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Microbial risk implications of rainfall-induced runoff
events entering a reservoir used as a drinking-water
source
R. S. Signor, N. J. Ashbolt and D. J. Roser

ABSTRACT
Waterborne disease outbreaks have been associated with periods of heightened source water
pathogen concentrations in treated drinking-water supplies. For their management it is necessary
to identify and quantify the impacts of events which lead to adverse concentration fluctuations.
The aim of this work was to estimate relative microbial risks to water consumers arising from
one such event: rainfall-induced runoff entering a surface drinking-water reservoir in an
Australian agricultural catchment. Runoff events are known to influence both the source water
entering a reservoir and the ability of a reservoir to act as a barrier to pathogen progression.

R. S. Signor (corresponding author)
N. J. Ashbolt
D. J. Roser
School of Civil and Environmental
Engineering/Centre for Water and Waste
Technology,
The University of New South Wales,
Sydney NSW 2052,
Australia
Tel: +61(2) 9385 7896
Fax: +61(2) 9313 8624
E-mail: ryan.signor@student.unsw.edu.au

Hydrograph separation methods were used to distinguish ‘runoff event’ from baseflow periods
and pathogen concentrations of the inflow to the reservoir during runoff and baseflow periods
respectively were estimated. Relative impacts of runoff event periods on health risks to
consumers were assessed using Quantitative Microbial Risk Assessment principles. Runoff event
conditions predominated 14 % of the time. The proportions of infections attributable to runoff
event periods from Cryptosporidium, Giardia and Campylobacter spp. were 57 %, 80 %, and 28 %
respectively. Daily infection risks were greatest in winter months than other seasons primarily
due to the higher frequency of runoff events. Results from this and similar analyses, aiming to
assess impacts of explicitly identified events on consumer health risks, provides important
information for water system risk management, e.g. identifying periods of heightened risk and
setting management priorities.
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INTRODUCTION
Quantitative Microbial Risk Assessment (QMRA) offers a

(e.g. Poulton et al. 1991; Atherholt et al. 1998; Kistemann

means to estimate communicable disease/infection risks to

et al. 2002; Signor et al. 2005) and epidemiologic studies

consumers of treated drinking-water (e.g. Rose et al. 1991;

have linked waterborne disease outbreaks with periods of

Teunis et al. 1997; Crabtree et al. 1997; Barbeau & Payment

high precipitation (e.g. Curriero et al. 2001; Rose et al. 2001;

2000; Teunis & Havelaar 2002; Pouillot 2004). Defining

Naumova et al. 2005).

source water quality is an integral part of QMRA. Source

Storage reservoirs often serve as one of the first barriers

water quality fluctuates with time and environmental

to the transportation of microbial pathogens through a

conditions, and such variability can have a major impact

water supply system. Mechanisms include dilution of the

on the long-term health risk estimate (Teunis et al. 2004).

incoming flow and provision of storage time allowing

Particularly, contaminant concentrations in catchment

particle settling & pathogen decay (Hipsey et al. 2005).

surface waters increase following periods of rainfall

Governed by diverse environmental factors, the reservoir’s
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barrier effect varies between systems and with time, e.g.

(iv) inputting results from the three previous steps into a

periods of lower sunlight intensity (Sinton et al. 1999;

QMRA model to assess the relative health risks to consumers

Linden et al. 2001) and cooler temperature (Buswell et al.

posed under dry weather and rainfall event conditions.

1998; Walker & Stedinger et al. 1999) may enhance a
pathogen’s survivability. Following rainfall, the contaminant loading rate into the reservoir may be many orders of
magnitude greater than during the preceding dry weather

STUDY AREA

(e.g. Roser & Ashbolt 2004). High inflows can also cause

The main study area is a 76-km2 catchment draining to a

reservoir short-circuiting, where rather than mixing, inflows

drinking-water reservoir (ca. 27 GL capacity) located in the

travel as a constrained plume along the reservoir depths –

Adelaide Hills of South Australia (Figure 1). The reservoir’s

enhancing the possibility of viable pathogens being trans-

total catchment area including the reservoir foreshores is

ported the length of the reservoir (Hipsey et al. 2005).

140 km2. The region has a warm temperate climate with

Mechanistically characterising the pathogen protection

mean daily maximum temperatures ranging from 138C in

offered by reservoir storage processes is complex (Hipsey et al.

July to 278C in January. The mean annual rainfall is 767 mm

2005). It has been for QMRA purposes estimated empirically

with heavier rainfall in the winter. Consequently, the

by comparing microbial count data collected at a stream’s

average daily flow entering the reservoir was much greater

point of entry into a reservoir with that at a downstream water

in winter (68 ML in July) than summer (0.87 ML in

treatment plant (WTP) off-take (Teunis & Havelaar 1999;

February) for the period 2000– 2004.

