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EXECUTIVE SUMMARY

The overall objective of this report is to develop a risk assessment model for
Cryptosporidium in drinking water supplies in the UK. Microbiological risk assessment
(MRA) is the emerging methodology to predict the risks to drinking water consumers
from the small numbers of pathogens breaking through into drinking water supplies. In
the US, MRA has been applied to derive microbial standards for drinking water and to
determine the amount of removal required by drinking water treatment.

MRA models work by describing the daily pathogen exposures to drinking water
consumers and then translating those exposures into a risk by way of a dose-response
curve. Limited dose-response data from human volunteer studies are available for
C. parvum. The fundamental information needed to develop a risk assessment model for
Cryptosporidium regards the risk from exposure to a dose of just a single oocyst. At
present, this risk can only be estimated by low dose extrapolation of the dose response
curve. This prediction varies hugely depending on the mathematical form chosen for the
curve. Studies on the fundamental mechanism of pathogenesis may shed light on which
dose-response curve is most appropriate and in particular whether there is some sort of
threshold dose for oocysts.

Computer simulations presented here demonstrate that a threshold dose for oocysts
would make the predictions of MRA critically dependent on the assumed statistical
distribution of oocysts in drinking water. Intensive sampling studies in the previous
contract (DoE Ref No:. EPG 1/9/82) showed that drinking water treatment removed
some 94 - 98% of spores but increased the spatial association of those remaining. This
could provide a mechanism whereby some consumers are exposed to higher doses of
pathogen than others through drinking water. Further experiments performed in this
contract confirmed those findings and also showed differences in the behaviour of
different species of micro-organisms during treatment. In particular, the spatial
distribution of bacteria (coliforms and plate counts) was little affected compared to the
spores. Disappointingly, the key experiments performed with Cryptosporidium oocysts
were inconclusive because of the very low numbers recovered in the filtered waters.
However, this confirmed that when the doses are low, the distribution of oocysts is
unimportant.

It is concluded that the predictions of MRA can depend critically on the assumed
statistical distribution of oocysts, and always depend on the choice of dose-response.
Spatial variation in pathogen counts is an important consideration in designing sampling
programmes. Indeed, a programme that missed the rare high count samples in drinking
water would cause the risk to human health to be underestimated.
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1. INTRODUCTION

1.1 Motivation

People whose drinking water contains oocysts of Cryptosporidium stand a chance of
contracting cryptosporidiosis, although it is by no means certain that they will do so.
While that statement may be obvious, it is too superficial to be useful for guiding actions
to avert or reduce the risk. To do this, policy makers, water-quality regulators and water
suppliers ideally need a detailed understanding of the links between the concentration of
oocysts in drinking water and the rate of occurrence of cases of cryptosporidiosis in the
population exposed. If it is agreed that the complete elimination of Cryptosporidium from
drinking water is unrealistic, then only the quantitative description of the route of
transmission can provide a rational basis for:

− setting health-related standards for the allowable concentration of oocysts;

− deciding how such standards should be monitored;

− specifying the required performance of water treatments to ensure appropriate
levels of protection;

− managing the supply of drinking water in those rare circumstances when a
waterborne outbreak of cryptosporidiosis has occurred.

This project is seen as a step towards these ultimate goals. To enable such progress, at
least two aspects of the causal chain for waterborne cryptosporidiosis need to be better
understood:

a) the variability of the numbers of viable oocysts that are ingested by different
individuals served by the same drinking water;

b) the relationship between dose (i.e. number) of viable oocysts ingested and the
person’s probability of contracting the disease.

It is unlikely that the uncertainties in these areas will be easily or rapidly resolved. In spite
of this, however, it is possible to calculate the combined effect of hypothetical
assumptions about (a) and (b), and so predict what the disease burden in the exposed
population would then be. This type of calculation has become known as microbiological
risk assessment (MRA). While this terminology and application to cryptosporidiosis may
be relatively recent, the mathematical concepts involved are not at all new.

Risk assessments are able to take account not only of features (a) and (b) but also of other
relevant factors such as the extent of immunity in the population, if this can be estimated.
The general approach of MRA is applicable not only to Cryptosporidium but to other
pathogens also. Cryptosporidium is, however, the main focus of the research described
here.
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If the assumptions about (a) and (b) (and other factors) were known to be correct, then
the results of MRA would have predictive validity and could provide firm input to the
decisions on regulation and management of water quality, alluded to earlier. As, however,
the assumptions are uncertain, the derived results must be treated with circumspection.
They may offer approximate guidance but should not be regarded as compelling. It is
important that enthusiasm for the technique of MRA should not engender uncritical belief
in the assumptions that are put into it. This point can be made more forcibly when the
effects of changes in assumptions are brought into view.

1.2 Guide to this report

This report describes a project extending the previous work by (WRc Report No.
DWI 4157/1) in two respects: first by providing new information relevant to aspect (a)
(Section 1.1), and second, by exploring how changing assumptions about both (a) and (b)
can change the incidence of cryptosporidiosis predicted by MRA. It would be usual in a
contract report such as this to detail the objectives at this point. However, because of
their technical nature, it may be helpful to postpone doing this until the background has
been more fully explained. This is the purpose of Sections 1.3 and 1.4, which describe the
base on which the project was intended to build. Only readers who are very familiar with
this material should be tempted to skip to Section 1.5.

Section 1.5 defines the objectives, from which it will be clear that the work of the project
is of two distinct types: experimental and theoretical. The experimental work, making use
of the WRc pilot plant, is described in Section 2, while the theoretical calculations to
explore the interactions between (a) and (b) are presented in Section 3. The overall
conclusions are brought together in Section 4.

1.3 Variability of counts and concentrations

There certainly are differences between the concentrations of oocysts found in different
sources of raw water and variability in the efficiencies of different water-treatment plants
to remove them. The management of the quality of drinking water, however, must be
carried out source by source and plant by plant, not by considering raw waters and
treatment plants collectively. (It is to the concept of Water Supply Zone that water quality
regulations apply). The following discussion therefore deals with a population of
consumers supplied by a single source of raw water treated by a single water treatment
plant, and this is the system to which MRA is applied.

Individual consumers in this population will not all ingest the same number of oocysts as
each other, nor the same numbers from day to day. There are several reasons for this. The
principal types of variation that contribute to the variability of the number of ingested
oocysts are set out in Table 1.1, which also defines the symbols for the quantities
described.
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Table 1.1 Sources of variation affecting number of oocysts consumed

Aspect of system Quantity affected Type(s) of variation
involved

1 Raw water Concentration of oocysts
C0

Temporal variation across
water abstracted

2 Treatment plant Removal factor R
(concentration reduction
factor)

Temporal and spatial
variability within plant

3 Water in distribution Concentration of oocysts
C1

Spatial-cum-temporal
variability between ‘large’
volumes supplied,
following from (1) and (2)

4 Unboiled water consumed Personal daily volume v Between persons and
between days

5 Oocysts consumed
unboiled

Number n in volume v Combination of (3) and
(4) and variation due to
‘small’ volume sampling

To follow this table it may be useful to consider what the relationships between the
quantities would be if they were not subject to statistical variation. We would then have

C1 = RC0 (1)

n = vC1 = vRC0 (2)

If these quantities are subject to variation then the above equations would continue to
hold for their overall average values (technically known as expected values) as long as the
fluctuations in C0, R and v are statistically independent of each other, and this is a
reasonable pragmatic assumption. Note that the expected value of n need not be a whole
number, although the actual value of n must be a whole number in any particular case.

The variability of n involves not only the consequential variability inherited from C1 and v
but also variability attributable to sampling the relatively small volume v from the much
greater bulk of water in which the oocysts are suspended. The statistical distribution of n
for given values of v and C1 is known as the sampling distribution of n. The overall
variability of n is thus a reflection of the statistical distributions of C1 and v combined with
the sampling distribution for n. This so-called combined distribution describes the
probabilities that a randomly chosen consumer on a randomly chosen day would ingest 0
oocysts, 1 cyst, 2 oocysts, 3 oocysts and so on.



4

There have been relatively few experimental or field-survey studies aimed at separating
and quantifying the types of variation listed in Table 1.1. Those water-quality studies that
have been carried out have not all been comparable with each other, as they have often
involved differences of: water type; water treatment; timescale; sample volume; or of the
species of micro-organism enumerated.

There have been several relevant studies of volumes of water consumed (reviewed in
WRc Report No. DWI 4157/1) but these have not all tried to exhibit the statistical
distribution of daily personal consumption of unboiled tap water as such.

With regard to the small-volume sampling distribution of n, there have been no studies for
Cryptosporidium as such, but there have been studies for coliforms and for aerobic spores
(Table 1.2).

Table 1.2 Experiments reporting the distribution of micro-organism counts
within 10 - 100 litre volumes

Species Environment Bulk
volume
(litres)

Sample
volume

(ml)

Distribution inferred Reference

Coliform Drinking
water

10 100 Negative binomial in 3
of 3 volumes

Pipes et al.
1977

Aerobic spore Treated water 100 10 Negative binomial in 7
out of 7 experiments

Gale et al.
1997

Aerobic spore Raw water 100 10 Poisson in 5 of 7
experiments

Gale et al.
1997

The upshot of these studies is that the traditional ‘Poissonian’ theory, that the sampling
variation in n can be explained on the assumption that the relevant particles are purely
randomly distributed throughout the bulk from which the samples are drawn, may not be
quite correct. In the first two studies cited in Table 1.2 the distribution of particles
appeared to be more highly clustered than Poisson theory would allow. The distribution
of particles would then be described as hyper-Poissonian or hyper-dispersed, and the
concentration of particles would be described as exhibiting spatial heterogeneity. On a
larger scale of volumes (say between bulk samples of 1000 litres) spatial heterogeneity of
concentrations of particulates would be expected anyway. The above references suggest
that spatial heterogeneity perhaps needs to be taken into account for small samples too.

To model the effect of spatial heterogeneity on counts it is necessary to assume a more
general form of sampling distribution than Poisson. The most convenient way of doing
this is to assume a compound distribution such that n is regarded as a manifestation of a
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Poisson distribution of rate θ, where θ is no longer a constant but is itself subject to
statistical variation. Suitable choices of distribution for θ would be either gamma or
log-Normal, in which case the combined distribution of n would be described as Poisson-
gamma and Poisson-log-Normal respectively. (The Poisson-gamma distribution is
mathematically identical with the negative binomial. For further explanation of these
distributions see Appendix A.)

Whereas for the Poisson distribution it is necessary to specify only a single parameter, the
compound distributions require two. These can be thought of as conveying information
about: (i) the expected value of n, and (ii) the degree of spatial heterogeneity or
hyperdispersion that is required. An example of a Poisson distribution and a negative
binomial distribution with the same expected value of n are shown in Figure 1.1.

With either the Poisson-gamma model or the Poisson-log-Normal model it would be
possible to combine the hyperdispersion in the sampling distribution of n with the effects
of variability in C1 and v. This is, however, particularly straightforward if the Poisson-log-
Normal option is chosen, as will be explained further in Section 3.

An important outcome of the study with aerobic spores (Gale et al. 1997) was that the
degree of clustering seemed to depend on whether the sampling took place on raw or
treated water. There was, however, too little comparable information from other research
to decide whether the increase in spatial heterogeneity of spore concentrations in the
treated water was a consequence specific to the use of spores or a general effect of the
water environment that would apply also to other microbiological particulate species. It
would be of considerable relevance to MRA to know whether the findings of that study
would apply to Cryptosporidium itself.
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Figure 1.1 Examples of Poisson and Negative Binomial distributions with same
expected count
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1.4 Dose-response relationships

The dose-response relationship for cryptosporidiosis is simply the equation or curve that
predicts a person’s probability p of infection from the number n of oocysts consumed. (It
is assumed that this n can be the total consumed in the course of a day, rather than on a
single occasion.) The curve need be plotted only for integral values of n but is often
shown as a continuous graph, as in Figure 1.2, which gives the curve fitted by Rose et al.
(1995) to the human infectivity data of DuPont et al. (1995).

It is not known what the mathematical form of the true dose-response curve should be.
Haas (1983) tried three possible forms, of which the simplest was the negative
exponential model

p = 1-exp (-λn) (3)

in which a single parameter λ is available for estimation by fitting the model to the data.
This model gave a close fit to the data from the DuPont study as can be seen in
Figure 1.2.

This negative exponential model has an attractive theoretical justification. If each cyst
carries the same probability of infecting the subject and the oocysts operate independently,
it can be shown that the dose-response relationship would be of negative exponential
form. It should be noted that when λn is small the curve approximates to

p = λn (4)

and so the probability of infection is approximately directly proportional to n.

Haas et al. (1996) found that the negative exponential curve fitted the DuPont data as
well as or better than the two other possible forms of curve that they tried. Nevertheless,
it would be unwise to conclude from all this that the negative exponential model must be
correct. The numbers of subjects involved in the DuPont study (Table 1.3) were too small
to support such a conclusion, in particular as it would apply to doses of less than
30 oocysts, which would be of crucial importance for MRA but where there were no data
at all.
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Figure 1.2 Negative exponential model (λλ=0.00419, Rose et al. 1995) fitted to
dose response data for C. parvum infection in healthy human adult
volunteers (DuPont et al. 1995).

Table 1.3 Numbers of volunteers infected with Cryptosporidium parvum in the
human infectivity studies of DuPont et al. (1995)

Dose Number exposed Number infected

30 5 1
100 8 3
500 3 2

1000 2 2
10 000 3 3

100 000 1 1
1 000 000 1 1

The nature of the dose-response relationship is important in translating the effects of
spatial heterogeneity of pathogens in drinking water into public health impact. If the
exponential dose-response curve (Figure 1.2) is appropriate in describing effects at low
doses, then whether oocysts are dispersed according to the Poisson distribution or are
spatially associated to some degree will have little overall effect on public health. This is
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because the negative exponential model implies a linear relationship at low doses. For
example, the probability of infection from a dose of 50 oocysts is 0.19 according to the
exponential model (Equation (3)), while the probability of infection from a dose of a
single oocyst is 0.0042. Therefore for 50 people each ingesting one oocyst, the group risk
of infection is 0.0042 x 50 = 0.21, which is similar to 0.19. This approximate equivalence
would, however, not necessarily hold if a different form of dose-response curve were true.

1.5 Objectives of project

In view of the theoretical background outlined above, and the outcome of the previous
research (Gale et al. 1996) undertaken for the Drinking Water Inspectorate, a contract for
further research was placed with WRc for a project incorporating experimental and
theoretical components.

The objectives of the experimental work were:

1. to assess whether spatial heterogeneity of micro-organisms in water is species
specific or environment specific;

2. to investigate the effect of the filter cycle (i.e. backwash events) on the degree of
heterogeneity of micro-organisms in the treated water;

and those for the risk assessment calculations:

3. to assess the effect of different degrees of spatial heterogeneity on risks to public
health from pathogens of varying degrees of infectivity;

4. to assess the impact of low dose extrapolation of dose-response curves against
pathogen clustering on the impacts to public health.

Although not part of the formal objectives, the proposed programme of work specified
that the calculations undertaken to meet Objectives 3 and 4 would embrace both
‘outbreak’ and ‘non-outbreak’ conditions and different assumptions about the volumes of
unboiled tap-water consumed.
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2. EFFECT OF DRINKING WATER TREATMENT ON
THE DISTRIBUTION OF MICRO-ORGANISMS

2.1 Objective

The objective of this work is to investigate the statistical distribution of micro-organism
species before and after drinking water treatment. In particular, the question of how
counts vary within a large volume sample is addressed. Studying different species of
micro-organisms in filtered waters taken at different time points on the filter cycle would
provide data to address the question of whether spatial heterogeneity is ‘species-specific’
or ‘environment-specific’.

In total, three pilot plant runs (Runs 1, 2 and 3) were performed. For each run intensive
sampling of the filtered (and raw) waters were performed at specific points on the filter
cycle with relation to time after backwash (and spiking - in the case of niger spores and
oocysts). The time points are labelled A to F. All the count data collected in this contract
are presented as cumulative frequency distributions in Figures B1 to B95 in Appendix B.
These figures are not specifically referred to in this section but are presented for
completeness. Instead, this section draws together the general trends illustrated with
specific examples drawn from Figures B1 to B95.

2.2 Background

Current risk assessment models calculate an exposure as the product of pathogen density
in the drinking water and the volume of water drunk daily by an individual. A dose-
response curve is then used to translate that exposure into a risk of infection.

The fundamental question in assessing pathogen exposures through drinking water is to
define the proportion of consumers exposed to each and every integer dose (0, 1, 2, 3, 4,
...., 10, ....., 100, 101,....) of pathogen per day.

