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ABSTRACT 
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The accurate representation of the water quality constituents load transported by rivers and streams 

is crucial to understand the quality of the lakes, the behavior of the rivers, to assess the efficacy of 

water quality monitoring projects, and for the development of watershed models. Numerous 

statistical models have been developed to predict the water-quality constituent loads from the 

available data of sampled concentration and continuous discharge at a particular sampled location 

and to further analyze trends and changes in water quality. However, the performance of statistical 

models to estimate water quality constituent loads depends on many aspects including the type of 

water quality constituent, discharge-concentration relationship, sampling strategy and frequency, 

and the watershed area. This study evaluates the performance of a wide range of statistical models 

for the estimation of total suspended solids (TSS) and total phosphorus (TP) loads under various 

sampling scenarios and monitoring stations in Southern Ontario, Canada. Trends in TSS and TP 

concentrations and loads were further analyzed in major tributaries. The Weighted Regression on 

Time, Discharge, and Season Kalman Filter (WRTDS_K) model was found to be the most suitable 

model for predicting TSS loads at most sampling stations and under most sampling scenarios, 

while, the Weighted Regression on Time, Discharge, and Season (WRTDS) model was found to 

be the most suitable model for predicting TP loads. No statistical models showed the potential to 

predict accurate load estimates at monitoring stations with small drainage areas. Trend analysis 

over major tributaries revealed that trends in TSS concentrations and loads were found to be highly 

variable among tributaries, while, there was a significant decline in TP concentrations and loads 

over major tributaries. However, TSS and TP concentration levels in most tributaries were found 

to be significantly higher than the PWQMN objectives. 
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 INTRODUCTION 

The quality of water is of growing concern worldwide, with major implications on the health of 

rivers and downstream water bodies such as estuaries and lakes (Zhang et al., 2019). In particular, 

the eutrophication (nutrient enrichment) arising from excess nutrient loading to lakes is a growing 

concern. Eutrophication can influence the level of algal blooms that are considered to be very 

harmful (Michalak et al., 2013; Steffen et al., 2014; Higgins et al., 2008) and can further lead to 

hypoxic conditions in lakes (Scavia et al., 2014; Zhou et al., 2013). A significant proportion of 

planktonic algal blooms is triggered by cyanobacteria in several regions of North America, most 

particularly in places where high growth-limiting nutrient inputs are conveyed in excessive 

amounts to the rivers (Watson et al., 2016). Lake Erie, considered to be one of the shallowest of 

the five Great Lakes, has experienced substantial eutrophication over the past few decades, 

resulting in the creation of toxic algal blooms throughout the western basin and hypoxic zones 

mostly in the central basin (Michalak et al., 2013). 

The main limiting nutrient for the growth and production of phytoplankton in rivers and lakes is 

deemed to be phosphorus (Correll et al., 1999; Schindler, 1974; Logan, 1987). Excessive 

phosphorus inputs from point-sources (i.e. wastewater treatment plants and industries) and non-

point sources (i.e. stormwater runoff from urban and agricultural areas) to streams/rivers and into 

lakes are the main drivers to eutrophication (Carpenter, 1998; Sharpley & Tunney, 2000). 

Phosphorus which is generally referred to as total phosphorus is primarily available in two forms: 

particulate and soluble forms and is reported or measured in milligrams per liter (mg/L). Particulate 

phosphorous is usually tied to soil particles and is conveyed with soil particles to the rivers by soil 

and wind erosion. Soluble or dissolved phosphorus, commonly referred to as soluble reactive 

phosphorus, is largely bioavailable to plants that may accelerate algae growth (OMECC, 2018). In 

addition to phosphorus, sediments also affect water quality. Total Suspended Solids (TSS) and 

Suspended Sediment Concentration (SSC) are most commonly mentioned interchangeably in the 

literature describing the solids portion of the concentration suspended in a mixture of water and is 

measured in mg/L. Sediment yield is significantly influenced by the landuse type and is conveyed 

majorly from urban and agricultural landscapes. Analyzing the concentration of phosphorus and 
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sediments in water bodies (e.g. streams/lakes) is considered to be vital to evaluate the status of 

overall water quality.   

For the protection of lakes, both for public use and for all habitats, the correct representation of 

water-quality constituents load transported by rivers and streams is important (Zhang et al., 2019). 

This information is important to understand the quality of lakes, the behavior of upstream water 

bodies (e.g. streams/rivers), and the virtual role of different source areas. Correct load predictions 

are usually required for cost-effective progress and assessment of water quality monitoring 

projects, this can be costly owing to the massive scale of many water quality concerns. Water 

quality load, described as the total mass entering a river gauge over a given time-period, can play 

a significant role in setting up targets for restoration objectives (e.g. cumulative maximum daily 

loads), watershed model calibration (e.g. SPARROW, SWAT), and analyzing patterns and 

changes in water quality (Ator et al., 2011; Bowes et al., 2012; Linker et al., 2013; Shenk et al., 

2013; Zhang et al., 2015). The load is defined as the total mass transported through a river or 

stream over a specified time-period (e.g. week, year, or decade), and can be evaluated by adding 

up the concentration and discharge or streamflow collected at a relatively shorter time interval (e.g. 

daily and hourly) during that time-period. The discharge is calculated in accordance with the rating 

curve (stage vs discharge relationship) using consistent stage measurements (e.g. 15-min or 30-

min intervals) and discharge observations are taken many times a year (Richards, 1998). 

Conversely, concentration observations are costly and are generally measured on a monthly or 

longer basis. For example, in Ontario, the Provincial Water Quality Monitoring Network 

(PWQMN) is a water quality monitoring program operated by the Ministry of the Environment 

Conservation and Parks (MECP) and executed by municipal conservation authorities which 

collects the concentration samples. Manual samples are collected on a monthly or bimonthly basis 

excluding the winter season under this program, a sampling scheme that leads to seven to eight 

samples of water collected each year, representing mainly low streamflow conditions (Long et al., 

2015). 

Several statistical models can be applied to estimate the loads from the available data of sampled 

concentration and continuous discharge at a particular sampled location. Simple models include 

simple aggregation/interpolation among the sampled concentrations and ratio estimators with time 
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or flow-based stratification to obtain total loads. Various regression models (i.e. simple and 

multiple linear regression) are intended to mainly focus on the patterns of correlation between 

discharge and concentration (Cohn et al., 1989; Ferguson, 1987). The Weighted regression model 

is also a type of regression model, but is projected to be a flexible and robust model compared to 

simple and multiple linear regression that considers many strict assumptions for model formation 

(Hirsch et al., 2010). Several advancements have been made with respect to the regression models 

with the development of more robust models based on the adjustments for local deviations from 

the residuals including the composite model and the Weighted Regression in Time, Discharge, and 

Season Kalman Filter model (WRTDS_K) (Aulenbach & Hooper, 2006; Verma et al., 2012; Zhang 

& Hirsch, 2019). The estimation bias (systematic error) of these models depends on many aspects, 

including the type (e.g. sediment and phosphorus) and form of constituent (dissolved or total), 

record period length, the correlation between discharge and concentration, watershed area, and the 

sampling type and frequency (Worrall et al., 2013; Littlewood, 2005; Williams et al., 2015; Moatar 

et al., 2013; Raymond et al., 2013; Robertson, 1999).  

Simple models including interpolation and ratio estimators have been used most often to estimate 

loads of several water quality constituents over tributaries in Canada. Maccoux et al., 2016 applied 

an unstratified and flow-stratified Beale ratio estimator to estimate total phosphorus and soluble 

reactive phosphorus loads from tributaries that drain into Lake Erie from southern Ontario. 

O’Connor et al., 2011 computed TP loads from a large watershed draining into Lake Simcoe and 

compared TP load estimates from linear interpolation and various forms of stratification using 

Beale ratio estimator including flow, seasonal, winter/spring stratification. Long et al., 2015 

analyzed TP loads from four watersheds that drain into Hamilton Harbor using various sets of 

regression equations formulated considering wet and dry conditions. Bittman et al., 2016 evaluated 

various methods to estimate the water quality loads from five watersheds situated on the southeast 

shore of Lake Huron. They evaluated various forms of methods including averaging, Beale ratio 

estimator, linear interpolation, and regression models. Nurnberg et al., 2015 computed flow 

weighted concentration and load estimates of total phosphorus, dissolved reactive phosphorus, 

total suspended solids, total nitrogen, and nitrite plus nitrate (NO3+NO2) constituents along the 

Thames River watershed in Southern Ontario using linear Interpolation, WRTDS, and GAM 
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methods. They also studied the spatio-temporal trends in water quality along various tributaries 

within the watershed over the period between 1986 to 2012. Stammler et al., 2017 analyzed the 

TP, SRP, alkalinity, chloride, and suspended sediment concentration trends over the period of 1979 

to 2011 in 56 streams across Ontario over April to November period. 

Accurate water-quality load estimates are essential to analyze the water-quality constituents (e.g., 

total phosphorus) loading from rivers/streams to lakes, for the analysis of trends and changes in 

water-quality over a time-period at a particular location, and further can be helpful for the 

calibration of watershed models. Various statistical models have been used to estimate water 

quality loads across Southern Ontario conditions in the past few decades. However, there is no 

clear understanding behind the use of a specific statistical model for accurate load estimation as 

the performance of statistical models to estimate water-quality loads depends on many aspects 

including the type of water quality constituent, the discharge-concentration relationship, the 

sampling type and frequency considered, and the watershed area. In addition, finding an optimal 

sampling type and frequency that can be considered ideal for the accurate and precise load 

estimates using statistical models can further guide monitoring agencies (e.g. PWQMN and 

conservation authorities) about the type and frequency of sampling that is desirable for accurate 

load predictions using statistical models. Furthermore, analyzing the statistical models to predict 

load estimates at various sampling stations that have variable drainage areas and discharge-

concentration relationship is important to understand the application and suitability of statistical 

models. This study, therefore, evaluates various statistical models for predicting TSS and TP loads 

considering various sampling scenarios and sampling stations with variable drainage areas and 

discharge-concentration relationship. In addition, tracking changes in the phosphorus and total 

suspended solids concentrations and loads conveyed from major tributaries of Southern Ontario to 

lakes using a flexible model that does not consider the discharge-concentration relationship to be 

constant and further providing uncertainty in the magnitude of trend estimates can play a vital role 

in analyzing the progress over various tributaries due to various nutrient reduction strategies 

implemented.  
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1.1 Objectives  

The main objective of the research is to evaluate various statistical models in TSS and TP load 

estimation and to further analyze the trends in TP and TSS concentrations and loads in major 

tributaries across Southern Ontario, Canada. 

1.1.1 Specific Objectives 

• To construct the total suspended solids and total phosphorus load estimates for all selected 

monitoring stations using a wide range of statistical models. 

• To evaluate the performance of various statistical models to predict loads under wide-ranging 

aspects including: 

1. Sampling scenarios and sampling frequencies. 

2. Sampling stations with variable drainage areas and discharge-concentration relationship. 

• To analyze trends in TSS and TP concentrations and loads over major tributaries located in 

Southern Ontario.  
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 LITERATURE REVIEW 

2.1 Load estimation theory  

The fundamental description of a river or stream's pollutant load is straightforward. The pollutant 

load is perhaps the mass or weight of the pollutant that is transported in a given period of time 

across the river cross-section and is generally measured in mass units (e.g. tonnes, kilograms). The 

definition of discharge is somewhat similar to that of load, which is the cumulative amount of 

water that flows through a stream or river cross-section during a given period of time and is 

normally measured in cubic feet or cubic meters (Richards, 1998). Flux is described as the 

instantaneous speed with which the load passes a reference point on a stream or river. Flux is 

generally expressed in mass/time units for example grams/second or tons/day. Flow is defined as 

the instantaneous rate at which water passes a reference point in a river or stream. Flow is 

expressed in volume/time units for example cubic feet/second or cubic meter/second. 

Theoretically, the load is the integration of flux over time (Richards, 1998) and is expressed as: 

𝐿𝑜𝑎𝑑 = ∫ 𝑓𝑙𝑢𝑥 𝑑𝑡
𝜏

0
          ( 1 ) 

 

Figure 1 : Load estimate as a function of time and flux (Richards, 1998). 

However, there are many issues with the practical implementation of this loading principle. The 

first issue is that one cannot calculate the flux directly. Alternatively, the flux is measured as the 

multiplication of streamflow and concentration (Richards, 1998). It is essential to know the mass 
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of water-quality constituents reaching a lake or estuary via a river or stream (Runkel2004). As 

such, the total load over a specific period of time, , is given by: 

𝐿𝜏 = 𝑘 ∫ 𝑄𝐶 𝑑𝑡
𝜏

0
          ( 2 ) 

Where k is held constant for the unit conversion, L is the total load, Q is instantaneous flow [L3/T], 

C is concentration, and t is time. The second problem is the explicit use of equation 2 since both 

these variables are continuous-time functions, while measurement of flow and concentration 

continuously are practically infeasible. Furthermore, discrete streamflow values are commonly 

accessible in general context of monitoring (e.g. daily or hourly time step), concentration values 

are significantly less prevalent considering the cost of collecting and analyzing samples (Runkel 

et al., 2004). Therefore, load estimates are generally calculated as the summation of discrete 

measurements of flow and concentration and is given by: 

�̂�𝜏 = 𝛥𝑡∑ (�̂�𝐶)
𝑖

𝑁𝑃

𝑖=1
= 𝛥𝑡∑ �̂�𝑖

𝑁𝑃

𝑖=1
        ( 3 ) 

Where L̂i [(Q̂C)i] is an instantaneous load estimate [M/T], NP is the number of independent 

observations, L̂ is total load estimate [M], and Δt is the time interval [T] (Runkel et al., 2004). 

The estimation of loads incorporating equation 3 is based on two assumptions. First, it is presumed 

that every estimate of the instantaneous load depicts the total load over the distinct time step. 

Second, the distinct time step is assumed to be constant; all NP distinct points in time will normally 

have similar Δt. Thus, each instantaneous load estimate signifies the average conditions for a 

specified day. Each individual product of flow and concentration using equation 3 can be called a 

unit load. The summation of unit loads for a specific time-period of interest is called the total load. 

The unit load can be on a daily basis when the total load is a yearly load. Likewise, the unit load 

can be on an hourly basis when the total load is a weekly load (Richards, 1998). 
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2.2 Load estimation models 

2.2.1 Interpolation 

The first and the simplest model demonstrated here is the interpolation model. The interpolation 

model predicts daily missing concentration values by performing a simple interpolation among the 

series of sampled concentrations. The interpolated daily concentration value is further multiplied 

by the daily streamflow for that particular day and a unit conversion factor to generate a unit daily 

load. Unit daily loads are generated for a series of interpolated concentration values and then 

summed to obtain annual loads (Lee et al., 2016). Interpolation models have been used in different 

ways in several studies of solute and sediment fluxes (Buso et al., 2000; Grimm, 1987; Porterfield, 

1972; Vanni et al., 2001). Interpolation models are usually recommended when regression models 

are unacceptable (i.e. owing to a shortage of data or because the correlation between independent 

variables and the concentrations is very weak). In particular, an interpolation model might be 

appropriate if the measured concentrations are sufficiently available at frequent intervals that each 

set of subsequent concentrations is indicative of the concentrations in the time between them 

(Webb et al., 1997; Robertson et al., 1999). Porterfield, 1972 used an interpolation model to 

estimate sediment concentration from concentration curves plotted using manual graphical plots. 

Grimm, 1987 used an interpolation model to estimate total dissolved N transport (nitrogen) using 

diel concentration curves and hourly discharge. 

O’Connor et al., 2011 computed TP loads from a large watershed draining into Lake Simcoe and 

compared TP load estimates from linear interpolation and various forms of stratification using 

Beale ratio estimator including flow, seasonal, winter/spring stratification. They found that loads 

computed using the Beale ratio model were more consistent than load estimates using a linear 

interpolation model. 

Buso et al., 2000 used an interpolation model to calculate the daily discharge from stream-gauge 

charts. Vanni et al., 2001 used a simple linear interpolation model to estimate the hourly 

concentration of NO3-N (nitrates) from sampled concentration values as: 

𝐶𝑒𝑠𝑡 = 𝐶𝑝𝑟𝑒𝑣 + [(𝐶𝑛𝑒𝑥𝑡 − 𝐶𝑝𝑟𝑒𝑣) ∗ (
𝑇𝑒𝑠𝑡−𝑇𝑝𝑟𝑒𝑣

𝑇𝑛𝑒𝑥𝑡−𝑇𝑝𝑟𝑒𝑣
)]      ( 4 ) 
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Where Cest is the estimate of concentration, Cnext and Cprev are the concentration of NO3-N for 

previous and next sample, respectively. Tnext and Tprev are the time of previous and the next 

samples, respectively. 

Bittman et al., 2016 evaluated various models to estimate the water quality loads from five priority 

watersheds along the southeast shore of Lake Huron. They evaluated various forms of methods 

including averaging, Beale ratio estimator, linear interpolation, and regression model. They found 

that the linear interpolation method displayed the most accurate results to estimate loads from these 

priority watersheds. 

2.2.2 Ratio estimators 

Beale, 1962 first introduced this class of mathematical load estimation model, the ratio-based load 

estimation model. Beale's ratio estimator has been used primarily for load estimation at the Great 

Lakes contributing sites. The ratio estimator model is an effective mathematical tool for calculating 

pollutant load from continuous flow data and infrequent concentration data (Meals et al., 2013). 

Ratio estimators consider that a positive correlation exists between the concentration and the flow 

on sampled days. The daily load is measured as the sum of the sampled concentration and the daily 

mean streamflow on sampled days, and the mean load is also computed over the year. The average 

daily load is further multiplied by a flow ratio, determined by dividing the average flow over the 

entire duration by the average flow over the sampled days. The equation further incorporates a 

bias correction factor to take into account the effects of the association between load and discharge. 

The daily mean load is then multiplied by number of days in a year to get the annual load. If there 

is a great deal of variability in flow levels over the monitoring period, accuracy can be improved 

by stratifying the full data set based on discharge. In the case of estimating loads based on a 

stratified model (i.e. for distinct seasons and months), ratio estimators are generally applied by 

dividing the sampled concentration data into multiple strata. Strata can be characterized based on 

time or discharge conditions. Upon selection of strata, the Beale ratio estimator of a selected 

stratum is obtained by: 

𝑙�̅� = 𝑙�̅�
𝑞𝑎

𝑞𝑜
(
1+(

1

𝑛
−
1

𝑁
)∗

𝑠𝐿𝑄

𝑙𝑜𝑞̅̅𝑜
̅̅ ̅̅ ̅̅ ̅

1+(
1

𝑛
−
1

𝑁
)∗
𝑠𝑄𝑄

𝑞̅̅20

)         ( 5 ) 
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Where la = Total load of the stratum, lo = Sample mean load of the stratum,qo = Sample mean 

streamflow of the stratum,qa = Mean streamflow of the stratum, n = Number of sampled days in 

the stratum, N = Total number of days in the stratum including sampled and unsampled days, SLQ 

= Covariance between sample load and sample streamflow of the stratum,lO.qO = product of 

sample mean load and sample mean streamflow of the stratum, SQQ= Sample variance of 

streamflow within the stratum,q2
o

 = square of sample mean streamflow of the stratum. 

An estimate of the total load of the strata is obtained as the product of Beale’s ratio estimate for 

the stratum multiplied by the total number of days within the stratum. The sum of load estimates 

for all strata gives the estimate of the total load over the predictive period of all days. Beale’s ratio 

estimator normally employs discrete samples and streamflow data solely from the year for which 

the loads are to be estimated (Lee et al., 2016). Ratio estimators usually use the average daily flow 

to calculate loads and are thus better suited to monitoring programs with adequate flow information 

but with relatively minimal concentration information  (Dolan et al., 1981). 

Dolan et al., 1981 used the Beale Ratio Estimator (BRE) to measure the TP loading in the Grand 

River, Michigan, that has a watershed drainage area of approximately 13,550 km2. They calculated 

annual total phosphorous (TP) using one year of dataset with 25 observations. They concluded that 

Beale ratio estimator showed the most accurate load estimates amongst several other models 

evaluated. Richards et al., 1987 performed a similar study to measure the tributary loads using 

three sampling strategies with four sampling frequencies and two estimation models. They 

measured loads for three Ohio tributaries, including the Maumee River, the Sandusky River, and 

the Honey Creek, with variable drainage areas ranging from 385 to 16,700 km2. They observed 

that load estimates using Beale ratio estimator for both the flow-stratified and unstratified sampling 

were most reliable. 

Coats et al., 2002 applied the Monte Carlo technique to test the accuracy and bias of four models 

including an unstratified and stratified Beale ratio estimator for assessing the loads of soluble 

reactive phosphorus, nitrate-nitrogen, particulate phosphorus, total phosphorus, and suspended 

sediment in one main tributary of the lake Tahoe. They found that stratified Beale ratio estimator 

performed better than unstratified Beale ratio estimator based on the measured root mean square 
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error (RMSE). However, they concluded that beale ratio estimator showed the least accurate 

estimates of constituent loads amongst all models tested. Guo et al., 2002 evaluated nitrate plus 

nitrite load estimates using four models from an agricultural watershed in central Illinois. They 

concluded that simple (i.e. unstratified) ratio estimator and stratified ratio estimator performed 

better than other models with smaller root mean square error (RMSE) across various sampling 

frequencies. Maccoux et al., 2016 used Beale ratio estimator to calculate annual phosphorous loads 

from several tributaries contributing to the Great Lakes using time-based stratification.  

2.2.3 Regression models 

Regression models have been widely used to measure the missing concentrations of nutrients and 

sediments in lakes and rivers. Walling et al., 1977 explained that regression models have 

historically been used to estimate TSS loads and other water quality constituents. The regression 

model develops a simple or multiple regression relationship between the response variable (i.e. 

concentration), and one or multiple explanatory variables such as streamflow and time. The 

relationship is usually defined in the log-log space as the streamflow and the concentration are 

assumed to obey the log-normal distribution. 

There are many models for estimating total load L̂ (Colin, 1995). Of these models described by 

Cohn, 1995, one is used within LOADEST models centered on linear regression. The approach to 

regression, in its basic form, goes as follows. A linear model is developed in which one or more 

independent variables contribute the log of instantaneous load: 

𝑙𝑛(�̂�) = 𝑎0 +∑ 𝑎𝐽𝑋𝐽
𝑁𝑉

𝐽=1
         ( 6 ) 

Where a0 and aJ are the regression model coefficients, XJ is an independent variable (explanatory), 

and NV is the number of explanatory variables. The estimate of instantaneous load is obtained by 

exponentiating equation 6 as: 

�̂�𝑅𝐶 = 𝑒𝑥𝑝( 𝑎0 +∑ 𝑎𝐽𝑋𝐽
𝑀

𝐽≡1
)        ( 7 ) 
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Where L̂RC is an estimate of instantaneous load using rating curve. Developing load estimates 

incorporating equation 6 and 7 is therefore a three-step procedure. 

The outline of the linear model (equation 6) is calculated based on the user's awareness of the 

importance in the hydrological and biogeochemical models. Each independent variable (XJ) is a 

component of data variable (e.g. streamflow or time) which is expected to impact loads. The type 

and number of independent variables depend heavily on the water quality constituent of concern. 

A basic model using one independent variable (e.g. streamflow) is sometimes enough to predict 

TSS loads (Crawford, 1991). The model using five to six independent predictors based on specific 

streamflow, season, and time functions often applies to nutrients (Cohn et al., 1992).  

Model coefficients are generated based on the selected independent variables and observed 

concentration (equation 6) employing ordinary least squares regression (OLS). The regression 

relationship is further used to estimate log load (ln(L̂ )) at each time step. For each observation, 

the residual error is equivalent to the difference between the measured and the estimated log load 

values [ln(L)-ln(L̂)]. 

Instantaneous load estimates are determined by means of the retransformed case of the regression 

model (equation 7) and a time series of independent variables. Load estimates at each time step 

are further used to calculate the total load. 

2.2.3.1 Simple and multiple linear regression: LOADEST 

The process of load estimation is aggravated by non-normality, retransformation bias, and data 

censoring. Instantaneous load estimates using the OLS model are generally biased, load 

predictions might underestimate true loads by 50 percent (Ferguson, 1986). Retransformation bias 

is taken into account by incorporating a bias correction factor to estimate load. The data censoring 

arises when many samples included in the model formation possess constituent concentrations 

below the laboratory detection level (Gilbert, 1987). The assumption that the model residuals are 

normally distributed is another complication of the OLS regression. LOADEST uses three 

different models for the load estimation due to these complications: MLE, LAD, and  AMLE. 
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The model coefficients can be determined using the maximum likelihood test as a substitute to 

OLS regression. When censored data is used in the calibration data, MLE implementation is also 

classified as tobit regression with an assumption that residuals are normally distributed and 

constant variance (Helsel & Hirsch, 1992). If the calibration data is uncensored, (Bradu & 

Mundlak, 1970) bias correction factor generates loads using a minimum variance unbiased 

estimate (MVUE) (Cohn et al., 1989): 

�̂�𝑀𝑉𝑈𝐸 = 𝑒𝑥𝑝 (𝑎0 +∑ 𝑎𝐽
𝑀

𝐽=1
𝑋𝐽) 𝑔𝑚(𝑚, 𝑠

2, 𝑉)      ( 8 ) 

Where L̂MUVE is the instantaneous load generated using MLE, s2 is the residual variance, m is the 

degrees of freedom, and V is an independent variable function (Cohn et al., 1989). 

Adjusted maximum likelihood estimation eliminates the first-order bias in the model which 

generally occurs in the MLE load estimation for censored data using the calculation specified in 

Shenton et al., 1977. When calibration data has uncensored observations, the AMLE load 

predictions are the same as MLE load predictions (Cohn et al., 1992). Estimate of instantaneous 

load for censored data using AMLE approach is given by: 

�̂�𝐴𝑀𝐿𝐸 = 𝑒𝑥𝑝 (𝑎0 +∑ 𝑎𝐽
𝑀

𝐽=1
𝑋𝐽)𝐻(𝑎, 𝑏, 𝑠

2, 𝛼, )       ( 9 ) 

Where L̂AMLE is the instantaneous load generated using AMLE, s2 is the residual variance, a and b 

are independent variables function (Cohn et al., 1992), and α and   are the parameters of gamma 

distribution. 

All of the previously described approaches to regression (OLS, AMLE, and MLE) consider that 

the residuals are distributed normally and that they vary constantly. If model residuals are not in 

agreement with the above assumption, alternative strategies can be applied. LOADEST considers 

such models, the least absolute deviation (LAD) model. LAD model coefficients are established 

using Powell, 1984 regression model, as introduced by Buchinsky, 1998. Given the coefficients of 

the model, predictions of instantaneous load are formed using (Duan, 1983) "smearing" approach: 

�̂�𝐿𝐴𝐷 = 𝑒𝑥𝑝 (𝑎0 +∑ 𝑎𝐽𝑋𝐽
𝑀

𝐽=1
)
∑ 𝑒𝑥𝑝 (𝑒𝑘)
𝑛
𝑘=1

𝑛
         ( 10 ) 
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Where L̂LAD is the LAD instantaneous load, e is the model error, a0 and aJ are the model 

coefficients, and n is the total number of uncensored observations 

The LOADEST models have been implemented for statistical analysis based on streamflow and 

water quality data to predict instantaneous nitrogen loads for dates referring to which 

measurements are not available (Kim et al., 2018). LOADEST model provides 11 regression 

models (equation 11 to 21) and one of the models that hold a strong correlation between streamflow 

and concentration can be applied to predict instantaneous constituent loads. Models (1) to (9) 

(equation 11 to 19), are applicable to predict pollutant loads for unsampled dates (missing data), 

and model (10) and (11), are applicable to predict pollutant loads for specific intervals. Model (1) 

and (2) (equation 11 and 12) are regression equations that takes into consideration only discharge 

as the explanatory variable that can be relevant to the high correlation among discharge and water 

quality constituent (Kim et al., 2018). Model (3)~(9) (equation 13 to 19) includes time, seasonal, 

and quadratic variables to consider for temporal and seasonal variations (Kim et al., 2018). 