Teunis et al. 1999). Considering the numerous processes

Several potential pathogen contaminant sources existed.

which influence a waterborne pathogen’s ability to survive

Most land area was used for grazing (62 %) and dairying

within a reservoir (Hipsey et al. 2005), the approach is

(24 %) with unrestricted stock access along 81 % of the

rudimentary, yet is conceptually sound and suits the QMRA

primary watercourses. Within the catchment the human

purpose. Not considered in prior empirical applications

population was approximately 500 persons living in 200

however is what may cause the reservoir transformation

dwellings serviced by on-site sewage systems. About 100

ratio to vary. For example, in a catchment which experiences

dwellings either have a mapped ephemeral watercourse

more frequent rainfall events, cooler temperatures and more

flowing by them or were located on the edge of the reservoir

cloudy days in winter than in the summer months, intuitively

and considered potential contaminant point sources.

the reservoir may be expected to serve more poorly as a
pathogen barrier in the winter. If typical daily pathogen loads
entering the reservoir were also greater in winter than summer
due to more frequent runoff events, this may enhance the

DATA

health risks to water consumers over this period. Capturing

Hydrology data

these links may be important for the QMRA.
The primary aim of this work was to adapt QMRA

A stream rating curve and hourly river stage data collected

principles to estimate the impact on health risks arising from

over the period 2000 to 2005 near the main watercourse

rainfall-induced runoff events entering a surface water

point of entry into the reservoir (SP1, Figure 1) were

reservoir for a case-study from southern Australia. A

obtained from the South Australian Department of Water,

methodology was developed that involved: (i) distinguishing

Land & Biodiversity Conservation.

historical reservoir inflow ‘runoff events’ from ‘baseflow’
conditions; (ii) quantifying concentrations entering the
reservoir under each condition for Escherichia coli as well

Microbiological data

as three reference pathogens (Cryptosporidium parvum,

Microbial data collected between 2000 and 2005 from

Giardia lamblia, Campylobacter jejuni); (iii) estimating the

two locations: within the main river 0.5 km upstream of

microbial transportation “barrier effect” of the reservoir; and

the reservoir inlet (denoted as SP1) and from within the
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Study area.

reservoir at the water treatment plant off-take (SP2) (Figure 1)
were made available. Water quality analyses were undertaken
by the Australian Water Quality Centre’s (AWQC’s) Analytical Laboratory (Bolivar, South Australia) using their standard
procedures for E. coli, Cryptosporidium, Giardia, and Campylobacter spp. (AWQC methods 2246-19/2247-50/2248-50,
88-01 and 81-07 respectively). In brief, protozoa were
concentrated by flocculation of 10 L samples, immunomagnetic separation and centrifugation, and then counted using
USEPA Method 1623 (USEPA 1999). A fluorescently labelled
control (either ‘EasySeedY’ or ‘ColorSeedY’) of known
concentration were used to assess the efficacy of the method

Defining ‘runoff events’
Runoff event periods were defined using a time-step based
hydrograph filtering algorithm applied to the flow data
to separate the baseflow component of the total flow
(Chapman 1999). While there are several variations used by
hydrologists for such purposes, the most common is:
Qs;i ¼ KQs;i21 þ

ð1 þ KÞ
ðQi 2 Qi21 Þ
2

ð1Þ

where Qs,i is the flowrate runoff component at time step i, Qi is
the total recorded flow at time step i, and K is the baseflow
recession constant for the stream. During baseflow conditions

for each protozoa assay. E. coli was enumerated from either

(periods of no runoff contribution) the hydrograph recession

100 or 1 ml samples using IDEXX Colilertw. Campylobacter

curve is expressed as:

spp. were assayed by enrichment in 3 £ 3 most probable
number tubes followed by polymerasechainreaction based
confirmation.

Qt ¼ Q0 Kt

ð2Þ

where Qt is the total flow at time t, and Q0 the total initial
flowrate. Estimating K requires first identifying periods of
baseflow recession (Tallaksen 1995). Ten flow recession
periods were identified from the 5-year hydrograph represent-

DATA ANALYSIS

ing all seasons and record years, ranging from 15 to 143 h

All numerical operations for this study were performed
using Mathematica

w

5.0.1.0 software (Wolfram Research

Inc., Champaign, Illinois, USA).
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An estimate of the recession constant was made for each

bold text in the Addendum for more detail:

period by the method of least squares (Devore 2000). The

2
3
1
k
m 
n
ð
Y
Y
ð
l
vx=sÞ
6
7
Lc ðQjnij ; vij ; sij ; xij Þ ¼
· dl5
4 fðl; QÞ
n!elvx=s i
i¼1
j¼1

overall recession constant used was the average of those ten
estimates. A ‘runoff event’ was defined as any period of

0

consecutive hourly time steps where the runoff contribution

ð3Þ
j

estimated from Equation 1 was Qs,i . 0.05-m3/s which

where (nij, vij, xij, sij) are the given data from the ith of m

corresponded to a stream runoff component depth of ca. 0.1

samples taken during the jth of k observed independent

to 0.2 m when the baseflow component was very low

runoff or baseflow periods and L(XjY) is the likelihood

(Qi , 0.01-m3/s), as estimated from the stream rating curve.

function L to estimate parameters X given dataset Y.

At other times, the flow condition was defined as ‘baseflow’.

