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a b s t r a c t

Cryptosporidium is a leading cause of diarrhoea and infant mortality worldwide. A better understanding
of the sources, fate and transport of Cryptosporidium via rivers is important for effective management of
waterborne transmission, especially in the developing world. We present GloWPa-Crypto C1, the first
global, spatially explicit model that computes Cryptosporidium concentrations in rivers, implemented on
a 0.5� 0.5� grid and monthly time step. To this end, we first modelled Cryptosporidium inputs to rivers
from human faeces and animal manure. Next, we use modelled hydrology from a grid-based macroscale
hydrological model (the Variable Infiltration Capacity model). Oocyst transport through the river
network is modelled using a routing model, accounting for temperature- and solar radiation-dependent
decay and sedimentation along the way.

Monthly average oocyst concentrations are predicted to range from 10�6 to 102 oocysts L�1 in most
places. Critical regions (‘hotspots’) with high concentrations include densely populated areas in India,
China, Pakistan and Bangladesh, Nigeria, Algeria and South Africa, Mexico, Venezuela and some coastal
areas of Brazil, several countries in Western and Eastern Europe (incl. The UK, Belgium and Macedonia),
and the Middle East. Point sources (human faeces) appears to be a more dominant source of pollution
than diffuse sources (mainly animal manure) in most world regions.

Validation shows that GloWPa-Crypto medians are mostly within the range of observed concentra-
tions. The model generally produces concentrations that are 1.5e2 log10 higher than the observations.
This is likely predominantly due to the absence of recovery efficiency of the observations, which are
therefore likely too low. Goodness of fit statistics are reasonable. Sensitivity analysis showed that the
model is most sensitive to changes in input oocyst loads.

GloWPa-Crypto C1 paves the way for many new opportunities at the global scale, including scenario
analysis to investigate the impact of global change and management options on oocysts concentrations
in rivers, and risk analysis to investigate human health risk.
© 2019 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND

license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Diarrhoea is still a major cause of death worldwide, especially in
children younger than 5 years in developing countries (GBD, 2013
Mortality and Causes of Death Collaborators, 2015). The zoonotic
protozoan parasite Cryptosporidium, that is transmitted via the
faecal-oral route, is an important cause of childhood diarrhoea and
, lucie.vermeulen@rivm.nl
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mortality (Liu et al., 2016). Infection can occur via direct contact
with faeces of infected humans or animals (Zambrano et al., 2014),
but also often occurs via a waterborne route through the environ-
ment. Examples are drinking of river water or recreation in rivers
contaminated with faeces (Shirley et al., 2012), and consumption of
fresh produce irrigated with contaminated water (Dixon, 2016).
Oocysts, the robust survival stage of the pathogen, are excreted in
faeces of infected humans and animals and can reach rivers either
directly (point sources, such as sewer pipes) or indirectly (diffuse
sources, such as manure transported with surface runoff). Oocysts
are transported with rivers, and meanwhile decay and sedimen-
tation decrease their viability and concentration.
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Gaining insight in the transmission of Cryptosporidium via rivers
is important for evaluating disease risk. Insight in the relative
contribution of human versus animal sources, point versus diffuse
sources and pathways and effect of control measures are important
to design effective management strategies. But as sampling of
Cryptosporidium (and other pathogen) concentrations is expensive
and laborious, observational data are scarce, especially for the
developing world. Modelling is a common approach to increase
insight, for example by pinpointing hotspots of high concentrations
or identifying the relative importance of pollutant sources.

In this study we aim to estimate Cryptosporidium oocyst con-
centrations in rivers worldwide. We present the model GloWPa-
Crypto C1 (the Global Waterborne Pathogen model for Cryptospo-
ridium concentrations version 1), a global spatially explicit model
that calculates mean monthly oocyst concentrations in rivers.

2. Materials and methods

GloWPa-Crypto C1 couples the output from the loading models
GloWPa-Crypto H1 and L1, that calculate human and animal
Cryptosporidium loads (Hofstra and Vermeulen, 2016; Vermeulen
et al., 2017), to output from the Variable Infiltration Capacity
(VIC) model, a grid-based macroscale hydrological model (Liang
et al., 1994), version 4.1.2. Section 2.1 discusses Cryptosporidium
sources, section 2.2 the transport of oocysts from land to rivers,
section 2.3 oocyst survival during transport (e.g. decay and sedi-
mentation processes), section 2.4 oocyst transport with rivers (the
routing model), and section 2.5 describes how validation and
sensitivity analysis are applied to assess model performance. Fig. 1
gives a schematic model representation. All calculations are per-
formed on a 0.5� 0.5� grid and monthly time step using the soft-
ware environment R (R Development Core Team, 2016). We use the
most recent available estimates for all input variables, and we
consider the model representative for approximately the condi-
tions around the years 2005e2010. Table S1 in the Supplementary
materials list the variables that are included in the model.

