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Abstract 

Water availability is a major concern globally and relies highly on the quantity and quality of 

water. In headwater catchments of developing countries, managing said availability is additionally 

restricted by several factors. Among them, having scarce yet heterogeneous information regarding 

water quantity and quality is significant. This is because such combination impedes performing 

appropriate assessments, of both quantity and quality, and implementing predictive models to 

support decisions in these catchments. To address this issue, a framework comprising three stages 

and several activities is proposed. Such framework allows for: i) conducting a comprehensive 

assessment of water quantity and quality; ii) developing a predictive models supported on such 

assessment; and iii) simulating scenarios to resolve conflicts between uses and quality of water. 

 

In the case of water quantity, the three stages focus on assessing hydrological data, preparing 

datasets for modeling, and developing models in daily and sub-daily resolutions. The last stage is 

grounded on a data-based mechanistic modeling approach and includes a novel combination of 

baseflow separation with digital filters and multi-objective optimization principles. The sequence of 

stages allows for the development of reliable yet mathematically simple models, requiring fewer 

inputs than data-intensive alternatives. Besides, having a hydrophysical meaning, the models are 

suitable for simulating alternative scenarios. In the case of quality, the three stages center in assessing 

water quality data, developing water quality models in headwater catchments, and simulating 

scenarios to resolve conflicts between uses and quality of water. These stages involve multivariate 

statistic techniques (i.e., Analyses of Principal Components and Clusters), and follow a modeling 

protocol mainly designed for mountain rivers in developing countries.  

 

The framework is applied to the Lenguazaque River Basin, a 290 km2 headwater catchment in the 

Andean Fuquene Lake Watershed. Here, stakeholders are now optimizing water allocations for all 

users, given numerous issues such as severe pollution, and conflicts for the use of water for 

conservation, agriculture, and coal mining. The framework led to obtaining daily hydrological models 

with an acceptable performance, significantly better than a semi-distributed model. The performance 

of sub-daily models was however sub-optimal, yet it can be improved by enhancing the quality of sub-

daily datasets and the efficiency of computational algorithms. In addition, the framework disclosed 

pathogens, nutrients, organic matter, and several metals, including the highly toxic Cr and Pb, among 

the most significant water quality constituents. It also showed that the driest season in the catchment 

is the one with highest pollution levels (i.e., January to March). Meanwhile, the water quality model 

reproduced the concentrations of pathogens, organic matter, and most nutrients, and showed a 

predictive capacity. This capacity was measured with an objective function to be minimized based on 

a normalized Root Mean Square Error. It increased only 14% when verified with a different dataset. 

Finally, the simulation of alternative scenarios showed that centralized treatment is not sufficient to 

make water safe for potabilization and agriculture in the catchment. For this reason, improving water 

quality in the sub-basins at the highest altitudes is required. Given these results in the case study, the 

proposed framework can be useful for similar purposes in other headwater catchments with similar 

restrictions of information, and where an improved management of water availability is needed. 
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1. Introduction 

1.1 Overview of water quantity, quality, and specific concerns in mountainous 

headwater catchments 

 

Water availability relies on both the quantity and quality of water and is a major concern globally. 

These two components of water availability are seriously threatened today, and their future seems 

unpromising. Concerning quantity, events such as droughts, floods, and glacier melting already 

endanger global water supply. Meanwhile, climate change will most likely make the impacts of these 

and other related events more severe (Oki & Kanae, 2006). About quality, the use of unsafe water for 

recreation, consumption, and irrigation is now common in many places, especially in developing 

countries (Schwarzenbach et al., 2010). In addition, the amounts and diversity of pollutants released 

to water, without appropriate treatment, are expected to increase. Examples of said pollutants include 

nutrients, organic matter, pathogens, toxicants, nanomaterials, and emerging contaminants, just to 

mention a few (Hu et al., 2021; Schwarzenbach et al., 2010; Sunderland et al., 2019). Such 

unfavorable present and future confirm that addressing water quantity and quality issues is 

increasingly important and challenging.  

 

Among many issues related to water quantity, it is worth highlighting that a high proportion of 

the world’s population faces water insecurity (Vörösmarty et al., 2010). Due to the complexity of the 

issue, hydrological models have been evolving to better understand and represent different elements 

of the water cycle and to support water management (Beven, 2019; Wagener et al., 2010). At the 

catchment scale, purposes of these models include estimating relationships between rainfall and 

runoff events, predicting streamflow and floods, and assessing the impacts of a changing land and 

climate on water resources (Song et al., 2015). Besides being key for water management, these models 

are particularly appropriate for policymaking and simulation of alternative scenarios when consistent, 

solid, and well supported. Said simulations are often performed timely and inexpensively considering 

the computational capabilities of current computers (Moriasi et al., 2007).  

 

Turning to water quality concerns, it is important to point out that more than one third of the 

people in the world do not have access to safe drinking water (Schwarzenbach et al., 2010). In the 

coming decades, mega-urbanization and climate change will additionally lead to more serious 

eutrophication and algal blooms, less dissolved oxygen in water, and traditional wastewater treatment 

systems rendered insufficient (Chapra, 2019; Chapra et al., 2021). To address these issues, suggested 

strategies include engaging stakeholders to keep contaminants in closed loops and designing 

automated water quality control operations (Chapra, 2019; Schwarzenbach et al., 2010), which is 

simultaneously critical and complex. To deal with said complexity, water quality assessments and 

models play a significant role. For example, the assessment of diverse pollutants in water allows for 

decision support, designing restauration programs, and detecting hazards in river basins (Chen et al., 

2018; Mankiewicz-Boczek et al., 2008; Merlo et al., 2011). Moreover, models lead to identifying 

significant global trends, such as the interactions between riverine respiration and organic matter 

(Bertuzzo et al., 2022), as well as designing water management programs. Examples of these 
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programs include the European Water Framework (Hering et al., 2010), the Australian Bioregional 

Assessments (McIntyre et al., 2018), and several others based on the concept of Total Maximum Daily 

Loads (Elshorbagy et al., 2005; Lee et al., 2013; Martin et al., 2015).  

 

Despite the significance of the mentioned assessments and models, managing water quantity and 

quality in the mountains of developing countries remains challenging. These mountains are home to 

more than 600 million inhabitants, namely most of the people living in mountainous areas worldwide. 

In consequence, they have a generally high population density, often resulting in significant pressure 

on their water and ecosystems (Viviroli et al., 2007). Simultaneously, developing nations support their 

population with limited economies, information, and scientific capacity (Chapra, 2019; Messerli et 

al., 2004; Viviroli et al., 2007). With these limitations, and being under such demographical pressure, 

water management becomes difficult, as well as implementing said assessments and models. 

 

In headwater catchments, at the highest altitudes of mountainous territories, specific challenges 

are found. These catchments are generally under protected and poorly instrumented despite being 

abundant and key for numerous functions (Roa-García et al., 2011; Wohl, 2017). These functions 

include a significant capacity to regulate streamflows and water quality downstream, to store carbon, 

and to support ecosystems (Alexander et al., 2007; Beckman & Wohl, 2014; Kelleher et al., 2015). In 

addition, information describing water quantity and quality in these territories is scarce. For example, 

several documents report a lack of hydrological data in emerging economies, due in part to the 

reduced number of on-site gauging stations (Duque-Méndez et al., 2014; Rodríguez et al., 2020). 

Concurrently, water quality information has been reported as being insufficient even in more 

developed countries (Hobson et al., 2015). Besides such scarcity of information, several reasons make 

available data highly heterogeneous. First, hydrological data are often recorded in both digital and 

analog equipment at various resolutions (Burboa et al., 2020; Pizarro-Tapia et al., 2020). Second, 

water quality datasets normally include numerous variables (Gatica et al., 2012; Güler et al., 2002; 

Shrestha & Kazama, 2007). Third, in headwaters, the hydrologic cycle and uses of water and land are 

highly variable (Buytaert & de Bièvre, 2012; Harden, 2006). Accordingly, having a combination of 

scarce and heterogeneous information makes difficult to assess water quantity and quality, as well as 

to implement models that support better management practices. 

 

1.2 Statement of the problem 

Considering the above, this Thesis centers its attention in headwater catchments of developing 

countries. It particularly addresses several challenges found when assessing water quantity and 

quality in these territories, and when implementing predictive models for these variables. The first 

challenge is related to the assessment of datasets that are scarce and heterogeneous at the same time. 

As mentioned before, water management is difficult when being under significant demographical 

pressure, and when financial resources, scientific capacity and information are limited. If available 

datasets are additionally heterogeneous, a proper assessment of water quantity and quality requires 

designing strategies to deal with said heterogeneity and limitations of data. 
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The second challenge is associated with the implementation of hydrological and water quality 

models in the areas of interest. In said areas, certain obstacles found when using the models to 

improve management practices were previously highlighted (i.e., limited information and scientific 

capacity). Besides those obstacles, it is important to mention that, when data are scarce, it is also 

difficult to use models that are widely employed in more developed regions. For example, even when 

collecting all data needed run the well-known Soil and Water Assessment Tool (SWAT) model (J. G. 

Arnold et al., 2012), existing information is usually incomplete, rapidly outdated, and/or not 

compatible with the model’s default databases (Fernandez, 2018; Fernandez et al., 2022; Fernandez 

& Camacho, 2019). Thus, it is desirable to develop alternative modeling approaches, for the 

catchments of interest, where data requirements, complexity and accuracy are balanced. 

 

The third challenge has to do with the simulation of water quality scenarios. Usually, such 

simulations require coupling models that compute water mass balances and water quality. A few 

examples include the integrated use of several models including SWAT, the Water Quality Analysis 

Simulation Program – WASP (USEPA, 2021), HEC-HMS (US Army Corps of Engineers, 2022), CE-

QUAL-2E (Portland State University, 2022), and HSPF (USEPA, 2014). Combined in different ways, 

these models led to computing streamflows and mercury concentrations (Lin et al., 2011), water 

quantity and quality in several streams and their receiving lake (Debele et al., 2008), and estuarine 

hydrodynamics and water quality (R. A. Camacho et al., 2015). In developing countries, additional 

examples include the integration of hydrology, water quality and ecosystems in the region of Canal 

del Dique (CORMAGDALENA & UNAL, 2007; Ordoñez et al., 2015), and the coupling of water quality 

with multiple criteria to establish national sanitation priorities (Barrera et al., 2002; Diaz-Granados 

et al., 2002; Rojas, 2011). Other techniques integrating hydrological routing, solute transport and 

water quality are also available (L. A. Camacho & Lees, 1999, 2000; Lees et al., 1998), as well as 

guidelines to obtain predictive models for water quality in mountainous regions (L. A. Camacho & 

Díaz-Granados, 2003). Regardless of the numerous existing tools, simulating scenarios in headwater 

catchments of developing countries remains difficult, especially in an environment of limited data and 

without overcoming the first two challenges. 

 

In view of the previous description, the three challenges driving the development of this Thesis 

are briefly stated as follows:  

 

▪ In headwater catchments of developing countries, having scarce and heterogeneous datasets 

makes assessing water quantity and quality challenging. 

▪ In these areas, limited information makes implementing hydrological and water quality models 

demanding. 

▪ Without addressing the previous challenges, it is difficult to simulate water quality scenarios for 

purposes such as planning, management, decision support, and research. 

 

1.3 Main objectives 

To address the afore mentioned challenges, the following main objectives are pursued in this 

Thesis: 
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▪ To propose strategies to manage and assess limited yet heterogeneous datasets, of water quantity 

and quality, in headwater catchments of developing countries, 

▪ To recommend methods to implement hydrological and water quality models focusing in these 

areas with limited information, 

▪ To suggest ways that allow for the simulation of alternative water quality scenarios once the 

previous objectives are achieved. 

 

Addressing these objectives is intended to help researchers, practitioners, and decision-makers, 

given the specific concerns in the mountainous headwater catchments of interest. Particularly, this 

Thesis is expected to help researchers exploring headwater hydrology and water quality in data-scarce 

regions, as well as environmental agencies and practitioners to improve their water quantity and 

quality assessments, predictive models, and management programs. 

 

1.4 Methods 

A summary of the methods followed to achieve the main objectives is presented in Fig. 1.1. 

 

Figure 1.1 The summary of the methods 



Chapter 1: Introduction 
Water quantity and quality in headwater catchments:  

Comprehensive data assessment, modeling, and simulation of scenarios 

 

14 

 

The methods comprise 16 individual processes carried out in three stages. In the diagram, the 

processes are grouped depending on their relevance for water quantity and quality. The first stage 

focuses on several analyses that are key to assess hydrological and water quality data. Here, 

information is first collected and inventoried, and then its spatiotemporal distribution is described. 

In the case of water quality, achieving said description requires finding locations with similar 

pollution levels and the most relevant water constituents beforehand. The first stage is finalized by 

evaluating the quality, consistency, and validity of all records. Afterwards, the second stage focuses 

on different aspects in the cases of water quantity and quality. In the first case, data are prepared for 

model development by estimating baseflow, surface runoff, and water balances from hydrological 

records. In the second case, data from the previous stage are directly employed to develop the model. 

The development includes processes for model selection, characterization of river hydraulics and 

solute transport, and model implementation, calibration, and verification. In the third stage, a data-

based mechanistic and interpretable modeling framework is employed to calibrate and verify 

hydrological models. The interpretable character of this framework facilitates finding a hydrophysical 

meaning for the model, making possible to simulate alternative scenarios. In the case of quality, the 

third stage focuses on the simulation of said scenarios, which requires a previous identification of 

conflicts between uses and quality of water, followed by the simulation of a critical scenario. 

 

1.5 Study area and datasets 

The study area where the methods are examined is the Lenguazaque River Basin. Above 2500 

m.a.s.l. in the Colombian Andes, this is a 290 km2 headwater catchment of the Fuquene Lake 

Watershed. Here, datasets comprising both water quantity and quality are available. About quantity, 

the data include a combination of analog and digital records recorded at various resolutions. All 

records were collected by the local environmental agency CAR and are available for download in an 

online data repository (Fernandez, 2022a) In addition the SWAT hydrological model was previously 

calibrated for this area (see Fernandez, 2018), which serves as a baseline for the analysis of water 

quantity. About quality, available data comprise an admixture of historical information collected by 

the same agency and primary data gathered during several monitoring campaigns. To make this work 

reproducible, water quality data are also found in a repository online (Fernandez, 2022b). 

 

1.6 Main developments and results 

In the case of water quantity, the main development comprises a modeling framework that 

includes the three stages summarized previously (Group 1 in Fig. 1.1). In the last stage, a novel 

combination of data-based mechanistic modeling (Young, 1998) and baseflow separation with digital 

filters (Eckhardt, 2005) is presented. To choose models that balance simplicity, accuracy, and 

conservation of mass, the framework also employs multi-objective optimization principles. Besides, 

to find models that are useful for simulating alternative scenarios and having a hydrological meaning, 

specific criteria are introduced during the model selection process. Results obtained in the case study 

indicate that the modeling framework allows for obtaining daily resolution models with an acceptable 

performance, significantly better than a semi-distributed data-intensive alternative model. Using a 
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sub-daily resolution, the performance was sub-optimal, yet it can be improved by enhancing the 

quality of sub-daily datasets and the efficiency of computational algorithms. 

 

Concerning quality, the main development is a framework of three stages comprising the specific 

processes for water quality summarized previously (Group 2 in Fig. 1.1). This framework allows for: 

i) conducting a comprehensive assessment of water quality; ii) development of a water quality model 

based on such said assessment; and iii) the simulation of scenarios with the model to resolve conflicts 

between uses and quality of water. The framework involves multivariate analyses of principal 

components and clusters and follows a modeling protocol designed for mountainous streams in 

developing countries. Results in the study area reveal the catchment’s most significant water quality 

constituents and its most polluted season. The constituents include pathogens, nutrients, organic 

matter, and metals such as the highly toxic Cr and Pb, while pollution is the highest during the driest 

months of the year (i.e., January to March). The model reproduces well the concentrations of 

pathogens, organic matter, and most nutrients, and has a predictive capacity measured with an 

objective function based on a normalized Root Mean Square Error. This error increased only 14% 

when verified with a different dataset. In addition, the simulation of alternative scenarios shows that 

centralized treatment is not sufficient to make water safe for potabilization and agriculture in the 

catchment. For this reason, improving water quality in the sub-basins at the highest altitudes is 

required. 

 

1.7 Significance 

The main developments of this Thesis are valuable to explore hydrology and water quality in 

headwater catchments, especially in an environment of scarce information. In the case of hydrology, 

results in the study area showed the reliability and suitability of the proposed approach in a real-world 

scenario. Such approach is likely applicable to other catchments with similar physiographical 

characteristics, even outside of the Andes. This is because the methods employed are mathematically 

simple, require low computational power, low amounts of data (i.e., time series of rainfall and 

streamflow only), and have a sound hydrological meaning. Concerning water quality, the case study 

showed how the framework can lead to identifying the most polluted sites, the most relevant water 

quality constituents, and to describe yearly contamination patterns at the catchment scale. Besides, it 

showed how these analyses support the subsequent process of implementing, calibrating, and 

verifying a water quality model, as well as to employ the model to simulate alternative scenarios. The 

framework can be especially useful in developing countries, where the limited information at hand 

normally challenges water management and modeling practices. 

 

1.8 Summary of contents 

Besides this introductory chapter, the Thesis comprises five additional chapters. In Chapter 2, a 

review of the state-of-the-art and existing research gaps in the fields of hydrology and water quality 

in data scarce regions is presented. In Chapter 3, the methods summarized in the diagram of Fig. 1.1 

are described in detail. Here, the methods related to water quantity are introduced first, and then 

followed by those concerning water quality. In Chapter 4, the study area where all methods are applied 
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is described thoroughly, as well as the corresponding available datasets. Then, Chapter 5 presents the 

results obtained in said area following the same organization of Chapter 4 (i.e., water quantity 

preceding water quality). After, as the final section of the main text, Chapter 6 presents the 

conclusions and suggestions for further work, followed by the list of references. 

 

Subsequently, three appendices are included as supplementary materials. First, Appendix A 

explains the contents of the two online repositories previously mentioned (Fernandez, 2022a; 2022b). 

More precisely, it summarizes the data and codes found in said repositories with the purpose of 

making the Thesis reproducible, and to encourage further contributions. Second, Appendix B contains 

several tables summarizing water quality data related with conventional water constituents. Third, 

Appendix C contains similar tables focusing on toxic constituents. Note that the tables in the two latter 

appendices are supplementary results of the water quality section in Chapter 5. 

 

It is worth mentioning that the following peer reviewed publications are based entirely on the 

contents of this Thesis, which can be consulted for further reference: 

 

▪ Fernandez, N., Camacho, L.A., Nejadhashemi, A.P. (2022). Modeling streamflow in headwater 

catchments: a data-based mechanistic grounded framework. Journal of Hydrology: Regional 

Studies, 44, 101243. https://doi.org/10.1016/j.ejrh.2022.101243. 

▪ Fernandez, N. & Camacho L.A. (2023). Water quality modeling in headwater catchments: 

Comprehensive data assessment, model development and simulation of scenarios. Water. Under 

review (submitted on January 20th, 2023). 

 

In addition, previous work was fundamental for the conception of present research. Thus, 

interested readers can refer to the following conference proceedings and peer reviewed publications, 

which summarize said prior efforts: 

 

▪ Fernandez, N., & Camacho, L. A. (2019). Coupling hydrological and water quality models for 

assessing coal mining impacts on surface water resources. Proceedings of the 38th IAHR World 

Congress (Panama), 5145–5154. https://doi.org/10.3850/38WC092019-1700 

▪ Fernandez, N., Camacho, L. A., & McIntyre, N. (2018). Impacto de minería de carbón en corrientes 

superficiales de páramo. Proceedings of AGUA 2018: Agua, Justicia Ambiental y Paz. Cali, 

Colombia. November 13-16, 1–11. 

▪ Fernandez, N., Camacho, L. A., McIntyre, N., Huguet, C., & Pearse, J. (2018). Propuesta 

Metodológica para Modelación del Impacto de la Minería de Carbón en los Recursos Hídricos de 

Cuencas de Montaña. Proceedings of XXVIII Congreso Latinoamericano De Hidráulica, 1343–

1351. 

▪ McIntyre, N., Angarita, M., Fernandez, N., Camacho, L., Pearse, J., Huguet, C., Restrepo Baena, 

O., & Ossa-Moreno, J. (2018). A Framework for Assessing the Impacts of Mining Development on 

Regional Water Resources in Colombia. Water, 10(3), 268. https://doi.org/10.3390/w10030268 
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2. Review of the state of the art 

2.1 Introduction 

In this chapter, a review of relevant state-of-the-art to pursue the main objectives of this Thesis is 

presented. In the overview of the previous chapter, specific concerns related to water quantity and 

quality in mountainous headwater catchments of developing countries were presented. The issue of 

data scarcity was also introduced briefly. Hence, in the following sections, this chapter focuses on 

presenting specific issues related to water quantity and quality in data scarce regions. Next, several 

previous efforts to deal with such scarcity are outlined. Afterwards, several research gaps are 

summarized, considering said issues and efforts. Finally, concluding remarks are presented at the end 

of the chapter. 

 

2.2 Water quantity 

The reliability of a hydrological model at the catchment scale depends traditionally on its ability 

to represent local hydrology, especially when its purpose is to examine alternative scenarios 

(Sivapalan & Young, 2005). Two different yet not mutually exclusive techniques are commonly used 

to achieve such representation, also known as the upward and downward techniques (Ratto et al., 

2007). The two approaches are also usually referred to as the bottom-up and top-down approaches, 

respectively. While the first is predominant and focuses on building detailed models, including most 

processes occurring on smaller scales, the second centers on assembling parametrically efficient 

conceptual models from observed data and their dominant modes of response (Young, 2013). Under 

a different paradigm, a third technique based on machine and deep learning algorithms has more 

recently proven outstanding performance when reproducing observed streamflow in gauged and 

ungauged catchments (Kratzert et al., 2018, 2019; Nearing et al., 2021). Despite the benefits, these 

algorithms still have limited predictability under changing conditions, lack physical meaning in 

explaining underlying processes, and are highly dependent on the availability of good quality training 

datasets (Beven, 2020). Acknowledging most of these limitations, a novel family of models having a 

hydrological conceptual model as their backbone and embedded neural networks have been shown to 

perform as accurately as long short-term memory deep learning models. This while respecting 

physical laws and mass balances, being interpretable, and capable to predict several variables 

including streamflow, baseflow, evapotranspiration and groundwater storage (Feng et al., 2022).  

 

Despite permanent development and improvement of all mentioned approaches, implementing 

reliable hydrological models in data-scarce headwater catchments remains challenging. Under the 

upward technique, distributed physically based models demand high amounts of information and 

computational resources that, even when available in these catchments, are subject to parametric 

uncertainty and equifinality (Ala-aho et al., 2017; Kelleher et al., 2017). Concerning the downward 

technique, achieving a parsimonious description of headwater hydrology is complex, given the usual 

heterogeneity and poor characterization of these territories (Inaoka et al., 2020). Yet, significant 

efforts to achieve this type of description in headwaters have been made. Said efforts include the use 
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of groundwater data and simple models to explain headwater hydrology, and the formulation of this 

hydrograph as a plain first-order differential equation of precipitation, evapotranspiration, and water 

storage (Kirchner, 2009). In addition, conceptual models have been used with data from tracer 

experiments to understand the dominant pathways of hydrological flows in headwaters (Nauditt et 

al., 2017; Tetzlaff et al., 2011; Wenninger et al., 2008). Conversely, applications of the third technique, 

based on machine and deep learning algorithms, are still limited in these territories. A few available 

examples include the use of these algorithms to forecast the flow of intermittent streams 

(Forghanparast & Mohammadi, 2022), to map and classify water bodies (Liu et al., 2021; Șerban et 

al., 2020), and to predict the hydraulic conductivity of soil (L. C. Pinto et al., 2019). Finally, under the 

newest technique combining conceptual models and neural networks, its performance in an 

environment of scarce information remains unclear. 

 

2.3 Water quality 

Many aspects influence the chemistry of surface and groundwater such as the composition of 

rainfall, the mineralogy of soil, and the numerous sources of anthropogenic pollution (Güler et al., 

2002; Kazi et al., 2009). Thus, water quality datasets are usually heterogeneous and often require 

multivariate statistic techniques for the analysis of their variability (Güler et al., 2002). Among these 

techniques, cluster analysis (CA) and principal component analysis (PCA) are perhaps the most 

common. For example, CA and PCA have been used for classifying sites with similar water quality in 

studies conducted in Pakistan and Argentina, involving about five sampling locations and more than 

20 water quality constituents (Gatica et al., 2012; Kazi et al., 2009). In a larger study in Brazil, CA was 

employed to downsize data from 65 monitoring sites into four groups with similar levels of pollution 

and to identify likely contamination sources (C. C. Pinto et al., 2019). Involving larger datasets in 

India and Japan (>9000 observations), other studies applied CA and PCA to describe spatiotemporal 

variations of water quality, to classify sites similarly polluted, and to find the most significant water 

constituents (Shrestha & Kazama, 2007; Singh et al., 2004, 2005). Accordingly, the mentioned 

multivariate statistical analyses are useful to deal with the heterogeneity of water quality datasets, as 

well as to extract insightful information from them. 

 

Besides the functionality of these statistics, water quality models are valuable for numerous 

purposes. For instance, they have led to identifying global interactions between organic matter and 

riverine respiration (Bertuzzo et al., 2022). At the catchment scale, they have also permitted 

suggesting pollution control strategies, such as the dimensioning of wastewater treatment in 

watersheds comprising large urban areas (Holguin-Gonzalez, 2003; Rodríguez-Jeangros et al., 2018), 

and the improvement of agricultural practices in rural regions (Uribe et al., 2018). Specifically in 

highly altered catchments, the importance of simulating dynamic flows and polluting loads with these 

models has been also suggested (Santos & Camacho, 2022). These examples indicate the importance 

of models for water quality management. 

 

Said importance is explicit in several water management programs such as the European Water 

Framework Directive (EWFD), the Australian Bioregional Assessments (ABA), the Colombian Water 

Management Plans (CWMP), and several programs based on the concept of Total Maximum Daily 
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Loads (TMDL). In the first case, the EWFD has led to the funding of many projects in Europe, 

especially those related with the development of catchment models (Hering et al., 2010). In the second 

case, the ABA program employs models as key tools for quantifying the risks of new mining projects 

on water resources (McIntyre et al., 2018). In the third case, modeling water quality is a requisite 

when developing new CWMP (Minambiente, 2018). Finally, water quality models are normally the 

basis for computing TMDL in countries where this concept is utilized such as the United States, 

Canada, Japan, and Korea (Elshorbagy et al., 2005; Lee et al., 2013; Ministry of Environment, 2011). 

It is worth mentioning that the concept refers to the maximum quantity of a pollutant that can be 

discharged to a waterbody, in one day, without compromising a water quality standard (Martin et al., 

2015). 

 

Although the mentioned multivariate statistics and models have been proven useful and are of 

great importance in the field of water quality, limited evidence exists on the utility of these tools when 

information is scarce. Besides, in the same environment of limited information, it is unclear whether 

the assessment of water quality data can support the subsequent implementation of water quality 

models. In turn, when models are implemented under such constraints, guidelines showing how 

alternative scenarios should be defined for purposes like water management, decision support and 

research are still limited. Accordingly, these limitations make difficult to take advantage of the 

mentioned assessments and models in data-scarce regions, such as the headwater catchments of 

developing countries as the regions of interest of this Thesis. 

 

2.4 Specific issues and previous efforts in data-scarce regions 

Information scarcity is a key issue when managing environmental systems, especially in 

developing countries (Fadil et al., 2021). Thus, several efforts have been made to address this problem 

in the field of hydrology. For instance, to improve water management in eastern Africa, researchers 

have developed ways to use remotely sensed data to calibrate simplified distributed models against 

limited streamflow observations (Kiptala et al., 2014). In addition, other researchers have involved 

communities when collecting hydrological data to demonstrate how the monitoring and prediction of 

floods can be made affordable, as shown in the city of Dar es-Salam, Tanzania (Petersson et al., 2020). 

Further work has focused on making regionalization techniques less subjective, when having to adapt 

datasets collected on different regions to model hydrology in data-scarce catchments (Jafarzadegan 

et al., 2020). These examples show how hydrological modeling in data scarce regions is a persistent 

issue in the field. 

 

In the case of water quality, researchers have extensively reported how the models are often 

complex and require a significant number of measurements, which can be impractical in locations 

with restrictions of data and financial resources (Bui et al., 2019; Slaughter, 2017; Slaughter et al., 

2017). For this reason, certain modeling approaches pursue simplicity by keeping the number of 

simulated constituents as low as possible, such as the Water Quality Systems Assessment Model 

(WQSAM) (Slaughter, 2017). This model was shown suitable to simulate temperature, nutrients, 

salinity, and pathogen organisms in data scarce catchments in South Africa (Slaughter, 2017; 

Slaughter et al., 2017). In other territories, researchers have managed to integrate water quality 
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models with inputs from hydrological models to fill information gaps about water inflows in ungauged 

basins. This was the case in the Vietnamese Cau River basin with the SWAT and QUAL2K models (Bui 

et al., 2019). Additional efforts have focused on designing innovative ways to optimize the number of 

water quality monitoring sites needed without compromising the coverage of monitoring programs 

and available budgets (Alilou et al., 2019). As in the case of water quantity, the mentioned examples 

show the continuous need for contributions to the field of water quality in data-scarce regions. 

 

2.5 Summary of research gaps 

According to the aforementioned, several research gaps exist in the fields of water quantity and 

quality, specifically where information is limited. These gaps can be summarized as follows. When 

developing hydrological models, 1) the upward or bottom-up modeling approach requires high 

amounts of information and is subject to uncertainty and equifinality issues; 2) data heterogeneity 

and poor characterization of headwater catchments restricts the possibility of using the downward or 

top-down approach; and 3) in an environment of scarce information, it is difficult to employ models 

proven as highly accurate when trained with large and high-quality datasets. Besides, in the field of 

water quality, 1) the utility of multivariate statistics to conduct comprehensive assessments in regions 

where information is limited remains unclear; 2) in the same environment, the value of such 

assessment for supporting the development of water quality models has not been estimated; and 3) it 

is still not clear how alternative scenarios should be defined to conduct model simulations for 

purposes such as planning, management, decision support, and research. It is important to note that 

these gaps are consistent with the problem and challenges identified for headwater catchments in 

developing countries in the previous chapter. In addition, the numerous efforts made to deal with 

data scarcity, as outlined before, evidence the continuous need for innovative solutions in these 

regions. 

 

2.6 Conclusion 

In this chapter, specific issues related to water quantity and quality in data scarce regions were 

presented. In addition, several previous efforts to deal with such scarcity were outlined. These issues 

allowed for the identification of several research gaps, which were in line with the challenges and 

objectives of this Thesis. Accordingly, the following chapters focus on overcoming said objectives 

through presenting materials and methods of the proposed framework in detail, introducing the study 

area and available datasets, as well as presenting the results obtained with the framework. 
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3. Materials and methods 

3.1 Introduction 

The main purpose of this chapter is to present in detail the methods employed to achieve the 

objectives of this Thesis. Observe that the objectives are related to the management of information, 

the implementation of models, and the simulation of scenarios, in the cases of water quantity and 

quality (see Section 1.3). For this reason, the methods concerning water quantity are presented in the 

next section, preceding one more section focusing on water quality. In addition, as previously 

outlined, the methods are part of a framework comprising three stages with individual processes for 

water quantity and quality (see Figure 1.1). Hence, the two subsequent sections explain the specific 

processes carried out in the three stages, preceded by a brief overview of the framework for water 

quantity and quality. Finally, concluding remarks are stated at the end of the chapter. 

 

3.2 Water quantity 

The overview of the framework of three stages for water quantity is presented in Figure 3.1. In 

summary, it comprises three main stages and seven activities to address scarcity and heterogeneity of 

information when developing hydrological models in headwater catchments. The first stage focuses 

on identifying monitoring stations operated by local stakeholders, obtaining daily and sub-daily 

rainfall and streamflow time series from these stations, and performing preliminary assessments on 

the data. It is important to note that the coexistence of digital and hardcopy hydrological records 

implies careful digitization, as the quality of paper charts limits the final resolution for sub-daily 

values. Nevertheless, such efforts aim to build an understanding of hydrology in the catchment of 

interest and to obtain time series that are complete, coherent, and of good quality. The second stage 

focuses on preparing information for modeling. This preparation includes separating streamflow into 

baseflow and surface runoff and using recession constants and digital filters to estimate the water 

balance in the catchment. This balance is expressed in terms of the water entering (e.g., precipitation) 

and leaving (e.g., baseflow, surface runoff, evapotranspiration, percolation) the system. The water 

balance and time series obtained during the first two stages support the subsequent model 

development and interpretation stage. The final stage uses the DBM approach and multi-objective 

optimization principles, which will be further discussed in the next sections. 

