutrients (Tank et al., 2008). Uptake and mineralization of nutrients in
streams involves cycling between the benthos and water column, resulting in spiraling of nutrients downstream (Hall et al., 1998; Meyer &
Likens, 1979; Mulholland et al., 1985, 1997; Newbold et al., 1983; Payn et al., 2005; Valett et al., 1996; Webster et al., 2003). The uptake of
both nitrogen and phosphorus is driven by abiotic and biotic drivers like sorption, microbial demand, and primary production (Griffiths &
Johnson, 2018; Hall et al., 2002; Meyer, 1979). This uptake scales with stream size or discharge but can vary depending on the nutrient spe-
cies (Hall et al., 2013; Tank et al., 2008). Importantly, nutrient uptake tends to scale with nutrient loading and nutrient concentration (Dodds
etal., 2002). However, at high concentrations, nutrient uptake becomes saturated and insufficient to balance increased anthropogenic nutrient
loads (Alexander et al., 2007; Bernot & Dodds, 2005); hence, nutrient concentrations and loads often increase with increasing human land use
and population density (Caraco & Cole, 1999; Howarth et al., 1996). Declines in stream processing efficiency and concomitant increases in
downstream export have implications for both streams themselves and downstream ecosystems such as estuaries and lakes.

Algal biomass in lakes is driven by nutrient loads. That is, when nutrient loads increase, algal biomass in most lakes also increases (Dillon
& Rigler, 1974; Filstrup et al., 2014; Smith, 1982), and this relationship has been found to hold for both nitrogen and phosphorus (Lewis &

Wurtsbaugh, 2008; Quinlan et al., 2021; Smith, 1982). Increased algal biomass is linked to other adverse conditions in lakes such as reduced
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Research Impact Statement

This paper demonstrates that measurements of total phosphorus collected in streams during routine monitoring predict chlorophyll

concentrations in lakes, informing development of nutrient criteria.

water clarity, increased anoxia or hypoxia, and increases in the proportion of cyanobacteria and the toxins they produce. Many of the latter
present risks for wildlife and human health.

Accurately quantifying nutrient loads requires frequent (e.g., daily) concurrent measurements of streamflow and nutrient concentrations
(Johnes, 2007), and the difficulty of acquiring these data has limited the availability of load information. In contrast, single, instantaneous
measurements of nutrient concentrations are broadly available as these data are frequently gathered as part of routine monitoring conducted
by state and federal agencies. Monitoring protocols typically specify that samples are collected during baseflow conditions, but in most
streams, nutrient loads are mostly transported during high stream flows (Novak et al., 2003). Phosphorus loads, in particular, can be sensitive
to stream flow because much of the phosphorus in a stream is sorbed to particulate material, which is mobilized to varying degrees during high
flows (Banner et al., 2009). Therefore, measurements of nutrient concentrations collected during routine monitoring generally do not provide
quantitative estimates of nutrient loads at specific sites. However, it is possible that, across many sites, baseflow measurements of nutrients
provide an indication of the relative magnitudes of nutrient loads. Based on this idea, we hypothesized that baseflow total phosphorus (TP)
concentrations are correlated with nutrient loads. Because of this correlation, we further hypothesized that average stream concentrations
measured during routine monitoring within a watershed predict lake chlorophyll concentrations within that same watershed. We tested these
hypotheses using data from the state of Minnesota and using data from a continental spatial scale. We then placed the results of our analysis
in the context of their utility for informing the development of targets for stream nutrient concentrations to achieve management goals in
downstream lakes.