Most pathogen density data recorded for drinking water supplies are measured in 100 to
1000 litre volumes (see Table 2.1). This reflects the low densities of pathogens in drinking
water. Indeed most large volume samples register zero pathogens. However, a few
samples contain high pathogen counts suggesting considerable temporal or spatial
variation between large volume samples taken from drinking water supplies.
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Table 2.1 Pathogen density data in drinking water studies

Pathogen Sample
Volume (l)

% with
zero

counts

Maximum
count

Reference

Enteric viruses 1000 93 20 Payment et al. 1985
Giardia 400 - 1000 100 0 Rose et al. 1991
oocysts 100 83 64 LeChevallier et al. 1991
Cryptosporidium 400 - 1000 83 1.7* Rose et al. 1991
oocysts 100 73 48 LeChevallier et al. 1991

* 100 l-1

The volumes of water consumed per person per day are typically in the range of 1 to
2 litres (Roseberry and Burmaster 1992). In the UK where a large amount of water is
consumed as hot drinks, the volumes of tap water consumed daily are in the region of 50
to 300 ml per person (Gale 1996). This raises an important question for development of
risk assessment models for drinking water supplies:

“How are pathogens dispersed within 100 to 1000 litre volumes at the resolution
of volumes (50 ml to 2 litre) consumed unboiled per day by drinking water
consumers?”.

For 100 or 1000 litre volume samples containing zero pathogens or just 1 or 2 pathogens
this question is not important. Indeed at such low pathogen densities consumers will
either ingest zero pathogens or just one pathogen per day. However, even under non-
outbreak conditions, some large volume samples contain high numbers of pathogens
(Table 2.2). More importantly, further, more intensive, sampling may have yielded a few
rare samples with still higher counts (Christian and Pipes, 1983). The highest
Cryptosporidium count recorded by LeChevallier et al. (1991) was approaching 50
oocysts in a 100 litre volume.

Table 2.2 Total coliform counts in 0.1 litre samples from a UK drinking water
supply during a year.

Percentage of samples Coliform* count

80.0 0
3.8 1
7.4 >10
2.1 >100

* Confirmed total coliforms enumerated by membrane filtration method (Anon, 1983)
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If 50 people each drank 2 litres (Roseberry and Burmaster 1992) of that 100 litre sample,
then three scenarios could be envisaged:

1. under-dispersion - each of the 50 consumers ingests one oocyst;

2. Poisson-dispersion - most consumers ingest between 0 and 4 oocysts;

3. over-dispersion - in the extreme, one consumer ingests all 50 oocysts and the other
49 consumers are not exposed.

Available evidence suggests that the effect is somewhere between Scenarios 2 and 3.
Attachment of pathogens to particulates (e.g. during the process of chemical coagulation)
could produce the more extreme Scenario 3.

2.2.1 Coliforms are spatially associated to some degree on 10 litre drinking water
samples (Pipes et al. 1977)

Current risk assessment models assume that pathogens are Poisson distributed within
100 litre or 1000 litre volumes. However, there is some doubt about this. Pipes et al.
(1977) showed that coliforms at least are spatially associated to some degree in 10 litre
volume drinking water samples. This is illustrated in Figure 2.1
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Figure 2.1 Simulated Poisson and Negative Binomial distributions for coliform
bacteria in a 10-litre volume of drinking water (Dataset 1, Pipes et al
1977)
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According to the Poisson distribution no 100-ml samples would contain zero coliforms
from the 10 litre sample and no samples would have contained more than about 13
coliforms. Pipes’ results, however, actually followed the negative binomial distribution in
Figure 2.1. Thus, some 13% of samples had zero coliforms and at the other extreme a few
samples contained counts of higher than 20 coliforms - all taken from within the same
10 litre volume of drinking water.

2.2.2 Drinking water treatment promotes the spatial association of aerobic
spores

The are several possible reasons for the spatial heterogeneity in coliform counts observed
by Pipes et al. (1977). For example, coliform regrowth or coliforms breaking off
particulates would promote an uneven distribution of micro-organisms. Coliform
heterogeneity is observed in UK drinking water supplies. Thus in the example shown in
Table 2.2, while 80% of 100-ml samples from the drinking water supply contained zero
coliforms, a small proportion contained very high counts, exceeding 100/100 ml in some
cases. Examination of coliform counts from drinking water treatment works in the UK
occasionally shows 100-ml samples with relatively high coliform counts while most record
zero. This suggests that the heterogeneity in counts could arise from drinking water
treatment.

To investigate this, the DWI awarded WRc a contract in 1996 (Doe Ref No.: EPG
1/9/82) to determine the effect of drinking water treatment on the spatial heterogeneity of
micro-organisms. An operational drinking water treatment works using polyaluminium
chloride coagulation and rapid gravity sand filtration was chosen. The use of aerobic
spores as an indicator of treatment efficiency has been demonstrated (Rice et al. 1996)
and it was decided to use spores as a surrogate for Cryptosporidium oocysts. The final
report for that contract (WRc Report No. DWI 4157/1) is presented in Appendix D of
this report and the results were published (Gale et al. 1997).

In that work, aerobic spore were intensively sampled in 100-litre raw water volumes and
100-litre filtered water volumes. Counts from the raw water samples showed relatively
little variation. In fact, the variation could in general be accommodated by the Poisson
distribution. In contrast, spore counts in the treated samples were over-dispersed showing
much greater variation than expected for the Poisson distribution. Indeed, some samples
contained very high counts. The counts in the filtered water samples were consistent with
considerable spatial heterogeneity or spatial association of spore particles.

Some risk assessment models, by assuming a Poisson distribution of pathogens in small
volume drinking water samples, predict that even the most exposed individual is unlikely
to ingest a dose of more than one pathogen in a single exposure (Gale 1996). However,
the spatial heterogeneity of micro-organisms as observed for spore particles and coliform
bacteria could provide a mechanism by which some consumers are exposed to higher
doses than just one pathogen in a single exposure even under non-outbreak conditions.
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The overall conclusion of the spore study was that drinking water treatment not only
removed 94 - 98% of spore particles but also promoted their spatial association to some
degree. This raised several questions:

1. What is the mechanism in treatment which causes spatial heterogeneity and in
particular the rare samples with high counts?

2. Is this effect observed for other micro-organisms, or is it spore-specific. In
particular, does treatment promote the spatial association of Cryptosporidium
oocysts?

3. Is the effect related to the filter cycle?

4. What are the implications for public health and compliance monitoring?

To address these questions the DWI funded this further contract, the experimental results
of which are reported here.

2.3 Methods

The drinking water treatment process studied was ferric coagulation/clarification followed
by rapid sand filtration (RSF). All experiments were performed on the WRc pilot plant
using River Thames water as a source.

2.3.1 Micro-organism species studied

Five species of micro-organism have been studied. These were:

• coliforms;

• heterotrophic bacteria (22 °C, 3 day);

• spores of aerobic spore-forming bacteria;

• Bacillus subtilis var niger spores;

• Cryptosporidium parvum oocysts.

The coliforms, heterotrophic bacteria (plate count) and aerobic spores were indigenous to
the raw water. B. subtilis var niger spores and C. parvum oocysts were spiked into raw
water.

2.3.2 Microbiological methods

To break up any micro-organisms attached to organic/humic materials, 0.1% (w/v)
Tween-80 was added to each sample with shaking for 10 s. Microbiological analyses for
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coliforms and plate count bacteria were performed as described in Report 71 (Anon
1983).

Presumptive coliforms

Samples were filtered on 0.45 µm filters (Gelman) and incubated on membrane lauryl
sulphate broth at 30 °C for 4 hr and then (37 °C) for 14 hr. All yellow colonies were
counted. Colonies were not confirmed.

Plate count bacteria

Plate count bacteria were enumerated using the pour plate method.

Spores of aerobic spore-forming bacteria

The method used was based on that developed by Rice et al. (1996). The method used is
described in Appendix E.

Spores of Bacillus subtilis var niger.

A stock solution was obtained from Porton Down, Salisbury. Spores of B. subtilis var
niger were enumerated on the same filters as for the aerobic spores. Colonies of niger
spores were identified by their brown-yellow colour.

Oocysts of Cryptosporidium parvum

Oocysts were obtained from the Moordun Institute. Oocysts were enumerated in 1 litre
volumes of raw and treated waters by ALcontrol Ltd.

2.3.3 Experimental design

Raw water and filtered water volumes of 100 litres were sampled intensively by collecting
40 x 250-ml samples at regular time intervals. For the indigenous micro-organisms (total
coliforms, aerobic spore-forming bacteria, heterotrophic plate count bacteria), the
experiment was performed at three time points on the filter cycle. These are summarised
in Table 2.3.

B. subtilis var niger spores and C. parvum oocysts were spiked into the pilot plant for
24 h. Four experiments (A, B, C and D) were performed over that 24 h period while the
spiking was in progress. In addition, two experiments (E, F) were performed 22 h and
27 h, respectively, after the termination of spiking. The time points are summarised in
Table 2.4
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Table 2.3 Sampling points on filter cycle for indigenous micro-organism species.

Code Time Point

A Immediately after backwash
B From a ripened filter (8 h after backwash)
C From a filter where breakthrough might be expected (20 h after backwash)

Table 2.4 Sampling points on filter cycle for spiked micro-organism species.

Code Time Point

A 2 hr after backwash
B From a ripened filter (8 h after backwash)
C From a filter where breakthrough might be expected (20 h after backwash)
D 2 hr after backwash - 24 hr after commencement of spiking
E 22 hr after backwash - 24 hr after stopping of spike
F 25 hr after backwash - 27 hr after stopping spike.

2.4 Effect of drinking water treatment on the degree of spatial
heterogeneity of bacteria and spores

Cumulative frequency distributions for observed counts of the four species of micro-
organisms in raw and treated water samples are presented in Figures 1 to 95 in
Appendix B. In each figure, both the Poisson distribution and the negative binomial
distribution are fitted. The statistical parameters for both distributions are presented in the
table below each figure. The general trends and findings are summarised here.

2.4.1 Aerobic spores

Raw waters

In some raw water volumes, the counts of aerobic spores measured in 0.1-ml or 1-ml
samples were Poisson distributed (e.g. Figure 2.2) as reported in the previous contract
undertaken at the operational treatment works. In other raw water samples, however, the
counts were slightly over-dispersed compared to the Poisson distribution (e.g. Figure 2.3)
and could be better modelled by the negative binomial distribution.
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Figure 2.2 Observed counts and cumulative negative binomial (faint line -
obscured) and Poisson (bold line) frequency distributions for aerobic
spore counts in 0.1-ml samples from a 100-l raw water volume (Run 1,
Set A).
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Figure 2.3 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for aerobic spore counts in
0.1-ml samples from a 100-l raw water volume (Run 2, Set A).

Interestingly, counts of aerobic spores in one raw water exhibited quite extreme spatial
heterogeneity, reflecting what appeared to be a ‘slug’ of raw water with much higher
aerobic spore counts (Figure 2.4). The counts from the other 37 samples, however,
showed little variation and could be modelled by the Poisson distribution (Figure 2.5).
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Figure 2.4 Variation in counts of aerobic spores in 1-ml samples with volume of
raw water run (Run 3, Set A)
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Figure 2.5 Observed spore counts and cumulative Poisson frequency
distributions for aerobic spores in 1-ml samples within a 100 litre raw
water volume (Figure 2.4). Four points with high counts excluded

Filtered waters

In contrast to the raw waters, the counts of aerobic spores measured in filtered water
volumes showed much greater variation in magnitude. This is shown in Figure 2.6 for
aerobic spore counts measured in 100 litres of water from a well-ripened filter. While the
mean count was 93/100 ml, some four samples had counts of 300/100 ml or more.
Interestingly, however, these counts can be modelled by the negative binomial
distribution. Indeed Figure 2.7 shows the same counts plotted in Figure 2.6 plotted as a
cumulative frequency distribution.
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Figure 2.6 Counts of aerobic spores in 100-ml samples as a function of volume of
filtered water (Run 1, Set B).
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Figure 2.7 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for aerobic spore counts in
100-ml samples from a 100-l filtered water volume (Figure 2.6)

A similar good fit by the negative binomial distribution to aerobic spores count data from
a filtered water volume is shown in Figure 2.8. It is apparent that the Poisson distribution
does not fit the count data. However, aerobic spore counts were not over-dispersed in all
filtered water volumes. Indeed, in one experiment spores counts enumerated in both
20-ml and 200-ml samples from the 100-l volume of filtered water fitted the Poisson
distribution very well (Figure 2.9).
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Figure 2.8 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for aerobic spore counts in
10-ml samples from a 100-l filtered water volume (Run 1, Set D).
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Figure 2.9 Observed counts and cumulative negative binomial (faint line -
obscured) and Poisson (bold line) frequency distributions for aerobic
spore counts in 200-ml samples from a 100-l filtered water volume
(Run 2, Set E).
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Consistency of aerobic spore counts from each sample

Aerobic spore counts for serial dilutions from the same sample do not always appear to be
consistent in the filtered water samples. Some examples are shown in Table 2.5 and
suggest problems in the 1 ml samples.

Table 2.5 Aerobic spore counts in dilutions from filtered water samples in Run 1

Set Sample Number Spore counts

100 ml 10 ml 1 ml

B 34 220 27 18
D 5 112 15 40
D 9 1733 225 0
C 15 18 3 12
C 9 43 5 41

Table 2.6 Aerobic spore counts in dilutions from filtered water samples in Run 1

Set Sample Number Spore counts

100 ml 10 ml 1 ml

C 12 38 3 0
C 18 22 1 0
C 25 211 28 1
C 26 8 0 0
C 27 29 2 0
C 30 96 16 0
C 32 98 14 2
C 36 86 13 1

However, the majority of filtered water samples showed consistency between dilutions.
Some examples from the C dataset are shown in Table 2.6 The large variation in counts
between different samples is apparent in both the 100-ml and 10-ml samples.
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Conclusions

The results support those reported in the previous contract (DoE Ref No.: EPG 1/9/82)
and provide further evidence that drinking water treatment increases the spatial
heterogeneity of aerobic spores particles relative to that observed in the raw water. The
possible reasons for this include:

1. Outliers - problems in analysis of aerobic spores. This would seem unlikely because
the high count samples were more often observed in the filtered water samples
compared to the raw water samples. However, inconsistencies were noted in counts
from serial dilutions of the same sample in some cases;

2. Effect of treatment- spores could ‘break-through’ filters in a heterogeneous manner;

3. Floc particles - spores break off particles produced by treatment;

4. Propagation - spore-forming bacteria could propagate in the filter, or bacteria in the
raw waters could form spores once in the filter environment. Rice et al. (1996)
report that spores do not propagate in filters.

Propagation would seem quite a likely explanation because the spore colonies observed
from the high count filtered water samples in this work were often of a similar
morphology, being small, well-defined and slightly opaque. In contrast spore colonies on
the raw water plates showed much greater variation in size, shape and colour. This
suggested propagation of a single species of the Bacillus group.

The problem of the presence of large numbers of aerobic sporing bacilli has been reported
in slow sand filters (Windle Taylor 1970, Metropolitan Water Board Report). Indeed they
reported normal counts of 1-50 per ml going up to 100-150 per ml, with counts reaching
between 1000 and 300 000 per ml in filtrates after re-sanding. A well discussed series of
studies at different works provided no evidence to indicate that there was a significant
increase in growth of those sporing organisms in the sand bed. In fact, all evidence
supported the view that changes occur which result in a larger proportion of the
organisms already in the sand being washed off into the filtrate after long exposure to air
during re-sanding. This raises the possibility that such an effect could occur with
Cryptosporidium oocysts trapped in sand filters, leading to high exposures from time to
time.

Determining whether the spatial heterogeneity in filtered water samples is unique to
aerobic spores or is exhibited in other micro-organisms species would give some
indication of the mechanism(s). The results for other species of micro-organisms are now
described.
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2.4.2 Spores of Bacillus subtilis var niger (spiked)

Raw waters

Homogeneous spiking of the raw waters to give a Poisson distribution of counts was in
general unsuccessful despite intensive mixing during the spiking procedure. Indeed a
Poisson distribution of niger spores was only observed in one raw water data set (Run 1,
Set A). In general, however, the counts were only slightly over-dispersed compared to the
Poisson distribution and the variation could be modelled by the negative binomial
distribution (Figure 2.11). No raw water sample had extremely high counts compared to
the other samples taken.