2.1. Sources of Cryptosporidium

2.1.1. Human sources
Human Cryptosporidium loads to rivers are calculated in the

GloWPa-Crypto H1 model (Hofstra and Vermeulen, 2016). In brief,
GloWPa-Crypto H1 calculates oocyst loads by multiplying human
population data with estimates of Cryptosporidium infection,
associated oocyst excretion and removal depending on the
Fig. 1. Flow chart overview of GloWPa-Crypto C1 model approach. This figure shows the ‘flow
the right. In between, processes that are calculated are the transport with surface runoff, t
influencing variables (runoff, discharge, water depth and travel time, and the survival rate
sources are presented in boxes with dotted lines, as they are not calculated in this current
sanitation system used. Prevalence of Cryptosporidium infection
and oocyst excretion in humans are estimated from literature, and
gridded data of human population from LandScan (Bright et al.,
2011) are divided in developed/developing and urban/rural.
Depending on the sanitation systems used by the different pop-
ulations (from the WHO/JMP Joint Monitoring Program) and as-
sumptions on the removal of oocysts by sewage treatment the final
load to rivers is calculated. The model is programmed in R and
operates on a 0.5� 0.5� grid for the world at an annual time step,
and is representative for conditions in approximately the year 2010.
The annual oocyst loads are divided by 12 as an estimate ofmonthly
oocyst loads.

2.1.2. Animal sources
Animal Cryptosporidium loads to land are calculated in the

GloWPa-Crypto L1 model (Vermeulen et al., 2017). In brief, live-
stock population data are from the Gridded Livestock of the World
v2.0 (Robinson et al., 2014), and prevalence and oocyst excretion by
11 livestock species (cattle, buffaloes, pigs, sheep, goats, horses,
camels, donkeys, mules, chickens and ducks) are based on an
extensive literature review (Vermeulen et al., 2017). The model
differentiates between manure excreted directly on land during
grazing andmanure spread on land after storage, and temperature-
dependent oocyst decay during storage is accounted for. The model
is programmed in R and operates on a 0.5� � 0.5� grid for the world
at an annual time step, and is representative for conditions in
approximately the year 2005. The annual oocyst loads are divided
by 12 as an estimate of monthly oocyst loads. This means that the
timing of the birthing season and application of stored manure on
fields is not accounted for in the current version of the model, as
comprehensive global data on this are not available.

2.2. Oocyst transport from land to rivers

Transport of oocysts from the land to rivers largely depends on
surface runoff, as subsurface flow will generally transport few oo-
cysts due to the filtering capacity of soils (Mawdsley et al., 1996;
McLaughlin et al., 2013). In Hofstra and Vermeulen (2016) the load
from the population that practices open defecation in rural areas (a
diffuse source) was multiplied with a constant runoff fraction
(0.025) to estimate the amount ending up in rivers. Using a con-
stant runoff fraction does not account for the variability in runoff
and associated transport. Therefore, in GloWPa-Crypto C1 we no
longer use this constant runoff fraction, but instead make oocyst
transport from land to rivers dependent on surface runoff, both for
’ of oocysts from diffuse and point sources on the left to the concentrations in rivers on
he transport with rivers (routing) and oocyst survival. Dotted arrows show the major
as affected by temperature, solar radiation and sedimentation). The diffuse and point
study, but in the GloWPa-Crypto H1 and L1 models.
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human diffuse sources and animal sources.
The VIC model (Liang et al., 1994) provides data of surface runoff

(mm day�1) and discharge (m3 s�1). Surface runoff and discharge
are monthly mean averages of a baseline VIC run with WATCH
forcing data (Weedon et al., 2011), averaged over the period
1970e2000 (0.5� � 0.5� grid).

Given a certain surface runoff, we need to estimate the fraction
of oocysts that is transported to rivers. Surface runoff will not
transport all oocysts from manure to rivers; a large part of the
oocyst load will be retained within the faecal matrix or on the soil
surface (Table 1), leading to a reduction of several log units of the
oocyst load that will reach the river. We found 9 studies that
quantify the amount of oocysts that are transported with runoff
from faecal deposits on land, only one of which measured this
under field conditions (Table 1).

From Table 1 we can see that both the faecal matrix and soils
contribute to reducing the oocyst load in runoff, and that vegetated
soils do so more effectively than bare soils. Under field conditions
larger retention is observed than under simulated rainfall, which is
likely partly due to decay, as Atwill et al. (2006) measured oocysts
in runoff over a period of one year. During this year, surface runoff
varied from 0 to 20mm. We therefore choose to linearly assign the
observed log oocyst retention from vegetated plots under field
conditions (3.2e8.8 log10) to grid cells with runoff values ranging
between 0 and 20mm, where highest runoff will get lowest
retention and vice versa. This approach is extrapolated and grid
cells with higher runoff get assigned a retention between 1 and 3.2
log10. We assume that under field conditions, at least 1 log10 oo-
cysts is retained, due to decay and landscape characteristics. In
months that surface runoff is zero, oocyst retention is set to infinite.
Oocyst stream input from diffuse sources (SD) is calculated by
decreasing the animal oocyst loads on land (as calculated with
GloWPa-Crypto L1) and the human diffuse oocyst loads (as calcu-
lated with GloWPa-Crypto H1) with the assigned retention. The
oocyst stream input from point sources (SP) is the total human load
to rivers (as calculated in GloWPa-Crypto H1) minus the human
diffuse sources.