2 | MATERIALS AND METHODS
2.1 | Data

We downloaded nutrient load data collected by Minnesota's Watershed Pollutant Load Monitoring Network (MNPCA, 2019) in 2017-2020.
Approximately 200 streams are included in this network and are intensively sampled, particularly during storm events, to characterize pollut-
ant loads. Load models relating pollutant concentrations to streamflow are fit for each site and used to estimate annual pollutant loads, which

are reported as an annual flow-weighted concentration of TP for each site (TP «)- We summarized these concentrations as the geo-

flow weighte:

metric mean TP for 2017-2020 for each site and designated these data as the “load database”. For each site, we also extracted the

flow weighted
in-stream TP concentrgation corresponding to the lowest recorded flow from 2017 to 2020 and used this value as an estimate for the baseflow
TP concentration at each site (TP, .¢0.)-

We also downloaded routine monitoring data for TP concentrations in streams and chlorophyll a (Chl) concentrations in lakes in Minnesota
from the Water Quality Portal, restricting our queries to samples collected in summers (June-August) of 2017-2020. Lakes in this dataset
were selected using a rotating basin design, such that over a 10-year period, all recreation lakes larger than 200 ha and a portion of all publicly
accessibly lakes greater than 40ha were sampled. We designated these data as the “sample database”. We matched sample locations to 12-
digit hydrological unit codes (HUCs) downloaded from https://hub.arcgis.com/datasets/mpca::huc-12-state-of-minnesota/explore. Specific
field protocols are described elsewhere (Heiskary & Bouchard, 2015; MNPCA, 2023a, 2023b).

We assembled continental-scale data for lakes and streams from the USEPA National Lakes Assessment (2007 and 2012) and from the
USEPA National Rivers and Streams Assessment (2008-2009, 2013-2014). Lakes greater than 4ha in 2007 and 1 ha in 2012 were selected
using a stratified random sampling design. Details for the sampling and laboratory protocols for these surveys are provided elsewhere
(USEPA, 2011, 2012, 2013), so here we only provide information regarding the parameters used in this analysis. For lakes, water samples were
collected near the surface with an integrated sampling device. Samples were filtered in the field with glass fiber filters, and Chl measured in
the lab. For streams, water samples were collected in the flowing portion of the stream near the center and returned to the lab. There, TP
concentrations were measured to pre-specified levels of precision. The 8-digit HUC associated with each sample was provided in the national

datasets, so for national-scale analysis we selected 8-digit HUCs as the spatial scale of the analysis.
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2.2 | Statistical analyses

We used the Minnesota TP load data to test our hypothesis that across many sites, baseflow TP concentrations are correlated with TP loads by
baseflow and TP
12-digit HUC is correlated with annual TP load. To compare mean TP in each 12-digit HUC (TP, ,c) to TP loads, we first excluded data from

examining the relationship between TP, We next tested whether mean TP collected during routine monitoring in each

flow-weighted*
the MN sample database that were included in the MN load database to ensure that the calculation of mean TP in any HUC was not affected
by measurements used to compute TP loads. For the remaining sample data, we randomly selected one TP measurement from each site in
the sample database to avoid overweighting sites with multiple samples. We then identified the 12-digit HUC where the site for each flow-
weighted TP concentration was located, calculated the geometric mean TP concentration from the sample database for sites located within
the same HUC (i.e,, TP,,c). We then examined the relationship between TP, to TPy, eighted:

We used a hierarchical Bayesian model to represent the relationship between mean TP in streams in a HUC from the Minnesota sample da-
tabase and average Chl in lakes in the same HUC. Applying a hierarchical model provided two benefits. First, the uncertainty in the estimates
of mean values for TP and Chl for each HUC varied because of differences in the number of samples available, and the hierarchical model
provided a robust framework for accounting for the effects of these differences among HUCs. Second, the model allowed us to partition the
variance in observations of Chl among three levels of organization: (1) temporal variability of Chl within individual lakes, (2) spatial variability
of mean Chl among lakes within a HUC, and (3) variability of mean Chl among HUCs in the full dataset.

Initial exploratory analysis suggested that a logistic function best represented the relationship between stream TP and lake Chl, and so we
specified the following relationship between the mean of In(Chl) in lakes in a HUC (Chl, ;) and the mean In(TP) in streams located in the same
HUC (i.e,, TP, ,c):

(bz - bl)
In(Chl =b, + e
n(Chlyyc) = by 1+ exp( — kIn(TPyyc) — po) ‘ ;

where by, b,, k, and p, are model parameters estimated from the data, and ¢ is a normally distributed error term with a standard deviation of 5.