Filtered waters

In general, the numbers of niger spores ‘breaking-through’ treatment were low. Indeed
mean niger counts ranged between 0.2 and 5.0/100 ml in the filtered water samples. The
counts with a mean of 5.0/100 ml collected prior to back-wash fitted the Poisson
distribution well (Figure 2.11). Counts from two of the four filtered water volumes
studied in Run 1 and two of the six volumes studied in Run 2 were distributed according
to the Poisson distribution (i.e. they were not over-dispersed). In the other filtered water
volumes, however, the counts of niger spores were over-dispersed compared to the
Poisson distribution.
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Figure 2.10 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for spiked niger spore
counts in 1-ml samples from a 100-l raw water volume.
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Figure 2.11 Observed counts and cumulative negative binomial (faint line -
obscured) and Poisson (bold line) frequency distributions for Bacillus
subtilis var niger spore counts in 100-ml samples from a 100-l filtered
water volume (Run 1, Set C).
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Figure 2.12 Variation in counts of Bacillus subtilis var niger spores in filtered
water after backwash (Run 1, Set A)
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Figure 2.13 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for niger spore counts in
100-ml samples from a 100-l filtered water volume (Figure 2.12).
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Figure 2.14 Variation in B. subtilis var niger spore counts in 200-ml samples taken
from a 100 l filtered water (Run 2; Set F) 27 h after termination of
spike.
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Figure 2.15 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for niger spore counts in
200-ml samples from a 100-l filtered water volume (Figure 2.14).
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Indeed, the niger spore counts in some filtered water volumes exhibited considerable
spatial heterogeneity. This is shown for a series of samples collected after back-wash in
Figure 2.12. Thus, while most 100-ml samples contained zero counts and the mean count
was 1.1/100 ml, one sample contained seven spores and another contained 22 spores. This
extreme variation, however, could be accommodated by the negative binomial distribution
(Figure 2.13). The implications of this heterogeneity are discussed with respect to public
health and compliance monitoring in Section 1.5. Considerable spatial heterogeneity in
niger spore counts was also observed in a series of samples collected some 24 hours after
termination of spiking (Figure 2.14). Again however, the variation could be
accommodated by the negative binomial distribution (Figure 2.15).

2.4.3 Temporal variation in counts of spiked spores: Break-through of B. subtilis
var niger spores 24 h after termination of spiking

The pilot plant was spiked with niger spores for a 24-hour period. In total some 2 x 109

spores were spiked into the raw water. Interestingly niger spores were detected emerging
in the filtered water up to 27 hours after the termination of spiking. Thus in Run 1, niger
spore counts of 5 and 2 per 111 ml were recorded in the filtered waters 24 and 27 hr,
respectively after the termination of spiking of the raw waters. These levels were similar
to the highest average count recorded during spiking (Figure 2.11) and when break-
through would be expected (i.e. 22 hours after backwash). The implications of this on the
interpretation of the niger spore removal rates (discussed later, see Table 2.9) are
significant. Indeed in a ‘steady-state experiment’ the niger spore removal rates may be
similar to those of the aerobic spores, i.e. much lower.

For Run 2, the occurrence of niger spores was studied in greater detail with 40 samples
being taken at 22 h (Set E) and 27 h (Set F) after termination of spiking of the raw
waters. The mean counts of niger spores in the filtered water were 0.075/200 ml and
0.95/200 ml at 22 and 27 h respectively after termination of spiking. These mean counts
were as high as recorded in the filtered waters during the spiking procedure. Furthermore,
in Set F the niger spores did not elute homogeneously from the filter but in a highly
heterogeneous manner suggesting considerable spatial heterogeneity. The peak is
apparent in Figure 2.14. Again this variation could be modelled by the negative
exponential distribution (Figure 2.15).

The flow rate of the filtered water was about 500 litres/hour. The average density for
niger spores in the filtered waters 24 and 27 hour after termination of spiking is calculated
as 2.3/litre using data for Sets E and F. Thus in that 24 hour period since termination of
spiking some 12 000 litres of filtered water containing 27 600 niger spores could have
been washed out of the works. Furthermore, it is not known for how many days niger
spores continued to elute from the filter in the treated water.

2.4.4 Coliforms

Coliform counts were in general Poisson dispersed in both the raw waters and the filtered
waters (Figure 2.16 and Figure 2.17). Only in the raw waters Set A was there evidence of
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over-dispersion and this was not extreme as shown by the cumulative frequency
distributions. In the treated waters there was no evidence of over-dispersion of coliform
counts within 100-L volumes. Furthermore, in Set B there was evidence of under-
dispersion such that the coliform counts shown less variation than the Poisson distribution
in the filtered waters. This effect was statistically significant for the 100-ml samples and is
apparent in the cumulative frequency distribution (Figure 2.18).

2.4.5 Plate count bacteria (22 °C; 3 day)

Plate count bacteria were in general over-dispersed compared to the Poisson distribution
in both the raw water volumes and the treated water volumes (Figure 2.19 and
Figure 2.20). The degree of over-dispersion, however, was not great and did not appear
to be greatly affected by treatment. Indeed for the treated water sample in Figure 2.20 the
plate counts were very similar to the Poisson model.
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Figure 2.16 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for total coliform counts in
10-ml samples from a 100-l raw water volume (Run 3, Set B).
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Figure 2.17 Observed counts and cumulative negative binomial (faint line -
obscured) and Poisson (bold line) frequency distributions for total
coliform counts in 100-ml samples from a 100-l filtered water volume
(Run 3, Set C).
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Figure 2.18 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for total coliform counts in
100-ml samples from a 100-l filtered water volume (Run 3, Set B).
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Figure 2.19 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for plate counts in 0.01-ml
samples from a 100-l raw water volume (Run 3, Set A).
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Figure 2.20 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for plate counts in 0.01-ml
samples from a 100-l filtered water volume (Run 3, Set B).
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2.4.6 Oocysts of Cryptosporidium parvum

A total of 0.5 x 109 oocysts were used in the experiment. The raw water was spiked to
about 10 000 oocysts/litre for a period of 24 hr (Table 2.7). Considerable variation in raw
water counts was observed. As observed for niger spores, it was difficult to ensure a
homogeneous distribution of micro-organisms during the spiking procedure. A ‘clump’ of
10 oocysts was reported in one of the raw water samples.

Somewhat disappointingly only six of the 240 x 1-litre samples of filtered water analysed
were positive for C. parvum oocysts. Each of those six samples had only one oocyst and
distributions were consistent with the Poisson distribution. Indeed the variances were very
similar to the means for each set (Table 2.8). In terms of assessing whether oocysts are
spatially associated to some degree, the experiment was unsuccessful. Indeed it cannot be
ruled out that spatial heterogeneity would not have been observed if more oocysts had
broken through the treatment process. The removal rate for oocysts was over 5 log10 units
in all four experiments. No oocysts were detected in the 40 x 1-litre samples taken over
24 h after the termination of spiking oocysts into the raw waters (Table 2.8).

Table 2.7 Statistics for C. parvum oocysts from 100-litre raw water samples. All
sample volumes were 1 litre

Filter cycle
time point

Mean Minimum Maximum n

A 8674 6375 13 000 20
B 7478 4675 10 460 20
C 8038 3900 12 060 20
D 7702 5075 11 565 20

Table 2.8 Statistics for C. parvum oocysts from 100-litre filtered water samples.
All sample volumes were 1 litre

Filter cycle
time point

Mean Variance n

A 0.05 0.048 40
B 0.025 0.025 40
C 0.05 0.048 40
D 0.025 0.025 40
E 0 -- 40
F 0 -- 40
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2.5 Differences in micro-organism removal rates by coagulation/RSF

The removal rates by treatment are compared for the two spore types and the
Cryptosporidium oocysts in Table 2.9.

The removal rates for aerobic spores are higher than reported in the previous contract
(WRc Report No. DWI 4157/1) which was undertaken at an operating drinking water
treatment works. In that study removal rates of less than 2.0 log10 units were observed.
The increased efficiency may reflect the use of higher dose of ferric sulphate in the
coagulant in the WRc pilot plant than at the operational works.

Table 2.9 Comparison of spore and C. parvum oocyst removal rates (log10)

Run Filter Cycle Aerobic Spores Niger spores Cryptosporidium oocysts

1 A 3.44 3.78 nd
1 B 2.26 4.49 nd
1 C 2.62 3.11 nd
1 D 2.38 4.55 nd
2 A 2.46 4.04 5.24
2 B 2.62 4.18 5.47
2 C 2.77 4.65 5.21
2 D 2.02 4.25 5.48

It is interesting to note an apparent trend in Table 2.9. This is further evidence of a
species-specific effect. C. parvum oocysts appeared to be removed about 10-fold more
efficiently than the niger spores which appeared to be removed about 100-fold more
efficiently than the aerobic spores. This could reflect the increased size of oocysts over
spores. Alternatively it could be an artefact due to different retention times for the spiked
spores and oocysts in the filter. Evidence that spiked niger spores are retained in the filter
for considerable periods of time comes from the observation that niger spores eluted some
up to 27 hours after the termination of spiking (Figure 2.14).

Evidence that aerobic spores may have a longer retention time than coliforms in presented
in Figure 2.21. Thus, spore counts in the treated water decreased with time after
backwash, while coliforms in contrast appeared to have already reached their level. There
appeared to be no decrease in coliform counts with time after backwash. The spore
counts were over-dispersed compared to the Poisson distribution while the coliform
counts showed no spatial heterogeneity in the filtered water volume and were not
inconsistent with a Poisson distribution.
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Figure 2.21 Variation in counts of aerobic spores and coliform bacteria in 10-ml
samples with volume of filtered water run after backwash.

2.6 Spatial association: The implications

The niger spore count distribution observed in Run 1, Set A demonstrated quite extreme
‘spatial heterogeneity’ with 7 and 22 counts in two 100-ml samples but zeros or single
counts in the majority of samples (Figure 2.12). The average niger count for the 100-ml
samples was 1.075/100 ml.

The extreme spatial heterogeneity observed for the niger spores in the filtered water
volume (Figure 2.12) reduces the chance of a 100-ml volume registering positive for niger
spores. Indeed, 67% of 100-ml samples were negative for niger spores. If, the spores
were evenly distributed throughout the volume according to Poisson distribution (mean =
1.1/100 ml), then only 34% of the 100-ml samples would be positive. The spatial
heterogeneity roughly halves the chance of detection in this example.

2.7 Discussion

The spatial heterogeneity of counts of five species of micro-organism has been studied in
raw waters and in treated waters at three time points on the cycle of a  rapid sand filter.
The results provide evidence for both a ‘species’-specific effect and an ‘environment’-
specific effect.

The five species of micro-organism studied were total coliform bacteria, spores of aerobic
spore-forming bacteria, spores of B. subtilis var niger, plate count bacteria (3 day) and
oocysts of Cryptosporidium parvum.
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Coliforms bacteria appear to show the least variation in counts within 100-litre volume
samples, both raw and treated. Indeed coliform counts in the filtered water volumes could
be described by the Poisson distribution. Furthermore, in one filtered water dataset,
coliform counts were actually under-dispersed, showing less variation than expected by
the Poisson distribution. This has not been observed before for micro-organisms in water
samples.

Counts of plate count bacteria were over-dispersed compared to the Poisson distribution
in both raw waters and filtered water. The variation, however, could be modelled by the
negative binomial distribution. Visual inspection of the cumulative frequency distributions
suggest that drinking water treatment has little effect on the distribution of plate count
bacteria within 100-litre volumes.

In contrast, treatment appeared to have a considerable effect on dispersion of spores of
aerobic spore-forming bacteria. The effect was particularly noticeable for data sets in
Run 1 (Figures 2.6 to 2.8) and confirms the results in the previous contract (DWI Ref
No.: EPG 1/9/82). Indeed comparison of cumulative frequency distributions for aerobic
spore counts in the raw and treated waters demonstrate a considerable increase in
variation in spore counts in the treated waters. This could be an effect of the drinking
water treatment process itself such that aerobic spores build up in the filter in some way
and are released in a non-homogeneous manner. However, changes in the sporulation
state of micro-organisms within the sand filter should also be considered. Rice et al.
(1996) state that spores do not propagate during drinking water treatment. Windle Taylor
(1970) reported large variation in spore counts in filtrates from slow sand filters. High
count samples were attributed to spores already in the sand being washed off into the
filtrate after exposure to air during resanding. One problem particularly with counting
aerobic spores from the filtered water samples relates to the differences between colonies
in size, colour, morphology and shape. A further concern is that discrepancies can arise
between serial dilutions from the same sample. The appropriateness of aerobic spores as
an indicator of treatment efficacy must be questioned until the origins of the variation in
spore counts described here in treated waters have been determined. It is shown here that
aerobic spore counts in the treated waters can be modelled by both the negative binomial
distribution which suggests a natural effect.

As a test run for the C. parvum experiment, spores of B. subtilis var niger were spiked
into the raw water. Those experiments provided two very interesting findings. First and
most importantly from the point of this contract, there was clear evidence in six of the 10
filtered water volumes studied that niger spore counts exhibit spatial heterogeneity, i.e.
they are spatially associated to some degree during treatment. Second, niger spores were
still found to be present in the filtered water at high levels up to 27 hours after the
termination of the spiking of the raw waters. Indeed in Run 2 a ‘cluster’ of niger spores
was detected (Figure 2.14). This suggests that niger spores have a long retention time in
the filter and could be a mechanism for temporal heterogeneity which is another important
consideration in microbiological risk assessment. Thus, the very high log removal rates
calculated for niger spore removal in this work are too optimistic and give a false sense of
security. Indeed one conclusion is that spike experiments to measure the efficacy of a
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filter should be designed to account for all the micro-organisms which were initially added
in the spike.

Disappointingly, the C. parvum spike experiments were inconclusive because too few
oocysts broke through treatment to enable spatial heterogeneity to be tested for. Indeed
between 5 and 6 log removal of oocysts was observed which is extremely efficient. No
oocysts were detected 27 hours after termination of the spike. It would be of interest to
determine the retention times of C. parvum oocysts on filters and compare these with
niger spores.

In terms of the ‘environment’-specific effect, the results suggest that the spatial
distribution of bacteria is little affected by treatment but that spatial association of spores
is promoted. Evidence that spores and bacteria do indeed behave differently is apparent in
Figure 2.21 which shows aerobic spore counts decreasing in number with time after
backwash while coliform counts are little affected.

Overall, the results of this work demonstrate ‘species’-specific and ‘environment’-specific
effects. Of greatest interest, however, is the confirmation with niger spores that treatment
does indeed promote spatial heterogeneity as observed in the previous contract (DoE Ref
No.: EPG 1/9/82) for aerobic spores .

It is also interesting to note that a further ‘species’-specific effect was observed in the
differences between spores types and C. parvum oocysts in removal efficiency by the pilot
plant. From Table 2.9, spores of B. subtilis var niger would appear to be removed much
more efficiently than those of aerobic spore-forming bacteria. This raises some questions
about the appropriateness of aerobic spores as indicators of treatment removal as
promoted by Rice et al (1996). Indeed it could be postulated that aerobic spores multiply
in the filter or that vegetative cells in the raw water form spores in the sand environment.
Rice et al. (1996) report that spores do not propagate during treatment processes.
Another reason for the difference is that the treatment plant had not reached a ‘steady
state’ with regard to spores of B. subtilis var niger building up in the filter and hence in
the filtered water. This would reflect the retention time of the spores in the filter. Indeed if
the plant were spiked continuously for a week before taking samples, much higher counts
of B. subtilis var niger spores could be expected in the filtered water. The findings that
B. subtilis var niger spores were observed to emerge in the filtered water from the pilot
plant for at least 27 hours after termination of spiking, support this.

2.7.1 Implications for Microbiological Risk Assessment

Previous MRA models for drinking water supplies have assumes that pathogens are
distributed in large volume samples according to the Poisson distribution. The work
presented here suggests that this assumption is generally valid for coliform bacteria within
the 100-litre volumes of water treated in the WRc pilot plant. In contrast, however, both
aerobic spores and spiked niger spores showed considerable spatial heterogeneity in
filtered water volumes. This is not to say the spore counts were consistently over-
dispersed. Indeed, counts of both aerobic and niger spores fitted the Poisson distribution
in some of the filtered water volumes studied.
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One conclusion of assuming a Poisson distribution for pathogen exposures in drinking
water is that even under out-break conditions, MRA models would predict that
consumers are either exposed to zero pathogens or just one pathogen; rarely more than
two pathogens per person per day. This will become apparent in Section 3. However,
evidence for spatial heterogeneity of pathogens within 100-litre volumes would provide a
mechanism whereby a small proportion of consumers could be exposed to higher doses
than just one pathogen in a single exposure. Furthermore fewer consumers would be
exposed to any pathogen. This is apparent from Figure 2.12. The implications of this
depend on the nature of the dose-response curve (as discussed in the next section).