𝑙𝑛 𝑦 = 𝑎0 + 𝑎1 𝑙𝑛 𝑄           ( 11 ) 

𝑙𝑛 𝑦 = 𝑎0 + 𝑎1 𝑙𝑛 𝑄 + 𝑎2𝑙𝑛𝑄
2         ( 12 ) 

𝑙𝑛 𝑦 = 𝑎0 + 𝑎1 𝑙𝑛 𝑄 + 𝑎2𝑑𝑡𝑖𝑚𝑒         ( 13 ) 

𝑙𝑛 𝑦 = 𝑎0 + 𝑎1 𝑙𝑛 𝑄 + 𝑎2 sin(2𝜋𝑑𝑡𝑖𝑚𝑒) + 𝑎3 cos(2𝜋𝑑𝑡𝑖𝑚𝑒)     ( 14 ) 

𝑙𝑛 𝑦 = 𝑎0 + 𝑎1 𝑙𝑛 𝑄 + 𝑎2𝑙𝑛𝑄
2 + 𝑎3 𝑑𝑡𝑖𝑚𝑒        ( 15 ) 

𝑙𝑛 𝑦 = 𝑎0 + 𝑎1 𝑙𝑛 𝑄 + 𝑎2𝑙𝑛𝑄
2 + 𝑎3 sin(2𝜋𝑑𝑡𝑖𝑚𝑒) + 𝑎4 cos(2𝜋𝑑𝑡𝑖𝑚𝑒)    ( 16 ) 

𝑙𝑛 𝑦 = 𝑎0 + 𝑎1 𝑙𝑛 𝑄 + 𝑎2 sin(2𝜋𝑑𝑡𝑖𝑚𝑒) + 𝑎3 cos(2𝜋𝑑𝑡𝑖𝑚𝑒) +𝑎4 𝑑𝑡𝑖𝑚𝑒    ( 17 ) 

𝑙𝑛 𝑦 = 𝑎0 + 𝑎1 𝑙𝑛 𝑄 + 𝑎2𝑙𝑛𝑄
2 + 𝑎3 sin(2𝜋𝑑𝑡𝑖𝑚𝑒) + 𝑎4 cos(2𝜋𝑑𝑡𝑖𝑚𝑒) + 𝑎5 𝑑𝑡𝑖𝑚𝑒 ( 18 ) 

𝑙𝑛 𝑦 = 𝑎0 + 𝑎1 𝑙𝑛 𝑄 + 𝑎2𝑙𝑛𝑄
2 + 𝑎3 sin(2𝜋𝑑𝑡𝑖𝑚𝑒) + 𝑎4 cos(2𝜋𝑑𝑡𝑖𝑚𝑒) + 𝑎5 𝑑𝑡𝑖𝑚𝑒 +

𝑎6 𝑑𝑡𝑖𝑚𝑒
2           ( 19 ) 

𝑙𝑛 𝑦 = 𝑎0 + 𝑎1𝑝𝑒𝑟 + 𝑎2𝑙𝑛𝑄 + 𝑎3𝑙𝑛𝑄𝑝𝑒𝑟        ( 20 ) 

𝑙𝑛 𝑦 = 𝑎0 + 𝑎1𝑝𝑒𝑟 + 𝑎2 𝑙𝑛 𝑄 + 𝑎3 𝑙𝑛 𝑄𝑝𝑒𝑟 + 𝑎4𝑙𝑛𝑄
2 + 𝑎5𝑙𝑛𝑄

2𝑝𝑒𝑟   ( 21 ) 
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LOADEST models have been extensively used to estimate water quality loads around the world. 

Hirsch, 2014 compared the load estimates of the WRTDS, LOADEST five-parameter, and seven-

parameter models using the Monte-Carlo subsampling experiment to analyze the bias problem. He 

found that LOADEST models often produced unbiased load estimates, however, these models 

displayed biased results for some instances. 

Kim et al., 2018 evaluated the LOADEST models to estimate water quality loads. Their results 

displayed that the automatic selection of the regression model did not necessarily provide accurate 

load estimates and further concluded that a specific regression model within LOADEST needs to 

be considered based on the characteristics of the watershed. 

Park et al., 2014 evaluated the LOADEST regression models for TN, TP, and TSS using six 

sampling scenarios. They found that too frequent sampling did not typically lead to precise and 

reliable load estimates and found that regression models number 1, 3, 4, and 7 displayed accurate 

and precise TSS and TP load estimates. 

2.2.3.2 Weighted Regression on Time, Discharge, and Season (WRTDS) 

Weighted regression on time, discharge, and season (WRTDS) is executed through an R-package 

which is called as Exploration and Graphics for River Trends (EGRET) (Hirsch et al., 2015). The 

WRTDS model develops a time-varying, linear relationship among the logarithm of constituent 

concentration and several explanatory variables comprising of log discharge, decimal time, and 

sine and cosine conversions of decimal time (Hirsch et al., 2010). At each time step of the 

estimation period, the model generates these flexible relationships from a discrete weighted 

regression. The weights for the respective sampled day are attributed by the difference in the values 

of the independent variables between sampled and estimation day. To account for retransformation 

bias, the system incorporates a bias correction factor associated with each discharge, day, and year 

value (Hirsch & De Cicco, 2015). The main equation of the model is (Hirsch et al., 2010): 

𝑙𝑛(𝐶𝑖) = 𝛽0,𝑖 + 𝛽1,𝑖 𝑙𝑛𝑄𝑖 + 𝛽2,𝑖 𝑇𝑖 + 𝛽3,𝑖 sin(2𝜋𝑇𝑖) + 𝛽4 cos(2𝜋𝑇𝑖) + 𝜎𝑖𝑧𝑖   ( 22 ) 

Where Ci is the concentration in mg/L on the ith day, Ti is the time expressed as a decimal year, Q 

is the daily mean discharge on the ith day (m3/s), β0,i, β1,i, β2,i, β3,i, β4,i are defined as model 



 

 

16 

 

coefficients and they vary smoothly over the time domain; σi is denoted as the conditional standard 

deviation of model error, zi is denoted as standardized residual on the ith day (Zhang & Hirsch, 

2019). 

Structurally, WRTDS constructs one regression model that predicts concentration and load on each 

single day of the record. For the defined date, season, and discharge of the prediction, WRTDS 

screens the complete concentration data record and chooses concentration samples that are fairly 

"near" to the predicted day related to the date, streamflow, and season. The selected samples are 

further used to construct a weighted regression model using equation 22 and it creates a series of 

model coefficients. Computed model coefficients are then used to predict logarithm of 

concentration for the prediction day by using values of time and streamflow. Logarithm of 

concentration are further transformed into arithmetic space by incorporating a bias correction 

factor as (Zhang & Hirsch, 2019): 

𝐸(𝐶𝑖) = 𝑒𝑥𝑝(𝛽0,𝑖 + 𝛽1,𝑖 𝑙𝑛 𝑄𝑖 + 𝛽2,𝑖 𝑇𝑖 + 𝛽3,𝑖 sin(2𝜋𝑇𝑖) + 𝛽4 cos(2𝜋𝑇𝑖) + 𝐵𝐶𝐹  ( 23 ) 

BCF =
𝜎𝑖
2

2
             ( 24 ) 

The entire procedure is performed on a grid network generated by t and ln(Q) to facilitate the 

estimation process. In the case of time axis, the grid values are spread 1/16th of the year apart from 

the starting to the ending year in the monitoring window. In the case of ln(Q) axis (y-axis), fourteen 

grid values are placed at the same width for the streamflow ranging from five percent below the 

lowest streamflow to five percent above the highest streamflow value. For every grid point on the 

surface, WRTDS constructs a distinct weighted regression model that generates an estimated 

concentration "surface" which is based on the function of time and ln(Q). A bilinear interpolation 

of “surface” further computes daily estimates of concentration. Daily concentration are then 

multiplied to the daily discharge specific to that day to compute daily load (Hirsch et al., 2015). In 

addition to daily estimates of concentration and load over the record period, the WRTDS model 

further generates the flow-normalized estimates of concentration and load over the time-period, 

and these estimates are useful in analyzing water-quality trends which eliminates year-to-year 

fluctuations in streamflow.  
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WRTDS is being used in a number of water-quality analysis such as trends and load estimates in 

the United States and Canada (Bird et al., 2018; Chanat & Yang, 2018; Hirsch, 2012; Nürnberg & 

Lazerte, 2015; Rankinen et al., 2016; Ator et al., 2019; Strickling & Obenour, 2018; Sprague et 

al., 2011; Van Meter & Basu, 2017; Van Meter et al., 2017; Zhang et al., 2019). WRTDS is being 

used in a number of water quality constituents including suspended sediment (SS), total nitrogen 

(TN), total phosphorus (TP), orthophosphate (PO4), and nitrate plus nitrite (NOx) to measure 

loads. 

Chanat et al., 2016 estimated nutrient and sediment loads from various tributaries draining into 

Chesapeake Bay watershed using WRTDS and further compared these load estimates to seven-

parameter regression model known as ESTIMATOR. They concluded that WRTDS displayed 

better predictive power compared to the seven-parameter model, especially for the tributaries that 

had a longer period of data greater than 25 years. 

Zhang et al., 2019 evaluated the load estimates from WRTDS model for several constituent 

concentration and load in the Chesapeake Bay watershed. The results displayed that TN load 

estimates were mostly accurate compared to SS and TP load estimates. They concluded that SS 

load estimates  displayed higher bias at the sampling sites that  had a smaller sampling frequency, 

shorter sampling window, and a smaller watershed area. 

2.2.4 WRTDS-K 

WRTDS-K is a modification of the standard WRTDS model to predict concentration based on 

time, streamflow, and season. First, the model uses the observed concentration record to create a 

standard WRTDS model. Second, the model further computes the residuals in the log space on 

sampled observations: 

𝑟𝑖 = ln (𝐶𝑖) − (𝛽0,𝑖 + 𝛽1,𝑖 𝑙𝑛 𝑄𝑖 + 𝛽2,𝑖 𝑇𝑖 + 𝛽3,𝑖 sin(2𝜋𝑇𝑖) + 𝛽4 cos(2𝜋𝑇𝑖))   ( 25 ) 

These residuals are considered as model error, and they are interpreted as the difference between 

observed ln(C) and estimated ln(C). Finally, standardized residuals are generated by dividing the 

residuals to the standard deviation specific for the day (Zhang & Hirsch, 2019): 
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𝑧𝑖 =
𝑟𝑖

𝜎𝑖
             ( 26 ) 

WRTDS‐K model considers that these standardized residuals possess an AR1 serial correlation 

structure that has a lag‐1 coefficient of correlation (ρ) ranging between (0,1). WRTDS‐K splits the 

entire dataset into non-overlapping gap intervals depending on the days of observation. For a gap 

time say that day 1 is the last observation before the gap and day n is the first observation after the 

gap, so for this gap interval there are n‐2 days that WRTDS‐K will estimate for. Owing to the 

complication of the model (e.g. log-transformed data and timely changing model coefficients), the 

predicted value for each of the unsampled day is calculated using a Monte Carlo simulation using 

many replicates (user-defined). With each replication, the model produces a missing time series. 

It produces values, c2, c3, c4, cn−3, cn − 2, cn − 1, based on predetermined values of c1 and cn, the 

coefficients of the equation 25, and the estimation of σ at each time step of the gap period. The 

key equation for generating standardized residuals is centered on the AR1 recursive relationship 

procedure using the WRTDS-K model : 

𝑧𝑘+1 = 𝜌. 𝑧𝑘 +√1 − 𝜌2. 𝑒𝑘           ( 27 ) 

Where ek is denoted as independent standard normal random variable on estimation day, z1…n is 

the standardized residuals on the estimation day. When the value ρ is near to 0, the predicted values 

are built solely on ek. The predicted values are entirely based on zk (i.e., standardized residuals), 

when the value of ρ in near to 1. The above procedure is repeated for each gap in the dataset. The 

above procedure is designed in such a manner that all the z values (that will include all values 

generated by the data and all values produced in between) has a lag‐1 coefficient of correlation ρ. 

Generated z values for estimation days are again transformed into real space as: 

𝐸(𝐶𝑖) = 𝑒𝑥𝑝(𝛽0,𝑖 + 𝛽1,𝑖 𝑙𝑛 𝑄𝑖 + 𝛽2,𝑖 𝑇𝑖 + 𝛽3,𝑖 𝑠𝑖𝑛(2𝜋𝑇𝑖) + 𝛽4 + 𝜎𝑖𝑧𝑖    ( 28 ) 

The process referred to above is replicated M number of times and the expected concentration 

value for each ith day is calculated using the average of the M replicates of Ci, which would be the 

expected concentration value for ith day,Ci. On the sampled days, the concentration estimates are 

same as the observed value. On the contrary, WRTDS model uses estimates of concentration 
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generated using main equation 26 (i.e. the unbiased estimate of concentration). On unsampled 

days, the WRTDS‐K concentration estimate is also expected to differ from those of WRTDS owing 

to the residual correction step. In addition, when the sampling interval is scarce, like a normal 

interval of greater than two months, WRTDS‐K load estimates will be quite similar to those 

produced in the standard WRTDS model. However, when short intervals are considered in 

sampling, such as one to seven days, WRTDS-K load estimates can be very distinct from those of 

WRTDS load estimates, since there are many observed values and the serial dependence of the 

short interval data has a higher impact on load estimates.  

Zhang et al., 2019 compared the load estimates of WRTDS-K and WRTDS for six water quality 

constituents at nine monitoring tributaries that drain into Lake Erie. They concluded that WRTDS-

K most often displayed better load estimates than WRTDS for all the water quality constituents 

considered, especially for NO2.  

Lee et al., 2019 evaluated several models for nutrient and sediment loads. They concluded that 

WRTDS-K generally displayed the most accurate load estimates for all the water quality 

constituents considered. 

2.2.5 Composite model 

One approach has been developed to better estimate water-quality loads and concentrations, widely 

referred to as the "composite model" (Huntington, 1994; Hooper, & Aulenbach, 1994), named and 

defined by Aulenbach et al., 2006, implemented by Peters et al., 2006, expanded by Verma et al., 

2012 and explored by Appling et al., 2015 and Aulenbach, 2013. The composite model 

incorporates the estimates from a regression model with further incorporating an empirical 

"residual correction" during the time of interest to get estimates closer to the observations. A 

composite model starts with a development of regression model, by taking one of the mentioned 

forms (i.e. loadReg2 or loadLm) using loadflex package in R. The regression model is further 

applied to generate estimates at a number of time steps for which the observations are not available. 

The residuals are generated using the regression model as a difference between predicted values 

and observed values in log space. These residuals can be generated in form of absolute differences 

(observed minus estimated concentration) or relative differences (observed divided by estimated 
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concentration). Interpolation among residuals computed using a fitted regression model is further 

commenced. Loadflex package provides a wide range of interpolation models that can be used for 

residual correction including bilinear, triangular, rectangular, distance-weighted, spline, and 

smooth-spline interpolation. Corrected residuals are further added to the estimated concentration 

generated using regression model in log space. Estimated concentration are back-transformed to 

linear scale from log scale using an error correction: 

𝑚 = 𝑒𝑥𝑝 (𝜇 +
𝜎𝑝

2
)          ( 29 ) 

Where µ is the predicted concentration in log space, σp is the standard error of the estimate for the 

estimation point. 

Aulenbach et al., 2006 found that the composite model enhanced the load estimation accuracy over 

smaller time steps and improved the trend analysis of load estimations. 

Verma et al., 2012 developed four types of error correction models in addition to the composite 

model which uses piecewise linear interpolation among the residuals and found that rectangular 

interpolation among the residuals resulted in more accuracy when compared to other error 

correction models. 

2.3 Sampling techniques 

Various types of sampling techniques can be used for estimating water quality loads and are mostly 

governed based on the objectives of the monitoring program (Richards, 1998). Most commonly 

used sampling approaches in water quality load estimation includes random, systematic, and 

stratified sampling (Richards, 1998). Random sampling is a subset designed to ensure that each 

member within the population has the same probability of being taken into the sample dataset and 

that the observations in the sample are independent (Richards, 1998). Random sampling for load 

estimation would include the use of a random selection to decide which days to sample. In 

systematic sampling, the subset is ordered systematically (e.g. one observation per week, two 

weeks, month, or two months). A practical recommendation might be that the systematic sampling 

would be as effective as, or more effective than, simple random sampling in the case when the 
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sampling interval does have time base patterns for multiple times in the dataset (Richards, 1998). 

When the dataset does not have a meaningful time-based pattern, then the assuming systematic 

sampling would be ineffective. However, if the data has significant time-based patterns, such as 

auto-correlation or seasonality, then sampling should not be random, meaning that this can lead to 

unexplained bias or inaccurate precision in load estimates (Richards, 1998). In the case of simple 

random sampling, the whole data is sampled on a similar basis and gets an equal probability of 

being sampled.  

In the case of stratified sampling, the whole data is distributed on a certain criterion and a separate 

pattern is assigned to each strata. Stratified sampling within strata may be either random or 

systematic. The benefit of stratification in data is that if a certain segment of the data is far more 

complex than the other and thus needs more samples for better characterization, a larger percentage 

of the total effort may be assigned to that portion (Richards, 1998). Stratified sampling can also 

include flow-proportional samples meaning that more samples are taken during high flow events, 

especially for nonpoint source pollutants. 

2.4 Trends analysis in water quality 

2.4.1 Statistical models in water quality trend analysis 

Recently, significant attention has been given to analyze water quality data for trends over a given 

time-period. There are two reasons for the consideration of trends in water-quality. One is the 

underlying concern of fluctuating water quality resulting from environmental concern and 

intervention. The second explanation is that a large amount of data that is appropriate for such a 

study has only recently been available.  

Trend analysis is used to determine whether the water quality variable measured values increase 

or decrease over a period. Based on the statistical definition, it helps to answer the question such 

as whether the probability distribution (e.g. mean or median) of the water quality variable data has 

changed over time. The amount or rate of change can be described simply using the change in 

central value such as a mean or median in the distribution (Hirsch & Slack, 1984; Hirsch et al., 

1982). 
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The application of trend analysis to measure the impact on water-quality relies on the nature of the 

monitoring. For the study using a before and after research analysis where the land management 

takes place over a short time, resulting in a sudden change, then a steep trend analysis is usually 

suitable (Meals et al., 2011). When monitoring program with fixed long-term monitoring stations 

where there is great interest in analyzing the gradual changes in data mostly due to implementation 

of BMPs or changes in landuse patterns, monotonic trend analysis is generally suitable that 

associate the dependent variable with an independent variable such as streamflow and time (Meals 

et al., 2011). 

A variety of statistical tests are present in order to recognize and analyze monotonic trends. Trend 

analysis in statistics is done using a hypothesis testing procedure. The null hypothesis (HO) states 

that there is no change in the dataset and the alternate hypothesis (Ha) is that there is a trend in the 

dataset. Failure in rejecting the null hypothesis (HO) is not a proof of no trend; it suggests that there 

is not enough evidence to assume that there is a trend with a certain degree of confidence. Many 

type of trend tests can be used over different circumstances considering the type of data 

distribution, adjustments for independent variables and to further account for seasonal effects 

(Meals et al., 2011). The type of data distribution further divides these tests into three classes: 

parametric, nonparametric, and mixed types. Parametric tests are mostly preferred for the dataset 

with a small number of samples to detect significant trends compared to nonparametric tests. 

However, it is usually recommended to use a non-parametric test unless the assumption of data to 

follow a normal distribution is met for the parametric test (Hirsch, 1991; Lettenmaier, 1976). 

Parametric and nonparametric tests assume that there is a constant variance in the dataset and the 

observations are independent. In the context of non-normality, nonparametric tests have greater 

statistical power and are resilient against outliers and longer gaps in the dataset (Meals et al., 2011). 

Some widely used tests for analyzing the trends in water quality constituents are shown in Table 

1 (Hirsch et al., 1982). 

These type of tests (Table 1) are widely used for analyzing the long-term trends in various water 

quality constituents. Stammler et al., 2017 analyzed the TP, SRP, alkalinity, chloride, and 

suspended sediment concentration trends over the period of 1979 to 2011 at 56 streams across 

Ontario over April to November period using Mann-Kendall test. Maccoux et al., 2016 analyzed 
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the long-term trends in total phosphorus loads over major tributaries in Canada using linear 

regression of total phosphorus load versus year. 

Table 1 : Statistical tests for water quality trend analysis. 

Parametric tests Nonparametric tests Mixed-type test 

A linear regression model 

considering time variable 

Mann-Kendall test Mann-Kendall test on 

residuals generated from a 

linear regression model 

A multiple linear regression 

model considering time and 

additional seasonal variables 

Seasonal Kendall test Seasonal Kendall test on 

residuals generated from 

linear regression model 

- Mann-Kendall test on residuals 

generated from LOWESS 

- 

- Seasonal Kendall test on 

residuals from LOWESS 

- 

Debues et al., 2019 studied long-term trends in total phosphorus and nitrate nitrogen (NO3-N) 

concentration over twelve tributaries in Lake Ontario between 1971 to 2010 using non-parametric 

Kruskal-Wallis test. TRCA, 2017 as a part of a regional watershed monitoring program analyzed 

trends in Lake Ontario tributaries between 2011 to 2015 using Mann- Kendall nonparametric test. 

Bittman et al., 2016 analyzed the trends in TSS, TP, and NO3-N concentration and loads from six 

major Eastern Lake Huron watersheds located in Southern Ontario. They used a parametric test to 

analyze the trend in monthly mean concentration and loads for normally distributed data and a 

non-parametric Mann-Kendall test for non-normally distributed data. 
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2.4.2 Flexible model to trend analysis 

All the trend tests that are described in sub-section 2.4.1 rely on one feature that the existence of 

the trend and relationship among water-quality variables and independent variables such as 

streamflow and seasons, and are based on many restrictive assumptions (Helsel et al., 2020). The 

application of smoothing methods (analogous to loess) to represent the changing pattern of the 

constituent concentrations to the components of streamflow, trend, and the season is a recent 

development in water quality trend analysis (Helsel et al., 2020). The smoothing technique 

involves a reasonably large dataset and enables the concentration relation to the independent 

variables to be free of functional form assumptions, enabling the description of water-quality 

changes to be driven by the data than a regular multiple regression model. The Weighted 

Regressions on Time, Discharge, and Season (WRTDS) model (Hirsch et al., 2010) works on a 

similar approach. The WRTDS model was designed to ease many of the assumptions common to 

most trend models. The WRTDS model does not consider the shape of the discharge-concentration 

relationship to be constant over time, and it further does not consider these relationships to be the 

same in different seasons of the year. Over the full range of streamflow values, years, seasons, the 

WRTDS model does not assume the model variance to be constant, and so it varies smoothly over 

discharge-time space. The WRTDS model also computes the flow-normalized concentrations and 

flow-normalized load estimates (sub-section 2.4.2.1). Flow-normalization is a technique to 

eliminate the effect of year to year fluctuations in streamflow to analyze water-quality trends. The 

WRTDS model also considers trends that may not follow a given functional form (such as linear 

or curved-linear) (Helsel et al., 2020).  

Furthermore, trend analysis done using tests presented in Table 1 is done using a single rule of 

displaying trends that are significant at the significance level (α) = 0.05. However, there might be 

certain instances where there is reasonably clear evidence of an inclining or declining trend, but 

the hypothesis tests may suggest that the trend is not significant as it fails to meet the acceptable 

significance level (Helsel et al., 2020). Instead of eliminating trend results since they fail to reach 

a particular level of statistical significance, it is important to say how confident we can be about 

the direction or magnitude of the trend. A dialect is needed to explain the level of statistical support 

offered by the data as well as the associated analysis in terms of the probability of a positive or a 
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negative change with direction over a given time-period (Helsel et al., 2020). The WRTDS model 

further accounts to such questions under Weighted Regression on Time, Discharge, and Season 

Bootstrap Test (WBT) for trend analysis. The WBT approach provides the 90% confidence 

intervals on the magnitude of trend estimates, hypothesis test for trends in FNC and FNF so as to 

reject or fail to reject the null hypothesis at α = 0.1, p-values for the tests, and likelihood statements 

that are in numerical forms and also in the form of descriptive statements (sub-section 2.4.2.2). 

 

The WRTDS model is being used widely for analyzing the trends in water-quality. Murphy et al., 

2019 used the WRTDS approach to analyze fifteen water quality constituents at 370 monitoring 

locations in the United States. Medalie, 2016 analyzed the trends in nutrients, chlorides, and total 

suspended solids concentration and loads in Lake Champlain tributaries between 1990 to 2014 

using WBT approach. Choquette et al., 2019 analyzed the trends flow normalized load of total 

phosphorus and three forms of nitrogen (TN, NO3-N, and total Kjeldahl nitrogen) over ten 

tributaries located in Western Lake Erie basin using WBT approach. 

2.4.2.1 Concepts of flow normalized concentration and load under WRTDS model 

Explanation of WRTDS up till now was only limited to daily concentration and load estimates. 

Daily estimates of concentration and load are of immense importance in analyzing the real history 

of the water quality in a river (Hirsch et al., 2010). When the particular interest is to under the 

water quality conditions of the downstream water bodies like lakes or reservoirs over the specific 

time period, it is of high importance to obtain the history of load integrated over the period of 

seasons or years. Similarly, if the emphasis is to analyze the concentration of various pollutants 

that can impact water supply intakes or on the ecology, then it is important to obtain the history of 

concentration integrated over the period of seasons or years. The flow conditions can heavily 

influence estimates of concentration and load. For instance, in the case of a constituent for which 

the concentration rises with streamflow, an extreme streamflow period of one or two years close 

to the finish of the time-period may indicate a decrease in water-quality. Hence, the analysis done 

to evaluate the efficiency of pollution control efforts for such instances can extremely misperceive 

the results. Streamflow-driven variations produce a significant amount of obvious "noise" making 

it problematic to recognize the trend. For the analysis related to the efficiency or progress made 
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with regards to the pollution control efforts or analyzing the change in the watershed over time of 

interest, trends that remove the effect of yearly fluctuations in streamflow is required (Hirsch et 

al., 2010). 