 

3.2.1 Stage I: Information Analyses 

3.2.1.1 Information Inventory 

Generally, in developing countries, the location of hydrological gauging stations can be 

identified in local environmental agencies' bulletins. Datasets from these stations are either 

obtained through formal requests or directly downloaded from agencies' websites in some cases. 

Digital time series are easier to utilize, while hardcopy records and charts usually need to be 

requested, scanned, and digitized. Depending on the number of charts and their quality, 

digitization can be done either manually or assisted by software packages to improve efficiency 
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(Fuentes et al., 2018; Rohatgi, 2020; Sušin & Peer, 2018). In any case, professional judgment is 

essential to select an appropriate tool to secure adequate translation of pluviographs and 

hydrographs into digital time series and define a reliable time step. When necessary, computing 

streamflow from water level measurements can be done with rating curves or hydraulic models, 

depending on data availability. Finally, it is important to build an indexed information inventory 

to simplify data management and analysis. 

 

Figure 3.1 The summary of the proposed framework. 

3.2.1.2 Spatiotemporal distribution 

The distribution of rainfall and streamflow data in time and space can be described in boxplots 

and maps of the catchment of interest, respectively. Specifically, boxplots nicely display annual 

rainfall and streamflow regimes that are important for understanding catchment hydrology. 
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Turning to the maps, they are useful to illustrate locations of all rainfall and streamflow gauges in 

the region of interest, and their areas of influence. For precipitation, its spatial distribution is 

determined with the isohyetal method, given its relative simplicity and capability to represent 

rainfall variability in mountainous areas (Anderson, 2002). Regarding streamflow, a Digital 

Elevation Model (DEM) is employed to compute drainage areas for each station (e.g., NASA & 

METI, 2012). Boxplots, isohyets, and drainage areas are well known in hydrology (e.g., Chow et 

al., 1988; Shaw et al., 2010) and can be generated using both proprietary and open-source 

software packages (e.g., Matlab, ArcGIS, Python, R, QGIS). 

 

3.2.1.3 Assessment of data quality, consistency, and validity 

Quality, consistency, and validity of the information can be assessed considering the previous 

spatiotemporal distribution, along with percentages of missing data, and well-known techniques 

in hydrology. These techniques include computing and assessing mass and double mass curves, 

widely described in related literature (e.g., Searcy & Hardison, 1960; Shaw et al., 2010; Tukey, 

1977). Additional metrics may be considered depending on the complexity of the case, which are 

also described in several references (e.g., Kottegoda, 1980; Machiwal & Jha, 2012). Then, 

statistical tools are employed to identify and remove potential outliers from time series, which are 

replaced following traditional procedures in hydrology. A full description of these tools and 

procedures can be found in several sources as well (e.g., Chow et al., 1988; Kottegoda & Rosso, 

2008; Shaw et al., 2010). Here, coherent mass and double mass curves and a low percentage of 

missing values were considered as validation criteria. Then, potential outliers were identified with 

the following statistical tests: Z-Scores, modified Z-Scores, Boxplot, Adjusted Boxplot, Grubbs, 

Kimber, Generalized ESD Procedure, and Moving Window Filtering Algorithm, included in 

several software packages (e.g., R, Stata, Python, Matlab). When five or more of these tests 

detected a record as a potential outlier, its value was compared with neighboring stations to 

confirm that it was anomalous. Note that some tests (e.g., Z-Scores, Grubbs) only apply to 

normally distributed data, which made it necessary to transform series with different distributions 

to comply with this constraint. When confirmed, anomalies were removed from the time series 

and treated as missing records. In the case of precipitation, missing values were replaced after 

evaluating a condition defined as (Chow et al., 1988), 

 

0.9𝑃𝑖𝐴 ≤ 𝑃𝑥𝐴 ≤ 1.1𝑃𝑖𝐴         (3.1) 

 

where, PxA and PiA represent mean annual precipitation measured in station x (i.e., where the 

record is missing) and i, respectively. When the condition of Eq. (3.1) was met for all values of i 

(i.e., for all other stations) and concurrent period, replacement values were computed as the 

arithmetic mean (Chow et al., 1988), 

 

𝑃𝑥 =
1

𝑛
∑ 𝑃𝑖

𝑛
𝑖=1           (3.2) 
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where, Px is the substitute value, Pi is the record at station i, and n is the number of sites with 

available information. On the contrary, precipitation was calculated with the normal ratio method 

(Chow et al., 1988) as, 

 

𝑃𝑥 =  
1

𝑛
∑ (

𝑃𝑥𝐴

𝑃𝑖𝐴
𝑃𝑖)𝑛

𝑖=1          (3.3) 

 

Concerning streamflow data, unique consecutive missing values were replaced with the 

average of the previous and following records at the same station. Meanwhile, longer gaps were 

filled based on correlations with nearby stations on the same stream (Kottegoda, 1980; Machiwal 

& Jha, 2012; Shaw et al., 2010). 

 

3.2.2 Stage II: Data Preparation 

3.2.2.1 Estimation of baseflow and surface runoff 

Streamflow time series are separated into their surface runoff and baseflow components using 

a digital filter, expressed as (Eckhardt, 2005; Nejadhashemi et al., 2004), 

𝑏𝑘 = 𝑅𝑏𝑘−1 +
1−𝑅

2
(𝑠𝑘 + 𝑠𝑘−1) ,      (3.4) 

where, sk represents streamflow observed in discrete time k, sk-1 is streamflow observed one 

unit of time before, k-1, and bk and bk-1 represent baseflow in the same discrete times. In this 

expression, the value of bk is restricted as less or equal than sk, and R is the streamflow recession 

constant defined as (Nathan & McMahon, 1990), 

𝑅 = 𝑒−𝛽 =  (
𝑄𝑡

𝑄0
)

1

𝑡
,        (3.5) 

where, β is constant, t is time, Q0 is the magnitude of an initial peak discharge recorded at a 

given location, and Qt represents the recession of such discharge at time t. Given the structure of 

Eq. (2), Qt is an exponential function of time. Thus, β and R can be estimated with regression of 

an exponential model. Please note that such regressions are included in several software packages 

(e.g., Excel, Matlab, R). When data are available for a set of streamflow peaks and recessions 

recorded at a streamflow gauge, the regression is performed on a master recession curve built with 

this set. Here, the curve is specifically constructed following the matching strip method (Nathan 

& McMahon, 1990).  

 

Once R is known, baseflow bk is computed with the digital filter, and surface runoff rk is 

estimated as the difference between sk and bk. It is important to highlight that, although other 

approaches such as the Kalman filter and neural networks are also available to separate 

streamflow components, this filter is selected since it has been shown capable of reproducing 

baseflow measurements in several catchments, as well as results obtained with traditional 

graphical methods (Arnold & Allen, 1999). It is also suitable when the information is limited 

because it only requires streamflow observations.  
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3.2.2.2 Estimation of water balances 

Considering previous definitions and pk as precipitation entering the catchment in discrete 

time k, a mass balance leads to the following fractions as simple estimates of water quantities in a 

headwater catchment, 

𝐹1 =
∑ 𝑠𝑘

𝑛
𝑘=1

∑ 𝑝𝑘
𝑛
𝑘=1

= 1 − 𝐹2 ,        (3.6) 

𝐹2 =
∑ 𝑒𝑡𝑘+𝑝𝑒𝑟𝑘

𝑛
𝑘=1

∑ 𝑝𝑘
𝑛
𝑘=1

= 1 − 𝐹1 ,       (3.7) 

𝐹3 =
∑ 𝑏𝑘

𝑛
𝑘=1

∑ 𝑠𝑘
𝑛
𝑘=1

 = 1 − 𝐹4 ,        (3.8) 

𝐹4 =
∑ 𝑟𝑘

𝑛
𝑘=1

∑ 𝑠𝑘
𝑛
𝑘=1

 = 1 − 𝐹3 ,        (3.9) 

where, F1 and F2 are fractions of input rainfall leaving the catchment through streamflow and 

other hydrological mechanisms (e.g., percolation and evapotranspiration), and F3 and F4 represent 

the portions of streamflow draining as baseflow and surface runoff. Additionally, n is the length of 

the time series, and sk, pk, bk, rk, etk and perk represent streamflow, precipitation, baseflow, surface 

runoff, evapotranspiration, and percolation at discrete time k, respectively. Please note that all 

these terms are required in the same units. Thus, when needed, unit conversions use the catchment 

area, as commonly done in hydrology. 

 

3.2.3 Stage III: Model Development 

3.2.3.1 Description of the modeling framework 

Under a DBM approach, surface runoff can be modeled as Single Input Single Output (SISO) 

or Multiple Input Single Output (MISO) transfer functions described as follows (L. A. Camacho et 

al., 2002; McIntyre et al., 2011; Young, 2005), 

𝑟𝑘 =
𝐵(𝑧−𝑖)

𝐴(𝑧−𝑖)
𝑐𝑘𝑝𝑘−∆ ,        (3.10) 

𝑟𝑘 =
𝐵1(𝑧−𝑖)

𝐴(𝑧−𝑖)
𝑐𝑘𝑝𝑘1−∆1

+ ⋯ +
𝐵𝑗(𝑧−𝑖)

𝐴(𝑧−𝑖)
𝑐𝑘𝑝𝑘𝑗−∆𝑗

 ,     (3.11) 

where, rk represents surface runoff in the outlet of the catchment at discrete time k, 𝑝𝑘−∆ 

represents a unique input of precipitation at time k - ∆, and terms 𝑝𝑘1−∆1
 to 𝑝𝑘𝑗−∆𝑗

 describe 

multiple rainfall inputs at time kj - ∆j. Complementarily, ∆ and ∆j are discrete-time delays 

respectively from the single and multiple rainfall inputs to the outlet of the catchment, j is an 

integer identifier for each of these multiple inputs, ck is a factor accounting for a possible nonlinear 

response of the model, and A, B, and Bj are polynomials defined as (Young, 2005), 

𝐴(𝑧−𝑖) = 1 + 𝑎1𝑧−1 + ⋯ + 𝑎𝑛𝑧−𝑛 ,      (3.12) 
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𝐵(𝑧−𝑖) = 𝑏0 + 𝑏1𝑧−1 + 𝑏2𝑧−2 + ⋯ + 𝑏𝑚𝑧−𝑚 ,    (3.13) 

𝐵𝑗(𝑧−𝑖) = 𝑏𝑗0 + 𝑏𝑗1𝑧−1 + 𝑏𝑗2𝑧−2 + ⋯ + 𝑏𝑗𝑙𝑗
𝑧−𝑙𝑗 ,    (3.14) 

where, n, m and lj are the orders of the polynomials; 𝑎1 …  𝑎𝑛, 𝑏0 …  𝑏𝑚, and 𝑏𝑗0 …  𝑏𝑗𝑙𝑗
 are their 

characteristic constants, and rk is as previously specified. Here, z-i is the backward shift operator 

defined as (Young, 2005), 

𝑧−𝑖𝑟𝑘 = 𝑟𝑘−𝑖 ,         (3.15) 

where, i is the discrete lag of the runoff time series.  

 

Based on these definitions, models for surface runoff can be developed from data collected at 

single or multiple precipitation gauges by finding appropriate values for ck, n, m, lj, ∆, ∆1 … ∆j, 

𝑎1 …  𝑎𝑛, 𝑏0 …  𝑏𝑚, and 𝑏𝑗0 …  𝑏𝑗𝑙𝑗
.. Such values should lead the models to reproduce observations of 

surface runoff leaving the catchment. In the case of ck, Table 3.1 shows seven possible alternatives 

to consider a possible nonlinear response of the catchment. Thus, finding the best alternative 

requires identifying an alternative that leads to the best results. For the remaining values, they 

can be determined with Instrumental Variable Algorithms designed explicitly for this purpose, 

such as those included in the rivid and getpar functions of the Captain Toolbox (C. Taylor et al., 

2007, 2018). 

Table 3.1 Alternative values of ck to account for a nonlinear response of the catchment 

No 
Value 
of ck 

Description of the value 

1 1 Linear approach: The catchment behaves as a linear system 

2 bk Bilinear approach 1: Baseflow as a surrogate measure of the catchment storage 

3 rk Bilinear approach 2: Surface runoff as a surrogate measure of the catchment storage 

4 sk Bilinear approach 3: Streamflow as a surrogate measure of the catchment storage (Young, 1992, 2005) 

5 sk
β Bilinear approach 4: Exponential streamflow as a surrogate measure of the catchment storage (Young, 2005) 

6 API Antecedent Precipitation Index as a measure of the catchment storage (Young & Beven, 1994)  

7 SMI Soil Moisture Index as a measure of the catchment storage (Young & Beven, 1994) 

 

Once all values are determined, Eq. (3.4) can be combined with Eq. (3.10) and Eq. (3.11) to 

describe the general equations for the SISO and MISO models as follows, noting that streamflow 

(sk) comprises baseflow (bk) and surface runoff (rk) components, 

𝑠𝑘 = 𝑅𝑏𝑘−1 +
1−𝑅

2
(𝑠𝑘 + 𝑠𝑘−1) +

𝐵(𝑧−𝑖)

𝐴(𝑧−𝑖)
𝑐𝑘𝑝𝑘−∆,    (3.16) 

𝑠𝑘 = 𝑅𝑏𝑘−1 +
1−𝑅

2
(𝑠𝑘 + 𝑠𝑘−1) +

𝐵1(𝑧−𝑖)

𝐴(𝑧−𝑖)
𝑐𝑘𝑝𝑘1−∆1

+ ⋯ +
𝐵𝑗(𝑧−𝑖)

𝐴(𝑧−𝑖)
𝑐𝑘𝑝𝑘𝑗−∆𝑗

 (3.17) 

where, the multiple rainfall inputs 𝑝𝑘1
 to 𝑝𝑘𝑗

 come from the complete time series obtained in 

previous stages for j available gauging stations. Meanwhile, the unique rainfall input 𝑝𝑘 is 

computed as a weighted average of these series, using the areas of influence of each gauging station 
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as weighting factors. These areas are extracted from isohyet maps, also obtained before, using the 

line with the closest value to the average rainfall between neighbor stations as a division to 

compute such area. 

 

3.2.3.2 Model calibration, validation, and hydrological interpretation 

Under the proposed framework, the process designed to calibrate, validate, and interpret the 

modeling results hydrologically is described in Fig. 3.2. As shown in the diagram, complete time 

series, streamflow components and water balance results are employed with Isohyetal Areas to 

compute the Single Input of precipitation as the weighted average described before. Note that 

inputs of the diagram come from Stages I and II, previously detailed in Fig. 3.1. Then, for daily 

and sub-daily time steps, calibration and validation periods are divided evenly. Calibration 

continues by establishing search ranges for n, m, and ∆ for SISO models, and for n, lj, and ∆j for 

MISO. In both cases, integer values between 1 and 5 can be used for the orders of the polynomials 

(n, m, and lj). Meanwhile, the ranges for the delays (∆ and ∆j) should encompass typical values of 

time, in discrete units, that water takes to travel from available rainfall gauges to the outlet of the 

catchment. Finally, it is also necessary to define the possible values of ck to be considered as 

alternatives, in which they can represent a possible nonlinear response of the catchment. These 

alternatives can be selected as a sub-set of those presented in Table 3.1. 

 

Figure 3.2 Model development flowchart 
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For all these values of ck, the rivid function of the Captain Toolbox (C. Taylor et al., 2007, 

2018) is employed to identify suitable models for all combinations within the search range. Then, 

the getpar function is used to extract and store their corresponding parameter values (i.e., 

𝑎1 …  𝑎𝑛, 𝑏0 …  𝑏𝑚, and 𝑏𝑗0 …  𝑏𝑗𝑙𝑗
). Note that sub-daily time series are orders of magnitude larger 

than datasets and therefore present data processing challenges. For instance, longer computing 

times when running the rivid and getpar functions are required, and the ∆ and ∆j delay ranges 

comprise more values in this resolution. Thus, the number of possible combinations to search for 

potential models is exponentially higher and requires long computing times or the use of high-

performance computing clusters which can be cost-prohibitive. As a result, sub-daily calibration 

datasets enter an additional process in the diagram, where individual rainfall-runoff events are 

selected. Chosen manually in this case, the length of these events brings the size of the datasets 

closer to those with the daily time step. 

 

After running the rivid and getpar functions, a set of candidate models comprising all 

combinations in the search range is obtained. This means that the values of 𝑎1 …  𝑎𝑛 and 𝑏0 …  𝑏𝑚 

are found for all combinations of n, m, and ∆ in the case of SISO models, while magnitudes of 

𝑎1 …  𝑎𝑛 and  𝑏𝑗0 …  𝑏𝑗𝑙𝑗
 are identified for all n, lj, and ∆j in the case of MISO. Please note that the 

expressions describing these models (i.e., Eqs. 3.12, 3.13, and 3.14) can have a maximum of five 

terms, given the search ranges suggested before. Among all candidate models, the best in each 

category (i.e., SISO and MISO) is selected from those being accurate and parametrically efficient 

while preserving the mass of water. Here, these desirable model attributes are measured with the 

Young Identification Criterion (YIC), Nash Sutcliffe Efficiency (NSE), and Percent Bias (PBIAS), 

which are widely defined and applied in hydrology (Moriasi et al., 2007; Young & Beven, 1994). 

Viewed as a multi-objective optimization problem, the Pareto front contains the set of models 

performing better under these three metrics. Thus, this set is computed from the three metrics of 

all candidate models with the algorithm included in the Monte Carlo Analysis Toolbox (Wagener 

& Kollat, 2007). Note that other multi-objective optimization tools are also suitable for this 

purpose. Then, all models in the set having imaginary roots in polynomial 𝐴(𝑧−𝑖) in Eq. (3.12) are 

discarded. This is because avoiding such roots allows decomposing the models into several 

interconnected first-order transfer functions, facilitating their interpretation (Young, 1992). From 

the remaining models, the best is selected as the one with the highest Score defined as, 

𝑆𝑐𝑜𝑟𝑒 = [𝑁𝑆𝐸 + (1 − 𝑒𝑌𝐼𝐶) + (1 − 𝑎𝑏𝑠(𝑃𝐵𝐼𝐴𝑆/100))] 3⁄  ,   (3.18) 

where NSE, YIC and PBIAS are as previously stated, and abs is the absolute value function. 

Please note that the Score is a simple average where YIC and PBIAS are transformed to be 

comparable with NSE. Thus, the Score of a model approaches one when it preserves water 

volumes while being accurate and parametrically efficient. Also, note that the NSE and PBIAS only 

measure accuracy and mass conservation, respectively, while the YIC balances accuracy and 

parametric efficiency at the same time. For this reason, the Score gives more weight to the 

accuracy of the best model, compared to its parametric efficiency and mass conservation. 
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Once the structure and parameters of the model are calibrated by making this choice, 

validation is performed following the sampling split method (Klemes, 1986). Specifically, the best 

models are used to simulate the catchment response to precipitation inputs in the validation 

dataset. Under these new conditions, model performance is evaluated again based on its ability to 

reproduce streamflow observations. This time, only the NSE and PBIAS are employed since the 

structures and parameters of the model do not change. Thus, its parametric efficiency does not 

change either. Finally, calibration and validation datasets are switched, and the calibration 

process is repeated. When similar values for both parameters and performance metrics are 

obtained after this iteration, the model can be generally considered acceptable (Klemes, 1986). 

 

Having a validated model, it is subsequently interpreted in terms of its first-order transfer 

function components. As mentioned before, avoiding imaginary roots in the polynomial 𝐴(𝑧−𝑖) 

facilitates decomposing models initially having up to five terms, in Eqs. (3.12), (3.13), and (3.14), 

into these individual components. Particularly, mathematical operations, such as partial fraction 

expansion, allow this type of decomposition (Young, 1992). Once decomposed, the best models 

are written in terms of their components, each having a characteristic time delay, steady-state 

gain, and residence time. For first-order functions, such delay is given by the value of i in z-i, while 

the steady-state gain SSG and a residence time Tr are computed as (Young et al., 1996), 

𝑆𝑆𝐺 = 𝑏 (1 + 𝑎1)⁄  ,        (3.19) 

𝑇𝑟 = −1 𝑙𝑛(−𝑎1)⁄  ,        (3.20) 

where, where, a1 and b are the first-order constants of the polynomials described in Eqs. 

(3.12), (3.13), and (3.14). Accordingly, each component is interpreted as a reservoir with a 

residence time Tr receiving an input of precipitation. The output of this reservoir is connected to 

a linear channel with a delay defined by the value of i in z-i. In addition, the SSG is related to the 

catchment area through the volumes of water entering and leaving the system. Such volumes are 

estimated with the previous analysis made with Eqs. (3.6) – (3.9). It is important to highlight that 

discarding models with imaginary roots in 𝐴(𝑧−𝑖) and separating baseflow beforehand are key 

stages to simplify the interpretation process. This is because separating high-order transfer 

functions into first-order components guarantees that values for SSG, and Tr can be computed 

and interpreted. In addition, having baseflow as a separate component makes these functions 

describe the surface runoff component only. This is especially convenient when interpreting the 

individual responses of the catchment to each of the multiple precipitation inputs in the MISO 

model. 

 

3.3 Water quality 

The proposed framework is presented this section. Specifically, a summary of the three stages and 

proposed activities is summarized in Table 3.2. Then, details to carry out all activities are provided in 

the following sub-sections.  
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Table 3.2 Framework of stages and activities. 

Stages Activities 

Stage I: Information Analysis 

Collection of information 

Definition of sites with similar water quality 

Definition of relevant water quality constituents 

Spatiotemporal distribution of water quality 

Analysis of information quality, consistency, and validity 

Stage II: Development of a water quality model  

Model selection 

Characterization of river hydraulics and solute transport 

Water quality model implementation, calibration, and 
verification 

Stage III: Simulation of scenarios 

Identification of potential conflicts 

Simulation of critical scenario 

Simulation of alternative water quality scenarios (e.g., 
sanitation, treatment infrastructure and climate change) 

 

3.3.1 Stage I: Information Analysis 

3.3.1.1 Collection of information 

In this stage, digital elevation models (DEM) and geographical information are collected first. 

While DEM can be found in several products based on satellite imagery (e.g., ALOS, 2022; NASA 

& METI, 2012; USGS, 2022), cartography is usually available from local geographical institutes 

and authorities. The DEM and cartography are then employed to delineate the catchment of 

interest and to display it on a map. Several software packages include appropriate tools for this 

purpose (e.g., ArcGIS, QGIS, python, R). Afterwards, historical water quality records available in 

the study area are requested from local stakeholders and environmental agencies. Since these 

records are not generally collected for modeling purposes, additional primary information should 

be collected following appropriate sampling protocols (e.g., Camacho & Díaz-Granados, 2003; 

Hobson et al., 2015). Samples of sediments are also included since they interact with the water 

column and potentially adsorb pollutants (González-Martínez et al., 2019). Further details on the 

collection of primary water quality data are discussed in subsequent sections. Once all samples 

are collected, laboratory analyses are conducted following standard methods (Baird et al., 2017), 

and all results are carefully stored and analyzed. Using a database structure designed for water 

resources (e.g., Engineering & EPA, 2020) can simplify the storage, management, and analysis of 

both primary and secondary data. 

 

3.3.1.2 Definition of sites with similar water quality 

After gathering all data, univariate statistics are computed for every water quality constituent, 

at each location with available records. These statistics include mean, range, standard deviation, 

and number of non-detected values, since they provide meaningful insights on regional pollution 

levels (Kazi et al., 2009; C. C. Pinto et al., 2019). Then, multivariate statistics are employed to 

establish clusters of sites with similar water quality. For this purpose, records are normalized with 

the z-scores method, and a hierarchical agglomerative cluster analysis (CA) is performed. In this 

study, the similarity and number of clusters are determined using Euclidean distance and Ward’s 

method, respectively. Several documents of related literature contain more details to perform CA 



Chapter 3: Materials & methods 
Water quantity and quality in headwater catchments:  

Comprehensive data assessment, modeling, and simulation of scenarios 

 

31 

 

on water quality data (e.g., Shrestha & Kazama, 2007; Singh et al., 2004, 2005). Finally, sites 

where water quality is similar are classified using the dendrogram resulting from CA, often aided 

by professional judgement and field observations. These multivariate statistics simplify 

subsequent analyses, since data collected at multiple sites is summarized in several groups with 

similar characteristics.  

 

3.3.1.3 Definition of relevant water quality constituents 

Multivariate statistics are also employed to determine relevant water quality constituents in 

the catchment of interest. To this end, records are first separated into conventional constituents 

and toxicants. Next, for each group, records are normalized and a PCA is performed. From this 

analysis, the resulting principal components (PC) and coefficients show how much of the dataset 

variance is explained by each water quality determinand. Duly, constituents in the first 

components and with greater coefficients are considered more relevant, as they contribute more 

to the total variance. Please note that PCA for water quality is also detailed in several references 

(e.g., Shrestha & Kazama, 2007; Singh et al., 2004, 2005), and that multivariate statistics are 

included in several proprietary and open-source software packages (e.g., Matlab, Stata, R, 

Python). 

 

3.3.1.4 Spatiotemporal distribution of water quality 

The distribution of water quality in space and time is described using boxplots and maps of 

the catchment of interest. About spatial distribution, previously identified clusters are displayed 

on these maps, while concentrations of all relevant constituents are summarized in boxplots. 

Using clusters to group observed concentrations is convenient, since information from many sites 

is downsized to a few groups with similar characteristics. In terms of temporal distribution, yearly 

pollution regimes are displayed in boxplots as well. In these plots, the different hydrological 

seasons in the study area (e.g., typical rainy and dry seasons) are employed to group water quality 

data. Grouping data in this manner allows for the interpretation of yearly pollution regimes 

keeping consistency with local hydrology. Once the maps and plots are built, they are used to 

assess the most polluted locations, analyze yearly contamination patterns, as well as possible 

contamination sources. 

 

3.3.1.5 Analysis of information quality, consistency, and validity 

Previous analyses provide significant insights on strengths and limitations of datasets, and 

therefore on their quality, consistency, and validity. Having several years of records of wet and dry 

seasons is ideal, since finding larger datasets is not common where information is scarce. In this 

project, missing records are replaced only when needed for developing models, given that this is 

the purpose of present research. Specifically, substitute values are computed based on correlations 

or chemical equations relating the missing value with other water quality determinands and 

discharge records from the same sample (Güler et al., 2002). It is worth mentioning that it is also 

possible to use statistical load analysis to compute these values (USGS, 2013). Yet, this alternative 

could be limited if datasets are not large enough to complete such an analysis. 
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3.3.2 Stage II: Development of a water quality model 

Developing a mountain river water quality model requires an appropriate modeling protocol 

(e.g., Engel et al., 2007; Shanahan et al., 1998). In present research, a specific protocol designed 

mainly for mountainous rivers in developing countries is followed (L. A. Camacho & Díaz-

Granados, 2003). During Stage I, the initial field inspection and preliminary research activities 

suggested in this protocol are covered. For this reason, the following subsections describe the 

subsequent activities of the protocol, focusing on headwater catchments (i.e., model selection, 

definition of modeling reaches, model calibration and verification). 

 

3.3.2.1 Model selection 

Having generally small creeks and streams, headwater river networks can usually be modeled 

as one dimensional. For this purpose, using an existing model is a practical choice instead of 

programming a suited solution because verifying the code of a new program requires significant 

time and resources. Accordingly, two existing models are considered for the selection process: 

QUAL2Kw (Pelletier et al., 2006) and WASP (Wool et al., 2020). These models are offered free of 

charge (Washington Department of Ecology, 2021; USEPA, 2021), have been widely applied 

(Kannel et al., 2007; Lin et al., 2011; Vieira et al., 2013), and can simulate depletion of dissolved 

oxygen in polluted systems. On top of that, the models calculate sediment water interactions 

endogenously, as well as all processes involving aquatic plants and other conventional 

determinands. This is especially important in developing countries where streams can reach 

anoxic conditions (Kannel et al., 2007; Lin et al., 2011; Vieira et al., 2013), and in mountainous 

streams where aquatic plants play a major role in nutrient uptake and photosynthetizing oxygen 

(Medina, 2009). In particular, the QUAL2Kw model is useful for simulating conventional water 

quality determinands mainly under steady state, whereas WASP can be used to model these 

determinands and toxicants under steady and dynamic conditions. In this Thesis, only 

conventional determinands are addressed; therefore, all water quality models are implemented 

using QUAL2Kw. 

 

3.3.2.2 Characterization of river hydraulics and solute transport 

The river reaches being modeled are first selected from previous analyses, specifically from 

the streams located in the catchment where data is available. Afterwards, the reaches are divided 

into segments using hydrological and topographical nodes (Jimenez et al., 2019). Each segment 

is geomorphologically classified using a decision tree that requires values of slope and areas in the 

catchment as sole inputs (Flores et al., 2006). These values are easily extracted from the 

information collected in Stage I. Based on the segmentation, hydraulic characteristics are 

computed for each segment, which is often challenging in mountainous rivers because of their 

varied geomorphology and the different sizes of riverbed materials. As a consequence, several 

equations are available to describe the hydraulics of these streams, being the formulations of 

Manning, Chezy, and Darcy-Weisbach perhaps the most common (Thome & Zevenbergen, 1985). 

Several variations of these equations have been developed specifically for mountain streams such 

as (Bathurst, 1985; Jarrett, 1984), 
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𝑄 = 𝑉𝐴 = 3.81𝐴𝑅0.83𝑆0.12 ,        (3.21) 

(
8

𝑓
)

1 2⁄
= 5.62𝑙𝑜𝑔 (

𝐻

𝐷84
) + 4 ,        (3.22) 

where Q is flow, V is the average cross-section velocity of water, A is the area of said section, R 

is the hydraulic radius, S is the friction slope, f is the Darcy-Weisbach friction factor, H is the mean 

depth of water, and D84 refers to the 84% quantile of the size of bed materials. Mountain river 

hydraulics can additionally be described in terms of power functions of flow, depth, and velocity 

as (Leopold & Maddock, 1953), 

𝐻 = 𝑎𝑄𝑏 ;  𝑉 = 𝛼𝑄𝛽 ,          (3.23) 

where a, α, b and β are the coefficients and exponents of the power functions. The coefficients 

of these equations can be obtained at a reach scale using data of tracer experiments conducted 

under various flows (L. A. Camacho & González, 2008; Vanegas, 2019). 

 

In QUAL2kw, the hydraulics of each segment are described with these functions or using 

Manning’s equation as (Manning, 1891), 

𝑄 = 𝑉𝐴 =
1

𝑛
𝐴𝑅2 3⁄ 𝑆1 2⁄ ,         (3.24) 

where n is the Manning’s roughness coefficient, and the other terms are as already mentioned. 

Accordingly, values of the parameters of Eqs. 3.23 and 3.24 are computed for each segment and 

loaded into the model, depending on the information available at each site. If alternatives such as 

Eqs. 3.21 and 3.22 are suitable to describe river hydraulics in any location, regressions, and curve 

fitting tools (e.g., Matlab, Excel, Python, R) are employed to transform said alternatives to the 

form of Eqs. 3.23 and 3.24. The transformation is also possible using equivalences between 

Manning, Chezy and Darcy-Weisbach equations stated as (Thome & Zevenbergen, 1985), 

(
8

𝑓
)

1 2⁄
=

𝐶

𝑔1 2⁄ =
𝑅1 6⁄

𝑛𝑔1 2⁄ ,          (3.25) 

where C is the Chezy roughness coefficient, and g is the acceleration due to gravity. 

 

After defining hydraulic characteristics of all segments, solute transport is described in terms 

of dispersion coefficients (D) as required in QUAL2kw. Preferably, D is calibrated from data 

collected during tracer experiments as a parameter of the advection dispersion (ADE) equation 

(G. I. Taylor, 1954). Simultaneously, it is necessary to calibrate the river’s cross-sectional area (A) 

as a second effective parameter of said equation. This requisite comes from the always nonuniform 

cross-sections found in mountain streams, which makes it impossible to accurately estimate A at 

a reach scale. The Generalized Likelihood Uncertainty Estimation (GLUE) method (Beven & 

Binley, 1992) included in the Solute Transport Software (Niño & L. A. Camacho, 2004) allows for 

the calibration of both D and A based on data from tracer experiments (L. A. Camacho & González, 

2008). 
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In the absence of tracer information, D can be estimated from synthetic tracer experiments 

based on the equivalences between ADE and the Aggregated Dead Zone (ADZ) model (Beer & 

Young, 1983). The ADZ model is suggested here because it has been shown to describe solute 

transport in mountain rivers adequately (L. A. Camacho & Gonzalez, 2008), and the equivalences 

have been explored in several documents (L. A. Camacho & Gonzalez, 2008; Hernandez-Suarez & 

Camacho, 2014; Lees et al., 2000). The parameters of the ADZ model are related to water velocities 

as (Hernandez-Suarez & Camacho, 2014; Lees et al., 2000), 

𝐷𝐹 =
𝑇𝑟

𝑡̅
= 1 −

𝜏

𝑡̅
= 1 −

𝑉

𝑉𝑚𝑎𝑥
,        (3.26) 

where DF, Tr, 𝑡̅ and τ represent said parameters, while V and Vmax individually refer to average 

and maximum water velocities. Conceptually, DF is defined as the solute’s dispersive fraction, Tr 

is the ADZ residence time, 𝑡̅ is the solute’s mean travel time, and τ is the solute’s advective delay. 

