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SUMMARY IN SWEDISH  

Grundvattenförorening av patogener utgör en global hälsorisk. Prediktiva 
modeller kan bidra med underlag vid beslut om åtgärder för att minska 
föroreningsrisker. Syftet med studien är därför att bidra med kunskap om och 
förbättra modeller för transport av tarmbakterien Escherichia coli (E. coli) till 
grundvattnet. Studien inleds med en litteraturstudie av de processer och 
faktorer som påverkar transport av E. coli i den omättade zonen, samt de 
modeller som tidigare har använts i detta sammanhang. Därefter presenteras 
två olika, nyutvecklade modeller som tillämpas innovativt inom ämnesområdet. 
Först utvärderas en modell som antar att flöde enbart sker i en del av den 
omättade zonen (the Active Region Model) som ett alternativ till den 
traditionella modellen (Richards ekvation) för att beskriva bakteriell transport i 
en infiltrationsanläggning. Modellen som antog en aktiv region resulterade i en 
filtreringkapacitet som var två storleksordningar mindre än den traditionella 
modellen, vilket överensstämde bättre med observationer. Sedan utvärderades 
tillämpligheten av en rumslig probit-modell för att uppskatta sannolikheten för 
förorening av brunnar med koliforma bakterier i en fallstudie i Juba, Sydsudan. 
Resultaten visade att residualerna i den konventionalla probit-modellen var 
rumslig autokorrelerade, vilket motiverade en rumslig probit. Denna modell 
underströk betydelsen av avståndet till områden med informella bosättningar 
(Tukul zones). Statistiska analyser visade dessutom att lokal topografi, 
ackumulerad nederbörd (över 5 och 30 dagar) och lokal hygien var faktorer 
som var associerade med förorening av brunnar i Juba. Resultaten är värdefulla 
för bedömning av riskfaktorer i liknande områden, med avseende på klimat, 
hydrogeologi samt socioekonomiska förhållanden, vilka är vanliga i Afrika 
söder om Sahara. Denna studie visade att regressionsmodellering inom detta 
ämnesområde kan behöva ta hänsyn till rumslig autokorrelation. Framtida 
studier bör analysera det avstånd inom vilket vattenkvalitén i brunnar kan vara 
spatialt autokorrelerade, med hjälp av både mekanistiska och statistiska 
metoder. Sammanfattningsvis betonade resultaten konsekvent betydelsen av 
flödesmönster (i tid och rum) för transport av E. coli till grundvattnet. Det 
rekommenderas därför att framtida studier utvärderar hur modeller av 
preferentiellt flöde kan tillämpas för att förutsäga mikrobiell transport. Ämnets 
tvärvetenskapliga karaktär yrkar på ett systemtänkande och samverkan mellan 
discipliner för att uppnå resultat som kan användas som beslutsstöd. 
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ABSTRACT  

Groundwater contamination with pathogens poses a health risk worldwide. 
Predictive modeling could provide decision support for risk analysis in this 
context. This study therefore aimed to improve predictive modeling of the 
transport of Escherichia coli (E. coli) to groundwater. Primarily, it included a 
review of the state-of-the-art of the underlying process, influencing factors and 
modeling approaches that relate to E. coli transport in the unsaturated zone. 
Subsequently, two recently developed models were innovatively applied to the 
context of microbial contamination. The Active Region Model was evaluated 
as an alternative to the traditional, uniform flow model (Richard’s equation) to 
describe bacterial transport in a wastewater treatment facility. It resulted in 
removal rates that were two orders of magnitude smaller than the traditional 
approach, more consistently with observations. The study moreover assessed 
the relevance of a spatial probit model to estimate the probability of 
groundwater source contamination with thermotolerant coliforms in a case 
study in Juba, South Sudan. A conventional probit regression model resulted in 
spatially auto-correlated residuals, pointing to that the spatial model was more 
accurate. The results of this approach indicated that the local topography and 
the near presence of areas with informal settlements (Tukul zones) were 
associated with contamination. Statistical analyses moreover suggested that the 
depth of cumulative, long-term antecedent rainfall and on-site hygiene were 
significant risk factors. The findings indicated that the contributing 
groundwater was contaminated in Juba, and that contamination could be both 
local and regional in extent. They are relevant for environments with similar 
climatic, hydrogeological and socioeconomic characteristics, which are 
common in Sub-Saharan Africa. The results indicated that it is important to 
consider spatial interactions in this subject area. There is a need for studies that 
assess the distance within which such interactions can occur, using both 
mechanistic and statistical methods. Lastly, the results in this study consistently 
emphasized the importance of flow patterns for E. coli transport. It is thus 
recommended that future studies evaluate how models of preferential flow and 
transport can incorporate microbial fate. The multidisciplinary nature of the 
subject calls for a systems approach and collaboration between disciplines.  

Key words: Groundwater contamination; Unsaturated zone; Improved 
water sources; Fecal indicator bacteria; Contaminant transport 
modeling; Regression modeling  

1. INTRODUCTION  

Improving water supply, sanitation, hygiene and management of 
water resources could prevent almost one tenth of the global 
disease burden (Prüss-Üstün et al. 2008). Annually, diarrheal 
disease is responsible for 1.5 million deaths, and 58 % of that 
burden can be attributed to unsafe water supply, sanitation and 
hygiene, according estimates by the World Health Organization 
(WHO) (2014a). The problem is particularly urgent in developing 
countries. To improve human health, the United Nations (UN) has 
formulated the goal to increase access to improved drinking water, 
which, in low income regions is often derived from groundwater 
(Graham and Polizzotto 2013). Pedley and Howard (1997) 



Emma Engström TRITA-LWR PHD-2015:04 

 

2 

estimated that 80% of the residents of rural and peri-urban areas in 
developing countries rely on groundwater sources for drinking 
water. Groundwater has traditionally been considered a relatively 
safe source of water. However, previous research has reported that 
microbiological contamination of groundwater sources can occur 
(Beller et al. 1997; Dalu et al. 2011; Howard et al. 2002; Nasinyama 
et al. 2000). Knappett et al. (2011) detected Escherichia coli (E. coli) 
in 42 of 43 surveyed ponds in rural Bangladesh. These ponds 
could receive latrine effluents and cattle manure, hence 
contaminating nearby aquifers, which are tapped by tube wells that 
provide drinking water in the area (Knappett et al. 2011).  

Pathogenic coliforms generally enter the groundwater through the 
unsaturated zone, since contaminant sources are often located 
close to the ground surface. For example, contamination could 
occur due to manure used as fertilizer in agriculture, septic tank 
effluents, disposal of excreta using pit latrines, leakage of sewer 
lines, or irrigation of wastewater (Azadpour-Keeley and Ward 
2005; Downs et al. 1999; Howard et al. 2003; Pachepsky et al. 
2006; Pang et al. 2004; Scandura and Sobsey 1997). The latter 
practice has both agronomic and economic benefits, and is likely 
to become more widespread as the demand for fresh water 
intensifies (Hamilton et al. 2007; Westcot 1997). Groundwater 
contamination could affect human health directly: 51 % of all 
water borne disease outbreaks in the U.S. from 1991 to 2000 
resulted from groundwater contamination of pathogens (USEPA 
2006a), and it has been estimated that 750,000 to 5.9 million 
illnesses per year in the U.S. occur due to fecal pollution of 
groundwater (Bruce and Jon 2000; Haznedaroglu et al. 2009). 
Another source of microbial contamination is irrigation water on 
ready to eat crops, such as carrots and radish (Forslund et al. 2011; 
Wood et al. 2010). Forslund et al. (2011) reported that subsurface 
drip irrigation with water containing E. coli O157:H7 had 
contaminated potato tubers in sandy loam and coarse sand, soils 
typical for Danish agriculture. Irrigation water is often provided by 
groundwater; for example, in the Central Coast area of California it 
relies heavily on groundwater resources (Gelting et al. 2011).  
Investigating a multistate outbreak of E. coli O157:H7 infections in 
the U.S., Gelting et al. (2011) argued that the most probable 
irrigation-water related factor that poses a risk to ready-to-eat-
crops is groundwater-surface water interactions; it was concluded 
that the vertical, spatial dimension needs to be considered in future 
analyses.  

1.1. Aim 

In light of the above, there is an evident need to improve the 
understanding of when and where microbiological contamination 
of groundwater occurs. Addressing this, important research has 
recently improved knowledge relating to bacterial transport and 
fate processes in porous media. It is, however, not obvious how 
experimental and observational findings can be used for 
predictions (Fig. 1). This study therefore investigates the 
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applicability of different models in this context, and it evaluates 
how research findings could be incorporated in these models. The 
overall aim is to improve predictions of whether, and to what 
extent, E. coli are transported to groundwater in different 
environments. This supports practitioners in the fields of water, 
sanitation and health, land use planning and risk analysis. More 
specifically, the objectives of the study are: 

• to analyze the state of the art of the knowledge of the 
underlying factors and processes that affect the transport and fate 
of E. coli in unsaturated filer media, and link the findings to 
mathematical modeling approaches in the literature (Paper I); 

• to investigate the applicability of previously derived 
mechanistic models for simulations of transport and removal of 
E. coli in unsaturated sand (Paper I); 

• to evaluate whether the Active Region Model could provide 
a relevant alternative to the traditional, uniform flow approach 
(Richard’s equation) to describe flow and transport of E. coli in a 
rapid infiltration wastewater treatment facility (Paper II); 

• to improve the understanding of the influence of various 
site-specific risk factors on microbiological contamination of 
improved groundwater sources in a case study in Juba, South 
Sudan (Paper III); 

• to evaluate the relative importance of various local and 
regional factors by developing multivariate regression modeling 
and spatial probit models to predict groundwater contamination in 
Juba, while accounting for spatial interactions between sites 
(Paper IV). 