WRTDS generates the flow normalized estimates of concentrations and loads that fall under the 

technique called Flow Normalization (FN). FN approach removes the effect of year to year 

variations of streamflow to compute the time series of Flow Normalized Concentration (FNC) and 

Flow Normalized Flux (FNF). FNC and FNF are a depiction of concentration and load that 

integrates over the probability distribution of streamflow in an attempt to eliminate the influence 

of year-to-year variability in streamflow. The flow normalized concentration (FNC) is computed 

using the equation: 

𝑐𝑖𝑗
∗ = ∫ 𝑤(𝑄, 𝑇𝑖,𝑗). 𝑔𝑖𝑗(𝑄)𝑑𝑄

∞

0
        ( 30 ) 

Where c*i,j is the flow normalized concentration on a day i of year j, w(Q,Ti,j) is the WRTDS 

estimate of concentration on a day i of year j, gij(Q) is the probability density function of discharge 

(Q) on a day i and year j. The estimate of the probability density function of streamflow on a day 

i is computed using observed discharge for that particular day over the record period and the 

probability of each of these values will be equal to 1/ny where ny is the total number of years of 

observed streamflow values for that particular day. Flow normalized concentration on i for the 20-

year record will be computed as, WRTDS estimate of concentration w(QiTi) multiplied by the pdf 

of discharge for a day i. pdf of discharge for a day i will be computed using the discharge values 

for all ith days for the 20-year record resulting into 20 discharge values. The above procedure is 

repeated every single day in a record period which results in the time-series of the flow-normalized 

concentrations. Flow normalized flux is computed in similar ways as flow normalized 

concentration as: 

𝑓𝑖𝑗
∗ = ∫ 𝑄 ∗ 86.40 ∗ 𝑤(𝑄, 𝑇𝑖,𝑗). 𝑔𝑖𝑗(𝑄)𝑑𝑄

∞

0
       ( 31 ) 

Based on WRTDS estimates, the trend in  flow-normalized concentration over the period of record 

can be computed as the difference between the annual mean flow normalized concentration for the 

last year (FNCly) and the annual mean flow-normalized concentration for the first year (FNCfy): 
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∆𝐶
∗= 𝐹𝑁𝐶𝑙𝑦 − 𝐹𝑁𝐶𝑓𝑦          ( 32 ) 

where Δ*
c is the change over the trend period. 

𝐹𝑁𝐶𝑙𝑦 =
1

365
∑ 𝑐𝑖𝑙𝑦

∗365
𝑖=1           ( 33 ) 

𝐹𝑁𝐶𝑓𝑦 =
1

365
∑ 𝑐𝑖𝑓𝑦

∗365
𝑖=1          ( 34 ) 

Where c*
ify is the estimated value of FNC on a day i of first year and c*

ily is the estimated value of 

FNC on a day i of last year over the record period. Based on the classical hypothesis testing 

approach for the trend analysis, the null hypothesis (Hc0) represents no trend in FNC over the 

period and can also be summarized as: 

𝐻𝑐0: ∆𝐶
∗= 0           ( 35 ) 

And similarly, the alternative hypothesis (Hc1) represents a trend in FNC over the period of 

record and can be summarized as: 

𝐻𝑐1: ∆𝐶
∗≠ 0           ( 36 ) 

An alternative hypothesis is two-sided, meaning that FNC can be increasing or decreasing over 

the period of record. Trend estimates for FNF are also computed in similar ways as trend 

estimates of FNC. 

2.4.2.2 WRTDS Bootstrap Test (WBT) and Statistical Analysis 

WBT approach is an extension to WRTDS model that further accounts for the uncertainty in 

WRTDS estimates (Hirsch et al., 2015). WBT approach is accessed using an R-package called as 

EGRETci and is also available through Comprehensive R archive Network (CRAN). This test 

includes a block bootstrap approach that has the potential to maintain the short-term serial 

correlation structure in the dataset. The block bootstrapping method uses a time-based sampling 

block approach rather than a sample-based approach mainly due to irregular sampling intervals 

across the period of record in a general scenario. This approach also prevents the tendency to 

oversample across dense sampling periods. Sampling within each block is done randomly with 
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replacement. Each bootstrap (M) created based on the total number of observations is further used 

to estimate the trends using the WRTDS model. An estimate of trends in FNC and FNF for all the 

bootstrap replicates is done in similar ways as trend estimates in WRTDS model. For a single 

bootstrap replicate, the difference between the last year (Fly) and last year (Ffy) is represented as 

Df. The estimate of the change in flux Δf for a single bootstrap replicate is computed by: 

∆𝑓= 2 ∗ ∆𝑓
∗̂ −𝐷𝑓          ( 37 ) 

This procedure is repeated for every bootstrap replicate based on the number of bootstraps selected 

in the analysis. The change in concentration for a bootstrap replicate is done in similar ways as to 

load estimates and is denoted as Δc. The number of bootstrap replicates to be selected for the 

analysis is defined by the user, however, the approach also provides the flexibility to minimize the 

bootstrap replicates using an adaptive Bayesian approach which aims to provide the optimal 

number of replicates that would be needed for the analysis of trends considering the fact that adding 

additional replicates to the study will not influence the overall estimates. The WBT approach 

provides various ways to analyze the trends in FNC and FNF. The WBT approach provides the 

90% confidence intervals on the magnitude of trend estimates, hypothesis test for trends in FNC 

and FNF such as reject or not to reject the null hypothesis at α = 0.1, p-values for the tests, and 

likelihood statements that are in numerical forms and also in the form of descriptive statements. 

The descriptive statements are based on the ̂π values which is the posterior mean estimate of the 

probability of an increasing trend generated using n number of replicates. The explanation of the 

descriptive statements is shown in Table 2. 

Table 2 : Descriptive statements based on the range of π values from the WBT test for trend 

analysis. 

Range of π̂ values Descriptive statements 

Value between 0.95-1 Highly Likely 
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Value between 0.90-0.95 Very Likely 

Value between 0.66-0.90 Likely 

Value between 0.33-0.66 About as Likely as Not 

Value between 0.1-0.33 Unlikely 

Value between 0.05-0.1 Very Unlikely 

Value between 0-0.05 Highly Unlikely 
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 MATERIALS AND METHODS 

This chapter is split into six sections i.e., data availability, study area, model development, design 

of subsampling experiment, evaluation criteria and statistical analysis, and trend analysis. Section 

3.1 provides information about sediment and nutrient data available from monitoring agencies 

across Ontario. Section 3.2 provides the information of the study area and the description of the 

streamflow and water quality monitoring stations selected in this study. This section also explains 

the preliminary analysis of streamflow and water quality data. Section 3.3 explains the 

development of the statistical models that were carried out in this study. Section 3.4 explains the 

subsampling experiment including the type of sampling strategies considered and the total number 

of subsets generated for both the water quality constituents (i.e. TSS and TP). Section 3.5 provides 

information about the performance evaluation measures and statistical analysis considered to 

evaluate the statistical models. Section 3.6 provides the information about the trend analysis 

including the description and location of TSS and TP stations. 

3.1 Data Availability 

In addition to continuous daily flow monitoring, Environment Canada sampled total suspended 

solids (TSS) on daily basis from 1965 to 1995 by taking grab samples of water using a manual and 

continuous recorder. On the contrary, other water quality constituents (e.g. phosphorus) were not 

monitored by Environment Canada. Provincial water quality monitoring network (PWQMN) 

operated under the Ministry of the Environment Conservation and Parks (MECP), Ontario 

monitors water quality in streams and rivers in Ontario. MECP in partnership with various 

conservation authorities and municipalities monitors over 400 locations in Ontario. Samples of 

water are collected on an approximately monthly time-period excluding winter months leaving 

around 7-8 samples per year (Long et al., 2015). Samples are collected by the conservation 

authorities and are analyzed at the Ministry’s laboratory. The PWQMN is been operating since 

1964 and analyses various water quality constituents (e.g. Total Phosphorus and Total Nitrogen). 

During the early stage of sampling under PWQMN, intensive monitoring was done at many 

locations in Ontario to analyze the river water quality and trends. An intensive sampling approach 

included more frequent sampling than the usual monthly sampling approach and also included 

monitoring during the winter period. An Intensive sampling approach was initiated at many 
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locations in Ontario for the period between 1965-1999. Considering the availability of intensive 

monitoring datasets for TSS and TP during the period between 1965 to 1999, water quality loads 

from various load estimation models were analyzed and evaluated for the historical period (1965 

to 1999) for this study. Further in this study, the word “historical period” will be referred to as the 

period between 1965 to 1999. 

Both the water quality constituent considered in this study had some potential discrepancies. 

Firstly, both the water quality constituents are not monitored at the same locations. This is majorly 

due to two different authorities involved in the sampling of water quality constituents. Secondly, 

both the water quality constituents were analyzed using two different sampling approaches. TSS 

monitoring includes samples collected daily, while, TP monitoring (by intensive PWQMN 

sampling) was not daily but was done more frequently. Because of the differences in datasets of  

TSS and TP, we have adapted two distinctive approaches. The outline for the evaluation of 

statistical models is summarized in figure 8. 

3.2 Study area 

The study area included three dominant basins located in Southern Ontario, Canada. The basins 

are: Northern Lake Erie, Eastern Lake Huron, and Lake Ontario & Niagara Peninsula. Northern 

Lake Erie basin is located in Southern Ontario and is mainly dominated by agricultural row crops 

landuse comprising 60.8% of total landuse (Table 3) with a drainage area of around 22,647 km2. 

A major portion of the Northern Lake Erie basin drains into Lake Erie, while some portion along 

Thames River within the basin drains into Lake St. Clair and then to Lake Erie. Eastern Lake 

Huron basin is located in South-Western Ontario and covers a drainage area of around 15000 km2 

and drains majorly into Lake Huron and some parts of Georgian Bay. Eastern Lake Huron basin 

is also an agriculture dominated watershed with 42.8% of the total landuse for agricultural 

activities. Lake Ontario & Niagara Peninsula basin is located in south-east Ontario and is 

comprised mainly of forests covering 40% of the total landuse. Lake Ontario & Niagara Peninsula 

watershed has the largest drainage area among the selected basins covering a drainage area of 

around 28,500 km2 and draining into Lake Ontario. 
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Table 3 : Landuse types across the three major basin in southern Ontario. 

Basins 

Landuse type 

Agriculture Forest Pasture Water Residential 
Range-

grasses 

Northern Lake Erie 60.8 13.5 14.4 0.5 7.9 0.5 

Eastern Lake Huron 42.8 25.1 23.5 0.6 3.6 0.6 

Lake Ontario and 

Niagara Peninsula 
12.5 40 15.6 4.8 12.6 7.1 

3.2.1 Flow and water-quality monitoring stations 

This study mainly focused on analyzing two water quality constituents that have a considerable 

relationship with streamflow (i.e. total suspended solids and total phosphorus). Flow and total 

suspended solids data were obtained from the HYDAT database operated by the Water Survey of 

Canada under Environment Canada. In addition to daily flow monitoring, Environment Canada 

during the mid-phase of monitoring period from 1965 up to 1995 sampled total suspended solids 

on daily basis by taking grab samples of water using a manual and continuous recorder. The data 

is published in HYDAT (https://wateroffice.ec.gc.ca/search/historical_e.html) database includes 

daily observations of TSS and streamflow across several monitoring stations for a period between 

1965 to 1995 across Ontario. TP data were obtained from the Provincial Water Quality Monitoring 

Network (PWQMN) database (https://www.ontario.ca/environment-and-energy/map-provincial-

stream-water-quality-monitoring-network). The selected TP monitoring data ranged from 1969 to 

1999 and included more frequent sampling than the usual monthly sampling approach and also 

included monitoring during the winter period. 

https://wateroffice.ec.gc.ca/search/historical_e.html
https://www.ontario.ca/environment-and-energy/map-provincial-stream-water-quality-monitoring-network
https://www.ontario.ca/environment-and-energy/map-provincial-stream-water-quality-monitoring-network
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Fourteen TSS sampling stations were selected for the study based on spatio-temporal coverage and 

available dataset. The TSS dataset contains a maximum monitoring duration of 29 years (Humber 

River at Elder Mills; 02HC025) and a minimum monitoring duration of three years (South 

Maitland River at Summerhill; 02FE009), with an average monitoring duration of ten years. The 

monitoring stations are distributed across all three watersheds with a variable drainage areas (Table 

4 and figure 2). Streamflow and TSS were monitored at the same location for all fourteen sampling 

stations. 

Ten TP stations were selected for the study based on the availability of the dataset (Table 5 and 

figure 3). As two different authorities monitored streamflow and water quality constituents 

distinctly, monitoring of streamflow and water quality were not measured at the same location for 

many monitoring stations in Ontario. Four out of ten TP stations selected in this study did not have 

concurrent streamflow stations. In order to estimate water quality loads at a particular station, it is 

of high importance that streamflow and water quality constituents are measured at the same place. 

Different locations of flow and water quality can hinder the load estimation process as there could 

exist a high variability between flow and water quality constituents. There are many techniques to 

estimate streamflow at a particular ungauged station (location of interest along the stream) based 

on the nearest streamflow station. As four TP stations did not have concurrent streamflow stations, 

streamflow for these stations was estimated from the nearest streamflow monitoring stations using 

a drainage area-weightage method developed by Hirsch, 1979 and by following the approach 

adopted by the SPARROW model for the United States and Canada Saad et al., 2018 based on 

several criteria. Criteria defined by Saad et al., 2018 for selection of gauged station were: the ratio 

of the watershed area between ungauged and gauged station should be between 0.75 to 1.33; the 

gauged station should be within a suitable distance (aerial distance smaller than or identical to 40 

kilometers) of the ungauged station to have comparable climatic conditions; if the drainage area 

of the ungauged station was larger than or identical to 260 km2, then gauged station would be on 

the same stream. In this study, the distance between four gauged and ungauged streamflow stations 

ranged between six to fifteen kilometers, the ratio between all four ungauged and gauged 

streamflow stations ranged between 1.08 to 1.28, and the drainage areas at four ungauged 

streamflow stations ranged between 875 to 4970 km2. 
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The equation used to generate streamflow data for an ungauged station from a nearby streamflow 

station using the drainage area ratio method (Hirsch, 1979) is given as: 

𝑌𝑖 = (
𝐴𝑦

𝐴𝑥
) ∗ 𝑋𝑖            ( 38 ) 

Where Yi is the estimated streamflow at the ungauged station, Xi is the observed streamflow at the 

nearby gauged station, Ay is the drainage area at the ungauged station, and Ax is the drainage area 

at the nearby gauged station. 
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Table 4 : Description of TSS monitoring stations. 

No 
Station 

ID 
Station Name 

Drainage Area 

(km2) 
Latitude Longitude 

Monitoring 

Duration 

Monitoring 

Year 
Province Basin 

1 02FC001 
Saugeen River Near Port 

Elgin 
3953.52 44.45 -81.32 05 1975-1979 Ontario 

East Lake Huron 

Basin 

2 02FE004 
Maitland River Near 

Donnybrook 
1760 43.82 -81.49 05 1970-1974 Ontario 

East Lake Huron 

Basin 

3 02FE009 
South Maitland River at 

Summerhill 
370.56 43.68 -81.54 03 1984-1986 Ontario 

East Lake Huron 

Basin 

4 02FF002 
Ausable River Near 

Springbank 
865.41 43.07 -81.65 24 1970-1993 Ontario 

East Lake Huron 

Basin 

5 02GA023 
Canagagigue Creek 

Near Elmira 
114.06 43.57 -80.50 06 1968-1973 Ontario 

Northern Lake 

Erie Basin 

6 02GC004 
Big Otter Creek Near 

Vienna 
697.49 42.68 -80.79 09 1967-1975 Ontario 

Northern Lake 

Erie Basin 

7 02GC007 
Big Creek Near 

Walsingham 
566.73 42.68 -80.53 20 1967-1986 Ontario 

Northern Lake 

Erie Basin 
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8 02GC026 
Big Otter Creek Near 

Calton 
664.55 42.71 -80.84 21 1976-1996 Ontario 

Northern Lake 

Erie Basin 

9 02GD016 
Thames River at 

Ingersoll 
509.95 43.04 -80.88 10 1964-1973 Ontario 

Northern Lake 

Erie Basin 

10 02GE003 
Thames River at 

Thamesville 
4370.37 42.54 -81.96 04 1973-1976 Ontario 

Northern Lake 

Erie Basin 

11 02GH001 
Sturgeon Creek Near 

Leamington 
14.2 42.04 -82.57 05 1972-1976 Ontario 

Northern Lake 

Erie Basin 

12 02HB002 Credit River at Erindale 795 43.54 -79.65 16 1974-1989 Ontario 
East Lake 

Ontario 

13 02HC003 Humber River at Weston 802.04 43.69 -79.52 12 1965-1976 Ontario 
East Lake 

Ontario 

14 02HC025 
Humber River at Elder 

Mills 
296.28 43.81 -79.62 29 1966-1994 Ontario 

East Lake 

Ontario 
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Table 5 : Description of TP monitoring stations. 

No 

PWQMN 

Station 

Name 

PWQMN 

Station No 

Streamflow 

Station 

Drainage 

Area 

(km2) 

Latitude Longitude 
Monitoring 

Duration 

Total TP 

observations 

Monitoring 

Year 
Province Basin 

1 

Saugeen 

River near 

Port Elgin 

8012303082 02FC001 3953.2 44.45 -81.32 20 1613 1975-1995 Ontario 

East 

Lake 

Huron 

Basin 

2 

Ausable 

River near 

Parkhill 

8002100202 02FF002 1108 43.19 -81.81 14 750 1982-1996 Ontario 

East 

Lake 

Huron 

Basin 

3 

Grand River 

at Bridge 

Port 

16018401102 02GA003 3546.83 43.31 -80.31 9 422 1969-1978 Ontario 

Northern 

Lake 

Erie 

Basin 

4 

Grand River 

at Centre 

Wellington 

16018403702 02GA016 784.76 43.72 -80.34 10 344 1972-1982 Ontario 

Northern 

Lake 

Erie 

Basin 

5 

Thames 

River at 

Byron 

4001301302 02GE002 3082.61 42.96 -81.33 20 802 1978-1998 Ontario 

Northern 

Lake 
Erie 

Basin 
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6 

Thames 

River at 

Jacobs Road 

4001300782 02GE003 4982.05 42.35 -82.32 19 925 1980-1999 Ontario 

Northern 

Lake 

Erie 

Basin 

7 

Sydenham 

River at 

Wallaceburg 

4002700183 02GG008 2680 42.59 -82.38 17 610 1979-1996 Ontario 

Northern 

Lake 

Erie 

Basin 

8 

Credit River 

at 

Orangeville 

6007602302 02HB013 60.58 43.88 -80.06 19 827 1980-1999 Ontario 

East 

Lake 

Ontario 

9 

Don River at 

Pottery 

Road 

6008501402 02HC024 318.5 43.68 -79.36 19 763 1980-1999 Ontario 

East 

Lake 

Ontario 

10 

Humber 

River at Old 

Mill Road 

6008301902 02HC027 873.53 43.65 -79.49 16 709 1980-1996 Ontario 

East 

Lake 

Ontario 
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Figure 2 : Map showing the location of TSS sampling stations. 14 TSS sampling stations were 

selected in this study spatially distributed across Northern Lake Erie, Eastern Lake Huron, and 

western Lake Ontario basin.
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Figure 3 : Map showing the location of TP sampling stations. 10 TP sampling stations were 

selected in this study spatially distributed across Northern Lake Erie, Eastern Lake Huron, and 

western Lake Ontario basin.  
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3.2.2 Preliminary data analysis 

To evaluate the statistical models for TSS and TP load estimates, analyzing the available data is 

of paramount importance. Data analysis can provide an understanding regarding the nature of the 

available data and suitability in context to the statistical model formation. The main explanatory 

variable that is considered for most statistical model formation is “streamflow”. In particular, the 

main assumption of the regression-based models is centered around the relationship between the 

“predictor” variable (i.e. streamflow) and the “predicted” variable (i.e. water quality constituent). 

Data analysis can help answer various questions such as whether there is an association or no 

association between streamflow and TSS/TP concentration at a particular sampling station?, 

whether there are abrupt changes in the streamflow at a particular monitoring station that can 

impact the load estimates of statistical models? Hence, analyzing the streamflow data and also 

analyzing its association with the TSS/TP data is vital. To analyze the association between 

streamflow data and TSS/TP data at all monitoring stations, the Pearson correlation test was 

computed at each monitoring station. Further to analyze the streamflow conditions at all 

monitoring stations, coefficient of variation and Richards-Baker flashiness index statistics were 

generated at all monitoring stations.  

Flow and total suspended solids/total phosphorus observations were log-transformed to develop 

correlation plots, as the selected models in the study consider a log-transformed relationship for 

the model development to estimate loads (sub-section 2.2.3). Pearson’s correlation coefficient (r) 

was used to analyze the relation between streamflow and total suspended solids/total phosphorus 

(Freedman et al., 2007). The value of the coefficient of correlation lies between +1 and -1. The 

value of +1 coefficient of correlation value represents a strong positive relation between the 

streamflow and total suspended solids/total phosphorus, while -1 coefficient of correlation value 

represents a strong negative relation between streamflow and total suspended solids/total 

phosphorus. The value of the coefficient of correlation near 0 represents no relation. Pearson’s 

coefficient of correlation (r) is calculated as: 

𝑟(𝑥𝑄.𝑦𝐶𝑜𝑛𝑐) =
𝑛∑𝑥𝑄𝑦𝐶𝑜𝑛𝑐−∑𝑥𝑄.∑𝐶𝑜𝑛𝑐

√𝑛∑𝑥𝑄
2−(𝑥𝑄)

2.√𝑛∑𝑦𝐶𝑜𝑛𝑐
2 −(𝑦𝐶𝑜𝑛𝑐)

2
       ( 39 ) 
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Where r(xQ.yConc) is the Pearson correlation coefficient between streamflow and water quality 

concentration, n is the number of observations, xi is the value of streamflow (for the ith observation) 

and yi is the value of sediment (for the ith observation) 

Correlation plots for all total suspended solids monitoring stations are shown in figure 4. Most of 

the selected monitoring stations showed an evident positive correlation between streamflow and 

total suspended solids. Nine monitoring stations out of the total 14 monitoring stations selected 

showed a correlation coefficient value of above 0.50 (ranging between 0.50 to 0.75). Two of the 

selected monitoring stations showed no evident relationship between streamflow and total 

suspended solids with a correlation coefficient value of around zero. These two monitoring stations 

(Ausable River and South Maitland River) are located in the east lake Huron watershed. The 

correlation coefficient for the remaining three stations ranged from 0.20 to 0.50. A higher 

correlation coefficient value is considered ideal for the linear regression model formation. The 

influence of correlation coefficient values on the load estimates of all statistical models is further 

discussed in sub-section 4.1.3. 

Similar to TSS monitoring stations, correlation plots were generated for TP monitoring stations as 

shown in figure 5. Out of 10 selected TP stations, five stations showed a positive correlation 

between streamflow and phosphorus. The correlation coefficient among these stations ranged from 

0.61 to 0.70. Two TP stations showed no evident correlation between streamflow and phosphorus 

with a correlation coefficient value of -0.1 and -0.09. While three TP stations showed a low-

moderate correlation with correlation coefficient values ranging between 0.17 to 0.33. A higher 

correlation coefficient value is considered ideal for the linear regression model formation. The 

influence of correlation coefficient values on the load estimates of all statistical models is further 

discussed in sub-section 4.2.3. 

TSS monitoring stations selected in the study are spatially distributed and have variable drainage 

areas ranging from 114-3953 km2. Coefficient of variation and Richards-Baker Flashiness Index 

(Baker et al., 2004) for streamflow was calculated for each station to understand variability in the 

streamflow at different monitoring stations (Table 6). Flow coefficient of variation is calculated 

as: 
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𝐶𝑉𝑓𝑙𝑜𝑤 =
𝜎𝑓𝑙𝑜𝑤

µ𝑓𝑙𝑜𝑤
          ( 40 ) 

Where σflow is the standard deviation of the data and µflow is the mean of the population.  

Richards-Baker Flashiness Index (R-B Index) is calculated as (Baker et al., 2004): 

𝑅 − 𝐵 𝐼𝑛𝑑𝑒𝑥 =
∑ |𝑞𝑖−𝑞𝑖−1|
𝑛
𝑖=1

∑ 𝑞𝑖
𝑛
𝑖=1

         ( 41 ) 

Where qi is the streamflow on day i, qi-1 is the streamflow on day i-1, and n is the number of 

observations. 

TSS monitoring stations with relatively smaller drainage areas showed high variability in 

streamflow conditions based on the coefficient of variation and flashiness Index (Table 6). The 

influence of the coefficient of variation and Richards-Baker flashiness index values on the TSS 

load estimates of all statistical models is further discussed in sub-section 4.1.3. Similar to TSS 

monitoring stations, the coefficient of variation was calculated for each TP stations to understand 

the variability in streamflow conditions (Table 7). TP monitoring stations with relatively smaller 

drainage areas showed high variability in streamflow conditions based on the coefficient of 

variation and flashiness Index (Table 7). Furthermore, the influence of the coefficient of variation 

and Richards-Baker flashiness index values on the TP load estimates of all statistical models is 

further discussed in sub-section 4.2.3. 
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Figure 4 : Scatter plot between streamflow vs TSS concentration in natural logs at all monitoring locations. Site names are displayed in 

the grey box. R-value represents the Pearson correlation coefficient. Blue line shows the linear regression line.
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Figure 5 :  Scatter plot between streamflow vs TP concentration in natural logs at all monitoring locations. Site names are displayed in 

the grey box. R-value represents the Pearson correlation coefficient. Blue line shows the linear regression line.
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Table 6 : Table shows the streamflow coefficient of variation, R-B index, and drainage area at all 

TSS monitoring locations.  

No 
Station 

ID 
Station Name 

Drainage 

Area (km2) 

Flow Coefficient of 

Variation (CV) 
R-B Index 

1 02FC001 Saugeen River Near Port Elgin 3953.52 1.41 0.14 

2 02FE004 Maitland River Near Donnybrook 1760 1.85 0.21 

3 02FE009 South Maitland River at Summerhill 370 1.75 0.29 

4 02FF002 Ausable River Near Springbank 865.41 2.08 0.31 

5 02GA023 Canagagigue Creek Near Elmira 114 2.07 0.38 

6 02GC004 Big Otter Creek Near Vienna 697.49 1.22 0.19 

7 02GC007 Big Creek Near Walsingham 566 0.86 0.1 

8 02GC026 Big Otter Creek Near Calton 664 1.31 0.23 

9 02GD016 Thames River at Ingersoll 509 1.52 0.21 

10 02GE003 Thames River at Thamesville 4370 1.42 0.19 

11 02GH001 Sturgeon Creek Near Leamington 14.2 2.11 0.47 

12 02HB002 Credit River at Erindale 795 1.49 0.28 
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13 02HC003 Humber River at Weston 802.04 1.89 0.32 

14 02HC025 Humber River at Elder Mills 296.28 1.20 0.24 

 

Table 7 : Table shows the streamflow coefficient of variation, R-B Index, and drainage area at all 

TP monitoring locations. 