E. coli data were reported as most probable numbers

The probability of the total flow being in either the runoff or

(MPN)/ml or 100 ml and always as a whole integer

baseflow states was summarised by the parameters AR and AB

estimate. Campylobacter spp. data were also reported as

respectively, estimated as the proportion of time the hydro-

MPN/100 ml, though as a continuous rather than discrete

graph corresponded to each state within the period studied.

number. The following likelihood function (Haas et al. 1999:
216, Cook et al. 2000) Ld was optimised to obtain estimates
of Q for the bacteria data:

Organism concentrations entering reservoir

Ld ðQjlj ; lup:j ; llo:j ; dj Þ ¼

k
Y

½ fðlj ; QÞdj :½Fðlup:j ; QÞ
ð4Þ

j¼1

All microbial data collected from SP1 were time-matched
with flow data and categorised as either ‘runoff event’ or

12dj

2 Fðllo:j ; QÞ

‘baseflow’ depending on the corresponding state of the
river. When multiple samples were collected over the

where lj is the estimated average organism concentration from

course of a single runoff event or baseflow period, they

m samples taken within the jth of k observed baseflow or runoff

were grouped and summarised by a single arithmetic mean

periods, F(.) is the probability density’s cumulative function, dj

pathogen concentration for that period, similar to an Event

is a binary indicator variable set to zero when one or more of m

Mean Concentration (Huber 1993; Signor et al. 2005).

samples taken within the jth period were reported ‘negative’

Probability density functions were employed to describe

(i.e. reported as ‘below detection limit’), otherwise dj ¼ 1, and

the variability of the microbial source water quality data. It

lup.j and llo.j are inferred upper and lower bounds of the

was assumed the mean organism concentration L of whole

observed average concentration for the jth period.

runoff events or baseflow periods varied between indepen-

For input to Equation 4 lj was estimated as follows:

dent periods according to a probability density function f so

Consider zij as the MPN reported from the ith of m samples

L , f(l; Q), where Q is a parameter vector.

taken during the jth of k observed independent runoff or

Results from each protozoan sample were reported as a
set of: the number of (oo)cysts counted in the sample n; the

baseflow periods. When all m samples taken within the jth
period were positive, dj ¼ 1, and:

sample volume v; the number x of fluorescent (oo)cysts
seeded into a parallel sample to assess the recovery fraction;
and the number s of seeded (oo)cysts recovered by the same

lj ¼

m
X

!
zij =m

i¼1

enumeration method from the parallel sample. Random
distribution of the (oo)cysts in the water body at the time of

Otherwise if one or more of m samples taken within the

sampling was modelled by a Poisson probability distri-

jth period were ‘negative’ then dj ¼ 0, and:

bution. The mixed Poisson likelihood function Lc used to

† all llo.j were estimated from the same equations used for

estimate Q (by maximum likelihood methods) was based on
those described by Haas et al. (1999: 195) – also refer to the
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lj, but where all ‘negative’ zij were set to the reported

information with regard to the MPN derivation was

MPN method detection limits (of 0.3-MPN/100-ml for

reported. Equation A.1 was applied to E. coli data by

Campylobacter spp. data, and 1 MPN/100-ml for E. coli).

interpreting each reported MPN at SP1 and SP2 as an
organism count in the reported sample volume and

The lognormal:

assuming the method recovery fraction to be unity.
e2½ ln ðlÞ2m =ð2s Þ
pﬃﬃﬃﬃ
PðL ¼ lÞ ¼
; NB : L . 0; e ¼ 2:718…;
2psl
2

2

p ¼ 3:141…; m; s are scale; shape parameters
and the gamma:

la21 e2l=b
P ¼ðL ¼ lÞ ¼ a
; NB : L . 0; Gð:Þ is the gamma
b GðaÞ
function a; b are scale; shape parameters

Essentially, this meant random sampling processes were
incorporated into the E. coli ratio estimate, but not the
uncertainty associated with derivation of the MPN. No
Campylobacter spp. data was available at SP2 and no
specific ratio estimate was possible. Numerical integration
and optimisation methods were used to estimate 1r by
maximising Equation A.1.
The transformation ratio was estimated separately for
each season, using season-specific datasets. Hence, the
variability of 1r, rather than described by a continuous

probability density functions were the candidates used to

probability density function, was considered here as a

describe the water quality variability (Ott 1995). Numerical

possible variance between seasons of a specific ratio value.

optimisation techniques were used to maximise the likelihood
functions and estimate the function parameters. The candidate
probability function which produced the largest optimised
likelihood value was adopted as the representative function
(Kappenman 1982). To assess the significance of differences in

QMRA

microbial concentrations between baseflow & runoff event

Where d was the pathogen dose ingested by a consumer

periods overall and between seasons (summer, autumn,

over a daily period:

winter, spring), a deviance statistic-based likelihood test was
used as described by Haas et al. (1999: 297). When an event or
baseflow period overlapped multiple seasons, it was classed as

d ¼ ½AB :EðLB Þ þ AR :EðLR Þ:1r :10WTP :V 0

ð5Þ

having occurred within the season that the period began.

and V’ was an individual’s long-term average daily water
Reservoir transformation ratio

consumption, 10WTP was the fraction of pathogen organisms
which successfully pass through physico-chemical water

The many processes which dictate the reservoir’s ability to

treatments, and E(LB) & E(LR) were the expected mean

act as a barrier against pathogen transport were summarised

organism concentrations of flow into the reservoir under

by a transformation ratio. The reservoir transformation ratio

baseflow and runoff conditions respectively. Parameters AB,

was defined as the ratio of the observed mean micro-

AR, E(LB), E(LR), and 1r (the ‘parameters of interest’) in

organism concentration at SP2 to that at SP1, taking into

Equation 5 were estimated as described previously. Other

account the proportion of time that the incoming flows

parameters were based on relevant literature (Table 1).

were in baseflow and runoff event modes. An unpaired data

The estimates of d were input to dose– response

model likelihood function Lr was derived (Equation A.1, see

relationships (Table 2) to estimate long-term average

Addendum) to estimate e r, based on models described by

daily probability of infection Pdaily to consumers. Assuming

Teunis et al. (1999). Though E. coli data was reported by the

consumers ingest one independent pathogen dose per

laboratory as a whole integer number of organisms, it is a

day, the probability of infection to a consumer from a

derived MPN rather than an organism count. No additional

series of independent exposures Pann over 365 days is
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Literature-based parameters used for QMRA

Parameter

Value

Reference/comments

Cryptosporidium spp.