1.2. Rationale for E. coli  

Pathogens spread in excreta, which always contain fecal coliforms, 
such as E. coli. E. coli are the recommended fecal indicator bacteria, 
according to WHO (2011), and there are several pathogenic E. coli 
strains, such as enterohemorrhagic E. coli (EHEC). The infectious 
dose has been estimated to be as low as 10 cells for some E. coli 
strains (Pachepsky et al. 2006). In the U.S., the estimated total 
cases of food-related illness due to different strains of E. coli is 
nearly 270,000 per year (Mead et al. 1999). This study focuses on 
E. coli in general, even though only some E. coli strains are 
pathogenic. This is because water quality guidelines by WHO 
(2011) have been developed for the ensemble of E. coli strains. 
According to WHO (2011), there is no indication that 
enteropathogenic E. coli strains differ from other E. coli 
considering water treatment and disinfection procedures. All of 
them have shared characteristics: they are enteric, facultatively 
anaerobic, Gram-negative and rod-shaped (Bergey and Breed 
1957); moreover, they have a simliar size, in the range of 2.0 – 6.0 
μm × 1.1 – 1.5 μm, and they are considered to be hydrophilic 
(Foppen and Schijven 2006). This suggests that their transport and 
removal mechanisms in soil are similar. It has furthermore been 
argued that E. coli might be suitable for predictive modeling, since 
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they have a relatively low removal rate in soil (Foppen and 
Schijven 2006; Pang et al. 2004).  

1.3. Scope, delimitations and outline 

Experimental research in the field tends to focus on one or a few 
factors and their importance for a certain removal process. It is 
recognized that such studies are essential to improve the 
understanding of microbiological subsurface transport to 
groundwater; nevertheless, there is also a need for theoretical 
studies that could provide a more comprehensive analysis of the 
subject, which is related to many different scientific disciplines 
(Rockhold et al. 2004). The theoretical approach used in the 
current study allows for a wide perspective on the subject, while 
keeping the focus on the application of experimental and 
observational findings for robust predictions.  

The complexity of the subject supported the use of different 
methodologies that could address it from different angles. This 
study accounted for various processes that might precede the 
occurrence of E. coli in groundwater, and different mathematical 
tools that might be used to predict it. Its scope is depicted 
conceptually in Figure 2. The first part focused on predictive, 
mechanistic modeling of E. coli transport in the unsaturated 
(vadoze) zone. Typically, transport to groundwater occurs through 
this region, which is located below ground, where the fecal sources 
are often located, and just above the water table. Primarily, this 
part included a literature review of the influencing factors and 
underlying processes, sometimes as detailed as the micro-scale and 
below. Understanding of these mechanisms is essential for the 
development of predictive models. Moreover, this part accounted 
for numerical modeling of reactive transport of E. coli in a 
reference setting: steady-state flow in sand, a ubiquitous natural 
filter material. Lastly, it included modeling of flow and transport in 
a rapid wastewater infiltration basin; this is a type of system that is 

Fig. 1. On one hand, there is an evident need for decision support 
relating to microbiological contamination of groundwater sources 
(right). On the other, there are relatively many experimental and 
observational studies in the field (left). This thesis aims to link 
the two by improving predictive tools (center). The ultimate aim 
is to provide support for practitioners and researchers in the fields 
of water, sanitation and health, land-use planning and health risk 
analysis. 
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particularly interesting as it could provide local and economical 
means of water treatment. These modeling studies thus addressed 
the challenges with predicting reactive transport, and the effects of 
the assumptions on flow on the estimations of transport. Such 
studies enabled quantitative comparisons in baseline scenarios, and 
therefore they illustrated important challenges with predicting 
bacterial removal in general.  

The second part addressed the subject from a different 
perspective. It evaluated the underlying risk factors in a peri-urban 
area where many groundwater sources had been contaminated 
with thermotolerant coliforms (TTCs). It included statistical 
modeling based on observational data and Geographical 
Information Systems (GIS) to account for possible risk factors.  
This part made inference on the underlying processes and 
developed a methodology for analyzing observational data. 
Implicitly, it accounted for transport to groundwater, since the 
natural habitat of E. coli is the gastrointestinal tract of animals and 
humans (Kayser et al. 2004), and not aquifers. 

2. THEORETICAL BACKGROUND 

This study investigated both mechanistic and statistical modeling 
approaches in the context of bacterial contamination and transport 
in the subsurface, as discussed above. This section therefore 
presents the conventional approaches to contaminant transport 
modeling in the unsaturated zone and probabilistic regression 
modeling. 

2.1. Unsaturated flow and transport 

Vertical flow in the homogeneous unsaturated zone is typically 
assumed to be uniform at a given depth, and to take place in a 

Fig. 2. The first part of the thesis uses mechanistic models to 
predict transport to groundwater, based on literature data, while 
the last part uses observations of E. coli prevalence in 
groundwater sources to statistically assess potential contributing 
risk factors, based on observations in Juba, South Sudan. 
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single continuum. It is traditionally modeled using Richard’s 
equation (Richards 1931): 

 
𝜕𝜃(ℎ)

𝜕𝑡
=

𝜕

𝜕𝑥
[𝐾(ℎ) (

𝜕ℎ

𝜕𝑥
+ 1)] (1) 

where 𝜃(ℎ) is the volumetric water content; ℎ [L] is the soil water 

pressure head; 𝑡 [T] is time; 𝑥 [L] is the vertical distance (positive 

upward); and 𝐾(ℎ) [LT-1] is the unsaturated hydraulic conductivity. 
The equation above excludes the effect of a source/sink term, 
representing, e.g., root uptake or evapotranspiration. The 
unsaturated hydraulic conductivity depends on the saturation, and 
it is often described according to the van Genuchten relationship 
(1980): 

 𝐾 = 𝐾𝑠 𝐾𝑟(ℎ) = 𝐾𝑠 𝑆𝑒 
1/2 [1 − {1 − 𝑆𝑒 

1/𝑚}
𝑚

]
2

 (2) 

for h < 0. in which 𝐾𝑠  [LT-1] is the saturated hydraulic 

conductivity; 𝐾𝑟[-] is the relative hydraulic conductivity; 𝑆𝑒  [-] is 

the effective saturation; and 𝑚 =  1 − 1/𝑛, where 𝑛 [-] is the van 
Genuchten (1980) parameter and relates to the pore size 
distribution. The van Genuchten (1980) relation also links the 

moisture content, 𝜃, with the pressure head: 

 𝜃 = 𝜃𝑟 +
(𝜃𝑠 − 𝜃𝑟 )

[1 + |𝛼ℎ|𝑛]𝑚
 (3) 

where 𝜃𝑠  and 𝜃𝑟 is the saturated and the residual moisture content, 

respectively, 𝛼 [L-1] is the van Genuchten (1980) parameter and 
relates to the air entry pressure head.  

Conservation of mass yields the well-known advection-dispersion 
equation, which describes fluid transport (Rockhold et al. 2004), 
according to (in one-dimensional form): 

 
𝜕(𝜃𝐶)

𝜕𝑡
+ 𝛬𝑓𝑎𝑡𝑒 = −𝑢

𝜕𝐶

𝜕𝑥
+

𝜕

𝜕𝑥
(𝜃𝜆𝑣

𝜕𝐶

𝜕𝑥
)  (4) 

where 𝐶 [ML-3] is the bacterial fluid concentration; 𝛬𝑓𝑎𝑡𝑒 is the 

total bacterial fate reaction rate;  𝑢 is the Darcy velocity  [LT-1]; 𝜆 

[L] is the dispersivity; and 𝑣 [LT-1] is the pore-water velocity. In the 
equation above the effect of molecular diffusion is considered to 
be negligible as compared to mechanical dispersion, which can be 

expressed as 𝜃𝜆𝑣 = 𝜆𝑢. This approach assumes that flow is spread 
uniformly over the transport domain at a given depth. These 
models were used in Paper I and Paper II. 