Meanwhile, velocities V and Vmax can be measured with a flow meter following a cross-section flow 

gauging procedure (Vanegas, 2019). For this reason, it is possible to estimate DF with Eq. (3.26), 

based solely on values of V and Vmax, when flow gauging data are available. If this is the case, the 

synthetic tracer experiments are conducted by introducing the DF estimates in the ADZ model to 

simulate the transport of instantaneous tracer injections in the streams being modeled. The 

simulation leads to obtaining synthetic pollutographs downstream, which are then used to 

calibrate D and A. The GLUE method and Solute Transport software allow for such calibration as 

mentioned before, this time with synthetic tracer data. For river reaches identified as step-pool 

units during morphological classification, alternative equations are available to estimate DF in the 

absence of flow gauging data. Said equations require measurements of river morphology such as 

bankfull width, pool length, step height, and distance between steps (Jiménez & Wohl, 2013). 

 

Once D and hydraulic characteristics are known for all streams, the Peclet and Courant 

numbers are computed to determine appropriate segment lengths and time steps for numerical 

simulations. Details on the calculation of these numbers to determine such lengths and time steps 

are reported in the literature (Daus et al., 1985). It is important to highlight that knowing the 

hydraulics and solute transport of the streams of interest is key for planning the collection of 

primary water quality information. Explicitly, it allows for scheduling the collection of samples 

following the mass of water downstream under the Lagrangian sampling approach, as required by 

some water quality modeling protocols (L. A. Camacho & Díaz-Granados, 2003; Hobson et al., 

2015). 

 

3.3.2.3 Model implementation, calibration, and validation 

To implement a model in the catchment of interest, all river reaches are loaded into the 

model’s user interface, as well as their hydraulic and solute transport characteristics. Afterwards, 

the relevant state variables and parameters of the model to be calibrated are specified. A summary 

of these variables and parameters for conventional constituents in QUAL2kw is presented in Table 

3.3. Next, typical value ranges for all parameters are obtained from relevant literature. Observe 

that organic pollutant assimilation, pathogen death or bacterial loss, nitrification, uptake of 
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nutrients and reareation rates can have specific values in mountainous rivers, as mentioned in the 

review of the state-of-the-art (Chapter 2). For this reason, Table 3.3 presents a summary of these 

values for rivers in general (Cope et al., 2019), and an outline of typical magnitudes found in 

mountainous streams (Arenas-Faura, 2004; L. A. Camacho et al., 2007; Cañon, 2005; Mateus, 

2011; Medina, 2009; Robles, 2005; Sanchez, 2017; Torres, 2009). 

 

Subsequently, calibration and verification datasets are separated using the primary data 

previously collected during different monitoring campaigns. Here, at least one or two monitoring 

campaigns are used for calibration and one more for verification. In addition, an objective 

function (OF) to measure model performance is specified. One based on the Root Mean Square 

Error (RMSE) is, 

𝑂𝐹 =
1

𝑛
∑

1

𝑁𝑖
𝑅𝑀𝑆𝐸𝑖

𝑛
𝑖=1  ,        (3.27) 

where, n is the number of state variables in the model, i is an integer identifier for each of these 

variables, and Ni is a normalization factor for state variable i. For each of these variables, RMSEi 

is the root mean square error defined as (Moriasi et al., 2007), 

𝑅𝑀𝑆𝐸𝑖 = √∑ (𝑌𝑗
𝑜𝑏𝑠 − 𝑌𝑗

𝑠𝑖𝑚)
2𝑚

𝑗=1  ,      (3.28) 

where m is the number of observations available for variable i, j is an integer identifier for each 

of these sites, and 𝑌𝑗
𝑜𝑏𝑠 and 𝑌𝑗

𝑠𝑖𝑚 are its corresponding observed and simulated values. Meanwhile, 

the normalization factor Ni in Eq. 3.27 is defined as, 

𝑁𝑖 =
1

2
(

1

𝑚
∑ 𝑌𝑗

𝑜𝑏𝑠 +
1

𝑚
∑ 𝑌𝑗

𝑠𝑖𝑚𝑚
𝑗=1

𝑚
𝑗=1 ) ,     (3.29) 

where all terms are as defined previously. The purpose of normalization is giving all state 

variables comparable weights in the objective function OF. It is important to highlight that other 

performance metrics can be used to define said function, such as Nash Sutcliffe Efficiency (NSE). 

The RMSE is employed here because it avoids a possible underestimation of model fitness when 

having a limited number of observations. 

 

After preparing the objective function, the QUAL2Kw model is run with boundary conditions 

taken from the calibration dataset. For calibration, parameters are initially adjusted manually to 

improve model performance as much as possible. Specifically, parameters are varied in the ranges 

previously obtained from the literature. The PIKAIA genetic algorithm included in QUAL2Kw 

(Charbonneau, 1995) is then employed to finish calibration automatically (Pelletier et al., 2006). 

Once calibrated with one or two data sets, namely low and high flow conditions, the model is run 

with data collected from a different campaign, namely the verification dataset. The strengths, 

limitations, and predictive capacity of the model are finally evaluated based on its performance 

with this different dataset, measured with the same objective function OF. If data collected during 
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several monitoring campaigns are available, it is recommended to use campaigns representative 

of the lowest and highest flow conditions for calibration, and those related with intermediate flows 

for verification (EAAB & Universidad Nacional de Colombia, 2010). 

Table 3.3 State variables and parameters for QUAL2Kw. 

Constituent 

Group 
State Variables* Parameters 

General  

Ref. values 

(Cope et al., 2019) 

Median (Min, Max) 

Mountain rivers 

Ref. values 

Median (Min, Max) Ref 
Units 

Solids 

Inorganic suspended solids (ISS) Settling rate (vss) 0.61 (0, 1.9) 0.38 (0.01,3.00) 1 m day-1 

Organic solids: Detritus (Det) 
Dissolution rate (kdt) 0.63 (0.001, 5) 0.22 (0.01, 1.97) 1 day-1 

Settling rate (vdt) 0.5 (0, 4.8) 0.62 (0.10, 0.95) 2 m day-1 

Organic  

matter & 

Pathogens 

Slow CBOD (CBODS) 
Hydrolysis rate (khc) 0.82 (0, 4) 0.52 (0.01, 3.00) 2 day-1 

Oxidation rate (kdcs) 0.2 (0, 5) - day-1 

Fast CBOD (CBODF) Oxidation rate (kdc) 2.5 (0.02, 4.3) 0.39 (0.10, 39.05) 3 day-1 

Total Coliforms (TC) 
Decay rate (kpath) - 0.55 (0.48, 0.66) 4 day-1 

Settling rate (vpath) - 1.50 (0.32, 3.89) 4 m day-1 

Nutrients 

Organic Nitrogen (Norg) 
Hydrolysis rate (khn) 0.2 (0.001, 4.3) 0.47 (0.01, 3.36) 5 day-1 

Settling rate (von) 0.11 (0, 1.8) 1.05 (0.27, 2.16) 6 m day-1 

Ammonium (NH4
+) Nitrification rate (kn) 2.5 (0.01, 10) 0.74 (0.15, 9.00) 5 day-1 

Nitrates (NO3
-) Denitrification rate (kdn) 1 (0, 1.9) 0.21 (0.00, 0.68) 7 day-1 

Organic Phosphorous (Porg) 
Hydrolysis rate (khp) 0.43 (0.001, 4.2) 0.73 (0.01, 4.00) 1 day-1 

Settling rate (vop) 0.1 (0.003, 1.8) 1.09 (0.18, 4.95) 6 m day-1 

Inorganic Phosphorous (Pinorg) Settling rate (vip) 0.9 (0, 2) 0.99 (0.31, 4.57) 6 m day-1 

Plants & 

algae 

Phytoplankton (Phyto) 

Max. Growth rate (kga) 2.5 (0.2, 4.1) - day-1 

Respiration rate (krea) 0.1 (0.015, 0.7) - day-1 

Death rate (kdea) 0.05 (0, 0.59) - day-1 

Settling rate (va) 0.15 (0, 2) - m day-1 

Bottom plants (BotP) 

Max. Growth rate (kgaF) 15 (1.3, 100) - gDm-2day-1 

Basal Resp. rate (krea1F) 0.2 (0.007, 1.2) - day-1 

Photo Resp. rate (krea2F) 0.6 (0.3, 0.6) - - 

Excretion rate (kexaF) 0.05 (0, 0.1) - day-1 

Death rate (kdeaF) 0.05 (0, 0.59) - day-1 

Subsistence N (Nbmin) 7.4 (7.2, 72) - mg/gD 

Subsistence P (Pbmin) 2.9 (1, 10) - mg/gD 

Max. uptake N (Nupmax) 364 (100, 720) - mg/gD/day 

Max. uptake P (Pupmax) 100 (50, 200) - mg/gD/day 

Half sat N (kNratio) 2.2 (0.9, 9) - - 

Half sat P (kPratio) 1.4 (0.09, 4.6) - - 
* In mountain rivers, the Tsivoglou-Neal equation is recommended to account for reareation of dissolved oxygen in the 

model (Gelvez, 2008; Holguin-Gonzalez, 2003). 1 (Arenas Faura, 2004; Medina, 2009). 2 (Medina, 2009). 3 (Arenas Faura, 
2004; Cañon, 2005; Medina, 2009). 4 (Sanchez, 2017; Torres, 2009). 5 (Arenas Faura, 2004; Medina, 2009; Robles, 2005). 

6 (Navas, 2016). 7 (Arenas Faura, 2004; Robles, 2005) 

 
3.3.3 Stage III: Simulation of Scenarios 

3.3.3.1 Identification of potential conflicts 

The simulation of alternative scenarios with the model requires first identifying potential 

conflicts between water quality and uses of water in the catchment (L. A. Camacho & Díaz-

Granados, 2003). To this end, information about these uses and their corresponding water quality 

standards are obtained from local regulations. Next, water quality data available at all clusters of 
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monitoring sites are compared against these standards. When such standards are not met in a 

particular cluster, a potential conflict exists in the sites that it comprises. It is worth mentioning 

that placing water uses and clusters of monitoring sites on a map of the catchment facilitates such 

comparison. In the clusters where conflicts are found, the values that are farthest from complying 

with each water quality standard are reported. The magnitude of these values provides a 

comparative estimate of the relevance of each conflict. For simplicity, these magnitudes are 

referred to here as critical values. Finally, conflicts are analyzed in view of these values, as well as 

considering the location of water uses and clusters. 

 

3.3.3.2 Simulation of critical scenario 

Once conflicts are analyzed, a scenario describing the most polluted condition in the 

catchment is defined. This definition is based on the yearly pollution regimes previously outlined 

in Stage I. These regimes allow for the establishment of the season when this condition occurs. 

When this season is identified, values of streamflow and concentration representing it are 

computed. In the case of streamflow, representative values follow design conditions for steady 

flows defined as (Martin & McCutcheon, 1999), 

𝑆 = 𝑋𝑄𝑇 ,          (3.30) 

where, S is the value of streamflow, X is an averaging period in days, Q is flow, and T is the 

return interval in years. Accordingly, in the critical scenario, S is equivalent to the X-day average 

flow expected to occur every T years (e.g., 7Q10 and 4Q3). In the case of concentration, 

characteristic values are obtained from maximum and minimum historical water quality 

observations. Maximum values describe the most polluted condition for most water constituents, 

while minimum amounts are employed for dissolved oxygen, alkalinity, and pH, for example. 

When values of flow and concentration are established for all boundaries and discharges in the 

model, it is employed to simulate the response of the catchment to these critical conditions, and 

results are analyzed in view of the previously identified conflicts. 

 

3.3.3.3 Simulation of alternative scenarios 

Here, two alternative scenarios are simulated and evaluated. These alternatives consider the 

critical scenario as a baseline and aim to solve existing conflicts between uses and quality of water. 

These scenarios center either on conventional water quality determinands or toxicants, consistent 

with the implemented model. The first alternative comprises of the addition of wastewater 

treatment to the main sources of conventional pollutants in the critical scenario. To simulate such 

an addition, typical efficiencies of wastewater treatment are obtained from related literature (e.g., 

Rodriguez-Miranda et al., 2015). Then, these efficiencies are employed to compute the reduction 

of polluting loads entering the streams of the catchment. Based on these reductions, 

concentrations of the critical scenario are modified, and the model is run to complete the 

simulation. If the resulting concentrations do not solve all found conflicts, the second alternative 

takes place. Such an alternative centers on finding the additional measures needed to solve these 

conflicts. Particularly, these measures are described in terms of the reduction of polluting loads 
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needed to comply with water quality standards. To achieve said description, these loads are 

gradually reduced until reaching the standards, and the impact of the reduction is evaluated with 

the model. It is important to highlight that the model can also be employed to simulate other 

alternative scenarios such as changes in climate and land use (Gomez, 2022; Solano-Guzmán, 

2016). 

 

3.4 Conclusion 

In summary, this chapter presents detailed methods to carry out the proposed framework of three 

stages contemplated for water quantity and quality. In the case of quantity, the framework allows for 

a comprehensive assessment of data, a rigorous preparation of this information for modeling, and for 

the obtention of models that are hydrologically meaningful and mathematically simple. It is important 

to mention that only precipitation and streamflow records are required to execute the activities 

proposed in the framework. Thus, it is convenient to estimate water balances and to simulate 

scenarios in regions where other hydrological variables may not be measured. In the case of quality, 

the framework focuses on evaluating water quality, implementing predictive models supported on 

said evaluation, and resolving conflicts between uses and quality of water with the aid of the models. 

Since the framework considers the use of primary and secondary data, it allows for the planning of 

monitoring campaigns with the specific purpose of predictive modeling, as well as taking advantage 

of all historical data available. 
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4. Description of the study area and available datasets 

4.1 Introduction 

In the previous chapter, all methods to carry out the three stages of the proposed framework were 

described in detail for both water quantity and quality. Thus, in this chapter, the study area where 

these methods are employed is presented, namely the Lenguazaque River Basin. To this end, the next 

section shows the location of the area in Colombia and South America, summarizes several of its 

geological and physiographical characteristics, and explains some of the current issues found in the 

area and its surrounding region. Afterwards, the datasets containing information on water quantity 

and quality, and employed for the development of this Thesis, are described in an independent 

section. The chapter ends with several concluding remarks. 

 

4.2 Description of the case study 

The Lenguazaque River Basin is a headwater catchment located in South America’s northern 

Andes in the region of Cundinamarca, Colombia (Fig. 3.3). The catchment elevation is over 2600 

m.a.s.l. and it lies specifically on the country’s eastern cordillera, in an area of 290 km2 consisting of 

cretaceous and tertiary rock, and a combination of lacustrine, fluvioglacial, colluvial and alluvial 

deposits (Bogotá-A et al., 2011; CAR & Corpoboyaca, 2017). About 60% of this area is used for 

agriculture, nearly 20% is occupied by forests and native vegetation of paramo, and coal extraction 

takes place underground (Fernandez, 2018). With a mean slope of 22% and a time of concentration 

estimated at 2.5 hours in local studies, the average discharge is around 1.4 m3s-1. Concerning the 

catchment climate, its average temperature is 13.5 °C, and its annual average precipitation and 

evapotranspiration are estimated as 900 mm and 500 mm, respectively (CAR & Corpoboyaca, 2017).  

 

The area of interest is also a headwater of the larger Fuquene Lake Watershed (1750 km2), a hot 

spot of freshwater biodiversity supplying water to more than 500,000 citizens, where several issues 

have been documented. Examples include severe pollution, loss of water volume in the receiving lake, 

and replacement of paramo vegetation for other crops (Fernandez, Camacho, & McIntyre, 2018; 

Rubiano et al., 2006; Valderrama et al., 2018). In response to these issues and the release of multiple 

pollutants and toxicants (Fernandez, Camacho, & McIntyre, 2018; Martínez-Nieto et al., 2014; Vélez 

et al., 2003), stakeholders plan to make significant investments in water management, wastewater 

treatment and law enforcement. Although they expect to make a substantial recovery of soil, 

ecosystems, and water quality by 2027 (Bogotá-A et al., 2011; CAR & Corpoboyaca, 2017), it is unclear 

if their investments will lead to such a recovery. The Lenguazaque River Basin represents this region 

well since it exemplifies these issues. The basin comprises the largest area of paramo, essential for 

regional water supply and storage, now with significant portions of vegetation either replaced or 

affected by agricultural and mining activities. Additionally, domestic and mining wastewaters are 

discharged without appropriate treatment (Fernandez et al., 2018; McIntyre et al., 2018). Note that 

these characteristics can be found in other headwaters of the same region (Rubiano et al., 2006). Thus, 

it is possible to anticipate that choosing the present case study could facilitate future analyses of these 
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other headwater catchments. Given this background, the case study is well suited to fulfill the 

objectives of this study. In addition, the community could benefit from better decisions supported by 

comprehensive assessments and models. 

 

Figure 4.1 Location of the case study 

In the same area, the SWAT model was previously calibrated for reproducing monthly streamflows 

between 2003 and 2015. With this model, performance values of 0.56 and -0.001 were obtained for 

the NSE and PBIAS metrics, respectively. This is the baseline scenario for the hydrological part of the 

present study. The SWAT model spatial inputs included elevation, slope, land use, and soil type. Based 

on these inputs, the catchment was divided into eight sub-basins and about 1200 Hydrologic 

Response Units (HRUs). The high number of HRUs responds to the unique combinations of the slope, 

land uses, and soil types in this area. Meanwhile, the model considered daily precipitation, 

temperature, relative humidity, solar radiation, and wind speed as hydrometeorological inputs. 

Accordingly, the model was set up to simulate monthly streamflow in station S6 as a response to these 

inputs. SWAT simulates flow by routing water entering the catchment through two mechanisms 

(Arnold et al., 2012a, 2012b). First, water reaching the main channel of each sub-basin is computed 

from a water balance for each HRU. Second, water in the channels is routed through the river network 

using either the variable storage or the Muskingum method. Under this semi-distributed scheme, 

monthly streamflows were calibrated at station S6 using the SUFI-2 algorithm in SWAT-CUP 

(Abbaspour, 2015), a calibration and sensitivity analysis tool for SWAT. Such calibration involved 33 

parameters identified in the literature (Creech et al., 2015; Francesconi et al., 2016). Among them, 

only a few were found sensitive in the study area, such as the hydraulic conductivity of soil (SOL_K) 

and the aquifer percolation coefficient (RCHRG_DP). The first three years of the simulation were 

considered a warm-up period since the initial water contents in the catchment were unknown. More 

details on the results of this model and the calibration process are available in previous studies 

(Fernandez, 2018; Fernandez and Camacho, 2019).  
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4.3 Description of available datasets 

The local environmental agency CAR (acronym for Corporacion Autonoma de Cundinamarca) 

collects hydrological and water quality information in the study area. They own, operate, and maintain 

many hydrometeorological stations in the department of Cundinamarca that can be freely consulted 

online (CAR, 2020). Monthly data can be directly downloaded from the website, while daily and sub-

daily information needs to be requested from the same platform. When requested, daily data is usually 

provided in digital format, while historical sub-daily records are only available as hardcopy paper 

charts in most cases. An example of these charts as photographed for the present project is shown in 

Fig. 4.2. It is important to note that some recently acquired equipment record sub-daily data digitally. 

Yet, paper charts still contain significant amounts of historical hydrological information in the region. 

The agency also collects water quality records in the area of interest. Here, they perform monitoring 

campaigns once or twice a year as part of two monitoring programs. The first focuses on measuring 

water quality in the Fuquene Lake watershed, while the second focuses on the Ubate River Basin. 

Reports resulting from these monitoring efforts cannot be downloaded directly from the website, yet 

they can be requested free of charge as in the case of daily and sub-daily hydrological records. 

 

Figure 4.2 Photograph of hardcopy paper pluviographs 

According to the above, all secondary information used in this Thesis was requested to the CAR 

agency. For water quantity, daily information contains digital reports between 2009 and 2018. 

Meanwhile, sub-daily records were gathered in 175 pictures like Fig. 4.2, containing about 572 

pluviograph charts and measurements of water level between 2016 and 2018. Sub-daily streamflow 

was only available digitally for one recently installed gauging station. Turning to water quality, the 

agency provided 17 reports containing records of many water quality determinands between 2013 

and 2019. Accordingly, for this project, all this information was carefully gathered and organized, 
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following the recommendations made in the previous chapter (see Section 3.2.1.1 for water quantity 

and 3.3.1.1 for water quality). 

In the case of water quality, secondary records are not usually collected for modeling purposes. 

For this reason, three monitoring campaigns were conducted to collect primary information 

specifically for this purpose (October 2017, October 2019, and March 2020). During these campaigns, 

it was possible to observe many of the environmental issues previously summarized, as reported in 

the literature. Figs. 4.3-4.5 provide evidence of these issues as observed in the field, with the purpose 

of giving the reader additional context of the study area. 

Considering the above, a more detailed description of all primary and secondary records employed 

in this Thesis is found in the next chapter, when presenting the results of the first stage of the proposed 

framework (see collection and inventory of information Figure 1.1). In addition, to encourage 

interested readers to replicate this study and make further contributions in the future, two data 

repositories were built (Fernandez, 2022a; 2022b). In general, these repositories contain the datasets 

of the study area used in this Thesis, as well as the resulting models and computer codes. A more 

specific description of the contents of the two repositories is presented in Appendix A. 

 

Figure 4.3 Eutrophication and coking operations in the study area 
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Figure 4.4 Evidence of land use changes in paramo protected areas 

 

 

Figure 4.5 Coexistence of agriculture and coal mining industries 
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a) b) 

Figure 4.6 Untreated discharges to the Lenguazaque River: a) Domestic wastewater; b) Industrial wastewater 

  
a) b) 

Figure 4.7 Impacts on Paramo vegetation: a) Agriculture; b) Coal mining 

 

4.4 Conclusion 

In this chapter, the Lenguazaque River Basin was introduced as study area to test the methods 

previously described in Chapter 3. This area was placed on a map including Colombia and South 

America to allow the reader to locate it in the continent. The catchment was delineated on top of a 

Digital Elevation Model displayed as shaded relief to show the mountainous environment of the area. 

In addition, coal mining titles and protected areas of Paramo were drawn to show how they overlap 

and make some of the issues reported in the literature visible. Complementarily, the sources of 

primary and secondary data were presented along with examples of how this information was 

obtained. Collecting primary information was additionally valuable to have information ready for 

modeling and to evidence most of the environmental issues widely documented in the literature. That 

being said, the contents of this chapter are expected to provide the reader additional context on the 

region where the proposed framework was applied. 
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5. Results and discussion 

5.1 Introduction 

In the previous chapters 3 and 4, the methods and study area employed in this Thesis were 

described thoroughly. Hence, in this chapter, the results obtained with such methods in the 

mentioned area are presented and discussed. Following the same structure of chapter 3, results 

related to water quantity are presented and discussed in the next section. Later, the results concerning 

water quality are shown and discussed in an individual section. Each of these sections is divided into 

three subsections being consistent with the three stages of the proposed framework for water quality 

and quantity (see Figure 1.1). This is also consistent with the order followed when presenting the 

methods of the framework in chapter 3. As in the previous chapters, concluding remarks are presented 

at the end. 

 

5.2 Water quantity 

5.2.1 Stage I: Information Analyses 

5.2.1.1 Information Inventory 

Relevant hydrometeorological stations are presented in Fig. 5.1, currently operated by the 

Environmental Agency in the area of interest (CAR, 2020). Complementarily, a summary of the 

information available at these stations is provided in Table 5.1. 

 

Figure 5.1 Location of hydrological stations 

As shown, rainfall and streamflow gauges are scattered across the basin, and daily time series 

are significantly more continuous than those in sub-daily resolution. Specifically, the daily records 
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comprise ten years of information with generally small percentages of missing values, while sub-

daily data are limited to three years recorded in fewer sites and with longer gaps. It is worth 

mentioning that almost 17% of daily streamflow data missing for station S2 is mainly due to a long 

gap with no recordings from January to June 2009. Yet, this percentage decreases below 1% 

afterward. Finally, it is important to acknowledge the role of the Environmental Agency CAR, 

which was the source of all original datasets in the case study. While daily time series were 

provided as digital formats, most sub-daily records are available as hardcopy paper charts that 

need to be scanned and digitized. Only a few stations recently installed store data digitally and 

automatically, such as S6 in the case study recording discharge at ten-minute intervals. 

Table 5.1 Summary of available information for relevant hydrometeorological stations 

Feature 
Hydrometeorological Station 

S1 S2 S3 S4 S5 S6 S7 S8 

Station 
Location 

Name Carrizal Triángulo Esperanza Tapias Puente Boquerón Espino Balsa 

Longitude [°] -73.77 -73.62 -73.66 -73.72 -73.67 -73.7 -73.73 -73.76 

Latitude [°] 5.2 5.3 5.28 5.29 5.37 5.33 5.33 5.32 

Elevation [m] 2885 2854 2805 2602 2587 2588 2570 2572 

Daily time 
series 

Rainfall missing data [%] 1.82 0.89 - - 0.61 - 1.07 - 

Streamflow missing data [%] - 16.95 2.74 1.3 - 3.34 - 3.37 

Length [days] 3,468 3,468 3,468 3,468 3,468 3,468 3,468 3,468 

Initial and end dates January 1st 2009 – June 30th 2018 

Sub-daily 
time series 

Rainfall missing data [%] 2.69 - - - 10.33 - 1.42 - 

Streamflow missing data [%] - - - - - 24.98 - 25.31 

Length [units] 52,609 - - - 52,609 157,825 52,609 157,825 

Timestep [min] 30 - - - 30 10 30 10 

Initial and end dates January 1st 2016 – December 31st 2018 

 

5.2.1.2 Spatiotemporal distribution of rainfall and streamflow 

Resulting maps and boxplots are shown in Figs. 5.2 and 5.3, respectively. 

 

Figure 5.2 Spatial distribution of a) daily rainfall records; b) sub-daily rainfall records; c) daily & sub-daily 
streamflow records 

The boxplots reveal bimodal rainfall and streamflow regimes with wet periods around April 

and November and dry periods between December to February and June to September. Daily 

diagrams show this trend more clearly since they comprise more continuous time series, although 
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most sub-daily plots also show the bimodal trends even when comprising sparser data. This is not 

the case for station S8 where high-resolution records are inconsistently steady and thus not 

appropriate for model development. Turning to spatial distribution, isohyets presented in the 

maps show that daily precipitation gauges cover most sub-basins well. At the same time, the 

drainage area of the Tibita River is not represented sub-daily with the same precision (Fig. 5.2a, 

5.2b). Complementarily, daily streamflow data comprise most streams and drainage areas, while 

sub-daily values are limited to the larger areas represented by stations S6 and S8 (Fig. 5.2c, Table 

5.1). 

 

Figure 5.3 Temporal distribution of rainfall and streamflow in stations a) S1; b) S2; c) S5; d) S7; e) S2; f) S3; 
g) S4; h) S6; i) S8 

5.2.1.3 Assessment of data quality, consistency, and validity 

Mass and double mass curves are displayed in Figs. 5.4 and 5.5, respectively. Daily, cumulative 

rainfall reveals S5 as the site receiving more precipitation, followed by S2 and S1 with comparable 

volumes and S7 with the lowest amounts. These curves show significant rainfall changes between 

2009 and 2012, and more linear trends afterward (Fig. 5.4a), which is consistent with most 

cumulative streamflow plots (Fig. 5.4b). Note that the latter exhibit data discrepancies at S8 since 

2015, which is due to hydraulic adjustments performed then, rendering subsequent records 

invalid. Complementarily, linear trends observed for stations S1 and S7 in double mass curves 

indicate their rainfall records are generally consistent, while some slope shifts in stations S2 and 

S5 indicate possible inconsistencies, especially before 2013 when cumulative precipitation lies 

below 3000 mm (Fig 5.5a). Concerning sub-daily data, cumulative rainfall matches daily trends 

closely at S1, while values at S5 and S7 are significantly lower (Fig. 5.4a). Similarly, cumulative 
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streamflow resembles daily values at S6, except when data are missing, yet records are completely 

different at S8 (Fig. 5.4b). Slope changes in double mass curves also suggest rainfall series’ 

incongruence, especially at S7. In summary, daily data are more consistent and of better quality, 

while limitations of sub-daily information restrict the reliability of models developed at this higher 

resolution. 

 

Figure 5.4 Mass curves for a) cumulative rainfall; b) cumulative streamflow 

 

Figure 5.5 Double mass curves for a) daily precipitation; b) sub-daily precipitation 

Results of Eqs. (3.1), (3.2), and (3.3) are presented in Table 5.2. Note that the eight statistical 

tests applied to identify potential outliers were Z-Scores, modified Z-Scores, Boxplot, Adjusted 

Boxplot, Grubbs, Kimber, Generalized ESD Procedure, and Moving Window Filtering Algorithm. 
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As shown in the table, Eq. (3.3) computed most missing rainfall values, except for daily records at 

station S1, where Eq. (3.2) was found to be appropriate. 

Table 5.2 Evaluation of condition in Eq. (3.1) 

Data Group Station 
PiA 

[mm] 
0.9 PiA 

[mm] 
1.1 PiA 
[mm] 

Compliance 
of Eq. (3.1) 

Used 
equation 

Daily 
Precipitation 

S1 825.1 742.6 907.6 Yes Eq. (3.2) 
S2 881.3 793.1 969.4 No Eq. (3.3) 
S5 893.7 804.4 983.1 No Eq. (3.3) 
S7 751.8 676.6 827 No Eq. (3.3) 

Sub-daily 
Precipitation 

S1 730.6 657.5 803.7 No Eq. (3.3) 
S5 533.7 480.36 587.1 No Eq. (3.3) 
S7 443.91 399.5 488.3 No Eq. (3.3) 

  

After managing outliers and missing data for all stations, the resulting from complete time 

series are displayed in Fig. 5.6. The plots show that precipitation data are generally continuous in 

both resolutions, while streamflow series are restricted, especially with sub-daily data (Fig. 5.6f-

g). This means it is possible to develop models for any drainage area with a daily time step, yet 

higher resolution models are limited to the region draining at S6. Therefore, modeling efforts 

center in this region, allowing subsequent model comparison in both resolutions. Fig. 5.7 shows 

the complete time series for this drainage area and is thus considered for modeling. It is important 

to mention that the period of daily analysis starts in 2013, despite having data since 2009, because 

more stationary conditions occur since then as shown in the mass curves (Fig. 5.4). Such 

stationarity facilitates hydrological modeling at this point and lays the groundwork for subsequent 

modeling of non-stationary conditions in the future. 

 

Figure 5.6 Complete rainfall & streamflow time series. Daily records in stations a) S2; b) S3; c) S4; d) S6; e) 
S8. Sub-daily records in stations f) S6; g) S8 
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Figure 5.7 Complete rainfall & streamflow time series in station S6: a) Daily records; b) sub-daily records 

 

5.2.2 Stage II: Data preparation 

5.2.2.1 Estimation of baseflow and Surface runoff 

Master recession curves and recession constants computed from observations at S6 are 

presented in Fig. 5.8. As shown, recessions adjust well to Eq. (3.5) when these constants are 0.971 

and 0.993 for daily and sub-daily models, respectively. These values are thus the basis for 

computing baseflow and surface runoff with Eq. (3.4), although more comprehensive ranges are 

provided for possible sensitivity and uncertainty analyses, as well as comparison with field 

measurements. 

 

5.2.2.2 Estimation of water balances 

Results of the water balance are summarized in Table 5.3. As presented, daily data indicate 

almost 30% of input precipitation leaves the drainage area of S2 as streamflow, while this value is 

about 20% for S3, and between 12 and 15% for S4 and S6. This means that small and steep areas 

in the upper catchment have higher streamflow and less water leaving through percolation and 

evapotranspiration, in proportion to their size, compared to larger areas in the lower catchment. 

The higher streamflow is likely due to lower population, pastures, and economic activities within 

the smaller sub-catchments. Specifically, at S6, where modeling was performed, the balance 

indicates that 65% of the water leaving as streamflow is related to baseflow, and the remaining 

portion is surface runoff. Note that sub-daily data indicate these values are 80% and 20%, 
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respectively, although these estimates are subject to more limited and less reliable data, as 

previously mentioned. 