It could be argued that the numbers of pathogens in the drinking water supply under non-
outbreak conditions are too low for this spatial heterogeneity to be of any importance.
However, as shown in Table 2.1 some large volume water samples have very high counts
even under non-outbreak conditions. Furthermore, samples with still higher counts may
have been missed in the sampling programmes for drinking water studies referenced in
Table 2.1.
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3. MICROBIOLOGICAL RISK ASSESSMENT

3.1 Scope

The general purpose of microbiological risk assessment was indicated in Section 1. The
calculations undertaken in this project illustrate the combined effects of the following
factors on the incidence of cryptosporidiosis:

1. the average concentration of oocysts in drinking water;

2. the degree of heterogeneity (hyper-dispersion) of the distribution of oocysts;

3. the statistical distribution of volumes of unboiled water that people consume;

4. the form of the dose-response curve linking the number of oocysts ingested by an
individual to his probability of becoming infected.

Before the results of these calculations are presented, it is necessary to explain:

− the structure of the mathematical model that is being used;

− the way that the sources of variation (from Table 1.1) are represented;

− the origin and selection of input data;

− the combinations of circumstances to be considered (i.e. the assumptions and
input values reflecting features 1-4 above).

These aspects are described in the following sections (3.2-3.6). Although the mathematics
involved in the model is not very complicated, it is not essential for the reader to follow
the technical details; they are therefore given in Appendix A. The results and
interpretation of the MRA are presented in Sections 3.7 - 3.8.

3.2 General form of model

The variables included in the model and the chain of relationships between them are
shown in the form of a flow diagram in Figure 3.1. The principal inputs to this model are:

(a) the quality of raw water (concentration of oocysts);

(b) treatment plant performance (removal factor);

(c) consumer behaviour in terms of the volumes of water drawn for unboiled
consumption;

(d) the dose-response curve for cryptosporidiosis.
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Figure 3.1 Flow diagram for MRA model
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The key feature of this model is that for inputs (a) - (c) it requires information not only
about the average values of these quantities but also about the extent to which they vary.
Technically this entails that the statistical distributions of these quantities be defined. A
further input (explained earlier in Section 1.3) is also needed; this is the sampling
distribution for the number of oocysts n found in volume v.

The principal outputs from the model are the (unconditional) population distribution of
the number n of oocysts ingested per person per day, and the consequent attack rate of
cryptosporidiosis. This rate is derived from the probability of infection for each individual
by averaging across the population of consumers supplied.

Throughout this work it is important to bear in mind that, as the model is formulated at
present, the statistical distributions all relate to variations that operate within the same
window of time. If this window is thought of as a single day, which would fit comfortably
with the statistical treatment of v and n, then the probability distribution of concentrations
observed in large volumes in supply needs also to refer to concentrations that would
potentially be experienced by different consumers within that day. By the same token, the
variability of treatment plant performance and of the quality of raw water need to be those
which would be manifest within the body of water available to be drawn within the same
day.

If the assumed distributions of the quality of raw water and/or of treatment plant
performance refer to variations that occur over a longer interval of time, for example six
months, then it is still possible to deal with v and n on a daily basis but the predicted
probability distribution of n would then be the composite distribution of daily numbers
ingested by people over the whole of the six month period, and the predicted attack rate
would be the average daily rate over the whole of that time.

3.3 Describing the distributions

Continuing to use the notation introduced earlier in Section 1.3, with the additional use of
the symbol θ for the expected (i.e. long run average) value of n conditional on given
values of C0, R and v, these quantities are related by:

θ = vRC0

and so
logθ = logv + logR + logC0

It is therefore straightforward to derive the mean and variance of logθ, if the means and
variances of the logarithms of v, R and C0 are known. It is also very convenient to assume
that C0, R and v are each approximately log-Normally distributed. Then θ would be log-
Normally distributed too, with parameters simply derived from those of C0, R and v. The
mean of logθ would be the sum of the means of logv, logR and log C0, and the variance of
logθ would be equal to the sum of the corresponding variances.

For the quantity n, however, it is not at all helpful to try to take logarithms because the
most commonly occurring value of n is zero. The most natural assumption to make is that
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n is Poisson distributed with rate θ. The unconditional distribution of n would then be
Poisson-log-Normal, and the variance of logθ would be precisely that inherited from C0,
R and v. In this situation the hyper-dispersion of n is being explained by relating it to
variation in raw water quality, removal efficiency and volume consumed.

Under this assumption no additional parameter value for heterogeneity needs to be
specified. If, however, it is believed that the hyperdispersion of n cannot be fully
accounted for in this way, it would be possible to incorporate an additional component
into the specified variance of logθ. This component would represent ‘unexplained’
heterogeneity. Obviously, if this were to be done, a numerical value for the extra
component of hyper-dispersion would have to be provided. At present this possibility has
not been implemented because it is unclear whether such a component is needed and what
its numerical value would be.

3.4 Selection of parameter values

In the present state of knowledge, the adoption of input values for the model is very
arbitrary. It would be safer to regard the adopted values (Table 3.1) as setting the
conditions for ‘what if?’ questions than as representing estimates of reality.

3.4.1 Raw water

For the mean and variance of the logged concentration of oocysts in raw water, values
have been derived from the data from samples taken from a river with agricultural
drainage in Australia, as reported by Hutton et al. (1995).

3.4.2 Efficiency of removal

No quantitative information is available about the extent to which the efficiency of
removing oocysts varies from time to time or form one cubic metre of water to the next
within the same water treatment plant. Information taken from LeChevallier and Norton
(1995) enables the mean and variance of particle removal rate to be estimated from data
for 67 surface water treatment plants (Figure 3.2). This variance describes the variability
between plants and it is hard to believe that it could have arisen from within-plant
variability amongst plants whose performances were really identical. It will nevertheless
be taken as if it were thus. This must be regarded as an over-estimate of what the within-
plant variability of R is likely to be. The effect of the variation in removal efficiencies is to
increase the variation in oocyst counts in the treated water relative to that in the raw
water. This is shown in Figure 3.3.
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3.4.3 Consumption of unboiled water

The daily consumed volume of unboiled tap water will be represented by the distribution
of daily (total) tap water intake, for age group 20-65 years, from the US survey by
Roseberry and Burmaster (1992). The reason for this choice was that this source provides
a readily available estimate of variance. The volumes involved (median = 1.12 litres/day)
are, however, considerably larger than those relevant to unboiled consumption in the UK,
perhaps by as much as a factor of 10 (Gale 1996).

3.4.4 Expected numbers of oocysts

The assumed means and standard deviations of the logarithms (base 10) of the quantities
C0, R and v are set out in Table 3.1 together with the same statistics for the derived
quantities C1, the concentration of oocysts in treated water, and θ the expected number of
oocysts ingested per consumer per day.

Table 3.1 Statistics of log-Normal distributions used in MRA

On logged scale (base 10) On untransformed scale

Mean Standard
dev

2.5%ile median 97.5%ile

Raw water density
(oocysts/l)

0.99 0.49 1.0 9.8 90.8

Treatment efficiency
(removal rate)

2.7 0.89 8-fold 500-fold 25 000-fold

Treated water density
(oocysts/l)

-0.71 1.02 0.00019 0.019 1.96

Tap water intake
(l/person/day)

0.05 0.21 0.43 1.12 2.92

Expected dose
(oocysts/person/day)

-1.66 1.04 0.00019 0.022 2.43

3.5 Dose response curves

The potential importance of the form of the dose-response curve for cryptosporidiosis
was mentioned in Section 1.3. In spite of the evidence supporting the choice of the
negative-exponential model, the objectives of this project demand that other possibilities
also be considered. The log-probit model was chosen for this because, although fitting the
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DuPont data less well than the negative exponential model, it is capable of conveying a
stronger tendency towards threshold behaviour. The log-probit dose-response model has
the same shape as a cumulative log-Normal distribution curve. Fitting this curve to the
DuPont data yielded estimates of 2.12 and 0.61 for the mean and standard deviation of
this cumulative distribution, the latter having a 95 percent confidence interval of (0.35,
2.46)

To investigate the effect of dose-response curves of different gradients, though still
compatible with the DuPont data, a log-probit model of sharper slope was provided by
retaining the same mean (2.12) but taking a smaller value of standard derivation (0.40)
from within the confidence interval mentioned above.

The three possible models (Table 3.2) are illustrated in relation to the DuPont data in
Figures 3.4 and 3.5, where they appear to be not very different. They do, however, show
considerable differences when interest is centred on the probability of infection at the low
doses which most consumers are unlikely to exceed (Table 3.3).

Table 3.2 Dose-response models for C. parvum infection in humans

Model Type Parameters Comment

I Negative exponential λ = 0.00419 Assumes direct linear low-dose
extrapolation

II Log-probit (base 10) µ = 2.12; σ = 0.61 Assumes diminished risk from
single oocysts

III Log-probit (base 10) µ = 2.12; σ = 0.40 Assumes more extreme diminished
risk from single oocysts
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Figure 3.4 Log-probit Model II (heavy line) with 95% confidence intervals
(dashed) fitted to Cryptosporidium parvum human infectivity data of
DuPont et al. (1995). The negative exponential curve (Model I) is
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Table 3.3 Probabilities of infection at low doses

Model

Dose

I
Negative-

Exponential

II
Log-Probit

σσ = 0.61

III
Log-Probit

σσ = 0.40

1 0.0041 0.00028 5.9 x 10-8

2 0.0083 0.0015 2.7 x 10-6

3 0.0125 0.0038 2 x 10-5

10 0.041 0.034 0.0026

3.6 Combinations assessed

At the outset of this work it was not clear what the consequences would be of linking the
concentration levels implied by Table 3.1 to the dose-response curves described in Section
3.5. Initial calculations, using the model, however, indicated that if this combination
involved the negative exponential model, the attack rate of cryptosporidiosis in the
exposed population would be about 15 per 10 000 persons per day. This would certainly
be commensurate with an on-going ‘outbreak’ of cryptosporidiosis amongst the receiving
population.

It was therefore decided that the modelling should be repeated with lower expected
exposures (number of oocysts per person per day), first by a factor of 10 and then by a
factor of 1000. The three possibilities considered thus correspond to assigning to the
mean of logθ the three values:

-1.66, -2.66, -4.66

The reason for the reduction could either be because the concentration of oocysts in the
raw water was lower, or because the removal rate was better, or because the volume of
cold drinks ingested was less, or a joint effect of all three. If the three levels are described
in terms of equivalent concentrations of oocysts in the raw water, they correspond to
means of log C0 of approximately

+1, 0, -2

respectively, and it will be convenient to refer to them in this way.

For each of these concentrations calculations were carried out under two alternative
assumptions about the variabilities of the numbers of oocysts (n) to which people would
be exposed:
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(i) the number n would follow the Poisson-log-Normal distribution previously
explained;

(ii) the variability of n would be purely Poisson about the same arithmetical mean as
in (i).

The above assumptions about means and variances gave rise to six different sets of
conditions requiring predictions of the numbers of oocysts to which members of the
population would be exposed. Each of these predictions was then tested in combination
with each of the three dose-response curves described in Section 3.5.

3.7 Distribution of doses

The distributions of doses of oocysts amongst the exposed population, under the six
different assumptions explained in Section 3.6, are shown in Table 3.4.

Table 3.4 Percent of population exposed to dose

Mean log10 concentration of
oocysts per litre in raw
water

+1 0 -2

Form of distribution PLN Poisson PLN Poisson PLN Poisson

Oocysts/person/day

0 88.4 68.9 97.6 96.3 99.96 99.96
1 6.7 25.7 1.9 3.6 0.037 0.037

>5 1.2 <10-3 0.066 0 0 0
>10 0.6 0 0.013 0 0 0
>50 0.06 0 0 0 0 0

>100 0.01 0 0 0 0 0

PLN = Poisson-log-Normal

This table shows that for the highest of the three mean concentrations of oocysts (mean
log concentration = +1), the Poisson-log-Normal distribution has a considerably wider
spread than the pure Poisson distribution, as there are higher probabilities of receiving a
dose of zero and of doses in excess of five. For the middle of the three mean
concentrations (mean log concentration = 0), the Poisson-log-Normal distribution is also
more highly dispersed than the pure Poisson distribution, but the difference is less
pronounced. For the lowest of the three mean concentrations of oocysts (mean log
concentration = -2), the choice of compound or simple Poisson distribution makes
negligible difference to the probability of receiving any particular dose.
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3.8 Predicted incidence of cryptosporidiosis

The predicted rates of incidence of cryptosporidiosis (number of cases per 10 000 persons
per day), under the eighteen combinations of assumptions described in Section 3.6, are
shown in Table 3.5.

Table 3.5 Incidence rates (cases per 10 000 person-days) of cryptosporidiosis

Distribution of doses

Dose response
curve

Log10 oocysts per
litre in raw water

Poisson-log-Normal Poisson

I 1 14.5 15.5
0 1.54 1.55

-2 0.0155 0.0155

II 1 9.3 1.8
0 0.46 0.11

-2 0.0011 0.001

III 1 3.4 0.0035
0 0.046 0.000042

-2 <10-6 <10-6

As would be expected, under any of the assumptions considered here, the rate is always
strongly dependent on the overall average concentration of oocysts in the raw water (and
on the way that this is modified by the treatment process and the average volume of
unboiled water consumed). It would have been possible to arrive at this conclusion
without resort to the model described above. The model is, however, needed if we wish to
calculate the combined effects of changes in the form of distribution of oocyst
concentrations (the extent of heterogeneity) and in the choice of dose-response curve.

If the Negative Exponential model (Model I) were true, then (as would be predicted from
theory - see Section 1.4) the extent of heterogeneity in the distribution of oocysts is
unimportant. The incidence rate of cryptosporidiosis would then be approximately directly
proportional to the average concentration of oocysts. Under Model II, however, the
incidence rates are different for the two different distributional assumptions, the difference
becoming proportionally larger the greater the average concentration of oocysts. Under
dose-response Model III, the differences in rates, associated with heterogeneity of the
distribution of oocysts, become yet more striking, although the incidence rates themselves
are generally lower than for Models II and I, because fewer consumers are receiving a
potent dose.
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These results confirm that the predictions of MRA can depend critically on the assumed
statistical distribution of oocysts, and always depend on the choice of dose-response
curve. Of particular importance here are the chances of contracting cryptosporidiosis from
low doses of oocysts (n=1, 2 or 3, say). Nobody can yet be certain what the true values of
these probabilities should be.

One comforting conclusion from Table 3.5 is that in circumstances where the
concentrations and numbers of oocysts are all very low (mean log concentration = -2), the
form of the distribution of oocysts is unimportant, as would have been expected from the
results in Table 3.4. An understanding of this distribution may therefore not be needed for
setting a standard for Cryptosporidium to prevent outbreaks, although it could still be
highly relevant to understanding the dynamics of an epidemic that has already broken out.

3.9 Spatial heterogeneity within 100-litre volume samples: The
implications for public health

The counts of niger spores in one of the large volume samples in Section 2 (Figure 2.12)
demonstrated quite extreme ‘spatial heterogeneity’ with 7 and 22 counts in two 100-ml
samples but zeros or single counts in the majority of 100-ml samples. The average niger
count for the 100-ml samples was 1.075/100 ml. Here the effects of this variation on
public health are considered. For the purpose of this exercise it is assumed that the niger
counts in the 40 x 100-ml samples represent C. parvum oocysts and that 40 consumers
each ingested one of those 100-ml samples. Thus, actual observed counts in Figure 2.12
are used to represent the probability distribution of oocysts to which the population of
consumers is exposed. The expected number of infections is calculated for each of the
three dose response curves represented in Table 3.2.

Using the log-probit dose-response models II and III for C. parvum, the risks were
calculated comparing the effects of accommodating the clustering with just using the
average count (Table 3.6). It is apparent that ignoring the clustering and just using the
average count would under-estimate the risk of infection by a factor of 10-fold for the
best fit log-probit model (II). If a more extreme log-probit model (III) were appropriate,
the under-estimation would be even greater.

This demonstrates the potential importance of determining the degree of spatial
heterogeneity of pathogens within large volume samples. The infection rate predicted per
40 people with the exponential dose-response curve (Model I in Table 3.2) is about 0.18
and is not affected by the degree of spatial heterogeneity.
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Table 3.6 C. parvum infections per 40 persons calculated with log-probit dose
response curves using statistical distribution of niger spore counts
observed in a filtered water volume (Figure 2.12).