2.2. Multivariate probit regression 

A conventional multivariate probabilistic (probit) regression model 
reflects a binary response variable. It assumes that the error terms 
are independent and identically distributed (iid). The probability of 

an event, 𝑝𝑖 , can be estimated according to (LeSage and Pace 
2009; LeSage 2000): 

 𝑝𝑖 = 𝑃(𝑌𝑖 = 1) =  𝛷(𝑥𝑖
′𝛽), and 

 1 − 𝑝𝑖 = 𝑃(𝑌𝑖 = 0) =  1 − 𝛷(𝑥𝑖 ′𝛽) 
(5) 

for i = 1, … , n, where 𝑌i is a random variable,  𝛷 is the cumulative 

distribution function of the standard normal distribution; 𝑥𝑖 is a 



Predicting the transport of Escherichia coli to groundwater 

 

7 

vector of independent explanatory variables for sample i; 𝛽 is a 

vector of parameters to be estimated; and 𝑛 is the number of 
observations. Thus: 

 𝛷−1(𝑝𝑖 )  =  𝑥𝑖′𝛽 (6) 

for i = 1, … , n, where  𝛷−1 is the inverse of 𝛷. An equivalent 

model, with a latent variable, 𝑌𝑖
∗, can be formulated: 

 𝑌𝑖
∗  = 𝑥𝑖′𝛽 + 𝑒𝑖  (7) 

for i = 1, … , n, where the error terms, ei, are N(0, σ2) and iid; and 

𝑌𝑖 indicates whether 𝑌𝑖
∗ is positive: 𝑌𝑖 = 1, if 𝑌𝑖

∗ >0, and 𝑌𝑖 = 0 
otherwise. Thus: 

 
𝑝𝑖(𝑌𝑖 = 1 | 𝑥𝑖) = 𝑝𝑖(𝑌𝑖

∗ > 0) = 𝑝𝑖(𝑥𝑖
′𝛽 + 𝑒𝑖 > 0) = 

𝑝𝑖(𝑒𝑖 > −𝑥𝑖
′𝛽) = 𝑝𝑖(𝑒𝑖 /𝜎 < 𝑥𝑖

′𝛽/𝜎) = 𝛷(𝑥𝑖
′𝛽/𝜎) 

(8) 

for i = 1, … , n. This approach was used in Paper IV. 

3. METHODS 

3.1. State-of-the-art (Paper I) 

The literature review was primarily based on articles and reports 
found by keyword searches in ScienceDirect, Web of Science and 
Google Scholar.  The review summarized and analyzed the 
theories and experimental research that relate to the pore-scale 
mechanisms, the macro-scale modeling approaches and the 
influencing factors that affect the transport and fate of E. coli in 
the unsaturated zone. The rationale for this wide scope was that 
knowledge of the underlying processes is essential for the 
development of predictive models. The state-of-the-art constituted 
the foundation for the subsequent studies. Nevertheless, a review 
of relevant literature constituted a substantial part of the 
methodology in all of the papers in the study.  

3.1.1. Numerical modeling of  reactive transport  

Paper I compared different mathematical models of reactive 
transport in sand filters obtained from studies in the literature that 
considered E. coli or colloids with similar properties. The 
simulations considered one-dimensional transport through sand, 
and a transport distance of 25 cm, saturations of 25 %, 50 % and 

75 %, as well as a constant pressure head, ℎ. The Darcy velocity in 

each case, 𝑢 = 𝐾𝑠𝐾𝑟(ℎ), was calculated based on the van 
Genuchten (1980) equations and the specified saturation, based on 
Richard’s equation (eq. 1-3). The advection-dispersion equation 

(eq. 4) with settings for reactions, 𝛬𝑓𝑎𝑡𝑒 , and dispersivity, 𝜆, 

according to Table 3 in Paper I, was solved numerically using the 
COMSOL Multiphysics software package (COMSOL AB 2012). 
The model accounted for a steady rate of infiltration and a particle 
suspension pulse of one pore volume. The predictions were based 
on an ensemble of models derived under conditions that were 
similar to the simulated scenarios. All the models had shown good 
fits to their respective experimental breakthrough curves. 
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3.2. Modeling transport in a wastewater treatment plant (Paper II) 

Traditionally, Richard’s equation has been applied for uniform 
flow. Paper II compared this model to the active region model, 
which accounts for preferential flow by assuming that fluid flow 
and bacterial transport only occurs in a part of the soil, the active 
(mobile) region. 

3.2.1. Governing equations 

The active region model assumes that the active region displays 
fractal properties, and that its portion changes with the saturation 
within it (Liu et al. 2005): 

 𝑓 = (𝑆𝑒)𝛾  (9) 

where 𝑓 is the fraction of the active region; 𝑆𝑒 = 𝑓𝑆𝑎  is the 

effective water saturation, in which 𝑆𝑎 is the saturation in the 

active region; and 𝛾 is related to the degree of finger flow in the 
soil. In the active region model the governing equation for fluid 
flow in the active region parallels Richard’s equation for uniform 
flow (eq. 1). However, the constitutive relations among saturation, 
capillary pressure, and unsaturated hydraulic conductivity are 
different (Liu et al. 2005): 

 
𝜕𝜃(ℎ𝑎 )

𝜕𝑡
=

𝜕

𝜕𝑥
[𝐾 (

𝜕ℎ𝑎 

𝜕𝑥
+ 1)] (10) 

where 𝜃(ℎ𝑎 ) is the total water content, which thus includes the 

water content from both the active and the inactive regions; ℎ𝑎 [L] 

is the pressure head in the active region; and 𝐾 [LT-1] is the 
hydraulic conductivity in the whole domain. The total water 
content can be expressed as: 

 𝜃 = 𝑓𝜃𝑎 + (1 − 𝑓)𝜃𝑖  (11) 

where 𝜃𝑎 and 𝜃𝑖 are the water contents in the active and inactive 
regions, respectively. Based on the van Genuchten (1980) 
relationship in the active region only, the total hydraulic 
conductivity can be expressed as: 

 
𝐾 = 𝑓𝐾𝑎 = (𝑆𝑒)𝛾𝐾𝑎 =  

𝐾𝑠 (𝑆𝑒)(1+𝛾)/2[1 − {1 − (𝑆𝑒)(1−𝛾)/𝑚}
𝑚

]
2

 
(12) 

in which 𝐾𝑎  [LT-1] is the hydraulic conductivity in the active 

region. The effect of a higher 𝛾 is that the water saturation in the 
active region increases and its size decreases. As a result, the total 
hydraulic conductivity increases (Liu et al. 2005). 

In the active region model it can be assumed that transport 
exclusively occurs in the active region, and that the concentration 

in the inactive region, 𝐶𝑖 [ML-3], is negligible. Based on derivations 
in Paper II, the advection-dispersion equation for transport and 
reactions in the active region can be formulated: 

 𝑓𝜃𝑎 

𝜕𝐶𝑎 

𝜕𝑡
+ 𝐶𝑎 𝜃𝑖 

𝜕𝑓

𝜕𝑡
+ 𝛬𝑎 = −𝑢

𝜕𝐶𝑎 

𝜕𝑥
+

𝜕

𝜕𝑥
(𝜆𝑎  𝑢

𝜕𝐶𝑎 

𝜕𝑥
) (13) 

where 𝐶𝑎  [ML-3] is the bacterial concentration in the active region; 

𝛬𝑎 is the total bacterial  source-sink (reaction) term in the active 

region; 𝑢 [LT-1]  is the Darcy velocity (with respect to the whole 
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flow domain); and 𝜆𝑎 [L] is the dispersivity in the active region. 
On the left side of this equation, the leftmost term is a storage 
term that depends on the change in the bacterial concentration in 
the active region, and the middle term represents mass storage as 
an effect of the change in the size of the active region. The 
uniform transport model is a special case of this equation, because 

for uniformly distributed flow the fraction of active region, 𝑓, is 
constant and equal to unity.  

Reaction coefficients are typically derived from fitting a bacterial 
breakthrough curve to the advection-dispersion equation, 
considering uniform transport (eq. 4), and various expressions for 

𝛬𝑓𝑎𝑡𝑒, depending on the assumed bacterial fate processes. The 

most straightforward model was considered in the current study 
and included kinetic, first-order attenuation: 

 𝛬𝑓𝑎𝑡𝑒 = 𝜃𝑘𝑡𝑜𝑡𝐶 (14) 

where 𝛬𝑓𝑎𝑡𝑒 is the reaction term in eq. 4; 𝐶 [ML-3] is the bacterial 

fluid concentration; and 𝑘𝑡𝑜𝑡 [T-1] the total attenuation rate. In 

saturated filter media, 𝑘𝑡𝑜𝑡 corresponds to the particle deposition 
rate coefficient (Harvey and Garabedian 1991; Tufenkji and 

Elimelech 2004). In order to estimate 𝑘𝑡𝑜𝑡 in laboratory studies, 
the removal rate can be based directly on the relative effluent 
concentration of cells, assuming that the effect of dispersion can 
be ignored, according to (e.g., Haznedaroglu et al. (2009) and 
Zhang et al. (2010)): 

 𝑘𝑡𝑜𝑡 = −
𝑢

𝜃𝑙𝑐𝑜𝑙

𝑙𝑜𝑔 (
𝐶𝑒𝑓𝑓𝑙𝑢𝑒𝑛𝑡 

𝐶0 

) (15) 

in which 𝐶0   and 𝐶𝑒𝑓𝑓𝑙𝑢𝑒𝑛𝑡  are the influent and effluent 

concentrations, respectively, and the latter can be derived from a 

breakthrough curve; 𝑙𝑐𝑜𝑙 [L] is the column length; and 𝑢/𝜃 is equal 
to the pore-water velocity. This approach was adopted to derive 

the values of 𝑘𝑡𝑜𝑡 that were applied in the models. Based on the 
assumption that finger flow and bacterial removal only occurs 

within the active region, the reaction term in eq.13, 𝛬𝑎 , can 
correspondingly be defined as:  

 𝛬𝑎 = 𝑓𝜃𝑎𝑘𝑡𝑜𝑡𝐶𝑎  (16) 

where 𝑘𝑡𝑜𝑡 [T-1] is the temporal attenuation rate. 