Table 5.3 Water balance estimates 

Data Station 
Period 
[Dates] 

Rainfall Streamflow Baseflow Runoff 
Fractions  

(Eqs. 3.6 – 3.9) 

Total 
[mm] 

Mean  
[mm/year] 

Total 
[mm] 

Mean  
[mm/year] 

Total 
[mm] 

Mean  
[mm/year] 

Total 
[mm] 

Mean  
[mm/year] 

F1 [%] F2 [%] F3 [%] F4 [%] 

Daily S2 Jan-13 to 
Jun-18 

4711 857 1348 245 - - - - 29 71 - - 

S3 Jan-13 to 
Jun-18 

4742 862 1036 188 - - - - 22 78 - - 

S4 Jan-13 to 
Jun-18 

4364 794 552 100 - - - - 13 87 - - 

S6 Jan-13 to 
Jun-18 

4264 775 626 114 407 74 219 40 15 85 65 35 

S8 Jan-13 to 
Dec-14 

1544 772 160 80 - - - - 10 90 - - 

Sub-
daily 

S6 Apr-16 to 
Apr-17 

783 - 152 - 123 - 29 - 19 81 81 19 

 

 
Figure 5.8 Master recession curves in station S6: a) Daily data; b) sub-daily data 

 
 

5.2.3 Stage III: Model Development 

Results of the SWAT model calibrated between 2003 and 2015 for the same area are presented 

in Fig. 5.9. These results show measurements of observed streamflow aggregated monthly 

compared to SWAT model outcomes and their performance metrics. As mentioned in the 

description of the study area (see Section 4.2), this is the baseline scenario for the present 

hydrological study. Further details on the results of this model and the calibration process are 
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available in the previous studies originating these results (Fernandez, 2018; Fernandez and 

Camacho, 2019). 

 
Figure 5.9 Results of calibrated SWAT model 

 
5.2.3.1 Daily resolution 

Results obtained with the best SISO and MISO models are displayed in Fig. 5.10, and their 

corresponding structures, parameters, and performance are summarized in Table 5.4. It is 

important to note that only the first four values of ck in Table 5.4 were tested as possible 

alternatives to consider a nonlinear response. As shown graphically, the response of both models 

is practically equivalent, yet performance metrics suggest that the SISO is a slightly better 

predictor. During calibration, the scores for both models are similar; however, individual metrics 

indicate the SISO is more parametrically efficient, while the MISO is a better estimator of observed 

data and water volumes. This is because the SISO has a lower YIC, a metric indicating good fitness 

and parsimonious parametrization when highly negative. In contrast, the MISO has a higher NSE 

and a PBIAS closer to zero. Nevertheless, the SISO outperformed the MISO during validation, as 

its NSE and PBIAS were better while keeping a simple structure. In addition, both models were 

significantly more accurate than the SWAT baseline when results were aggregated monthly. 

Finally, note that similar structures, parameters, and performance metrics were found when 

calibration and validation datasets were switched, indicating that the implemented models are 

acceptable (see Table 5.5). 

 

From these results and Eqs. (3.16) and (3.17), the best SISO model and the surface runoff 

component of the best MISO model can be respectively written as,  

𝑠𝑘 = 0.97𝑏𝑘−1 +
1−0.97

2
(𝑠𝑘 + 𝑠𝑘−1) +

0.05

1−0.6𝑧−1 
𝑠𝑘𝑝𝑘,      (5.1) 

𝑟𝑘 =
0.014+0.018𝑧−1

1−0.5𝑧−1 
𝑠𝑘𝑝𝑘𝑆1

+
0.018

1−0.5𝑧−1 
𝑠𝑘𝑝𝑘𝑆2

+
0.005

1−0.5𝑧−1 
𝑠𝑘𝑝𝑘𝑆5

+
0.005

1−0.5𝑧−1 
𝑠𝑘𝑝𝑘−1𝑆7

  (5.2) 

where S1, S2, S5 and S7 refer to the four stations measuring rainfall within the study area. 

From these equations and the values provided in Table 5.4, the models can also be interpreted 

hydrologically as follows. The SISO behaves as a 254 km2 reservoir receiving a unique 

precipitation input and discharging from a single output with negligible delay. This means that, 

on average, the catchment responds to a precipitation event by increasing its output streamflow 
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immediately. Yet, the input hydrograph attenuates for almost two days before returning to 

baseflow conditions. Meanwhile, the MISO model comprises four systems connected in parallel, 

each receiving a different precipitation input. The first system includes two reservoirs with an 

aggregated area of 122 km2, while the second, third, and fourth comprise individual ponds with 

71, 21, and 40 km2, respectively. Here, all ponds attenuate input hydrographs for 1.3 days, and 

the delay of their outputs is negligible in most cases, except for the fourth pond, which is connected 

to a linear channel with a delay of one day. This suggests that the response of the catchment (i.e., 

increase of output discharge) to precipitation events measured at stations S1, S2 and S5 starts the 

same day, while for rainfall recorded at S7 it starts one day later. Note that both models use sk to 

account for the nonlinear response of surface runoff, while their baseflow is the same.  

 

Table 5.4 Structure and performance of the best daily SISO & MISO models 

Category Item 

Value 

SISO 
model 

MISO model 
SWAT 
baseli

ne 
Model Structure & 

Parameters 
Input Av. S1 S2 S5 S7 - 

ck sk sk sk sk sk - 
n 1 1 1 1 1 - 

m / lj 1 2 1 1 1 - 
Δ / Δj 0 0 0 0 1 - 

a1* 
[Range] 

-0.6 
[-1.8 -0.4] 

-0.47 
[-0.96 0.06] 

-0.47 
[-0.96 0.06] 

-0.47 
[-0.96 0.06] 

-0.47 
[-0.96 0.06] 

- 

b * 
[Range] 

0.047 
[0.03 0.05] 

0.014 
[0.009 0.016] 

0.018 
[0.013 0.025] 

0.018 
[0.015 0.020] 

0.005 
[0.003 0.007] 

0.010 
[0.007 0.012] 

- 

SSG 0.118 0.026, 0.033 0.035 0.010 0.019 - 
Tr 1.95 1.34 1.34 1.34 1.34 - 

Area 253.7 53.1, 68.6 71.4 20.7 39.9 - 
Surface 
Runoff 

Performance 

Calib. Score 0.901 0.914 - 
NSE 0.724 0.769 - 
YIC -7.744 -3.846 - 

PBIAS 1.932 0.682 - 
Valid. NSE 0.690 0.632 - 

PBIAS -4.407 -12.464 - 
Streamflow 

Performance 
Calib. NSE 0.81 (Day) 0.76 (Day) 0.556 

(Month) 0.96 (Month) 0.97 (Month) 
PBIAS 0.61 (Day) -0.59 (Day) -0.001 

(Month) 0.88 (Month) 1.82 (Month) 
Valid. NSE 0.81 (Day) 0.77 (Day) - 

0.93 (Month) 0.90 (Month) - 
PBIAS -1.66 (Day) -4.69 (Day) - 

-1.49 
(Month) 

-3.54 (Month) - 

* Reported ranges are further described in the uncertainty analysis in Section 5.2.3.3 

 

Table 5.5 Structure and performance of the best daily SISO & MISO models with switched calibration 
and validation data 

Category Item SISO MISO 

Model Structure & values Input Av. S1 S2 S5 S7 

ck sk sk sk sk sk 

n 1 1 1 1 1 

m / lj 1 1 1 2 1 

Δ / Δj 0 0 0 1 0 

a1 -0.65 -0.63 -0.63 -0.63 -0.63 

b 0.038 0.011 0.009 0.027, -0.011 0.005 

SSG 0.109 0.031 0.025 0.074, -0.031 0.014 

Tr 2.30 2.15 2.15 2.15 2.15 

Area 253.7 68.52 56.71 164.9, -69.06 32.3 

Calibration Score 0.890 0.900 

NSE 0.710 0.756 



Chapter 5: Results & discussion 
Water quantity and quality in headwater catchments:  

Comprehensive data assessment, modeling, and simulation of scenarios 

 

54 

 

Category Item SISO MISO 

Performance 

(Surface 

Runoff) 

YIC -7.741 -3.719 

PBIAS 3.950 3.062 

Validation NSE 0.709 0.526 

PBIAS 9.717 3.023 

Performance 

(Total 

Streamflow) 

Calibration NSE 0.8190 0.8168 

PBIAS 1.4862 -1.6152 

Validation NSE 0.7963 0.6681 

PBIAS 3.0842 0.9595 

 

 

Figure 5.10 Results with the best daily models: a) SISO during calibration; b) MISO during calibration; 
c) SISO during validation; d) MISO during validation 

 
 

5.2.3.2 Sub-daily resolution 

As in the previous case, Table 5.6 summarizes the structures, characteristic values, and 

performance metrics for the best SISO and MISO models, and Figs. 5.11 and 5.12 show their 

corresponding simulation results compared to observations. Mathematically, these models are 

respectively written as, 

𝑠𝑘 = 0.99𝑏𝑘−1 +
1−0.99

2
(𝑠𝑘 + 𝑠𝑘−1) +

0.09𝑧−2

1−1.6𝑧−1+0.66𝑧−2 
𝑟𝑘𝑝𝑘,     (5.3) 

𝑟𝑘 =
−0.007𝑧−48

1−1.70𝑧−1+0.71𝑧−2 
𝑝𝑘𝑆1

+
0.11

1−1.70𝑧−1+0.71𝑧−2 
𝑝𝑘𝑆5

+
0.26𝑧−10−0.23𝑧−11

1−1.70𝑧−1+0.71𝑧−2 
𝑝𝑘𝑆7

   (5.4) 

where, all terms are as defined previously.  As shown, the framework led to finding models 

capable of accurately representing individual events; however, there is still room for 

improvement. Specifically for individual events, the best SISO and MISO models preserved water 
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volumes well with a PBIAS close to zero in all cases. Meanwhile, the SISO model had a reasonable 

performance for all events (NSE > 0.65), whereas the MISO performed exceptionally for two 

events (NSE > 0.95) and sub-optimally for the other two (NSE < 0.25). When simulating the 

complete calibration and validation periods, the SISO model captured the moments when the 

catchment responded to precipitation events, yet the magnitudes of such response were mostly 

underestimated. For the MISO model, the timing of the response was also captured to some 

extent, yet it was overestimated for many precipitation events and underestimated for the highest 

streamflow peaks. This results in models with a PBIAS magnitude far from zero, reasonable NSE 

values for total streamflow (> 0.5), yet inaccurate values for the surface runoff component (NSE 

< 0.2). 

 

Several reasons may have led to these results. Firstly, using a sample of individual events was 

not sufficient to describe the response of the catchment as recorded in complete sub-daily time 

series. This may be due to the unique characteristics of each event, which could not be extrapolated 

to the entire period. Possible alternatives to address this issue include increasing the number of 

events in the sample, using more sophisticated statistical and automated approaches to extract 

individual events from sub-daily time series, and using more efficient computational strategies. A 

second reason is the lower quality of sub-daily datasets, as previously identified for this study. 

Nevertheless, as mentioned for the daily models, the importance of developing sub-daily models 

relies on the sub-daily nature of water travel times in the catchment. Thus, promoting 

collaboration with local stakeholders to continue their sub-daily hydrologic monitoring and 

improve the quality of their datasets over time are potential solutions to this issue.  In any case, 

efforts made in the present study to implement models in sub-daily resolution could serve as a 

baseline for future improvements. 

Table 5.6 Structure and performance of the best sub-daily SISO & MISO models 

Category Item SISO MISO 

Model Structure & values Input Av. S1 S5 S7 

ck rk 1 1 1 

n 2 2 2 2 

m / lj 1 1 1 2 

Δ / Δj 2 48 0 10 

a1 -1.63 -1.70 -1.70 -1.70 

a2 0.66 0.71 0.71 0.71 

b1 0.09 -0.007 0.11 0.26, 

b2 - - - -0.23 

Performance 
(Surface Runoff) 

Individual 
events 

Score 0.88 0.98 

NSE 0.77 0.97 

YIC -7.29 -7.63 

PBIAS 12.3 1.24 

Calibration NSE 0.18 -0.23 

PBIAS 46.28 -104.18 

Validation NSE 0.13 -0.13 

PBIAS 81.20 -21.29 

Performance 
(Total 

Streamflow) 

Calibration NSE 0.69 0.53 

PBIAS 8.87 -19.98 

Validation NSE 0.67 0.57 

PBIAS 13.40 -3.51 
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Figure 5.11 Results with the best sub-daily models on individual events: a) Event 1; b) Event 2; c) Event 3; d) 
Event 4 

 

Figure 5.12 Results with the best sub-daily models: a) SISO during calibration; b) MISO during calibration; c) 
SISO during validation; d) MISO during validation 
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5.2.3.3 Analysis of uncertainty 

Model performance results with the first four alternatives of ck (Table 3.1) are presented in 

Fig. 5.13. These results comprise all performance metrics considered in this study (NSE, PBIAS, 

YIC and Score). As shown, the best values for the NSE and PBIAS were obtained when ck was 

equivalent to sk, while better values for the YIC were achieved using bk and rk. Nevertheless, the 

distribution of the Score shows that sk performs better when all criteria are considered at the same 

time. Thus, in the structure of the model, the best alternative to reproduce a nonlinear response 

of the catchment is clearly identifiable as sk. 

 

Figure 5.13 Performance of daily SISO models with four alternative values of ck. 

Turning to other structure parameters, Figure 5.14. shows the distribution of all performance 

metrics under different values of n, m and Δ. As presented, the delay Δ is clearly identifiable with 

a magnitude of zero days. This is because such value leads to the best values of the NSE, PBIAS, 

YIC and Score. In contrast, parameters n and m are not as easily identified since similar NSE and 

PBIAS are obtained with all values of n and m in the search range. Yet, the best YIC and Score are 

found when n and m are one. Thus, daily SISO models with a structure where n, m and Δ are 1, 1, 

and 0, respectively, are the most accurate while being parametrically efficient and preserving 

water volumes. 
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Figure 5.14 Performance of daily SISO models with different values of n, m and Δ 

Fig. 5.15 shows the performance of all candidate models, having ck equivalent to sk, as a 

function of first-order an and bm parameters (Eqs. 3.12 and 3.13). Among them, the pareto set 

and the best model (Eq. 3.18) are also highlighted in the figure. As shown, the values of an and 

bm in the Pareto set are in the ranges [-1.82 -0.38] and [0.03 0.05], respectively. This means that 

it is possible to find accurate models that preserve mass, and keep a parsimonious structure, when 

the parameters are within these ranges. For the best model, the values of these parameters are -

0.60 and 0.047, respectively. Please note that the Score shows that certain models perform better 

than the best. However, they were discarded from the selection process since they have imaginary 

roots, as described in the methods section. 

 

Similarly than the SISO model, performance results with the four alternatives of ck and all 

performance metrics for the MISO are presented in Fig. 5.16. As shown, the best performance was 

obtained when ck was equivalent to sk in all cases. Thus, in the structure of the model, the best 

alternative for ck is clearly identifiable as sk. About the remaining structure parameters, the 

distribution of all performance metrics under different values of n, lj, and Δj is presented in Fig. 

5.17. Here, results suggest that the best performance is obtained when delays Δ1, Δ2, Δ3, and Δ4 

are zero. Nevertheless, certain models with a delay of one have also good performance, especially 

for station S7. Similarly, the plots suggest that the models performs best when constants l1, l2, l3 

and l4 are 1. Nevertheless, some are slightly more accurate and preserve water volumes better 

when l1 takes the value of 2. About n, the plots show that the best results occur when this 

parameter is one. 
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Figure 5.15 Performance of daily SISO models with different values of a and b 

Fig. 5.18 shows the performance of all candidate models, the pareto set, and the best model as 

a function of first order an and bm parameters (Eqs. 3.12 and 3.13). As shown, the values of a in 

the Pareto set are in the range [-0.96 0.06], while values of b11, b12, b21, b31 and b41 are in the ranges 

[0.009 0.016], [0.013 0.025], [0.015 0.020], [0.003 0.007] and [0.007 0.012], respectively. This 

means that it is possible to find accurate models that preserve mass, and keep a parsimonious 

structure, when the parameters are within these ranges. For the best model, the values of these 

parameters are -0.47, 0.014, 0.018, 0.018, 0.005 and 0.010, respectively. Please note that the 

Score shows that certain models perform better than the best. However, they were discarded from 

the selection process since they have imaginary roots, as described in the methods section. Raw 

and processed datasets used in this study can be found in a publicly available data repository 

(Fernandez, 2022a). Here, model results and computer code are also found, with the purpose of 

making our work reproducible. 
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Figure 5.16 Performance Performance of daily MISO models with four alternative values of ck 

 
Figure 5.17 Performance Performance of daily MISO models with different values of n, lj and Δj  
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Figure 5.18 Performance of daily MISO models with different values of a and b 

 

5.2.3.4 Discussion 

The interpretation of daily models provides valuable insights into the hydrology of the 

catchment. On the one hand, areas found with the MISO model have magnitudes resembling those 

estimated with the isohyetal method (See Fig 5.2a). This suggests that methods used for the MISO 

model could provide an objective estimate of the spatial distribution of rainfall without making 

any prior calculations. It is important to note that more research is required to determine the 

accuracy of this approach. On the other hand, values of delay and residence time estimated with 

the SISO and MISO models are valuable to characterize how fast the catchment responds to 

recorded precipitation events. Please note that these values provide more detailed information 

about such response compared to the currently available estimates of the time of concentration in 

the area, namely a unique value of 2.5 hours (CAR & Corpoboyaca, 2017).  Thus, the identified 

values may be the basis for the subsequent development of local warning and forecast systems, 

especially given the precision of the implemented models. To this end, the analysis of uncertainty 

presented previously is also valuable. 

 

In addition, it is important to consider possible reasons why the SISO model outperforms the 

MISO, and why the current approach outperforms the SWAT baseline. In the first case, the time 

step used for modeling may be the main reason for the SISO model outperforming the MISO 

model. As stated, the delays and residence times identified for both models are less than one and 

two days, respectively. Moreover, travel times between stations S4 and S8 were estimated as less 

than 10 hours under typical streamflow conditions (Fernandez, 2018). Such small response times 
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make detecting individual delays for each precipitation input in daily time step resolution 

ineffective in improving the simulations of output discharge. Thus, the sub-daily character of 

water travel times in the catchment also supports the need for developing the models in higher 

resolution. 

 

In the second case, the uncertainty of the SWAT model input data and parameters are 

important to be acknowledged. As previously stated, implementing SWAT required significant 

amounts of information. Even when collected, these data are highly uncertain because of the 

challenges when translating local studies on soils and land use to the required format by SWAT. 

In addition, parameters are uncertain since only a few were identifiable in the model despite their 

solid scientific foundation. Thus, the present approach reduces such uncertainty by requiring 

fewer parameters and only precipitation and streamflow time series. Another reason for 

outperforming SWAT is related to the different mechanisms used to consider water storage in the 

catchment leading to a possible nonlinear response. Here, only the first four values of ck in Table 

3.1 were tested as proxies of said storage, all coming directly from observations. Meanwhile, 

SWAT completely simulates the storage through the previously explained water balances and 

routing mechanisms. Thus, using observations instead of simulated storage values also improves 

performance. Please note that such performance makes the present approach highly effective in 

identifying appropriate parameters to model the catchment’s hydrology. For this reason, once 

identified, future efforts should focus on testing alternative simulations to account for the storage 

of the catchment. The antecedent precipitation and moisture indexes presented in Table 1 can be 

considered among these alternatives. Such efforts would also allow the present approach to be 

practical for making predictions and supporting long-term planning in the same way that SWAT 

is typically employed. For this purpose, joint implementation of this data-based mechanistic 

approach with process-based models can be useful, as previously described in related literature 

(e.g., Ratto et al., 2007; Sivapalan & Young, 2005; Young, 2013). 

 

Regarding the sub-daily models, several reasons may have led to their sub-optimal 

performance. Firstly, using a sample of the individual event was not sufficient to describe the 

catchment response as recorded in complete sub-daily time series. This may be due to the unique 

characteristics of each event, which could not be extrapolated to the entire period. Possible 

alternatives to address this issue include increasing the number of events in the sample, using 

more sophisticated statistical and automated approaches to extract individual events from sub-

daily time series, and using more efficient computational strategies. Such strategies may comprise 

the design of more efficient algorithms, using open-source and cloud-based high-performance 

computing, and promoting interdisciplinary work. Particularly, involving both hydrologists and 

computer scientists may be a suitable alternative to increase the access and appropriate use of 

such computing resources. A second reason is the lower quality of sub-daily datasets, as previously 

identified for this study. Nevertheless, as mentioned for the daily models, the importance of 

developing sub-daily models relies on the sub-daily nature of water travel times in the catchment. 

Thus, promoting collaboration with local stakeholders to continue their sub-daily hydrologic 

monitoring and improve the quality of their datasets over time are potential solutions to this issue. 
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In any case, efforts made in the present study to implement models in sub-daily resolution could 

serve as a baseline for future improvements. 

 

5.3 Water quality 

5.3.1 Stage I: Information Analyses 

5.3.1.1 Collection of information 

The location of water quality monitoring sites in the catchment, a detailed description of the 

sites, and a summary of the information available are presented in Fig. 5.19, Table 5.7, and Table 

5.8, respectively. As shown on the map, the Tibita River and Ovejeras Creek, in sub-basins 4 and 

5 (S4 & S5), merge into the Lenguazaque River in sub-basin 3 (S3). Downstream, this river 

receives Mojica Creek (S2) in sub-basin 1 (S1) and continues to the outlet of the basin. As 

presented, monitoring sites are scattered and cover most of the relevant streams in the basin. In 

addition, the Table 5.8 shows that secondary datasets are larger than primary records. Secondary 

data was collected in 22 monitoring campaigns while primary records were gathered in only three. 

Combined, all records comprise of numerous constituents of water quality in samples of surface 

water, wastewater, and sediments. These records were collected for several years and in different 

periods of the year, yet a significant amount lies below laboratory detection limits. Take into 

account that the local Environmental Agency (CAR) provided all secondary data. Also note that a 

portion of records collected before 2019 was used in previous projects (Fernandez & Camacho, 

2019; González-Martínez et al., 2019), and that the catchment was specifically delineated with 

updated cartography (IGAC, 2022), DEM (NASA & METI, 2012), and the SWAT+ plugin for QGIS 

(Texas A&M & USDA, 2022). 

 

Figure 5.19 Location of monitoring sites. 
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Table 5.7 Description of monitoring sites. 

Sub-basin 
Long, Lat  

[Degrees] 

Elevation 

[mamsl] 
Stream Description Source 

S1 -73.70, 5.33 2559.2 Lenguazaque River Downstream S2 Confluence Primary 

-73.70, 5.33 2559.2 Mine Drainage Pipe downstream S1-1 Primary 

-73.71, 5.34 2551.4 Lenguazaque River Downstream Coking Plant Primary 

-73.76, 5.32 2544.9 Lenguazaque River Basin Outlet Primary & Secondary 

S2 -73.65, 5.38 3036.8 Mojica Creek Near Paramo Primary 

-73.67, 5.36 2801.0 Mojica Creek Between S2-1 and S2-3 Primary 

-73.69, 5.34 2569.5 Mojica Creek Upstream S2-4 Confluence Primary 

-73.69, 5.33 2566.9 Hondura Creek Upstream S2-3 Confluence Primary 

-73.69, 5.33 2566.7 Mojica Creek S2-3 and S2-4 Confluence Primary 

-73.70, 5.33 2559.7 Mojica Creek Upstream S3 Confluence Primary & Secondary 

-73.63, 5.36 3277.0 Mine Drainage Pablo Gonzalez Mine Secondary 

-73.64, 5.36 3218.0 Unnamed Creek Upstream Corales Mine Secondary 

-73.64, 5.36 3225.0 Mine Drainage Corales Mine Secondary 

-73.64, 5.36 3214.0 Unnamed Creek Downstream Corales Mine Secondary 

-73.68, 5.32 2715.0 Baloncitos Creek Upstream Chorrera Secondary 

-73.68, 5.32 2700.0 Chorrera Creek Receives Mine Drainage Secondary 

-73.68, 5.32 2696.0 Baloncitos Creek Downstream Chorrera Secondary 

S3 -73.71, 5.30 2570.0 Lenguazaque River Tapias Monitoring Station Secondary 

-73.71, 5.31 2564.7 Domestic Wastewater Lenguazaque Discharge Secondary 

-73.70, 5.33 2559.3 Lenguazaque River Upstream S2 Confluence Primary 

S4 -73.66, 5.28 2847.0 Mine Drainage San Sebastian Mine Secondary 

-73.66, 5.28 2818.0 Mine Drainage San Jose Mine Secondary 

-73.66, 5.27 2820.0 Palizada Creek Upstream Mine Drainage Secondary 

-73.66, 5.27 2819.0 Palizada Creek Downstream Mine Drainage Secondary 

-73.69, 5.27 2774.0 Mine Drainage Chuscal Mine Secondary 

S5 -73.73, 5.22 2784.0 Mine Drainage Unknown Mine Primary 

Table 5.8 Summary of available information. 

Feature Primary Data Secondary Data All Data 

Surface water samples Yes Yes Yes 

Sediment samples Yes No Yes 

Domestic wastewater samples No Yes Yes 

Mining wastewater samples No Yes Yes 

Date of first sample Sep 16, 2017 Sep 11, 2013 Sep 11, 2013 

Date of last sample Mar 7, 2020 Nov 6, 2019 Mar 7, 2020 

Number of years sampled 3 6 7 

Number of year quarters sampled 3 4 4 

Number of campaigns 3 22 25 

Number of samples 13 42 55 

Number of constituents per sample 5 - 68 19 - 58 5-68 

Number of sampled locations 10 16 26 

Number of records 749 1584 2.333 

Records below detection 201 650 851 

 

5.3.1.2 Definition of sites with similar water quality 

The resulting CA dendrogram and clusters of sites with similar water quality are presented in 

Fig. 5.20 and Table 5.9, respectively. Detailed univariate statistics are provided as supplementary 



Chapter 5: Results & discussion 
Water quantity and quality in headwater catchments:  

Comprehensive data assessment, modeling, and simulation of scenarios 

 

65 

 

materials (See Tables B.1 – B.4 in Appendix B for conventional constituents and Tables C.1 – C.4 

for toxicants in Appendix C). As shown, the CA algorithm grouped 55 water quality samples into 

six sets with similar characteristics, all collected at specific sub-basins and sites. The number of 

times that a sample appeared in each group was important for defining the definitive clusters in 

Table 5.9. This is because some samples belonged to more than one set in the dendrogram, even 

when collected at the same site (e.g., S1:3 and S1:4). Thus, field observations and professional 

judgement contributed to the definitive classification. According to these results, subsequent 

analyses can be simplified by downsizing data from 26 monitoring sites to six groups with similar 

features. 

 

Figure 5.20 Results Cluster Analysis dendrogram. 

Table 5.9 Clusters of sites with similar water quality. 

Cluster Description Sub-basins and sites 

C1 Domestic Wastewater Discharge S3:2 

C2 Most Polluted Creeks & Mine Drainages S1:2; S2:9,10; S4:4,5; S5:1 

C3 Mojica Creek below 2600 meters of elevation S2:3,4,5,6 

C4 Other Mine Drainages & Creeks S2:1,2,7,8; S4:2,3 

C5 Baloncitos Creek Area & Mine Drainage at S4 S2:11,12,13; S4:1 

C6 Lenguazaque River  S1:1,3,4; S3:1,3 

 

5.3.1.3 Definition of sites with similar water quality 

Resulting PCA coefficients for relevant constituents are presented in Table 5.10. More 

precisely, these results include values for the first three principal components of conventional and 

toxic determinands, as well as their contribution to the total variance. Absolute coefficients above 

0.2 were considered significant, and the first three principal components explain more than 59% 

of the total variance. Subsequent components explained less than 10% of the variance without 

appending further contaminants. As a result, these components were not considered relevant. As 

shown, relevant conventional constituents include pathogens, nutrients, solids, pH, hardness, DO, 

CBOD and COD, whereas toxicants include Cl-, phenols, sulfur compounds, and several metals 
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such as aluminum, iron, zinc, and nickel, and even the highly toxic Cr and Pb. According to these 

results, modeling efforts should focus on these constituents and toxicants. 

Table 5.10 PCA coefficients for relevant conventional and toxic constituents. 

Conventional 

Constituents 

Principal Components 
Toxicants 

Principal Components 

PC1 PC2 PC3 PC1 PC2 PC3 

EC - 0.392 - Al 0.3 - - 

Alk 0.25 - - As 0.202 - - 

Acidity - 0.404 - Ba - 0.323 -0.341 

pH - -0.355 - Ca - 0.435 - 

Hardness - 0.420 - Cl- - 0.42 - 

E-Coli * 0.23 - 0.500 Co 0.251 - - 

TC * 0.22 - 0.561 Cr 0.244 - -0.252 

Total Solids 0.26 - - Cu 0.277 - -0.219 

Suspended Solids 0.20 - - Fe 0.334 - - 

Volatile Solids - - 0.234 K - 0.29 - 

DO -0.21 - - Li - - 0.429 

Slow CBOD - - 0.388 Mg - 0.386 - 

Fast CBOD 0.26 - - Mn 0.264 - 0.313 

Total COD 0.24 - - Na - 0.425 - 

Soluble COD 0.21 - - Ni 0.304 - - 

NH4
+  0.26 - - Pb 0.222 - - 

Total Kjeldahl N 0.25 - - Phenol - -0.209 - 

Total N 0.24 - - S2
- 0.299 - - 

Soluble Reactive P 0.21 - - SO4
2- - - 0.458 

Total P 0.25 - - V 0.238 - - 

Phyto - - 0.32 Zn 0.326 - - 

Variance % 37 % 17 % 14 % Variance % 36 % 13 % 10 % 
* E-coli and TC were measured in MPN/100ml and CFU/100ml in PC1 and PC3, respectively. 

 
5.3.1.4 Spatiotemporal distribution of water quality 

The spatial distribution of conventional and toxic constituents is summarized in Figs. 5.21 and 

5.22, respectively. In the first case, conductivity and solids suggest that sites in clusters C1 and C2 

are the most polluted, although their water quality is different. This is because domestic 

wastewater (C1) has the highest concentration of nutrients, pathogens, oxygen demanding 

substances, and the least oxygen, while contaminated creeks and mine drainages (C2) are the most 

acidic, yet they have the least number of pathogens. In contrast, sites in C3, C4 and C5 have a more 

neutral pH and less nutrients than C2, whereas the Lenguazaque River (C6) is slightly acidic and 

has a wide range of dissolved oxygen. In the second case, sites in C2 have the greatest 

concentrations of metals and sulfur compounds in water, although significant proportions are 

found in other clusters as well. It is worth highlighting that sediments contain considerable 

amounts of metals, even the highly toxic Hg and Cd. These toxicants could therefore be 

accumulating in riverbeds since they were not detected in water. 
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(a) (b) (c) 

  
(d) (e) 

 

 

(f) (g) 

    

(h) (i) (j) (k) 

Figure 5.21 Results Spatial distribution of conventional water quality determinands: (a) Solids; (b) EC; (c) 
Legend; (d) Nitrogen; (e) Phosphorous; (f) Oxygen demanding constituents; (g) DO; (h) pH; (i) Total 

Coliforms; (j) Total Alkalinity; (k) Total Hardness. 

Turning to temporal distribution, yearly pollution regimes in the Lenguazaque River (C6) are 

presented in Figs. 5.23 and 5.24 for conventional and toxic constituents, respectively. The first 

group suggests that the first three months of the year are the most polluted. This is because the 

highest values of EC, CBOD, COD and P occur then, as well as the lowest magnitudes of pH and 

OD. These months are also part of the driest season of the year (Fernandez et al., 2022); thus, such 

pollution levels could be related to the limited capacity to dilute contaminants during that time. 

Not to mention, mean concentrations of solids are higher during the rainy seasons of the second 

and fourth quarters (Fernandez et al., 2022). This is consistent with the higher amount of 
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sediment transport expected during these seasons. Moreover, peak concentrations of pathogens 

occur during the drier first and third quarters, although such concentrations are significantly high 

throughout the year. 

 

(a) 

 
(b) 

 
(c) 

 
(d) 

Figure 5.22 Results Spatial distribution of toxicants: (a) Al, As, Ba, Cl- and Co in water; (b) Cr, Cu, Fe, K, Li, 
Mg, Mn and Na in water; (c) Ni, Pb, Phenol, S2-, SO4

2-, V and Zn in water; (d) metals in sediments. 
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About the second group, pollution trends are not as easily identified. Yet, reported magnitudes 

are indicative of typical concentrations of toxicants and their yearly variation. In any case, 

increasing the size of the dataset through more frequent monitoring could reveal further water 

quality trends and regimes. 

    

(a) (b) (c) (d) 

    
(e) (f) (g) (h) 

Figure 5.23 Results Temporal distribution of conventional constituents in C6: (a) CBOD; (b) COD; (c) DO; (d) 
pH; (e) Total P; (f) Total Suspended Solids; (g) TC; (h) EC. 