No PWQMN Station Name 
PWQMN 

Station No 

Streamflow 

Station 

Drainage 

Area 

(km2) 

Coefficient 

of Variation 

R-B 

Index 

1 Saugeen River near Port Elgin 8012303082 02FC001 3953.2 1.21 0.15 

2 Ausable River near Parkhill 8002100202 02FF002 1108 1.78 0.32 

3 Grand River at Bridge Port 16018401102 02GA003 3546.83 1.42 0.19 

4 
Grand River at Centre 

Wellington 
16018403702 02GA016 784.76 1.70 0.19 

5 Thames River at Byron 4001301302 02GE002 3082.61 1.52 0.25 

6 Thames River at Jacobs Road 4001300782 02GE003 4982.05 1.32 0.19 

7 Sydenham River at Wallaceburg 4002700183 02GG008 2680 1.74 0.28 

8 Credit River at Orangeville 6007602302 02HB013 60.58 0.93 0.22 

9 Don River at Pottery Road 6008501402 02HC024 318.5 1.29 0.54 

10 Humber River at Old Mill Road 6008301902 02HC027 873.53 1.70 0.38 
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3.3 Model Formation for Load Estimation 

3.3.1 Interpolation 

The interpolation model included in the study was one of the simplest models to water quality load 

estimation. Interpolation can be called a simple model as it requires only a dependent variable (i.e. 

water-quality concentration) for the load computations unlike regression models (sub-section 

2.2.3) that require one or more independent variables (e.g. streamflow and time). As discussed in 

the literature, several types of interpolation models have evolved in the past few decades including 

linear, bilinear, rectangular, triangular, spline, and smooth spline interpolation. Based on the 

results of Verma et al., 2012 for nitrate load estimates, rectangular interpolation showed better 

results among the other interpolation models evaluated. Based on this consideration, rectangular 

type interpolation was incorporated in this study for estimating TSS and TP load estimates. 

Interpolation model for TSS and TP load estimates was carried using loadflex package in R 

(Appling et al., 2015).  

3.3.2 Beale Ratio estimator 

Beale ratio estimator is incorporated in this study considering its use in water quality load estimates 

at various Great lakes sites over the past two decades. An unstratified Beale ratio estimator was 

incorporated in this study. Unstratified Beale ratio estimator was used in computing annual loads 

based on a single strata for each year in the monitoring period. Beale ratio estimators for annual 

load estimates were carried using Autobeale and RiverLoad Package in R (Nava et al., 2019). 

3.3.3 LOADEST regression models 

LOADEST models include several regression equations with one or more explanatory variables 

for water quality load estimates. Nine regression equations within the LOADEST models were 

included in this study for water quality load estimates. The description of the regression models is 

covered in the literature review section 2.2.3.1. The TSS dataset included in this study had no 

possible censored (i.e. observations below laboratory detection limit) observations for all 

monitoring stations. As monitoring stations had no evident censored observations for TSS and TP 

dataset, results generated using Adjusted Maximum Likelihood Estimation (AMLE) within 
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LOADEST models were used for evaluation of load estimates. All the regression equations within 

LOADEST models were conducted using the Loadflex package in R. Loadflex package in this 

scenario uses the computations of rloadest package for generating LOADEST models. rloadest 

package includes the main framework for developing and estimating load estimates for all nine 

regression equations within LOADEST models. 

3.3.4 Weighted Regression on Time, Discharge, and Season (WRTDS) 

Weighted Regression on Time Discharge and Season (WRTDS) is an improvised regression model 

that is based on weighted regression over time, discharge, and season. WRTDS model was formed 

using the Exploration and Graphics for RivEr Trends (EGRET) package in R. Functions of the 

WRTDS model for this study were kept as per the default values in the WRTDS model. Optimal 

half window widths for time (windowY), discharge (windowQ), and season (windowS) were as 

per default values of 7, 2, and 0.5 years, respectively. However, considering the temporal 

variability of the observed TSS and TP dataset at all monitoring locations, the minimum number 

of Observations (minNumObs) function was allowed to change as per the number of observations 

used to build the WRTDS model. When the number of observations used to build the WRTDS 

model was more than 100 observations, minNumObs function was set to 100 observations by 

default. However, when the total number of observations used to build the WRTDS model was 

below 100 observations, minNumObs function values was reduced accordingly. 

3.3.5 Weighted Regression on Time, Discharge, and Season with Kalman Filtering 

(WRTDS-K) 

Weighted Regression on Time Discharge and Season with Kalman Filtering (WRTDS-K) is one 

of the error correction models based on residual departures. WRTDS-K model generates 

standardized residuals using the load predictions from the developed WRTDS model. WRTDS‐K 

model considers these standardized residuals to have an AR1 serial correlation structure with a 

lag‐1 coefficient of correlation (ρ) ranging between (0,1). Based on the study done by Zhang et al., 

2019, they found the optimal lag‐1 coefficient of correlation (ρ)  between 0.85 to 0.95 for total 

suspended solids and total phosphorus over various sampling scenarios. Based on this 

consideration, lag‐1 coefficient of correlation (ρ) of 0.90 was used in this study for the 
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development of WRTDS-K model. The number of Monte Carlo replicate was kept to 50 numbers 

for the development of WRTDS-K model considering the computational timing (chapter 2, sub-

section 2.2.4). Load estimates using WRTDS-K model were done using the extended code for 

WRTDS-K model developed by Zhang et al., 2019.  

3.3.6 Composite model 

The composite model is another model based on the error correction of load estimates using 

residual departures. The composite model generates residuals using one of the nine regression 

models from the LOADEST models. The composite model further uses a piecewise interpolation 

among these residuals based on the trends and patterns. The composite model was built using the 

loadflex package in R (Appling et al., 2015). For this study, residuals from LOADEST model 9 

(seven parameter model) were used for the development of a composite model as seven-parameter 

model has been extensively implemented in literature for TSS and TP load estimates (refer to 

chapter 2 ; sub-section 2.2.3). 

3.4 Design of sub-sampling experiment 

To test the accuracy and precision of various statistical models and to further analyze the 

performance of statistical models under various sampling frequencies and sampling stations, a 

design of a subsampling experiment was prepared. The sub-sampling experiment has many 

advantages such as whether a statistical model is consistently least biased or consistently most 

biased out of all selected statistical models, to determine whether the performance of statistical 

models is largely related to sampling type and sampling frequency, and to further increase the 

confidence in presenting results. Subsampling experiment was developed for the TSS and TP 

monitoring data at all monitoring stations and sampling scenarios. Figure 8 provides an overview 

of the design of sub-sampling experiment for both water quality constituents (i.e. TSS and TP) and 

they are also discussed in detail in the next sections and also explained in Appendix B. 

3.4.1 Total suspended solids (TSS) 

Three sampling scenarios were developed for all TSS sampling stations as sufficient dataset in the 

case of TSS were available at a daily time step for longer monitoring periods. Sampling types 
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included systematic, random, and stratified sampling. Systematic subsampling includes taking a 

dense dataset and separating it into subsamples of the same length. Systematic subsampling 

scenarios included in this study were weekly, biweekly, monthly, and bimonthly (Table 8). The 

weekly subsampling strategy refers to taking a sample every consecutive week from the dataset. 

Weekly subsampling is designed in such a way that there exists a gap of at least seven days from 

the successive sample to meet the assumptions of systematic sampling. For this subsampling 

experiment, seven subsets were created under weekly subsampling to test the accuracy and 

precision over repetitive subsets and which could include higher variability and temporal coverage 

from the whole dataset (Table 8). The biweekly subsampling scenario includes taking a sample 

every two weeks from the dataset. Similar to the weekly subsampling strategy, there exists a gap 

of at least 14 days from the successive sample for the bi-weekly sampling strategy. For this 

subsampling experiment, 14 subsets were created under a biweekly subsampling strategy (Table 

8). The monthly sampling strategy includes taking a sample each month from the dataset. Similar 

to the biweekly subsampling strategy, there exists a gap of at least 30 days from the successive 

sample for the monthly sampling strategy. For this subsampling experiment, 29 subsets were 

created under the monthly subsampling strategy (Table 8). Bimonthly sampling strategy includes 

taking a sample every two months from the dataset. Under the monthly subsampling strategy, there 

exists a gap of at least 60 days from the successive sample for bi-monthly sampling strategy. For 

this subsampling experiment, 16 subsets were created (Table 8). 

In the case of the random subsampling scenario, 12 subsamples were randomly selected per 

calendar year within the monitoring window to form a single subset. This procedure was repeated 

for ten times to generate 10 subsets for the analysis. However, it is important to elucidate that 12 

subsamples drawn from each calendar year were equally weighted across the months. This states 

that each month had an equal probability of being subsampled. However, the subsample within 

each month was selected on a random basis. Such a subsampling scenario would better represent 

the actual sampling conditions currently being implemented by many of the conservation 

authorities under the PWQMN. While in the case of the stratified subsampling approach, three 

high flow samples were drawn in addition to the random subsampling scenario which resulted in 

15 samples per calendar year. High flow subsamples were drawn based on the consideration of 
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Richards, 1998 for separating the storm events above 80 percentile streamflow values for the 

tributaries of Great Lakes. A stratified sampling strategy helps to assess whether the accuracy of 

load estimates is improved by purposely targeting high flow conditions for the water-quality 

constituents. However, it is vital to know that this type of sampling is only feasible when the timing 

and extent of high streamflow occurrences are priorly understood and, so, is an idealized situation 

that is difficult to mimic in reality. 

3.4.2 Total Phosphorus (TP) 

In the case of TP monitoring stations, systematic subsampling was not possible as TP dataset were 

not available at a frequent interval such as a daily time step. For example, the number of TP 

samples per month on an average for all sampling stations ranged between 2 to 30. Based on the 

available TP dataset, a random subsampling experiment can be developed. Four scenarios were 

developed for the random subsampling experiment: Scenario 1: 4 samples per month, Scenario 2: 

2 samples per month, Scenario 3: 1 sample per month, and Scenario 4: 1 sample per two months. 

These scenarios were slightly comparable to all four systematic subsampling scenarios (i.e. 

weekly, biweekly, monthly, and bimonthly) based on the number of samples drawn from each 

month. However, the samples drawn from the month were based on a random basis as samples 

were taken at irregular intervals for all sampling stations. Most of the random sampling subsets 

were easily subsampled as enough sampled observations were available to meet the criteria. 

However, in the case of random scenario 1, when the number of sampled observations in a month 

was not enough to meet the criteria of four samples per month, all sampled observations were 

drawn for that particular month. Five subsets were developed for each random scenario generating 

a total of 20 subsets. All four random scenarios will be referred to the four systematic scenarios to 

better interpret the results for TSS and TP. Random Scenario 1, 2, 3, and 4 will be referred to as 

weekly, biweekly, monthly, and bimonthly sampling scenarios, respectively. 
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Table 8 : Table shows the total number of subsets generated under systematic sub-sampling 

experiment for TSS. Alphabet next to the number (day) represents the month.  

Number of 

subsets 

Weekly  

subsampling 

Bi-weekly 

subsampling 

Monthly 

subsampling 

Bi-monthly  

subsampling 

Subset-11 1J-8J-15J-22J-29J… 1J-15J-29J… 1J-30J… 1J-2M… 

Subset-2 2J-9J-16J-23J-30J… 2J-16J-30J… 2J-31J… 4J-5M… 

Subset-3 3J-10J-17J-24J-31J… 3J-17J-31J… 3J-1F… 8J-9M… 

Subset-4 4J-11J-18J-25J… 4J-18J-1F… 4J-2F… 12J-13M… 

Subset-5 5J-12J-19J-26J… 5J-19J-2F… 5J-3F… 16J-17M… 

Subset-6 6J-13J-20J-27J… 6J-20J-3F… 6J-4F… 20J-21M… 

Subset-7 7J-14J-21J-28J… 7J-21J-4F… 7J-5F… 24J-25M… 

Subset-8 - 8J-22J-5F… 8J-6F… 28J-29M… 

Subset-9 - 9J-23J-6F… 9J-7F… 2F-3A… 

Subset-10 - 10J-24J-7F… 10J-8F… 5F-6A… 

Subset-11 - 11J-25J-8F… 11J-9F… 9F-10A… 

Subset-12 - 12J-26J-9F… 12J-10F… 13F-14A… 

Subset-13 - 13J-27J-10F… 13J-11F… 17F-18A… 

 

1 Subset-1 under weekly subsampling represents samples drawn on 1st, 8th, 15th, 22nd, and 29th January. Similarly, F 

represents February, M represents March, and, A represents April month. – represents no subsets generated. 
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Subset-14 - 14J-28J-11F… 14J-12F… 21F-22A… 

Subset-15 - - 15J-13F… 25F-26A… 

Subset-16 - - 16J-14F… 29F-29A /1M-30A… 

Subset-17 - - 17J-15F… - 

Subset-18 - - 18J-16F… - 

Subset-19 - - 19J-17F… - 

Subset-20 - - 20J-18F… - 

Subset-21 - - 21J-19F… - 

Subset-22 - - 22J-20F… - 

Subset-23 - - 23J-21F… - 

Subset-24 - - 24J-22F… - 

Subset-25 - - 25J-23F… - 

Subset-26 - - 26J-24F… - 

Subset-27 - - 27J-25F… - 

Subset-28 - - 28J-26F… - 

Subset-29 - - 29J-27F… - 
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3.5 Evaluation criteria and Statistical analysis 

3.5.1 Total suspended sediments (TSS) 

The annual load was considered for the evaluation of statistical models at all sampling stations and 

sampling scenarios. The annual load is a summation of multiple unit loads over a year.  A unit 

daily load was selected in this study as observations of streamflow and TSS were frequently 

available at a daily timestep. So, the annual load is a summation of all n daily unit loads and is 

equated as: 

𝐴𝑛𝑛𝑢𝑎𝑙 𝐿𝑜𝑎𝑑 = ∑ 𝑘 ∗ 𝑐𝑖 ∗ 𝑞𝑖
𝑛
𝑖=1         ( 42 ) 

Where ci is the TSS concentration in mg/L of the ith observation, qi is the daily streamflow in m3/s 

of the ith observation, k is the unit conversion factor to loads, n is the total number of days in a 

year. The value of k is taken as 86.40 (unit conversion factor) when the concentration unit is mg/L 

and the streamflow unit is m3/s, and the load unit is kg/day. 

Accuracy and precision of various statistical models were evaluated using the Nash-Sutcliffe 

efficiency (NSE) and modified percentage bias (PBIAS; %) as recommended by Moriasi et al., 

2015. The modified percentage bias was considered as a primary evaluator and Nash-Sutcliffe 

efficiency (NSE) was considered as a secondary evaluator in this study. The Nash-Sutcliffe 

efficiency (NSE) is a widely used statistics in the evaluation of hydrological models and measures 

the degree of modeled residual variance compared to observed residual variance (Nash & Sutcliffe, 

1970). NSE shows the degree to which the plot of actual and modeled values matches the 1:1 line. 

NSE value ranges from -∞ to +1, where the value of +1 represents a perfect fit between observed 

and simulated values, and values ≤ 0 represents no fit between observed and simulated values 

indicating unacceptable performance. NSE is as: 

𝑁𝑆𝐸 = 1 − [
∑ (𝑌𝑖

𝑂𝑏𝑠−𝑌𝑖
𝑆𝑖𝑚)2𝑛

𝑖=1

∑ (𝑌𝑖
𝑂𝑏𝑠−𝑌𝑖

𝑚𝑒𝑎𝑛)2𝑛
𝑖=1

]        ( 43 ) 

Where Yi
Sim is the ith observation for the simulated unit load and Yi

Obs is ith observation for the 

observed unit load. 
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In this study, a modified percentage bias formula was used to represent the results using the change 

in the numerator. A relative difference between estimated and observed loads was used in the 

numerator instead of the relative difference between predicted and estimated loads as expressed in 

the PBIAS formula. This relative change is described as a percentage difference (%). However, it 

is important to clarify that doing such modifications to the percentage bias (PBIAS) formula has 

no significance on the numerical output which will still be similar under both output values. The 

only change that the modified percentage difference formula makes is the change in sign of the 

numerical output (e.g. a -20 value generated using percentage bias (PBIAS) formula will be similar 

under modified percentage difference except for the sign which will change to +20). This 

modification is only helpful to better communicate while showing results. The optimal value of 

the percentage difference is 0.0 that indicates accurate model simulation. Positive percentage 

difference values indicate that the model is displaying overestimation bias, and negative 

percentage difference bias values indicate that model is displaying underestimation bias. 

Percentage difference (%) is computed as: 

𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 (%) = 100 ∗ (
∑ (𝑌𝑖

𝑆𝑖𝑚−𝑌𝑖
𝑂𝑏𝑠)𝑛

𝑖=1

∑ 𝑌𝑖
𝑂𝑏𝑠𝑛

𝑖=1

) − 100    ( 44 ) 

Where Yi
Sim is the ith observation for the simulated unit load and Yi

Obs is ith observation for the 

observed unit load. 

Displaying results over individual statistical values is practically infeasible as more than thousands 

of statistical values are generated considering multiple monitoring stations, sampling strategies, 

and subsampling experiments with many subsets. Hence, to better describe these statistical values, 

box plots were generated for the individual statistical model in this study. Statistical values ranging 

between the 1st and 3rd quartile of the box plots were used to test the precision, and median 

statistical values were used to test the accuracy of different models. Based on the recommendation 

by Moriasi et al., 2015, the percentage difference value between ± 15 to ± 20 is considered as 

satisfactory performance, and values greater than ± 20 are considered as not satisfactory 

performance for total suspended solids at a daily time step. Similarly, high Nash-Sutcliffe 

efficiency (NSE) values represent good performance, and low NSE values represent unsatisfactory 
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performance. Above performance measures were used to evaluate the accuracy and precision of 

the statistical models in this study. 

Accuracy and precision in load estimates of all the statistical models are shown using box plots. 

Accuracy was tested using the percentage difference (%) values based on the central tendency 

using the median value on the boxplot. A median value near zero suggests high accuracy in load 

estimates. Similarly, precision was tested for the percentage difference (%) values ranging between 

the first quartile (Q1) and the third quartile (Q3) of the boxplot. The first quartile and third quartile 

range together will be referred to from hereby as an inter-quartile range. In the case of percentage 

difference (%) values, inter-quartile range values of the boxplot between ± 20 were considered as 

acceptable precision for statistical models. Acceptable PDIFF values are further shown in figure 

6. 

 

Figure 6 : Sample box plot depicting the acceptance criteria (± 20% of the observed loads) for 

Percentage Difference % (PDIFF) values for TSS load estimates. 

3.5.2 Total phosphorus (TP) 

TP load estimates for all the statistical models were evaluated based on the total load over the 

sampling window for all sampled observations. As the number of samples was not available at the 

daily time step as in the case of TSS samples, hence, generating annual loads was not feasible in 

this case. Total load over a whole monitoring period was considered in this study. Total load over 

a given monitoring window is the summation of individual unit loads on sampled days. So, the 

total load is computed as: 
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𝑇𝑜𝑡𝑎𝑙 𝐿𝑜𝑎𝑑 = ∑ 𝐿𝑖
𝑛
𝑖=1 = ∑ 𝑘 ∗ 𝑐𝑖 ∗ 𝑞𝑖

𝑛
𝑖=1        ( 45 ) 

Where Li is the load in kg/day on the ith sampled day, qi is the streamflow in m3/s on the ith sampled 

day, ci is the TP concentration in mg/L on the ith sampled day, and k is the unit conversion factor 

to loads, n is the total number of sampled observations across the sampling window. The value of 

k is taken as 86.40 (the unit conversion factor) when the concentration unit is mg/L and the 

streamflow unit is m3/s, and the load unit is kg/day. 

Two performance evaluation criteria were used to evaluate the load estimates for all the statistical 

models: Nash-Sutcliffe Efficiency (NSE) and Flux Bias Statistics (Bm). Description and 

acceptance criteria of NSE is explained in section 3.5.1. Flux Bias statistics (Bm) is a dimensionless 

depiction of the relative difference between the summation of the estimated loads including all 

sampled days and the summation of the loads including all sampled days (Hirsch, 2014). Flux Bias 

Statistics is computed as: 

𝐵𝑚 = (𝑃𝑚 − 𝑂)/𝑃𝑚          ( 46 ) 

where, 

𝑂 = ∑ 𝐿𝑖
𝑛
𝑖=1 = ∑ 𝑘 ∗ 𝑐𝑖 ∗ 𝑞𝑖

𝑛
𝑖=1         ( 47 ) 

𝑃𝑚 = ∑ 𝐿 𝑖
𝑛
𝑖=1 = ∑ 𝑘 ∗ 𝑐 𝑖 ∗ 𝑞𝑖

𝑛
𝑖=1         ( 48 ) 

Where Li is the observed load in kg/day on the ith sampled day,  ci is observed concentration in 

mg/L on ith sampled day, qi is observed streamflow in m3/s on the ith sampled day, L̂i is the 

estimated load in kg/day on the ith sampled day, ĉi is estimated concentration in mg/L on the ith 

sampled day, k is the unit conversion factor to loads, n is the total number of samples in the 

sampling window. The value of k is taken as 86.40 (unit conversion factor) when the concentration 

unit is mg/L and streamflow unit is m3/s, and the load unit is kg/day. 

Hirsch, 2014 developed a Monte Carlo subsampling experiment to analyze if the flux bias statistic 

(Bm) was a good indicator of the true bias which is only possible when samples are taken every 

day. He described that flux bias statistics (Bm) can be a good indicator to analyze the potential bias 
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problem when the true load for all days in the sampling window is not available. The values of Bm 

near to zero signifies that the model is showing unbiased load estimates. While a positive Bm value 

shows a positive bias and a negative Bm value shows a negative bias. The author suggested the 

acceptable range of flux bias statistics (Bm) to between -0.1 to 0.1, which is generally equivalent 

to ± 10 % of the true bias (Hirsch, 2014). Computations of the flux bias statistics values were 

generated with a substantial number of observations ranging between 400 to 1500 samples over 

10 to 20 years of monitoring window across all selected TP sampling stations. 

Accuracy and precision in load estimates of all the statistical models are shown using box plots. 

Accuracy was tested using the flux bias statistics (FBS) values based on the central tendency using 

the median value on the boxplot. A median value near zero suggests high accuracy in load 

estimates. Similarly, precision was tested for the flux bias statistics (FBS) values ranging between 

the first quartile (Q1) and the third quartile (Q3) of the boxplot. The first quartile and third quartile 

range together will be referred to from hereby as an inter-quartile range. In the case of Flux Bias 

Statistics (FBS), inter-quartile range values of the boxplot between ± 0.1 were considered as 

acceptable precision for statistical models. Acceptable FBS values are further shown in figure 7. 

 

Figure 7 : Sample box plot showing the acceptance criteria (± 0.10 of the FBS values) for Flux 

Bias Statistics Bm (FBS) values for TP load estimates. 
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A t-test on independent groups was further performed to analyze the load estimates among the 

statistical models for both TSS and TP load estimates (Kim, 2015). A t-test was performed to 

compare the results of load estimates from statistical models to that of observed loads, comparison 

of load estimates between the statistical models, and comparison of load estimates of statistical 

models under all sampling scenarios. The significance level (α) was selected as 0.05. 

𝜇1 − 𝜇2 = 0 = 𝐻0          ( 49 ) 

𝜇1 − 𝜇2 ≠ 0 = 𝐻𝑎          ( 50 ) 

Where H0 represents the Null hypothesis and Ha represents the alternate hypothesis. The difference 

between the individual groups was considered to be statistically significant when the computed p-

value was smaller than the significance level (α). Similarly, the difference between the individual 

groups was considered to be statistically not significant when the computed p-value was greater 

than the significance level (α). 
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Figure 8 : Outline for the evaluation of statistical models.  
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3.6 Trend analysis 

This section provides information on trend analysis including a selection of sampling stations, 

statistical model selection for trend analysis, and model formation for trend analysis. Sub-section 

3.6.1 includes information related to the selection of monitoring stations for trend analysis. Sub-

section 3.6.2 describes about the selected statistical model for the trend analysis. Sub-section 3.6.3 

provides information about the statistical model formation for trend analysis. 

3.6.1 Sampling stations for trend analysis   

Ten tributaries were selected for the trend analysis in this study. Sampling stations were selected 

based on the availability of the dataset and suitability in context to the selected statistical model 

(sub-section 3.6.2). Trend analysis was done over the period between 1975 to 2019, and time-

period for each monitoring station is shown in Table 9. The majority of the selected sampling 

stations were situated in the Northern Lake Erie basin. While few stations were situated in Eastern 

Lake Ontario Basin and a single sampling station was situated in the Eastern Lake Huron basin. 

The total number of observations for TSS ranged between 227 to 1062 and the total number of 

observations for TP ranged between 248 to 1858 across all sampling stations. Description of 

selected sampling stations for trend analysis is shown in Table 9 and the location of stations is 

shown in figure 9.  

Table 9 : Description of TSS and TP sampling stations for trend analysis. 

N

o 

PWQMN 

Station 

Name 

PWQMN 

Station No 

Streamflo

w Station 

Latitud

e 

Longitu

de 

Monitorin

g Year 

Total TP 

Observatio

ns 

Total TSS 

Observatio

ns 

Basin 

1 

Humber 
River at 
Old mill 

Road 

600830190
2 

02HC003 -79.49 43.65 1980-2018 1037 1016 
East 
Lake 

Ontario 

2 

Don River 
at Pottery 

road 

600850140
2 

02HC024 -79.36 43.68 1980-2019 1041 1024 
East 
Lake 

Ontario 



 

 

63 

 

3 
Saugeen 

River 
801230308

2 
02FC001 -81.32 44.45 1975-2018 1858 1058 

Eastern 
Lake 

Huron 
basin 

4 

Grand 
River at 

York 

160184092
02 

02GB001 -79.89 43.02 1977-2019 927 840 

Norther
n Lake 

Erie 

Basin 

5 

Thames 
River at 

Byron 

400130130
2 

02GE002 -81.33 42.96 1978-2018 1510 917 

Norther
n Lake 

Erie 
Basin 

6 

Thames 
River at 

Jacobs 
Road 

400130078

2 
02GE003 -82.32 42.35 1980-2018 1082 1062 

Norther
n Lake 

Erie 
Basin 

7 

Big Otter 

Creek near 
Calton 

160109008
02 

02GC026 -80.84 42.71 2002-2018 248 227 

Norther
n Lake 

Erie 
Basin 

8 

Sydenham 
River at 
Florence 

400270160
2 

02GG003 -82.00 42.65 2002-2019 552 500 

Norther

n Lake 
Erie 

Basin 

9 

Thames 
River at 

Thamesvil
le 

400130570
2 

02GE003 -81.96 42.54 2012-2019 596 478 

Norther
n Lake 

Erie 
Basin 

10 

Credit 
River at 
Norval 

600760030
2 

02HB025 -79.85 43.64 1990-2018 313 254 
East 
Lake 

Ontario 
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Figure 9 : Map showing location of TSS and TP sampling stations for trend analysis. Ten sampling 

stations were selected in this study. 

3.6.2 Model Selection 

Based on the evaluation of the load estimates for TSS and TP in this study, it was observed that 

WRTDS displayed the most accurate and precise load estimates for TP across most of the sampling 

stations (discussed in chapter 4; Results). It also displayed accurate and precise load estimates for 

TSS under weekly and biweekly sampling scenarios at stations with long monitoring duration and 

large drainage areas (discussed in chapter 4; Results). Based on the results of load estimates for 

TSS and TP and additional improvements in the WRTDS model with respect to trend analysis 

(refer to chapter 2; sub-section 2.4.2), the WRTDS model was further used for analyzing the trends 
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in TP and TSS over major tributaries in Southern Ontario. Flow normalized estimates of 

concentration (FNC) and load (FNF) computed from the WRTDS model were used for analyzing 

the trends (refer to chapter 2; Literature review; sub-section 2.4.2). Monitoring stations selected 

for trend analysis were based on several criteria that were considered to be favorable for using the 

WRTDS model. Criteria for selecting the stations for the trend analysis in this study were: (1) 

selected stations had long monitoring duration (monitoring duration greater than or equal to eight 

years); (2) all the selected stations had considerable drainage areas (drainage area greater than 500 

km2); (3) all the selected stations had sufficient sampling observations across the selected time-

period with no long gaps (i.e. sampling typically representing a weekly to biweekly frequency). 