6.3 £ 1024

Based on Hijnen et al. (2005) review of Cryptosporidium oocyst removal by conventional
water treatmenta þ assumed 0% reduction due to disinfectionb (chlorine addition)

Giardia spp.

7.9 £ 1025

Based on Hijnen et al. (2005) review of Giardia cyst removal by conventional water
treatmenta þ assumed 90% reduction due to disinfectionb (chlorine addition)

Campylobacter spp.

7.9 £ 1026

Based on Hijnen et al. (2005) review of bacterial organism removal by conventional water
treatmenta þ assumed 99.9% reduction due to disinfectionb (chlorine addition)

V0 :

1.1-L

Roseberry & Burmaster (1992)

10WTP :

a

The source water is treated by coagulation & flocculation, floc removal (by flotation), rapid sand filtration and chlorine disinfection.

b

Chlorination provides protection against pathogen transmission though Cryptosporidium spp. are quite resistant (Korich et al. 1990). Giardia spp. (Clark et al. 1989) and especially
Campylobacter spp. (Blaser et al. 1986) are more susceptible. Conservative relative density reductions due to chlorination were assumed, which was considered sufficient for modelling
purposes.

corresponded well with recorded rainfall in the catchment

(Haas et al. 1999):
Pann ¼ 1 2 ð1 2 Pdaily Þ365

ð6Þ

(Figure 2). The average annual hydraulic load for the
studied period was 9099 ML. Fifty eight percent of the
annual hydraulic load entered the reservoir in the three

The contribution of runoff events and the seasonal
differences in health risks to water consumers from this

winter months, and 40 % was attributable to winter runoff
events (Table 3).

system was assessed using Equations 5 & 6 and the
relationships in Table 2 with season-specific estimates of
the parameters of interest as inputs.

Microbial concentrations and loads entering the
reservoir
The charts in Figure 3 are a plot of the average reported

RESULTS & DISCUSSION

organism concentration and flowrate for each identified

Hydrology & ‘runoff event’ characterisation
The recession constant estimated for the hydrograph

continuous baseflow or runoff event period. Organism
concentrations in the stream entering the reservoir were
greater during ‘runoff event’ periods.

filtering was K ¼ 0.989 (^0.005). ‘Runoff event’ periods

A data summary is displayed in Table 4. Differences

(periods where the total flow and baseflow values deviate)

in concentrations were significant between baseflow and

Table 2

|

Dose –response relationships

Pathogen

Dose –response relationship

Reference

Campylobacter

Pinf ¼ 1 2 (1 þ d/7.59)20.145

Medema et al. (1996)

Giardia

Pinf ¼ 1 2 e2d/50.3

Teunis et al. (1996)

Cryptosporidium

Pinf ¼ 1 2 e2d/238.6

Haas et al. (1996)
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Separation of baseflow and runoff components of river flow entering.

Characteristics of stream flowrates entering reservoir
Avail.b

Q (m3/s)
Average annual

Season

Statea

(fraction)

5th %ile

Median

95th %ile

Average

Sum.

R

0.017

0.017

0.30

0.98

0.33

42

B

0.983

4 £ 1024

0.0058

0.065

0.016

122

R

0.065

0.070

0.28

1.50

0.54

280

B

0.935

, 1 £ 1024

0.044

0.14

0.051

375

R

0.329

0.24

0.95

3.67

1.34

3488

B

0.671

0.092

0.25

0.77

0.34

1806

R

0.160

0.17

0.76

5.57

1.39

1745

B

0.840

0.015

0.13

0.62

0.19

1241

R

0.143

0.16

0.76

3.86

1.23

5555

B

0.857

0.001

0.055

0.48

0.13

3544

C

1.000

0.002

0.081

1.38

0.29

9099

Aut.

Win.

Spr.

All

a

R ¼ ‘runoff event’, B ¼ ‘baseflow periods’, C ¼ ‘combined’.
Availability – proportion of time that the stream flowrate corresponds to ‘runoff event’ and ‘baseflow periods’ respectively for the season(s) indicated.

b
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Average organism densities vs. average flowrate for independent baseflow and runoff event periods with linear trendlines fitted (negative data plotted as zero pathogen
density). Protozoa data not adjusted for method recovery.

runoff event data subsets, but not between seasons within

conditions. As micro-organism concentrations were signifi-

the same categories, for Cryptosporidium and Giardia [ p-

cantly greater during runoff events, simply fitting all data to

values , 0.05]. Mean recovery fractions from all samples

a single probability density function would have resulted in

were high for both analytes (Cryptosporidium 51 %, Giardia

an over-estimation of the overall mean pathogen concen-

49 %), providing a high degree of confidence in the quality

tration, in turn impacting QMRA results based on these

of the protozoa data. As the E. coli and Campylobacter spp.

estimates.

datasets were smaller than those for the protozoa, statistical

The Exceedance Probability charts (Figure 4) show that

comparison between seasons was not practical. However

the selected probability distributions (either lognormal or

runoff event concentrations were significantly greater than

gamma) provided good fits, all data shown fell within

the

The

or very near the depicted 90 % confidence intervals. The EP

observed differences between runoff event and baseflow

plot for the Campylobacter spp. highlights an issue regard-

organism concentrations in the river were consistent with

ing the use of very small datasets – although the expected

findings from previous studies (e.g. Poulton et al. 1991;

mean Campylobacter spp. concentration was greater during

Atherholt et al. 1998; Kistemann et al. 2002; Signor et al.