Mean Chl concentrations in individual lakes (Chl _, ) were modeled as being normally distributed about the mean value for the HUC in

lake
which the lake is located:

In<ch'|ake,i,k[i]> ~ Normal(In(Chlyyyck ). o3). (@

where the index, j, refers to different lakes, and the index, k, refers to different HUCs. The parameter, o,, is the standard deviation of lake means

about the mean for the HUC. Then, individual measurements of In(ChlobS) were modeled as being normally distributed about the mean for each lake:

In(Chlagssyp ) ~ Normal(In(Chle;), o), ()

where the index, i, refers to individual measurements, and o is the standard deviation of measurements collected within each lake.
Individual TP measurements were modeled as being normally distributed about the mean for the HUC in which the stream is located:

In(TPobs’i‘k[i]) ~ Normal(In(TPyycy ). 04)- (4)

We fit this model to sample database using the statistical modeling software package, stan (Stan Development Team, 2016). (The stan code
is provided in supplemental information.) We fit the same model to the national data, but because a limited number of repeat measurements
were available in these lakes, we partitioned Chl measurements at only two levels of organization (site and HUC) and did not attempt to esti-

mate the temporal variability of Chl. In all other respects, the national model was identical to the model for MN.

3 | RESULTS

TP load estimates were available at 198 sites in MN. Baseflow TP concentrations were correlated with flow-weighted TP concentrations at
these sites (r=0.67, Figure 1). Flow-weighted concentrations were mostly greater than baseflow concentrations, as would be expected. At
a few sites, baseflow TP concentrations exceeded flow-weighted concentrations, indicating that TP concentrations were affected by point
source loads of TP, such that measured concentrations of TP decreased with increased flow due to dilution (Yuan, 2022). The variability in dif-
ferences between flow-weighted and baseflow concentrations was greatest in the middle of TP gradient (baseflow TP concentrations ranging
from 20 to 80pg/L).
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A total of 64 12-digit HUCs in MN had both load estimates and monitored values of TP (exclusive of the site where the load was estimated).
In these HUCs, TP
TP, .cefiow @Nd TP
gradient.

In the MN dataset, 7133 measurements of lake Chl were available, collected from 867 lakes and 263 12-digit HUCs. In those same HUCs,
after randomly selecting a single sample from each site, a total of 645 TP samples were available. Sampled lakes were distributed across the

flow-weighted concentrations were moderately correlated with TP, . (r=0.72, Figure 2). As with the comparison between

the greatest differences between TP, ,c and TP 4 concentrations were observed in the middle of the TP

flow-weighted’ flow-weighte

state.

Chl,,,c was accurately predicted as a logistic function of TP, in the MN data (Figure 3). Lake Chl, . initially increases with increased
TP, uc but at high concentrations of TP, the slope of the relationship approached zero. The standard deviation of In-transformed Chl, -
about this mean relationship was 0.49 (¢, in Equation 1). Other components of variance in Chl measurements were larger: the standard
deviation of In-transformed mean lake Chl about the HUC mean was 0.76 (o, in Equation 2), and the standard deviation of In-transformed
measurements of Chl within the same lake was 0.72 (s, in Equation 3). The total variance of Chl measurements about the HUC mean was 1.10
(0.76%+0.72).

The relationship between stream TP and lake Chl can potentially be used to set targets for stream TP to achieve desired concentrations
of Chlin lakes. To that end, the prediction intervals displayed in Figure 3 are calculated based on the variance among HUCs and among sites
within each HUC. Hence, the prediction intervals capture the range of mean Chl values in lakes one would expect, given a mean TP concen-
tration in a HUC. Variance associated with Chl measurements within individual lakes is not included because desired conditions in lakes are
usually expressed in terms of seasonal or long-term mean values of Chl.
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In the national dataset, 2821 measurements of lake Chl and 2444 measurements of stream TP were available, collected from 674 8-digit

XX

HUCs evenly distributed across the conterminous U.S. Chl,, - was accurately predicted as a logistic function of TP, ;. in the national dataset
(Figure 4). The mean relationship estimated for the national data were statistically indistinguishable from the relationship estimated in MN
(solid lines in Figure 4).