Modelling the release of Cryptosporidium from manure to rivers
is challenging, given the scarcity of observational data. We have
also looked into the literature on existing modelling approaches,
and conclude there currently is no single ‘gold standard’ approach
to modelling the release of oocysts from manure and transport to
rivers. Furthermore, existing modelling approaches require too
detailed input data, in space and/or time, to directly apply them at a
global scale on amonthly time step (see SupplementaryMaterial S2
for a more detailed discussion). Although crude, the approach we
have chosen accounts for spatial and monthly variability in surface
runoff and the magnitude of retention is based on observations
Table 1
Overview of experimental studies on oocyst retention in the faecal matrix and on soils u

Simulated rainfall or field
conditions

Matrix and soil conditions Observed
(log10)

Field conditions Oocysts in faecal matrix on vegetated
soils

3.2e8.8

Field conditions Oocysts in faecal matrix on bare soils 1.7e5
Simulated rainfall Oocysts in faecal matrix on vegetated

soils
0.7 - 6.8

Simulated rainfall Oocysts in faecal matrix on bare soils 0.4 - 2.5

Simulated rainfall Oocysts in faecal matrix in the lab 0.1e3
Simulated rainfall Oocysts in suspension on vegetated soils 0.6e3.1

Simulated rainfall Oocysts in suspension on bare soils 0.0e1.6
under field conditions (Atwill et al., 2006). More experimental data
on oocyst release from manure and transport to rivers under
various climatic and landscape conditions is needed to refine this
approach.
2.3. Oocyst survival during transport with rivers

Oocyst survival during transport can be modelled following
standard first order decay:

Ct ¼ C0e
�K � t (1)

Where Ct is the oocyst concentration after time t (days), C0 is the
initial concentration, and K is the loss rate coefficient (day�1).
Writing this in a different way, the natural logarithm of the fraction
that survives in month i (Fs,i) equals:

lnðFsiÞ ¼ �Ki � ti (2)

The loss rate coefficient Ki (day�1) can have several components
(Thomann and Mueller, 1987):

Ki ¼ KT;i þ KR;i þ KS;i (3)

KT,i is the temperature-dependent decay rate (day�1), KR,i is the
solar radiation-dependent decay rate (day�1), and KS,i is the loss
rate due to sedimentation (day�1) in month i (see sections 2.3.1-
2.3.3). Water residence time in a grid cell (ti) is estimated as
described in section 2.3.4. The Supplementary Material S4 contains
somemaps of the different loss components. It is important to note
that decay and sedimentation have (partially) different effects on
the oocysts. Sedimentation has an effect on the concentration (in
the water phase) directly, while decay has an effect on the viability
and infectivity of oocysts. Loss of viability and infectivity may lead
to disintegration, thereby reducing the concentration.
2.3.1. Temperature-dependent survival (KT)
To calculate temperature-dependent survival during transport

with rivers, we use the approach by Peng et al. (2008), who
compiled literature estimates on the survival of Cryptosporidium in
raw waters. We apply the following relationship between KT and
water temperature (Tw):

KT;i ¼ K4e
lðTw;i�4Þ (4)

Where K4 and KT,i are respectively the decay rate coefficients
(day�1) at 4 �C and water temperature Tw,i in month i, and l is a
dimensionless constant. For Tw we use monthly mean water tem-
perature as estimated by the VIC-RBM model framework which
nder rainfall.

oocyst retention Studies

Atwill et al. (2006)

Atwill et al. (2006)
(Davidson et al., 2014; Davies et al., 2004; Tate et al.,
2004)
(Davidson et al., 2014; Davies et al., 2004; Tate et al.,
2004)
(Boyer et al., 2009; Bradford and Schijven, 2002)
(Atwill et al., 2002; Bhattarai et al., 2011; Trask et al.,
2004)
(Atwill et al., 2002; Bhattarai et al., 2011; Trask et al.,
2004)
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was applied globally (van Vliet et al., 2012). This is a coupled
hydrological-water temperature model framework based on the
VIC model (Liang et al., 1994) and RBM stream temperature model
(Yearsley, 2009). Monthly mean water temperature is calculated as
a 24-h mean extended to 30 days. For K4 and l we take the values
reported for cell culture studies in raw waters by Peng et al. these
are K4¼ 0.0051 day�1 and l¼ 0.158 (Peng et al., 2008). In their
review, Peng et al. distinguished between studies reporting Cryp-
tosporidium survival for DAPI/PI or excystation studies, and studies
that used cell culture to measure oocyst infectivity. For water
temperatures between 4 and 20 �C, observed K values were similar,
but for temperatures over 25 �C, K values from cell culture studies
were notably higher (Peng et al., 2008), meaning that in the high
temperature range DAPI/PI and excystation studies likely over-
estimate the survival of infectious oocysts. Therefore, we take the
values reported for cell culture studies. For waters below 4 �C, few
studies have been done (Peng et al., 2008), we therefore assume
that survival in waters below 4 �C is the same as at 4 �C. Other
models of Cryptosporidium in rivers use similar K values for
temperature-dependent decay (see Supplementary material S3).
2.3.2. Solar radiation-dependent survival (KR)
For KR we can follow Mancini (1978) and Thomann and Mueller

(1987) to calculate water depth-averaged solar radiation-
dependent decay:

KR;i ¼
kl IA;i
ke Zi

�
�
1� e�ke Zi

�
(5)

Where IA,i is the average surface solar radiation (kJ m�2 day�1) in
month i, kl is a proportionality constant (m2 kJ�1), ke is the atten-
uation coefficient (m�1), and Zi is the water depth (m) in month i.
Surface solar radiation data are from the WATCH forcing data
(Weedon et al., 2011). The ultraviolet (UV) part of solar radiation is
most important in decreasing oocyst infectivity (Connelly et al.,
2007). Attenuation of UV radiation in water is influenced by dis-
solved substances, an important one is dissolved organic carbon
(Scully and Lean, 1994). We assume attenuation to be linearly
dependent on dissolved organic carbon (DOC), according to
Lambert Beer's law on substances in water:

ke ¼ kd � CDOC (6)