    

(a) (b) (c) (d) 

    
(e) (f) (g) (h) 

Figure 5.24 Results Temporal distribution of toxicants in C6: (a) Al; (b) Ca; (c) Cl-; (d) Fe; (e) Mg; (f) Mn; (g) 
Na; (h) SO4

2-. 

5.3.1.5 Analysis of data quality, consistency, and validity 

Previous analyses suggest strengths and limitations of the datasets. Specifically, having 

records of numerous water constituents of wet and dry seasons from several years, and including 

sediments, are perhaps the most significant strengths. The reason for this is that such features 

allowed for the clustering of monitoring sites into meaningful categories, the identification of 

relevant constituents, and for the description of spatiotemporal pollution trends. Conversely, 



Chapter 5: Results & discussion 
Water quantity and quality in headwater catchments:  

Comprehensive data assessment, modeling, and simulation of scenarios 

 

70 

 

having many values below detection and few sediment samples are notable limitations. Such 

restrictions limit a clearer definition of spatiotemporal trends and understanding of the potential 

accumulation of toxicants in riverbeds. Accordingly, it is important to consider these strengths 

and limitations when developing the model and interpreting its results. 

 

5.3.2 Stage II: Development of a water quality model 

5.3.2.1 Model selection 

Given the numerous water quality constituents found in the study area, it is possible to model 

both conventional constituents and toxicants using the two models mentioned in the methodology 

section. Here, modeling efforts focus on conventional water quality determinands under steady 

state conditions using the QUAL2Kw model. 

 

5.3.2.2 Characterization of river hydraulics and solute transport 

The streams included in the model are displayed in Fig. 5.25, together with the monitoring 

sites located within their boundaries.  

 

Figure 5.25 Results Modeled streams and monitoring sites. 

As presented, Mojica Creek is identified as Stream A, while the Lenguazaque River is 

represented by streams B and C. It is important to highlight that monitoring sites do not cover all 

tributaries, and most likely not all pollution sources, conferring uncertainty on the model. Yet, 

significant efforts were made during monitoring to sample the most relevant sites, despite 

restrictions like a difficult terrain. The longitudinal profile of the three streams is shown in Fig. 

5.26, along with the monitoring sites and geomorphological classification results. As shown, four 
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geomorphological classes were found for Stream A (i.e., step-pool, cascade, pool-riffle and plane 

bed), while only one was identified for all segments of Streams B and C (i.e., pool-riffle). More 

details on the classification results are provided in Table 5.11. 

 

Figure 5.26 Longitudinal profile, geomorphology and monitoring sites: (a) Stream A; (b) Stream B; (c) Stream 
C. 

Table 5.11 Geomorphological classification results. 

Stream 

(# of segments) 
Segments 

Slope (S) 

[m/m] 

Drainage 

Area (A) 

[km2] 

SA0.4 

Geomorphology 

class 

 (Flores et al., 2006) 
A 

(221 segments) 
1-4 0.045 12.15 0.123 Step-pool 

5-7 0.082 12.43 0.223 Cascade 

8-18 0.041 13.33 0.116 Step-pool 

19-21 0.087 13.57 0.247 Cascade 

22-25 0.052 13.61 0.148 Step-pool 

26-28 0.075 13.68 0.214 Cascade 

29-33 0.044 13.82 0.125 Step-pool 

34-39 0.077 13.93 0.222 Cascade 

40-43 0.051 14.26 0.146 Step-pool 

44-62 0.115 15.43 0.344 Cascade 

63-71 0.054 15.94 0.164 Step-pool 

72-74 0.069 16.01 0.210 Cascade 

75-84 0.025 16.18 0.076 Plane Bed 

85-90 0.041 17.17 0.129 Step-pool 

91-108 0.013 17.72 0.041 Pool-riffle 

109-118 0.043 18.11 0.137 Step-pool 

119-126 0.088 18.63 0.283 Cascade 

127-130 0.060 19.28 0.196 Step-pool 

131-142 0.084 19.76 0.278 Cascade 

143-151 0.048 20.07 0.158 Step-pool 



Chapter 5: Results & discussion 
Water quantity and quality in headwater catchments:  

Comprehensive data assessment, modeling, and simulation of scenarios 

 

72 

 

Stream 

(# of segments) 
Segments 

Slope (S) 

[m/m] 

Drainage 

Area (A) 

[km2] 

SA0.4 

Geomorphology 

class 

 (Flores et al., 2006) 

152-166 0.101 21.03 0.340 Cascade 

167-178 0.037 22.31 0.130 Step-pool 

179-181 0.095 22.63 0.331 Cascade 

182-187 0.037 22.82 0.130 Step-pool 

188-221 0.006 49.80 0.028 Pool-riffle 
B 

(99 segments) 
1-22 0.002 170.23 0.018 Pool-riffle 

23-44 0.002 172.34 0.018 Pool-riffle 

45-66 0.002 175.49 0.018 Pool-riffle 

67-89 0.002 178.01 0.018 Pool-riffle 

90-99 0.002 179.99 0.014 Pool-riffle 
C 

(90 segments) 
1-22 0.002 252.40 0.013 Pool-riffle 

23-47 0.002 258.88 0.018 Pool-riffle 

48-83 0.001 281.32 0.007 Pool-riffle 

84-90 0.001 290.07 0.007 Pool-riffle 
 

Considering these streams and classification, a summary of hydraulic and solute transport 

features of all modeled segments is presented in Table 5.12. Following the methodology, it was 

possible to represent the hydraulics of most segments using Manning’s equation (Eq. 3.24), while 

only the last seven segments of Stream C required using power functions of flow (Eq. 3.23). 

Dispersion coefficients D and cross-sectional areas were estimated using Eq. (3.26) and 

corroborated with synthetic tracer experiments since no field data from tracer experiments were 

available. 

Table 5.12 Features of modeled streams and segments. 

Stream 

(# of 

segments) 

Segments 

Av. 

Length 

[m] 

Av. 

Slope 

[m/m] 

Av. 

Width 

[m] 

n-

Manning 

(Eq. 

3.24) 

𝒂, 𝒃, 𝜶, 𝜷 

(Eq. 3.23) 

Q 

[m3/s] 

A 

[m2] 

D 

[m2/s] 

A 
(221 segments) 

1-188 42.5 0.06 2.5 0.080 - 0.05 0.87 0.10 

189-196 43.6 7.41 E-3 2.5 0.080 - 0.05 0.87 0.33 

197-210 48.5 7.41 E-3 2.7 0.060 - 0.01 0.38 0.33 

211-213 78.8 7.41 E-3 2.7 0.060 - 0.01 0.38 0.33 

214-221 66.3 1.45 E-3 2.7 0.060 - 0.01 0.38 0.33 
B 

(99 segments) 
1-99 49.4 1.78 E-3 3.5 0.026 - 0.24 0.53 6.00 

C 
(90 segments) 

1-22 114.2 1.90 E-3 3.6 0.040 - 0.17 0.58 2.75 

23-47 98.8 1.90 E-3 4.0 0.040 - 0.18 0.61 2.75 

48-83 187.1 7.07 E-4 4.0 0.040 - 0.18 0.84 2.75 

84-90 129.7 - - - 0.55, 0.34, 0.32, 0.32 0.18 1.00 1.00 

 

5.3.2.3 Model implementation, calibration, and validation 

Results of model performance obtained with calibration and verification datasets are 

summarized in Table 5.13. As shown, the best values of the objective function (Eq. 3.27) during 

calibration were obtained for Stream C, followed by Streams A and B. Turning to verification, 

optimal parameters led to an error 14% higher compared to calibration, while the confidence 
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interval maintained similar magnitudes. This suggests that the model has a certain predictive 

capacity despite the mentioned uncertainty and limitations. 

Table 5.13 Model performance with calibration and validation datasets. 

Dataset Stream 

OF results (Eq. 3.27) 

Sites included  

(Eqs. 3.29 & 2.30) 

Optimal 

Parameters 

Quantile 

2.5 

Quantile 

97.5 

Calibration A S2:1,2 0.170 0.182 0.215 

S2:3,5,6 0.147 0.158 0.159 

B S3:3 0.416 0.544 0.629 

C S1:1,3 0.010 0.019 0.021 

All S1:1,3; S2:1,2,3,5,6; S3:3 0.243 0.250 0.294 

Validation All S1:4; S2:1,6; S3:3 0.278 0.280 0.285 

 
Such capacity is visible in the results of the model. Examples of these results are shown in Fig. 

5.27, while plots for all state variables and streams are provided in the following subsection (See 

Figs. 5.28 - 5.48 in subsection 5.3.2.4). 

 

(a) 

 
(b) 

Figure 5.27 Results Model results and observations during calibration and validation: (a) Water temperature 
in Stream A; (b) Organic Phosphorus in Streams B and C. 

During calibration, the model reproduced observations reasonably well except in certain cases. 

These cases include the underestimation of pathogens in S2:2, and the overestimation of ISS and 
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Porg in S2:5, also happening for DO, Pinorg and pH in S3:3. Turning to verification, most 

observations were also captured, except for some discrepancies at sites S1:4 and S2:6. In the first 

site, said discrepancies include DO and pH which were under and overestimated, respectively. In 

the second site, several constituents were underestimated such as CBOD, organic N, and inorganic 

P.  The plots also show the ranges of historical concentrations in S3:1, as well as the response of 

the model to minimum and maximum concentrations observed for domestic wastewater (S3:2). 

 

Plots showing model uncertainty and parametric sensitivity are provided in the subsection 

following the complete calibration and verification results (See Figs 5.49 – 5.60 in subsection 

5.3.2.5). In this analysis, scatter or dotty plots show the influence of all parameters considered in 

the model on the objective function OF. In addition, these plots display the ranges used for 

calibrating the parameters. Based on these results, a summary of the parameter values and those 

found to be sensitive is presented in Table 5.14. As shown, only 19 out of 31 parameters were 

sensitive to the modeled inputs. Most of these parameters were part of the model comprising of 

the first segment of Stream A, and Stream C. In contrast, only a few parameters were sensitive in 

the model comprising of the second segment of Stream A and Stream B. Hence, in these streams, 

the model is more uncertain and presents more issues with parametric equifinality. 

Table 5.14 Sensitivity analysis for state variables 

Group 
State  

variable 
Parameter 

Values: Optimal (Quantile 2.5, Quantile 97.5) 

Stream A 

(segment 1) 1 

Stream A 

(segment 2) 2 
Stream B Stream C 

Solids ISS vss 0.084 (0.002, 0.098) 0.072 (0.060,0.079) 1.888 (1.513,1.987) 0.105 (0.013,0.165)* 

Det kdt 0.091 (0.010, 0.184)* 0.108 (0.103,0.198)* 0.813 (0.806,0.993) 0.055 (0.051,0.188)* 

vdt 0.013 (0.004,0.095)* 0.014 (0.010,0.020) 0.665 (0.559,0.747) 0.050 (0.005,0.050)* 

Organic 

matter & 

Pathogens 

CBODS khc 0.039 (0.001, 0.069) 0.776 (0.725, 1.096)* 1.074(0.760, 1.095) 1.986 (1.775, 2.092)* 

kdcs 0.064 (0.002, 0.067) 1.972 (1.536, 1.993) 0.521(0.508, 0.985) 2.028 (1.791, 2.094) 

CBODF kdc 0.007 (0.002, 0.128)* 3.288 (3.014, 3.294) 1.811(1.047, 1.974) 6.580 (6.078, 6.596)* 

COD kgen 0.003 (0.002, 0.133)* 1.622 (1.412,1.787) 2.163 (1.618, 2.191) 3.017 (2.935, 3.259)* 

vgen 0.018 (0.002, 0.136)* 0.024 (0.010,0.030) 0.491 (0.113,0.494) 0.037 (0.009,0.184)* 

TC kpath 0.158 (0.006, 0.194) 0.318 (0.059,0.391)* 1.826 (1.520, 1.995) 1.275 (1.034, 1.388)* 

vpath 0.053 (0.007, 0.194) 0.118 (0.014, 0.145) 1.519 (1.518, 1.988) 1.187 (1.033, 1.370) 

Nutrients Norg khn 0.008 (0.001, 0.091)* 0.246 (0.210, 0.354)* 0.043 (0.018, 0.779) 0.105 (0.069, 0.330)* 

von 0.015 (0.001, 0.092)* 0.017 (0.010, 0.020) 0.070 (0.015, 0.763) 0.052 (0.051, 0.274)* 

NH4
+ kn 0.340 (0.310, 0.779)* 1.643 (1.512, 1.968)* 1.834 (0.196, 2.758)* 9.020 (8.590, 9.144)* 

Porg khp 0.093 (0.007, 0.278)* 0.423 (0.405, 0.514) 0.227 (0.006, 0.638) 0.517 (0.324, 0.725)* 

vop 0.044 (0.003, 0.135)* 0.407 (0.402, 0.553) 0.800 (0.030, 0.992) 0.513 (0.373, 0.677)* 

Pinorg vip 0.063 (0.004, 0.145) 0.101 (0.056, 0.196) 1.883 (0.370, 1.992) 0.068 (0.002, 0.178)* 

Plants & 

algae 

Phyto kga 2.2801 (2.021, 2.944)* 2.275 (2.202, 2.297) 2.201 (1.539, 2.961) 2.289 (2.016, 2.396) 

krea 0.2403 (0.051, 0.394)* 0.252 (0.201, 0.268) 0.201 (0.026, 0.391) 0.108 (0.069, 0.394) 

kdea 0.1959 (0.021, 0.196)* 0.114 (0.052, 0.146) 0.232 (0.012, 0.242) 0.002 (0.001, 0.192) 

va 0.1305 (0.015, 0.195) 0.072 (0.070, 0.080) 0.165 (0.018, 0.197) 0.185 (0.008, 0.197) 

BotP kgaF 4.470 (2.927, 19.487) 8.087 (8.079, 11.906) 7.605 (2.786, 19.49) 8.253 (5.072, 14.24)* 

krea1F 0.166 (0.153, 0.247) 0.154 (0.153, 0.247) 0.227 (0.144, 0.247) 0.395 (0.131, 0.396) 

krea2f 0.550 (0.551, 0.608) 0.587 (0.504, 0.603) 0.585 (0.503, 0.608) 0.593 (0.552, 0.607) 

kexaF 0.124 (0.104, 0.245) 0.122 (0.103, 0.199) 0.149 (0.104, 0.247) 0.129 (0.103, 0.196) 

kdeaF 0.286 (0.017, 0.343) 0.102 (0.103, 0.196) 0.212 (0.016, 0.336) 0.107 (0.103, 0.190) 

Nbmin 8.640 (5.074, 9.821) 7.559 (7.018, 7.975) 7.508 (5.092, 9.850) 7.150 (7.019, 7.587) 
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Group 
State  

variable 
Parameter 

Values: Optimal (Quantile 2.5, Quantile 97.5) 

Stream A 

(segment 1) 1 

Stream A 

(segment 2) 2 
Stream B Stream C 

Pbmin 3.003 (2.062, 3.966) 3.2085 (2.920, 3.291) 2.132 (2.038, 3.930) 3.312 (2.832, 3.384) 

Nupmax 359.0 (341.6, 378.8) 343.9 (341.0, 379.1) 353.3 (341.7, 379.2) 366.3 (341.5, 368.8) 

Pupmax 96.57 (71.03, 109.2) 85.61 (80.28, 89.67) 96.72 (71.21, 109.4) 83.64 (80.44, 89.93) 

KNratio 2.219 (1.155, 2.484) 1.195 (1.101, 1.293) 1.868 (1.156, 2.477) 1.173 (1.113, 1.292) 

KPratio 1.618 (1.279, 1.780) 1.661 (1.506, 1.694) 1.250 (1.215, 1.784) 1.561 (1.417, 1.686) 
1 Comprised between sites S2:1 and S2:2; 2 comprised between sites S2:3 and S2:6; * refers to sensitive parameters. 

 
5.3.2.4 Complete calibration and verification results 

As mentioned previously, the plots showing calibration and verification results for all state 

variables and streams are presented in the following figures (Figs. 5.28 - 5.48). 

 

Figure 5.28 Legend for calibration and verification results (Figs. 5.29 – 5.48). 

 

Figure 5.29 Calibration of temperature – Stream A. 

 

Figure 5.30 Calibration of solids and conductivity – Stream A. 
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Figure 5.31 Calibration of Nutrients – Stream A. 

 

Figure 5.32 Calibration of dissolved oxygen and its demanding constituents – Stream A. 

 

Figure 5.33 Calibration of pathogens, pH and alkalinity – Stream A. 
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Figure 5.34 Calibration of temperature – Streams B and C. 

 

Figure 5.35 Calibration of solids and conductivity – Streams B and C. 

 

Figure 5.36 Calibration of nutrients – Streams B and C. 
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Figure 5.37 Calibration of dissolved oxygen and its demanding constituents – Streams B and C. 

 

Figure 5.38 Calibration of of pathogens, pH and alkalinity – Streams B and C. 

 

Figure 5.39 Verification of temperature – Stream A. 

 

Figure 5.40 Verification of solids and conductivity – Stream A. 
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Figure 5.41 Verification of Nutrients – Stream A. 

 

Figure 5.42 Verification of dissolved oxygen and its demanding constituents – Stream A. 

 

Figure 5.43 Validation of pathogens, pH and alkalinity – Stream A. 



Chapter 5: Results & discussion 
Water quantity and quality in headwater catchments:  

Comprehensive data assessment, modeling, and simulation of scenarios 

 

80 

 

 

Figure 5.44 Verification of temperature – Streams B and C. 

 

Figure 5.45 Verification of solids and conductivity – Streams B and C. 

 

Figure 5.46 Verification of nutrients – Streams B and C. 
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Figure 5.47 Verification of dissolved oxygen and its demanding constituents – Streams B and C. 

 

Figure 5.48 Verification of pathogens, pH and alkalinity – Streams B and C. 

5.3.2.5 Analysis of uncertainty 

Here, as stated before, the scatter or dotty plots showing the influence of all parameters 

considered in the model on the objective function OF are presented (Figs 5.49 – 5.60). 

 

Figure 5.49 Dotty plots for Detritus, Pathogens and COD parameters – Stream A (S2:1 to S2:2). 
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Figure 5.50 Dotty plots for phytoplankton and bottom plants parameters – Stream A (S2:1 to S2:2). 

 

Figure 5.51 Dotty plots for ISS, CBOD and nutrient parameters - Stream A (S2:1 to S2:2). 

 

Figure 5.52 Dotty plots for Detritus, Pathogens and COD parameters – Stream A (S2:3 to S2:6). 
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Figure 5.53 Dotty plots for phytoplankton and bottom plants parameters – Stream A (S2-3 to S2-6). 

 

Figure 5.54 Dotty plots for ISS, CBOD and nutrient parameters – Stream A (S2:3 to S2:6). 

 

Figure 5.55 Dotty plots for Detritus, Pathogens and COD parameters – Stream B). 
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Figure 5.56 Dotty plots for phytoplankton and bottom plants parameters – Stream B. 

 

Figure 5.57 Dotty plots for ISS, CBOD and nutrient parameters – Stream B. 

 

Figure 5.58 Dotty plots for Detritus, Pathogens and COD parameters – Stream C. 
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Figure 5.59 Dotty plots for phytoplankton and bottom plants parameters – Stream C. 

 

Figure 5.60 Dotty plots for ISS, CBOD and nutrient parameters – Stream C. 

5.3.3 Stage III: Simulation of Scenarios 

5.3.3.1 Identification of potential conflicts 

Uses of water and clusters of monitoring sites in the area of study are presented in Fig. 5.61. 

For each use, water quality standards are found in local regulations (Government of Colombia, 

1984). Based on these standards, uses and clusters, the resulting critical values are presented in 

Table 5.15. Such values indicate the potential conflicts found in the different groups of monitoring 

sites. In C1, values of pathogens, nutrients, phenols, and dissolved oxygen lead to potential 

conflicts when using water for potabilization, recreation and conservation purposes. Bear in mind 

that C1 comprises of only one site where domestic wastewater is monitored (See Table 5.7 and 

Table 5.9). Since such water is likely not used for any purpose, no actual conflict is expected in 

this case. In the remaining clusters (C2 – C6), critical values lead to potential conflicts for all 
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regulated uses of water. These conflicts can be particularly serious in C2 because most standards 

were violated at these locations. Nevertheless, conflicts can be significantly different depending 

on individual uses of water in the catchment. 

 

In the case of agriculture, water is collected for irrigation from the main streams in sub-basins 

S1, S2 and S3 (Fig. 5.61a). Since these streams are close to sites in clusters C1, C4 and C6 (Fig. 

5.61b), crops in these sub-basins are likely irrigated with water of low quality. Crops are no doubt 

exposed to significant concentrations of pathogens in S1 and S3, while in S2 they are irrigated 

with an acid pH and high amounts of Fe, and Mn. Concerning domestic use, water is collected in 

many locations in all sub-basins (Fig. 5.61a). Among these locations, potabilization could be 

compromised in sub-basins S2, S3 and S4, nearby sites in clusters C2 and C4 (Fig 5.61b). This 

could happen because high concentrations of NH4
+, Pb, SO42

- and phenols have been reported in 

these clusters, as well as an acid pH. About livestock and industrial uses, no relevant conflicts are 

expected since water is not collected near polluted locations in the first case, while no standards 

are violated in the second. It is important to highlight that no clear locations are delimited for 

recreational and conservation uses of water in the catchment. Stakeholders have yet identified 

certain areas as having potential for conservation, especially those near strategic ecosystems such 

as paramos (CAR & Corpoboyaca, 2017). Nevertheless, the numerous toxicants and critical values 

found for coliforms, dissolved oxygen and pH, even very close to these ecosystems, make water 

likely unhealthy for regional biota. Given these results, it is generally unsafe to use water from 

sites included in this study for any purpose, at least without previous inspection and possibly 

treatment. 

  

(a) (b) 

Figure 5.61 Results Location of: (a) Water uses (CAR & Corpoboyaca, 2017); (b) Sites in each cluster.  
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Table 5.15 Critical values for regulated constituents and uses of water. 

Water use Constituent Standard Units 
Critical values 

C1 C2 C3 C4 C5 C6 

Potabilization 

by 

conventional 

means 

pH 5 – 9 pH -* 3.1 - 4.0 - - 

TC < 20000 MPN/100ml 120 x 106 - - - - 240000 

NH4
+ < 1 mg/L 97.8 5.0 - - - 1.06 

Cr+6 < 0.05 mg/L - 0.14** - - - - 

Pb < 0.05 mg/L - 0.06 - 0.06 - - 

Phenol < 0.002 mg/L 0.24 0.27 - - - 0.45 

SO4
2- < 400 mg/L - 2430 - - - - 

Potabilization 

by 

disinfection 

only 

pH 6.5 – 8.5 pH - 3.1 5.8 4.0 - 6.23 

TC < 1000 MPN/100ml - - 11000 - 5500 240000 

NH4
+ < 1 mg/L 97.8 5.0 - - - 1.06 

Cr+6 < 0.05 mg/L - 0.14** - - - - 

Pb < 0.05 mg/L - 0.06 - 0.06 - - 

Phenol < 0.002 mg/L 0.24 0.27 - - - 0.448 

SO4
2- < 400 mg/L - 2430 - - - - 

Agriculture pH 4.5 – 9 pH - 3.1 - 4.0 - - 

TC < 5000 MPN/100ml - - 11000 - 5500 240000 

Al < 5 mg/L - 21.99 - - - - 

Cu < 0.2 mg/L - 0.24 - - - - 

Cr+6 < 0.1 mg/L - 0.14** - - - - 

Fe < 5 mg/L - 187 - 9.1 - - 

Mn < 0.2 mg/L - 4.96 - 2.15 0.25 - 

Ni < 0.2 mg/L - 0.56 - - - - 

Livestock pH 4.5 – 9 pH - 3.1 - 4.0 - - 

TC < 5000 MPN/100ml - - 11000 - 5500 240000 

Al < 5 mg/L - 21.99 - - - - 

Recreation pH 5 – 9 pH - 3.1 - 4.0 - - 

TC < 1000 MPN/100ml - - 11000 - 5500 240000 

DO > 0.7 sat mg/L 0 2.8 4.91 3.3 2.49 0.6 

Phenol < 0.002 mg/L 0.24 0.27 - - - 0.448 

Conservation pH 6.5 – 9 pH - 3.1 5.8 4.0 - 6.23 

DO 5 mg/L 0 2.8 4.91 3.3 2.49 0.6 

Toxicants < 0.1 96-h LC50*** uncertain uncertain uncertain uncertain uncertain uncertain 
* - refers to no conflict found; ** value for Total Cr since Cr+6 was not measured; *** 96-h LC50 refers to the concentration 

of a toxicant leading to the death of 50% of certain organisms in 96 hours. 
 

5.3.3.2 Simulation of critical scenario 

For site S1:1 (see Fig. 5.19), the results of design conditions for steady flows are shown in 

Table 5.16. These results are based on daily streamflow records available for this location 

(Fernandez, 2022a). It is important to highlight that such flows are consistent with typical 

observations during the driest season (Fernandez et al., 2022), also identified previously as the 
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most polluted (see Fig. 5.23). Thus, they are representative of the critical scenario of the 

catchment. The 7Q10 value was specifically selected for simulating the critical scenario because it 

was the one with the closer magnitude compared to the streamflow observed during the campaign 

used for the calibration of all rates and constants. In addition, model outcomes for total coliforms 

and dissolved oxygen are shown in Fig. 5.62, and plots for other regulated constituents are 

provided in a following subsection that includes complete simulation results (See Figs. 5.64 – 5.67 

in subsection 5.3.3.4). Here, total coliforms and dissolved oxygen do not generally meet any 

standard, while pH and NH4
+ do so partially. Coliforms are particularly serious as they threaten 

current agricultural and domestic uses, whereas NH4
+ and pH disable potabilization in certain 

sections of the river. Combined with the low contents of dissolved oxygen, these constituents also 

restrict recreation and conservation uses of water. According to verification results, these 

predictions could have several limitations such as possible under and overestimation of dissolved 

oxygen and pH near the outlet of the basin, respectively. 

 

Table 5.16 Design conditions for steady flow at site S1:1. 

XQT (Eq. 3.31) Value Units 

1Q2 0.273 m3s-1 

1Q3 0.223 m3s-1 

4Q3 0.170 m3s-1 

7Q10 0.236* m3s-1 
* Used for simulation. 

 

(a) 

 
(b) 

Figure 5.62 Results Critical scenario results in streams B and C: (a) Total Coliforms; (b) Dissolved Oxygen. 
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5.3.3.3 Simulation of alternative scenarios 

The definition of the two alternative scenarios is summarized in Table 5.17, and the resulting 

concentration of Total Coliforms in these scenarios is shown in Fig. 5.63. Model results for 

additional regulated constituents are included in the same subsection that includes complete 

simulation results mentioned before (See Figs. 5.68 – 5.75 in subsection 5.3.3.4). 

Table 5.17 Description of alternative scenarios in the case study. 

Site Constituent 

Load in 

Critical 

Scenario  

Load Reduction compared to Critical 

Scenario 

Alternative 1 Alternative 2 

[kg day-1] * [%] [kg day-1] * [%] [kg day-1] * 

S3:1 

(Headwater of 

Stream B) 

TC 4.35 x 1013 - - 97.92% 4.26E+13 

ISS 2124.25 - - - - 

Det 485.39 - - 75.00% 364.05 

CBODF 141.36 - - 85.00% 120.15 

CBODS 154.01 - - 85.00% 130.91 

COD 1112.72 - - 85.00% 945.82 

Norg 4.19 - - 67.18% 2.81 

NH4
+ 19.37 - - 30.00% 5.81 

Porg 1.81 - - - - 

Pinorg 1.59 - - - - 

S3:2 

(Discharge of 

Domestic 

Wastewater) 

TC 7.915 x 1013 99.99% 7.914 x 1013 99.99% 7.914 x 1013 

ISS 0.37 85.00% 0.32 85.00% 0.32 

Det 36.98 85.00% 31.43 85.00% 31.43 

CBODF 37.96 85.00% 32.26 85.00% 32.26 

CBODS 41.35 85.00% 35.15 85.00% 35.15 

COD 26.06 75.00% 19.54 75.00% 19.54 

Norg 3.69 30.00% 1.11 43.01% 1.59 

NH4
+ 6.03 10.00% 0.60 10.00% 0.60 

Porg 0.12 30.00% 0.04 125.73% 0.15 

Pinorg 0.90 30.00% 0.27 30.00% 0.27 

S2:6 

(Mojica Creek) 

TC 3.63 x 1011 - - - - 

ISS 75.72 - - - - 

Det 17.30 - - 50.00% 8.65 

CBODF 5.20 - - 75.00% 3.90 

CBODS 5.67 - - 75.00% 4.25 

COD 134.41 - - 85.00% 114.25 

Norg 1.26 - - 50.00% 0.63 

NH4
+ 0.47 - - 50.00% 0.24 

Porg 0.44 - - - - 

Pinorg 0.32 - - - - 
* Total Coliforms (TC) are expressed in MPN day-1. 
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About the first alternative, results show that adding treatment to the main discharge of 

domestic wastewater (site S3:2) does not solve the conflicts described previously. Particularly, 

removing virtually all pathogens from such discharge does not make water suitable for agriculture 

(Fig. 5.63a). Moreover, such treatment has a very limited influence on the concentrations of NH4
+, 

DO and pH. Thus, solving the conflicts requires additional improvements of water quality 

upstream, as simulated in the second alternative. In this alternative, polluting loads from Sites 

S3:1 and S2:6 were significantly reduced to comply with agricultural standards, and the 

concentration of DO and pH were also increased. Accordingly, having water of appropriate quality, 

even during the most polluted season, requires significant efforts in the area of study. These efforts 

include reducing polluting loads coming from all significant sources including the main discharge 

of domestic wastewater, as well as those leading to poor water quality upstream in sub-basins S2, 

S4 and S5. 

 

(a) 

 
(b) 

Figure 5.63 Model results for total coliforms in: (a) Alternative Scenario 1; (b) Alternative Scenario 2. 
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5.3.3.4 Complete results of the simulation of scenarios 

 

Figure 5.64 Model results for pH in critical scenario. 

 

Figure 5.65 Model results for Total Coliforms in critical scenario. 

 

Figure 5.66 Model results for Ammonia Nitrogen in critical scenario. 

 

Figure 5.67 Model results for Dissolved Oxygen in critical scenario. 
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Figure 5.68 Model results for pH in alternative scenario 1. 

 

Figure 5.69 Model results for Total Coliforms in alternative scenario 1. 

 

Figure 5.70 . Model results for Ammonia Nitrogen in alternative scenario 1. 

 

Figure 5.71 Model results for Dissolved Oxygen in alternative scenario 1. 
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Figure 5.72 Model results for pH in alternative scenario 2. 

 

Figure 5.73 Model results for Total Coliforms in alternative scenario 2. 

 

Figure 5.74 Model results for Ammonia Nitrogen in alternative scenario 2. 

 

Figure 5.75 Model results for Dissolved Oxygen in alternative scenario 2 
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5.4 Conclusion 

In this chapter, the results obtained when applying the proposed framework to an Andean 

headwater catchment were presented and discussed. The application covered all processes and 

activities considered for assessing and modeling water quantity and quality at the catchment scale 

(see Figure 1.1 and Chapter 3). About quantity, it was possible to obtain hydrologically 

interpretable models with acceptable predictive performance, employing solely rainfall and 

streamflow as input information. Such interpretable character makes these models capable of 

simulating alternative scenarios. Meanwhile, the low requirement of information makes of the 

present approach a suitable alternative in other headwater catchments where no other 

hydrological variables have been measured. Concerning quality, the framework led to identifying 

pollution patterns and implementing models in an environment of limited information. Besides, 

it allowed for the simulation of several water quality scenarios, keeping consistency with the 

hydrologic seasons and pollution regimes identified previously. Given these results in the study 

area, present research can serve as an example for other territories where data and resources are 

limited, and where similar environmental challenges can be found. 
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6. Conclusions and suggestions for further work 

As mentioned in the first introductory chapter, this Thesis focuses on addressing three specific 

challenges found when implementing predictive models for water quantity and quality in headwater 

catchments of developing countries. These challenges are summarized as follows: 

 

▪ Having scarce and heterogeneous datasets makes assessing water quantity and quality challenging. 

▪ Having limited information makes implementing hydrological and water quality models 

demanding. 

▪ Without addressing the first two challenges, it is difficult to simulate water quality scenarios for 

purposes such as planning, management, decision support, and research. 

 

 In view of the challenges, this chapter presents conclusions and suggestions for further work in 

the fields of water quantity and quality, based on the developed methods and the results obtained in 

the case study.  

 

6.1 Water quantity 

In summary, a set of strategies to address the issue of having scarce yet heterogeneous 

hydrological datasets in the catchments of interest was proposed. Comprised in a modeling 

framework, these strategies allow for comprehensively assessing hydrological records and 

implementing models that balance simplicity, accuracy, and data requirements. Achieving such 

balance was possible by including a novel combination of data-based mechanistic modeling (Young, 

1998) and baseflow separation with digital filters (Eckhardt, 2005) in the framework, as well as multi-

objective optimization principles. Besides, including specific selection criteria allowed for developing 

models with a hydrological meaning, therefore useful for simulating alternative scenarios. 