3.2.2. Model application 

In Paper II, the results based on the traditional, uniform-flow 
approach, modeled according to Richard’s equation (eq. 1-3) and 
the advection-dispersion equation with reactions (eq. 4 and eq. 14), 
were compared with the corresponding equations for the active 
region model (eq. 9-13 and 15). The model represented a rapid 
infiltration pilot plant, treating the sewage of the village of 
Mazagón, Spain, with experimental results published in Mottier et 
al. (2000). The plant had characteristics typical for soil aquifer 
treatment facilities in terms of the hydraulic loading as well as the 
filter medium (USEPA 2003; USEPA 2006b). The simulations 
accounted for one waste-water application sequence, including 
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flooding (45 min) followed by drainage (105 min); in total 2 h and 
30 min were modeled, during which most of the infiltrating water 
had passed the filter in the pilot plant. The governing equations for 
flow and transport were solved using COMSOL Multiphysics® 
(COMSOL AB 2012), which uses the finite-element method. The 
initial and boundary conditions are presented in Paper II. 

3.3. Risk factor analysis (Paper III) 

Paper III and Paper IV analyzed what factors might increase the 
vulnerability of groundwater sources to E. coli contamination in a 
case study in Juba, South Sudan. The rationale was that Juba is a 
low-income area, where diarrheal disease is very common and 
groundwater provides essential sources of drinking water. These 
studies considered larger scales in time and space as compared to 
Paper I and Paper II. The analysis in Paper III focused on 
site-specific characteristics and precipitation. 

3.3.1. Study area (Paper III and Paper IV) 

South Sudan is located in sub-Saharan Africa, close to the Equator 
(Fig. 3). Its climate is tropical with a drier season from around 
November to March, followed by a rainy season from around 
April to October. Juba is situated in an alluvial plain that slopes in 
the southwest-northeast direction, from the foothill of Mount 
Jebel Kujur in the west, towards the river Bahr-el-Jebel (White 
Nile) in the east, as portrayed by Japan International Cooperation 
Agency (JICA) (2009a). The study focused on the least developed 
parts of Juba, and the investigated sources were scattered mainly 
over the municipal subdivisions: Juba Town, Munuki, Kator and 
Lologo. The analyses in Paper III and Paper IV were based on 
samples from 147 groundwater-fed drinking-water sources in Juba 
collected in 2010 by the humanitarian aid organization Médécins 
Sans Frontières-Belgium (MSF-B). MSF-B sampled the incidence 
of TTCs, considered acceptable indicators of fecal pollution by 
WHO (2011).  According to WHO (2011), the populations of 
TTCs are composed predominantly of the recommended fecal 
indicator Escherichia coli (E. coli) in most environments. The 
microbiological and chemical analyses were conducted by MSF-B. 
The data were transformed into binary data, reflecting absence or 
presence of TTCs in a 100 ml sample, in agreement with the 
guidelines for drinking-water quality by WHO (2011). 
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3.3.2. Data sources: site-specific features and precipitation 

Paper III statistically analyzed the importance of the site-specific 
characteristics recorded by MSF-B technicians at the time of the 
sampling. These factors included: the drainage efficiency, the 
on-site hygiene, the presence of latrines and the local topography. 
The drainage efficiency reflected damages in the borehole apron or 
drainage channel, whereas on-site hygiene represented the 
conditions around the borehole, such as littering, ponding or 
animal rearing. The drainage efficiency and the local topography 
thus accounted for microbiological transport pathways, either at 
the manufactured water source, or hydrogeological transport 
processes in its vicinity. On-site hygiene and latrine presence 
instead related to the possible effects of local sources of 
contamination. Daily precipitation data were obtained using the 
Giovanni online data system (Acker and Leptoukh 2007), based on 
the Tropical Rainfall Measuring Mission (2013) and the 3B42 data 
set. Rainfall data were summed for the 24 h, 48 h, 120 h and 
month prior to sampling. 

3.3.3. Statistical analyses 

The on-site risk factor analysis comprised bivariate statistical 
assessment, using both parametric tests (Student’s paired t-test), 
and non-parametric tests (χ2- test of independence and Wilcoxon 
paired, signed-ranks test), as listed in Paper III, Table 1. However, 
spatial data has a tendency to be dependent, or auto-correlated 
(Mörtberg and Karlström 2005), and its importance depends on 
the spatial characteristics of the response variable and the 

Fig. 3. Location map (inset) of the study area in, Juba, based on 
WHO (2014b), where the country map is an approximation of 
actual country borders. Map of Juba, obtained from Google maps 
(2014), with data on urban subdivisions (purple font) and 
landmarks (red font) based on WHO (2014b) and JICA (2009a). 
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evaluated factors. In Paper III the local topography was the most 
spatially extensive risk factor; therefore, it constituted the basis for 
a constraint of at least 100 m between the investigated sources. In 
Paper III, to reduce the effect of spatial auto-correlation a 
selection of six sources was thus removed from the data set, 11 
sources being located within 100 m from other ones. To assess the 
uncertainty of this selection, all of the possible combinations were 
tested, and ranges of the resulting p-values were evaluated. 

3.4. Multivariate regression and spatial probit (Paper IV) 

The last study developed a multivariate linear regression model in 
order to analyze trends in the data set and identify risk factors for 
groundwater sourse contamination in Juba. This enabled 
comparisons of the relative importance of the local factors, 
identified in Paper III, as compared to features with a wider spatial 
extent, including land use, hydrogeological factors and 
socioeconomic characteristics. Paper IV also addressed the effect 
of spatial autocorrelation in this context using a spatial probit 
model. 

3.4.1. Variables and data sources 

The risk factor analysis included site-specific characteristics and 
regional features, comprising hydrogeological factors, land use and 
socioeconomics. Considering land use, the following categories 
were defined and located, based on a report by the United States 
Agency for International Development (USAID) (2005), as well as 
a report by JICA (2009a; 2009b): bush; open ground or grassland; 
commercial and market areas; and roads or houses. The 
hydrogeological characteristics comprised the location of ponds or 
marshes, and the Bahr-el-Jebel and its contributaries, based on 
JICA (2009a; 2009b), as well as the elevation above the sea level 
and the static water level for each source. The latter was estimated 
using interpolation based on drilling protocols regarding 35 
boreholes drilled between 2005 and 2010 in the urban subdivisions 
of Kator, Munuki and Juba Town, conducted by MSF-B in 
cooperation with the Government of Southern Sudan, the Ministry 
of Cooperatives and Rural Development, and the Directorate of 
Rural Water (MSF-B, unpubl.). Elevation was extracted using 
topographical data with 30x30 m resolution, based on the ASTER 
Global Digital Elevation Model (NASA Jet Propulsion Laboratory 
(JPL) 2011). Socioeconomic data were based on land class 
characteristics as specified and located by USAID (2005). All of 
the investigated risk factors and the corresponding variables are 
listed in Paper IV, Appendix 1. 

3.4.2. Bivariate analyses 

To identify the most important risk factors, bivariate associations 
were evaluated between contamination and each of the variables 
that represented land use, socioeconomic or hydrogeological 
features. These tests were based on the two-sided Wilcoxon 
rank-sum test (or Mann–Whitney U-test), a non-parametric 
alternative to the t-test, evaluating the null-hypothesis that two 
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independent samples come from distributions with equal medians. 
The site-specific factors had been investigated in Paper III. 

3.4.3. Conventional probit 

Reflecting the binary response variable, a multivariate probabilistic 
(probit) model was developed. It estimated the probability of 
contamination as dependent on the explanatory variables. 
Primarily, a conventional approach was applied (eq. 5-8), and the 

estimated values for 𝛽 were those that maximized the likelihood 
function, considering each selection of explanatory variables. Four 
conventional probit models were developed. The first model 
included the explanatory variables that were found to be optimal 
based on Akaike’s Information Criterion (AIC) (Akaike 1973), 
considering the explanatory variables with an individual 
significance of p<0.1, in agreement with Hynds et al. (2014). The 
resulting model (Model A) was thus the best estimate both in 
terms of the selection of explanatory variables and the 
corresponding coefficients. Subsequently, three other models were 
developed with explanatory variables that were considered to be 
particularly relevant for the purpose of developing guidelines. 
These accounted for the near presence of rivers and/or roads. To 
keep as much information as possible, the whole data set was used 
for model development, in agreement with Mair and El-Kadi 
(2013) and Howard et al. (2003). The rationale was that there were 
relatively few data points, and the purpose of the study was to 
make structural interpretations of the results. Each conventional 
probit model was then tested for spatial autocorrelation, using the 
classic measure Moran’s I (Moran 1950): 

 𝐼 =

1
𝑊

∑ (∑ 𝑤𝑖𝑗(𝑟𝑖 − �̅�)(𝑟𝑗 − �̅�)𝑛
1

𝑛
𝑖=1

1
𝑛

∑ (𝑟𝑖 − �̅�)2𝑛
𝑖=1

 (17) 

where 𝑤𝑖𝑗 are entries in the weight matrix, 𝑊, which specify 

whether observations at location i and j are neighbors; 𝑟𝑖 and 𝑟𝑗 are 

the values of the residuals (𝑟𝑖 =  𝑦𝑖 − 𝑝𝑖); �̅� is the average of the 

𝑟𝑖; and n is the number of observations. The weight matrix thus 
defines the special structure, and it should be specified based on 
theory (Mörtberg and Karlström 2005). In the current study, it 
reflected a conservative estimate of the maximum microbial travel 
distance in the aquifers in Juba. It was specified that a neighboring 
source was located within a radius of 300 m, up gradient or level 
with the source in question, but not lower than 2 m below it. 