runoff periods than baseflow periods, the maximum-like-

2005). Note that although runoff event inflows occurred for

lihood estimate at the 95th and greater percentiles of

just 14 % of the time, 51 % (Cryptosporidium and Giardia),

variability for baseflow concentrations was greater than

33 % (E. coli) and 25 % (Campylobacter) of sampling

that for the runoff concentrations. Despite a smaller sample

periods at SP1 occurred during runoff events. The water

size, the 90 % uncertainty interval surrounding the Campy-

utility sampling protocol calls for additional water quality

lobacter spp. runoff estimate was narrower than that for the

sampling to occur following some rainfall event-based

baseflow estimate. The likely explanation was that the small

trigger, hence the dataset was biased toward event

number of observed Campylobacter spp. runoff event

baseflow

concentrations

[ p-values
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Summary of microbiological data collected at SP1

Data Summary
Season

Statea

Meanb

SDb

kc

# pos.d

Maximum

Minimum

Cryptosporidium
(oocysts/L)
Summer
Autumn
Winter
Spring

R

–

–

0

B

0.38

0.25

4

4

–

0.74

–

0.20

–

R

4.00

5.73

7

6

16.11

, 0.38

B

1.18

2.25

8

6

6.67

, 0.082

R

5.28

8.37

20

18

35.00

, 0.12

B

0.30

0.45

13

7

1.36

, 0.063

R

1.39

1.70

9

7

5.16

, 0.16

B

0.47

0.63

10

6

1.92

, 0.083

Giardia (cysts/L)
Summer

–

0

–

–

B

0.061

0.12

4

1

0.24

, 0.082

Autumn

R

0.75

0.93

7

4

2.62

, 0.17

B

0.072

0.11

8

3

0.29

, 0.063

Winter

R

3.04

8.60

20

15

39.00

, 0.096

B

0.098

0.18

13

4

0.50

, 0.13

R

0.27

0.42

9

5

1.14

, 0.14

B

0.042

0.089

10

2

0.22

,0.036

–

–

Spring

R

–

–

E. coli (MPN/ml)
Summer

R

–

–

0

B

3.1

0.92

2

3.7

2.4

Autumn

R

–

–

0

–

–

–

B

–

–

0

–

–

Winter

R

Spring

R

B
B

120
3.2
58
1.7

100
2.2
68
1.2

3

–
2

3

4

4

3

3

6

6

240
5.5
130
3.50

–
44
0.78
3.5
0.54

Campylobacter spp.
(MPN/100-ml)
Summer
Autumn

R

–

–

0

B

1.6

0.71

2

R

–

–

0

B

–

–

0

21

2

–

–

2.1

1.1

–

–

–

–

–

Winter

R
B

30

53

4

4

110

Spring

R

67

61

2

2

110

B

12

17

6

4

46

a

31

–
2

2

46

–
15.9
0.9
24
, 0.30

R ¼ ‘runoff event’, B ¼ ‘baseflow period’.
Mean ¼ arithmetic mean, SD ¼ normal standard deviation, of the mean densities from k independent baseflow or runoff periods. Each period mean density was estimated by assuming
all ‘negative’ samples had a density of 0-organisms per unit volume. Each protozoa sample was adjusted by multiplying the organism count by the inverse of that sample’s recovery
fraction.
c
Number (unitless) of observed baseflow, runoff or combined periods with associated microbiological data.
d
Number (unitless) of observed baseflow, runoff or combined periods with associated microbiological data for which at least one sample was not ‘negative’.
b
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Exceedance probability charts of mean pathogen densities entering the reservoir at SP1 for independent event/baseflow periods. Solid lines are in the maximum-likelihood
variability estimates and correlate to the relevant probability density function (lognormal or gamma) listed below the charts. Dashed lines represent 90% confidence limits
derived from Markov-chain Monte Carlo method application (Gilks et al. 1996). Only data points with values greater than the highest recorded detection limit and where all
samples in the event/baseflow period were positive are plotted.

concentrations (k ¼ 4) did not capture the extent of the

percent of the total micro-organism loading into the reservoir

true variation – an important consideration if the distri-

occurred in the three winter months.

bution were used in a probabilistic QMRA model, where
high percentile values of skewed stochastic inputs heavily
influence overall risk estimates (Haas 1997; Teunis et al.

Reservoir transformation ratio

2004). More Campylobacter spp. data would have benefited

E. coli concentrations at SP2 were highest in the winter, and

this analysis.

the few observed positive protozoa samples at SP2 occurred in

Estimates of the total annual microbial load entering the

those months (Table 5). Though the reservoir transformation

reservoir from the catchment upstream of SP1 under each flow

ratio was assessed seasonally, as micro-organism concen-

condition and for each season were made using the product of

trations entering the reservoir under ‘baseflow’ and ‘runoff

the average flowrate, expected mean organism concentration

event’ conditions respectively were not significantly different

and the estimated amount of time that the particular flow

between seasons, all microbial data collected at SP1 were used

condition occurred for that season (Figure 5). In excess of 70 %

as inputs to Equation A.1 regardless of the season of interest.