Log-Probit Dose-Response Model
(see Table 3.3)

µ σ Infections/40
consumers

Method for calculating oocyst exposures Variation Average

II 2.119 0.614 0.129 0.013
III 2.119 0.400 0.027 3 x 10-6
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4. OVERALL DISCUSSION

4.1 Pathogen count heterogeneity and monitoring

This work presented in Section 2 reports on the degree of spatial variation of micro-
organisms within large volume (i.e. 100-litres) samples. In general, the distribution of
bacteria species (coliforms and plate counts) was unaffected by treatment. Coliform
counts, in particular, showed very little spatial variation within large filtered water
volumes. In contrast both indigenous aerobic spores and spiked Bacillus subtilis var niger
spores showed spatial heterogeneity in most of the filtered water volumes. In the case of
the spiked niger spores this heterogeneity could be quite extreme. Large changes in spore
counts have previously been reported in filtrates from slow sand filters by the
Metropolitan Water Board (Windle Taylor 1970). They attributed this to organisms in the
sand being washed off during re-sanding, rather than regrowth.

Such extreme variation in micro-organism counts is important in risk assessment from the
perspective of monitoring. Large variation in pathogen densities places importance on the
sampling protocol to detect the occasional high count sample. Thus a monitoring
programme that misses a rare high count sample will under-estimate the net loading on
the population and hence the risk to the population. Indeed, if the sample in Figure 2.12
with 22 niger spores had been missed, then the mean spore count would have been halved
decreasing from 1.1 counts/100 ml to 0.54 counts/100 ml. The implication of this on the
predicted risk would depend on the dose-response curve used.

4.2 Pathogen exposure heterogeneity and the dose-response curve

From Table 3.5 it is apparent that the degree of variation in pathogen exposures is not
important in MRA if the negative exponential model (I) were the appropriate dose-
response curve. However, for the log-probit dose response models (II and III),
accommodating the variation in exposures is important. Indeed, if this variation is
underestimated, then a MRA based on a log-probit curve will underestimate the risk. This
is because according to the log-probit curve, only exposures to high doses of pathogen
present a significant risk. Exposures to such high count doses are not predicted if a
Poisson model is assumed.

Table 3.4 shows that for all simulations the most likely exposure through drinking water is
to just a single oocyst. Therefore the most important dose-response information is the risk
from a single oocyst. At present, the risk of infection by a single oocyst can only be
estimated by low dose extrapolation of the dose-response curve. The highest risk for a
single oocyst is predicted by the negative exponential curve (Model I). The best fit log
probit model (II) predicts a 15-fold lower risk while the more extreme log-probit model
(III) predicts a 70 000-fold lower risk.
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4.3 Determining the risk to humans from a single Cryptosporidium
oocyst

The fundamental information needed to develop a risk assessment model for
Cryptosporidium regards the risks from exposure to doses of just a single oocyst. In
particular, it would be useful to know whether there is some sort of threshold dose, or
indeed a co-operative effect of ingesting many oocysts.

Human volunteer studies may not be the most practicable way to achieve this because of
the large number of volunteers needed. Indeed if the log-probit curve (Model II) were
appropriate, such that the risk from a single oocyst were only 0.00028, then a single
oocyst would infect fewer than one in 3500 healthy adults.

An alternative approach would be to investigate the pathogenesis of Cryptosporidium
within the intestine. Identification of a mechanism such that challenge by one oocyst
enhanced the chances of infection by a second oocyst would provide good evidence for
abandonment of the one-hit theory implicit in the negative exponential dose-response
curve. Such evidence would, however, not be at all easy to obtain.
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5. CONCLUSIONS

1. Intensive sampling of large volumes of water on the WRc pilot plant has given
evidence that the spatial heterogeneity of both aerobic spores and spiked niger
spores is increased by ferric coagulation/rapid sand filtration treatment.

2. This could provide a mechanism by which some consumers ingest more than one
pathogen in a single exposure, even under non-outbreak conditions.

3. The effect of treatment appears to be ‘species-specific’ because the spatial
distribution of coliform and plate bacteria is not affected. Indeed counts of
coliforms from within some large volume filtered water samples showed very little
variation being under-dispersed compared to the Poisson distribution.

4. A model has been developed to calculate the incidence of cryptosporidiosis from
given information on:

− raw water quality;
− efficiency of water treatment to remove cysts;
− the degree of clustering (hyper-dispersion) of cysts in drinking water;
− the volumes of unboiled water that people consume;
− the dose-response curve for cryptosporidiosis.

 The allowance for hyper-dispersion is new.

5. Not enough is known about any of the above factors to enable predictions that
would be accurate on an absolute scale. The model can, however, be used to display
the relative effects of changes in input assumptions and hence to identify the critical
areas in which more information is needed before the epidemiology of waterborne
cryptosporidiosis can be fully understood.

6. In the range of circumstances covered in this study, the predicted incidence of
cryptosporidiosis was always strongly dependent on the choice of dose-response
curve. The differences between possible curves are essentially differences in low-
dose extrapolation from an inadequate set of experimental data.

7. If the dose-response curve were known to be of a specific mathematical form
(negative exponential, corresponding to the ‘one-hit’ toxicological model), then the
degree of clustering of cysts in drinking water would be unimportant and only the
average number ingested would need to be known. If, however, the dose-response
curve is not of that form, the number of cases of cryptosporidiosis will depend not
only on the average dose of cysts received by the population but also on the
variability of doses.

8. If the variability of numbers of ingested cysts is important then so too would be the
degree of clustering of the cysts in drinking water. The greater the degree of
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clustering the more variable the doses and the more cases of cryptosporidiosis there
would be (for example by a factor of four in the middle row of Table 3.5).

9. These findings highlight the need for better information on the dose-response curve,
although this will be difficult to obtain. In the absence of such information it is
impossible to reach a final conclusion on the importance of clustering, but its
potential importance, has been shown.

10. Biological models for the mechanism of infection and pathogenesis by
Cryptosporidium oocysts in the human gut may provide information on the nature
of the most appropriate dose-response curve to use.
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APPENDIX A STATISTICAL THEORY AND
METHODS

A1 INTRODUCTION

The aim of this appendix is to give enough technical detail to enable a numerate scientist
to repeat or extend the calculations involved in Sections 2 and 3 of the main report. It will
be assumed that the reader has some understanding of statistical theory and of the use of
Monte Carlo integration, but may need a guide to the ‘chapter and verse’ relevant to the
present application.

The project involved three distinct types of statistical calculation:

− the fitting of statistical distributions to sets of experimental data;

− the fitting of dose-response curves;

− the application of statistical simulation to compute the expected numbers of
cases of cryptosporidiosis for each set of circumstances requiring risk to be
estimated.

The calculations for all of these were implemented within GENSTAT 5, Release 3 (Payne
et al., 1993).

The mathematical theory associated with the statistical distributions involved in this work
is outlined in Section A2. This theory is standard stuff and available in many textbooks at
an intermediate-to-advanced level, for example the slightly old fashioned but still excellent
book by Keeping (1962). The theory is also summarised in Chapter 7.1 of Payne et al.
(1993).

A2 STATISTICAL DISTRIBUTIONS

In Section 1.3 we explained the need to describe distributions of microbiological counts
that are hyper-dispersed in the sense that the variance of the counts exceeds their mean.
Two possible forms of distribution were mentioned that are able to meet this need. These
were the Poisson-gamma distribution (mathematically equivalent to the negative binomial)
and the Poisson-log-Normal distribution. These are called compound distributions
because they can be envisaged as arising from a two-stage process, the first stage
involving the selection of a rate θ drawn from the gamma (or log-Normal) population and
the second stage involving the manifestation of n as an observation from a Poisson
distribution whose rate is θ.

The properties of these compound distributions can be derived directly from those of their
‘parent’ distributions, the gamma and Poisson, or log-Normal and Poisson, respectively.
The following paragraphs provide the relevant results.
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There is no standard convention for defining the parameters of the two-parameter gamma
distribution and so we have to start by declaring the convention that we are going to use.
Following Keeping (1962) we define the density function for this distribution of x to be

f(x) = e-x/β xα-1 β-α/Γ(α)

where α and β are the parameters and Γ is the gamma function. This distribution has
mean αβ and variance αβ2.

For the log-Normal distribution it is standard to define the parameters as the mean µ1 and
standard deviation σ1 of the logged observations. Assuming that the logarithms were
taken to base e, the mean µ and standard deviation σ of the untransformed values would
then be given by

µ = exp(µ1 + σ1
2/2)

σ2 = µ2(expσ1
2 - 1)

The properties of the compound Poisson-gamma and Poisson-log-Normal distributions
are then as set out in Table A1. It will be seen that the means of the compound
distributions are identical to those of their gamma or log-Normal parents, while the
variances involve an additional component equal to µ. (This is a consequence of the
general theory of compound distributions. See, for example, paragraph A14 in Keeping
(1962)).

The formulae for individual terms in the distributions are shown in Table A2. The proof of
the derivation of pn for the Poisson-gamma distribution (i.e. the equivalence with negative
binomial) is outlined by Keeping (1962) on page 93. The derivation of pn for the Poisson-
log-Normal follows directly from the log-Normality of x. Note, however, that this
complicated expression involves an integral for which there is no analytical solution.

Although the formulae for the individual terms of the two compound distributions (Table
A2) look completely different, in practice they turn out to give very similar numerical
results when fitted to the same set of data. A clue to the reason for this is given by the
similarity of the variance formulae in Table A1, where α and σ1

2 act as the
‘hyperdispersion’ parameters of their respective distributions, once the value of µ has
been assigned.

Table A1 Formulae for mean and variance of compound distributions

Distribution Parameters of parent Mean µ Variance σ2

Poisson-gamma α, β αβ µ + µ2/α

Poisson-log-Normal µ1, σ1 exp(µ1 + σ1
2/2) µ + µ2 (expσ1

2 - 1)
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Table A2 Formulae for individual terms for probability of count n

Distribution pn

Poisson-gamma
Γ

Γ
( )
! ( )

( )
n

n
n n+

+ − −α
α

β β α1

Poisson-log-Normal
1

21n! ( )σ π
e x x dxx n− −∞

− −
°∫

1
1

2
1

22exp( (ln ) / )µ σ

We conclude that these two compound distributions are equally capable of doing the same
job and there is no hope that experimental data will allow us to discriminate between
them. The choice of which formula to use can therefore be taken on the grounds of
convenience for the application to hand.

The advantage of the Poisson-gamma formulation is that pn can easily be computed, and
this is useful when data have to be analysed. The advantage of the Poisson-log-Normal
formulation, however, is that it enables components of variance (σ1

2) to be combined by
simple addition, as explained in Section 3. In particular, this process can incorporate the
variance associated with volume v of water consumed. For the purpose of model building
the Poisson-log-Normal formulation was therefore the obvious choice.

A3 FITTING THE DISTRIBUTIONS TO DATA

The task of fitting the distributions (Poisson; Poisson-gamma; Poisson-log-Normal) to
sets of data available from the experimental programme (Section 2) was very
straightforward because these distributions are all options within the GENSTAT
DISTRIBUTION directive. See Reference Manual, Section 7.1.4. This directive also
provides facilities for saving fitted values and so enabled the construction of graphical
displays (as shown in Section 2).

The adequacy of the simple Poisson distribution to fit a dataset of microbiological counts
was tested by computing the same dispersion index as used by Gale et al., 1996 (page
28). This is calculated as

sample variance × number of samples (m)/sample mean

and then compared with the tabulated value of χ2 with (m-1) degrees of freedom.

It should be noted that when dealing with discrete distributions the DISTRIBUTION
directive in GENSTAT defines ‘sample variance’ as the ‘corrected sum of squares’
divided by m, not by the usual (m-1). Multiplication by m in the above formula therefore
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correctly restores the corrected sum of squares. The above test must, however, still be
regarded as only approximate.

A4 DOSE-RESPONSE CURVES

The dose-response data was analysed using the generalised linear modelling (GLM)
facility in GENSTAT, which includes the probit model as one of its standard options. The
negative exponential model can also be dealt with in a similar way.

A5 CALCULATIONS FOR MICROBIOLOGICAL RISK
ANALYSIS

In Section A2 we pointed out the difficulty of there being no simple algebraic expression
for pn, the probability of exposure to n oocysts, if the distribution of n is Poisson-log-
Normal. We therefore computed pn approximately by Monte-Carlo integration. This was
done by drawing 1000 random samples from the log-Normal distribution of given
parameters µ1 and σ1

2. These sample values each represent a realisation of θ, the rate
parameter for a Poisson distribution (as explained in Section 3.3). The conditional
probability of ingesting n oocysts, given θ, is then

p(n|θ) = e-θ θn/n!

and the unconditional probability pn can be estimated by averaging the sample values of
p(n|θ) across the 1000 sample values of θ.

To improve the precision of determination of pn this whole calculation was repeated 100
times and the result combined. This is equivalent to having chosen an initial sample size of
100,000, but slightly safer for keeping track of the results.

The expected rate of cryptosporidiosis in the exposed population was then simply
calculated as

r = p F nn
n

( )∑

where F(n) is the dose-response function, expressing the probability of becoming ill
having ingested n oocysts. We took summation over the range n=0, 1, ..., 300, because, in
the circumstances considered here, the probability of a consumer ingesting more than 300
oocysts in a day could be assumed to be nil.
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Aerobic Spores, Raw 1-ml

Figure B1 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for aerobic spore counts in
0.1-ml samples from a 100-l raw water volume (Run 1, Set A).
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Table B1 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

19.25 20.41 19.25 320.0 20

Dispersion Index = 21.2 (df = 19):

Hypothesis of Poisson distribution accepted at 5% level of significance
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Aerobic Spores, Filtered 100-ml

Figure B2 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for aerobic spore counts in
100-ml samples from a 100-l filtered water volume (Run 1, Set A).
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Table B2 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

6.099 39.22 6.099 1.123 40

Dispersion Index = 257.2 (df = 39):

Hypothesis of Poisson distribution refected at 0.1% level of significance.
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Aerobic spores, Filtered 10-ml

Figure B3 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for aerobic spore counts in
10-ml samples from a 100-l filtered water volume (Run 1, Set A).
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Table B3 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

0.575 0.507 0.575 -4.866 40

Dispersion Index = 35.27 (df = 39):

Hypothesis of Poisson distribution accepted at 5% level of significance
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Aerobic Spores, Filtered 1-ml

Figure B4 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for aerobic spore counts in
1-ml samples from a 100-l filtered water volume (Run 1, Set A).
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Table B4 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

0.15 0.182 0.150 0.702 40

Dispersion Index = 48.5 (df = 39):

Hypothesis of Poisson distribution accepted at 5% level of significance
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Aerobic spores, Raw 0.1-ml

Figure B5 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for aerobic spore counts in
0.1-ml samples from a 100-l raw water volume (Run 1, Set B).
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Table B5 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

17.35 23.92 17.35 45.79 20

Dispersion Index = 27.57 (df = 19):

Hypothesis of Poisson distribution accepted at 5% level of significance.
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Aerobic spores, Filtered 100-ml

Figure B6 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for aerobic spore counts in
100-ml samples from a 100-l filtered water volume (Run 1, Set B).
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Table B6 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

93.39 13,456 93.39 0.6528 38

Dispersion Index = 5,474 (df = 38):

Hypothesis of Poisson distribution refected at 0.1% level of significance.
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Aerobic spores, Filtered 10-ml

Figure B7 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for aerobic spore counts in
10-ml samples from a 100-l filtered water volume (Run 1, Set B).
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Table B7 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

7.07 114.2 7.075 0.467 40

Dispersion Index = 645 (df = 39):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.
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Aerobic spores, Filtered 1-ml

Figure B8 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for aerobic spore counts in
1-ml samples from a 100-l filtered water volume (Run 1, Set B).
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Table B8 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

1.075 9.353 1.075 0.1396 40

Dispersion Index = 348 (df = 39):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.
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Aerobic spores, Raw 0.1-ml

Figure B9 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for aerobic spore counts in
0.1-ml samples from a 100-l raw water volume (Run 1, Set C).
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Table B9 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

13.95 20.99 13.95 27.61 20

Dispersion Index = 30.10 (df = 19):

Hypothesis of Poisson distribution rejected at 5% level of significance.
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Aerobic spores, Filtered 100-ml

Figure B10 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for aerobic spore counts in
100-ml samples from a 100-l filtered water volume (Run 1, Set C).
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Table B10 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

40.32 2,597 40.32 0.6359 40

Dispersion Index = 2,576 (df = 39):

Hypothesis of Poisson distribution refected at 0.1% level of significance.
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Aerobic spores, Filtered 10-ml

Figure B11 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for aerobic spore counts in
10-ml samples from a 100-l filtered water volume (Run 1, Set C).
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Table B11 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

4.45 29.18 4.45 0.8008 40

Dispersion Index = 262 (df = 39):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.
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Aerobic spores, Filtered 1-ml

Figure B12 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for aerobic spore counts in
1-ml samples from a 100-l filtered water volume (Run 1, Set C).
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Table B12 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

3.25 64.2 3.25 0.173 40

Dispersion Index = 790 (df = 39):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.
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Aerobic spores, Filtered 100-ml

Figure B13 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for aerobic spore counts in
100-ml samples from a 100-l filtered water volume (Run 1, Set D).
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TableB13 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

23.24 1,295 23.24 0.4249 37

Dispersion Index = 21.2 (df = 19):

Hypothesis of Poisson distribution rejected at 0.1% level of significance
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Aerobic spores, Filtered 10-ml

Figure B14 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for aerobic spore counts in
10-ml samples from a 100-l filtered water volume (Run 1, Set D).
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Table B14 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

3.0 24.0 3.0 0.4286 38

Dispersion Index = 304 (df = 37):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.
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Aerobic spores, Filtered 1-ml

Figure B15 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for aerobic spore counts in
1-ml samples from a 100-l filtered water volume (Run 1, Set D).
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Table B15 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

2.53 54.94 2.538 0.1230 39

Dispersion Index = 844 (df = 38):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.
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Bacillus subtilis var niger spores, Raw 1-ml.