Where CDOC is the DOC concentration (mg L�1) and kd is a propor-
tionality constant (L mg�1 m�1). The Global Nutrient Export from
Watersheds (Global NEWS) model provides estimates of river
export of DOC for the world (Harrison et al., 2005; Mayorga et al.,
2010). We divide total river DOC export over river discharge to
obtain basin-averaged estimates of river DOC concentrations. We
estimate the values for kl and kd by fitting the experimental data of
oocyst survival in different water types under different solar con-
ditions presented by King et al. (2008). We used a plot digitizer
(http://arohatgi.info/WebPlotDigitizer/, accessed on 19 April 2017)
to obtain the data from the infectivity-insolation plots presented in
King et al. We can substitute eqs. (5) and (6) in eq. (2) for solar
radiation-dependent decay (temperature and sedimentation were
controlled for in the experiment) gives:

lnðFsÞ ¼ � kl IA
kd CDOC Z

�
�
1� e�kd CDOCZ

�
� t (7)

King et al. controlled for the effect of temperature-dependent
decay and sedimentation in their experiments. We performed an
optimization routine on eq. (7) minimizing the root mean squared
error to find values for kl and kd, using the optim function of the
stats package in R (R Development Core Team, 2016). We obtained
the following values for the constants: kl¼ 0.0004798 and
kd¼ 9.831. The model performs quite well in reproducing the ob-
servations by King et al. (Fig. 2), and the outcome does not seem
biased for different water types. King et al. looked at a combination
of rawwaters with different DOC content (pink dots) and tap water
(blue dots), we took all of these together to have most data points.
We performed a linear regression that yielded an adjusted R2 of
0.626, with intercept of�0.66, slope of 0.84, and rootmean squared
deviation (RMSD) of 1.58.
2.3.3. Sedimentation (KS)
KS,i, the loss due to sedimentation in month i, can be modelled

following Thomann and Mueller (1987):

KS;i ¼
v

Zi
(8)

Where v is the settling velocity (m day�1) and Zi is the river depth
(m) in month i.

River depth Zi is estimated according to section 2.3.4. We take v
to be 0.1m day�1, based on the observations of oocyst settling ve-
locity by Brookes et al. (2006) and Medema et al. (1998). The value
found by Brookes et al. (0.1m day�1) is in between the values by
Medema et al. for settling velocities of free oocysts (0.035m day�1)
and oocysts attached to suspended particles (3.5m day�1). Resus-
pension of oocysts from sediments is ignored. Reder et al. (2015)
apply a similar approach in their continental-scale model of
faecal bacteria in rivers. It should be noted that filtration (attach-
ment or straining) in permeable sediments could also remove oo-
cysts from water (Harter et al., 2000). However, filtration was not
included in the model, as its contribution to oocyst removal is
probably lower than decay and sedimentation, and it difficult to
estimate as data on the characteristics of streambed sediments are
not available at the global scale.
2.3.4. River geometry and water residence time
We use the river geometry equations by Leopold and Maddock

(1953) to calculate river width, depth, and mean flow velocity
from river discharge. The coefficients for these equations were
empirically estimated by Allen et al. (1994), who used data from
674 stations across the USA. It was assumed that these coefficients
can be applied globally, as these stations cover a wide range of
hydro-climatic zones. This approach is taken from van Vliet et al.
(2012), who also applied it for the VIC-RBM model framework:

Zi ¼ 0:34 Q0:341
i (9)

Wi ¼ 1:22Q0:557
i (10)

Ui ¼
Qi

Wi � Zi
(11)

where Zi is river depth (m), Qi is river discharge (m3s�1), Wi is river
width (m) and Ui is river flow velocity (m s�1), all in month i. The
river discharge is naturalized discharge, meaning that the existence
of dams and reservoirs are not taken into account.

The length of the river stretch in a grid cell is estimated by
taking the distance between its midpoint and the midpoint of the
cell it flows towards (based on the drainage direction map DDM30
(D€oll and Lehner, 2002)). This was done using the function point-
Distance from the raster package in R (Hijmans, 2016).The length of
the river stretch divided by the flow velocity gives the residence
time of water in a grid cell (ti).

http://arohatgi.info/WebPlotDigitizer/


Fig. 2. Observed versus predicted survival (given as ln(Fs)) for the data from King et al. (2008) for raw surface waters (pink dots) and tap water (blue dots). The dashed line indicates
the 1-1 line, in case the model perfectly reproduces the observations all dots should be on this line. The solid line is a linear regression line of observed versus predicted values. (For
interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)
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2.4. Oocyst transport with rivers e the routing model

Oocysts are routed through the river channel network based on
the global flow direction map DDM30 (D€oll and Lehner, 2002),
which was also used for streamflow routing in VIC. The routing
starts at the grid cells with the lowest flow accumulation (i.e.
number of grid cells draining to that grid cell) and ends at the grid
cells with highest flow accumulation. For each grid cell, monthly
stream inputs from point (SP) and diffuse (SD) sources are added to
the oocyst load that was already in the stream from the previous
grid cell. The resulting oocyst load is decreased according to the
calculated survival in the grid cell (Section 2.3).

Li; n ¼ �
SDi þ SPi þ Li;n�1

�� e�Ki � ti (12)

Where Li.n is the oocyst load (oocysts month�1) in month i in a grid
cell with flow accumulation number n, SDi is the oocyst stream
input (oocysts month�1) from diffuse sources in month i, SPi is the
stream input (oocysts month�1) from point sources in month i, Li,n-1
is the oocyst load (oocysts month�1) in month i from grid cells that
drain into the current grid cell (n-1), Ki is the loss rate coefficient
(day�1) in month i and ti is the water residence time (days) in the
grid cell in month i.