of the Campylobacter and more than 90 % of the E. coli and

However, the AR & AB estimates and the SP2 data inputs were

protozoa loads occurred during the runoff events. Forty to sixty

season-specific. As no protozoa were detected at SP2 in any
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Season/state breakdown of estimated annual micro-organism loads entering reservoir at SP1.‘B’ ¼ baseflow periods, ‘R’ ¼ runoff event periods, ‘All’ ¼ all seasons.

season other than the winter, the maximum likelihood

order of magnitude greater protection against bacteria than

protozoa transformation ratio estimates for the other seasons

against protozoa. Mechanistic modelling by Hipsey et al.

approached zero and were not meaningful estimates, which is

(2005) of micro-organism fate and transportation in

a limitation of the approach adopted, and only the winter

Australian reservoirs drew similar conclusions, citing the

estimates were considered further.

greater susceptibility of bacteria to ultra-violet light inacti-

Best-estimates and 90 % confidence intervals for each
transformation ratio are summarised in Table 6. There were a
greater proportion of E. coli detects from samples at SP2 over

vation, and proneness to attach to larger settling-sized
particles as the major reasons.
Despite

the

larger

datasets,

the

transformation

all seasons (Table 5) and the maximum-likelihood point-

ratio estimates for protozoa had wider 90 % confidence

estimates of ratios had a range 0.0020–0.0073. It was

bands than the estimates for E. coli, due to a combination

unanticipated that the seasonal ratio estimates would be so

of low counts at SP1 and the large number of zero

similar, given the seasonal disparity in flow and microbial

(oo)cyst counts in 10 L samples at SP2. Amongst the E. coli

reservoir loadings. Winter ratio estimates for Cryptosporidium

seasonal estimates, the autumn and summer ratios had widest

(0.021) and Giardia (0.045) were of the same order of

uncertainty bands, which corresponded to the seasons with

magnitude. Empirically the reservoir provided about an

the greatest percentage of negative samples at SP2.
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Summary of microbiological concentration data at SP2

Season

Meana

SDa

# samplesb

# positivec

Max.

Min.

,0.16

Cryptosporidium (oocysts/L)
Sum.

–

–

13

0

,0.29

Aut.

–

–

12

0

,0.30

,0.12

Win.

0.025

0.090

15

2

,0.40

,0.12

Spr.

–

–

12

0

,0.33

,0.14

Giardia (cysts/L)
Sum.

–

–

13

0

,1.00

,0.14

Aut.

–

–

12

0

,0.33

,0.15

Win.

0.018

0.063

15

1

,0.56

,0.11

Spr.

–

–

12

0

,0.48

,0.14

E. coli (organisms/ml)
Sum.

0.086

0.028

14

9

0.11

,0.01

Aut.

0.016

0.19

15

9

0.61

,0.01

Win.

0.20

0.34

16

13

1.20

,0.01

Spr.

0.051

0.068

14

11

0.24

,0.01

a

Mean ¼ arithmetic mean, SD ¼ normal standard deviation. Estimated by assuming all samples with no organisms detected had a density of 0-organisms per unit volume.
Count (unitless) of number of samples taken.
Count (unitless) of samples from the total number that had positive organism detection.

b
c

The methods described to estimate the transformation
ratios and the associated outcomes reflected a pragmatic,
conceptual approach to work with our specific (small and
censored) datasets. Methods based on Teunis et al.’s (1999)
unpaired data likelihood models were used. In such unpaired
data likelihood models, the maximum-likelihood point estimate of the transformation ratio is largely unaffected by the
assumed distributional form of the variability of the data at SP1
and SP2 (Teunis et al. 1999). Hence here the reservoir
transformation ratios were defined simply as the ratio of the
observed mean micro-organism concentrations at SP2 to
those at SP1. Teunis et al. (1999) define the transformation

Table 6

|

Seasonal reservoir transformation ratio estimates and confidence intervals

Estimated er

90 % confidence intervala

Summer

–

–

Autumn

–

Season

Cryptosporidium
–

Winter

0.022

0.0095, 0.070

Spring

–

–

Summer

–

–

Autumn

–

–

Giardia

ratio slightly differently, primarily because they have used the

Winter

0.045

0.019, 0.27

model to estimate not only the ratio, but also the variable

Spring

–

–

pathogen concentrations of the water prior to a treatment

E. coli

process. Adopting the same approach here would have meant

Summer

0.0034

0.0024, 0.0048

that the data collected at SP2 affected not only the transform-

Autumn

0.0073

0.0065, 0.0086

ation ratio estimates used in the subsequent QMRA, but also

Winter

0.0061

0.0058, 0.0067

the estimates of the baseflow and runoff pathogen concen-

Spring

0.0020

0.0016, 0.0024

trations entering the reservoir respectively. As it was not
possible to categorise the SP2 data as pertaining wholly to
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runoff or baseflow conditions it was our preference to use only

seasonal or annual). Shorter-term impacts of individual

SP1 data to characterise inflow concentrations, and

event scenarios were not assessed.

SP1 þ SP2 data to estimate the transformation ratio only.