Figure B16 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for niger spore counts in 1-
ml samples from a 100-l raw water volume (Run 1, Set A).
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Table B16 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

67.9 92.2 67.9 189.7 20

Dispersion Index = 27.15 (df = 19):

Hypothesis of Poisson distribution accepted at 5% level of significance.
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Bacillus subtilis var niger spores, Raw 0.1-ml

Figure B17 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for niger spore counts in
0.1-ml samples from a 100-l raw water volume (Run 1, Set A).
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Table B17 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

6.7 6.54 6.7 -275.1 20

Dispersion Index = 19.5 (df = 19):

Hypothesis of Poisson distribution accepted at 5% level of significance.
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Bacillus subtilis var niger spores, Filtered 100-ml

Figure B18 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for niger spore counts in
0.1-ml samples from a 100-l raw water volume (Run 1, Set A).
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Table B18 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

1.075 12.99 1.075 0.097 40

Dispersion Index = 483 (df = 39):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.



B19

Bacillus subtilis var niger spores, Filtered 10-ml

Figure B19 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for niger spore counts in
10-ml samples from a 100-l filtered water volume (Run 1, Set A).
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Table B19 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

0.1 0.246 0.1 0.068 40

Dispersion Index = 98.5 (df = 39):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.



B20

Bacillus subtilis var niger spores, Raw 1-ml.

Figure B20 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for niger spore counts in 1-
ml samples from a 100-l raw water volume (Run 1, Set B).
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Table B20 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

45.35 447.8 45.35 5.11 20

Dispersion Index = 197.5 (df = 19):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.



B21

Bacillus subtilis var niger spores, Raw 0.1-ml.

Figure B21 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for niger spore counts in
0.1-ml samples from a 100-l raw water volume (Run 1, Set B).
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Table B21 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

4.15 8.56 4.15 3.91 20

Dispersion Index = 41.2 (df = 19):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.



B22

Bacillus subtilis var niger spores, Filtered 100-ml

Figure B22 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for niger spore counts in
100-ml samples from a 100-l filtered water volume (Run 1, Set B).
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Table B22 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

0.225 0.69 0.225 0.108 40

Dispersion Index = 123.0 (df = 39):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.



B23

Bacillus subtilis var niger spores, Raw 1-ml

Figure B23 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for niger spore counts in 1-
ml samples from a 100-l raw water volume (Run 1, Set C).
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Table B23 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

78.3 585.5 78.3 12.08 20

Dispersion Index = 149.5 (df = 19):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.



B24

Bacillus subtilis var niger spores, Raw 0.1-ml.

Figure B24 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for niger spore counts in
0.1-ml samples from a 100-l raw water volume (Run 1, Set C).
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Table B24 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

8.95 23.83 8.95 5.379 20

Dispersion Index = 53.3 (df = 19):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.



B25

Bacillus subtilis var niger spores, Filtered 100-ml

Figure B25 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for niger spore counts in
100-ml samples from a 100-l filtered water volume (Run 1, Set C).
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Table B25 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

4.975 4.999 4.995 1016 40

Dispersion Index = 40.2 (df = 39):

Hypothesis of Poisson distribution accepted at 5% level of significance.



B26

Bacillus subtilis var niger spores, Filtered 10-ml

Figure B26 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for niger spore counts in
10-ml samples from a 100-l filtered water volume (Run 1, Set C).

0

5

10

15

20

25

30

35

40

0 1 2 3

Counts

Fr
eq

ue
nc

y

Table B26 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

0.5 0.41 0.5 -2.786 40

Dispersion Index = 32.8 (df = 39):

Hypothesis of Poisson distribution accepted at 5% level of significance.



B27

Bacillus subtilis var niger spores, Filtered 100-ml

Figure B27 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for niger spore counts in
100-ml samples from a 100-l filtered water volume (Run 1, Set D).
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Table B27 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

0.175 0.199 0.175 1.257 40

Dispersion Index = 45.6 (df = 39):

Hypothesis of Poisson distribution accepted at 5% level of significance.



B28

Aerobic spores, Raw 1-ml

Figure B28 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for aerobic spore counts in
1-ml samples from a 100-l raw water volume (Run 2, Set A).
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Table B28 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

64.8 256.8 64.8 21.87 20

Dispersion Index = 79.3 (df = 19):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.



B29

Aerobic spores, Raw 0.1-ml

Figure B29 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for aerobic spore counts in
0.1-ml samples from a 100-l raw water volume (Run 2, Set A).

0

2

4

6

8

10

12

14

16

18

20

0 5 10 15 20 25 30 35 40

Counts

Fr
eq

ue
nc

y

Table B29 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

21.8 49.22 21.8 17.33 20

Dispersion Index = 45.2 (df = 19):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.



B30

Aerobic spores, Filtered 200-ml

Figure B30 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for aerobic spore counts in
200-ml samples from a 100-l filtered water volume (Run 2, Set A).
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Table B30 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

29.35 276.4 29.35 3.487 37

Dispersion Index = 348.4 (df = 36):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.



B31

Aerobic spores, Filtered 20-ml

Figure B31 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for aerobic spore counts in
20-ml samples from a 100-l filtered water volume (Run 2, Set A).
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Table B31 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

4.45 9.023 4.45 4.33 40

Dispersion Index = 81.1 (df = 39):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.



B32

Aerobic spores, Filtered 2-ml

Figure B32 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for aerobic spore counts in
2-ml samples from a 100-l filtered water volume (Run 2, Set A).
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Table B32 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

1.12 14.26 1.12 0.096 40

Dispersion Index = 507.2 (df = 39):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.



B33

Aerobic spores, Raw 1-ml

Figure B33 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for aerobic spore counts in
1-ml samples from a 100-l raw water volume (Run 2, Set B).
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Table B33 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

96.85 331.7 96.85 39.94 20

Dispersion Index = 68.5 (df = 19):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.



B34

Aerobic spores, Raw 0.1-ml

Figure B34 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for aerobic spore counts in
0.1-ml samples from a 100-l raw water volume (Run 2, Set B).
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Table B34 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

16.6 39.7 16.6 11.91 20

Dispersion Index = 47.9 (df = 19):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.



B35

Aerobic spores, Filtered 200-ml

Figure B35 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for aerobic spore counts in
200-ml samples from a 100-l filtered water volume (Run 2, Set B).
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Table B35 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

21.36 229.1 21.36 2.196 39

Dispersion Index = 418.3 (df = 39):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.



B36

Aerobic spores, Filtered 20-ml

Figure B36 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for aerobic spore counts in
20-ml samples from a 100-l filtered water volume (Run 2, Set B).
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Table B36 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

1.975 3.56 1.975 2.455 40

Dispersion Index = 72.2 (df = 39):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.



B37

Aerobic spores, Filtered 2-ml

Figure B37 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for aerobic spore counts in
2-ml samples from a 100-l filtered water volume (Run 2, Set B).
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Table B37 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

0.45 1.02 0.45 0.353 40

Dispersion Index = 90.3 (df = 39):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.



B38

Aerobic spores, Raw 1-ml

Figure B38 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for aerobic spore counts in
1-ml samples from a 100-l raw water volume (Run 2, Set C).
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Table B38 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

69.9 175.04 69.9 46.47 20

Dispersion Index = 50.08 (df = 19):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.



B39

Aerobic spores, Raw 0.1-ml

Figure B39 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for aerobic spore counts in
1-ml samples from a 100-l raw water volume (Run 2, Set C).
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Table B39 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

11.5 23.63 11.5 10.9 20

Dispersion Index = 41.1 (df = 19):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.



B40

Aerobic spores, Filtered 200-ml

Figure B40 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for aerobic spore counts in
200-ml samples from a 100-l filtered water volume (Run 2, Set C).
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Table B40 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

14.1 54.6 14.07 4.89 40

Dispersion Index = 155.1 (df = 39):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.



B41

Aerobic spores, Filtered 20-ml

Figure B41 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for aerobic spore counts in
20-ml samples from a 100-l filtered water volume (Run 2, Set C).
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Table B41 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

2.38 5.11 2.375 2.06 40

Dispersion Index = 86.1 (df = 39):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.



B42

Aerobic spores, Filtered 2-ml

Figure B42 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for aerobic spore counts in
2-ml samples from a 100-l filtered water volume (Run 2, Set C).
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Table B42 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

0.525 1.948 0.525 0.194 40

Dispersion Index = 148.4 (df = 39):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.



B43

Aerobic Spores, Raw 1-ml

Figure B43 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for aerobic spore counts in
1-ml samples from a 100-l raw water volume (Run 2, Set D).
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Table B43 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

67.25 131.0 67.25 70.89 20

Dispersion Index = 38.9 (df = 19):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.



B44

Aerobic spores, Raw 0.1-ml

Figure B44 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for aerobic spore counts in
0.1-ml samples from a 100-l raw water volume (Run 2, Set D).
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Table B44 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

17.25 48.93 17.25 9.39 20

Dispersion Index = 56.7 (df = 19):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.



B45

Aerobic spores, Filtered 200-ml

Figure B45 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for aerobic spore counts in
200-ml samples from a 100-l filtered water volume (Run 2, Set D).
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Table B45 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

81.1 11,678 81.1 0.5668 37

Dispersion Index = 5329.4 (df = 39):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.



B46

Aerobic spores, Filtered 20-ml

Figure B46 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for aerobic spore counts in
20-ml samples from a 100-l filtered water volume (Run 2, Set D).
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Table B46 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

14.1 164.5 14.1 1.329 37

Dispersion Index = 430.5 (df = 36):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.



B47

Aerobic spores, Filtered 2-ml

Figure B47 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for aerobic spore counts in
2-ml samples from a 100-l filtered water volume (Run 2, Set D).
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Table B47 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

1.11 1.81 1.11 1.75 36

Dispersion Index = 58.8 (df = 35):

Hypothesis of Poisson distribution rejected at 1% level of significance.



B48

Aerobic spores, Filtered 200-ml

Figure B48 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for aerobic spore counts in
200-ml samples from a 100-l filtered water volume (Run 2, Set E).
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Table B48 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

8.87 9.137 8.875 299.69 40

Dispersion Index = 41.2 (df = 39):

Hypothesis of Poisson distribution accepted at 5% level of significance.



B49

Aerobic spores, Filtered 20-ml

Figure B49 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for aerobic spore counts in
20-ml samples from a 100-l filtered water volume (Run 2, Set E).
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Table B49 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

1.35 1.51 1.35 11.02 40

Dispersion Index = 44.9 (df = 39):

Hypothesis of Poisson distribution accepted at 5% level of significance.



B50

Aerobic spores, Filtered 200-ml

Figure B50 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for aerobic spore counts in
200-ml samples from a 100-l filtered water volume (Run 2, Set F).
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Table B50 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

9.7 19.86 9.7 9.264 40

Dispersion Index = 81.8 (df = 39):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.



B51

Aerobic spores, Filtered 20-ml

Figure B51 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for aerobic spore counts in
20-ml samples from a 100-l raw water volume (Run 2, Set F).

0

5

10

15

20

25

30

35

40

0 1 2 3 4 5

Counts

Fr
eq

ue
nc

y

Table B51 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

1.2 1.12 1.2 -140.4 40

Dispersion Index = 39.6 (df = 39):

Hypothesis of Poisson distribution accepted at 5% level of significance.



B52

Niger spores, Raw 1-ml

Figure B52 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for niger spore counts in 1-
ml samples from a 100-l raw water volume (Run 2, Set A).
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Table B52 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

47.35 123.9 47.35 29.27 20

Dispersion Index = 52.3 (df = 19):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.



B53

Niger spores, Raw 0.1-ml

Figure B53 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for niger spore counts in
0.1-ml samples from a 100-l raw water volume (Run 2, Set A).
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Table B53 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

3.85 10.45 3.85 2.246 20

Dispersion Index = 54.28 (df = 19):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.



B54

Niger spores, Filtered 200-ml

Figure B54 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for niger spore counts in
200-ml samples from a 100-l filtered water volume (Run 2, Set A).
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Table B54 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

0.795 1.536 0.795 0.853 39

Dispersion Index = 75.4 (df = 38):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.



B55

Niger spores, Filtered 20-ml

Figure B55 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for niger spore counts in
20-ml samples from a 100-l filtered water volume (Run 2, Set A).
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Table B55 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

0.125 0.1121 0.125 -1.218 40

Dispersion Index = 35.9 (df = 39):

Hypothesis of Poisson distribution accepted at 5% level of significance.



B56

Niger spores, Raw 1-ml

Figure B56 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for niger spore counts in 1-
ml samples from a 100-l raw water volume (Run 2, Set B).
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Table B56 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

39.95 112.05 39.95 22.13 20

Dispersion Index = 56.1 (df = 19):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.



B57

Niger spores, Raw 0.1-ml

Figure B57 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for niger spore counts in
0.1-ml samples from a 100-l raw water volume (Run 2, Set B).
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Table B57 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

2.75 7.03 2.75 1.76 20

Dispersion Index = 51.1 (df = 19):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.



B58

Niger spores, Filtered 200-ml

Figure B58 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for niger spore counts in
200-ml samples from a 100-l filtered water volume (Run 2, Set B).
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Table B58 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

0.61 1.97 0.61 0.277 39

Dispersion Index = 125.9 (df = 38):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.



B59

Niger spores, Filtered 20-ml

Figure B59 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for niger spore counts in
20-ml samples from a 100-l filtered water volume (Run 2, Set B).
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Table B59 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

0.05 0.0487 0.05 -1.95 40

Dispersion Index = 38.9 (df = 39):

Hypothesis of Poisson distribution accepted at 5% level of significance.



B60

Niger spores, Raw 1-ml

Figure B60 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for niger spore counts in 1-
ml samples from a 100-l raw water volume (Run 2, Set C).
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Table B60 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

58.55 112.89 58.55 63.083 20

Dispersion Index = 38.56 (df = 19):

Hypothesis of Poisson distribution rejected at 1% level of significance.



B61

Niger spores, Raw 0.1-ml

Figure B61 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for niger spore counts in
0.1-ml samples from a 100-l raw water volume (Run 2, Set C).
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Table B61 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

2.4 12.57 2.4 0.566 20

Dispersion Index = 104.75 (df = 19):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.



B62

Niger spores, Filtered 200-ml

Figure B62 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for niger spore counts in
200-ml samples from a 100-l filtered water volume (Run 2, Set C).
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Table B62 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

0.175 0.199 0.175 1.257 40

Dispersion Index = 45.5 (df = 39):

Hypothesis of Poisson distribution accepted at 5% level of significance.



B63

Niger spores, Filtered 20-ml

Figure B63 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for niger spore counts in
20-ml samples from a 100-l filtered water volume (Run 2, Set C).
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Table B63 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

0.025 0.025 0.025 -1.8 x 1014 40

Dispersion Index = 40.0 (df = 39):

Hypothesis of Poisson distribution accepted at 5% level of significance.



B64

Niger spores, Raw 1-ml

Figure B64 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for niger spore counts in 1-
ml samples from a 100-l raw water volume (Run 2, Set D).
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Table B64 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

43.3 156.2 43.3 16.61 19

Dispersion Index = 68.55 (df = 19):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.



B65

Niger spores, Raw 0.1-ml

Figure B65 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for niger spore counts in
0.1-ml samples from a 100-l raw water volume (Run 2, Set D).
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Table B65 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

2.05 4.47 2.05 1.736 20

Dispersion Index = 43.6 (df = 19):

Hypothesis of Poisson distribution rejcted at 0.1% level of significance.



B66

Niger spores, Filtered 200-ml

Figure B66 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for niger spore counts in
200-ml samples from a 100-l filtered water volume (Run 2, Set D).
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Table B66 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

0.432 0.919 0.432 0.384 37

Dispersion Index = 78.7 (df = 36):

Hypothesis of Poisson distribution rejcted at 0.1% level of significance.