3.4.4. Spatial probit 

Spatial structure might occur due to that a response variable 
depends on factors that are spatially structured, or that there are 
spatial interactions between the investigated sites (Mörtberg and 
Karlström 2005). In Paper IV, a spatial error probit model was 

derived. It included a spatial autocorrelation parameter, 𝜌, in 
addition to the explanatory variables that had been selected 
previously in the conventional probit models. The spatial error 
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model included a spatial autoregressive error term in the probit 
model (eq. 7-8), according to: 

 𝑒𝑖 = 𝜌 ∑ 𝑤𝑖𝑗

𝑛

𝑖=1

𝑒𝑗 + 𝜇𝑖 (18) 

for 𝑖 = 1, … , 𝑛, where,  𝜇𝑖, are N(0, 𝜎2) and iid; and 𝜌 reflected 

the spatial autocorrelation: 𝜌 = 0 for independent error terms and 
a positive value indicates positive autocorrelation. In the spatial 

probit the probabilities, 𝑝𝑖, are not independent and 
multidimensional integral needs to be calculated, reflecting the 
number of observations (LeSage and Pace 2009; LeSage 2000). A 
Bayesian spatial error probit model was developed, using the 
Matlab Econometrics Toolbox (LeSage 2000). To compare the 
spatial probit models, a Bayesian model comparison approach was 
implemented by calculating the Bayes Factor, which can be 
approximated by the ratio of the marginal likelihood of the 
observations in two investigated models. 

4. RESULTS  

4.1. Literature review (Paper I) 

The state-of-the-art provided a foundation for the subsequent 
papers. It focused on E. coli in the unsaturated subsurface, and it 
covered the underlying process, causal factors and the models 
applied in the literature.  

4.1.1. Bacterial fate processes 

Paper I identified a range of bacterial processes related to 
attachment, straining, and survival in porous media (Fig. 4 and Fig. 
5). The findings indicated that the relative importance of each 
retention mechanism in the matrix varies with the system 
characteristics: it could be practically complete for intermittent, 
slow flux of wastewater in the presence of a biologically active 
layer (a “Schmutzdecke”), and practically negligible in the case of 
heavy, sudden infiltration and subsequent transport in pronounced 
preferential flow paths. Regarding retention in weakly structured 
soil, such as sand, results pointed to that air-water meniscus- solid 
interface straining, as well as attachment to grains in 2nd energy 
minima are key processes. The relative importance of each of these 
mechanisms depends on the moisture content and the solution 
ionic strength. Both mechanisms become more prevalent with 
slower flow and higher collector surface heterogeneity. In the 
literature, these processes were typically identified using direct 
imaging at the pore-scale; however, it remains unclear how the 
results might be up-scaled for the purpose of predictive modeling 
at the column-scale and above. Typically, the mechanisms are not 
reflected directly in parameters in predictive models; instead, the 
effects of various processes and factors are lumped in a few 
reactive transport parameters (Tufenkji 2007). The understanding 
of the underlying mechanisms for bacterial attenuation, 
nevertheless, provided insight into the influencing factors at larger 
scales. For example, the presence of bio-layers has been proposed 
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as a cause for the low effect of latrines on the bacterial water 
quality of nearby wells (Graham and Polizzotto 2013), as 
addressed further in Paper III.  

Fig. 4. Conceptual drawing of various proposed retention 
mechanisms in unsaturated media (not to scale): A) 
solid-water-interface attachment; B) air-water-interface 
attachment; C) wedging at the grain-grain contact point; D) 
bridging, clogging, or straining near already deposited bacteria; 
E) straining in the air-water meniscus-solid interface, where 
capillary forces and opposing friction forces induce pinning; F) 
retention due to bacterial rotation or immobilization in 
low-velocity regions, e.g., as a result of weak solid-water-interface 
attachment and subsequent translation; G) film straining induced 
by fluctuations in the water film around a grain; H) attachment 
due to heterogeneities that cause a secondary minima locally, i.e., 
in the zone of influence of the cell; I) a motile bacterium 
translating, or swimming, along a grain surface; J) a bacterium 
with flagella tethered to a grain; K) attachment induced by a 
sticky biofilm surface; L) floc unit transport and bridging 
flocculation due to the retention of dissolved organic matter 
(humic acid) on the particles and the air-water interfaces. Parts of 
the figure are redrawn from Bradford and Torkzaban (2008). Blue 
indicates water; white indicates air; and beige indicates the solid 
grain. 
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4.1.2. Influencing factors  

The factors that could influence E. coli attenuation in unsaturated 
soil are numerous and include: filter media properties, such as 
grain size and size distribution, clay content, surface area and 
charge, as well as physical and chemical heterogeneities; solution 
characteristics, such as ionic strength, pH, and content of 
nutrients, surfactants and dissolved organic matter; E. coli 
properties, such as surface charge, hydrophily, growth state, 
presence of surface polymers and motility; as well as system 
characteristics, such as temperature, saturation, infiltration rate, 
land use, presence of worm burrows, vegetation and biofilm, and 
transients in solution chemistry and moisture content. One 

Fig. 5. Conceptual drawing of various proposed re-mobilization 
mechanisms under transient and steady-state conditions (not to 
scale). The large black and light blue arrows indicate the 
direction of movement of the water and air interface, respectively, 
and the small blue arrows indicate the direction of the 
re-mobilizing cells. A) detachment from the solid-water interface 
due to hydrodynamic shear stress; B) re-mobilization from a 
low-velocity region between grains due to increased water flux; 
C) release from the air-water meniscus-solid interface straining 
induced by increased water content; D) sloughing of a biofilm in 
a low flow velocity region, due to reduced diffusion of nutrients to 
cells deep in the film; E) detachment of the outer layer of a 
biofilm due to shear forces in a high flow velocity region; F) 
detachment from the air-water-interface due to dissolution of the 
gas phase and air bubble disappearance; G) cell transport with 
the moving air-water-interface towards the outlet; H) sloughing 
of a weakly attached cell due to capillary forces induced by the 
approaching air-water-interface. Blue indicates water; white 
indicates air; and beige indicates the solid grain. 
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important finding in Paper I was that it is difficult to compare 
experimental findings between studies, since such studies typically 
address only one factor and one particular experimental setting. 
This makes it complicated to assess the relative importance of 
various factors, and thus to predict subsurface transport in new 
settings. In an attempt to compare findings between studies, 
results from various studies were summarized and analyzed in 
Paper I to identify the key factors for E. coli filtration in 
unsaturated soil. Scatter plots and coefficients of determination, R2 
(the square of the Pearson correlation coefficient), were evaluated 
to assess the strength of the linear associations between the spatial 
removal rate and various factors (log-scale). These included the 
pore-water velocity, the solution ionic strength, the saturation, and 
the average grain size (Fig. 6). 

 

The results indicated that the spatial removal rate was inversely 
related to the pore-water velocity and the saturation at the log 
scale. The effect of the ionic strength was also significant; however 
it is consistently relatively low in most natural systems. In a log-log 
regression, the slope conceptually represents the elasticity: the 
results thus implied that a 10% increase in the pore-water velocity 
would cause a 3.3 % decrease in the spatial removal rate, 
considering the derived slope (-0.33). The results thus suggested 
that if a removal rate derived for a particular system would be 

Fig. 6. Correlations between the E. coli spatial first-order total 

removal rate, 𝒌𝒓𝒆𝒎𝒙, and the pore-velocity, the average grain size, 
the ionic strength and the saturation, natural logs (data from 
Table 1, PI). The middle of the published grain size range was 
assumed, unless d50 had been published. If the pore-velocity had 
not been published in the cited studies it was set to the Darcy 
velocity divided by the water content, as estimated based on the 
saturation. Significant correlations (p-values<0.05) were found 

between log 𝒌𝒓𝒆𝒎𝒙 and log pore-velocity, log ionic strength and 
log saturation, for which the slope was calculated. 