Description of selected sampling stations for trend analysis is shown in sub-section 3.6.1 

3.6.3 Model Development 

The trend analysis for TSS and TP concentration and loads were done using the WRTDS Bootstrap 

Test (WBT) approach as described in chapter 2, sub-section 2.4.2. The daily flow normalized 

concentration and load estimates were generated using the WRTDS model for all ten tributaries 

(refer to chapter 2; sub-section 2.4.2). Functions of the WRTDS model for the trend analysis were 

kept as per the default values in the WRTDS model. Optimal half window widths for time 

(windowY), discharge (windowQ), and season (windowS) were as per default values of 7, 2, and 

0.5 years, respectively. While in the case of the WBT approach, the number of bootstrap replicates 

(M) was set to 100 and the block length was set to 200 days based on the results of Hirsch, 2015 

as they evaluated the results over a various number of bootstrap replicates and block lengths. The 

trends in TP and TSS concentration and loads were computed using the first year and last year of 

the monitoring period. The period of analysis for analyzing the trends was done for the water year 

(October 1st to September 30th) which is commonly used in hydrology to describe 12 months. 
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 RESULTS AND DISCUSSIONS 

4.1 Total suspended sediments (TSS) 

This section discusses the results of statistical models for total suspended solids load estimates. 

Subsection 4.1.1 demonstrates the results of statistical models considering all sampling scenarios 

and sampling stations. Subsection 4.1.2 discusses the results of statistical models considering all 

sampling scenarios. Subsection 4.1.3 demonstrates the results of statistical models considering all 

sampling stations. 

4.1.1 Overall evaluation of statistical models for load estimation 

Figure 10 shows the overall performance of statistical models to estimate TSS loads under all 

sampling scenarios and sampling stations. Table 10 shows the results of statistical analysis for the 

comparison of load estimates of the statistical models. Overall evaluation does not as serve a guide 

to understand the site-specific nature and to distinguish among sampling scenarios for all statistical 

models and therefore are discussed later in sub-section 4.1.2 and 4.1.3. However, they are useful 

in analyzing the overall perspective of the performance of all statistical models which are derived 

from various sampling scenarios and sampling stations. Overall, WRTDS_K, WRTDS, linear 

LOADEST models, (i.e. L_1, L_3, L_4, and L_7) and the composite models displayed satisfactory 

load estimates, while simple models (i.e. interpolation and Beale ratio model) and curved-linear 

LOADEST models (i.e. L_2, L_5, L_6, L_8, and L_9) models displayed unsatisfactory load 

estimates over many instances based on PDIFF statistics, NSE statistics, and statistical analysis 

(figure 10 and Table 10). In particular, the WRTDS_K model displayed high accuracy and 

precision with a median PDIFF value of -2.79 and an inter-quartile range PDIFF values ranging 

between 19.21 to -19.57. This indicated that load estimates of the WRTDS_K model were within 

± 20 % of the observed loads for most instances. In addition, WRTDS_K model displayed the 

highest median NSE value of 0.64 among all statistical models. Furthermore, statistical analysis 

results were also confirming with these statistics as WRTDS_K model displayed significantly 

different load estimates over fewer instances around 31% (Table 10). WRTDS model showed high 

accuracy with a median PDIFF value of 2.43. However, the WRTDS model showed low precision 
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with an inter-quartile PDIFF values ranging between 27.72 to -16.07, which indicated that the 

model tended to overestimate the observed loads for some instances. Statistical analysis further 

revealed that WRTDS model showed the second-lowest significantly different load estimates of 

around 33% (Table 10). The composite model showed satisfactory accuracy with a median PDIFF 

value of -10.47, while the model showed low precision with an inter-quartile range PDIFF values 

ranging between 14.49 to -28.89 demonstrating that the model underestimated the observed loads 

over many instances. These findings were quite consistent based on NSE statistics and statistical 

analysis, as the composite model showed highly variable NSE values ranging from 0.29 to 0.74 

(figure 10), and the statistical analysis showed that load estimates were substantially different over 

44% instances (Table 10).  

Simple statistical models including Beale ratio and interpolation showed unsatisfactory load 

estimates based on accuracy and precision. Beale ratio model displayed unsatisfactory accuracy 

and precision in load estimates with a median PDIFF value of -22.35 and an inter-quartile range 

PDIFF values ranging between 14.01 to -51.84. The interpolation model also showed similar 

results to that of the Beale ratio model by displaying unsatisfactory accuracy and precision in load 

estimates with a median PDIFF value of -36 and an inter-quartile range PDIFF values ranging 

between -11.8 to -59.01. Results indicated that both the models mostly appeared to underestimate 

the observed loads with significant underestimation bias up to -50 % of the observed loads. These 

findings were well-confirmed based on NSE statistics and statistical analysis which revealed that 

the interpolation model displayed low NSE values ranging from 0.13 to 0.49, and statistical 

analysis showed that load estimates of this model were significantly different in many instances 

around 75% (Table 10). Statistical analysis also displayed that load estimates of the interpolation 

model were significantly different from that of other statistical models (p<0.05) for all instances 

(Appendix C, Table C-1).  

Performance among LOADEST models was mainly governed based on the formation of models 

using various explanatory variables. Though all LOADEST models use distinct sets of explanatory 

variables in the model formation, performance among LOADEST models were mainly influenced 

by the linear and quadratic streamflow terms. LOADEST models that included linear streamflow 

terms (i.e. L_1, L_3, L_4, and L_7) displayed similar patterns in load estimates. This was evident 
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with the statistical analysis which displayed that load estimates of these models were statistically 

not significant (p>0.05) (Appendix C, Table C-1). Similarly, LOADEST models that included 

additional quadratic streamflow terms (i.e. L_2, L_5, L_6, L_8, and L_9) displayed similar 

patterns in load estimates. While statistical analysis exhibited that L_2, and  L_5 models displayed 

no significant differences (p>0.05) in load estimates, and L_6, L_8, and L_9 models displayed no 

significant differences (p>0.05) in load estimates (Appendix C, Table C-1). These indicated that 

additionally accounting to seasonal and linear time trend terms can further show distinct behavior 

among the performance of these models.  

Linear LOADEST models displayed satisfactory accuracy with median PDIFF values ranging 

between -7.14 to -10.61, while displayed low precision with an inter-quartile range PDIFF values 

ranging between 12.82 to -29.16, indicating that models displayed modest variability in load 

estimates.  While curved-linear LOADEST models displayed high accuracy with median PDIFF 

values ranging between 1.96 to 6.71, however, these models showed unsatisfactory precision with 

an inter-quartile range PDIFF values ranging between 41.86 to -18.53 demonstrating that these 

models showed significant variability in load estimates with potential overestimation of observed 

loads for most instances. These results were in agreement with the NSE statistics which showed 

that linear LOADEST models displayed higher median NSE values ranging from 0.60 to 0.62 and 

also a much narrower range of NSE values based on the inter-quartile range, while curved-linear 

LOADEST models displayed lower median NSE values ranging from 0.55 to 0.58 and also a high 

variable range of NSE values (figure 10).  
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Table 10 : Results of statistical analysis for the comparison of TSS load estimates of statistical 

models compared to observed loads. 

Statistical models Significant difference1 

Composite 477 (44%) 

Interpolation 822 (75%) 

L_1 493 (45%) 

L_2 458 (42%) 

L_3 496 (45%) 

L_4 447 (41%) 

L_5 450 (41%) 

L_6 432 (40%) 

L_7 454 (42%) 

L_8 421 (39%) 

L_9 434 (40%) 

WRTDS 360 (33%) 

WRTDS_K 338 (31%) 

 

1 Significant difference refers to the number of times load estimates were significantly different 

out of 1098 instances based on significance level α = 0.05. 
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Figure 10 : a) Box plot showing the Overall results of statistical models using PDIFF values. Median and Inter-quartile range values 

are shown on the respective boxplot. b)  Box plot showing the Overall results of statistical models using NSE values. 
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4.1.2 Evaluation of statistical models among sampling scenarios 

 Figure 11 and 12 shows the performance of all statistical models using percentage difference (%) 

and NSE values under six sampling scenarios. Table 11 shows the results of statistical analysis for 

the comparison of load estimates of statistical models to observed loads under all sampling 

scenarios. Table 11 serves as a guide to understand as how well the statistical models performed 

under various sampling scenarios. Furthermore, a comparison of load estimates of statistical 

models under various sampling scenarios is shown in Appendix C; Table C-2 and helps to 

understand whether statistical models displayed similar or dissimilar results under various 

sampling scenarios. 

The WRTDS_K model displayed accurate and precise load estimates under weekly, biweekly, and 

stratified sampling scenarios with PDIFF values between ± 20 % of the observed loads for most 

instances. While under bimonthly and random sampling scenarios, the WRTDS_K model showed 

a modest decrease in precision with PDIFF values exceeding the acceptable ± 20 percent criteria. 

These findings were very consistent based on NSE values and statistical analysis which indicated 

that the WRTDS_K model displayed higher median NSE value under weekly, biweekly, and 

stratified sampling and further load estimates under these three sampling scenarios were 

significantly different over less than 25% instances (Table 11). Statistical analysis also showed 

that the load estimates of the WRTDS_K model were significantly different among the sampling 

scenarios with a p-value less than 0.05 for most instances (Appendix C, Table C-2). The WRTDS 

model showed a marked decrease in precision with an increase in the sampling interval, as in the 

case of bi-weekly, monthly and bi-monthly sampling scenarios compared to weekly sampling, 

indicating the general tendency to overestimate the observed loads with PDIFF values above 20% 

of the observed loads. Statistical analysis showed that load estimates of the WRTDS model under 

weekly, biweekly, and stratified sampling scenarios were significantly different for less than 30 % 

instances (Table 11). Whereas the precision of the load estimates of the WRTDS model showed a 

marginal increase under the stratified sampling method compared to the random sampling 

approach. Furthermore, statistical analysis showed that the load estimates of the WRTDS model 

under the weekly sampling scenario differed significantly compared to other sampling scenarios 

(p<0.05) (Appendix C, Table C-2). However, for all other sampling scenario comparisons, 
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WRTDS model load estimates were not different significantly (p>0.05) (Appendix C, Table C-2). 

The composite model showed better accuracy and precision in load estimates under weekly and 

biweekly sampling scenarios with PDIFF values between ± 20 % of the observed loads and 

statistical analysis further revealed that load estimates under these two scenarios were significantly 

different for less than 35% instances. On the contrary, it was found that the precision further 

decreased with an increase in the sampling interval as under the monthly and bi-monthly sampling 

scenarios with PDIFF values extending below -20 %, implying that the composite model seemed 

to underestimate the observed loads at longer gaps between the samples, and, statistical analysis 

and NSE statistics showed similar results as the load estimates under these two sampling scenarios 

were significantly different for more than 45% instances (Table 11) and there was observed to be 

high variability in NSE values based on the inter-quartile range (figure 12). While there was a 

significant improvement in the accuracy and precision of load estimates under stratified sampling 

compared to random sampling scenario. Statistical analysi further demonstrated that load estimates 

of the composite model were significantly different under weekly sampling scenarios compared to 

other sampling scenarios (p < 0.05) (Appendix C, Table C-2). 

Beale ratio model displayed high accuracy and precision in load estimates under weekly sampling 

scenario. However, efficiency in load estimates further declined with an increase in sampling 

interval as it was observed that there was a monotonic decline in the precision of load estimates 

with PDIFF values extending up to -50 % of the observed loads. While the inclusion of high flow 

samples, as in the case of stratified sampling, showed an opposite effect on the load estimates as 

the load estimates were considerably higher than the observed loads with PDIFF values extending 

up to 85 % of the observed loads. The interpolation model displayed unsatisfactory load estimates 

under all sampling scenarios and further displayed that predictive power in load estimates declined 

with an increase in the sampling interval. These findings were consistent with the statistical 

analysis and NSE statistics as load estimates of the interpolation model were significantly different 

over more than 50% instances under all sampling scenarios (Table 11) and showed a consistent 

decrease in NSE values with an increase in the sampling interval (figure 12). Statistical analysis 

for these two models showed similarity with both the models showing significant differences in 



 

 

73 

 

load estimates when compared under most of the sampling scenarios (p<0.05) (Appendix C, Table 

C-2). 

In the case of LOADEST models,  L_1, L_3, L_4, and L_7 models that included linear streamflow 

terms in the model formulation showed better accuracy and precision in load estimates compared 

to L_2, L_5, L_6, L_8, and  L_9 models that included quadratic streamflow terms in model 

formulation. Linear LOADEST models displayed load estimates within ± 20 % of the observed 

loads for many instances and displayed a slight decline in precision with an increase in sampling 

interval under systematic sampling scenarios. The performance of these models was highly 

influenced by the inclusion of high-flow samples as part of the stratified sampling strategy and 

showed the most precise and accurate load estimates compared to other sampling scenarios with 

PDIFF values between ±20 % of the observed loads for most instances. Statistical analysis showed 

that load estimates under stratified sampling scenario were significantly different for less than 32% 

instances (Table 11). Statistical analysis further demonstrated that the load estimates of linear 

LOADEST models were statistically not significant (p>0.05) when compared among most of the 

sampling scenarios except in the case of stratified sampling scenario that showed a significant 

difference in load estimates (p<0.05) when compared to other sampling scenarios (Appendix C, 

Table C-2). Curved-linear LOADEST models (L_2, L_5, L_6, L_8, and L_9) displayed 

unsatisfactory precision and accuracy in load estimates with a general sign of positive bias 

extending over 40 % of the observed loads and further displayed similar patterns in load estimates 

under all sampling scenarios based on statistical analysis (p>0.05) (Appendix C, Table C-2).  

Including high streamflow samples as in the case of stratified sampling scenario did not show 

much improvement in the load estimates when compared to random sampling. These findings were 

consistent with the statistical analysis that showed that for all cases, load estimates between 

sampling scenarios were not statistically significant (p>0.05) (Appendix C, Table C-2). NSE 

statistics revealed that NSE values were highly variable under all sampling scenarios (figure 12). 

In general, accuracy and precision in load estimates among most statistical models were heavily 

influenced by sampling scenarios. The interpolation model which does not take into account any 

relationship with streamflow and Beale ratio model that considers all sampled observations to 

generate average load, so both these models depend largely on the number of sampling 
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observations used to construct the model. When more samples were available at the frequent 

intervals as in the case of the weekly sampling scenario, both models performed better as a short 

interval between the observations would better allow the model to predict the load estimates by 

increasing the probability of including more samples that are influenced by streamflow. However, 

with an increase in the interval as in the case of biweekly, monthly, and bimonthly sampling 

scenarios, the performance of both models consistently declined as long intervals between the 

observations would normally decrease the probability of samples taken during extreme streamflow 

events. As a result, the interpolation and Beale ratio model tended to underestimate the observed 

loads under biweekly, monthly, and bimonthly sampling scenarios. While under a stratified 

sampling scenario, it was found that the Beale ratio model displayed substantial positive bias 

compared to the random sampling scenario. As this study did not consider any stratification within 

each year and so the loads were computed based on a single strata formation for each year, the 

inclusion of the high flow samples is generally not feasible to compute annual loads based on 

single strata as samples taken at high streamflow events can have a significant impact on the overall 

load estimate which was conclusive from the results that showed substantial overestimation bias. 

LOADEST models were  less influenced by the type of sampling scenarios considered, particularly 

for longer sampling periods. Out of the fourteen TSS sampling stations considered in this study, 

nine sampling stations showed a strong positive correlation between streamflow and TSS with a 

correlation coefficient value of above 0.50 (Chapter 3; Subsection 3.2.2). With a strong positive 

correlation between TSS and streamflow at most of the sampling stations, developing a linear 

relationship would generally provide better prediction in load estimates. These considerations were 

evident from the results as L_1, L_3, L_4, and L_7 models that included linear streamflow terms 

performed better under all sampling scenarios. The addition of high flow samples further improved 

the predictive power in load estimates as in the case of stratified sampling. Unsatisfactory 

performance of  curved-linear LOADEST (L_2, L_5, L_6, L_8, and L_9) models was primarily 

due to no apparent curvature in the relationship between streamflow and TSS that limited the 

potential to predict accurate and precise load estimates in quadratic models. 

Unlike LOADEST models that build a single regression model across whole monitoring duration 

based on the relationship between streamflow and TSS, the WRTDS model uses weighted 
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regressions based on time, discharge, and season, and thus develops an individual regression model 

for each sampling observations. When more samples were available at frequent intervals to build 

the WRTDS model as in the case with weekly and biweekly sampling scenarios, accuracy and to 

some extent  precision improved as more frequent samples at weekly and biweekly time step better 

allowed the model to predict load estimates. Under monthly and bimonthly sampling scenarios 

where samples were not frequently available, WRTDS model showed weak precision as using 

fewer samples and samples not covering extreme streamflow conditions in model formation 

generally limited the potential to generate precise load estimates. 

WRTDS_K model constructs an autoregressive lag-1 model using the standardized residuals 

generated from the WRTDS model. Computations of load estimates using WRTDS_K is 

substantially different than WRTDS load estimates at short intervals. This was quite clear based 

on the results that showed that accuracy and precision in load estimates for WRTDS_K were quite 

different from the WRTDS model. At shorter intervals as in the case of weekly and biweekly and 

to some extent under monthly sampling scenario, the WRTDS_K model showed high accuracy 

and precision as more observations at frequent intervals better allowed the model to predict loads 

near to the observation points. However, WRTDS_K showed low accuracy and showed similar 

results as the WRTDS model under bimonthly sampling scenarios, which was evidently due to 

samples taken at sporadic intervals and consisting of longer gaps resulting in no possible load 

computations using the WRTDS_K model and the results were mainly based on WRTDS 

estimates. The composite model showed the second-best accurate and precise results after 

WRTDS_K under weekly and biweekly sampling scenarios. More observations at frequent 

intervals better allowed the model to interpolate between the residuals to predict accurate and 

precise load estimates. However, an increase in sampling interval in the case of monthly and 

bimonthly sampling scenarios decreased the precision in load estimates as interpolating over 

longer gaps generally hindered accurate load prediction. 
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Table 11 : Results of statistical analysis for the comparison of TSS load estimates of statistical models compared to observed loads 

under various sampling scenarios. 

 

1 Number of times load estimates were significantly different (p<0.05) is shown in percentage (%). Green color scale in percentage (%) 

explains that simulated and observed loads were significantly different over less instances. Red scale percentage (%) explains that 

simulated and observed loads were significantly different over more instances. 

Sampling/Model Composite Interpolation L_1 L_2 L_3 L_4 L_5 L_6 L_7 L_8 L_9 WRTDS WRTDS_K 

Week 30%1 49% 49% 31% 51% 45% 31% 24% 45% 25% 26% 12% 13% 

Bi-week 33% 74% 44% 37% 46% 39% 38% 30% 42% 30% 34% 27% 23% 

Month 46% 84% 46% 44% 46% 42% 41% 44% 42% 41% 42% 37% 38% 

Bi-month 61% 84% 52% 56% 52% 45% 57% 56% 47% 55% 56% 46% 42% 

Random 44% 84% 49% 42% 48% 42% 42% 39% 44% 41% 41% 35% 30% 

Stratified 36% 50% 31% 34% 30% 31% 31% 29% 29% 29% 29% 24% 21% 
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Figure 11 : Box plot showing the comparison of statistical models under all sampling scenarios using PDIFF values. Each big block 

represents a particular sampling scenario and scenario-name is mentioned in the grey area. 
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Figure 12 : Box plot showing the comparison of statistical models under all sampling scenarios using NSE values for TSS load estimates. 

Each big block represents a particular sampling scenario and the scenario- name is mentioned in the grey area. 
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4.1.3 Evaluation of statistical models among sampling stations 

This section describes the performance of statistical models over sampling stations. Results at each 

sampling station are shown using the threshold percentage (%) and statistical analysis. Threshold 

percentage (%) refers to the number of times the load estimates of the statistical models were 

within ± 20% of the observed loads at a particular station and the results are shown in figure 13. 

Statistical analysis refers to the t-test to compare the mean observed load to the mean estimated 

loads of statistical models and the results are shown in Table 12. Station numbers (e.g. 02FF002 

for Ausable River near Springbank) for all sampling stations will be used to show the comparison 

and overall results.  

There was significant variability in the results based on the load estimates among the sampling 

stations. Most of the statistical models were less accurate and precise in predicting load estimates 

at Sturgeon creek (02GH001), South Maitland River (02FE009), Canagagigue creek (02GA023), 

and  Humber River (02HC025). In particular, the performance of all models was unsatisfactory at 

02GH001 and 02FE009 stations with a threshold percentage (%) below 30 (figure 13). This was 

consistent with the statistical analysis which indicated that load estimates of most statistical models 

were significantly different (p<0.05) compared to the observed loads at these two stations. 

WRTDS_K slightly performed better than other statistical models at 02GA023 and 02HC025 

stations with a threshold percentage of around 45, and the statistical analysis further indicated that 

load estimates were statistically not significant (p>0.05) (Table 12).  

Performance of several statistical models was satisfactory at Ausable River (02FF002), Saugeen 

river (02FC001), Maitland River (02FE004), and Thames River (02GE003) stations. Based on the 

findings, load estimates of L_2, and L_5, WRTDS, and WRTDS_K models at 02FF002 station 

were satisfactory as load estimates were not statistically different (p>0.05) and these models 

showed a threshold percentage of about 40-60 (figure 13). Load estimates of most statistical 

models were statistically not significant (p>0.05) at 02FC001, 02GE003, and 02FE004 stations, 

and a threshold percentage of all the models ranged between 20 to 60%. 
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Performance of most of the statistical models was better at Big Otter Creek (02GC004), Big Creek 

(02GC007), Big Otter creek at Calton (02GC026), Thames River at Ingersoll (02GD016), Credit 

River (02HB002), and Humber River at Weston (02HC003) monitoring stations. Load estimates 

of most statistical models were statistically not significant (p>0.05) at 02GD016, 02HC003, 

02GC007, and 02GC004 stations, and models displayed high threshold percentages ranging 

between 50 to 85%. Linear LOADEST models and WRTDS_K performed better than most models 

at 02HB002 and 02GC026 stations with an overall threshold percentage of around 40 to 60% 

(figure 13). 

Unsatisfactory performance of all the statistical models at 02GH001, 02FE009, 02GA023, and to 

some extent at 02HC025 stations was likely due to two reasons: lack of fit in the relationship of 

TSS and streamflow and variable loading conditions. While most of the sampling stations selected 

in this study had large drainage areas, the drainage areas of 02GH001, 02FE009, 02GA023 and 

02HC025 were relatively small, ranging between 14.2 km2 to 296 km2. With a relatively smaller 

drainage area, especially in the case of small rivers, streamflow variability may be high at shorter 

time steps. Compared to all other sampling stations, these stations exhibited the most variability 

in streamflow. In particular, stations 02GH001 and 02GA023 displayed the highest streamflow 

variability, with a coefficient of variation (CV) of 2.11 and 2.07 and an R-B flashiness index of 

0.47 and 0.38, respectively (refer to sub-section 3.2.2 and Table 6). This was evident with the 

results at these four sampling stations as all the statistical models failed to capture the variability 

in streamflow considering the daily time step which would further lead to high variability in loads. 

Lack of fit in the linear relationship between streamflow and sediments at 02FF002 (r= -0.03) and 

02FE009 (r=0.0003) (refer to the sub-section 3.2.2 and figure 4) stations highly influenced the 

performance of linear LOADEST models that builds a regression equation based on the linear 

relationship between streamflow and concentration and mainly relies on the assumption that there 

exists some positive linear relation between these two variables, and so lead to unsatisfactory 

performance of these models. WRTDS model that does not necessarily rely on the relationship 

between streamflow and concentration showed less biased results as compared to LOADEST 

models, particularly at station 02FF002. WRTDS showed reliable load estimates under weekly 
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and biweekly sampling scenarios but showed unsatisfactory load estimates under monthly and 

bimonthly sampling scenarios. 

Statistical models showed satisfactory load estimates at 02FC001, 02GE003, and 02FE004 

stations. WRTDS_K was the best performing model at these three stations with a threshold 

percentage above 50% (p>0.05). In general, when sampling was frequent as in the case of weekly 

sampling and to some extent under biweekly sampling scenario, the performance of WRTDS, 

WRTDS_K, and curved-linear models was significantly better at 02FC001 and 02GE003 stations 

with a threshold percentage ranging between 40 to 50% (p>0.05). The performance of statistical 

models at these two particular stations was majorly influenced by the sampling window. While 

most of the sampling stations selected for this study had a long sampling window of more than 10 

years, these three stations had a short sampling window of fewer than five years. Using a frequent 

sampling approach at a relatively shorter time step as in the case of the weekly sampling scenario 

showed good results at these two stations despite a very small sampling window of fewer than five 

years. As seen from the results, the use of more frequent samples for a small sampling window 

generally allowed these statistical models to better understand the pattern and behavior of the TSS 

concentration across variable streamflow conditions throughout the sampling window. And with 

further increase in sampling interval as under biweekly, monthly, and bimonthly sampling 

scenarios, the predictive power of these statistical models decreased as relatively fewer samples 

with infrequent sampling for a very small sampling window did not allow the models to understand 

the pattern and behavior of TSS concentration across streamflow conditions. 

Performance of statistical models at Big Otter Creek (02GC004), Big Creek (02GC007), Big Otter 

creek at Calton (02GC026), Thames River at Ingersoll (02GD016), Credit River (02HB002), and 

Humber River at Weston (02HC003) stations was significantly better than most of the sampling 

stations. Low to moderate variability in streamflow conditions (Flashiness Index ranging between 

0.1 to 0.3) and moderate to a high correlation between streamflow and total suspended solids 

(Correlation ranging between 0.5 to 0.72) with longer monitoring window (10-20 years) better 

allowed the statistical models to accurately predict the TSS loads.
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Table 12 : Table shows the results of statistical analysis for the comparison of TSS load estimates of statistical models with observed 

loads. Results are shown using the median p-value based on the two-sided t-test on individual groups. Red highlights indicate significant 

differences between observed and estimated loads.  