B67

Niger spores, Filtered 20-ml

Figure B67 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for niger spore counts in
20-ml samples from a 100-l filtered water volume (Run 2, Set D).
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Table B67 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

0.054 0.052 0.054 -1.946 37

Dispersion Index = 35.6 (df = 36):

Hypothesis of Poisson distribution accepted at 5% level of significance.



B68

Niger spores, Filtered 200-ml

Figure B68 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for niger spore counts in
200-ml samples from a 100-l filtered water volume (Run 2, Set E).
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Table B68 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

0.075 0.071 0.075 -1.462 40

Dispersion Index = 37.8 (df = 39):

Hypothesis of Poisson distribution accepted at 5% level of significance.



B69

Niger spores, Filtered 200-ml

Figure B69 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for niger spore counts in
200-ml samples from a 100-l filtered water volume (Run 2, Set F).
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Table B69 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

0.95 6.66 0.95 0.157 40

Dispersion Index = 280.4 (df = 39):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.



B70

Coliforms, Raw 1-ml.

Figure B70 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for total coliform counts in
1-ml samples from a 100-l raw water volume (Run 3, Set A).
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Table B70 Statistical Parameters

Poisson Negative Binomial

Mean Var Mu k n

3.299 4.728 3.3 7.625 40

Dispersion Index = 45.2 (57.3 = 39):

Hypothesis of Poisson distribution rejected at 5% level of significance.
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Coliforms, Raw 10-ml

Figure B71 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for total coliform counts in
10-ml samples from a 100-l raw water volume (Run 3, Set A).
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Table B71 Statistical Parameters

Poisson Negative Binomial

Mean Var Mu k n

27.98 73.07 27.98 17.35 41

Dispersion Index = 107.1 (df = 40):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.



B72

Coliforms, Filtered 10-ml

Figure B72 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for total coliform counts in
10-ml samples from a 100-l filtered water volume (Run 3, Set A).
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Table B72 Statistical Parameters

Poisson Negative Binomial

Mean Var Mu k n

3.634 4.837 3.634 10.97 41

Dispersion Index = 54.6 (df = 40):

Hypothesis of Poisson distribution accepted at 5% level of significance.



B73

Plate count, Raw 0.01-ml

Figure B73 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for plate counts in 0.01-ml
samples from a 100-l raw water volume (Run 3, Set A).
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Table B73 Statistical Parameters

Poisson Negative Binomial

Mean Var Mu k n

73.64 411.6 73.64 16.05 39

Dispersion Index = 217 (df = 38):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.



B74

Plate counts, Raw 0.001-ml

Figure B74 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for plate counts in 0.001-
ml samples from a 100-l raw water volume (Run 3, Set A).
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Table B74 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

8.39 48.29 8.39 1.764 41

Dispersion Index = 236.0 (df = 40):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.



B75

Plate counts, Filtered 0.01-ml

Figure B75 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for plate counts in 0.01-ml
samples from a 100-l filtered water volume (Run 3, Set A).
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Table B75 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

58.02 240.64 58.03 18.44 40

Dispersion Index = 166.0 (df = 39):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.
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Plate counts, Filtered 0.001-ml

Figure B76 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for plate counts in 0.001-
ml samples from a 100-l filtered water volume (Run 3, Set A).
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Table B76 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

7.20 17.65 7.20 4.96 40

Dispersion Index = 98.1 (df = 39):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.



B77

Aerobic spores, Raw 1-ml

Figure B77 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for aerobic spore counts in
1-ml samples from a 100-l raw water volume (Run 3, Set A).
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Table B77 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

27.36 548.7 27.37 1.437 41

Dispersion Index = 822 (df = 40):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.



B78

Aerobic spores, Filtered 10-ml

Figure B78 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for aerobic spore counts in
10-ml samples from a 100-l filtered water volume (Run 3, Set A).
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Table B78 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

37.37 159.72 37.38 11.42 40

Dispersion Index = 170.9 (df = 39):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.



B79

Coliforms, Raw 10-ml

Figure B79 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for total coliform counts in
10-ml samples from a 100-l raw water volume (Run 3, Set B).
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Table B79 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

53.0 60.97 53.0 352.25 39

Dispersion Index = 46.0 (df = 39):

Hypothesis of Poisson distribution accepted at 5% level of significance.



B80

Coliforms, Raw 1-ml

Figure B80 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for total coliform counts in
1-ml samples from a 100-l raw water volume (Run 3, Set B).
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Table B80 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

9.175 7.789 9.175 -60.74 40

Dispersion Index = 34.2 (df = 39):

Hypothesis of Poisson distribution accepted at 5% level of significance.



B81

Coliforms, Filtered 100-ml

Figure B81 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for total coliform counts in
100-ml samples from a 100-l filtered water volume (Run 3, Set B).
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Table B81 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

30.85 16.32 30.85 -65.54 41

Dispersion Index = 21.7 (df = 40):

Hypothesis of Poisson distribution rejected at 1% level of significance.



B82

Coliforms, Filtered 10-ml

Figure B82 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for total coliform counts in
10-ml samples from a 100-l filtered water volume (Run 3, Set B).
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Table B82 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

4.07 3.51 4.07 -29.97 41

Dispersion Index = 35.4.0 (df = 40):

Hypothesis of Poisson distribution accepted at 5% level of significance.



B83

Plate counts, Raw 0.01-ml

Figure B83 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for plate counts in 0.01-ml
samples from a 100-l raw water volume (Run 3, Set B).
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Table B83 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

116.8 445.7 116.8 41.47 41

Dispersion Index = 156.45 (df = 40):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.



B84

Plate counts, Raw 0.001-ml

Figure B84 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for plate counts in 0.001-
ml samples from a 100-l raw water volume (Run 3, Set B).
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Table B84 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

14.19 97.11 14.2 2.430 41

Dispersion Index = 280.5 (df = 40):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.



B85

Plate counts, Filtered 0.01-ml

Figure B85 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for plate counts in 0.01-ml
samples from a 100-l filtered water volume (Run 3, Set B).
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Table B85 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

19.56 33.55 19.56 27.35 41

Dispersion Index = 70.3 (df = 40):

Hypothesis of Poisson distribution rejected at 1% level of significance.
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Plate counts, Filtered 0.001-ml

Figure B86 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for plate counts in 0.001-
ml samples from a 100-l filtered water volume (Run 3, Set B).
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Table B86 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

2.024 5.174 2.024 1.301 41

Dispersion Index = 104.8 (df = 40):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.



B87

Total coliforms, Raw 1-ml

Figure B87 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for total coliform counts in
1-ml samples from a 100-l raw water volume (Run 3, Set C).

0

5

10

15

20

25

30

35

40

0 1 2 3 4 5 6 7 8 9 10 11 12

Counts

Fr
eq

ue
nc

y

Table B87 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

6.65 5.41 6.65 -35.74 40

Dispersion Index = 32.6 (df = 39):

Hypothesis of Poisson distribution accepted at 5% level of significance.



B88

Coliforms, Filtered 100-ml

Figure B88 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for total coliform counts in
100-ml samples from a 100-l filtered water volume (Run 3, Set C).
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Table B88 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

10.35 9.65 10.36 -152.9 39

Dispersion Index = 36.4 (df = 38):

Hypothesis of Poisson distribution accepted at 5% level of significance.
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Coliforms, Filtered 10-ml

Figure B89 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for total coliform counts in
10-ml samples from a 100-l filtered water volume (Run 3, Set C).
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Table B89 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

1.51 1.50 1.512 -375 41

Dispersion Index = 40.8 (df = 40):

Hypothesis of Poisson distribution accepted at 5% level of significance.



B90

Plate counts, Raw 0.01-ml

Figure B90 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for plate counts in 0.01-ml
samples from a 100-l raw water volume (Run 3, Set C).
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Table B90 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

118.9 373.89 118.9 55.44 41

Dispersion Index = 128.9 (df = 40):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.
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Plate counts, Raw 0.001-ml

Figure B91 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for plate counts in 0.001-
ml samples from a 100-l raw water volume (Run 3, Set C).
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Table B91 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

14.146 30.08 14.15 12.56 41

Dispersion Index = 87.2 (df = 40):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.
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Plate counts, Filtered 0.01-ml

Figure B92 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for plate counts in 0.01-ml
samples from a 100-l filtered water volume (Run 3, Set C).
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Table B92 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

11.68 62.82 11.68 2.669 41

Dispersion Index = 220.5 (df = 40):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.



B93

Plate counts, Filtered 0.001-ml

Figure B93 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for plate counts in 0.001-
ml samples from a 100-l filtered water volume (Run 3, Set C).
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Table B93 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

3.95 11.04 3.951 2.20 41

Dispersion Index = 114.6 (df = 40):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.



B94

Aerobic spores, Raw 0.1-ml

Figure B94 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for aerobic spore counts in
0.1-ml samples from a 100-l raw water volume (Run 3, Set C).
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Table B94 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

12.34 377.18 12.34 0.4175 41

Dispersion Index = 1,253 (df = 40):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.
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Aerobic spores, Filtered 10-ml

Figure B95 Observed counts and cumulative negative binomial (faint line) and
Poisson (bold line) frequency distributions for aerobic spore counts in
10-ml samples from a 100-l filtered water volume (Run 3, Set C).
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Table B95 Statistical parameters

Poisson Negative Binomial

Mean Var Mu k n

24.49 1405.1 24.49 0.4343 39

Dispersion Index = 2,237 (df = 38):

Hypothesis of Poisson distribution rejected at 0.1% level of significance.
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C1

APPENDIX C INVESTIGATION OF METHODS FOR
SEPARATING CLUSTERS OF
BACTERIAL SPORES

C1 INTRODUCTION

Bacterial spores are being used increasingly for measuring the efficiency of microbial
removal through water treatment processes, particularly as a surrogate for
Cryptosporidium oocysts. However, in recent studies by WRc several aspects of the use
of these spores has cast doubt on their usefulness in this role, these include:

• inconsistencies in the performance of the analytical technique;

• apparent variability in the distribution of the spores in water samples.

These two shortcomings may have a common cause in that increased spatial heterogeneity
of spores is usually due to clustering which can also lead to inconsistencies in
quantification.

In the past the addition of a detergent (Tween 80) and vigorous shaking of samples of
waters taken from treatment streams has been used to try to break-up clusters of spores
and so provide a better measure of all the organisms present. However the efficiency of
this treatment had never been assessed and there were suspicions that it may not be totally
effective. In addition detergents like Tween 80 can inhibit the growth of some vegetative
bacteria although no reference could be found in the literature about its effect on the
spores of Bacillus.

The objectives of the studies reported in this section were to investigate if clustering of
spores does occur, and if the use of Tween 80 or other methods could be used to
advantage to promote dispersal of clumps of spores. It was also hoped to carry out similar
studies on Cryptosporidium although it was recognised that the observation of the effect
of treatments used for dispersal would be difficult on oocysts in environmental samples.
Trials with spiking of filters with suspensions of oocysts were very unsatisfactory and
caused so many doubts about the best method of study that it was decided to focus on the
use of spores.

C2 EXPERIMENTAL APPROACH

C2.1 Standard method of analysis

The standard method of analysis adopted by WRc for the enumeration of Bacillus spores
is as follows:

1. Add Tween 80 (0.1% w/v final concentration) to samples of water



C2

2. Shake vigorously for 30 seconds.

3. Heat to 80 oC in a water bath and hold at this temperature for 10 min (as measured
in a control sample blank).

4. Rapid cool the sample.

5. Membrane filter through a 47 mm diameter cellulose acetate filter with a mean
retention pore size of 0.45 µm.

6. Incubate on nutrient agar for 24-36 h at 30 oC.

7. Count all colonies.

On occasions N′N′N′ triphenyl tetrazolium chloride or trypan blue (Rice et al. 1997) was
added to the medium in an attempt to aid the counting of colonies, but this was found
rarely to be useful.

This method of enumeration was used throughout the present studies, except that
alternatives to the use of Tween 80 were used as alternative means of dispersing clumps
of spores (see next section)

C2.2 Methods of dispersing clumps

In addition to the use of Tween 80 the following pretreatments were applied to samples to
assess their effectiveness at dispersing clumps of spores.

− Manual shaking for 1 minute.

− Homogenisation at 20 000 rpm for 2 min.

− Ultrasonication (140 W/36KHz) for 2 min.

− Shaken with Tween 20(BDH) a non ionic detergent similar to Tween 80.

− Shaken with Nonidet (BDH)an alternative non ionic detergent.

C2.3 Source of samples for study

In the preliminary studies samples of River Thames water were used as a source of
environmental bacillus spores.

In later experiments, samples were taken from the treatment streams of the WRc water
treatment pilot plant, namely after coagulation and clarification (Ferric) and the filtrate
from the rapid sand filters. On one occasion a sample was taken from the middle of the
floc blanket inside the clarifier chamber since it was felt that this should be a prime source
of clustered spores.
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C3 EFFECT OF TWEEN 80

Twenty samples of River Thames water and forty samples from the rapid sand filter at the
WRc pilot plant were taken over a period of three days and analysed for Bacillus spores
with and without vigorous shaking in the presence of Tween 80 (final concentration of
0.1% w/v). A summary of the results is shown in Tables C1 and C2

Table C1 Effect of Tween 80 on the enumeration of bacillus spores in samples
from the River Thames

With Tween 80 Without Tween 80

mean 5440 7035
range 3500-1400 3900-9400

On the basis of the results shown in Table C1 there is little evidence that Tween 80 had a
dispersing effect on any clusters of spores present in the samples. If a large number of
clusters had been present and the Tween 80 was effective in dispersing them, higher
numbers of spores would have been detected in the Tween treated samples. Although the
slightly increased mean of 7035 for the treated samples suggests that this was the case,
the range of values obtained was greater for the samples not treated with Tween 80.

Table C2 Effect of Tween 80 on the enumeration of bacillus spores in samples
from the rapid sand filter

With Tween 80 Without Tween 80

mean 48 104
range 22-68 59-145

The results in Table C2 support this view. However it could be assumed that following
sand filtration there would be fewer clusters of spores than there were in the raw water. If
this was so, the results in Table C2 suggest that Tween 80 was having an inhibitory effect
on the enumeration of Bacillus spores since both the mean and range of counts was lower
in the samples treated with Tween 80.
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C2.1 Conclusion

Detergents have an inhibitory effect and so under-estimate the numbers of Bacillus spores
present.

C4 EFFECT OF PHYSICAL TREATMENTS

The effect of the physical treatments of shaking, homogenisation and ultrasonication were
investigated on samples floc material and filtrate from the rapid sand filter. The results are
shown in Tables C3 and C4.

Table C3 Effect of physical treatments on enumeration of Bacillus spores in
filtered water

Treatment mean range

None 112 38-207
Shaking 125 19-222
Homogenisation 104 28-232
Ultrasonication 109 21-240

Table C4 Effect of physical treatments on enumeration of Bacillus spores in
flocs

Treatment Mean Range

None 83 36-149
Shaking 102 72-138
Homogenisation 131 110-142
Ultrasonication 262 198-360

None of the treatments had an effect on the number of spores recovered from the samples
of filtered water. These results indicate that either none of the treatments was effective at
disrupting flocs or that filtered waters contain relatively few clusters of bacillus spores.
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The situation with the floc material was very different. With samples of this material, there
was a gradual increase in the number of spores recovered as the energy of the treatments
increased. This is demonstrated by both the mean and the ranges of counts shown in
Table C4 where shaking, the least rigorous treatment, gave a small increase in counts
compared to the use of no treatment. Homogenisation yield even higher counts than
shaking and ultrasonication, the treatment with the most energy, yielded on average three
times as many spores as were found when no treatment was applied.

The use of ultrasonics can be lethal to vegetative bacteria and to a lesser degree spores.
The increase in count shown may therefore have been greater if the ultrasonication had
any lethal effect.

C4.1 Conclusion

• Improved recovery of spores can be achieved by use of physical desorption
techniques to disrupt clumps.

• Spores become attached to particles but may not colonise them.

C5 EFFECT OF CHEMICAL TREATMENTS ON
FLOCS

The aim of these experiments was to determine if other detergents had a better
performance than Tween 80 at dispersing clusters of spores or those bound in floc
material.

The treatments compared were, no detergent, Tween 80, Tween 20 and Nonidet

A 2-litre sample was taken from the centre of the floc blanker inside the clarifier. This
sample was well shaken and stirred to try to ensure best degree of homogeneity. Four
sub-samples each of 175 ml were withdrawn and centrifuged (2800 rpm for 10 min). The
supernatant was discarded and the pellet resuspended in 150 ml of 0.1MTris/0.001M
EGTA buffer at pH 7 containing 0.1% w/v of the test detergents.