Emma Engström TRITA-LWR PHD-2015:04 

 

18 

applied to another system with a higher pore-water velocity, then 
the spatial removal rate would need to be reduced. A more precise 
estimate of the elasticity needs further investigations. Based on 
these results, it could be inferred that the temporal total 

attenuation rate, 𝑘𝑟𝑒𝑚𝑡, was proportional to  v0.67, where v is the the 
pore-water velocity. This indicated that the temporal removal rate 
increases with the velocity. This is reasonable, since in this case 
fluid passes through more filter material per unit of time. Lastly, it 
can be noted that both of the significant factors, saturation and 
pore-water velocity, increases with preferential flow, such as 
fingering flow. This result provided a rationale for the analysis 
conducted in Paper II.  

4.1.3. Simulations of  bacterial transport 

In Paper I the modeled mass recoveries varied several orders of 
magnitude, even though the eight reactive transport models used 
in the simulations were based on relatively similar laboratory 
experiments, which were comparable to the simulated scenarios. 
The wide range of outcomes regarding both the maximum relative 
effluent concentration (Fig. 7, middle) and the total mass recovery 
(Fig. 7, bottom) at all saturations considered (25%, 50% and 75%) 
showed the limited applicability of these models for the purpose of 
predictions in new settings. 

Fig. 7: Top: relative breakthrough curves, C/C0, based on the 
eight literature models in Table 3, PI, at 25 %, 50 % and 75 % 
saturation, respectively. Middle: the maximum relative effluent 
concentrations vs. saturation for the eight models. Bottom: the 
relative total mass recovery vs. saturation.  PVs: pore volumes, 
and M1: Model 1 and so forth. The flow rate and the pressure 
head were assumed to be constant in each simulation, and the 
hydraulic conductivity and van Genuchten parameters were those 
for sand in Carsel and Parrish (1988). 
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4.2. Modeling removal in a wastewater treatment plant (Paper II) 

In Paper II the uniform flow model resulted in flow rates that 
decreased rapidly with depth. On the other hand, the active region 
model predicted that they would remain high throughout the filter. 
The latter was more consistent with observations in the modeled 
plant (Fig. 8). The average relative effluent concentration of E. coli 
was 1.4 x 10-5 and 0.018 for the uniform flow model and the active 
region model, respectively, assuming a first-order removal rate of 
0.045/min (Fig. 9). The former implied an underestimation of the 
observations by three orders of magnitude. The active region 
model was more accurate in simulating the field result that the 
observed average relative effluent concentration was 0.025 (1.6 
log10-reduction). 

Considering a high filtration efficiency approach, the uniform flow 
model resulted in very high removal rates that underestimated the 
observed average relative effluent concentration by more than ten 
orders of magnitude (Fig. 9). The active region model provided 
predictions that were closer than the uniform model to the 
observed values at all depths in the filter. For both the 
conservative and the high-efficiency approach the active region 
model enabled more accurate and conservative estimates of the 
filtration capacity at the lowermost half of the basin (>1 m depth).  

 

 

 

Fig. 8. Observed and simulated Darcy velocities (mm/min) at 30 cm, 100 cm 
and 200 cm depth, using the uniform (dashed) and finger (solid) flow 
models. The dots represent the observations in the pilot plant, based on 
visual inspection of the flow rate graph in Mottier et al. (2000), and the 
dotted graphs thus roughly outline the observed breakthrough curves. 
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4.3. Risk factors for contamination (Paper III) 

In Juba, TTCs were detected in 66% of the investigated sources, 
including 95 boreholes (Fig. 10).  

 

Fig. 9. Observed (dotted) and simulated removal rates as related to filter 
depth (log10), based on the uniform (dashed) and finger (solid) flow models 
and calculated as the average value in the time interval of the sampling. The 
dots represent the values reported in Mottier et al. (2000). 

Fig. 10. Occurrence map of coliform contamination in the 
investigated water sources: red dots represent presence of TTCs 
at least once; green dots represent their absence at all of the 
examined dates, and orange dots show transience in 
contamination. 
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These sources thus breached the WHO recommendations for 
drinking-water. Results based on the bivariate risk factor analyses 
suggested that a low-lying local topography, a low level of on-site 
hygiene and high accumulated depths of long-term precipitation 
prior to sampling were associated with contamination events, in 
contrast with wellhead fractures or short-term rainfall (Table 1). 
These findings indicated that the groundwater that contributed to 
the investigated sources was contaminated. No statistically 
significant association was found between the average pH or 
temperature and the detection of TTCs in the investigated water 
sources. 

Table 1 Results of the statistical analyses comparing sources that tested 
negative vs. positive for contamination.  Data reflect a random removal of six 
from 11 sources to reduce spatial auto-correlation effects, and the 
parentheses show intervals when thid selection influenced statistical 
inference. A bold font indicates significance at the 5%-level. aPairwise 
comparison of positive vs. negative sampling events for sources with 
transient contamination. bχ2-test of independence. cWilcoxon paired, 
signed-ranks test, right-tailed. dPaired t-test, right-tailed. 
Factor Test statistic p-value 

On-site drainage efficiency 4.19 (χ
2
)
b
 0.24

b
 

On-site hygiene 3.92 (χ
2
)
b
 0.14

b
 

On-site sanitation, paired comparison
a
 62 (62-80)(signed rank)

c
 0.04 (0.03 - 0.07)

c
 

On-site distance to latrines (if ≤ 30 m) 0.30 (χ
2
)
b
 0.86

b
 

On-site local topography 3.96 (3.16-3.96) (χ
2
)
 b

 0.047 (0.047 - 0.08)
b
 

Precipitation, day of sampling
a
 1.29 (t)

d
 0.10

d
 

Precipitation, accumulated, prior two days
a
 1.50 (t)

d
 0.07

d
 

Precipitation, accumulated, prior five 

days
a
 

2.47 (2.47-2.67) (t)
d
 0.01 (0.01 - 0.01)

d
 

Precipitation, accumulated, prior month
a
 1.85 (1.85-1.88) (t)

d
 0.04 (0.03 - 0.04)

d
  

 

4.4. Multivariate regression modeling (Paper IV) 

4.4.1. Bivariate analyses 

The most significant risk factors were the near presence of Tukul 
zone (areas with informal settlements); the local topography; the 
distance to the nearest area with Class 2 residences; and the 
distance to the nearest rivers or wadis (temporary contributaries to 
the White Nile) (Table 2). 

4.4.2. Multivariate spatial probit regression 

Based on the AIC, the best conventional probit model included 
only the explanatory variables: Local topography and Distance to 
the nearest Tukul zone (Model A; Table 3). This indicated that the 
three variables reflecting Tukul zones in Table 2 were correlated, 
which was expected. The residuals of the conventional probit 
model were spatially auto-correlated (Moran’s I = 0.30, 
I-statistic = 2.90).  
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Table 2 Results from the bivariate risk factor analyses, based on 

Wilcoxon sign rank’s tests and 𝝌𝟐-tests of independence, listing 
only the variables with an individual significance of p<0.1. 
Variable Test statistic  p-

value 

Distance to nearest Tukul zone -2.37 (z-val.) 0.018 

Local topography (lowland/flatland or highland) 4.55 (𝜒2) 0.033 

Tukul zones, share of buffer with 500 m radius  2.09 (z-val.) 0.037 

Distance to nearest class 2 residence area -1.99 (z-val.) 0.046 

Distance to nearest river or wadi -1.81 (z-val.) 0.071 

Tukul zones, share of buffer with 100 m radius 1.70 (z-val.) 0.090 

 

A spatial probit model was therefore developed to provide more 
reliable estimates of the coefficients and their p-values. In the 

spatial probit Model A, 𝜌 was estimated to 0.20 (std 0.12), which 
was significantly above zero at the 5 %-level (p-level 0.046) 
(Table 3). Compared to the conventional model, the spatial probit 
model emphasized the importance of the distance to the nearest 
Tukul zone (p-level 0.002 for the conventional probit vs. <10-6 for 
the spatial probit). The high significance of the near presence of 
Tukul zones indicated that more microorganisms were present in 
the environment in these areas. These zones are low-income areas 
that are informally occupied by people from rural regions, and the 
surrounding land is often used for rotational crops and subsistence 
farming, as described in USAID (2005). These zones thus lack 
formal sanitation systems, and rearing animals are likely to be 
relatively common. This suggests that the presence of animal or 
human waste is more common in these areas, which might explain 
the significance of this factor. The very high significance of a 
regional factor indicated that generalized aquifer contamination 
had occurred below the Tukul zones in Juba. The regression 
resulted in 68 % correct predictions using the model with the best 
AIC (Model A). None of the added explanatory variables in 
Models B, C and D were significant at the 5%-level (Table 3), 

including the parameters 𝛽3: Distance to river or wadi (Model B); 

𝛽4: Share of 100m radius with roads (Model C); and 𝛽3 and 𝛽4 
(Model D) (Table 3).  