Station/Model Composite IP L_1 L_2 L_3 L_4 L_5 L_6 L_7 L_8 L_9 WRTDS WRTDS_K 

02FC001 0.226            

(ns1) 

0.117       

(ns) 

0.127 

(ns) 

0.373 

(ns) 

0.094 

(ns) 

0.139 

(ns) 

0.303 

(ns) 

0.287 

(ns) 

0.111 

(ns) 

0.302 

(ns) 

0.329 

(ns) 

0.331          

(ns) 

0.407               

(ns) 

02FE004 0.035               

(*2) 

0.007        

(**3) 

0.172 

(ns) 

0.298 

(ns) 

0.175 

(ns) 

0.388 

(ns) 

0.283 

(ns) 

0.338 

(ns) 

0.409 

(ns) 

0.287 

(ns) 

0.278 

(ns) 

0.336          

(ns) 

0.255               

(ns) 

02FE009 0.002            

(**) 

0.029      

(*) 

p<0.001        

(***4) 

p<0.001        

(***) 

p<0.001        

(***) 

p<0.001        

(***) 

p<0.001        

(***) 

p<0.001        

(***) 

p<0.001        

(***) 

p<0.001        

(***) 

p<0.001        

(***) 

p<0.001        

(***) 

p<0.001        

(***) 

02FF002 0.002            

(**) 

p<0.001        

(***) 

p<0.001        

(***) 

0.159 

(ns) 

p<0.001        

(***) 

p<0.001        

(***) 

0.13 

(ns) 

0.075 

(ns) 

p<0.001        

(***) 

0.061 

(ns) 

0.049 

(*) 

0.353              

(ns) 

0.045               

(**) 

 

1 p-value > 0.05 is denoted as ns 
2 p-value < 0.05 is highlighted in red and denoted as *  
3 p-value < 0.01 is highlighted in red and denoted as **  
4 p-value <0.001 is highlighted in red and denoted as ***  
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02GA023 0.144            

(ns) 

0.003    

(**) 

0.029 

(*) 

0.157 

(ns) 

0.028 

(*) 

0.028 

(*) 

0.152 

(ns) 

0.16 

(ns) 

0.028 

(*) 

0.157 

(ns) 

0.155 

(ns) 

0.176            

(ns) 

0.167               

(ns) 

02GC004 0.156            

(ns) 

p<0.001        

(***) 

0.205 

(ns) 

0.037 

(*) 

0.186 

(ns) 

0.403 

(ns) 

0.043 

(*) 

0.087 

(ns) 

0.374 

(ns) 

0.102 

(ns) 

0.093 

(ns) 

0.079         

(ns) 

0.177               

(ns) 

02GC007 0.047              

(*) 

0.002    

(**) 

0.011 

(*) 

0.083 

(ns) 

0.003 

(**) 

0.012 

(*) 

0.045 

(*) 

0.127 

(ns) 

0.001 

(**) 

0.063 

(ns) 

0.062 

(ns) 

0.194            

(ns) 

0.211               

(ns) 

02GC026 0.071              

(ns) 

p<0.001        

(***) 

0.22 

(ns) 

0.015 

(*) 

0.245 

(ns) 

0.129 

(ns) 

0.014 

(*) 

0.119 

(ns) 

0.115 

(ns) 

0.105 

(ns) 

0.105 

(ns) 

0.072               

(ns) 

0.125               

(ns) 

02GD016 0.019                 

(*) 

p<0.001        

(***) 

0.133 

(ns) 

0.216 

(ns) 

0.164 

(ns) 

0.17 

(ns) 

0.234 

(ns) 

0.227 

(ns) 

0.228 

(ns) 

0.21 

(ns) 

0.21 

(ns) 

0.206         

(ns) 

0.138                 

(ns) 

02GE003 0.126             

(ns) 

0.009   

(**) 

0.043 

(*) 

0.109 

(ns) 

0.042 

(*) 

0.166 

(ns) 

0.126 

(ns) 

0.23 

(ns) 

0.179 

(ns) 

0.256 

(ns) 

0.245 

(ns) 

0.107        

(ns) 

0.17                 

(ns) 

02GH001 0.154              

(ns) 

0.002   

(**) 

0.025 

(*) 

0.124 

(ns) 

0.019 

(*) 

0.068 

(ns) 

0.13 

(ns) 

0.124 

(ns) 

0.048 

(*) 

0.131 

(ns) 

0.135 

(ns) 

0.211            

(ns) 

0.249                

(ns) 
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02HB002 0.416            

(ns) 

0.004   

(**) 

0.632 

(ns) 

0.206 

(ns) 

0.661 

(ns) 

0.629 

(ns) 

0.225 

(ns) 

0.207 

(ns) 

0.673 

(ns) 

0.204 

(ns) 

0.288 

(ns) 

0.335          

(ns) 

0.446               

(ns) 

02HC003 0.383              

(ns) 

p<0.001        

(***) 

0.548 

(ns) 

0.155 

(ns) 

0.534 

(ns) 

0.34 

(ns) 

0.144 

(ns) 

0.151 

(ns) 

0.339 

(ns) 

0.154 

(ns) 

0.166 

(ns) 

0.257         

(ns) 

0.382               

(ns) 

02HC025 0.01           

(**) 

p<0.001        

(***) 

0.009 

(**) 

p<0.001        

(***) 

0.007 

(**) 

0.014 

(*) 

p<0.001        

(***) 

p<0.001        

(***) 

0.01   

(*) 

p<0.001        

(***) 

p<0.001        

(***) 

0.04        

(*) 

0.112            

(ns) 
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Figure 13 : Comparison of statistical models at all sampling stations. Results are shown using threshold percentage (%). Threshold 

percentage (%) was computed as number of PDIFF values that were within the ± 20 % of the observed loads * 100 (displayed in %).
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4.2 Total phosphorus (TP) 

This section discusses the results of statistical models for total phosphorus load estimates. 

Subsection 4.2.1 demonstrates the results of statistical models considering all sampling scenarios 

and sampling stations. Subsection 4.2.2 discusses the results of statistical models considering all 

sampling scenarios. Subsection 4.2.3 demonstrates the results of statistical models considering all 

sampling stations. 

4.2.1 Overall evaluation of statistical models 

Similar to TSS load estimates, the overall performance of statistical models to estimate TP loads 

were analyzed under all sampling scenarios and sampling locations. The findings are shown using 

box plots of flux bias statistics (FBS), NSE values, and comparison among statistical models using 

statistical analysis (figure 14 & Table 13). Overall, the WRTDS_K, WRTDS, Composite and to 

some extent curved-linear LOADEST models, (i.e. L_2, L_5, L_6, L_8, and L_9) displayed 

satisfactory load estimates, while interpolation and linear LOADEST models (i.e. L_1, L_3, L_4, 

and L_7) displayed unsatisfactory load estimates over many instances based on FBS statistics, 

NSE statistics, and statistical analysis (figure 14 and Table 13). In particular, WRTDS_K model 

showed very good accuracy and precision with a median FBS value of -0.01 and an inter-quartile 

range FBS values ranging between 0.04 to -0.09. Similar to the WRTDS_K model, the WRTDS 

model also displayed high accuracy and precision with a median FBS value of 0.01 and an inter-

quartile range FBS values ranging between 0.06 to -0.08. Accuracy and precision in load estimates 

for WRTDS and WRTDS_K models were within the acceptance criteria of FBS values between ± 

0.1 which indicated that these models showed unbiased load estimates for most instances. The 

composite model displayed good accuracy with a median FBS value of -0.03 and displayed 

satisfactory precision with an inter-quartile range FBS values ranging between 0.04 to -0.11. 

Statistical analysis and NSE statistics further presented that load estimates of these three models 

were significantly different over fewer instances for about 10% (Table 13), and a median NSE 

value greater than 0.7 for these models (figure 14). 

In the case of simple models, the Beale ratio model was not evaluated for TP load estimates as this 

model generally does not estimate daily unit loads and it mainly computes loads over the entire 
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sampling window or longer time intervals including monthly and yearly loads. Whereas all other 

models selected in this study are capable of estimating loads at a shorter time step such as on a 

daily basis. Hence, Beale ratio model was not included in the evaluation of TP load estimates. The 

interpolation model displayed unsatisfactory accuracy and precision in load estimates with a 

median FBS value of -0.14 and an inter-quartile range FBS values ranging between -0.03 to -0.33 

indicating that the interpolation model generally underestimated the observed loads for most 

instances. Statistical analysis and NSE statistics further revealed that load estimates were 

significantly different over 32 % (Table 13) of all instances, and a highly variability in NSE values 

based on the inter-quartile range (figure 14). Statistical analysis for comparison among the models 

indicated the load estimates of the interpolation model were statistically different compared to 

other models (p<0.05) (Appendix D, Table D-1).  

In the case of TSS load estimates of LOADEST models, it was found that linear LOADEST models 

(L_1, L_3, L_4, and L_7) generally performed better than curved-linear LOADEST models (L_2, 

L_5, L_6, L_8, and L_9). However, load estimates among LOADEST models in the case of TP 

displayed opposite patterns. Overall, curved-linear models performed better than linear LOADEST 

models. Curved-linear models (L_2, L_5, L_6, L_8, and L_9) displayed good accuracy with 

median FBS values ranging between 0.04 to 0.07, and showed satisfactory precision with inter-

quartile range FBS values ranging between 0.14 to -0.02, indicating that these models displayed 

modest variability in load estimates with a modest overestimation bias over some instances. 

Statistical analysis displayed that load estimates of curved-linear LOADEST models were 

significantly different over less than 35% instances. Statistical analysis further indicated that load 

estimates among the curved-linear LOADEST models were not significantly different (p>0.05) 

(Appendix D, Table D-1). In contrast, linear LOADEST models (L_1, L_3, L_4, and L_7) 

displayed unsatisfactory accuracy and precision in load estimates with median FBS values ranging 

between -0.18 to -0.24 and inter-quartile range FBS values ranging between -0.09 to -0.38. Linear 

LOADEST models tended to underestimate the observed loads for most instances. Statistical 

analysis revealed that load estimates of linear LAODEST models were significantly different over 

the range of 62% to 85% instances. Furthermore, statistical analysis found that load estimates 

between the linear LOADEST models (L_1, L_3, L_4, and L_7)  were not significantly different 
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(p>0.05). While the load estimates of the linear LOADEST models were significantly different 

(p<0.05) compared to other models (Appendix D, Table D-1). 

Table 13 : Results of statistical analysis for the comparison of TP load estimates of statistical 

models compared to observed loads. 

Statistical models Significant difference1 

Composite 17 (8.5%) 

Interpolation 63 (31.5%) 

L_1 66 (33%) 

L_2 27 (13.5%) 

L_3 85 (42.5%) 

L_4 62 (31%) 

L_5 35 (17.5%) 

L_6 27 (13.5%) 

L_7 83 (41.5%) 

L_8 29 (14.5%) 

L_9 29 (14.5%) 

WRTDS 19 (9.5%) 

WRTDS_K 13 (6.5%) 

 

1 Significant difference refers to the number of times load estimates were significantly different out of 200 
instances based on significance level α = 0.05. 
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Figure 14 : a) Box plot showing the Overall results of statistical models using FBS values for TP load estimates. Median and Inter-

quartile range values are shown on the respective boxplot. b)  Box plot showing the Overall results of statistical models using NSE 

values.



 

 

90 

 

4.2.2 Evaluation of statistical models among sampling scenarios 

Figure 15 and 16 and shows the performance of all statistical model using percentage difference 

(%) and NSE values under four sampling scenarios. Table 14 shows the results of statistical 

analysis for the comparison of load estimates of statistical models to observed loads under all 

sampling scenarios. Table 14 serves as a guide to understand as to how well the statistical models 

performed under various sampling scenarios. Furthermore, a comparison of load estimates of 

statistical models under various sampling scenarios is shown in Appendix D, Table D-2 and helps 

to understand whether statistical models displayed similar or dissimilar results under various 

sampling scenarios. 

Sampling scenarios include weekly, biweekly, monthly, and bimonthly sampling. Unlike the 

evaluation of statistical models in the case of total suspended solids using percentage difference 

(%), statistical models were evaluated using flux bias statistics (Bm) in the case of TP. Flux bias 

statistics (Bm) will be referred to as FBS as of here. Section 3.5.2 outlines the acceptance criteria 

for the accuracy and precision of statistical models. Based on the results, it was observed that the 

WRTDS, WRTDS_K, and Composite model displayed accurate and precise load estimates under 

weekly, biweekly, and monthly sampling scenarios with FBS values within ± 0.1 of the acceptance 

criteria (figure 15) over most instances and a high median NSE value ranging from 0.51 to 0.90 

(figure 16). However, under the bimonthly sampling scenario, these models exhibited 

unsatisfactory precision, with FBS values extending above the acceptance criteria and highly 

variable NSE values based on the inter-quartile range of boxplots. It was found that with an 

increase in the sampling interval, these models showed a modest decrease in precision. Statistical 

analysis further revealed that load estimates of these models under weekly, biweekly, and monthly 

sampling scenarios were significantly different over less than 12% of total instances, while, under 

bimonthly sampling scenario, load estimates were significantly different over less than 20% of 

total instances (Table 14).  

Under the weekly sampling scenario, the Interpolation model showed precise and accurate load 

estimates with a median FBS value of -0.03 and an inter-quartile FBS range of between 0 and -

0.09, suggesting that the load estimates were within the acceptance criteria. These results were 
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consistent based on NSE statistics with a high median NSE value of 0.84 (figure 16). On the 

contrary, the interpolation model displayed unsatisfactory load estimates under biweekly, monthly, 

and bimonthly sampling scenarios with significant underestimation bias, indicating that the model 

tended to underestimate the observed load for most instances. There was a substantial drop in load 

estimation accuracy and precision with an increase in the sampling interval. Statistical analysis 

displayed that the interpolation model generated significantly different load estimates over fewer 

instances under the weekly sampling scenario, while, significantly different load estimates 

increased up to 58% under the bimonthly sampling scenario (Table 14). Statistical analysis further 

showed that under all sampling scenarios, load estimates were significantly different (p<0.05) 

(Appendix D, Table D-2). 

Performance of LOADEST models in the case of TP load estimates under all sampling scenarios 

showed contradicting results as compared to the performance of LOADEST models in the case of 

TSS load estimates. Of all the statistical models considered, linear LOADEST models (L_1, L_3, 

L_4, and L_7) showed the least precise and accurate TP load estimates. Linear LOADEST models 

displayed unsatisfactory accuracy and precision in load estimates with FBS values outside the 

acceptance criteria of  ± 0.1 over most cases. Statistical analysis showed that load estimates of 

linear LOADEST models were significantly different over many instances ranging from 26% to 

52% (Table 14). Statistical analysis further indicated that load estimates of linear LOADEST 

models under all sampling scenarios were statistically not significant (p>0.05) (Appendix D, Table 

D-2). Compared to linear LOADEST models, curved-linear LOADEST models (L_2, L_5, L_6, 

L_8, and L_9) demonstrated greater precision and accuracy in load estimates. However, there was 

observed to be a modest decrease in precision with an increase in sampling interval based on the 

inter-quartile range FBS values that extended above 0.1 under monthly and bimonthly sampling 

scenarios, indicating that these models tended to overestimate the observed load over some 

instances. Statistical analysis showed that the load estimates of curved-linear LOADEST models 

were significantly different over fewer instances ranging from 8% to 20%. Statistical analysis 

further indicated that load estimates under all sampling scenarios were statistically not significant 

(p>0.05) (Appendix D, Table D-2). 
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Similar to TSS load estimates, sampling scenarios strongly influenced the precision and accuracy 

of TP load estimates among many of the statistical models. Under different sampling scenarios 

considered in this analysis, the interpolation model showed the highest variability in TP load 

estimates (p<0.05). The interpolation model showed good accuracy and precision in load estimates 

under the weekly sampling scenario compared to other sampling scenarios. However, the 

interpolation model showed a substantial decrease in the precision and accuracy of load estimates 

with further increase in sampling interval as in the case of biweekly, monthly, and bimonthly 

sampling scenarios (p<0.05). The interpolation model does not take into account any relationship 

with streamflow and is therefore largely dependent on the number of sampling observations used 

to construct the model. When more samples were available at regular intervals, as in the case of 

the weekly sampling scenario, the interpolation model performed better because short intervals 

between the observations would better allow the model to make load estimates as it would have 

the potential to include more streamflow-influenced samples. Furthermore, with an increase in the 

sampling interval as in the case of biweekly, monthly, and bimonthly sampling scenarios, the 

performance of the interpolation model further declined as long interval in sampling would 

generally miss the observations that are influenced by streamflow, so the interpolation model 

mostly showed significant underestimation bias. 

LOADEST models showed modest variations in TP load estimates under various sampling 

scenarios. With an increase in sampling interval, there was a modest decrease in the precision of 

TP load estimates among LOADEST models. The LOADEST models, however, showed similar 

patterns in load estimates under all sampling scenarios, suggesting that the load estimates of these 

models were not significantly different under all sampling scenarios (p>0.05). The performance 

of curved-linear (L_2, L_5, L_6, L_8, and L_9) LOADEST models was better than linear (L_1, 

L_3, L_4, and L_7) LOADEST models in the case of TP load estimates, which often appeared to 

underestimate the observed loads. Unsatisfactory performance of linear (L_1, L_3, L_4, and L_7) 

LOADEST models for TP load estimates was mainly influenced by the lack of fit between 

streamflow and TP concentration at high streamflow conditions. Out of total of ten TP monitoring 

stations selected in this study, five monitoring stations displayed no significant correlation between 

streamflow and TP concentration over the whole monitoring window (section 3.2.2 and figure 5). 
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In addition, the remaining five monitoring stations showed a significant positive correlation 

between streamflow and TP, however, the relationship between streamflow and TP was better 

captured by the curved-linear LOADEST models (L_2, L_5, L_6, L_8, and L_9) which included 

the additional quadratic streamflow term, especially across high streamflow conditions (section 

3.2.2 and figure 5).  

WRTDS, WRTDS_K, and Composite models displayed the most accurate and precise load 

estimates amongst all statistical models under weekly, biweekly, and monthly sampling scenarios. 

However, WRTDS, WRTDS_K, and Composite models showed a moderate effect of sampling 

scenarios on the precision and accuracy of load estimates with a p-value of less than 0.05 for some 

instances, unlike LOADEST models. In particular, when sampling was frequent as under weekly 

and biweekly sampling scenarios, the performance of these models was relatively good with high 

accuracy and precision in load estimates. Though, these models showed a decrease in precision of 

load estimates with an increase in sampling interval, as under monthly and bimonthly sampling 

scenarios. The decrease in precision of load estimates among these models was mainly due to long 

gaps in the sampling interval. Although these models showed high accuracy in load estimates, 

suggesting that most of the subsets designed at all sampling stations successfully captured high 

and low flow periods, the decrease in precision of load estimates among these models was mainly 

attributed to some of the subsets that would have significantly under-sampled high and low flow 

periods due to longer gaps in the sampling.  
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Table 14 : Results of statistical analysis for the comparison of TP load estimates of statistical models compared to observed loads under 

various sampling scenarios.  

 

1 Number of times load estimates were significantly different (p<0.1) is shown in percentage (%). Green color scale in percentage (%) 

explains that simulated and observed loads were significantly different over less instances. Red scale percentage (%) explains that 

simulated and observed loads were significantly different over more instances. 

Sampling/Model Composite Interpolation L_1 L_2 L_3 L_4 L_5 L_6 L_7 L_8 L_9 WRTDS WRTDS_K 

Week 0%1 0% 32% 10% 40% 34% 14% 10% 42% 10% 10% 4% 0% 

Bi-week 2% 24% 42% 8% 52% 34% 12% 8% 46% 8% 10% 4% 0% 

Month 12% 44% 30% 18% 42% 30% 20% 16% 38% 16% 18% 10% 12% 

Bi-month 20% 58% 28% 18% 36% 26% 24% 20% 40% 24% 20% 20% 14% 
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Figure 15 : Comparison of statistical  models among the sampling scenarios using FBS values for TP load estimates.
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Figure 16 : Comparison of statistical  models among the sampling scenarios using NSE values for TP load estimates.
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4.2.3 Evaluation statistical models among sampling stations 

The performance of statistical models at all TP sampling stations selected in this analysis is shown 

in figure 17. The comparison of statistical models using statistical analysis is shown in Table 15. 

The performance of statistical models across most of the sampling locations had significant 

differences. LOADEST models showed the most site-specific variability in load estimates 

compared to other statistical models. Performance of most statistical models except linear 

LOADEST (L_1, L_3, L_4, and L_7) models were consistently better at Thames River at Byron 

(02GE002), Grand River at Centre Wellington (02GA016), and Thames River at Jacobs Road 

(02GE003) stations. For WRTDS, WRTDS K, Composite, Interpolation, and Curved-linear 

LOADEST (L_2, L_5, L_6, L_8, and L_9) models, the threshold percentage at these three stations 

ranged between 65 to 100 percent. While linear LOADEST (L_1, L_3, L_4, and L_7) models 

displayed unsatisfactory load estimates with the highest threshold percentage of 20%. 

Furthermore, statistical analysis showed that the load estimates of all statistical models at 

02GA016 and 02GE002 stations were not significantly different (p>0.05) (Table 15). Whereas 

load estimates of only linear LOADEST models were significantly different (p<0.05) at the 

02GE003 station among all statistical models (Table 15). 

L_8, L_9, Composite, WRTDS and WRTDS_K models displayed better results at Sydenham River 

(02GG008) and Don River (02HC024) stations with a threshold percentage ranging between 55 to 

90 % (figure 17). The statistical analysis further showed that load estimates of all the statistical 

models were statistically not significant (p>0.05). Linear LOADEST models performed better at 

Saugeen River (02FC001) and Humber River (02HC027) stations with a threshold percentage (%) 

ranging between 55 to 90%, and statistical analysis further confirming that load estimates were not 

significantly different (p>0.05) at these two stations. The WRTDS, WRTDS_K, and composite 

models displayed better results at 02FF010 station with a threshold percentage between 60 to 75% 

(figure 17). 

The performance of most statistical models at Credit River (02HB013) and Grand River at Bridge 

Port (02GA003) was unsatisfactory. L_2 and L_6 models showed better results at the 02GA003 

station with a threshold percentage of 73%. Interpolation and WRTDS_K displayed somewhat 
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better results than other models at station 02HB013 with threshold percentage ranging between 50 

to 56%. With a threshold percentage of about five percent, regression models were less accurate 

at this location (02HB013), and statistical analysis further showed that load estimates of regression 

models were significantly different compared to observed loads (p<0.05) (Table 15).  

The performance of most statistical models was considerably better at Thames River at Byron 

(02GE002) and Grand River at Centre Wellington (02GA016) stations. The performance of 

models at these two stations was mainly governed by the overall fit between streamflow and TP 

concentration. Over the entire sampling window, these two stations showed the least association 

between streamflow and TP (sub-section 3.2.2 and figure 6). Unsatisfactory performance of linear 

(L_1, L_3, L_4, and L_7) LOADEST models at these two stationss were mainly due to no linear 

relationship between streamflow and TP. However, these streamflow-TP relation was better 

captured by curved-linear (L_2, L_5, L_6, L_8 and L_9) LOADEST models, especially during the 

high streamflow conditions (sub-section 3.2.2 and figure 5). On the other hand, the WRTDS model 

which is generally less influenced by the overall fit between streamflow and TP, showed the most 

accurate and precise load estimates under all sampling scenarios. Composite and WRTDS_K 

model further improved the accuracy and precision of load estimates compared to L_9 and 

WRTDS models, which accounted for the correction in load estimates based on residual 

departures. 

There was high variability in the accuracy  and precision of load estimates among statistical models 

at Thames River at Jacobs Road (02GE003), Sydenham River (02GG008), Don River (02HC024), 

and Ausable River near Parkhill (02FF010) stations. These four stations demonstrated a moderate 

to strong positive correlation between streamflow and TP (sub-section 3.2.2 and figure 6). Despite 

showing a moderate to strong correlation at these four stations, linear (L_1, L_3, L_4, and L_7) 

LOADEST models showed unsatisfactory load estimates with likely underestimation bias under 

all sampling scenarios. At these stations, the underestimation bias of linear LOADEST models was 

typically due to a lack of linearity over high streamflow conditions. While the better performance 

of curved-linear (L_2, L_5, L_6, L_8 and L_9) LOADEST models was mainly due to better fit in 

streamflow and TP concentration throughout high streamflow conditions. It is particularly 

important to understand the performance of these statistical models throughout high streamflow 
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conditions, because the total load is mainly influenced by the period of high streamflows. This was 

clear with the results for these four stations, as linear LOADEST generally displayed the tendency 

to underestimate over high flows, which impacted the overall load estimates of these models 

despite showing accurate load estimates over the moderate and low streamflow conditions. 

Statistical models showed better load estimates at Saugeen River (02FC001) and Humber River 

(02HC027) stations. These two stations displayed a good correlation between streamflow and TP 

concentration across the sampling interval with a correlation coefficient value of above 0.60 (sub-

section 3.2.2 and figure 6). Unlike the performance of linear LOADEST models at the Thames 

River at Jacobs Road (02GE003) and Sydenham River (02GG008) stations displaying modest 

underestimation bias, the performance of these models improved considerably at Saugeen River 

(02FC001) and Humber River (02HC027) stations compared to curved-linear LOADEST models. 

Better performance of linear LOADEST models than curved-linear LOADEST models was due to 

better linear fit between streamflow and TP concentration especially over moderate to high flow 

conditions. While curved- linear LOADEST models tended to overestimate the observed loads, 

mainly due to overprediction across moderate to high flow conditions. WRTDS, WRTDS_K, and 

Composite models showed good performance over these two stations, however, there was a 

significant influence of sampling scenarios on the precision of load estimates among these models. 

As there exists a positive serial correlation between streamflow and TP, sampling during moderate 

to high streamflow conditions is of paramount importance. This condition would be generally 

satisfied under weekly and biweekly scenarios, as sampling at short time intervals would increase 

the probability of capturing more samples across moderate to high streamflow conditions. 

However, the probability of collecting samples during wide-ranging streamflow conditions would 

decrease under monthly and bimonthly sampling scenarios with samples taken at longer time 

intervals, which was evident with results as these models showed moderate underestimation and 

overestimation bias under monthly and bimonthly sampling scenarios.  

Statistical models displayed the least accurate and precise load estimates at Credit River 

(02HB013) and Grand River at Bridge Port (02GA003) stations. These two stations displayed no 

substantial correlation between streamflow and TP concentration. With no meaningful correlation, 

it was quite obvious that linear LOADEST models would possibly display unsatisfactory load 
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estimates. However, no models showed load estimates within the acceptance requirements, 

suggesting an underestimation bias under all sampling scenarios. WRTDS_K, Composite, and 

Interpolation models to some extent performed better at this station and displayed high accuracy 

and precision in load estimates using frequent sampling approach as under weekly and biweekly 

sampling scenarios. This is mainly because short gaps between the subsequent samples better 

allowed these models to predict accurate load estimates. However, under monthly and bimonthly 

sampling scenarios, these models showed unsatisfactory load estimates, suggesting that longer 

gaps of more than 30 days were not suitable for predicting accurate load estimates using these 

models at this particular location (02HB013). While the performance of the WRTDS and 

LOADEST models was consistently unsatisfactory under all sampling scenarios at Credit River 

(02HB013). The unsatisfactory performance of these models was primarily due to the overall lack 

of fit between stream flow and TP concentration and variable loading conditions (sub-section 

3.2.2;  figure 5 and Table 6). There existed a high variability in TP concentration across the 

moderate to high streamflow conditions. In addition to that, TP concentrations were highest during 

the period of low streamflow conditions. With evident unexplained variation in TP concentrations 

across the range of streamflow conditions, these models would not be capable to capture such 

variations in TP concentration with respect to streamflow, which was quite clear with results as 

these models showed unsatisfactory load estimates with significant underestimation bias under all 

sampling scenarios. Performance of curved-linear LOADEST models was better at Grand River 

at Bridge Port (02GA003) as including the curvature in the relationship of streamflow and TP 

better explained the overall fit across the sampling window especially in case of moderate to high 

streamflow conditions. 
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Table 15 : Table shows the results of statistical analysis for the comparison of TP load estimates of statistical models to observed loads. 