The oocyst load is divided by the river discharge (converted to
m3 month�1) to estimate average monthly oocyst concentration for
the grid cell.

Ci ¼
Li
Qi

(13)

Where Ci is the average oocyst concentration (oocysts m�3), Li is the
total oocyst load (oocysts month�1) and Qi is the average river
discharge (m3 month�1) in month i.
2.5. Model performance

2.5.1. Validation
We validate the model by comparingmodel outcomes with a set

of observational data of Cryptosporidium in rivers around the world.
We have gathered >4000 observations from 346 locations in 11
countries on 5 continents (Burnet et al., 2014, 2015; Chuah et al.,
2016; Claben et al., 2004; Ehsan et al., 2015; Kistemann et al.,
2012; Lalancette et al., 2014; Medema et al., 2001; Rechenburg
et al., 2009, 2006; Till et al., 2008). The Supplementary Material
S6 provides more information on the sources of the data. For each
observation, we selected the corresponding modelled value from
the month and grid cell in which the observation was taken. These
pairs of observed and predicted values were used for all further
analysis. It should be noted that the observations are points in time
and space, while GloWPa-Crypto uses climate and hydrological
data averaged by month over a 30 year period on a 0.5� 0.5� grid.
This means that variation in predicted concentrations between
months is captured to some degree (hydrologically, but not the
calving or manure spreading season), but not between months in
different years, while of course weather conditions might differ
between years. Similarly, within-grid spatial variability is not
captured by the model.

Oocyst concentrations in surface water are often around or
below the detection limit of the most commonly employed
methods (Efstratiou et al., 2017). This means that zero values are
very common and do not mean absence of the pathogen, but a
concentration below the detection limit of the method used
(Ongerth, 2016). For Japan, the dataset is incomplete, as observed
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nondetects were not reported (personal communication). There-
fore these Japanese data are only shown in the figures, but excluded
for all calculations. In our complete data set excluding Japan, 73% of
the observations is below the detection limit, ranging from 20 to
95% for the different countries. The reported detection limits range
from 0.0028 to 1 oocysts L�1. Simply ignoring observations below
the detection limit in the estimation of, for instance, descriptive
statistics is incorrect, as this will lead to overestimation of actual
concentrations. Inserting a value for them, such as (half of) the
detection limit, as is sometimes done is similarly incorrect (Haas
and Scheff, 1990; Helsel, 2010a, 2010b). Therefore, we use statisti-
cal procedures that can work with these so-called ‘censored data’
by estimating a distribution for values below the detection limit,
assuming lognormally distributed values (Helsel, 2010b; Lee and
Helsel, 2005). These are available in the R package ‘NADA’ (Lee,
2017).

Where possible, we correct the observed concentrations for the
recovery efficiency. A recovery efficiency can be determined by
seeding a sample with a known amount of labelled oocysts and
determining what percentage of these are recovered by themethod
(Efstratiou et al., 2017). The actual observed oocyst concentration
can then be adjusted accordingly. In our data set, 28% of the ob-
servations reported a recovery efficiency and are adjusted, the
remainder are used ‘as is’. Three countries reported a recovery ef-
ficiency for all observations (Belgium, Luxembourg and Thailand),
three for a part of the observations, and four did not report a re-
covery efficiency. The recovery efficiency ranged between 0.026
and 0.89.

2.5.2. Sensitivity analysis
We perform a nominal range sensitivity analysis, changing one

variable at a time based on a reasonable range the variable can take,
usually both a decrease and an increase are tested. A description of
the changes to the variables is provided in the Supplementary
material S7.

3. Results

3.1. Oocyst concentrations worldwide

Average oocyst concentrations are simulated to fall mostly in the
range of 10�6 to 102 oocysts L�1 worldwide (Table 2). Critical re-
gions with high concentrations include densely populated areas in
India, China, Pakistan and Bangladesh, Nigeria, Algeria and South
Africa, Mexico, Venezuela and some coastal areas of Brazil, several
countries inWestern and Eastern Europe (incl. The UK, Belgium and
Macedonia), and the Middle East. These hotspot regions align with
the hotspot regions observed in the underlying human oocyst loads
model GloWPa-Crypto H1 (Hofstra and Vermeulen, 2016), more
than with the hotspot regions observed in the animal oocyst loads
model GloWPa-Crypto L1 (Vermeulen et al., 2017). High values over
103 oocysts L�1 (values typically found in untreated sewage (Nasser,
2016)) are found in various large cities in developing countries.
Table 2
Descriptive statistics of oocyst concentrations grid cell values around the
world. Q5 means that 5% of grid cells has a value below this, etcetera.

Stat Concentration (oocysts/L)

Q5 3.0E-06
Q25 2.7E-03
Q50 (median) 4.9E-02
Q75 8.5E-01
Q95 1.5Eþ01
Mean 4.9Eþ00
Values over 104 oocysts are only found in two grid cells in the
month July in Bangladesh. Very low concentrations (10�13 e 10�6)
are found in very sparsely populated areas, such as the Arctic
regions.

Figs. 3 and 4 showoocyst concentrations for the months January
and July, both without and with a discharge mask. The masked
plots show only large rivers (i.e. grid cells where average annual
discharge is higher than 200m3/s). The data presented in Figs. 3
and 4 are exactly the same, the discharge mask is merely a visual
aid to better see large rivers only. The figures show that for example
India, parts of China, Mexico and Nigeria are expected to experience
higher oocyst concentrations in January than in July. Grid cells with
a monthly average discharge <1m3/s are excluded from the anal-
ysis altogether, as the model was found not to perform well for
locations with very low discharge. The white areas in the plots are
thus a result of either discharge below the threshold or no data on
oocyst loads. It should be noted that oocyst loading fromwildlife is
ignored in the model. Globally, livestock outnumber wildlife more
than 20 to 1 (Smil, 2011), but for some natural areas, this might
cause an underestimation of oocyst loads.