5. DISCUSSION  

Predictive models of bacterial transport could provide useful 
decision support related to land-use planning and the siting of 
wells; also, it could help to identify locations that are prone to 
contamination, and thus to guide sampling schemes or remediation 
efforts, such as chlorination. It might likewise guide the 
construction of local wastewater treatment systems by estimating 
the filtration capacity of various designs. In this study, the wide 
and theoretical approach allowed the possibility to articulate a 
variety of areas for future study that aim to improve predictions. 
The literature review provided the foundation for the other parts 
of the study. It was relatively rare in its focus on only one 
bacterium: E. coli, which facilitated comparisons between 
experimental studies. Studying larger groups of microorganisms 
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would entail more challenging comparisons, due to the differences 
in their size: human pathogens includes viruses, which can be as 
small as 20 nm, as well as protozoa, which can be up to 150 μm 
wide (Kayser et al. 2004). The findings related to the underlying 
processes and influencing factors in Paper I were important to 
analyze the results in the other papers. 

5.1. Factors and processes 

For the development of predictive tools for decision support, the 
understanding of the most important underlying factors and 
mechanisms is essential. In order to identify these, the first part of 
this study summarized and analyzed a wide range of studies that 
relate to bacterial subsurface transport (Paper I). Such a 
comprehensive approach was necessary, since comparative 
analyses are rare in this field that links many different scientific 
disciplines. This paper showed that a wide range of processes 
might affect bacterial attenuation in porous media; however, it is 
currently not clear how to explicitly account for these in predictive 
models at the field-scale. Therefore, for the development of 
predictive tools it is recommended that focus be placed on a few 
key factors, discussed below. 

 

Table 3 The results of the conventional probit and the spatial probit 
models (Paper IV). 
Model Model A: Baseline 

(lowest AIC) 
Model B: 
River + 
Baseline 

Model C: Road + 
Baseline 

Model D: 
Road + 
River + 
Baseline 

Variable Conv. 
probit  

Spatial 
probit  

Conv. 
probit 

Conv. 
probit  

Spatial 
probit 

Conv. 
probit 

𝜷0: Constant (std) 0.36 
(0.12) 

0.40 
(0.15) 

0.36 (0.12) 0.36 
(0.12) 

0.41 
(0.15) 

0.36 (0.12) 

𝜷0, p-level 0.002 0.004 0.002 0.002 0.003 0.002 

𝛃1: Local 
topography (std) 

0.28 
(0.12) 

0.29 
(0.14) 

0.27 (0.12) 0.27 
(0.13) 

0.29 
(0.15) 

0.26 (0.13) 

𝜷1, p-level 0.02 0.02 0.03 0.04 0.03 0.05 

𝜷2: Distance, 
Tukul zone (std) 

-0.39 
(0.12) 

-0.47 
(0.15) 

-0.38 
(0.13) 

-0.39 
(0.12) 

-0.47 
(0.16) 

-0.38 (0.13) 

𝜷2, p-level 0.002 <10
-6

 0.003 0.002 0.0006 0.003 

𝜷3: Distance, river 
(std) 

- - -0.08 
(0.12) 

- - -0.08 (0.12) 

𝜷3, p-level - - 0.51 - - 0.49 

𝛃4: Road (% 
within 100m) (std) 

- - - -0.03  
(0.12)  

-0.02 
(0.15) 

-0.039 
(0.13) 

𝜷4, p-level - - - 0.80 0.43 0.76 

𝝆 : spatial 
interactions (std) 

- 0.20 
(0.12) 

- - 0.21 
(0.12) 

- 

𝝆, p-level - 0.046 - - 0.046 - 
95% CI for 𝛒 - [0.005, 

0.39] 
- - [0.005, 

0.40] 
- 

Moran’s I 
(I-statistic) 

0.30 
(2.90) 

- 0.28 (2.70) 0.29 
(2.87) 

- 0.27 (2.66) 

Share of correct 
predictions 

0.68 0.68 0.67 0.70 0.70 0.66 

AIC, conv. probit 159.5 - 161.0 161.4 - 163.0 

Bayes factor, 
spatial probit 

- 1 (ref) - - 0.09 - 
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5.1.1. Flow 

Consistently, the results indicated that the flow pattern is a key 
factor for bacterial transport to groundwater at all of the scales 
considered. At the pore-scale, it appeared that soil-air-water 
retention is a key retention process (as compared to for example 
inactivation) which might cause substantial release in the case of 
transient flux. At the column scale, statistical analyses indicated 
that the spatial first-order removal rate was correlated with the 
pore-water velocity and saturation, which both depend on the 
distribution of fluid flow in space and time. Particularly, future 
studies should asses how the first-order E. coli removal rates 
(spatial and temporal) relate to the pore-water velocity and the 
saturation in systems with different grain-size distributions, 
considering different flow patterns in time and space.  

Two important findings in Paper I were that the E. coli attenuation 
rate in unsaturated soil varied to a remarkable extent, and that this 
rate seemed to largely depend on the fluid flow velocity and the 
distribution of flow in time and space. Paper I also identified a 
discrepancy between the filtration capacities in columns vs. field 
studies, in which the spatial removal rates are generally much 
lower. Paper II investigated whether this discrepancy might be 
attributable to fingering, which is less studied than other types of 
preferential flow. For many reasons, flow is likely to be more 
uniformly distributed in the laboratory vs. the field, as addressed in 
Paper II. As in Paper I, the modeled scenario in Paper II included 
sandy soil, which is a ubiquitous natural filter material. Thus, the 
simulations in Paper I and Paper II related to reference settings. 
The results indicated that future studies should consider the scales 
at which fingering become considerable. They might also 
investigate what could be done initially to reduce fingering later on, 
seeing that this process might be self-enhancing, 

In a field setting, analyses of observations in Juba, South Sudan, 
suggested that the local topography and the long-term antecedent 
precipitation (5 days and monthly) were factors that were 
associated with bacterial contamination (Paper III and Paper IV). 
This supported the recommendation to focus on flow processes, 
related to saturation and transients in the pore-water velocity, for 
better understanding of bacterial transport to groundwater, as 
compared to other factors such as pH and temperature, for 
example.  

5.1.2. Direct imaging  

It is recommended that future studies uses direct imaging to more 
profoundly investigate E. coli behavior in heterogeneous media and 
in transient flux conditions. This would facilitate analyses of 
retention and survival processes in, and near, various types of 
preferential flow paths during, and between, infiltrations. Future 
studies might also investigate the degree of saturation needed to 
enable E. coli chemotaxis in unsaturated porous media. It would 
shed light on the differences in velocity and dispersivity between 
bacteria, colloids and tracers. Furthermore, release, as related to 
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grain size distributions and sudden fluxes, needs to be investigated 
using direct imaging. In rapid wastewater treatment plants 
(Paper II) and in Juba (Paper III) it appeared that ponding and 
transient fluxes of contaminated surface water resulted in relatively 
fast transport and low attenuation. Results in Paper I suggested 
that soil-air-water-interface straining is the most dominant 
attenuation type in sandy soils. This indicates that transience in 
flux might induce considerable release, which should be 
investigated further using direct imaging. 

5.1.3. Bio-treatment 

The findings indicated that E. coli removal might be substantial in 
the presence of a bio-layer, due to biological activity such as 
biofilm formation, clogging and predation; however, its 
effectiveness is not easily predicted. It can take several months to 
develop (Graham and Polizzotto 2013). The effect of 
bio-treatment is a possible explanation for the finding that the near 
presence of latrines was not a factor that was statistically associated 
with borehole contamination in Juba (Paper III). This result is 
consistent with previous observations in the field by Howard et al. 
(2003). The result, however, contrasts the poor filtration 
performance of the modeled wastewater infiltration basin in 
Magazón, Spain (Mottier et al. 2000). Apparently, no such bio-layer 
had been developed in the investigated plant; if it had, its efficiency 
was very low, despite that the plant had been fed with wastewater 
effluents for several months before the evaluation. It is thus 
recommended that future studies investigate the circumstances 
under which a bio-layer provides sufficient protection in various 
environments, such as in wastewater treatment plants, and 
underneath pit latrines, as well as ponds of contaminated surface 
water. 

5.1.4. Groundwater source contamination in Juba 

The results in Paper III suggested that contamination of 
groundwater sources in Juba could be attributed to pollution of the 
contributing groundwater, rather than due to direct ingress at the 
wellhead. The regression modeling in Paper IV further indicated 
that groundwater contamination might be both local and regional 
in extent: the local topography and the near presence of areas with 
informal settlements (Tukul zones) were the most important 
spatial factors for contamination. The results in Juba are relevant 
for other areas with similar climatic, hydrogeological and 
socioeconomic characteristics, which are common in sub-Saharan 
Africa. However, the predictive capacity of the developed models 
was nevertheless limited (around 70 %). This indicated that other 
explanatory variables than those considered in the current study 
might account for part of the variance of the response variable. 
Due to limited access to data from Juba, it was not feasible to 
account for the impact of the geological settings near each water 
source, and other omitted factors included the amount of users of 
each source, as well as the location of small-scale animal farming. 
The findings in Paper III indicated that both the level of on-site 
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hygiene and contamination varied considerably with time. The 
latter was transient in 43 % of the investigated sources, and the 
level of on-site hygiene was a significant factor for contamination 
in pairwise comparisons of the sources with varying contamination 
at different times (Paper III). Future studies might thus account 
for time-variant factors that influence the water quality of 
groundwater sources. 

5.2. Modeling 

The results in this study has illustrated and articulated some 
important issues related to the modeling of E. coli transport and 
occurrence in the natural environment. These are discussed below. 