Accordingly, and noting that the framework requires solely rainfall and streamflow data as inputs, it 

is possible to say that the first two challenges were overcome. 

 

The hydrological models developed under the proposed framework performed better than the 

data-intensive semi-distributed model previously setup and calibrated for the same headwater 

catchment in Colombia. Meanwhile, the uncertainty level of the present approach is less than the data-

intensive semi-distributed model as the proposed approach uses observed data as a proxy of the water 

storage in the catchment. Moreover, although modeling daily streamflow was successful, long sub-

daily simulations are still far from acceptable despite a set of well-reproduced short individual events. 

Thus, improving the quality of sub-daily data and computational methods to calibrate models with 

larger high-resolution series is still needed. Possible solutions to improve the quality of these data 

include employing state-of-the-art image recognition and artificial intelligence to upgrade the 

currently available tools to digitize hydrological hardcopy records (e.g., Burboa et al., 2020; Fuentes 

et al., 2018; Pizarro-Tapia et al., 2020). During this process, expert knowledge is essential to 

guarantee a proper digitization of time series. It is important to note that vast amounts of hydrological 

information in headwater catchments are still stored in an analog format (e.g., reports, hardcopy 
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graphs). Thus, even when newer digital and automatic stations become ubiquitous in developing 

countries, the design of decision support models and real-time hydrological forecasts still relies on 

the quality of time series extracted from these analog formats. To improve the computational 

methods, it is possible to design more efficient algorithms that take advantage of increasingly 

powerful personal computers and high-performance computing clusters. Although such power may 

be limited in developing countries, cloud computing and open-source alternatives are now widely 

available. Therefore, the collaborative and interdisciplinary work involving hydrologists and 

computer scientists could be a suitable strategy to exploit these alternatives. 

 

Considering results from the case study, future work can take several directions. The first is 

directed to the simulation of headwater hydrology under non-stationary conditions, given the highly 

dynamic character of these catchments. Although this Thesis focused on constant parameter models 

for stationary periods as the simplest case, these models are the base for developing time variable 

parameter models, possibly under the downward technique. Keeping the same parameters, now 

variable in time, these models should be suitable for evaluating alternative scenarios during longer 

non-stationary periods (e.g., including the period before 2013 as shown in Fig. 5.4). The second 

concerns studying the relationship between parameter values and changes in land use. This should be 

addressed through the analysis of satellite imagery, for example, and would broaden the physical 

meaning of the models. A third direction could be toward a better understanding of headwaters’ 

baseflow. Although the digital filter employed was proven appropriate in several watersheds, its 

performance in headwater catchments still needs to be verified and compared with other alternative 

separation techniques such as the Kalman filter and neural networks. Conducting baseflow field 

measurements in headwater catchments should be useful for this purpose.  

 

A final direction is the integration of the hydrological models developed in this study with other 

water quality models to better manage water resources in headwater catchments. Given their first-

order transfer function structure, this should be possible with water quality models following similar 

schemes such as the Aggregated Dead Zone (ADZ) model (Beer & Young, 1983) for conservative solute 

transport, and the extended Quality Simulation Along River Systems (QUASAR) model for other 

water quality constituents (Lees et al., 1998; Santos and L.A. Camacho, 2022). Such integration would 

allow describing water quality of both surface and subsurface flows, since baseflow and surface runoff 

are separated in this framework. 

 

6.2 Water quality 

To sum up, a framework to face the challenge of having limited and heterogeneous water quality 

data in the catchments of interest was proposed. The framework is specifically designed for: i) 

conducting a comprehensive assessment of water quality; ii) development of a water quality model 

based on such said assessment; and iii) the simulation of scenarios with the model to resolve conflicts 

between uses and quality of water. The framework involves multivariate analyses of principal 

components and clusters and follows a modeling protocol designed for mountainous streams in 

developing countries. Given the successful application of the framework in the case study for the three 
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purposes highlighted before, it is possible to say that the three challenges were overcome. Specifically, 

the results in the case study led to the following conclusions. 

 

6.2.1 Information analysis 

Results in the case study show that the different analyses employed were suitable to collect, 

organize, and assess limited yet heterogeneous water quality records. These analyses were 

particularly useful in identifying the most relevant contaminants and clusters of sites with similar 

pollution levels. Additionally, summarizing water quality information with these clusters allowed 

for the identification of the most polluted sites, the description of yearly contamination patterns, 

and the recognition of conflicts between uses and quality of water. Besides, it was possible to 

evaluate the quality, consistency, and validity of data. Given these outcomes in the case study, it 

is possible to anticipate that employing these analyses in other headwater catchments, facing 

similar challenges, could be valuable as well. Gaining similar insights on contamination levels, 

patterns, and conflicts could be important for researchers, policy makers and stakeholders. 

Furthermore, results of these analyses could lay the groundwork for the subsequent development 

of water quality models. 

 

6.2.2 Development of a water quality model 

Starting from previous analyses, the proposed activities were suitable for implementing, 

calibrating, and verifying a water quality model in the catchment of interest. Focusing on 

conventional water constituents under steady state conditions, it was possible to obtain a 

QUAL2kw model with a certain predictive capacity supported by the values of the objective 

function during calibration and verification. The careful analysis of the parameters and their 

uncertainty allowed us to recognize model limitations, as well as the role of all constituents to 

achieve a good performance. 

 
About the limitations, having a difficult terrain was a significant source of uncertainty since 

it impeded reaching every pollution source and including it in the model. Besides, not having data 

collected on-site from tracer experiments also adds uncertainty to the velocity of pollutants 

traveling in the catchment. Note that Eq. (3.6) and synthetic experiments allowed for an 

estimation of dispersion coefficients (D) that is in line with typical values in mountain rivers. Yet, 

having field data is always preferable since it allows for precise estimates of pollutant’s velocities, 

which is key to reduce uncertainty. Since these issues can be found in other headwaters of 

developing countries, present research could serve as a reference for designing improved 

monitoring protocols in similar catchments. In any case, acknowledging the limitations is 

especially important when simulating alternative scenarios and making future improvements to 

the model. 

 

Turning to the role of all constituents, involving plants and algae was key to reproduce the 

concentrations of nutrients and dissolved oxygen in the modeled streams. This confirms the 

importance of such aquatic organisms in the balance of nutrients and oxygen in mountainous 

streams. Finally, given the numerous toxicants found, subsequent work should focus on 
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implementing a toxicant model, such as WASP, for those found relevant after the analysis of 

principal components. 

 

6.2.3 Simulation of scenarios 

Based on previous analyses and model development, the activities proposed allowed for the 

identification of potential conflicts between uses and quality of water. This is a key step before 

simulating scenarios because it allows for the detection of conflicting situations that need to be 

addressed. Grouping monitoring sites in clusters played a significant role, since identifying 

conflicts in a few groups is simpler than assessing monitoring sites individually. If details on these 

sites are needed, it is always possible to disaggregate data and evaluate the components of each 

cluster separately. The critical scenario is valuable as well, considering that it represents the most 

polluted season in the catchment. Hence, local stakeholders need to change that scenario if they 

intend to use water of appropriate quality throughout the year. 

 

Simulating alternative scenarios provided two main findings to pursue change. First, adding 

treatment to the main discharge of domestic wastewater is not sufficient for resolving the 

identified conflicts. This means that centralized treatment is already insufficient to manage 

pollution in the case study, despite centralized treatment’s capacity to remove significant 

polluting loads. Second, preventing conflicts requires improving water quality in the sub-basins 

at the highest altitudes. Given the numerous and diverse sources of pollution, improvement 

requires the commitment of different local stakeholders. Furthermore, the amount and diversity 

are not unique to this area, making the proposed framework potentially useful to simulate 

scenarios in other regions. In particular, this framework should support the definition of 

conflicting situations, as well as the dimensioning of possible solutions. Take into consideration 

that it is possible to design and simulate many additional scenarios, yet the two proposed here 

can be practical points of reference. 

 

Considering the above conclusions, future work could take several pathways. One of them is 

related to improving the analysis of water quality information. We believe this path is important since 

several subjective assumptions were required when performing the analysis. When classifying 

monitoring sites in clusters, these assumptions include the interpretation of the dendrogram aided by 

professional judgement and the arbitrary selection of methods to build this diagram with CA. When 

defining the most relevant constituents, splitting data into conventional and toxic constituents may 

also be considered arbitrary, as well as the coefficient thresholds used in PCA. Accordingly, further 

research on this subject could lead to the establishment of better criteria to avoid subjective 

assumptions. These criteria could lead to making the analysis more efficient and even automatic. 

 

A second pathway is related to reducing model uncertainty and increasing its predictive capacity. 

As previously stated, a difficult terrain makes it hard to reach and sample every pollution source, and 

therefore contributes to model uncertainty. As a consequence, designing improved monitoring 

protocols and sampling equipment are key aspects to reduce such uncertainty. The improvements 

should be directed to reducing monitoring costs as well as to facilitate sampling in difficult terrains. 
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In addition, the high number of undetected values and the few records in sediments were highlighted 

as significant limitations. Facing the limitations is possible by using more sensitive detection 

equipment, as well as monitoring sediments more frequently. Reducing such uncertainty could lead 

to better models, better predictions, and lay the foundations for the development of accurate models 

for toxicants. 

 

A third pathway centers on improving water quality in headwater catchments of developing 

countries. To this end, the case study provided evidence on how the proposed framework can be useful 

for several purposes. These purposes include describing yearly pollution regimes, identifying the most 

polluted locations, and estimating the load reduction required to resolve water quality conflicts. 

Correspondingly, replicating this framework in other comparable catchments should be useful for 

similar aims. The case study also exemplified how traditional centralized treatment is already 

insufficient for facing current pollution issues, even at high altitudes. Therefore, significant efforts are 

needed to design innovations that allow for the management of these issues, in an environment of 

difficult terrains and limited resources. Every effort in these regions is meaningful, as they are home 

to more than 600 million inhabitants. 
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Appendix A. Availability of data and code 

The two repositories where the data, models and code, needed to reproduce and build on the 

results of this Thesis, can be accessed through their corresponding DOI URL specified below: 

▪ Repository 1 – Water Quantity: Fernandez, N. (2022). Repository of Rainfall-Streamflow 

Datasets and Models for the Lenguazaque River Basin (Cundinamarca, Colombia). In Mendeley 

Data, V1. Mendeley Data, V1. https://doi.org/10.17632/7fj3mddx73.1 

▪ Repository 2 – Water Quality: Fernandez, N. (2022). Repository of Water Quality Datasets & 

Models for the Lenguazaque River Basin (Cundinamarca, Colombia)”, Mendeley Data, V1, 

https://doi.org/doi: 10.17632/4xkc5jtjj5.1 

 

The structure of these repositories is described as follows: 

 

Repository 1 – Water Quantity: 

 

This repository contains the datasets, models, and code necessary to reproduce the methods 

related to water quantity described in Section 3.2 in the study area presented in Chapter 4. Note 

that these materials led to the results presented in Chapter 5. The repository is organized 

according to the following description: 

 

▪ Folder 1 (RawData): This folder contains the time series of rainfall and streamflow, in daily 

and sub-daily resolutions, available for all hydrometeorological stations shown in Fig. 5.1. 

Note that the quality, consistency and validity of these time series have not yet been assessed 

with the methods explained in Section 3.2.1.3. Hence, outliers and missing records are still 

found in these series. 

▪ Folder 2 (ProcessedData): This folder contains the time series available at the same stations 

of the previous folder, this time after assessing data quality, consistency, and validity, and 

handling outliers and missing data, as explained in Section 3.2.1.3. Thus, these records 

contain the complete time series considered for modeling as presented in Fig. 5.6. 

▪ Folder 3 (ModelResults): This folder contains the time series resulting from the hydrological 

models employed in this Thesis. These time series include the SWAT model results as shown 

in Fig. 5.9, results of the daily models as shown in Fig. 5.10, and outcomes of the sub-daily 

models presented in Figs. 5.11 and 5.12. 

▪ Folder 4 (Code): This folder contains the codes used to carry out the three stages of the 

proposed framework for hydrological modeling, as presented in Figs. 3.1 and 3.2. These codes 

lead to the results presented in Section 5.2. The codes are organized in three subfolders, one 

for each stage, and are mostly written in Matlab. Only those related to computing Isohyets are 

written in Python. Codes are numbered following the order of the activities of the proposed 

framework as closely as possible.  

https://doi.org/10.17632/7fj3mddx73.1
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Repository 2 – Water Quality: 

 

This repository contains the datasets, models, and code necessary to reproduce the methods 

related to water quality described in Section 3.3 in the study area presented in Chapter 4. Note 

that these materials led to the results presented in Chapter 5. The repository is organized 

according to the following description: 

 

▪ Folder 1 (Data): This folder contains all primary and secondary water quality records available 

at the sites presented in Fig. 5.19 and described in Table 5.7. 

▪ Folder 2 (Models): This folder contains all QUAL2Kw model files with the results presented 

in Section 5.3.2.3. Files are available for calibrated and verified models in Streams A, B, and C 

as defined in Fig. 5.25. The files include models with optimal parameters, as well as quantiles 

2.5 and 97.5 quantiles as presented in Table 5.13. 

▪ Folder 3 (Code): This folder contains the analyses of the three stages of the proposed 

framework for water quality modeling, as presented in Table 3.2, where code was involved. All 

codes were written in Matlab and are numbered following the order of the activities of the 

proposed framework as closely as possible. 
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Appendix B. Univariate statistics for conventional constituents 

Table B.1 Univariate statistics for conventional determinands in sub-basins S1 and S3. 

Determinand 

(units) 
Statistic S1:1 S1:2 S1:3 S1:4 S3:1 S3:2 S3:3 

Acidity 

(mg CaCO3/L) 

Range - - - 4.6 - 6 6 - 10.25 6 - 6 4.4 - 4.4 

Mean - - - 5.533 8.038 6 4.4 

N (A, B) * 0 (0, 0) 0 (0, 0) 0 (0, 0) 3 (1, 2) 4 (2, 2) 4 (0, 4) 1 (1, 0) 

Alkalinity 

(mg CaCO3/L) 

Range 37.4 - 37.4 - 18.7 - 34.2 14.9 - 57.2 9.1 - 29 171 - 435 20.2 - 27.3 

Mean 37.4 - 26.45 27.217 17.82 238.8 23.75 

N (A, B) 1 (1, 0) 0 (0, 0) 2 (2, 0) 6 (6, 0) 5 (5, 0) 5 (5, 0) 2 (2, 0) 

Bacteria: E Coli 

(MPN/100ml) 

Range - 100 - 3100 - - 410 - 170000 130000 - 

39000000 

- 

Mean - 788 - - 37698.571 18447142.9 - 

N (A, B) 0 (0, 0) 5 (4, 1) 0 (0, 0) 0 (0, 0) 7 (7, 0) 7 (7, 0) 0 (0, 0) 

Bacteria: E Coli 

(CFU/100ml) 

Range 1800 - 1800 - 100 - 200 2000 - 2000 - - 17000 - 48000 

Mean 1800 - 150 2000 - - 32500 

N (A, B) 1 (1, 0) 0 (0, 0) 2 (2, 0) 1 (1, 0) 0 (0, 0) 0 (0, 0) 2 (2, 0) 

Bacteria: Tot. Coliforms 

(MPN/100ml) 

Range 2000 - 2000 - 4500 - 4500 1200 - 50000 630 - 240000 240000 - 

120000000 

- 

Mean 2000 - 4500 15780 83761.429 63177142.9 - 

N (A, B) 1 (1, 0) 0 (0, 0) 1 (1, 0) 5 (5, 0) 7 (7, 0) 7 (7, 0) 0 (0, 0) 

Bacteria: Tot. Coliforms 

(CFU/100ml) 

Range 18000 - 18000 - 5400 - 8800 11000 - 11000 - - 117000 - 129000 

Mean 18000 - 7100 11000 - - 123000 

N (A, B) 1 (1, 0) 0 (0, 0) 2 (2, 0) 1 (1, 0) 0 (0, 0) 0 (0, 0) 2 (2, 0) 

BOD: 5 day Total 

(mgO2/L) 

Range 2.8 - 2.8 - 3.6 - 4.2 1.5 - 8 2 - 7.8 4.8 - 441 5.4 - 7 

Mean 2.8 - 3.9 3.367 3.171 302.971 6.2 

N (A, B) 1 (1, 0) 0 (0, 0) 2 (2, 0) 6 (4, 2) 7 (3, 4) 7 (7, 0) 2 (2, 0) 

BOD: 5 day Soluble 

(mgO2/L) 

Range 2 - 2 - 1.1 - 2.2 3.2 - 3.2 2 - 7.6 94.3 - 315 1.6 - 1.6 

Mean 2 - 1.65 3.2 4.025 194.325 1.6 

N (A, B) 1 (1, 0) 0 (0, 0) 2 (2, 0) 1 (1, 0) 4 (3, 1) 4 (4, 0) 1 (1, 0) 

BOD: 30 day 

(mgO2/L) 

Range - - - 3.4 - 3.4 - - 16.6 - 16.6 

Mean - - - 3.4 - - 16.6 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 1 (1, 0) 0 (0, 0) 0 (0, 0) 1 (1, 0) 

Chlorophyll A 

(mg/m3) 

Range - - 4 - 4 - - - 65 - 65 

Mean - - 4 - - - 65 

N (A, B) 0 (0, 0) 0 (0, 0) 1 (1, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 1 (1, 0) 

COD: Total 

(mgO2/L) 

Range 14.7 - 14.7 - 18.7 - 21.8 10 - 73.1 10 - 61.4 24.7 - 1504 29.8 - 30 

Mean 14.7 - 20.25 29.15 25.571 675.714 29.9 

N (A, B) 1 (1, 0) 0 (0, 0) 2 (2, 0) 6 (5, 1) 7 (6, 1) 7 (7, 0) 2 (2, 0) 

COD: Soluble 

(mgO2/L) 

Range 10.5 - 10.5 - 9.9 - 14.1 - 14.9 - 52.7 124 - 255 15.7 - 15.7 

Mean 10.5 - 12 - 27.6 208 15.7 

N (A, B) 1 (1, 0) 0 (0, 0) 2 (2, 0) 0 (0, 0) 4 (4, 0) 3 (3, 0) 1 (1, 0) 

Color 

(Pt/Co) 

Range - - - 20 - 60 14 - 40 19 - 130 40 - 40 

Mean - - - 40 23.6 62.25 40 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 3 (3, 0) 5 (5, 0) 4 (4, 0) 1 (1, 0) 

Conductivity 

(µS/cm) 

Range 126.6 - 126.6 689 - 689 91.5 - 169.9 82.9 - 144 57.5 - 143 79.8 - 1336 91.8 - 118 

Mean 126.6 689 130.7 120.217 98.657 881.543 104.9 

N (A, B) 1 (1, 0) 1 (1, 0) 2 (2, 0) 6 (6, 0) 7 (7, 0) 7 (7, 0) 2 (2, 0) 
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Determinand 

(units) 
Statistic S1:1 S1:2 S1:3 S1:4 S3:1 S3:2 S3:3 

Dissolved Oxygen 

(mg/L) 

Range 3.85 - 3.85 4.67 - 4.67 2.65 - 6.01 0.6 - 5.2 4.6 - 7.5 0 - 5 3.7 - 5.2 

Mean 3.85 4.67 4.33 3.637 6.214 1.069 4.45 

N (A, B) 1 (1, 0) 1 (1, 0) 2 (2, 0) 6 (6, 0) 7 (7, 0) 7 (7, 0) 2 (2, 0) 

Hardness: Ca 

(mg CaCO3/L) 

Range - - - 15 - 15 - - 10 - 10 

Mean - - - 15 - - 10 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 1 (1, 0) 0 (0, 0) 0 (0, 0) 1 (1, 0) 

Hardness: Total 

(mg CaCO3/L) 

Range - - - 18 - 45.75 27.68 - 39.33 66.69 - 121.25 12 - 12 

Mean - - - 36.44 33.733 94.44 12 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 5 (5, 0) 4 (4, 0) 4 (4, 0) 1 (1, 0) 

N: Ammonia 

(mg/L) 

Range 0.9 - 0.9 - 0.16 - 0.3 0.09 - 0.7 0.7 - 1.069 0.7 - 97.8 0.8 - 1.03 

Mean 0.9 - 0.23 0.598 0.753 41.339 0.915 

N (A, B) 1 (1, 0) 0 (0, 0) 2 (2, 0) 6 (1, 5) 7 (1, 6) 7 (6, 1) 2 (2, 0) 

N: Nitrate 

(mg/L) 

Range 0.44 - 0.44 - 0.11 - 0.97 0.279 - 1.2 0.19 - 0.575 0.1 - 1.04 0.11 - 0.8 

Mean 0.44 - 0.54 0.668 0.385 0.595 0.455 

N (A, B) 1 (1, 0) 0 (0, 0) 2 (1, 1) 6 (5, 1) 7 (6, 1) 7 (4, 3) 2 (0, 2) 

N: Nitrite 

(mg/L) 

Range 0.04 - 0.04 - 0.041 - 0.041 0.003 - 0.5 0.004 - 0.5 0.004 - 0.5 0.029 - 0.029 

Mean 0.04 - 0.041 0.112 0.167 0.197 0.029 

N (A, B) 1 (1, 0) 0 (0, 0) 1 (1, 0) 6 (3, 3) 7 (1, 6) 6 (2, 4) 1 (1, 0) 

N: TKN 

(mg/L) 

Range 1.3 - 1.3 - 0.9 - 1.1 0.9 - 1.2 1 - 1.3 31.3 - 140 1.7 - 2.1 

Mean 1.3 - 1 1.067 1.15 77.6 1.9 

N (A, B) 1 (1, 0) 0 (0, 0) 2 (1, 1) 3 (2, 1) 4 (3, 1) 4 (4, 0) 2 (2, 0) 

N: Total 

(mg/L) 

Range - - - 1 - 2.4 0.19 - 1.45 50.6 - 140 - 

Mean - - - 1.546 0.96 82.465 - 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 5 (3, 2) 4 (3, 1) 4 (4, 0) 0 (0, 0) 

Oil & Grease 

(mg/L) 

Range - - 3.6 - 3.6 8 - 39 10 - 95 10 - 52.4 3.6 - 9.5 

Mean - - 3.6 19.333 38.333 28.025 6.55 

N (A, B) 0 (0, 0) 0 (0, 0) 1 (0, 1) 3 (2, 1) 3 (1, 2) 4 (2, 2) 2 (1, 1) 

P: SRP 

(mg/L) 

Range 0.13 - 0.13 - 0.01 - 0.15 0.023 - 1 0.01 - 1 3.46 - 19.09 0.01 - 0.13 

Mean 0.13 - 0.08 0.292 0.352 10.185 0.07 

N (A, B) 1 (1, 0) 0 (0, 0) 2 (1, 1) 5 (3, 2) 7 (3, 4) 4 (4, 0) 2 (1, 1) 

P: Total 

(mg/L) 

Range 0.38 - 0.38 - 0.17 - 0.33 0.06 - 2.191 0.06 - 0.188 0.165 - 14.926 0.16 - 0.24 

Mean 0.38 - 0.25 0.454 0.122 8.103 0.2 

N (A, B) 1 (1, 0) 0 (0, 0) 2 (2, 0) 6 (4, 2) 7 (6, 1) 7 (7, 0) 2 (2, 0) 

pH 

(pH) 

Range 6.83 - 6.83 4.42 - 4.42 6.25 - 6.53 6.25 - 7.31 6.3 - 7.5 6.9 - 8.33 6.23 - 6.76 

Mean 6.83 4.42 6.39 6.782 7.14 7.521 6.495 

N (A, B) 1 (1, 0) 1 (1, 0) 2 (2, 0) 6 (6, 0) 7 (7, 0) 7 (7, 0) 2 (2, 0) 

Streamflow 

(m3/s) 

Range 0.174 - 0.174 - 0.076 - 2.332 0.264 - 0.698 0.112 - 0.48 0.001 - 0.006 0.252 - 0.448 

Mean 0.174 - 1.204 0.487 0.296 0.003 0.35 

N (A, B) 1 (1, 0) 0 (0, 0) 2 (2, 0) 4 (4, 0) 2 (2, 0) 4 (4, 0) 2 (2, 0) 

Solids: Dissolved 

(mg/L) 

Range - - 67 - 67 - - - 62 - 62 

Mean - - 67 - - - 62 

N (A, B) 0 (0, 0) 0 (0, 0) 1 (1, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 1 (1, 0) 

Solids: Sedimentable 

(mg/L) 

Range - - - - - - - 

Mean - - - - - - - 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 

Solids Total 

(mg/L) 

Range 130 - 130 - 158 - 158 76 - 174 53 - 264 603 - 1036 110 - 110 

Mean 130 - 158 109.333 116.717 807.833 110 

N (A, B) 1 (1, 0) 0 (0, 0) 1 (1, 0) 6 (6, 0) 6 (6, 0) 6 (6, 0) 1 (1, 0) 

Solids: Total Suspended 

(mg/L) 

Range 10 - 10 - 15 - 29 4 - 40 5.5 - 144 27 - 673 14 - 18 

Mean 10 - 22 16.167 47.957 298.143 16 
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Determinand 

(units) 
Statistic S1:1 S1:2 S1:3 S1:4 S3:1 S3:2 S3:3 

N (A, B) 1 (1, 0) 0 (0, 0) 2 (2, 0) 6 (5, 1) 7 (7, 0) 7 (7, 0) 2 (2, 0) 

Solids: Volatile Suspended 

(mg/L) 

Range 2.6 - 2.6 - 4.3 - 7 - - - 5.7 - 5.7 

Mean 2.6 - 5.65 - - - 5.7 

N (A, B) 1 (1, 0) 0 (0, 0) 2 (2, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 1 (1, 0) 

Surfactants 

(mg/L) 

Range - - - 0.03 - 0.1 0.16 - 0.4 0.4 - 6.76 0.22 - 0.22 

Mean - - - 0.065 0.352 3.786 0.22 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 2 (1, 1) 5 (1, 4) 5 (4, 1) 1 (1, 0) 

Temperature: Air 

(°C) 

Range 25 - 25 25 - 25 23 - 28.6 16.8 - 21.5 15.8 - 23.2 16 - 17.9 22.5 - 22.5 

Mean 25 25 25.8 19.65 18.45 16.925 22.5 

N (A, B) 1 (1, 0) 1 (1, 0) 2 (2, 0) 4 (4, 0) 4 (4, 0) 4 (4, 0) 1 (1, 0) 

Temperature: Water 

(°C) 

Range 17.3 - 17.3 16.5 - 16.5 14.9 - 18.5 13.9 - 17.5 12.8 - 14.7 14.8 - 18.2 13.91 - 14.7 

Mean 17.3 16.5 16.7 16.152 13.667 17.05 14.305 

N (A, B) 1 (1, 0) 1 (1, 0) 2 (2, 0) 6 (6, 0) 6 (6, 0) 6 (6, 0) 2 (2, 0) 

TOC 

(mg/L) 

Range - - - 9.2 - 9.91 9.3 - 9.3 167 - 167 - 

Mean - - - 9.555 9.3 167 - 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 2 (2, 0) 1 (1, 0) 1 (1, 0) 0 (0, 0) 

Turbidity 

(NTU) 

Range - - - 5.9 - 69.4 7.6 - 71.5 128 - 253 17.8 - 17.8 

Mean - - - 22.85 33.64 202 17.8 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 6 (6, 0) 5 (5, 0) 5 (5, 0) 1 (1, 0) 
* N: Number of records; A & B: Number of records above and below detection limits. 

Table B.2 Univariate statistics for conventional determinands in sub-basins S4 and S5. 

Determinand 

(units) 
Statistic S4:1 S4:2 S4:3 S4:4 S4:5 S5:1 

Acidity 

(mg CaCO3/L) 

Range 6 - 6 27.2 - 27.2 10.6 - 10.6 26.3 - 26.3 319 - 319 - 

Mean 6 27.2 10.6 26.3 319 - 

N (A, B) * 1 (0, 1) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 0 (0, 0) 

Alkalinity 

(mg CaCO3/L) 

Range - 5 - 5 12.8 - 12.8 6.5 - 6.5 - 146 - 146 

Mean - 5 12.8 6.5 - 146 

N (A, B) 0 (0, 0) 1 (0, 1) 1 (1, 0) 1 (1, 0) 0 (0, 0) 1 (1, 0) 

Bacteria: E Coli 

(MPN/100ml) 

Range - - 5800 - 5800 1100 - 1100 - - 

Mean - - 5800 1100 - - 

N (A, B) 0 (0, 0) 0 (0, 0) 1 (1, 0) 1 (1, 0) 0 (0, 0) 0 (0, 0) 

Bacteria: E Coli 

(CFU/100ml) 

Range - - - - - 6000 - 6000 

Mean - - - - - 6000 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 1 (1, 0) 

Bacteria: Tot. Coliforms 

(MPN/100ml) 

Range - - 560 - 560 86 - 86 - - 

Mean - - 560 86 - - 

N (A, B) 0 (0, 0) 0 (0, 0) 1 (1, 0) 1 (1, 0) 0 (0, 0) 0 (0, 0) 

Bacteria: Tot. Coliforms 

(CFU/100ml) 

Range - - - - - 66000 - 66000 

Mean - - - - - 66000 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 1 (1, 0) 

BOD: 5 day Total 

(mgO2/L) 

Range 3.2 - 3.2 2 - 2 2 - 2 2 - 2 11 - 11 3.89 - 3.89 

Mean 3.2 2 2 2 11 3.89 

N (A, B) 1 (1, 0) 1 (0, 1) 1 (0, 1) 1 (0, 1) 1 (1, 0) 1 (1, 0) 

BOD: 5 day Soluble 

(mgO2/L) 

Range - - - - - 1 - 1 

Mean - - - - - 1 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 1 (0, 1) 

BOD: 30 day 

(mgO2/L) 

Range - - - - - - 

Mean - - - - - - 
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Determinand 

(units) 
Statistic S4:1 S4:2 S4:3 S4:4 S4:5 S5:1 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 

Chlorophyll A 

(mg/m3) 

Range - - - - - - 

Mean - - - - - - 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 

COD: Total 

(mgO2/L) 

Range 10 - 10 16.3 - 16.3 10 - 10 77.69 - 77.69 21.7 - 21.7 219 - 219 

Mean 10 16.3 10 77.69 21.7 219 

N (A, B) 1 (0, 1) 1 (1, 0) 1 (0, 1) 1 (1, 0) 1 (1, 0) 1 (1, 0) 

COD: Soluble 

(mgO2/L) 

Range - - - - - 3.27 - 3.27 

Mean - - - - - 3.27 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 1 (1, 0) 

Color 

(Pt/Co) 

Range 3 - 3 5 - 5 40 - 40 40 - 40 10 - 10 5 - 5 

Mean 3 5 40 40 10 5 

N (A, B) 1 (0, 1) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 

Conductivity 

(µS/cm) 

Range - 687 - 687 52.3 - 52.3 63.3 - 63.3 2340 - 2340 - 

Mean - 687 52.3 63.3 2340 - 

N (A, B) 0 (0, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 0 (0, 0) 

Dissolved Oxygen 

(mg/L) 

Range - 3.3 - 3.3 4.45 - 4.45 4.94 - 4.94 2.8 - 2.8 - 

Mean - 3.3 4.45 4.94 2.8 - 

N (A, B) 0 (0, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 0 (0, 0) 

Hardness: Ca 

(mg CaCO3/L) 

Range - 137 - 137 9.29 - 9.29 9.39 - 9.39 704 - 704 - 

Mean - 137 9.29 9.39 704 - 

N (A, B) 0 (0, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 0 (0, 0) 

Hardness: Total 

(mg CaCO3/L) 

Range 89.2 - 89.2 284 - 284 10.65 - 10.65 10.78 - 10.78 1137 - 1137 - 

Mean 89.2 284 10.65 10.78 1137 - 

N (A, B) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 0 (0, 0) 

N: Ammonia 

(mg/L) 

Range 0.7 - 0.7 0.7 - 0.7 0.7 - 0.7 0.7 - 0.7 5 - 5 0.43 - 0.43 

Mean 0.7 0.7 0.7 0.7 5 0.43 

N (A, B) 1 (0, 1) 1 (0, 1) 1 (0, 1) 1 (0, 1) 1 (1, 0) 1 (1, 0) 

N: Nitrate 

(mg/L) 

Range 0.359 - 0.359 0.1 - 0.1 0.113 - 0.113 0.113 - 0.113 0.1 - 0.1 0.11 - 0.11 

Mean 0.359 0.1 0.113 0.113 0.1 0.11 

N (A, B) 1 (1, 0) 1 (0, 1) 1 (0, 1) 1 (0, 1) 1 (0, 1) 1 (0, 1) 