A WHO report on risk assessment of Cryptosporidium (Medema
et al., 2009) suggests a categorization of source waters for drinking
water production in 6 categories (1¼ very pristine (~0.001 oocyst/
L) to 6¼ grossly polluted (~100 oocyst/L)). Fig. 5 shows what our
results look like when these categories are assigned to the
modelled concentrations. It can be seen that all 6 categories are
covered by GloWPa-Crypto C1, meaning that model outputs are in a
similar range with what is found in drinking water sources.

In the Supplementary material S5 we present regional concen-
trations maps for seven world regions: Africa, Asia, Europe, Latin
America, Middle East e North Africa (MENA), North America and
Oceania (Figs. S2e8).We distinguish these regions as our input data
for animal oocysts loads make the same distinction. Furthermore,
Figs. S11e13 show oocyst concentrations by month for selected
locations for which validation datawere available. Figs. 3 and 4, and
Figures S2-8 and S11-13, show some effect of seasonality, but
average monthly oocyst concentrations are predicted not to vary
more than approximately one log10 unit throughout the year in
most places. Regions with higher variability (2 log10) include parts
of India and Southeast Asia, west Africa, Brazil and the west coast of
North America.

3.2. Source attribution

GloWPa-Crypto indicates that point sources are the dominant
source of oocysts in most world regions (Fig. 6). Point sources are
human faeces, diffuse sources are predominantly livestock manure,
plus the faeces of the human population that practices open defe-
cation, but the latter is only a small part of the total. Blue regions in
Fig. 6 are grid cells where diffuse sources dominate, red regions are
grid cells where point sources dominate. This map is based on
average monthly oocyst stream input (variables SD and SP) per grid
cell.

3.3. Model performance

3.3.1. Validation
We compared model outcomes to a set of observational data,

Table S3 and Fig. S9 give an overview of the data. First we should
note that in this set of validation data only 28% of observations
could be corrected for recovery efficiency (mean 0.44, range
0.026e0.89). The remainder we used ‘as is’, but this means that
these observed concentrations are almost certainly too low. This
problem is also recognized in the literature. For instance, Efstratiou
et al. (2017) note that most published monitoring data do not



Fig. 3. Oocyst concentrations in rivers worldwide for the months January and July (log10 oocysts/L).

Fig. 4. Oocyst concentrations in rivers worldwide for the months January and July (log10 oocysts/L), with a discharge mask. These plots show only large rivers (i.e. grid cells where
average annual discharge is higher than 200m3/s).
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Fig. 5. Annual mean oocyst concentration categorised to WHO pollution categories (1¼ very pristine (~0.001 oocyst/L) to 6¼ grossly polluted (~100 oocyst/L)) (Medema et al.,
2009). Each category represents one log10 unit change in concentrations.

Fig. 6. Dominance of diffuse sources (blue) or point sources (red). This map shows howmuch larger the average grid cell oocyst stream input from diffuse sources is than from point
sources (log scale), and vice versa. E.g. the lightest shade of blue means that oocysts loads from diffuse sources are 3e7 log10 higher than oocyst loads from point sources in that
area, etcetera. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)
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specify the recovery efficiency. And when specified, it can vary
widely, between <10% and >80%, depending on the method, the
water characteristics (such as the turbidity) and the person per-
forming the measurement (Efstratiou et al., 2017). For this reason,
we can expect the modelled concentrations to be higher than the
observed concentrations, which is indeed the case (Fig. 7, and
Supplementary material S6).

The medians of the predicted concentrations mostly fall within
the range of observed concentrations, but the model appears to
generally produce concentrations that are around 1.5e2 log10 units
higher than the observed concentrations (Fig. 7, and Supplemen-
tary material S6). For the three countries that do have a recovery
efficiency for all data (Belgium, Luxembourg and Thailand),
observed and modelled concentrations are closer together than for
the other countries (Fig. 7), strengthening our notion that cor-
recting for recovery efficiency is important.

Nevertheless, other factors likely also contribute to the observed
difference between predicted and observed concentrations. These
could include overestimation of, particularly human, oocyst
excretion rates, and underestimation of oocyst losses. The GloWPa-
Crypto H1 model uses a simple division between the developing
and developed world, assigning each a single oocyst excretion rate,
based on the available literature as assessed by Hofstra et al. (2013).
Oocyst excretion rates are highly variable and depend on many
factors (Chappell et al., 1996), and the model is sensitive to this (see
section 3.3.2 and Vermeulen et al. (2015a)). The model may be
underestimating oocyst losses, particularly because dams, lakes
and reservoirs are not yet included. Increased water travel timewill
lead to higher modelled oocyst losses due to decay and sedimen-
tation (see section 3.3.2). However, as the model is much more
sensitive to oocyst excretion rates than to losses, losses alone could
not explain all of the observed difference between observed and
predicted oocyst concentrations.