P <0.05 is displayed as *. Results are shown using the median p-value based on the two-sided t-test on individual groups. Red highlights 

indicate significant differences between observed and estimated loads 

Location Composite IP L_1 L_2 L_3 L_4 L_5 L_6 L_7 L_8 L_9 WRTDS WRTDS_K 

02FC001 
0.51         

(ns1) 

0.11 

(ns) 

0.32 

(ns) 

0.25 

(ns) 

0.6 

(ns) 

0.48 

(ns) 

0.09 

(*) 

0.32 

(ns) 

0.55 

(ns) 

0.19 

(ns) 

0.23 

(ns) 

0.42     

(ns) 

0.58           

(ns) 

02FF010 
0.69         

(ns) 

0.39 

(ns) 

0.01 

(*2) 

0.51 

(ns) 

0.01 

(*) 

0.03 

(*) 

0.43 

(ns) 

0.41 

(ns) 

0.05 

(*) 

0.32 

(ns) 

0.35 

(ns) 

0.73           

(ns) 

0.65           

(ns) 

02GA003 
0.52          

(ns) 

0.29 

(ns) 

0.3 

(ns) 

0.72 

(ns) 

0.08 

(*) 

0.31 

(ns) 

0.56 

(ns) 

0.71 

(ns) 

0.09 

(*) 

0.6 

(ns) 

0.58 

(ns) 

0.5           

(ns) 

0.45           

(ns) 

02GA016 
0.86         

(ns) 

0.78 

(ns) 

0.19 

(ns) 

0.95 

(ns) 

0.2 

(ns) 

0.21 

(ns) 

0.97 

(ns) 

0.98 

(ns) 

0.22 

(ns) 

0.97 

(ns) 

0.98 

(ns) 

0.91          

(ns) 

0.87           

(ns) 

 

1 p-value > 0.1 is denoted as ns 
2 p-value < 0.1 is highlighted in red and denoted as * 
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02GE002 
0.78          

(ns) 

0.66 

(ns) 

0.15 

(ns) 

0.61 

(ns) 

0.16 

(ns) 

0.21 

(ns) 

0.59 

(ns) 

0.72 

(ns) 

0.23 

(ns) 

0.68 

(ns) 

0.68 

(ns) 

0.8         

(ns) 

0.77           

(ns) 

02GE003 
0.41          

(ns) 

0.22 

(ns) 

0.04 

(*) 

0.67 

(ns) 

0.03 

(*) 

0.05 

(*) 

0.68 

(ns) 

0.72 

(ns) 

0.03 

(*) 

0.73 

(ns) 

0.65 

(ns) 

0.39          

(ns) 

0.51           

(ns) 

02GG008 
0.81         

(ns) 

0.54 

(ns) 

0.33 

(ns) 

0.44 

(ns) 

0.2 

(ns) 

0.41 

(ns) 

0.59 

(ns) 

0.55 

(ns) 

0.28 

(ns) 

0.72 

(ns) 

0.65 

(ns) 

0.83     

(ns) 

0.86           

(ns) 

02HB013 
0.45         

(ns) 

0.7 

(ns) 

0.03 

(*) 

0.06 

(*) 

0.03 

(*) 

0.03 

(*) 

0.06 

(*) 

0.06 

(*) 

0.03 

(*) 

0.06 

(*) 

0.06 

(*) 

0.13        

(ns) 

0.58           

(ns) 

02HC024 
0.62         

(ns) 

0.07 

(*) 

0.26 

(ns) 

0.31 

(ns) 

0.14 

(ns) 

0.26 

(ns) 

0.51 

(ns) 

0.32 

(ns) 

0.12 

(ns) 

0.5 

(ns) 

0.55 

(ns) 

0.53        

(ns) 

0.65           

(ns) 

02HC027 
0.78           

(ns) 

0.13 

(ns) 

0.76 

(ns) 

0.32 

(ns) 

0.77 

(ns) 

0.68 

(ns) 

0.4 

(ns) 

0.39 

(ns) 

0.79 

(ns) 

0.54 

(ns) 

0.58 

(ns) 

0.61     

(ns) 

0.74           

(ns) 
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Figure 17 : Comparison of statistical models at all sampling stations for TP load estimates. 
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4.3 Trend Analysis 

This section describes the results of the trend analysis. The WRTDS model was used for analyzing 

the trends in TSS and TP concentration and load based on the results of the evaluation of statistical 

models (refer to sections 4.1 and 4.2) and improvements in WRTDS model for trend analysis (refer 

to sub-section 2.4.2). Description of selected sampling stations and a description of the WRTDS 

model formation and additional Bootstrap Test (WBT) for uncertainty estimates for trend analysis 

are shown in chapter 3 (sub-section 3.6). The brief and theoretical description of the WRTDS 

statistical model and Bootstrap Test (WBT) for trend analysis are shown in chapter 2 (sub-section 

2.4.2).  

4.3.1 Trends in Total Suspended Sediments (TSS) 

Trends in TSS concentrations and loads were analyzed at major tributaries across Southern 

Ontario. Trends are shown using mean annual estimates of the flow normalized concentration and 

load (refer to Chapter 2; section 2.4.2). The temporal trends in TSS concentration over major 

tributaries are shown in figure 18 and the temporal trends in TSS loads over major tributaries are 

shown in figure 19. The results of bootstrap tests for trend analysis for TSS concentration and 

loads are shown in Tables 16 and 17, respectively. In addition, total TSS loading from each 

tributary is shown in Appendix E. Trends in TSS concentration and loads were highly variable 

over all tributaries. 

All three tributaries draining into Lake Ontario displayed a substantial decline in the magnitude of 

FN TSS concentration and loads over the period from 1980 to 2018 (i.e. Don River, Humber River, 

and Credit River). In particular, Don River reported the most significant decline in TSS 

concentration of -53.2 mg/L from 1980 to 2018, signifying that a decline in TSS concentration 

was highly likely with a likelihood of 95.50 (p-value = 0.08) (Table 16). TSS loads at these 

locations declined by -24120 103 kg/year (Table 17). However, a decline in TSS loads was not 

significant based on the statistical analysis and descriptive statements, indicating that the decline 

in trend was likely as not with a likelihood of 65.80 (p-value=0.68). Humber River displayed a 

decline in TSS concentration and loads by -27.6 mg/L and -13010 103 kg/year over the time-period, 
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and further indicating that the decline in TSS concentrations and loads was highly likely to likely 

with the likelihood of 96.90 (p-value= 0.07) and 72.20 (p-value=0.54), respectively. Likewise, 

Credit River showed a decrease of -6.86 mg/L in the TSS concentration and a decrease of -5815 

103 kg/year in the TSS load, with a probability of 85.30 (p-value=0.29). The PWQMN objective 

for acceptable TSS concentrations in rivers is 30 mg/L (figure 18). TSS concentrations in Credit 

River were well below the PWQMN objective of 30 mg/L for most of the years in the time-period. 

While the levels of TSS concentration were marginally above the acceptable levels in the Humber 

River and Don River. Mean annual concentrations over the Saugeen River were highly inconsistent 

with frequent upward and downward trends over the time-period, though, there was a significant 

decline in the magnitude of TSS concentration and loads over the record period. TSS concentration 

and load declined by -8.66 mg/L and -33220 103 kg/year with a likelihood of 96.50 (p-value= 

0.073) and 87.60 (p-value= 0.24), respectively. The TSS levels in the Saugeen River were well 

below the PWQMN objective of 30 mg/L (figure 18).  

There was observed to be an increase in TSS concentration at Grand River at York and Big Otter 

Creek over the time-period. TSS concentrations increased by 7.6 mg/L in Grand River with a 

likelihood of 79.40 (p-value= 0.4). While trends in TSS loads displayed an opposite sign, 

signifying that TSS loads declined over the record period by -6183 103 kg/year. However, the 

decline in TSS loads was not significant as per the statistical analysis which concluded that the 

decline in TSS loads was likely as not with a likelihood of 55.90 (p-value= 0.87). TSS 

concentration and loads in Big Otter Creek increased by 24.6 mg/L and 40870 103 kg/year, 

respectively. Statistical analysis results concluded that an increase in TP concentration and load 

was likely with a likelihood of 73.50 (p-value=0.52). Whereas the TSS levels in both these 

tributaries were well above the PWQMN objective of 30 mg/L (figure 18).  

Lower Thames (Thames River at Jacobs road) and Upper Thames (Thames River at Byron) 

tributaries displayed a substantial decline in the concentration and load over the period between 

1978 to 2018. FN TSS concentration and load declined by -6.14 mg/L and -21190 103 kg/year in 

Upper Thames tributary over the record period, displaying a downward trend to be highly likely 

to likely with a likelihood of 99 (p-value= 0.039) for concentration decline and 81.40 (p-value = 

0.36) for load decline (Table 16 and 17). Similarly, TSS concentration and load declined by -23.3 
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mg/L and -142700 103 kg/year in the Lower Thames tributary, demonstrating a downward trend 

to be highly likely with a likelihood of 99.40 (p-value = 0.025) for concentration decline and 96.90 

(p-value= 0.065) for load decline. Trends analyzed over a short record period of eight years in the 

Central Thames tributary (Thames River at Thamesville) showed an incline in TP concentration 

by 8.45 mg/L (Table 16). However, the decline in TSS concentration was not significant based on 

the statistical analysis and descriptive statements, indicating that an incline in trend was likely as 

not with a likelihood of 61.80 (p-value = 0.75). TSS load increased by 34810 103 kg/year, and 

further indicated that an incline in trend was likely with a likelihood of 71.60 (p-value=0.57). The 

TSS concentration in the Upper Thames tributary (Thames River at Byron) was far below the 30 

mg/L PWQMN levels, while the TSS concentration levels in the Central and Lower Thames 

tributaries (Thames River at Thamesville and Thames River at Jacobs road) were much higher 

than the PWQMN levels. TSS concentration inclined by 12.3 mg/L and TSS load inclined by 

23350 103 kg/year in Sydenham River over the period from 2002 to 2019. However, based on the 

statistical analysis findings, the upward trend in TSS concentration at this station was not 

significant, which showed that the upward trend was likely as not with a likelihood of 65.70 (p-

value = 0.68). While an upward trend in TSS load was likely with a likelihood of 73.50 (p-

value=0.52). 



 

 

107 

 

 

            Figure 18 : Long term trends in FN TSS concentration over major tributaries.
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             Figure 19 : Long term trends in FN TSS loads over major tributaries. 
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Table 16 :Results of bootstrap test for TSS concentration change, 90 % confidence interval, trend direction, likelihood, and p-values. 

The downward arrow indicates a declining trend; the upward arrow indicates an inclining trend; and the horizontal line indicates no 

trend. 

Site Period 

TSS Concentration 

Concentration change (mg/L) 

90 % confidence 
interval Slope 

(mg/L/yr) 
Trend Trend Direction Likelihood p-value 

Lower Upper 

Grand River 1977-2019 7.6 -7.20 30.20 0.18 Likely Upward 79.40% 0.4 

Humber River 1980-2018 -27.6 -47.94 -2.66 -0.72 Highly Likely Downward 96.90% 0.07 

Saugeen River 1975-2018 -8.66 -18.52 -1.21 -0.21 Highly Likely Downward 96.50% 0.07 

Thames River at Byron 1995-2018 
-6.14 

-10.91 -1.67 -0.26 Highly Likely Downward 99.00% 0.04 

Sydenham River 2002-2019 12.3 -63.33 49.50 0.59 Likely as Not No Trend 65.70% 0.68 

Don River 1980-2018 
-53.2 

-71.04 -1.51 -1.4 Highly Likely Downward 95.50% 0.08 

Thames River at Jacobs Road 1980-2018 
-23.3 

-46.15 -7.09 -0.62 Highly Likely Downward 99.40% 0.02 

Big Otter Creek 2002-2018 24.6 -48.02 92.80 1.4 Likely Upward 73.50% 0.52 

Credit River 1995-2018 
-6.86 

-19.85 4.44 -0.29 Likely Downward 85.30% 0.29 

Thames River at Thamesville 2012-2019 8.45 -40.83 100.51 1.2 Likely as Not No trend 61.80% 0.75 
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Table 17 : Results of bootstrap test for TSS load change, 90 % confidence interval, trend direction, likelihood, and p-values. The 

downward arrow indicates a declining trend; the upward arrow indicates an inclining trend; and the horizontal line indicates no trend. 

Site Period 

TSS  Load 

Load change (103 kg/year) 

90 % confidence interval Slope 
(103 

kg/yr/yr) 
Trend Trend Direction Likelihood p-value 

Lower Upper 

Grand River 1977-2019 -6183 -160700 143200 -0.09 Likely as Not No trend 55.90% 0.87 

Humber River 1980-2018 -13010 -40910 28730 -0.35 Likely Downward 72.20% 0.54 

Saugeen River 1975-2018 -33220 -92430 17270 -0.81 Likely Downward 87.60% 0.24 

Thames River at Byron 1978-2018 -21190 -59600 16000 -0.94 Likely Downward 81.40% 0.36 

Sydenham River 2002-2019 23350 -126970 99690 1.1 Likely Upward 73.50% 0.52 

Don River 1980-2018 -24120 -38500 40500 -0.63 Likely as Not No trend 65.80% 0.68 

Thames River at Jacobs Road 1980-2018 -142700 -404700 -15400 -3.9 Highly Likely Downward 96.90% 0.06 

Big Otter Creek 2002-2018 40870 -60360 94650 2.5 Likely Upward 73.50% 0.52 

Credit River 1990-2018 -5815 -22750 5870 -0.25 Likely Downward 85.30% 0.29 

Thames River at Thamesville 2012-2019 34810 100510 411300 5 Likely Upward 71.60% 0.57 
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4.3.2 Trends in Total Phosphorus (TP) 

Trends in TP concentration and load were analyzed over major tributaries across Southern Ontario. 

Trends are shown using mean annual estimates of the flow normalized concentration and load. The 

temporal trends in TP concentration are shown in figure 20 and the temporal trends in TP loads 

over major tributaries are shown in figure 21. The results of bootstrap tests for trend analysis for 

TP concentration and loads are shown in Tables 18 and 19, respectively. In addition, total TP 

loading from each tributary is shown in Appendix F. 

The decreasing trend in TP concentration was observed in nine of the total ten tributaries over the 

time-period. Magnitude in the decrease of concentration varied among all tributaries. Don River 

showed the most significant decrease in TP concentration over the period between 1980 to 2018. 

Don River showed a decrease of -0.317 mg/L in TP concentration and a decrease of -59.88 103 

kg/year in TP load (Table 18 and 19). However, the magnitude of TP concentrations at the Don 

river site was significantly higher (above 0.15 mg/L) than most tributaries and well above the 0.03 

mg/L PWQMN targets (figure 20). Humber River and Credit River draining into Lake Ontario 

displayed similar results to Don River showing a significant decrease in TP concentrations and 

loads. Humber River and Credit River recorded an overall decrease in TP concentrations of -

0.0783 mg/L and -0.023 mg/L and TP load of -37.58 and -14.17 103 kg/year, respectively (Table 

18 & Table 19). The decrease in TP concentrations and loads were highly likely over the Humber 

River and Don River with a likelihood value of 99.50 and 99.10 (p-value=0.02 and 0.03) for 

concentration, and a likelihood value of 96.50 and 97.20 (p-value= 0.07 and 0.055) for load, 

respectively. The decrease in TP concentrations and loads were very likely to likely over Credit 

River with a likelihood value of 91.1 and 78.20 (p-value= 0.19 and 0.43), respectively. However, 

the Credit River displayed a low magnitude in TP concentrations compared to other tributaries 

(Table 19). There was no major decrease in TP concentrations at Credit River after 2005, but the 

concentration levels were consistently close to the PWQMN objective of 0.03 mg/L, indicating 

that the water quality in terms of TP improved significantly over time. The Saugeen River reported 

a decrease of -0.0219 mg/L in TP concentrations and a decrease of -76.38 103 kg/year in TP loads 

from 1975 to 2018. Descriptive statements and statistical values concluded that the decline in TP 

concentrations and loads was highly likely with a likelihood value of 99.10 (p-value=0.03) and 
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97.20 (p-value=0.04), respectively. The Saugeen River also reported the lowest TP concentration 

magnitude among all the tributaries, with concentration levels consistently below PWQMN levels 

from 2008 through 2018 (figure 20).  

One of the Grand River tributaries in York, which drains into Lake Erie, showed a persistent 

decrease in TP concentrations and loads over the period from 1977 to 2019 (Table 19 & 20). 

Average annual TP concentration over 40 years nearly declined by an order of magnitude from 

around 0.16 mg/L in 1978 to around 0.07 mg/L in 2018, with an overall decrease of -0.0886 mg/L 

in TP concentrations and -505.5 103 kg/year in TP loads. The decline in TP concentrations and 

loads was highly likely over the time-period with likelihood values of 99.10 (p-value=0.037) and 

97.20 (p-value=0.066), respectively. Mean annual FNC estimates over Big Otter Creek tributary 

ranged between 0.11 to 0.15. There was an overall decrease of -0.045 mg/L in TP concentration 

and -24.85 103 kg/year in TP loads over the period from 2002 to 2018. Descriptive statements and 

statistical values indicated that decline in concentration and load at this tributary was likely with a 

likelihood value of 83.30 (p-value=0.3) for concentration decline, and a likelihood value of 67.60 

(p-value= 0.66) for load decline. 

Three tributaries along the Thames River were analyzed for trends in TP concentration and load. 

Trends over upstream and downstream Thames tributaries were analyzed for the period between 

1978 to 2018, while trends at Thamesville were only analyzed for the period between 2012 to 

2019. TP concentration levels were considerably high (ranging between 0.20 to 0.25 mg/L) over 

upstream Thames tributary for the period between 1978 to 2000. However, there was a significant 

decline in TP levels after the year 2000 and further showed a consistent decrease in TP 

concentrations until 2018. Overall, TP concentrations and loads were reduced by -0.108 mg/L and 

-168.3 103 kg/year over the period from 1978 to 2018, and a highly likely downward trend with a 

likelihood of 99 (p-value= 0.03) for both the concentration and load decline. Trends in TP 

concentrations and loads were highly variable at the downstream Thames tributary of the overall 

time-period. TP concentrations showed no sign over the period from 1980 to 1990, while 

concentration levels increased dramatically after the 1990s and further showed a consistent surge 

in TP levels until 2001 with a concentration level reaching up to 0.2 mg/L which was observed to 

be the highest TP concentration over the time-period. On the contrary, TP concentration levels 
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started to decline after 2001 and showed a consistent decline up till 2018 with a TP concentration 

value of around 0.12 mg/L. Overall, there was a decline in TP concentration by -0.057 mg/L and 

in TP load by -168.2 103 kg/year over the period from 1980 to 2018. Descriptive statements and 

statistical values further revealed that a decline in  TP concentrations was highly likely with a 

likelihood estimate of 99 (p-value= 0.03) and a decline in TP loads was likely with a likelihood 

estimate of 81.40 (p-value= 0.38).  

TP concentrations and loads at Thames River at Thamesville site increased by 0.023 mg/L and 

56.04 103 kg/year, respectively. An increase in concentration and loads was likely with a likelihood 

of 85.30 (p-value= 0.28) for TP concentration and 73.50 (p-value=0.53) for TP load (Table 18 and 

19). TP concentration and load declined at Sydenham River over the period from 2002-2019. TP 

concentration and load declined by -0.064 mg/L and -89.95 103 kg/year, respectively. Descriptive 

statements and statistical results displayed that a decline in concentration and load was likely with 

a likelihood of 85.30 (p-value= 0.29) and 83.30 (p-value= 0.35), respectively. Despite a large 

decrease in the magnitude of the TP concentration from 0.18 mg/L in 2002 to 0.09 mg/L in 2019, 

the likelihood estimate was not high at this site. This was mainly due to an increase in TP 

concentration levels from 2012 to 2019, which would have influenced the overall likelihood 

estimate. 
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Figure 20 : Long term trends in FN TP concentration over major tributaries. 
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Figure 21 : Long term trends in FN TP loads over major tributaries. 
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Table 18 : Results of bootstrap test for TP concentration change, 90 % confidence interval, trend direction, likelihood, and p-values. 

The downward arrow indicates a declining trend; the upward arrow indicates an inclining trend; and the horizontal line indicates no 

trend. 

Site Period 

TP Concentration 

Concentration change (mg/L) 

90 % confidence 
interval Slope 

(mg/L/yr) 
Trend Trend Direction Likelihood p-value 

Lower Upper 

Grand River 1977-2019 
-0.0886 

-0.12692 -0.03118 -0.0021 Highly likely Downward 99.10% 0.037 

Humber River 1980-2018 
-0.0783 

-0.1069 -0.0271 -0.002 Highly likely Downward 99.50% 0.020 

Saugeen River 1975-2018 
-0.0219 

-0.03220 -0.01103 -0.00051 Highly likely Downward 99.10% 0.037 

Thames River at Byron 1978-2018 
-0.108 

-0.13499 -0.03134 -0.0027 Highly likely Downward 99.00% 0.039 

Sydenham River 2002-2019 
-0.0643 

-0.1192 0.1087 -0.0039 Likely Downward 85.30% 0.29 

Don River 1980-2018 
-0.317 

-0.471 -0.202 -0.0085 Highly likely Downward 99.10% 0.037 

Thames River at Jacobs Road 1980-2018 
-0.0577 

-0.1131 -0.0214 -0.0015 Highly likely Downward 99.00% 0.039 

Big Otter Creek 2002-2018 -0.0459 -0.08088 0.06335 -0.0028 Likely Downward 83.30% 0.34 

Credit River 1990-2018 
-0.023 

-0.04697 0.01307 -0.00085 Very Likely Downward 91.10% 0.19 

Thames River at Thamesville 2012-2019 0.023 -0.00744 0.05768 0.0033 Likely Upward 85.30% 0.28 
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Table 19 : Results of bootstrap test for TP load change, 90 % confidence interval, trend direction, likelihood, and p-values. The 

downward arrow indicates a declining trend; the upward arrow indicates an inclining trend; , and the horizontal line indicates no trend. 

Site Period 

TP Load 

Load change (103 kg/year) 

90 % confidence 
interval Slope (103 

kg/yr/yr) 
Trend Trend Direction Likelihood p-value 

Lower Upper 

Grand River 1977-2019 -505.5 -939 -134 -12.0 Highly likely Downward 97.20% 0.06 

Humber River 1980-2018 
-37.58 

-63.16 -6.43 -0.97 Highly likely Downward 96.50% 0.07 

Saugeen River 1975-2018 
-76.38 

-127.58 -37.83 -1.8 Highly likely Downward 97.20% 0.04 

Thames River at Byron 1995-2018 
-168.3 

-237.91 -15.73 -4.2 Highly likely Downward 99.00% 0.04 

Sydenham River 2002-2019 
-89.95 

-190.7 322.7 -5.6 Likely Downward 83.30% 0.35 

Don River 1980-2018 -59.88 -86.57 -21.81 -1.6 Highly likely Downward 97.20% 0.05 

Thames River at Jacobs Road 1980-2018 
-168.2 

-700.0 123.8 -4.4 Likely Downward 81.40% 0.38 

Big Otter Creek 2002-2018 
-24.85 

-62.45 105.50 -1.5 Likely Downward 67.60% 0.66 

Credit River 1995-2018 
-14.17 

-31.37 25.00 -0.53 Likely Downward 78.20% 0.43 

Thames River at Thamesville 2012-2019 56.04 -78.42 206.39 8.0 Likely Upward 73.50% 0.53 
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 CONCLUSIONS 

In this study, TSS and TP loads from various tributaries in Southern Ontario, Canada were 

computed using wide-ranging statistical models. Statistical models included were simple models 

(i.e. Interpolation and Beale Ratio Estimator), simple and multiple linear regression (i.e. 

LOADEST models), weighted regression (i.e. WRTDS), and error correction models (i.e. 

WRTDS_K and Composite model). Performance of statistical models to estimate TSS and TP 

loads were further evaluated under various sampling scenarios and sampling stations with variable 

discharge-concentration relationship and variable watershed drainage areas.  

The Weighted Regression on Time, Discharge, and Season Kalman Filter (WRTDS_K) model 

showed the most accurate and precise TSS load estimates over most sampling scenarios and 

sampling stations. While Weighted Regression on Time, Discharge, and Season (WRTDS) model 

was found to be the most accurate and precise in the case of TP load estimates over most sampling 

scenarios and sampling stations. Among LOADEST models, Linear LOADEST models (L_1, 

L_3, L_4, and L_7) showed better results for TSS load estimates, while, curved-linear LOADEST 

models (L_2, L_5, L_6, L_8, and L_9) showed better results for TP load estimates. TSS and TP 

load estimates of simple models (Interpolation and Beale_Ratio model) were unsatisfactory over 

most sampling scenarios and sampling stations. A significant influence of sampling scenarios on 

the load estimates of most statistical models was noticed. Furthermore, the performance of 

WRTDS, WRTDS_K, and composite model was generally better under weekly, biweekly, 

monthly sampling scenarios by displaying high accuracy and precision in load estimates. Although 

these models under the bimonthly sampling scenario were less consistent. Simple models 

(Interpolation and Beale_Ratio model) displayed accurate and precise load estimates mostly under 

frequent sampling (weekly sampling frequency), suggesting that these models were appropriate 

for the sampling period that had short gaps and were not suitable for predicting loads for the 

sampling period that longer gaps such as biweekly, monthly and bimonthly sampling frequencies. 

Load estimates of LOADEST models under most sampling scenarios were statistically not 

significant, meaning that these models showed quite similar patterns in load estimates under most 

sampling scenarios, and so were not significantly influenced by the type of sampling. Additional  

inclusion of high streamflow samples under a stratified sampling scenario further improved the 
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accuracy and precision in load estimates among most statistical models compared to the random 

sampling scenario. 

The WRTDS and WRTDS_K models were less influenced by the site-specific variability resulting 

from a discharge-concentration relationship and thus showed better load estimates at most 

sampling stations and especially at sampling stations that had no significant association between 

streamflow and TSS/TP. On the contrary, LOADEST models were heavily influenced by the site-

specific variability resulting from the discharge-concentration relationship. Linear LOADEST 

models (L_1, L_3, L_4, and L_7) generally performed better at sampling stations that had a 

significant association between streamflow and TSS/TP, while these models displayed 

unsatisfactory load estimates at sampling stations that had no significant association between 

streamflow and TSS/TP. Similarly, curved-linear LOADEST (L_2, L_5, L_6, L_8, and L_9) 

models performed when there existed a curvature in the relationship between streamflow and 

TSS/TP at sampling stations. However, curved-linear LOADEST models displayed unsatisfactory 

load estimates when the consideration of curvature between the relationship of streamflow and 

TSS/TP was violated. In addition, most statistical models showed satisfactory load estimates at 

sampling stations with large drainage areas, although no statistical models showed the potential to 

accurately predict TP and TSS loads at sampling stations with small drainage areas.  