N: Nitrite 

(mg/L) 

Range 0.005 - 0.005 0.004 - 0.004 0.152 - 0.152 0.152 - 0.152 0.004 - 0.004 - 

Mean 0.005 0.004 0.152 0.152 0.004 - 

N (A, B) 1 (1, 0) 1 (0, 1) 1 (0, 1) 1 (0, 1) 1 (0, 1) 0 (0, 0) 

N: TKN 

(mg/L) 

Range 2.5 - 2.5 1 - 1 1 - 1 1.77 - 1.77 5.07 - 5.07 3.4 - 3.4 

Mean 2.5 1 1 1.77 5.07 3.4 

N (A, B) 1 (1, 0) 1 (0, 1) 1 (0, 1) 1 (1, 0) 1 (1, 0) 1 (1, 0) 

N: Total 

(mg/L) 

Range - - 0 - 0 1.77 - 1.77 5.07 - 5.07 - 

Mean - - 0 1.77 5.07 - 

N (A, B) 0 (0, 0) 0 (0, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 0 (0, 0) 

Oil & Grease 

(mg/L) 

Range 10 - 10 10 - 10 10 - 10 10 - 10 10 - 10 5.2 - 5.2 

Mean 10 10 10 10 10 5.2 

N (A, B) 1 (0, 1) 1 (0, 1) 1 (0, 1) 1 (0, 1) 1 (0, 1) 1 (1, 0) 

P: SRP 

(mg/L) 

Range 0.01 - 0.01 - 0.326 - 0.326 0.326 - 0.326 - 0.02 - 0.02 

Mean 0.01 - 0.326 0.326 - 0.02 

N (A, B) 1 (0, 1) 0 (0, 0) 1 (0, 1) 1 (0, 1) 0 (0, 0) 1 (0, 1) 

P: Total 

(mg/L) 

Range 0.06 - 0.06 0.06 - 0.06 0.06 - 0.06 0.576 - 0.576 1.557 - 1.557 0.89 - 0.89 

Mean 0.06 0.06 0.06 0.576 1.557 0.89 

N (A, B) 1 (0, 1) 1 (1, 0) 1 (0, 1) 1 (1, 0) 1 (1, 0) 1 (1, 0) 

pH Range 7.11 - 7.11 4.4 - 4.4 6.55 - 6.55 6.67 - 6.67 3.92 - 3.92 - 
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Determinand 

(units) 
Statistic S4:1 S4:2 S4:3 S4:4 S4:5 S5:1 

(pH) Mean 7.11 4.4 6.55 6.67 3.92 - 

N (A, B) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 0 (0, 0) 

Streamflow 

(m3/s) 

Range - 0.002 - 0.002 - - - - 

Mean - 0.002 - - - - 

N (A, B) 0 (0, 0) 1 (1, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 

Solids: Dissolved 

(mg/L) 

Range - - - - - - 

Mean - - - - - - 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 

Solids: Sedimentable 

(mg/L) 

Range 0.1 - 0.1 0.1 - 0.1 0.1 - 0.1 1 - 1 0.1 - 0.1 - 

Mean 0.1 0.1 0.1 1 0.1 - 

N (A, B) 1 (0, 1) 1 (0, 1) 1 (0, 1) 1 (1, 0) 1 (0, 1) 0 (0, 0) 

Solids Total 

(mg/L) 

Range - - - - - - 

Mean - - - - - - 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 

Solids: Total Suspended 

(mg/L) 

Range 7 - 7 7 - 7 6 - 6 214 - 214 28 - 28 420 - 420 

Mean 7 7 6 214 28 420 

N (A, B) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 

Solids: Volatile Suspended 

(mg/L) 

Range - - - - - 60 - 60 

Mean - - - - - 60 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 1 (1, 0) 

Surfactants 

(mg/L) 

Range 0.4 - 0.4 0.4 - 0.4 0.4 - 0.4 0.4 - 0.4 0.4 - 0.4 0.02 - 0.02 

Mean 0.4 0.4 0.4 0.4 0.4 0.02 

N (A, B) 1 (0, 1) 1 (0, 1) 1 (0, 1) 1 (0, 1) 1 (0, 1) 1 (0, 1) 

Temperature: Air 

(°C) 

Range 15.2 - 15.2 12.1 - 12.1 16.3 - 16.3 16.9 - 16.9 12.9 - 12.9 - 

Mean 15.2 12.1 16.3 16.9 12.9 - 

N (A, B) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 0 (0, 0) 

Temperature: Water 

(°C) 

Range 16.7 - 16.7 14.6 - 14.6 13.7 - 13.7 15.8 - 15.8 18.3 - 18.3 - 

Mean 16.7 14.6 13.7 15.8 18.3 - 

N (A, B) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 0 (0, 0) 

TOC 

(mg/L) 

Range - - - - - - 

Mean - - - - - - 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 

Turbidity 

(NTU) 

Range - - 5.53 - 5.53 185 - 185 - 1379 - 1379 

Mean - - 5.53 185 - 1379 

N (A, B) 0 (0, 0) 0 (0, 0) 1 (1, 0) 1 (1, 0) 0 (0, 0) 1 (1, 0) 
* N: Number of records; A & B: Number of records above and below detection limits. 

Table B.3 Univariate statistics for conventional determinands in sub-basin S2: Part 1. 

Determinand 

(units) 
Statistic S2:1 S2:2 S2:3 S2:4 S2:5 S2:6 

Acidity 

(mg CaCO3/L) 

Range 3.5 - 3.5 - - - - 4.8 - 32.14 

Mean 3.5 - - - - 16.835 

N (A, B) * 1 (1, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 4 (3, 1) 

Alkalinity 

(mg CaCO3/L) 

Range 0.5 - 4.6 3.9 - 3.9 6.2 - 6.2 17.3 - 17.3 13.8 - 13.8 5 - 27.1 

Mean 2.55 3.9 6.2 17.3 13.8 11.371 

N (A, B) 2 (1, 1) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 7 (6, 1) 

Bacteria: E Coli 

(MPN/100ml) 

Range 1 - 1 - - - - 10 - 1000 

Mean 1 - - - - 388.333 

N (A, B) 1 (0, 1) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 6 (4, 2) 

Bacteria: E Coli Range 100 - 200 100 - 100 100 - 100 100 - 100 100 - 100 100 - 1000 
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Determinand 

(units) 
Statistic S2:1 S2:2 S2:3 S2:4 S2:5 S2:6 

(CFU/100ml) Mean 150 100 100 100 100 533.333 

N (A, B) 2 (2, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 3 (3, 0) 

Bacteria: Tot. Coliforms 

(MPN/100ml) 

Range - - 4500 - 4500 2000 - 2000 2000 - 2000 440 - 11000 

Mean - - 4500 2000 2000 5720 

N (A, B) 0 (0, 0) 0 (0, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 7 (7, 0) 

Bacteria: Tot. Coliforms 

(CFU/100ml) 

Range 800 - 1000 2100 - 2100 4800 - 4800 6500 - 6500 5600 - 5600 3800 - 23000 

Mean 900 2100 4800 6500 5600 13600 

N (A, B) 2 (2, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 3 (3, 0) 

BOD: 5 day Total 

(mgO2/L) 

Range 2.5 - 3.5 3.7 - 3.7 2.2 - 2.2 1.7 - 1.7 1.4 - 1.4 2 - 3.3 

Mean 3 3.7 2.2 1.7 1.4 2.233 

N (A, B) 2 (2, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 9 (3, 6) 

BOD: 5 day Soluble 

(mgO2/L) 

Range 2.8 - 2.8 2.9 - 2.9 2.2 - 2.2 1.5 - 1.5 1.1 - 1.1 1 - 2 

Mean 2.8 2.9 2.2 1.5 1.1 1.72 

N (A, B) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 5 (1, 4) 

BOD: 30 day 

(mgO2/L) 

Range 4.3 - 4.3 - - - - 6.6 - 6.6 

Mean 4.3 - - - - 6.6 

N (A, B) 1 (1, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 1 (1, 0) 

Chlorophyll A 

(mg/m3) 

Range 4 - 4 3.8 - 3.8 - - - 1 - 1 

Mean 4 3.8 - - - 1 

N (A, B) 1 (1, 0) 1 (1, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 1 (0, 1) 

COD: Total 

(mgO2/L) 

Range 16 - 21.5 19.3 - 19.3 41.4 - 41.4 19.3 - 19.3 12.7 - 12.7 12.7 - 115 

Mean 18.75 19.3 41.4 19.3 12.7 32.322 

N (A, B) 2 (2, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 9 (9, 0) 

COD: Soluble 

(mgO2/L) 

Range 10.3 - 10.3 12 - 12 14.9 - 14.9 1.16 - 1.16 1.16 - 1.16 10 - 85.25 

Mean 10.3 12 14.9 1.16 1.16 27.81 

N (A, B) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (0, 1) 1 (0, 1) 5 (4, 1) 

Color 

(Pt/Co) 

Range 40 - 40 - - - - 10 - 55 

Mean 40 - - - - 27.2 

N (A, B) 1 (1, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 5 (5, 0) 

Conductivity 

(µS/cm) 

Range 21.2 - 31.8 30.6 - 30.6 144.8 - 144.8 264 - 264 213.2 - 213.2 53.8 - 215.3 

Mean 26.5 30.6 144.8 264 213.2 112.233 

N (A, B) 2 (2, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 9 (9, 0) 

Dissolved Oxygen 

(mg/L) 

Range 7.04 - 7.2 7.08 - 7.08 6.48 - 6.48 5.67 - 5.67 4.91 - 4.91 5.04 - 7.1 

Mean 7.12 7.08 6.48 5.67 4.91 6.442 

N (A, B) 2 (2, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 9 (9, 0) 

Hardness: Ca 

(mg CaCO3/L) 

Range 1 - 1 - - - - 17.69 - 19.5 

Mean 1 - - - - 18.595 

N (A, B) 1 (0, 1) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 2 (2, 0) 

Hardness: Total 

(mg CaCO3/L) 

Range 1 - 1 - - - - 27.5 - 35.66 

Mean 1 - - - - 32.364 

N (A, B) 1 (0, 1) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 5 (5, 0) 

N: Ammonia 

(mg/L) 

Range 0.14 - 0.3 0.2 - 0.2 0.12 - 0.12 0.2 - 0.2 0.2 - 0.2 0.06 - 0.7 

Mean 0.22 0.2 0.12 0.2 0.2 0.526 

N (A, B) 2 (2, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 9 (3, 6) 

N: Nitrate 

(mg/L) 

Range 0.11 - 0.8 0.11 - 0.11 0.53 - 0.53 0.31 - 0.31 0.31 - 0.31 0.1 - 0.9 

Mean 0.455 0.11 0.53 0.31 0.31 0.433 

N (A, B) 2 (0, 2) 1 (0, 1) 1 (1, 0) 1 (1, 0) 1 (1, 0) 9 (4, 5) 

N: Nitrite 

(mg/L) 

Range 0.002 - 0.002 - 0.002 - 0.002 0.002 - 0.002 0.002 - 0.002 0.002 - 0.5 

Mean 0.002 - 0.002 0.002 0.002 0.147 

N (A, B) 1 (0, 1) 0 (0, 0) 1 (0, 1) 1 (0, 1) 1 (0, 1) 8 (2, 6) 
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Determinand 

(units) 
Statistic S2:1 S2:2 S2:3 S2:4 S2:5 S2:6 

N: TKN 

(mg/L) 

Range 0.9 - 0.9 0.9 - 0.9 0.9 - 0.9 0.9 - 0.9 0.9 - 0.9 0.9 - 1.1 

Mean 0.9 0.9 0.9 0.9 0.9 0.983 

N (A, B) 2 (0, 2) 1 (0, 1) 1 (0, 1) 1 (0, 1) 1 (0, 1) 6 (1, 5) 

N: Total 

(mg/L) 

Range - - - - - 0.3 - 1 

Mean - - - - - 0.65 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 2 (1, 1) 

Oil & Grease 

(mg/L) 

Range 4 - 9.7 3.6 - 3.6 - - - 3.6 - 21.4 

Mean 6.85 3.6 - - - 11.98 

N (A, B) 2 (2, 0) 1 (0, 1) 0 (0, 0) 0 (0, 0) 0 (0, 0) 5 (2, 3) 

P: SRP 

(mg/L) 

Range 0.01 - 0.01 0.01 - 0.01 0.2 - 0.2 0.09 - 0.09 0.11 - 0.11 0.01 - 1 

Mean 0.01 0.01 0.2 0.09 0.11 0.299 

N (A, B) 2 (0, 2) 1 (0, 1) 1 (1, 0) 1 (1, 0) 1 (1, 0) 9 (4, 5) 

P: Total 

(mg/L) 

Range 0.02 - 0.02 0.02 - 0.02 0.46 - 0.46 0.53 - 0.53 0.32 - 0.32 0.02 - 0.48 

Mean 0.02 0.02 0.46 0.53 0.32 0.123 

N (A, B) 2 (0, 2) 1 (0, 1) 1 (1, 0) 1 (1, 0) 1 (1, 0) 9 (3, 6) 

pH 

(pH) 

Range 4.9 - 4.94 5.05 - 5.05 5.8 - 5.8 6.22 - 6.22 6.19 - 6.19 5.93 - 7.09 

Mean 4.92 5.05 5.8 6.22 6.19 6.391 

N (A, B) 2 (2, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 9 (9, 0) 

Streamflow 

(m3/s) 

Range 0.01 - 0.052 - 0.003 - 0.003 - 0.006 - 0.006 0.077 - 0.646 

Mean 0.031 - 0.003 - 0.006 0.334 

N (A, B) 2 (2, 0) 0 (0, 0) 1 (1, 0) 0 (0, 0) 1 (1, 0) 3 (3, 0) 

Solids: Dissolved 

(mg/L) 

Range 34 - 34 30 - 30 - - - 61 - 61 

Mean 34 30 - - - 61 

N (A, B) 1 (1, 0) 1 (1, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 1 (1, 0) 

Solids: Sedimentable 

(mg/L) 

Range - - - - - - 

Mean - - - - - - 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 

Solids Total 

(mg/L) 

Range 42 - 42 - 196 - 196 294 - 294 221 - 221 80 - 292 

Mean 42 - 196 294 221 119.9 

N (A, B) 1 (1, 0) 0 (0, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 7 (7, 0) 

Solids: Total Suspended 

(mg/L) 

Range 7.4 - 10 7.8 - 7.8 18 - 18 69 - 69 22 - 22 4 - 59 

Mean 8.7 7.8 18 69 22 20.722 

N (A, B) 2 (2, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 9 (9, 0) 

Solids: Volatile Suspended 

(mg/L) 

Range 4 - 4 3.8 - 3.8 4.3 - 4.3 10 - 10 4.8 - 4.8 10 - 11 

Mean 4 3.8 4.3 10 4.8 10.5 

N (A, B) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 2 (2, 0) 

Surfactants 

(mg/L) 

Range 0.02 - 0.02 - - - - 0.08 - 0.51 

Mean 0.02 - - - - 0.304 

N (A, B) 1 (0, 1) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 5 (3, 2) 

Temperature: Air 

(°C) 

Range 19 - 19 23.8 - 23.8 24.8 - 24.8 30 - 30 27 - 27 16.9 - 28.9 

Mean 19 23.8 24.8 30 27 21.1 

N (A, B) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 6 (6, 0) 

Temperature: Water 

(°C) 

Range 11.04 - 13.5 14.2 - 14.2 16.6 - 16.6 18.2 - 18.2 18 - 18 12 - 16.1 

Mean 12.27 14.2 16.6 18.2 18 13.919 

N (A, B) 2 (2, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 9 (9, 0) 

TOC 

(mg/L) 

Range 12.46 - 12.46 - - - - - 

Mean 12.46 - - - - - 

N (A, B) 1 (1, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 

Turbidity 

(NTU) 

Range 6.31 - 6.31 - - - - 8.85 - 20.9 

Mean 6.31 - - - - 14.95 
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Determinand 

(units) 
Statistic S2:1 S2:2 S2:3 S2:4 S2:5 S2:6 

N (A, B) 1 (1, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 5 (5, 0) 
* N: Number of records; A & B: Number of records above and below detection limits. 

Table B.4 Univariate statistics for conventional determinands in sub-basin S2: Part 2. 

Determinand 

(units) 
Statistic S1:1 S1:2 S1:3 S1:4 S3:1 S3:2 S3:3 

Acidity 

(mg CaCO3/L) 

Range 35.39 - 35.39 29 - 29 444 - 666 354 - 354 6 - 6 6 - 6 6 - 6 

Mean 35.39 29 555 354 6 6 6 

N (A, B) * 1 (1, 0) 1 (1, 0) 2 (2, 0) 1 (1, 0) 1 (0, 1) 1 (0, 1) 1 (0, 1) 

Alkalinity 

(mg CaCO3/L) 

Range - - - - 118 - 118 126 - 126 127 - 127 

Mean - - - - 118 126 127 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 

Bacteria: E Coli 

(MPN/100ml) 

Range - 1 - 1 - 1 - 1 100 - 100 200 - 200 100 - 100 

Mean - 1 - 1 100 200 100 

N (A, B) 0 (0, 0) 1 (0, 1) 0 (0, 0) 1 (0, 1) 1 (1, 0) 1 (1, 0) 1 (0, 1) 

Bacteria: E Coli 

(CFU/100ml) 

Range - - - - - - - 

Mean - - - - - - - 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 

Bacteria: Tot. Coliforms 

(MPN/100ml) 

Range - 2 - 2 1 - 1 1 - 1 4800 - 4800 5500 - 5500 3500 - 3500 

Mean - 2 1 1 4800 5500 3500 

N (A, B) 0 (0, 0) 1 (1, 0) 1 (0, 1) 1 (0, 1) 1 (1, 0) 1 (1, 0) 1 (1, 0) 

Bacteria: Tot. Coliforms 

(CFU/100ml) 

Range - - - - - - - 

Mean - - - - - - - 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 

BOD: 5 day Total 

(mgO2/L) 

Range 3.6 - 3.6 2 - 2 23.4 - 33.3 19 - 19 2.1 - 2.1 2 - 2 2 - 2 

Mean 3.6 2 28.35 19 2.1 2 2 

N (A, B) 1 (1, 0) 1 (0, 1) 2 (2, 0) 1 (1, 0) 1 (1, 0) 1 (0, 1) 1 (0, 1) 

BOD: 5 day Soluble 

(mgO2/L) 

Range - - - - - - - 

Mean - - - - - - - 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 

BOD: 30 day 

(mgO2/L) 

Range - - - - - - - 

Mean - - - - - - - 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 

Chlorophyll A 

(mg/m3) 

Range - - - - - - - 

Mean - - - - - - - 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 

COD: Total 

(mgO2/L) 

Range 160 - 160 11.7 - 11.7 34.4 - 187 37.6 - 37.6 16.4 - 16.4 10 - 10 10.7 - 10.7 

Mean 160 11.7 110.7 37.6 16.4 10 10.7 

N (A, B) 1 (1, 0) 1 (1, 0) 2 (2, 0) 1 (1, 0) 1 (1, 0) 1 (0, 1) 1 (1, 0) 

COD: Soluble 

(mgO2/L) 

Range - - - - - - - 

Mean - - - - - - - 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 

Color 

(Pt/Co) 

Range 2.5 - 2.5 3 - 3 10 - 40 10 - 10 19 - 19 19 - 19 16 - 16 

Mean 2.5 3 25 10 19 19 16 

N (A, B) 1 (1, 0) 1 (1, 0) 2 (2, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 

Conductivity 

(µS/cm) 

Range 232 - 232 228 - 228 1187 - 1541 1120 - 1120 248 - 248 249 - 249 285 - 285 

Mean 232 228 1364 1120 248 249 285 

N (A, B) 1 (1, 0) 1 (1, 0) 2 (2, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 

Dissolved Oxygen 

(mg/L) 

Range 4.6 - 4.6 5.6 - 5.6 4.7 - 5.5 5.2 - 5.2 2.49 - 2.49 6.58 - 6.58 6.21 - 6.21 

Mean 4.6 5.6 5.1 5.2 2.49 6.58 6.21 



Appendix B: Univariate statistics for conventional 
constituents 

Water quantity and quality in headwater catchments:  

Comprehensive data assessment, modeling, and simulation of scenarios 

 

119 

 

Determinand 

(units) 
Statistic S1:1 S1:2 S1:3 S1:4 S3:1 S3:2 S3:3 

N (A, B) 1 (1, 0) 1 (1, 0) 2 (2, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 

Hardness: Ca 

(mg CaCO3/L) 

Range 25.62 - 25.62 - 108.27 - 108.27 - 29.34 - 29.34 - 36.46 - 36.46 

Mean 25.62 - 108.27 - 29.34 - 36.46 

N (A, B) 1 (1, 0) 0 (0, 0) 1 (1, 0) 0 (0, 0) 1 (1, 0) 0 (0, 0) 1 (1, 0) 

Hardness: Total 

(mg CaCO3/L) 

Range 62.1 - 62.1 - 231 - 231 - 44.38 - 44.38 - 60.73 - 60.73 

Mean 62.1 - 231 - 44.38 - 60.73 

N (A, B) 1 (1, 0) 0 (0, 0) 1 (1, 0) 0 (0, 0) 1 (1, 0) 0 (0, 0) 1 (1, 0) 

N: Ammonia 

(mg/L) 

Range 0.7 - 0.7 0.7 - 0.7 0.7 - 0.7 0.7 - 0.7 0.7 - 0.7 0.7 - 0.7 0.7 - 0.7 

Mean 0.7 0.7 0.7 0.7 0.7 0.7 0.7 

N (A, B) 1 (0, 1) 1 (0, 1) 2 (0, 2) 1 (0, 1) 1 (0, 1) 1 (0, 1) 1 (0, 1) 

N: Nitrate 

(mg/L) 

Range 0.14 - 0.14 0.1 - 0.1 0.1 - 0.5 0.1 - 0.1 0.38 - 0.38 0.3 - 0.3 0.57 - 0.57 

Mean 0.14 0.1 0.3 0.1 0.38 0.3 0.57 

N (A, B) 1 (1, 0) 1 (0, 1) 2 (0, 2) 1 (0, 1) 1 (1, 0) 1 (1, 0) 1 (1, 0) 

N: Nitrite 

(mg/L) 

Range 0.5 - 0.5 0.004 - 0.004 0.006 - 0.5 0.004 - 0.004 0.152 - 0.152 0.152 - 0.152 0.152 - 0.152 

Mean 0.5 0.004 0.253 0.004 0.152 0.152 0.152 

N (A, B) 1 (0, 1) 1 (0, 1) 2 (1, 1) 1 (1, 0) 1 (0, 1) 1 (0, 1) 1 (0, 1) 

N: TKN 

(mg/L) 

Range 1.9 - 1.9 - 5 - 5 - 1 - 1 1 - 1 1 - 1 

Mean 1.9 - 5 - 1 1 1 

N (A, B) 1 (1, 0) 0 (0, 0) 1 (1, 0) 0 (0, 0) 1 (0, 1) 1 (0, 1) 1 (0, 1) 

N: Total 

(mg/L) 

Range 2.04 - 2.04 1 - 1 1.3 - 5 1.7 - 1.7 0.38 - 0.38 0.3 - 0.3 0.57 - 0.57 

Mean 2.04 1 3.15 1.7 0.38 0.3 0.57 

N (A, B) 1 (1, 0) 1 (0, 1) 2 (2, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 

Oil & Grease 

(mg/L) 

Range 32.5 - 32.5 10 - 10 10 - 11 10 - 10 10 - 10 10 - 10 10 - 10 

Mean 32.5 10 10.5 10 10 10 10 

N (A, B) 1 (1, 0) 1 (0, 1) 2 (0, 2) 1 (0, 1) 1 (0, 1) 1 (0, 1) 1 (0, 1) 

P: SRP 

(mg/L) 

Range - - - - 0.326 - 0.326 0.326 - 0.326 0.326 - 0.326 

Mean - - - - 0.326 0.326 0.326 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 1 (0, 1) 1 (0, 1) 1 (0, 1) 

P: Total 

(mg/L) 

Range 0.746 - 0.746 0.06 - 0.06 0.06 - 2.597 0.114 - 0.114 0.115 - 0.115 0.098 - 0.098 0.078 - 0.078 

Mean 0.746 0.06 1.329 0.114 0.115 0.098 0.078 

N (A, B) 1 (1, ) 1 (0, 1) 2 (1, 1) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 

pH 

(pH) 

Range 4.2 - 4.2 4 - 4 3.2 - 3.3 3.1 - 3.1 8.18 - 8.18 8.35 - 8.35 7.83 - 7.83 

Mean 4.2 4 3.25 3.1 8.18 8.35 7.83 

N (A, B) 1 (1, 0) 1 (1, 0) 2 (2, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 

Streamflow 

(m3/s) 

Range 0 - 0 - 0.002 - 0.002 - - - - 

Mean 0 - 0.002 - - - - 

N (A, B) 1 (1, 0) 0 (0, 0) 1 (1, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 

Solids: Dissolved 

(mg/L) 

Range - - - - - - - 

Mean - - - - - - - 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 

Solids: Sedimentable 

(mg/L) 

Range 1.5 - 1.5 0.1 - 0.1 0.1 - 27 0.1 - 0.1 0.1 - 0.1 0.1 - 0.1 0.1 - 0.1 

Mean 1.5 0.1 13.55 0.1 0.1 0.1 0.1 

N (A, B) 1 (1, 0) 1 (0, 1) 2 (1, 1) 1 (0, 1) 1 (0, 1) 1 (0, 1) 1 (0, 1) 

Solids Total 

(mg/L) 

Range - - - - - - - 

Mean - - - - - - - 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 

Solids: Total Suspended 

(mg/L) 

Range 500 - 500 19 - 19 455 - 455 370 - 370 17 - 17 14 - 14 14.5 - 14.5 

Mean 500 19 455 370 17 14 14.5 

N (A, B) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 

Solids: Volatile Suspended Range - - - - - - - 
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Determinand 

(units) 
Statistic S1:1 S1:2 S1:3 S1:4 S3:1 S3:2 S3:3 

(mg/L) Mean - - - - - - - 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 

Surfactants 

(mg/L) 

Range 0.1 - 0.1 0.4 - 0.4 0.1 - 0.4 0.4 - 0.4 0.4 - 0.4 0.4 - 0.4 0.4 - 0.4 

Mean 0.1 0.4 0.25 0.4 0.4 0.4 0.4 

N (A, B) 1 (0, 1) 1 (0, 1) 2 (0, 2) 1 (0, 1) 1 (0, 1) 1 (0, 1) 1 (0, 1) 

Temperature: Air 

(°C) 

Range 15 - 15 17.4 - 17.4 15.8 - 16.4 17.7 - 17.7 19.6 - 19.6 17.8 - 17.8 20.3 - 20.3 

Mean 15 17.4 16.1 17.7 19.6 17.8 20.3 

N (A, B) 1 (1, 0) 1 (1, 0) 2 (2, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 

Temperature: Water 

(°C) 

Range 12.8 - 12.8 10.4 - 10.4 13.5 - 14.5 15.1 - 15.1 16 - 16 15.4 - 15.4 15.6 - 15.6 

Mean 12.8 10.4 14 15.1 16 15.4 15.6 

N (A, B) 1 (1, 0) 1 (1, 0) 2 (2, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 

TOC 

(mg/L) 

Range - - - - - - - 

Mean - - - - - - - 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 

Turbidity 

(NTU) 

Range - - - - 24.3 - 24.3 21.8 - 21.8 24.8 - 24.8 

Mean - - - - 24.3 21.8 24.8 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 
* N: Number of records; A & B: Number of records above and below detection limits.
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Appendix C. Univariate statistics for toxicants 

Table C.1 Univariate statistics for toxic determinands in sub-basins S1 and S3. 

Toxicant 

(mg/L) 
Statistic S1:1 S1:2 S1:3 S1:4 S3:1 S3:2 S3:3 

Ag Range - - 0.033 - 0.033 0.002 - 0.011 0.002 - 0.011 0.002 - 0.011 0.002 - 0.033 

Mean - - 0.033 0.006 0.007 0.008 0.018 

N (A, B) * 0 (0, 0) 0 (0, 0) 1 (0, 1) 5 (1, 4) 5 (1, 4) 5 (1, 4) 2 (0, 2) 

Al Range - - 0.224 - 0.224 0.236 - 1.125 0.083 - 1.29 0.458 - 1.641 0.102 - 0.236 

Mean - - 0.224 0.502 0.555 1.099 0.169 

N (A, B) 0 (0, 0) 0 (0, 0) 1 (1, 0) 5 (4, 1) 4 (4, 0) 4 (4, 0) 2 (1, 1) 

As Range - - 0.033 - 0.033 0.003 - 0.011 0.003 - 0.011 0.003 - 0.011 0.005 - 0.033 

Mean - - 0.033 0.007 0.009 0.009 0.019 

N (A, B) 0 (0, 0) 0 (0, 0) 1 (0, 1) 4 (0, 4) 4 (0, 4) 4 (0, 4) 2 (0, 2) 

B Range - - 0.033 - 0.033 0.011 - 0.739 0.011 - 0.025 0.025 - 0.06 0.03 - 0.033 

Mean - - 0.033 0.199 0.015 0.037 0.032 

N (A, B) 0 (0, 0) 0 (0, 0) 1 (0, 1) 4 (2, 2) 4 (0, 4) 4 (3, 1) 2 (0, 2) 

Ba Range - - 0.053 - 0.053 0.036 - 0.058 0.005 - 0.084 0.027 - 0.084 0.035 - 0.045 

Mean - - 0.053 0.045 0.042 0.05 0.04 

N (A, B) 0 (0, 0) 0 (0, 0) 1 (1, 0) 4 (4, 0) 4 (3, 1) 4 (4, 0) 2 (2, 0) 

Be Range - - - 0.01 - 0.011 0.001 - 0.011 0.001 - 0.011 - 

Mean - - - 0.01 0.008 0.008 - 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 2 (0, 2) 4 (0, 4) 4 (0, 4) 0 (0, 0) 

Ca Range - - 8.65 - 8.65 8.535 - 11.83 7.15 - 11.514 20.21 - 38.011 8.31 - 8.31 

Mean - - 8.65 10.286 9.235 29.43 8.31 

N (A, B) 0 (0, 0) 0 (0, 0) 1 (1, 0) 4 (4, 0) 4 (4, 0) 4 (4, 0) 1 (1, 0) 

Cd Range - - 0.033 - 0.033 0.001 - 0.011 0.001 - 0.011 0.001 - 0.011 0.004 - 0.033 

Mean - - 0.033 0.006 0.007 0.007 0.019 

N (A, B) 0 (0, 0) 0 (0, 0) 1 (0, 1) 5 (0, 5) 5 (0, 5) 5 (0, 5) 2 (0, 2) 

Cl- Range - - 9.6 - 9.6 3.9 - 16.5 3 - 12.77 3 - 95 10.8 - 13.8 

Mean - - 9.6 7.472 6.791 57.221 12.3 

N (A, B) 0 (0, 0) 0 (0, 0) 1 (1, 0) 6 (6, 0) 7 (6, 1) 7 (6, 1) 2 (2, 0) 

Co Range - - - 0.002 - 0.011 0.002 - 0.011 0.002 - 0.011 0.004 - 0.004 

Mean - - - 0.007 0.007 0.007 0.004 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 4 (0, 4) 5 (0, 5) 5 (0, 5) 1 (0, 1) 

Cr6+ Range - - - 0.02 - 0.1 0.02 - 0.1 0.02 - 0.1 - 

Mean - - - 0.058 0.068 0.068 - 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 5 (0, 5) 5 (0, 5) 5 (0, 5) 0 (0, 0) 

CrTotal Range - - 0.033 - 0.033 0.002 - 0.011 0.01 - 0.011 0.01 - 0.011 0.01 - 0.033 

Mean - - 0.033 0.008 0.011 0.011 0.022 

N (A, B) 0 (0, 0) 0 (0, 0) 1 (0, 1) 4 (1, 3) 3 (0, 3) 3 (0, 3) 2 (0, 2) 

Cu Range - - 0.039 - 0.039 0.011 - 1 0.01 - 0.011 0.01 - 0.013 0.027 - 0.063 

Mean - - 0.039 0.262 0.011 0.011 0.045 

N (A, B) 0 (0, 0) 0 (0, 0) 1 (1, 0) 4 (0, 4) 4 (0, 4) 4 (1, 3) 2 (1, 1) 

CN- Range - - 0.5 - 0.5 0.02 - 0.03 0.02 - 0.03 0.02 - 0.03 0.5 - 0.5 

Mean - - 0.5 0.025 0.028 0.028 0.5 

N (A, B) 0 (0, 0) 0 (0, 0) 1 (0, 1) 2 (0, 2) 4 (0, 4) 4 (0, 4) 1 (0, 1) 