To assess model performance numerically, several goodness of
fit statistics were calculated using the log transformed results.
Japan was excluded in these calculations, as this data set did not



Fig. 7. Boxplots of observed (obs) and predicted (prd) oocyst concentrations grouped by country. For the observational data, the function ‘cenboxplot’ from the R package NADAwas
used, which estimates the distribution of values below the detection limit, assuming the concentration is lognormally distributed (Lee, 2017; Lee and Helsel, 2005). Dark purple lines
indicate the spread of detection limits for that country. All data below the detection limit are estimated by the cenboxplot function. N indicates the number of observations per
country and Nþ indicates the number of observations per country that are above the detection limit. The results are tenuous for countries where >80% of the data are below the
detection limit (Lee and Helsel, 2005), which is the case for Germany (81%), Thailand (83%) and particularly New Zealand (95%). All observational data for Belgium, Luxembourg and
Thailand and a part of the data for Brazil, Canada and the Netherlands were corrected for recovery, all other observational data were not corrected. Japan is shown separately, as this
data set did not report the nondetects. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)
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report the nondetects. We calculated rank correlation coefficients,
Spearman's rho: 0.39 and Kendall's tau: 0.28. This means there is a
moderate positive correlation between observed and predicted
values. Next, we applied the Index of Agreement, which compares
the sum of the squared error to the potential error (Willmott et al.,
1985). A value of 0 indicates no agreement, value 1 is best model
performance. We obtained a value of 0.40, which is an average
index and similar to what was found for the WorldQual continental
faecal indicator model (UNEP, 2016). We found a root mean squared
error of 1.82, which is quite large (as it is a log scale), but this is
likely a result of the aforementioned differences between predicted
and observed oocyst concentrations.

We also looked at the results for different months, but did not
find obvious seasonality in observed oocyst concentrations (see
Supplementary Material S6), consistent with our finding of limited
seasonality in modelled concentrations (section 3.1). Correlation
coefficients computed for the individual countries are worse than
for the combined data, meaning that the model can reasonably
predict differences between locations but does not performwell for
predicting variability for a specific location. This is probably
because variability in oocyst concentrations is inherently high.
Fig. 7 shows that the spread in observed concentrations is generally
much larger than the spread inmodelled concentrations. This is not
surprising, as themodel calculatesmonthly grid cell means, and the
observations are points in time and space. Furthermore, observa-
tions from different years were taken together in the validation set,
as the amount of data did not justify looking at trends over time,
and because GloWPa-Crypto uses 30-years average climate and
hydrological data as input.
3.3.2. Sensitivity analysis
The model is most sensitive to changes in input human oocyst

loads (Table S4 in the Supplementary Material) and to a lesser
extent to input animal loads, as human loads were found to
dominate inmost places. To a lesser extent, themodel was sensitive
to oocyst retention, river length and water residence time in a grid
cell, these affect the time during which decay and sedimentation
take place.

We performed a low end and high end run, combining changes
in all parameters, to investigate the combined effect on model
output (see description in Supplementary material S7). The high
and low end runs cause a 1.5 log10 change in median concentration
in either direction. This 3 log difference yields very different WHO
category maps of the low end and high end runs (Fig. 8). While in
the low end run the majority of the grid cells around the world falls
in categories 1e3 (Very pristine, Pristine and Moderately polluted),



Fig. 8. Low end (top) and high end (bottom) runs of annual mean oocyst concentration categorised to WHO pollution categories (1¼ very pristine (~0.001 oocyst/L) to 6¼ grossly
polluted (~100 oocyst/L)). Each category represents one log10 unit change in concentrations.
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in the high end run categories 4e6 (Polluted, Heavily polluted and
Grossly polluted) are most dominant. Furthermore, the low end run
shows that, even at the most optimistic end of model assumptions,
there are some regions that come out as highly polluted in any case.

When comparing the difference between the high and low end
run spatially, several points come to the attention: 1) the absolute
difference between the high and low end runs (high minus low) is
largest in areas where concentrations are highest, which are
generally areas dominated by human sources, 2) the relative dif-
ference between the high and low end runs (high divided by low) is
largest in the areas where the diffuse sources dominate (see Fig. 6),
which means the diffuse sources are relatively more uncertain
(especially the fraction of oocysts in manure that is transported
with runoff to surface water) but compared with the magnitude of
the human sources this does not matter so much, and 3) the large
rivers stand out, meaning that the uncertainty accumulates with
the routing, which is a logical consequence of the way the model is
constructed.

4. Discussion

Models of faecal microorganisms in rivers exist mostly at the
catchment scale (Vermeulen et al., 2015b). Most commonly,
catchment scale waterborne pathogen models couple a pathogen
loading estimate to an existing hydrological model. We are only
aware of one other large scale concentrations model, WorldQual,
which has been applied for faecal coliform bacteria for several
continents (Reder et al., 2015; UNEP, 2016). Faecal coliforms are
indicators of faecal pollution, but not pathogenic themselves. For
other water quality variables, such as nutrients, large scale
modelling is much more advanced (Vermeulen et al., 2015b).
Therefore, the development of GloWPa-Crypto provides important
new opportunities, such as estimating hotspot regions with high
concentrations (section 3.1) and assessing source attribution (sec-
tion 3.2). Another interesting application would be to use GloWPa-
Crypto for scenario analysis. Global change processes, such as
population growth, socioeconomic development and climate
changes, may influence pathogen concentrations in surface water
in future (e.g. Fearnley et al., 2010; Hofstra, 2011; Schijven and de
Roda Husman, 2005). The high concentrations in urban areas in
developing countries are a concern, and the situation in these re-
gions is expected to get worse in the future due to high population
growth and installing sewer connections without sewage treat-
ment keeping up (Hofstra and Vermeulen, 2016). Climatic changes
potentially affect the runoff from land, transport with rivers and
temperature-dependent oocyst decay. However, the current model
predicts limited effects of seasonal variation in these climatic var-
iables on monthly average concentrations (section 3.1). Yet this is
merely the variability in monthly average concentrations, which
does not say anything about variability at shorter time steps. Many
studies find that oocyst concentrations can respond strongly to
peak runoff events (Atherholt et al., 1998; Kistemann et al., 2002)
and may reach much higher levels than indicated by our model, for
short time periods. Furthermore, GloWPa-Crypto operates under
the assumption that manure is applied equally in all months, which
is probably not actually the case in most cropping systems. More
detailed input data, for example on manure applicationworldwide,
would be needed to operate GloWPa-Crypto on a finer temporal
resolution.