5.2.1.  Mechanistic modeling 

Predictive mechanistic modeling is involved with challenges 
relating to flow, transport and reactions.  For robust predictions of 
E. coli transport in the field it is not recommended to directly use a 
model with reaction parameters derived from one laboratory study. 
The results of simulations based on eight laboratory models, 
derived from relatively similar experiments, were incoherent, with 
filtration efficiencies that varied remarkably (Paper I). It appeared 
that the investigated models were not relevant for predictions, but 
rather to assess the importance of one factor in a particular 
laboratory setting.  Thus, an important finding in Paper I was that 
it is challenging to make consistent inferences based on 
experimental and modeling results for the purpose of predictive 
modeling. These results were important for the choices made 
when modeling the wastewater treatment plant in Paper II. The 
first-order model for bacterial fate was used based on the finding 
that it is not recommended to directly use one model, derived in 
one laboratory study, for simulations in field environments.  

Furthermore, the assumption of uniform flow, as modeled using 
Richard’s equation, is often not suitable, since preferential flow 
could occur in almost any type of soil; it is thus suggested that 
alternatives to this model are further developed and tested in 
various types of porous media. Dual-continua flow models, or 
other alternatives, might be required to describe heterogeneous 
and macro-pore flow and transport of bacteria. Such modeling 
however involves important challenges related to parameter 
identification. Related to this, a key finding in Paper II was that 
predictions of the bacterial filtration capacity of soil aquifer 
treatment plants might need to account for the possibility of 
preferential flow, even in the case of relatively homogeneous soils. 
Results in Paper II indicated that Richard’s equation is likely to 
over-predict filtration in wastewater treatment systems. In the 
investigated plant in Magazón, Spain, this approach resulted in to 
average removal rates that were more than two orders of 
magnitude larger than observations. The results further showed 
that the active region model might provide a more relevant 
alternative, resulting in more realistic and conservative assessments 
of E. coli filtration. This model is relatively rare in the way that it 
can be applied to relatively homogeneous soils. Another advantage 
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is that it has only one fitting parameter. Additional applications of 
this approach in the area of microbial transport should be 
considered.  

Future studies should thus better articulate how models of 
preferential flow might incorporate bacterial transport and 
reactions, without adding a multitude of parameters, which are not 
easily estimated in predictions. They should also investigate how 
data obtained from several previous experiments might be used for 
predictions in a new setting.  An interesting methodology, 
presented by Massoudieh et al. (2013), used a Bayesian parameter 
process-identification approach and compared models using a 
generalization of the AIC to discourage overfitting. 

5.2.2. Recommended experimental approach for improved modeling 

In order for decision makers and modelers to more easily draw 
conclusions from experimental studies, some recommendations 
can be outlined. Primarily, it is suggested that previously derived 
models and parameters are investigated in new experimental 
studies with settings that are similar to those that applied when the 
model was derived. The experimental conditions that applied when 
the model was developed should thus preferably be described in 
detail, and, for example, include the pore-water velocity, the grain 
size distribution, and the water retention curve of the porous 
media. This would facilitate inferences relating to model 
applicability, and relevant parameter ranges and worst-case 
transport scenarios could more easily be specified. Thus, a more 
consistent use of models describing reactive transport is 
recommended. A suggested starting point is the first-order kinetic 
removal model to promote simplicity and reduce the risk for 
over-parameterization. Additionally, it is recommended to include 
raw data in appendices in scientific publications. Currently, only 
lumped data is often included, which makes it difficult to make 
new interpretations of the results. The key point is that 
experimental studies are very valuable and that every piece of 
information should be presented, in order to make the results 
more relevant for predictive modeling purposes. 

5.2.3. Regression modeling 

As found in Paper I, the relevance of mechanistic models for 
predictions are as yet limited; instead, statistical modeling based on 
observations provide promising tools to assess groundwater 
vulnerability to fecal contamination in areas with available data 
regarding land use, hydrogeology and precipitation (Paper IV). If 
the access to data is very limited, models developed for similar 
regions could provide important guidance that, for example, could 
help to prioritize among sampling locations and indicate the key 
contamination mechanisms.  Recent advances in GIS-based 
approaches in this context are promising. However, inference is 
constrained by the quality of the data; in this study, the 
conclusions relating to the causal factors for groundwater source 
contamination in Juba were limited by the spatial and temporal 
resolution of the data. Consequently, it is recommended that 



Emma Engström TRITA-LWR PHD-2015:04 

 

28 

detailed maps and other spatial data are published and shared to 
the research community for improved GIS-based predictive 
modeling in the future.  

The findings also showed that regression modeling in this subject 
area might need to account for interactions between neighboring 
sites, since the residuals in the conventional probit model were 
spatially auto-correlated (Paper IV). However, it is not evident 
how to define the weight matrix in this context. Results in Paper I 
indicated that E. coli attenuation in the subsurface can vary very 
much. As reported in Paper I, fecal coliforms normally die after 20 
days in the field at temperatures 20-30 °C, based on Westcot 
(1997); however, it is not evident how to estimate how far E. coli 
might travel underground during 20 days. Furthermore, in Juba the 
aquifers are often located in fracture zones in weathered rock, as 
address in Paper III. Such aquifers might have anisotropic 
properties related to the orientation of the fractures, resulting in 
elongated zones of contribution to wells (Tearfund 2007). Thus, 
the 300 m cut-off distance assumed in Paper IV was an estimate, 
conservatively reflecting extended transport. Focusing on Ireland, 
Hynds et al. (2012) estimated that septic tanks had an approximate 
zone of impact extending up to 110 m up gradient of the wellhead 
if high 120-h prior precipitation rates were considered. On the 
other hand, in an extensive review (Pang 2009), the maximum 
observed E. coli transport distance was 920 m, which was reported 
for sewage polluted groundwater in gravel aquifers at Burnham, 
New Zealand (Sinton 1980). Future studies might link results 
based on statistical and mechanistic models to identify relevant 
ranges for the cut-off distances in various contexts. 

6. SUMMARY AND CONCLUSIONS  

It is imperative to reduce the presence of bacteria in groundwater 
sources. However, there is an incomplete link between research 
findings and predictive models, which could provide decision 
support in this context. Therefore, this study investigated how 
experimental and observational data can be used in mechanistic 
and statistical models to improve predictions of bacterial transport 
in unsaturated porous media as well as the probability of their 
occurrence in groundwater sources. The results have further 
developed predictions by specifying the key factors that are likely 
to that affect these in various scenarios.  

Firstly, the results showed that simulations of E. coli transport, 
even in baseline scenarios with unsaturated sandy soil, resulted in 
large ambiguities. Thus, it is challenging to make consistent 
inference based on complex models of bacterial fate directly taken 
from column studies. In the future, a more consistent use of 
models of reactive transport is therefore recommended. The 
first-order kinetic model could provide a parsimonious starting 
point. It is also suggested that previously derived models and 
parameters are investigated in new studies with similar settings. 
This would facilitate model comparisons and the specification 
worst-case-outcomes in a certain type of system. 
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Secondly, the study investigated whether the difference in removal 
rates between column and field studies could be attributed to 
finger flow, as described using the active region approach. It found 
that this model resulted in removal rates and arrival times that 
more accurately reflected observations in a wastewater treatment 
plant from the literature. Thus, future predictions of removal in 
such facilities should account for the possibility of finger flow, and 
the active region model provides a promising way to do this; its 
application should be further investigated in other contexts, as it 
has a fundamental, parsimonious advantage with only one fitting 
parameter.  

The second part of the study was based on observations in 
peri-urban areas in Juba, South Sudan. The results indicated that 
significant risk factors for groundwater source contamination 
were: the long-term accumulated prior rainfall rates, the local 
topography, the level of on-site hygiene, and the near presence of 
areas with informal settlements. The findings indicated that the 
contributing groundwater was contaminated in Juba, and that 
contamination occurred relatively close to the water sources. These 
results could be useful for assessments of the quality of water 
sources located in similar climatic, hydrogeological and 
socioeconomic environments, which are common in Sub-Saharan 
Africa. It is recommended that regression models be developed 
prior to sampling schemes or land use planning to assess the 
groundwater source vulnerability to contamination. This study has, 
however, found that spatial interactions might affect the results if 
the studied sources are located relatively close (<300 m apart). The 
spatial probit model was shown to reduce spatial autocorrelation 
of the residuals between predictions and observations in regression 
models based on data from Juba. It is recommended that its 
application be investigated in other areas with access to more 
detailed data. Future studies might also consider suitable values for 
the cut-off distance that defines interactions between water 
sources.  

The results in this study consistently underlined the importance of 
flow patterns (in time and space) for bacterial transport and 
removal. Future studies should thus evaluate how models of 
preferential flow and transport might be developed to incorporate 
microbial fate in different climatic and hydrogeological 
environments. They could also consider the intricate 
interdependencies between flow and biological processes, such as 
predation and clogging. It is recommended that these studies 
investigate the ability of models to reflect data derived from direct 
imaging, column studies, as well as experiments and observations 
in the field. In conclusion, a systems approach is recommended 
considering the multidisciplinary nature of the subject. 
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