The Weighted Regression on Time, Discharge, and Season Bootstrapping Test (WBT) was further 

used to analyze the trends in TSS and TP concentration and loads from major tributaries in 

Southern Ontario, Canada. Trends in TSS concentration and loads were found to be highly varying 

among the tributaries. Five tributaries displayed a decreasing trend in TSS concentration and loads, 

while the other five tributaries displayed varying trends for TSS concentration and load. Whereas 

most tributaries reported the TSS concentration levels that were significantly higher than the 

PWQMN objectives for the acceptable total suspended solids concentration in tributaries of 30 

mg/L. Trend analysis over major tributaries for TP concentrations and loads further revealed that 

there was a significant decline in TP concentrations and loads (decreasing trend likelihood  > 95 

and p-value < 0.10) over most tributaries. However, most tributaries reported TP concentration 

levels that were significantly higher than the PWQMN objectives for the acceptable total 

phosphorus concentration in tributaries of 0.03 mg/L. 
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 FUTURE RECOMMENDATIONS 

This study evaluated the load estimates for sediments (TSS) and phosphorus (TP) and further 

analyzed the trends in concentration and load over major tributaries. Future work may involve 

exploring various forms of phosphorus (i.e. dissolved and particulate) and nitrogen dynamics as 

well as other water quality constituents that are not driven by the discharge conditions. 

This study further considered unit loads on daily basis. It was seen that statistical models were 

more efficient in predicting load estimates over larger drainage areas considering daily unit load. 

However, these models were not efficient enough over the smaller drainage area based on the daily 

unit load. Future work can involve considering unit load finer than the one considered in this study 

for analyzing the water quality loads over smaller drainage areas such as considering the unit load 

on an hourly basis. 

This study further analyzed the performance of statistical models to predict TSS and TP loads 

under various sampling scenarios. It was observed that many statistical models were highly 

influenced by the type and frequency of sampling, while, some statistical models (LOADEST 

models) showed no evident differences in load estimates under various sampling scenarios. It was 

further observed that the performance of most of the statistical models was generally better under 

weekly and biweekly sampling frequency (high accuracy and precision). While statistical models 

displayed satisfactory to unsatisfactory performance under monthly and bimonthly sampling 

frequency (low precision). However, sampling strategy and frequency analysis considered in this 

study does not characterize the optimal number of samples that would be required to predict 

accurate load estimates. Future work can explore working on an optimization algorithm to find the 

optimal number of samples that would be required to predict unbiased load estimates over all the 

sampling stations. 
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Appendix A : R code for sub-sampling experiment, running models, trend 
analysis, and statistical analysis 

######################################################################################################## 

# Design of Sub-sampling experiment # 

######################################################################################################## 

# Systematic sub-sampling of Observed data # 

filename<-read.csv("filelocation/filename.csv")                                                       # Import Data File 

subset <- as.integer(seq(from=1, to=nrow(filename),by=7))                                    # Weekly sampling scenario 

subset <- as.integer(seq(from=1, to=nrow(filename),by=14))                                  # Biweekly sampling scenario 

subset <- as.integer(seq(from=1, to=nrow(filename),by=30))                                  # Monthly sampling scenario 

subset <- as.integer(seq(from=1, to=nrow(filename),by=60))                                  # Bimonthly sampling scenario 

# Random sub-sampling of Observed data # 

library(dplyr)                                                                                                             # Library to execute the function 

samples_per_group <- 1                                                                                            # 12 samples per year 

subset <- filname %>% group_by(Month) %>%  

slice(sample(n(), min(samples_per_group, n()))) %>%  

ungroup() 

subset<-dplyr::arrange(subset,Date)                                                                          # Rearranging dataset 

# Stratified sub-subsampling of Observed data # 

quantile(filename$flow, c(0.90))                                               #  Finding 90 percentile streamflow values for further stratification 

Stratified_flow<-union%>%filter(flow>quantile_value)           # Subsetting data greater than 90 percentile streamflow  

samples_per_group <- 3                                                             # three samples per year  

stratified <- Stratified_flow %>% 

group_by(Year) %>% 

slice(sample(n(), min(samples_per_group, n()))) %>% ungroup() 

stratified<-rbind(subset,stratified)%>%unique                             # Combining random and stratified dataset - 15 samples per year 

  

######################################################################################################## 
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######################################################################################################## 

# Execution of statistical models # 

######################################################################################################## 

# WRTDS model # 

library(EGRET)                                                                                                                         # Library to execute WRTDS model 

Daily <-readUserDaily("filelocation/","filename.csv",qUnit = 2)                                            # Importing Streamflow data 

Sample<-readUserSample("filelocation/","filename.csv")                                                        # Importing  TSS and TP data 

# Enter Metadata Information 

eList <-mergeReport(INFO,Daily,Sample)                                                                             # Merging daily, sample and metadata 

eList <-modelEstimation(eList, windowY = 7, windowQ = 2,  

windowS = 0.5, minNumObs = 100, minNumUncen = 100)                                                                     # Running WRTDS model 

surfaceIndexParameters <-surfaceIndex(Daily)                               # Generating Daily flux of TSS and TP estimates from surfaces 

Daily <-estDailyFromSurfaces(eList) 

# WRTDS_K model # 

elist_K<-WRTDSKalman(eList,rho = 0.90,niter=50)                                                                           # Running WRTDS_K model 

DailyK<-estDailyFromSurfaces(elist_K) 

# LOADEST, Composite and Interpolation methods # 

library(loadflex)                                                                                                 # Library to run Composite and Interpolation model 

library(rloadest)                                                                                                  #  Library to run LOADEST model 

library(survival) 

streamflow<-read.csv("filelocatiom/filename.csv")                                                                # Importing Streamflow data 

constituent<-read.csv("filelocation/filename.csv")                                                                 # Importing TSS/TP data 

combined<-dplyr::left_join(streamflow,constituent,by=c("Date"="Date"))                          # Combining flow and TP/TSS dataset 

combined<-combined[c("Date","streamflow","TP/TSS")] 

combined$streamflow<-combined$streamflow*35.314                                                         # Converting streamflow to cu.ft 

# Metadata 

meta <- metadata(constituent="constituentname", flow="streamflow", dates="Date", conc.units="mg L^-1", flow.units="cfs", 
load.units="kg", load.rate.units="kg d^-1", site.name="Sitename",consti.name="Constituent_name", site.id='000', lat=location, 
lon=location) 
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# Running models 

Interpoaltion <- loadInterp(interp.format=("conc"), interp.fun=rectangularInterpolation, data=combined, metadata=meta)                     

L_1 <- loadReg2(loadReg(TP ~ model(1),union,flow="streamflow", dates="Date", time.step="instantaneous",flow.units="cfs", 

conc.units="mg/L", load.units="kg",station="Sitename")) 

L_9 <- loadReg2(loadReg(TP ~ model(9),union,flow="streamflow", dates="Date", time.step="instantaneous",flow.units="cfs", 

conc.units="mg/L", load.units="kg",station="Sitename")) 

Composite <- loadComp(reg.model=L_9, interp.format="flux",interp.data=combined) 

# Generating Daily Predictions for Data Record # 

Interpolation <- predictSolute(Interpolation, "flux",union, se.pred=TRUE, date=TRUE) 

L_1 <- predictSolute(L_1, "flux",union, se.pred=TRUE, date=TRUE) 

L_9 <- predictSolute(L_2, "flux",union, se.pred=TRUE, date=TRUE) 

Composite <- predictSolute(Composite, "flux",combined, se.pred=TRUE, date=TRUE) 

# Beale Ratio Estimator # 

library(Autobeale,dplyr,RiverLoad,lubridate) 

# Combining flow and concentration data 

combined<-dplyr::left_join(streamflow,constituent,by=c("Date"="Date"))                           # Combining flow and TP/TSS dataset 

combined<-combined[c("Date","Flow","Concentration")] 

names(combined)[1]<-paste("datetime") 

names(combined)[2]<-paste("flow") 

# Beale Ratio estimator 

subset<-beale.period(combined,1,"year")                                                                                         # Running Beale Ratio estimator 

subset<-as.data.frame(subset) 

subset$loads<-subset$Concentration/1000                                                                                    # Converting from g/day to kg/day 

subset<-subset[c("loads")] 

######################################################################################################## 
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############################################################################################# 

# Running WBT approach for trend analysis # 

############################################################################################# 

library(EGRETci)                                                                                                   # Library to execute WBT approach 

#Using the same eList generated under WRTDS model  

# WBT Approach # 

eList <- setPA(eList, paStart = 12, paLong = 4) 

eList$INFO$windowY <- 7 

eList$INFO$minNumObs <- 100 

caseSetUp <- trendSetUp(eList, year1=yearstart, year2=yearend, nBoot = 100, bootBreak = 50, blockLength = 200) 

eBoot <- wBT(eList, caseSetUp, fileName ="eboot.txt") 

saveEGRETci(eList, eBoot, caseSetUp, fileName = "output.txt") 

############################################################################################# 

# Statistical analysis to compare load estimates # 

############################################################################################ 

library(dplyr, tidyr, rstatix) 

# two-sided t-test on individual groups based on means # 

# Comparison of statistical models based on load estimates among Sampling scenarios # 

Sampling<- filename %>% group_by(Model) %>% t_test(load ~ Sampling,alternative = "two.sided",conf.level = 

0.95,detailed = TRUE) %>% adjust_pvalue(method = "BH") %>%add significance() 

# Comparison among statistical models based on load estimates # 

Model <- filename %>%group_by(Sampling) %>%t_test(load ~ Model,alternative = "two.sided",conf.level = 

0.95,detailed = TRUE) %>%adjust_pvalue(method = "BH") %>% add_significance() 

# Comparison of statistical models based on load estimates with observed loads # 

stat.test <- allmodel %>%t_test(Annual_load ~ Model,alternative = "two.sided",conf.level = 0.95,detailed = 

TRUE,ref.group ="Observed_Load" ) %>%adjust_pvalue(method = "BH") %>%add_significance() 
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Appendix B : Design of sub-sampling experiment 

1. Random Sampling  

Random sampling refers to random selection of the samples from the whole population. Ten 

subsets were generated for each sampling site which resulted in a total of 140 subsets across 

all sampling stations for total suspended solids (10 subsets multiple by 14 sampling stations). 

Generation of single subset is as follows: 

1. Generate a single random sample from each month of a year resulting into 12 samples per 

year. 

2. Repeat step 1 for each year over the time-period. 

3. Completion of step-1 and step-2 results into a single subset. 

4. For example: a monitoring station with 20 years of TSS data will have a total of 240 

samples over the time-period  (12 samples per year multiplied by 20 years). 

2. Stratified sampling  

Stratified sampling refers to random selection of the samples plus additional selection of high 

streamflow samples from the whole population. Ten subsets were generated for each sampling 

station which resulted in a total of 140 subsets across all sampling stations for total suspended 

solids (10 subsets multiple by 14 sampling sites). Generation of single subset is as follows: 

1. Generate a single random sample from each month of a year resulting into 12 samples per 

year. 

2. Include additional three high streamflow samples (samples greater than 90 percentile 

streamflow values). 

3. Repeat step 2 and 3 for each year over the record period. 

4. Completion of step-1, step-2 and step-3 results into a single subset. 

5. For example: a monitoring site with 20 years of TSS data will have a total of 300 samples 

over the record period  (15 samples per year multiplied by 20 years). 

3. Systematic sampling 
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Systematic sampling refers to systematic selection of the samples from the whole population. 

Samples are drawn on regular basis from the whole population. Four sampling frequencies 

were considered in this study under systematic sampling scenario including weekly, biweekly, 

monthly and bimonthly sampling. Generation of a single subset in the case of weekly sampling 

is as follows: 

1. Generate a single sample from the first day of the calendar year (i.e. January 1) 

2. Generate second sample after 7 days from the previous sample. (i.e. January 8) 

3. Collect samples 7 days apart until the end of the time-period is reached. 

4. Completion of step-1, step-2 and step-3 results into a single subset. 

Similarly, the above process is done under biweekly, monthly and bimonthly sampling, but 

with different intervals. Under biweekly sampling, the sampling interval is of 14 days. Under 

monthly sampling, the sampling interval is of 30 days and under bimonthly sampling, the 

sampling interval is of 60 days. 
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Appendix C : Statistical Analysis for TSS load estimates. 

Table C-1 : Results of statistical analysis for the comparison of load estimates among statistical models.   

Model 
Beale 

_Ratio 
Composite Interpolation L_1 L_2 L_3 L_4 L_5 L_6 L_7 L_8 L_9 WRTDS 

Composite 
0.05        

(ns) 
 

Interpolation 
p<0.001        

(***) 

p<0.001                

(***) 
 

L_1 
0.038        

(*) 

0.113              

(ns) 

p<0.001                      

(***) 
 

L_2 
p<0.001         

(***) 

p<0.001                 

(***) 

p<0.001                      

(***) 

p<0.001                      

(***) 
 

L_3 
0.024        

(*) 

0.068              

(ns) 

p<0.001                      

(***) 

0.63    

(ns) 

p<0.001                      

(***) 
 

L_4 
0.124      

(ns) 

0.154              

(ns) 

p<0.001                      

(***) 

0.053   

(ns) 

p<0.001                      

(***) 

0.011    

(*) 
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L_5 
p<0.001         

(***) 

p<0.001                

(***) 

p<0.001                      

(***) 

p<0.001                      

(***) 

0.797   

(ns) 

p<0.001                      

(***) 

p<0.001                      

(***) 
 

L_6 
p<0.001         

(***) 

p<0.001                

(***) 

p<0.001                      

(***) 

p<0.001                      

(***) 

0.06    

(ns) 

p<0.001                      

(***) 

p<0.001                      

(***) 

0.098  

(ns) 
 

L_7 
0.131      

(ns) 

0.134              

(ns) 

p<0.001                      

(***) 

0.122   

(ns) 

p<0.001                      

(***) 

0.039 

(***) 

0.815  

(ns) 

p<0.001                      

(***) 

p<0.001                      

(***) 
 

L_8 
p<0.001         

(***) 

p<0.001               

(***) 

p<0.001                      

(***) 

p<0.001                      

(***) 

0.039    

(*) 

p<0.001           

(***) 

p<0.001                      

(***) 

0.056  

(ns) 

0.791  

(ns) 

p<0.001                      

(***) 
 

L_9 
p<0.001         

(***) 

p<0.001                

(***) 

p<0.001                      

(***) 

p<0.001                      

(***) 

0.024    

(*) 

p<0.001                      

(***) 

p<0.001                      

(***) 

0.038    

(*) 

0.689  

(ns) 

p<0.001                      

(***) 

0.862 

(ns) 
 

WRTDS 
p<0.001       

(***) 

0.25                

(ns) 

p<0.001                      

(***) 

p<0.001                      

(***) 

p<0.001                      

(***) 

p<0.001                      

(***) 

p<0.001                      

(***) 

p<0.001                      

(***) 

0.004  

(**) 

p<0.001                      

(***) 

0.022 

(*) 

0.026 

(*) 
 

WRTDS_K 
0.02         

(*) 

0.363              

(ns) 

p<0.001                      

(***) 

0.135  

(ns) 

p<0.001                      

(***) 

0.051  

(ns) 

0.078  

(ns) 

p<0.001                      

(***) 

p<0.001                      

(***) 

0.156  

(ns) 

0.001 

(***) 

0.001 

(**) 

0.045        

(*) 

 

 



 

 

138 

 

Table C-2 : The results of statistical analysis for the comparison of TSS load estimates of statistical models under various sampling 

scenarios. Results are shown using the p-value based on the two-sided t-test on individual groups. Comparison are shown using a p-

value and significance level. p-value > 0.05 is denoted as ns; p-value < 0.05 is denoted as *; p-value < 0.01 is denoted as **; p-value 

<0.001 is denoted as ***. Sampling scenarios are shown in column 1. Scenarios are displayed as Weekly-W, Biweekly-BW, Monthly-

M, Bimonthly-BM, Random-R, Stratified-S. For instance, W-BW shows the comparison between weekly and biweekly scenarios for 

statistical models. 

Scenarios/Model Beale 

_Ratio 

Composite IP L_1 L_

2 

L_3 L_4 L_

5 

L_

6 

L_7 L_

8 

L_

9 

WRTDS WRTDS_K 

W-BW 0.13            

(ns) 

0.04         

(*) 

p<0.001              

(***) 

0.89 

(ns) 

0.38 

(ns) 

0.88 

(ns) 

0.87 

(ns) 

0.34 

(ns) 

0.46 

(ns) 

0.86 

(ns) 

0.43 

(ns) 

0.37 

(ns) 

0.03           

(*) 

p<0.001              

(***) 

W-M p<0.001              

(***) 

0.01         

(*) 

p<0.001              

(***) 

0.64 

(ns) 

0.26 

(ns) 

0.55 

(ns) 

0.65 

(ns) 

0.19 

(ns) 

0.54 

(ns) 

0.59 

(ns) 

0.42 

(ns) 

0.3 

(ns) 

p<0.001              

(***) 

p<0.001              

(***) 

W-BM p<0.001              

(***) 

0.18        

(ns) 

p<0.001              

(***) 

0.72 

(ns) 

0.26 

(ns) 

0.48 

(ns) 

0.7   

(ns) 

0.58 

(ns) 

0.91 

(ns) 

0.45 

(ns) 

0.49 

(ns) 

0.64 

(ns) 

0              

(**) 

p<0.001              

(***) 

W-R p<0.001              

(***) 

0.06        

(ns) 

p<0.001              

(***) 

0.55 

(ns) 

0.41 

(ns) 

0.51 

(ns) 

0.52 

(ns) 

0.3 

(ns) 

0.5 

(ns) 

0.49 

(ns) 

0.37 

(ns) 

0.43 

(ns) 

p<0.001              

(***) 

p<0.001              

(***) 
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W-S p<0.001              

(***) 

0.78        

(ns) 

p<0.001              

(***) 

p<0.001              

(***) 

0.53 

(ns) 

p<0.001              

(***) 

p<0.001              

(***) 

0.35 

(ns) 

0.92 

(ns) 

p<0.001              

(***) 

0.72 

(ns) 

0.86 

(ns) 

0.02          

(*) 

p<0.001              

(***) 

BW-M p<0.001              

(***) 

0.77         

(ns) 

p<0.001              

(***) 

0.68 

(ns) 

0.88 

(ns) 

0.58 

(ns) 

0.73 

(ns) 

0.77 

(ns) 

0.81 

(ns) 

0.66 

(ns) 

0.93 

(ns) 

0.97 

(ns) 

0.44            

(ns) 

0.01             

(*) 

BW-BM p<0.001              

(***) 

0.39        

(ns) 

p<0.001              

(***) 

0.79 

(ns) 

0.73 

(ns) 

0.5   

(ns) 

0.79 

(ns) 

0.69 

(ns) 

0.53 

(ns) 

0.49 

(ns) 

0.12 

(ns) 

0.16 

(ns) 

0.1           

(ns) 

0.001                  

(**) 

BW-R p<0.001              

(***) 

0.73        

(ns) 

p<0.001              

(***) 

0.58 

(ns) 

0.99 

(ns) 

0.55 

(ns) 

0.56 

(ns) 

0.87 

(ns) 

0.99 

(ns) 

0.54 

(ns) 

0.86 

(ns) 

0.96 

(ns) 

0.13           

(ns) 

p<0.001              

(***) 

BW-S p<0.001              

(***) 

0.09        

(ns) 

p<0.001              

(***) 

p<0.001              

(***) 

0.11 

(ns) 

p<0.001              

(***) 

p<0.001              

(***) 

0.04 

(*) 

0.37 

(ns) 

p<0.001              

(***) 

0.21 

(ns) 

0.25 

(ns) 

0.93        

(ns) 

0.85           

(ns) 

M-BM p<0.001              

(***) 

0.45        

(ns) 

p<0.001              

(***) 

0.93 

(ns) 

0.81 

(ns) 

0.81 

(ns) 

0.97 

(ns) 

0.47 

(ns) 

0.64 

(ns) 

0.72 

(ns) 

0.09 

(ns) 

0.1 

(ns) 

0.22           

(ns) 

0.06           

(ns) 

M-R 0.79            

(ns) 

0.92        

(ns) 

0.6    

(ns) 

0.8   

(ns) 

0.9 

(ns) 

0.85 

(ns) 

0.74 

(ns) 

0.93 

(ns) 

0.84 

(ns) 

0.78 

(ns) 

0.79 

(ns) 

0.92 

(ns) 

0.33          

(ns) 

0.11           

(ns) 
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M-S p<0.001              

(***) 

0.05        

(ns) 

p<0.001              

(***) 

p<0.001              

(***) 

0.05 

(*) 

p<0.001              

(***) 

p<0.001              

(***) 

0.01 

(*) 

0.44 

(ns) 

p<0.001              

(***) 

0.19 

(ns) 

0.18 

(ns) 

0.49           

(ns) 

0.01             

(*) 

BM-R p<0.001              

(***) 

0.58        

(ns) 

p<0.001              

(***) 

0.77 

(ns) 

0.75 

(ns) 

0.98 

(ns) 

0.75 

(ns) 

0.6 

(ns) 

0.57 

(ns) 

0.97 

(ns) 

0.11 

(ns) 

0.2 

(ns) 

0.65       

(ns) 

0.56           

(ns) 

BM-S p<0.001              

(***) 

0.33        

(ns) 

p<0.001              

(***) 

p<0.001              

(***) 

0.07 

(ns) 

p<0.001              

(***) 

p<0.001              

(***) 

0.12 

(ns) 

0.83 

(ns) 

p<0.001              

(***) 

0.72 

(ns) 

0.75 

(ns) 

0.11       

(ns) 

p<0.001              

(***) 

S-R p<0.001              

(***) 

0.13        

(ns) 

p<0.001              

(***) 

p<0.001              

(***) 

0.14 

(ns) 

p<0.001              

(***) 

p<0.001              

(***) 

0.05 

(*) 

0.42 

(ns) 

p<0.001              

(***) 

0.2 

(ns) 

0.31 

(ns) 

0.15       

(ns) 

p<0.001              

(***) 
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Appendix D : Statistical Analysis for TP load estimates. 

Table D-1 : Results of statistical analysis for the comparison of load estimates among statistical models.   

Model Composite IP L_1 L_2 L_3 L_4 L_5 L_6 L_7 L_8 L_9 WRTDS 

Interpolation 
0.0522       

(ns) 
 

L_1 
0.0535       

(ns) 

0.096    

(ns) 
 

L_2 
0.025          

(*) 

p<0.01     

(***) 

p<0.01     

(***) 
 

L_3 
0.0273        

(*) 

0.205    

(ns) 

0.425    

(ns) 

p<0.01     

(***) 
 

L_4 
0.0841       

(ns) 

0.049     

(*) 

0.567    

(ns) 

p<0.01     

(***) 

0.182    

(ns) 
 

L_5 
0.0505       

(ns) 

p<0.01     

(***) 

p<0.01     

(***) 

0.618    

(ns) 

p<0.01     

(***) 

p<0.01     

(***) 
 



 

 

142 

 

L_6 
0.049          

(*) 

p<0.01 

(***) 

p<0.01     

(***) 

0.666    

(ns) 

p<0.01     

(***) 

p<0.01 

(***) 

0.836  

(ns) 
 

L_7 
0.0508       

(ns) 

0.179    

(ns) 

0.757    

(ns)  

p<0.01 

(***) 

0.532    

(ns) 

0.454    

(ns) 

p<0.01 

(***) 

p<0.01 

(***) 
 

L_8 
0.0958       

(ns) 

0.002   

(**) 

p<0.01 

(***) 

0.391    

(ns) 

p<0.01 

(***) 

0.001   

(**) 

0.708  

(ns) 

0.620  

(ns) 

p<0.01 

(***) 
 

L_9 
0.117          

(ns) 

0.002   

(**) 

0.001   

(**) 

0.331    

(ns) 

p<0.01 

(***) 

0.002   

(**) 

0.633  

(ns) 

0.546  

(ns) 

0.001 

(**) 

0.91 

(ns) 
 

WRTDS 
0.463         

(ns) 

0.054    

(ns) 

0.003   

(**) 

0.086    

(ns) 

0.001   

(**) 

0.006   

(**) 

0.159  

(ns) 

0.139  

(ns) 

0.002 

(**) 

0.26 

(ns) 

0.32 

(ns) 
 

WRTDS_K 
0.849          

(ns) 
0.040    (*) 

0.012     

(*) 

0.029     

(*) 

0.004   

(**) 

0.024     

(*) 

0.055  

(ns) 

0.053  

(ns) 

0.011   

(*) 

0.1 

(ns) 

0.13 

(ns) 

0.54      

(ns) 
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Table D-2 : The results of statistical analysis for the comparison of TSS load estimates of statistical models under various sampling 

scenarios. Results are shown using the p-value based on the two-sided t-test on individual groups. Comparison are shown using a p-

value and significance level. p-value > 0.05 is denoted as ns; p-value < 0.05 is denoted as *; p-value < 0.01 is denoted as **; p-value 

<0.001 is denoted as ***. Sampling scenarios are shown in column 1. Scenarios are displayed as Weekly-W, Biweekly-BW, Monthly-

M, Bimonthly-BM, Random-R, Stratified-S. For instance, W-BW shows the comparison between weekly and biweekly scenarios for 

statistical models. 

Scenarios/Model Composite IP L_1 L_2 L_3 L_4 L_5 L_6 L_7 L_8 L_9 WRTDS WRTDS_K 

W-BW 
0.041            

(*) 

p<0.01  

(***) 

0.98   

(ns) 

0.774 

(ns) 

0.573   

(ns) 

0.888 

(ns) 

0.405 

(ns) 

0.658 

(ns) 

0.498 

(ns) 

0.322 

(ns) 

0.291 

(ns) 

0.235      

(ns) 

0.014              

(*) 

W-M 
0.463          

(ns) 

p<0.01  

(***) 

0.48  

(ns) 

0.122 

(ns) 

0.865   

(ns) 

0.47   

(ns) 

0.46  

(ns) 

0.195 

(ns) 

0.915 

(ns) 

0.585 

(ns) 

0.61 

(ns) 

0.519      

(ns) 

0.596            

(ns) 

W-BM 
0.344          

(ns) 

p<0.01  

(***) 

0.002 

(**) 

0.852 

(ns) 

0.003  

(**) 

0.004 

(**) 

0.881 

(ns) 

0.932 

(ns) 

0.005 

(**) 

0.932 

(ns) 

0.835 

(ns) 

0.7          

(ns) 

0.632            

(ns) 

BW-M 
0.449          

(ns) 

0.018   

(*) 

0.481 

(ns) 

0.077 

(ns) 

0.752   

(ns) 

0.394 

(ns) 

0.181 

(ns) 

0.096 

(ns) 

0.633 

(ns) 

0.197 

(ns) 

0.188 

(ns) 

0.159      

(ns) 

0.281            

(ns) 
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BW-BM 
0.905           

(ns) 

0.025  

(*) 

0.002 

(**) 

0.713 

(ns) 

p<0.01 

(***) 

p<0.01 

(***) 

0.493 

(ns) 

0.713 

(ns) 

0.001 

(**) 

0.479 

(ns) 

0.632 

(ns) 

0.332      

(ns) 

0.435            

(ns) 

M-BM 
0.708          

(ns) 

0.523 

(ns) 

0.026  

(*) 

0.34  

(ns) 

0.005  

(**) 

0.036 

(**) 

0.671 

(ns) 

0.39  

(ns) 

0.009 

(**) 

0.748 

(ns) 

0.576 

(ns) 

0.938      

(ns) 

0.953            

(ns) 
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Appendix E : Total Suspended solids load from major tributaries. 
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Appendix F : Total Phosphorus load from major tributaries 

 