GloWPa-Crypto should be used to look at ‘the bigger picture’,



L.C. Vermeulen et al. / Water Research 149 (2019) 202e214212
and not to make statements about actual levels of contamination in
specific locations at specific times. Such big picture approaches are
essential to address large scale transboundary issues like water
pollution, for instance in the context of the Sustainable Develop-
ment Goals that the world aims to reach in 2030 (United Nations
General Assembly, 2015). Goal 6 is to ‘ensure availability and sus-
tainable management of water and sanitation for all’; large scale
water quality models such as GloWPa-Crypto could be a tool help
assess progress and identify policy options to reach this goal.

It should be noted that GloWPa-Crypto L1 includes all Crypto-
sporidium spp., also those that are not infectious for humans
(Vermeulen et al., 2017). This means that the risk of contracting
cryptosporidiosis from animal or human sources is not equal, and
these maps should not be used for assessing risk directly. Domi-
nance of point sources of microbial pollution over diffuse sources of
is also found in several other studies, for example in the Scheldt
river for E. coli (Ouattara et al., 2013) and the European faecal
coliform model (Reder et al., 2015). However, diffuse sources were
found to dominate in a study on faecal indicators in Vietnam
(Nguyen et al., 2016), and it is also observed that dominance can
vary for different organisms and under epidemic conditions in
Sweden (Sokolova et al., 2012).

Performing a thorough systematic literature inventory for
prevalence of Cryptosporidium infection and oocyst concentrations
in human faeces, similar towhat we have done for livestockmanure
(Vermeulen et al., 2017), was out of the scope of this study. How-
ever, in light of the model validation and sensitivity analysis this
should be given priority in further research. Oocyst excretion rates
are variable and uncertain, even between infected individuals
oocyst production can differ strongly (Chappell et al., 1996;
Vermeulen et al., 2017). Other models of pathogens or faecal in-
dicators have similarly observed sensitivity to pathogen loading
from humans and animals (Coffey et al., 2010; Ferguson et al., 2007;
Reder et al., 2017; Tian et al., 2002).We recommend thatmonitoring
programs for Cryptosporidium in rivers should always determine
and report the recovery efficiency, preferably for each individual
sample, in order for data to be useful for quantitative analysis and
model validation (Efstratiou et al., 2017; Ongerth, 2016).

Important potential model improvements that we envision are:
1) refining human oocyst load input by the H1 model, by thor-
oughly analysing the literature on human oocyst excretion rates, 2)
refining oocyst load input by the L1 model, for instance by incor-
porating monthly variation in manure input to the land, through
including manure spreading regimes and birthing seasons, 3)
including dams, lakes and reservoirs, instead of working with
naturalized discharge, and related to this improving estimates of
river flow path length and water residence times, and 4) refining
the calculation of oocyst retention on land. It should be noted that
more data should become available in order to be able to imple-
ment these improvements effectively, particularly number 2 and 4.
Opportunities for GloWPa-Crypto C1 include that the model could
be applied in scenario analysis to investigate the impact of global
change and management options on oocyst concentrations in
rivers. Furthermore, the model could serve as a basis for risk
assessment studies to assess human health impacts, if the output
were to be used as input for QuantitativeMicrobial Risk Assessment
(QMRA), a first exploration of this application has already been
done (Vermeulen, 2018). Especially for application in risk assess-
ment, it would be interesting to look into the option to make
GloWPa-Crypto C1 a stochastic model, so that instead of calculating
monthly average concentrations, it would provide output concen-
tration distributions. Furthermore, studying model output for the
different continents in more detail would be interesting. GloWPa-
Crypto C1 could also be downscaled to operate for a specific re-
gion with more detailed input data.
5. Conclusion

GloWPa-Crypto C1 is the first global model that computes
pathogen concentrations in rivers. Modelling the transport of
Cryptosporidium through the environment is a helpful tool to get
insight in the predicted order of magnitude of oocyst concentra-
tions worldwide, to pinpoint hotspot regions of high concentra-
tions that can be interesting places to focus further study on, and to
gain insight in the relative importance of different pollution sour-
ces. Main findings from this study are:

� Monthly average oocyst concentrations are predicted to range
from 10�6 to 102 oocysts L�1 in most places.

� Hotspot regions with high concentrations include parts of India,
China, Pakistan and Bangladesh, Nigeria, Algeria and South Af-
rica, Mexico, Venezuela and some coastal areas of Brazil, several
countries in Western and Eastern Europe (incl. The UK, Belgium
and Macedonia), and the Middle East.

� Point sources (human faeces) appears to be a more dominant
source of pollution than diffuse sources (animal manure) in
most world regions.

GloWPa-Crypto C1 paves theway for many newopportunities at
the global scale, including scenario analysis to investigate the
impact of global change and management options on oocysts
concentrations in rivers, and risk analysis to investigate human
health risk.
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