The QMRA results were expressed in two ways
(Table 7). The Pdaily to a consumer is tabulated as the
theoretical daily risk to a consumer on days when the

QMRA results

source water corresponded wholly to a ‘runoff event’, a

For the protozoa, the winter data-derived transformation

‘baseflow’ period, and the overall combined daily infection

ratios were assumed to apply for all seasons. For Campy-

risk taking into account the seasonal probability of the flow

lobacter spp. the E. coli transformation ratios were assumed

being in either state, respectively. The second way was the

applicable. Two other qualifications must be emphasised.

expected annual number of infections per population of

Firstly, the QMRA results are indicative of the time period

10,000 people for each scenario, accounting for the number

over which data was collected only. Secondly, the approach

of days per year that the scenario was expected to occur.

adopted was intended to quantitatively summarise the

The proportion of annual infections attributable to

overall effects of runoff events on overall infection risks to

‘runoff event’ periods for Cryptosporidium, Giardia and

consumers averaged out over a certain time period (either

Campylobacter spp. were 57 %, 80 %, and 28 % respectively,

Table 7

|

QMRA results

Cryptosporidium spp.
Season

Statea

Summer

R

Autumn

Winter

Spring

Annual

a

Pdailyc

Nb

Giardia spp.
# inf d

Pdailyc

Campylobacter spp.
# inf d

Pdailyc

# inf d

1.5

2.63 £ 1027

0.0039

1.29 £ 1027

0.0019

2.75 £ 1027

0.0041

B

88.5

3.22 £ 10

28

0.0285

5.47 £ 10

29

0.0048

1.34 £ 1027

0.1186

C

90.0

3.61 £ 1028

0.0325

7.52 £ 1029

0.0068

1.36 £ 1027

0.1228

R

6.0

2.63 £ 1027

0.0158

1.29 £ 1027

0.0078

5.96 £ 1027

0.0358

B

86.0

3.22 £ 10

28

0.0277

5.47 £ 10

29

0.0047

2.90 £ 1027

0.2497

C

92.0

4.73 £ 1028

0.0436

1.36 £ 1028

0.0125

3.10 £ 1027

0.2855

R

30.2

2.63 £ 1027

0.0796

1.29 £ 1027

0.0390

4.98 £ 1027

0.1505

B

61.8

3.22 £ 10

28

0.0199

5.47 £ 10

29

0.0034

2.43 £ 1027

0.1499

C

92.0

1.08 £ 1027

0.0995

4.61 £ 1028

0.0424

3.27 £ 1027

0.3004

R

14.5

2.63 £ 1027

0.0383

1.29 £ 1027

0.0188

1.62 £ 1027

0.0235

B

76.5

3.22 £ 10

28

0.0246

5.47 £ 10

29

0.0042

7.88 £ 1028

0.0602

C

91.0

6.92 £ 1028

0.0629

2.52 £ 1028

0.0230

9.20 £ 1028

0.0837

R

52.2

2.63 £ 1027

0.1377

1.29 £ 1027

0.0675

4.10 £ 1027

0.2139

B

312.8

3.22 £ 10

28

0.1008

5.47 £ 10

29

0.0171

1.85 £ 1027

0.5784

C

365.0

6.53 £ 1028

0.2385

2.31 £ 1028

0.0846

2.17 £ 1027

0.7923

R ¼ ‘runoff event’, B ¼ ‘baseflow’, C ¼ ‘combined’ (runoff event þ baseflow).

b

N ¼ number of days per annum corresponding to the seasonal/event condition indicated, inferred from AR and AB estimates in Table 2 when K ¼ 0.989.
Theoretical daily risk to a consumer from Equation 5 on days when the source water corresponded wholly to a ‘runoff event’ (R), a ‘baseflow’ period (B), or the overall combined daily
infection risk taking into account the seasonal probability of the flow being in either state (C), from Equation 5.
d
Estimated number of infections in a population of 10,000 attributed to the indicated seasonal/event condition from Equation 6..
c
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shared among several sporadic event periods which

responsible offers at least two possible ways to reduce risks.

accounted for 14 % of the duration of one year. The greater

The utility may compare the economic and risk mitigation

frequency of runoff events resulted in 42 % (Cryptospor-

viability of adopting enhanced physical treatment methods

idium), 50 % (Giardia) and 38 % (Campylobacter spp.) of

over the winter period against adopting catchment manage-

the long-term annual risk occurring in the winter months

ment initiatives to minimise the amount of contaminants

alone, compared to 13 %, 8 % and 15 % in the summer.

which can potentially be mobilised by rainfall. For the case

Though under the described model assumptions Campylo-

study, other important information needs were identified –

bacter spp. posed the greatest absolute risk to consumers

particularly the need for more microbial data (especially

(0.79 infections per 10,000 people per annum, compared to

Campylobacter spp.) to reduce QMRA outcome uncertain-

0.24 and 0.08 for Cryptosporidium and Giardia respect-

ties, and larger volume sampling at SP2 for protozoa in order

ively), the relative impact of runoff events on protozoa-

to better quantify health risks from the system.

borne risk appeared more pronounced. Two factors were
identified as responsible: (i) the absolute difference in
estimated runoff and baseflow mean pathogen concentrations was smaller for Campylobacter spp. than other

CONCLUSION

pathogens analysed; and (ii) at low doses, the Pdaily

Of more general significance than the quantified results is the

estimates from the Campylobacter spp. dose– response

following premise: QMRA undertaken with an aim to assess

curve was less sensitive to dose fluctuations than the

impacts of explicitly identified and defined events on health

dose– response curves used for protozoa. Cryptosporidium

risks to consumers can provide important information for

and Giardia at SP2 that had zero (oo)cyst counts.

risk management. QMRA has here provided awareness as to
when higher-risk periods occur. Following application of a

Risk management implications

hydrograph separation technique to define and identify
periods of runoff contribution entering a reservoir, QMRA