The estimated standard deviation of Chl, . about this mean relationship was 0.68. This value is greater than observed in MN likely be-
cause of the greater heterogeneity among HUCs at the larger spatial scale. The standard deviation of variations in In-transformed Chl mea-
surements about the average for the HUC was 0.99, a value that includes contributions from both among-lake differences within each HUC
and temporal variability within each lake. The variance associated with this standard deviation is 0.98, a value that is similar to the combined

variance of the same two partitions of variability in the MN data.

4 | DISCUSSION

Nutrient pollution is consistently ranked as one of the leading causes of degraded water quality in the world, contributing to responses that in-
clude hypoxia/anoxia, habitat loss, food web shifts, nuisance growths, aesthetic impacts, and harmful cyanobacterial blooms and cyanotoxins.
Total nitrogen and TP were identified as the most widespread stressors in US lakes (USEPA, 2022), with approximately 46% of lakes assessed
as having elevated concentrations of these nutrients. The same study found that TP was the stressor that posed the greatest relative risk,
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FIGURE 3 TPy versus Chl, . in Minnesota. Solid line: Mean logistic relationship. Dashed lines: 50% prediction interval, accounting for
variance among HUCs and among lakes within a HUC.
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FIGURE 4 TPy versus Chl, . (national data). Shaded area: 95% credible interval for mean relationship estimated from national data,
solid lines: 95% credible interval for mean relationship estimated from Minnesota data (see Figure 3).
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such that lakes with elevated concentrations of TP were 2.3 times more likely to also have poor biological conditions. Quantitative targets for
reducing TP concentrations in tributary streams and rivers would be useful for informing plans to improve lake water quality.

We have shown that mean stream TP concentrations in a watershed predicted mean lake Chl concentrations in that same watershed. We
have further found that the relationships estimated between TP and Chl at two disparate spatial scales were statistically indistinguishable
from one another. These consistent relationships occurred despite the extensive sequence of causal steps linking stream TP to lake Chl and
the variety of outcomes associated with each step. Here, we consider the possible reasons for the effectiveness of our model and the potential
applications of these results.

The correlation between baseflow TP concentrations (typically observed during routine monitoring) and flow-weighted TP is the primary rea-
son for the TP, ,.-Chl,, . relationship we observed. As noted earlier, the dependence of lake Chl on nutrient loads has been well established (Rast
et al., 1983; Vollenweider & Kerekes, 1982). Furthermore, it is understood that a single measurement of TP concentration, particularly at baseflow,

provides a poor estimate of annual load at that site. Indeed, at individual sites, we observed that TP, 4 ranged from 1 to 16 times TP,

flow-weighte baseflow

concentration. However, across a gradient of conditions, our analysis has demonstrated that we only require that baseflow concentrations are
correlated to loads to effectively predict lake Chl from stream TP, a much less stringent requirement of the data. The uncertainty inherent in trans-
lating mean watershed TP to an annual TP load contributes to the uncertainty in the TP, ,.-Chl,, . relationship, but notably, the magnitude of
this uncertainty was less than the variability of individual lake Chl within a HUC. Furthermore, the consistency of the TP, ,.-Chl,, . relationships
across disparate spatial scales suggests that the correlation between baseflow and flow-weighted TP may be robust to changes in location.

The correlation between baseflow TP concentrations and flow-weighted TP concentrations suggests that some mechanism connects low
flow to high flow nutrient concentrations. One possible explanation is the buffering effect of stream sediments, in which sediments adsorb
phosphorus when concentrations are high and release phosphorus at relatively low concentrations, especially as biological activity depletes
phosphorus in the water column. Hence, baseflow concentrations reflect the long-term loading patterns (Haggard et al., 2007). Also, the over-
all relationship between baseflow and flow-weighted TP was anchored by a strong relationship between the two values when baseflow con-

centrations were less than ~20pg/L. At these low concentrations, TPy, eighteqd WaS strongly correlated with TP Others have observed

baseflow’
that the contrast between nutrient concentrations during high and low flows was smaller in undisturbed, low nutrient catchments compared
to catchments with higher nutrient loads (Kunimatsu et al., 1999).