Fe Range - - 1.47 - 1.47 1.11 - 2.4 0.3 - 2.315 0.3 - 1.71 0.881 - 1.06 

Mean - - 1.47 1.562 0.955 1.158 0.971 
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Toxicant 

(mg/L) 
Statistic S1:1 S1:2 S1:3 S1:4 S3:1 S3:2 S3:3 

N (A, B) 0 (0, 0) 0 (0, 0) 1 (1, 0) 5 (5, 0) 6 (5, 1) 6 (5, 1) 2 (2, 0) 

Hg Range - - 0.033 - 0.033 0.003 - 0.022 0.003 - 0.011 0.003 - 0.011 0.022 - 0.033 

 Mean - - 0.033 0.011 0.008 0.007 0.028 

 N (A, B) 0 (0, 0) 0 (0, 0) 1 (0, 1) 4 (0, 4) 5 (0, 5) 4 (0, 4) 2 (0, 2) 

K Range - - 1.8 - 1.8 1.4 - 1.4 - - 1.77 - 1.98 

Mean - - 1.8 1.4 - - 1.875 

N (A, B) 0 (0, 0) 0 (0, 0) 1 (0, 1) 1 (1, 0) 0 (0, 0) 0 (0, 0) 2 (2, 0) 

Li Range - - 0.003 - 0.003 0.004 - 0.011 0.011 - 0.011 0.011 - 0.011 0.004 - 0.022 

Mean - - 0.003 0.009 0.011 0.011 0.013 

N (A, B) 0 (0, 0) 0 (0, 0) 1 (0, 1) 3 (0, 3) 3 (0, 3) 3 (0, 3) 2 (1, 1) 

Mg Range - - 3.08 - 3.08 0.7 - 4.237 0.1 - 3.275 2.62 - 6.395 0.5 - 2.63 

Mean - - 3.08 3.143 2.017 4.736 1.565 

N (A, B) 0 (0, 0) 0 (0, 0) 1 (1, 0) 5 (5, 0) 6 (6, 0) 6 (6, 0) 2 (2, 0) 

Mn Range - - 0.063 - 0.063 0.033 - 0.16 0.037 - 0.098 0.053 - 0.187 0.045 - 0.049 

Mean - - 0.063 0.101 0.058 0.095 0.047 

N (A, B) 0 (0, 0) 0 (0, 0) 1 (1, 0) 5 (5, 0) 4 (4, 0) 4 (4, 0) 2 (2, 0) 

Mo Range - - - 0.001 - 0.011 0.011 - 0.011 0.011 - 0.011 - 

Mean - - - 0.008 0.011 0.011 - 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 3 (0, 3) 3 (0, 3) 3 (0, 3) 0 (0, 0) 

Na Range - - - 5.03 - 8.96 0.96 - 8.18 3.55 - 129 3.56 - 6.94 

Mean - - - 6.967 4.878 56.927 5.25 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 5 (5, 0) 4 (4, 0) 4 (4, 0) 2 (2, 0) 

Ni Range - - 0.006 - 0.006 0.003 - 0.013 0.003 - 0.011 0.005 - 0.011 0.005 - 0.033 

Mean - - 0.006 0.008 0.009 0.009 0.019 

N (A, B) 0 (0, 0) 0 (0, 0) 1 (1, 0) 5 (3, 2) 4 (0, 4) 3 (1, 2) 2 (1, 1) 

Pb Range - - 0.033 - 0.033 0.01 - 0.021 0.01 - 0.011 0.01 - 0.011 0.009 - 0.033 

Mean - - 0.033 0.013 0.011 0.011 0.021 

N (A, B) 0 (0, 0) 0 (0, 0) 1 (0, 1) 4 (2, 2) 5 (0, 5) 5 (0, 5) 2 (1, 1) 

Phenol Range - - - 0.01 - 0.448 0.01 - 0.2 0.01 - 0.242 0.02 - 0.02 

Mean - - - 0.17 0.104 0.112 0.02 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 4 (1, 3) 5 (0, 5) 5 (1, 4) 1 (0, 1) 

S2- Range 1.8 - 1.8 - 0.5 - 0.8 0.9 - 2 2 - 9.6 2 - 8.7 1 - 1.2 

Mean 1.8 - 0.65 1.633 5.4 5.25 1.1 

N (A, B) 1 (1, 0) 0 (0, 0) 2 (1, 1) 3 (1, 2) 4 (3, 1) 4 (3, 1) 2 (2, 0) 

SO42- Range - - 2.7 - 2.7 2.1 - 28.3 8.3 - 33.9 8 - 138 2.1 - 2.5 

Mean - - 2.7 17.842 14.517 77.321 2.3 

N (A, B) 0 (0, 0) 0 (0, 0) 1 (1, 0) 6 (6, 0) 7 (7, 0) 7 (7, 0) 2 (2, 0) 

Sb Range - - - - - - - 

Mean - - - - - - - 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 

Se Range - - 0.033 - 0.033 0.005 - 0.011 0.005 - 0.011 0.005 - 0.011 0.011 - 0.033 

Mean - - 0.033 0.01 0.009 0.009 0.022 

N (A, B) 0 (0, 0) 0 (0, 0) 1 (0, 1) 4 (0, 4) 5 (0, 5) 5 (0, 5) 2 (0, 2) 

Va Range - - - 0.011 - 0.011 0.002 - 0.011 0.007 - 0.011 - 

Mean - - - 0.011 0.009 0.01 - 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 2 (0, 2) 4 (0, 4) 4 (1, 3) 0 (0, 0) 

Zn Range - - 0.033 - 0.033 0.009 - 0.043 0.011 - 0.044 0.022 - 0.198 0.008 - 0.033 

Mean - - 0.033 0.027 0.032 0.122 0.021 

N (A, B)  0 (0, 0) 0 (0, 0) 1 (0, 1) 4 (3, 1) 3 (2, 1) 3 (3, 0) 2 (0, 2) 

* N: Number of records; A & B: Number of records above and below detection limits. 
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Table C.2 Univariate statistics for toxic determinands in sub-basins S4 and S5. 

Toxicant (mg/L) Statistic S4:1 S4:2 S4:3 S4:4 S4:5 S5:1 

Ag Range 0.002 - 0.002 0.011 - 0.011 0.011 - 0.011 0.011 - 0.011 0.011 - 0.011 0.002 - 0.002 

Mean 0.002 0.011 0.011 0.011 0.011 0.002 

N (A, B) * 1 (0, 1) 1 (0, 1) 1 (0, 1) 1 (0, 1) 1 (0, 1) 1 (0, 1) 

Al Range 0.121 - 0.121 0.568 - 0.568 0.276 - 0.276 1.211 - 1.211 7.073 - 7.073 11.8 - 11.8 

Mean 0.121 0.568 0.276 1.211 7.073 11.8 

N (A, B) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 

As Range 0.003 - 0.003 0.013 - 0.013 0.016 - 0.016 0.02 - 0.02 0.011 - 0.011 - 

Mean 0.003 0.013 0.016 0.02 0.011 - 

N (A, B) 1 (0, 1) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (0, 1) 0 (0, 0) 

B Range 0.051 - 0.051 0.025 - 0.025 0.011 - 0.011 0.011 - 0.011 0.2 - 0.2 0.03 - 0.03 

Mean 0.051 0.025 0.011 0.011 0.2 0.03 

N (A, B) 1 (1, 0) 1 (1, 0) 1 (0, 1) 1 (0, 1) 1 (1, 0) 1 (0, 1) 

Ba Range 0.082 - 0.082 0.056 - 0.056 0.053 - 0.053 0.059 - 0.059 0.02 - 0.02 0.202 - 0.202 

Mean 0.082 0.056 0.053 0.059 0.02 0.202 

N (A, B) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 

Be Range 0.001 - 0.001 0.011 - 0.011 0.01 - 0.01 0.01 - 0.01 0.011 - 0.011 - 

Mean 0.001 0.011 0.01 0.01 0.011 - 

N (A, B) 1 (0, 1) 1 (0, 1) 1 (0, 1) 1 (0, 1) 1 (0, 1) 0 (0, 0) 

Ca Range 14.4 - 14.4 - 3.721 - 3.721 3.762 - 3.762 - - 

Mean 14.4 - 3.721 3.762 - - 

N (A, B) 1 (1, 0) 0 (0, 0) 1 (1, 0) 1 (1, 0) 0 (0, 0) 0 (0, 0) 

Cd Range - 0.011 - 0.011 0.01 - 0.01 0.01 - 0.01 0.011 - 0.011 - 

Mean - 0.011 0.01 0.01 0.011 - 

N (A, B) 0 (0, 0) 1 (0, 1) 1 (0, 1) 1 (0, 1) 1 (0, 1) 0 (0, 0) 

Cl- Range 4.17 - 4.17 27.5 - 27.5 12.88 - 12.88 11.67 - 11.67 3 - 3 23.5 - 23.5 

Mean 4.17 27.5 12.88 11.67 3 23.5 

N (A, B) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (0, 1) 1 (1, 0) 

Co Range 0.002 - 0.002 0.011 - 0.011 - - 0.011 - 0.011 - 

Mean 0.002 0.011 - - 0.011 - 

N (A, B) 1 (0, 1) 1 (0, 1) 0 (0, 0) 0 (0, 0) 1 (0, 1) 0 (0, 0) 

Cr6+ Range - - - - - - 

Mean - - - - - - 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 

CrTotal Range 0.002 - 0.002 0.011 - 0.011 0.01 - 0.01 0.01 - 0.01 0.041 - 0.041 0.01 - 0.01 

Mean 0.002 0.011 0.01 0.01 0.041 0.01 

N (A, B) 1 (0, 1) 1 (0, 1) 1 (0, 1) 1 (0, 1) 1 (1, 0) 1 (0, 1) 

Cu Range 0.01 - 0.01 0.011 - 0.011 0.011 - 0.011 0.011 - 0.011 0.021 - 0.021 0.02 - 0.02 

Mean 0.01 0.011 0.011 0.011 0.021 0.02 

N (A, B) 1 (0, 1) 1 (0, 1) 1 (0, 1) 1 (0, 1) 1 (1, 0) 1 (1, 0) 

CN- Range 0.03 - 0.03 0.02 - 0.02 0.03 - 0.03 0.03 - 0.03 0.02 - 0.02 0.5 - 0.5 

Mean 0.03 0.02 0.03 0.03 0.02 0.5 

N (A, B) 1 (0, 1) 1 (0, 1) 1 (0, 1) 1 (0, 1) 1 (0, 1) 1 (0, 1) 

Fe Range 0.3 - 0.3 4.12 - 4.12 - - 78.763 - 78.763 13.7 - 13.7 

Mean 0.3 4.12 - - 78.763 13.7 

N (A, B) 1 (0, 1) 1 (1, 0) 0 (0, 0) 0 (0, 0) 1 (1, 0) 1 (1, 0) 

Hg Range 0.003 - 0.003 0.011 - 0.011 0.01 - 0.01 0.01 - 0.01 0.011 - 0.011 0.022 - 0.022 

 Mean 0.003 0.011 0.01 0.01 0.011 0.022 

 N (A, B) 1 (0, 1) 1 (0, 1) 1 (0, 1) 1 (0, 1) 1 (0, 1) 1 (0, 1) 

K Range 2.02 - 2.02 - - - - 5.84 - 5.84 
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Toxicant (mg/L) Statistic S4:1 S4:2 S4:3 S4:4 S4:5 S5:1 

Mean 2.02 - - - - 5.84 

N (A, B) 1 (1, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 1 (1, 0) 

Li Range 0.011 - 0.011 0.038 - 0.038 - - 0.287 - 0.287 - 

Mean 0.011 0.038 - - 0.287 - 

N (A, B) 1 (1, 0) 1 (1, 0) 0 (0, 0) 0 (0, 0) 1 (1, 0) 0 (0, 0) 

Mg Range 12.83 - 12.83 - - - - 10.8 - 10.8 

Mean 12.83 - - - - 10.8 

N (A, B) 1 (1, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 1 (1, 0) 

Mn Range 0.25 - 0.25 2.149 - 2.149 0.047 - 0.047 0.059 - 0.059 4.964 - 4.964 0.154 - 0.154 

Mean 0.25 2.149 0.047 0.059 4.964 0.154 

N (A, B) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 

Mo Range 0.001 - 0.001 0.011 - 0.011 0.011 - 0.011 0.011 - 0.011 0.011 - 0.011 - 

Mean 0.001 0.011 0.011 0.011 0.011 - 

N (A, B) 1 (0, 1) 1 (0, 1) 1 (0, 1) 1 (0, 1) 1 (0, 1) 0 (0, 0) 

Na Range 1.31 - 1.31 - - - - 32.4 - 32.4 

Mean 1.31 - - - - 32.4 

N (A, B) 1 (1, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 1 (1, 0) 

Ni Range 0.004 - 0.004 0.117 - 0.117 0.011 - 0.011 0.011 - 0.011 0.034 - 0.034 0.019 - 0.019 

Mean 0.004 0.117 0.011 0.011 0.034 0.019 

N (A, B) 1 (1, 0) 1 (1, 0) 1 (0, 1) 1 (0, 1) 1 (1, 0) 1 (1, 0) 

Pb Range 0.01 - 0.01 0.061 - 0.061 0.011 - 0.011 0.011 - 0.011 0.023 - 0.023 0.022 - 0.022 

Mean 0.01 0.061 0.011 0.011 0.023 0.022 

N (A, B) 1 (0, 1) 1 (1, 0) 1 (0, 1) 1 (0, 1) 1 (1, 0) 1 (1, 0) 

Phenol Range 0.1 - 0.1 0.2 - 0.2 0.2 - 0.2 0.2 - 0.2 0.2 - 0.2 0.02 - 0.02 

Mean 0.1 0.2 0.2 0.2 0.2 0.02 

N (A, B) 1 (0, 1) 1 (0, 1) 1 (0, 1) 1 (0, 1) 1 (0, 1) 1 (0, 1) 

S2- Range 2 - 2 2 - 2 2 - 2 2 - 2 27.7 - 27.7 0.5 - 0.5 

Mean 2 2 2 2 27.7 0.5 

N (A, B) 1 (0, 1) 1 (0, 1) 1 (0, 1) 1 (0, 1) 1 (1, 0) 1 (0, 1) 

SO42- Range 50.2 - 50.2 360 - 360 0.5 - 0.5 145 - 145 2430 - 2430 14.6 - 14.6 

Mean 50.2 360 0.5 145 2430 14.6 

N (A, B) 1 (1, 0) 1 (1, 0) 1 (0, 1) 1 (1, 0) 1 (1, 0) 1 (1, 0) 

Sb Range 0.002 - 0.002 - - - - - 

Mean 0.002 - - - - - 

N (A, B) 1 (0, 1) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 

Se Range 0.005 - 0.005 0.011 - 0.011 0.011 - 0.011 0.011 - 0.011 0.011 - 0.011 - 

Mean 0.005 0.011 0.011 0.011 0.011 - 

N (A, B) 1 (0, 1) 1 (0, 1) 1 (0, 1) 1 (0, 1) 1 (0, 1) 0 (0, 0) 

Va Range 0.002 - 0.002 0.011 - 0.011 - - 0.011 - 0.011 - 

Mean 0.002 0.011 - - 0.011 - 

N (A, B) 1 (0, 1) 1 (0, 1) 0 (0, 0) 0 (0, 0) 1 (0, 1) 0 (0, 0) 

Zn Range 0.025 - 0.025 0.187 - 0.187 0.011 - 0.011 0.011 - 0.011 0.85 - 0.85 0.051 - 0.051 

Mean 0.025 0.187 0.011 0.011 0.85 0.051 

N (A, B) 1 (0, 1) 1 (1, 0) 1 (0, 1) 1 (0, 1) 1 (1, 0) 1 (1, 0) 

* N: Number of records; A & B: Number of records above and below detection limits. 

Table C.3 Univariate statistics for toxic determinands in sub-basin S2: Part 1. 

Toxicant (mg/L) Statistic S2:1 S2:2 S2:3 S2:4 S2:5 S2:6 

Ag Range 0.033 - 0.048 0.033 - 0.033 - - - 0.002 - 0.033 

Mean 0.041 0.033 - - - 0.01 

N (A, B) * 2 (1, 1) 1 (0, 1) 0 (0, 0) 0 (0, 0) 0 (0, 0) 7 (1, 6) 
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Toxicant (mg/L) Statistic S2:1 S2:2 S2:3 S2:4 S2:5 S2:6 

Al Range 0.172 - 0.236 0.182 - 0.182 - - - 0.214 - 0.918 

Mean 0.204 0.182 - - - 0.512 

N (A, B) 2 (1, 1) 1 (1, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 6 (5, 1) 

As Range 0.005 - 0.033 0.033 - 0.033 - - - 0.003 - 0.033 

Mean 0.019 0.033 - - - 0.012 

N (A, B) 2 (0, 2) 1 (0, 1) 0 (0, 0) 0 (0, 0) 0 (0, 0) 6 (0, 6) 

B Range 0.03 - 0.033 0.033 - 0.033 - - - 0.011 - 0.033 

Mean 0.032 0.033 - - - 0.02 

N (A, B) 2 (0, 2) 1 (0, 1) 0 (0, 0) 0 (0, 0) 0 (0, 0) 6 (0, 6) 

Ba Range 0.041 - 0.075 0.076 - 0.076 - - - 0.03 - 0.069 

Mean 0.058 0.076 - - - 0.052 

N (A, B) 2 (2, 0) 1 (1, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 6 (6, 0) 

Be Range - - - - - 0.001 - 0.011 

Mean - - - - - 0.008 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 4 (0, 4) 

Ca Range 4.84 - 4.84 4.62 - 4.62 - - - 6.879 - 9.319 

Mean 4.84 4.62 - - - 8.066 

N (A, B) 1 (1, 0) 1 (1, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 5 (5, 0) 

Cd Range 0.004 - 0.033 0.033 - 0.033 - - - 0.001 - 0.033 

Mean 0.019 0.033 - - - 0.01 

N (A, B) 2 (0, 2) 1 (0, 1) 0 (0, 0) 0 (0, 0) 0 (0, 0) 7 (0, 7) 

Cl- Range 11.7 - 12.1 9.8 - 9.8 - - - 2.5 - 10.3 

Mean 11.9 9.8 - - - 5.215 

N (A, B) 2 (2, 0) 1 (1, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 8 (7, 1) 

Co Range 0.004 - 0.004 - - - - 0.002 - 0.011 

Mean 0.004 - - - - 0.007 

N (A, B) 1 (0, 1) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 6 (1, 5) 

Cr6+ Range - - - - - 0.02 - 0.1 

Mean - - - - - 0.068 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 5 (0, 5) 

CrTotal Range 0.01 - 0.033 0.033 - 0.033 - - - 0.01 - 0.033 

Mean 0.022 0.033 - - - 0.015 

N (A, B) 2 (0, 2) 1 (0, 1) 0 (0, 0) 0 (0, 0) 0 (0, 0) 5 (0, 5) 

Cu Range 0.027 - 0.05 0.059 - 0.059 - - - 0.01 - 0.059 

Mean 0.039 0.059 - - - 0.021 

N (A, B) 2 (2, 0) 1 (1, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 6 (1, 5) 

CN- Range 0.5 - 0.5 0.5 - 0.5 - - - 0.02 - 0.5 

Mean 0.5 0.5 - - - 0.145 

N (A, B) 1 (0, 1) 1 (0, 1) 0 (0, 0) 0 (0, 0) 0 (0, 0) 4 (0, 4) 

Fe Range 0.254 - 0.519 0.338 - 0.338 - - - 0.3 - 1.72 

Mean 0.387 0.338 - - - 1.201 

N (A, B) 2 (2, 0) 1 (1, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 8 (7, 1) 

Hg Range 0.026 - 0.033 0.033 - 0.033 - - - 0.003 - 0.033 

 Mean 0.03 0.033 - - - 0.013 

 N (A, B) 2 (1, 1) 1 (0, 1) 0 (0, 0) 0 (0, 0) 0 (0, 0) 7 (0, 7) 

K Range 1.01 - 1.8 1.8 - 1.8 - - - 1.8 - 2.17 

Mean 1.405 1.8 - - - 1.985 

N (A, B) 2 (1, 1) 1 (0, 1) 0 (0, 0) 0 (0, 0) 0 (0, 0) 2 (1, 1) 

Li Range 0.003 - 0.004 0.003 - 0.003 - - - 0.003 - 0.011 

Mean 0.004 0.003 - - - 0.008 

N (A, B) 2 (0, 2) 1 (0, 1) 0 (0, 0) 0 (0, 0) 0 (0, 0) 5 (0, 5) 
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Toxicant (mg/L) Statistic S2:1 S2:2 S2:3 S2:4 S2:5 S2:6 

Mg Range 0.24 - 1.04 1.01 - 1.01 - - - 1.8 - 3.5 

Mean 0.64 1.01 - - - 2.804 

N (A, B) 2 (1, 1) 1 (1, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 8 (8, 0) 

Mn Range 0.03 - 0.051 0.037 - 0.037 - - - 0.092 - 0.182 

Mean 0.041 0.037 - - - 0.144 

N (A, B) 2 (2, 0) 1 (1, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 6 (6, 0) 

Mo Range - - - - - 0.011 - 0.011 

Mean - - - - - 0.011 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 3 (0, 3) 

Na Range 3.23 - 3.56 2.2 - 2.2 6.07 - 6.07 - - 0.643 - 6.99 

Mean 3.395 2.2 6.07 - - 4.53 

N (A, B) 2 (1, 1) 1 (1, 0) 1 (1, 0) 0 (0, 0) 0 (0, 0) 6 (6, 0) 

Ni Range 0.003 - 0.033 0.033 - 0.033 - - - 0.007 - 0.023 

Mean 0.018 0.033 - - - 0.012 

N (A, B) 2 (0, 2) 1 (0, 1) 0 (0, 0) 0 (0, 0) 0 (0, 0) 6 (4, 2) 

Pb Range 0.012 - 0.033 0.033 - 0.033 - - - 0.01 - 0.033 

Mean 0.023 0.033 - - - 0.017 

N (A, B) 2 (1, 1) 1 (0, 1) 0 (0, 0) 0 (0, 0) 0 (0, 0) 7 (3, 4) 

Phenol Range 0.02 - 0.02 - - - - 0.01 - 0.2 

Mean 0.02 - - - - 0.088 

N (A, B) 1 (0, 1) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 5 (0, 5) 

S2- Range 0.7 - 1.4 0.5 - 0.5 0.5 - 0.5 0.5 - 0.5 0.5 - 0.5 0.73 - 2.1 

Mean 1.05 0.5 0.5 0.5 0.5 1.505 

N (A, B) 2 (2, 0) 1 (1, 0) 1 (0, 1) 1 (0, 1) 1 (0, 1) 6 (4, 2) 

SO42- Range 2 - 2.5 2.5 - 2.5 - - - 18 - 44.5 

Mean 2.25 2.5 - - - 26.694 

N (A, B) 2 (2, 0) 1 (1, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 8 (8, 0) 

Sb Range - - - - - - 

Mean - - - - - - 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 

Se Range 0.011 - 0.033 0.033 - 0.033 - - - 0.005 - 0.033 

Mean 0.022 0.033 - - - 0.012 

N (A, B) 2 (0, 2) 1 (0, 1) 0 (0, 0) 0 (0, 0) 0 (0, 0) 7 (0, 7) 

Va Range - - - - - 0.002 - 0.011 

Mean - - - - - 0.009 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 4 (0, 4) 

Zn Range 0.012 - 0.054 0.046 - 0.046 - - - 0.011 - 0.093 

Mean 0.033 0.046 - - - 0.038 

N (A, B) 2 (2, 0) 1 (1, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 5 (3, 2) 

* N: Number of records; A & B: Number of records above and below detection limits. 

Table C.4 Univariate statistics for toxic determinands in sub-basin S2: Part 2. 

Toxicant 

(mg/L) 
Statistic S2:7 S2:8 S2:9 S2:10 S2:11 S2:12 S2:13 

Ag Range 0.011 - 0.011 - 0.011 - 0.011 - 0.011 - 0.011 0.011 - 0.011 0.011 - 0.011 

Mean 0.011 - 0.011 - 0.011 0.011 0.011 

N (A, B) * 1 (0, 1) 0 (0, 0) 1 (0, 1) 0 (0, 0) 1 (0, 1) 1 (0, 1) 1 (0, 1) 

Al Range 1.076 - 1.076 - 21.991 - 21.991 - 0.325 - 0.325 0.116 - 0.116 0.447 - 0.447 

Mean 1.076 - 21.991 - 0.325 0.116 0.447 

N (A, B) 1 (1, 0) 0 (0, 0) 1 (1, 0) 0 (0, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 

As Range 0.011 - 0.011 - 0.022 - 0.022 - 0.018 - 0.018 0.01 - 0.01 0.01 - 0.01 



Appendix C: Univariate statistics for toxicants 
Water quantity and quality in headwater catchments:  

Comprehensive data assessment, modeling, and simulation of scenarios 

 

127 

 

Toxicant 

(mg/L) 
Statistic S2:7 S2:8 S2:9 S2:10 S2:11 S2:12 S2:13 

Mean 0.011 - 0.022 - 0.018 0.01 0.01 

N (A, B) 1 (0, 1) 0 (0, 0) 1 (1, 0) 0 (0, 0) 1 (1, 0) 1 (0, 1) 1 (0, 1) 

B Range 0.021 - 0.021 - 0.403 - 0.403 - - - - 

Mean 0.021 - 0.403 - - - - 

N (A, B) 1 (1, 0) 0 (0, 0) 1 (1, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 

Ba Range 0.077 - 0.077 - 0.068 - 0.068 - 0.057 - 0.057 0.054 - 0.054 0.054 - 0.054 

Mean 0.077 - 0.068 - 0.057 0.054 0.054 

N (A, B) 1 (1, 0) 0 (0, 0) 1 (1, 0) 0 (0, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 

Be Range 0.011 - 0.011 - 0.011 - 0.011 - - - - 

Mean 0.011 - 0.011 - - - - 

N (A, B) 1 (0, 1) 0 (0, 0) 1 (0, 1) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 

Ca Range - - - - - - - 

Mean - - - - - - - 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 

Cd Range 0.011 - 0.011 - 0.011 - 0.011 - 0.011 - 0.011 0.011 - 0.011 0.011 - 0.011 

Mean 0.011 - 0.011 - 0.011 0.011 0.011 

N (A, B) 1 (0, 1) 0 (0, 0) 1 (0, 1) 0 (0, 0) 1 (0, 1) 1 (0, 1) 1 (0, 1) 

Cl- Range 3.29 - 3.29 3 - 3 2.54 - 3 3 - 3 4.27 - 4.27 3.85 - 3.85 4.37 - 4.37 

Mean 3.29 3 2.77 3 4.27 3.85 4.37 

N (A, B) 1 (1, 0) 1 (0, 1) 2 (1, 1) 1 (0, 1) 1 (1, 0) 1 (1, 0) 1 (1, 0) 

Co Range 0.011 - 0.011 - 0.246 - 0.246 - - - - 

Mean 0.011 - 0.246 - - - - 

N (A, B) 1 (0, 1) 0 (0, 0) 1 (1, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 

Cr6+ Range - - - - - - - 

Mean - - - - - - - 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 

CrTotal Range 0.011 - 0.011 - 0.136 - 0.136 - 0.01 - 0.01 0.01 - 0.01 0.01 - 0.01 

Mean 0.011 - 0.136 - 0.01 0.01 0.01 

N (A, B) 1 (0, 1) 0 (0, 0) 1 (1, 0) 0 (0, 0) 1 (0, 1) 1 (0, 1) 1 (0, 1) 

Cu Range 0.016 - 0.016 - 0.242 - 0.242 - 0.011 - 0.011 0.011 - 0.011 0.011 - 0.011 

Mean 0.016 - 0.242 - 0.011 0.011 0.011 

N (A, B) 1 (1, 0) 0 (0, 0) 1 (1, 0) 0 (0, 0) 1 (0, 1) 1 (0, 1) 1 (0, 1) 

CN- Range - - - - 0.03 - 0.03 0.03 - 0.03 0.03 - 0.03 

Mean - - - - 0.03 0.03 0.03 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 1 (0, 1) 1 (0, 1) 1 (0, 1) 

Fe Range 9.1 - 9.1 - 187 - 187 - 1.224 - 1.224 0.862 - 0.862 1.971 - 1.971 

Mean 9.1 - 187 - 1.224 0.862 1.971 

N (A, B) 1 (1, 0) 0 (0, 0) 1 (1, 0) 0 (0, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 

Hg Range 0.011 - 0.011 - 0.011 - 0.011 - 0.01 - 0.01 0.01 - 0.01 0.01 - 0.01 

 Mean 0.011 - 0.011 - 0.01 0.01 0.01 

 N (A, B) 1 (0, 1) 0 (0, 0) 1 (0, 1) 0 (0, 0) 1 (0, 1) 1 (0, 1) 1 (0, 1) 

K Range - - - - - - - 

Mean - - - - - - - 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 

Li Range 0.043 - 0.043 - 0.156 - 0.156 - - - - 

Mean 0.043 - 0.156 - - - - 

N (A, B) 1 (1, 0) 0 (0, 0) 1 (1, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 

Mg Range - - - - - - - 

Mean - - - - - - - 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 
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Toxicant 

(mg/L) 
Statistic S2:7 S2:8 S2:9 S2:10 S2:11 S2:12 S2:13 

Mn Range 0.787 - 0.787 - 3.948 - 3.948 - - - - 

Mean 0.787 - 3.948 - - - - 

N (A, B) 1 (1, 0) 0 (0, 0) 1 (1, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 

Mo Range 0.011 - 0.011 - 0.011 - 0.011 - - - - 

Mean 0.011 - 0.011 - - - - 

N (A, B) 1 (0, 1) 0 (0, 0) 1 (0, 1) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 

Na Range - - - - - - - 

Mean - - - - - - - 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 

Ni Range 0.147 - 0.147 - 0.559 - 0.559 - 0.011 - 0.011 0.011 - 0.011 0.011 - 0.011 

Mean 0.147 - 0.559 - 0.011 0.011 0.011 

N (A, B) 1 (1, 0) 0 (0, 0) 1 (1, 0) 0 (0, 0) 1 (0, 1) 1 (0, 1) 1 (0, 1) 

Pb Range 0.011 - 0.011 - 0.061 - 0.061 - 0.011 - 0.011 0.011 - 0.011 0.011 - 0.011 

Mean 0.011 - 0.061 - 0.011 0.011 0.011 

N (A, B) 1 (0, 1) 0 (0, 0) 1 (1, 0) 0 (0, 0) 1 (0, 1) 1 (0, 1) 1 (0, 1) 

Phenol Range 0.2 - 0.2 0.01 - 0.01 0.01 - 0.27 0.01 - 0.01 0.2 - 0.2 0.2 - 0.2 0.2 - 0.2 

Mean 0.2 0.01 0.14 0.01 0.2 0.2 0.2 

N (A, B) 1 (0, 1) 1 (0, 1) 2 (1, 1) 1 (0, 1) 1 (0, 1) 1 (0, 1) 1 (0, 1) 

S2- Range 10.2 - 10.2 2 - 2 12.6 - 36.4 2.8 - 2.8 2 - 2 2 - 2 2 - 2 

Mean 10.2 2 24.5 2.8 2 2 2 

N (A, B) 1 (1, 0) 1 (0, 1) 2 (2, 0) 1 (1, 0) 1 (0, 1) 1 (0, 1) 1 (0, 1) 

SO42- Range 92.35 - 92.35 86 - 86 658 - 801 547 - 547 10.37 - 10.37 4.25 - 4.25 25.87 - 25.87 

Mean 92.35 86 729.5 547 10.37 4.25 25.87 

N (A, B) 1 (1, 0) 1 (1, 0) 2 (2, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 1 (1, 0) 

Sb Range - - - - - - - 

Mean - - - - - - - 

N (A, B) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 

Se Range 0.011 - 0.011 - 0.011 - 0.011 - 0.011 - 0.011 0.011 - 0.011 0.011 - 0.011 

Mean 0.011 - 0.011 - 0.011 0.011 0.011 

N (A, B) 1 (0, 1) 0 (0, 0) 1 (0, 1) 0 (0, 0) 1 (0, 1) 1 (0, 1) 1 (0, 1) 

Va Range 0.011 - 0.011 - 0.034 - 0.034 - - - - 

Mean 0.011 - 0.034 - - - - 

N (A, B) 1 (0, 1) 0 (0, 0) 1 (1, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 

Zn Range 0.452 - 0.452 - 1.981 - 1.981 - 0.011 - 0.011 0.011 - 0.011 0.011 - 0.011 

Mean 0.452 - 1.981 - 0.011 0.011 0.011 

N (A, B) 1 (1, 0) 0 (0, 0) 1 (1, 0) 0 (0, 0) 1 (0, 1) 1 (0, 1) 1 (0, 1) 

* N: Number of records; A & B: Number of records above and below detection limits. 