The quantitative results suggest that source water quality

was performed to conceptually quantify the relative health

entering and within the case study reservoir was poorest in

risks to drinking-water consumers emanating from rainfall-

the winter months, stemming from more frequent runoff

induced ‘runoff events’ entering a surface water reservoir.

events. All else being equal, this translated to greater potential

While the details of the approach were developed to suit the

infection risks to the receiving population over the same

characteristics of the case study catchment and the available

period. Others have demonstrated that pathogen concen-

data, adaptation to other sites with different available data

trations in surface waters in other regions can have seasonal

should be possible. Pertaining to the case study, the major

fluctuations (e.g. Westrell et al. 2004) and have described

proportion of annual infection risk was attributable to runoff

seasonal patterns in waterborne enteric disease occurrence in

event periods. Daily infection risks were greater in winter

humans (Lopman et al. 2004; Naumova et al. 2005). An issue

primarily due to the higher frequency of runoff events over

then is whether it is sufficient to adopt an annualised health

those months. Under the model assumptions, the reservoir’s

target alone, or whether to implement additional targets for

bacterial concentration transformation ratio did not sub-

identified shorter-term periods when the infection risks are

stantially differ between seasons, abstractly suggesting that

greater and there is heightened outbreak potential. Future

the heightened loading during the winter was primarily

efforts to set health-targets could explore the merits of setting

responsible for the associated higher risks.

goals pertaining to both annual and episodic risks.
Results from this and similar QMRAs which aim to assess
impacts of specific factors on risks to consumers provide
other important management information. For example,
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A. ADENDUM (LIKELIHOOD MODEL TO
ESTIMATE 1R)

0

The reservoir transformation ratio was defined as the ratio

j

of the mean observed micro-organism concentration at SP2

Similarly, LB is the baseflow pathogen concentration

to the mean observed micro-organism concentration at SP1,

that varies between independent ‘baseflow’ periods with
observed arithmetic mean lB , the likelihood function is:

allowing for the proportion of time that the incoming flows
were in baseflow and runoff event modes. When each
sample result consisted of the number of (oo)cysts counted
in the sample n; the sample volume v; the number x of
fluorescent (oo)cysts seeded into a parallel sample to assess

L3 ðlB jnB:ab ; vB:ab ; sB:ab ; xB:ab Þ
2
3
1
mB:b 
kB
n 
ð
Y
6  Y ðlB vB xB =sB Þ B
7
dlB 5
¼
4lB
lB vB xB =sB
n
!e
B
a
a¼1
b¼1
0

b

the recovery fraction; and the number s of seeded (oo)cysts
recovered by the same enumeration method from the

NB: the derivation of Equation 3 was similar, except

parallel sample, consider a dataset describing microbial

where probability density functions describing the variability of LR/LB were input instead of constant values lB

water quality entering a reservoir of:
mR.j samples taken during each jth of a total kR
independent runoff event periodsðnR:ij ; vR:ij ; xR:ij ; sR:ij Þ

where i ¼ 1; 2; 3; … ; mR;j

and lR in the above two equations.
The organism concentration at a point downstream was
interpreted as a ratio e r of the concentrations observed at

and

SP1, accounting for the proportions of time AR and AB that

j ¼ 1; 2; 3; … ; kR

runoff and baseflow conditions respectively predominated.

mB.b samples taken during each bth of a total kB
independent baseflow periods-

It can be inferred that the observed downstream mean
organism concentration lr is:

lr ¼ 1r ðAR lR þ AB lB Þ

ðnB:ab ; vB:ab ; xB:ab ; sB:ab Þ where a ¼ 1; 2; 3; … ; mB:b

and

b ¼ 1; 2; 3; … ; kB

The organisms counted in a sample taken downstream
at any point in time come from a water body where the
organisms are randomly (Poisson) distributed – the like-

and describing microbial quality of water exiting the

lihood function to estimate the downstream concentration

reservoir at a point downstream:

lr at the time of the c th sample is:


ðlr vr sr =xr Þnr
L4 ðlr:c jnr:c ; vr:c ; sr:c ; xr:c Þ ¼
nr !elr vr sr =xr c

kr samplesðnr:c ; vr:c ; xr:c ; sr:c Þ where c ¼ 1; 2; 3; … ; kr

When Lr is the overall downstream organism concenvR.ij is a random integer described by Poisson processes. The

tration that varied between sampling times with observed
mean valuelr ¼ 1r ðAR lR þ AB lB Þ, the contagious likelihood

likelihood function to estimate the observed mean concen-

function is:

The number of organisms present in a sample of volume

tration of the j

th

‘runoff event’ period lR.j is:
Y ðlR vR xR =sR ÞnR 

mR:j

L1 ðlR:j jnR:ij ; vR:ij ; sR:ij ; xR:ij Þ ¼

i¼1

nR !elR vR xR =sR

ij

When LR is the runoff event pathogen concentration
that varies between ‘runoff event’ periods with observed
arithmetic mean value lR , then the likelihood function is:
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L5 ð1r ; lR ; lB jnr:c ; vr:c ; sr:c ; xr:c ; AR ; AB Þ
2
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1
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nr
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Þ
r r r r
6
7
:dlr 5
¼
41r ðAR lR þ AB lB Þ
nr !elr vr sr =xr
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0

c

The likelihood function Lr to estimate 1r (and the
redundant parameters lR & lB ) is:
Lr ¼ L2 :L3 :L5 …

ðA:1Þ