A variety of factors control how nutrient loads are expressed as changes in lake productivity, but variations among individual lakes do not
affect the relationship we estimated at the watershed scale. Characteristics of lake morphology such as depth, stratification, and retention
time status exert strong effects on how nutrient loads are related to changes in Chl (Fee, 1979; Vollenweider & Kerekes, 1982). Differences
in water clarity also affect productivity (Wagner et al., 2020), and different lakes also may be expected to have differences in internal loads
of nutrients that can affect the degree to which external nutrient loads change Chl (Soranno et al., 1997). In short, differences among lakes
can drastically alter how a given nutrient load translates to a Chl concentration. However, for this analysis, the variability in the responses of
individual lakes to TP loads is taken into account as a residual variability that is distinct from the uncertainty in the overall relationship between
HUC-averaged stream TP and lake Chl. That is, by predicting the mean Chlin a HUC, we averaged out differences among lakes and focused the
analysis on large-scale patterns between stream TP and lake Chl. Of course, characteristics of an individual lake need to be considered if one
is interested in predictions for that lake, but this analysis suggests that TP loads can be usefully estimated at the watershed scale.

Seminal studies on lake eutrophication linked estimates of nutrient loads to lake Chl (Dillon & Rigler, 1974; Rast et al., 1983; Vollenweider &
Kerekes, 1982), but the estimates of nutrient loads were difficult to obtain and hence, the number of lakes included in those models was small.
Our approach provides a way to vastly broaden the range of applicability of predictive models for lake Chl. Considering this broader range of
conditions indicated that the linear relationship between nutrient load and Chl may saturate at very high loads. At very low concentrations of
stream TP, we also observed a weak increase in lake Chl, but additional data at these concentrations are necessary.

Aggregating measurements of stream TP at the watershed scale also increased the sample size from which we could estimate mean TP concen-
trations, and thus, reduced the influence of single, anomalous measurements. Others have also observed that nutrient load estimates from individ-
ual streams can be highly uncertain, but that average loads across a basin can be more precisely quantified (Wellen et al., 2014). We also limited
our analysis to a single TP sample from each stream site whereas in the MN data and in other datasets, repeat measurements are often available.
Incorporation of these additional measurements would further improve the precision with which watershed mean TP can be quantified.

Water quality standards are a principal mechanism by which US waters are protected from pollution. These standards consist of the designated
uses of a waterbody, criteria that protect those uses, and policies to prevent degradation. Numeric criteria are developed to protect uses using a va-
riety of approaches, including dose-response models that link pollutant concentrations to adverse response conditions. Importantly, water quality
criteria must not only protect uses in situ (e.g., in a stream) but also downstream (e.g., a downstream lake). For nutrient criteria, stressor-response
models have often relied on empirical relationships between nutrient conditions and adverse ecosystem responses, but usually only for in situ rela-
tionships and almost never by relating downstream use endpoints to upstream concentrations (USEPA, 2010). The current analysis provides a direct
estimate of the TP concentrations in streams that are associated with a specific mean lake Chl target. This estimate can provide a starting point for
establishing stream nutrient criteria to maintain or improve lake conditions in a watershed. The watershed scale of this analysis is particularly well
suited for states and regions that focus on watersheds when managing water resources (Lintern et al., 2020).
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Further work can address some of the uncertainties remaining in this model. First, repeating this work in other locations would broaden
confidence in the applicability of these results. In particular, application of the approach in different regions could potentially highlight scenar-
ios in which the current method yields inaccurate predictions. The availability of monitoring data is key to this effort. Our approach of grouping
by HUC allowed the use of existing monitoring data, and monitoring datasets in other locations may be dense enough to repeat this analysis.
Alternatively, a targeted effort to measure nutrient concentrations in streams and Chl in downstream lakes would permit a deeper exploration
of factors that influence the TP-Chl relationship. Other nutrient species (e.g., nitrogen) are also associated with increased lake productivity
(Lewis et al., 2011; Paerl et al., 2016), and the current analysis is readily adaptable to quantify their effects.
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