Each sample was subjected to vigorous vortex mixing for two minutes before ten
subsamples each of 10 ml were withdrawn and heat shocked for 12 min at 80 oC. After
rapid cooling the samples were analysed using the standard membrane filtration procedure
for Bacillus spores. The results are shown in Table C5.
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Table C5 Effect of different detergents on the enumeration of spores from floc

Spores (cfu/ml)

Replicate None Tween 20 Nonidet Tween 80

1 200 0 34 37
2 350 0 9 85
3 400 0 58 57
4 173 0 5 66
5 107 0 1 87
6 162 0 15 36
7 211 0 21 54
8 232 0 56 49
9 285 0 41 86
10 230 0 18 59

Tween 20 was completely inhibitory whereas Nonidet reduced the recovery of spores to
about 10 percent of that achieved in the untreated samples. Tween 80 was the least
inhibitory giving only 25 percent recovery.

C5.1 Conclusion

Detergents should not be used to desorb bacterial spores from particles of flocs since they
are inhibitory and lead to reduced recovery

C6 DISCUSSION

The results of this study have indicated that the use of detergents such as Tween 80 for
the enumeration of Bacillus spores can lead to reduced recovery of these organisms. Of
the detergents tested Tween 80 was the least inhibitory.

The use of physical methods of disrupting clumps of bacteria or releasing bacteria bound
to floc material generally led to increased recovery of Bacillus spores. The increases
achieved were generally related to the energy applied through the disruption process with
the increase in recovery being ulrasonication>homogenisation>rigorous shaking. It should
be noted however that such a result may not be achieved with vegetative bacteria which
can be killed with ultrasound. Ultrasound therefore needs to be used with care with the
optimum level of ultrasound being determined by calibration with suspensions of the
target organism.



APPENDIX D

DEVELOPMENT OF A RISK ASSESSMENT MODEL FOR
INFECTIVITY OF CRYPTOSPORIDIUM IN DRINKING
WATER (WRc REPORT TO DWI OCTOBER 1996)





DWI 4157/1
OCTOBER 1996

DEVELOPMENT OF A RISK
ASSESSMENT MODEL FOR INFECTIVITY
OF CRYPTOSPORIDIUM IN DRINKING
WATER

Final Report to the Department of the Environment





DEVELOPMENT OF A RISK ASSESSMENT MODEL FOR INFECTIVITY OF
CRYPTOSPORIDIUM IN DRINKING WATER

Final Report to the Department of the Environment

Report No: DWI 4157/1

October 1996

Authors: P Gale, P van Dijk and E Carrington

Contract Manager: G Stanfield

Contract No: 10037

DoE Reference No: EPG 1/9/82

Contract Duration: January 1996 to March 1996

Any enquiries relating to this report should be referred to the Contract Manager at the
following address:

WRc plc, Henley Road, Medmenham, Marlow, Buckinghamshire SL7 2HD.
Telephone: 01491 571 531

This report has the following distribution: 20 bound copies + 1 unbound external
4 internal





DEVELOPMENT OF A RISK ASSESSMENT MODEL FOR INFECTIVITY OF
CRYPTOSPORIDIUM IN DRINKING WATER

i

EXECUTIVE SUMMARY

Microbiological risk assessment models have been used to define targets for the degree of
pathogen removal by drinking water treatment (Surface Water Treatment Rule) and to
identify the maximum concentrations of pathogens in drinking water (Maximum
Contaminant Levels) to ensure acceptable risk from waterborne pathogens to consumers.

In this contract, funded and managed by the Drinking Water Inspectorate, components
have been assembled to develop a risk assessment model for Cryptosporidium in drinking
water supplies. Existing risk assessment models developed for Cryptosporidium, Giardia
and enteric viruses in drinking water rely on the assumption that pathogen organisms are
randomly dispersed within 100 litre or 1,000 litre volumes. One manifestation of this
assumption is that current models predict that consumers are either exposed to zero
pathogens or to doses of just one pathogen. According to current models the probability
of two or more pathogens being present in the same glass of water is negligible. Available
evidence in the literature shows this assumption is not appropriate for drinking water.

Experiments performed in this contract have demonstrated that aerobic spores, which may
serve as surrogates for Cryptosporidium oocysts, are not randomly dispersed in drinking
water but are spatially associated to some degree, with some 100-ml subsamples
containing considerably higher spore counts than others. It has been possible to
accommodate some of the spatial variation by fitting the negative binomial statistical
distribution. However, a small number of 100-ml samples contained very high counts
which could not be accommodated. Although rare in occurrence, those high count
samples could be of public health importance and need to be included in risk assessment
models.

Overall, the data and most of the methodology to develop a model for assessing risks
from waterborne cryptosporidiosis have been established in this contract. This is the first
microbiological risk assessment model to account for some of the clustering of micro-
organisms within drinking water samples. However, before a Cryptosporidium risk
assessment model can be constructed further statistical consideration is needed to:-

1. define the effect of drinking water treatment on the dispersion of oocysts,

2. and to accommodate the few samples with very high counts.

From experiments with aerobic spores reported here, the data necessary to achieve the
first of these two tasks are available. However, to characterise the rare occurrences of
very high counts, much larger numbers of samples will be required.
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1. INTRODUCTION

There is undisputed evidence that waterborne outbreaks of cryptosporidiosis can occur. In
response to outbreaks in the United Kingdom and the United States of America a great
deal of research has been carried out to gain a better understanding of this organism,
particularly with regard to its transmission by the water route.

This research has highlighted the ability of oocysts of Cryptosporidium to survive in the
aquatic environment and their tolerance of the disinfection processes used in conventional
water treatment. A consequence of this resistance to disinfection is that oocysts of
Cryptosporidium can still be present when coliform organisms, the traditional indicators
of drinking water quality, have been inactivated.

To try and ensure freedom from risk of Cryptosporidium, other control strategies have
had to be considered. Monitoring directly for the pathogen is of limited value because it
will only be present in finished waters in extremely low concentrations and analytical
procedures are both time-consuming expensive and imprecise. Risk assessment appears a
promising alternative.

In this procedure data on the concentration of the micro-organism in the source water, the
efficiency of treatment for its removal, dose-response data and exposure assessment based
on quality of water consumed is used to model the likelihood of exposure to the
pathogen.

Risk assessment models have been developed in the United States for organisms such as
Giardia (Regli et al., 1991) and enteric viruses (Haas et al. 1993). However, two
shortcomings in these models have been identified. First they do not utilise data on the
incidence of the pathogens in source waters even though monitoring at this point may be
more certain and precise. Second, current models assume pathogens are randomly
distributed within the drinking water supply and hence exposures to pathogens through
drinking water may be modelled by the Poisson distribution (Regli et al. 1991; Haas et al.
1993; Rose and Gerba, 1991; Rose et al. 1991). There is considerable evidence, however,
that bacteria, and therefore probably pathogens, are heterogeneously distributed across
the drinking water supply (Maul et al. 1985; Christian and Pipes, Pipes et al. 1977).

Furthermore there is evidence for higher than expected variability in micro-organism
counts even within 10-litre samples from the supply (Pipes et al. 1977). Thus micro-
organisms appear to exhibit some degree of clustering within the drinking water supply.
This is not considered by current risk assessment models. Those models may therefore
miscalculate the proportions of the consumers exposed to different pathogen doses.
Indeed, it was shown in “Review of Microbiological Risk Assessment and Drinking Water
Supplies” (Report DWI 3940/1, Gale 1995) that the current virus model (Haas et al.
1993) predicts that even the most exposed individual never ingests a dose of more than
one virus particle per day through drinking water.



2

It is conceivable, however, that through clustering, a small proportion of consumers could
be exposed to high doses through drinking water. Furthermore, by ignoring clustering,
current risk assessment models may over-predict the risks from more infectious agents
such as rotavirus, but under-predict the risks from less infectious agents such as Vibrio
cholerae and Cryptosporidium.

The Department of the Environment has contracted WRc to develop a risk assessment
model for predicting the infectivity of Cryptosporidium in drinking water. This work has
been managed through the Drinking Water Inspectorate. A risk assessment model would
enable an estimation of whether conventionally treated drinking water makes an
identifiable contribution to the background level of cryptosporidiosis in a community. In
addition, risk assessment models would identify whether a perceived optimisation of a
treatment regime represents a real reduction in risk of infection.

The approach is to develop a model for prediction of oocyst densities, based on water
company source data and using data for efficiency of oocyst removal in drinking water
treatment. The model is to use the United States Environmental Protection Agency’s
human infectious dose study (DuPont et al. 1995) and the Department’s drinking water
consumption study in developing estimates for exposure and risk of infection in different
sub-groups of the exposed population.

1.1 Our approach

The central theme of our approach for developing a risk assessment model for
Cryptosporidium in UK drinking water supplies is to consider the variability in micro-
organism densities within drinking water.

Oocysts tend to be present in a high proportion of raw water samples, particularly river
waters with upstream sewage works and agricultural inputs (Hutton et al. 1995).
Conventional drinking water treatment removes a percentage (but not all) of those
oocysts. For example, chemical coagulation followed by rapid gravity filtration removes
99 to 99.9% of oocysts. Our approach therefore is to attempt to model the distribution of
oocyst densities in drinking water by simulating the effect of a 99 or 99.9% removal
through treatment on the oocyst densities in the raw water. This part of our approach is
not new and has been used in Dutch models for Cryptosporidium (Medema et al. 1995)
and US models for Giardia (Rose and Gerba 1991). However, there are two problems
which those approaches do not tackle and which we hope to overcome in this study.
Those problems are:-

1. Cryptosporidium oocyst density data for surface waters are available only for much
larger volumes (typically 100 to 1000 litres) than any one consumer would drink
during a day (on average about 1 litre). Indeed, both the Dutch and US protozoan
risk assessment models used source water density data from 100-litre sampling. The
available density data, therefore, does not provide the information to enable risk
assessment models to allocate the exposures of oocyst doses to the drinking water
consumers. High resolution data at the 1-litre or even 100-ml volume sample is
required to achieve this. For example, the highest density of Cryptosporidium
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oocysts recorded in a drinking water sample in a US study (LeChevalier et al. 1991)
was almost 50 per 100 litres. This density measurement alone, however, does not
provide the information to predict exposures through drinking 2-litre volumes.
According to US risk assessment models (Haas et al. 1993) the 50 oocysts would
be randomly dispersed in that 100-litre volume and each person drinking 2 litres
from that 100-litre volume would ingest, on average, one oocyst. However, oocysts
might be more clustered in the supply, so that in an extreme case 49 consumers
ingest zero oocysts and one consumer gets all 50 oocysts in his glass. The
implications of this on the appropriateness of a risk assessment model are
considerable as discussed in Gale 1995 (DWI 3940/1).

2. A second limitation to modelling the densities of oocysts in drinking water from
source water density data and efficiency of removal by drinking water treatment is
that treatment may actually promote clustering of the oocysts. This could occur
when coagulant particles bearing concentrated oocysts break through into the
supply. In addition back-wash events could promote the release of more
concentrated oocysts into the supply. This is not considered by current approaches
(Rose and Gerba, 1991; Medema et al. 1995) to protozoan risk assessment.
Comparing statistical distributions of coliform densities from source water and its
corresponding drinking water supply suggests that variability in coliform densities
across the supply is greater than in the source water

From studies in the US (Pipes et al. 1977) it appears that even coliforms in well-mixed
10-litre volumes taken from the tap are not randomly dispersed but clustered to some
degree. Therefore an important part of this contract will be to consider:-

a) how micro-organisms are clustered in drinking water supplies

b) how drinking water treatment changes the clustering in final water relative to that in
the raw water.

Experiments with aerobic spores are described in Sections 7 and 8 and will enable the
development of risk assessment models which take into account micro-organism
clustering in drinking water at the resolution of volumes imbibed by drinking water
consumers.

It is infeasible to perform pilot plant experiments with Cryptosporidium oocysts in this
contract. Therefore, the variability between counts of a surrogate has been studied in
water samples and that information used for modelling oocysts variability. Micro-
organisms such as Bacillus spores are appropriate surrogates for oocysts because of their
resistance to disinfection.
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2. OBJECTIVES

The general objective of this contract is to develop a UK model for predicting the risk of
infection from Cryptosporidium through drinking water. The model is to take into
account micro-organism clustering in drinking water at the resolution of volumes imbibed
by drinking water consumers.

The specific objectives in the tender document from the Drinking Water Inspectorate
are:–

a) To predict concentrations of oocysts of Cryptosporidium in water supplies using
source water concentration data and estimates for the efficiency of removal during
drinking water treatment;

b) To estimate the distribution of oocysts in water supplies using methodology which
takes account of the tendency of oocysts to associate in groups;

c) To obtain information on the relative proportions of different sections of the
exposed community, including those sections considered to be at greater risk of
infection;

d) To review information on the unboiled drinking water consumption habits of
different sections of the exposed community, and the available evidence for
infectivity of oocysts via drinking water consumption;

e) To develop and assess the feasibility of fully validating a model for the risk of
acquiring cryptosporidiosis through the consumption of drinking water.
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3. PROPERTIES OF CRYPTOSPORIDIUM OOCYSTS

Cryptosporidium oocysts are about 4 µm in diameter. Gregory et al. (1991) report a
mean diameter of 4.15 µm with standard deviation of about 0.4. Results of Gregory et al.
(1991) suggested that the oocysts were not aggregated in 2% NaCl but existed almost
entirely as single oocysts. Oocysts have a low refractive index and it is possible that
treated waters with low turbidities (e.g. 0.1 NTU) could contain high oocyst densities.
Turbidity, however, is widely used for assessing the particulate impurities in water after
filtration. Particle counting, although more expensive, would be a more reliable method of
monitoring filtered water quality.

Electrical surface properties of oocysts may influence the efficiency of their removal by
coagulation and filtration. Experimentally the zeta potential is calculated. The zeta
potential is defined as the electric potential at the plane of shear between the moving
oocyst and the suspending liquid. In tap water containing 2 mM Ca++ ions, zeta potentials
for oocysts are in the range of -9 to -18 mV, i.e. oocysts have negatively charged
surfaces. The surface charge of oocysts is pH-dependent, becoming less negative as the
pH is lowered. For oocysts the isoelectric point (the pH at which net surface charge is
neutral) is about pH 4. Typical water treatment additives (e.g. aluminium sulphate and the
cationic polyelectrolyte, Percol 1697) also cause charge reversal on the oocyst surface.

3.1 Surrogates for Cryptosporidium oocysts

Gregory et al. (1991) have considered the particle properties of yeast cells and latex
particles as potential surrogate particles for Cryptosporidium oocysts. The behaviour of
yeast cells was found to be similar to that of oocysts. Latex particles have a higher
electrophoretic mobility than oocysts in tap water. In the presence of alum the mobility of
latex particles is similar to that of oocysts and yeast cells.
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4. REVIEW THE AVAILABLE EVIDENCE FOR
INFECTIVITY OF OOCYSTS VIA DRINKING
WATER

4.1 Waterborne outbreaks

There is undisputed evidence that waterborne outbreaks of cryptosporidiosis can and do
occur. Since the first identified waterborne outbreak arising from oocysts passing through
water treatment plant in Carrollton, Georgia, in 1987 there have been a number of
outbreaks in the USA, UK and elsewhere. The largest occurred in Milwaukee in 1993
when 400 000 persons were estimated to be affected, although less than 300 cases were
laboratory-confirmed. The largest outbreak in the UK occurred in Swindon and
Oxfordshire in 1989 and stimulated the establishment of the Group of Experts on
Cryptosporidium in Water Supplies, led by the late Sir John Badenoch, and subsequently
the National Cryptosporidium Research Programme. This Programme considerably
extended the knowledge world-wide of this organism, particularly in relation to its spread
by the water route.

An outbreak of disease is usually detected by a significant change in the number of cases
above the background level and usually the source can be determined by epidemiological
studies. However, the origin of the infection of the sporadic cases which form the
background level is generally not known or investigated. There is a possibility, that the
potable water supply may be a factor in the dissemination of low levels of infective
material.

4.2 Oocysts in the environment

Cryptosporidiosis is widespread in domesticated animals and common in wild animals
(Gregory 1990, Chambers et al. 1995). An infected calf may excrete up to 1010 oocysts
per day over a short period and similar numbers will be excreted by infected humans.
Most cattle infections occur in Spring, but there is recent evidence (Scott et al. 1994,
Kemp et al. 1995) that the ‘carrier state’ can exist in adult cattle which may excrete the
equivalent of 107 oocysts per day through out the year.

Oocysts quickly lose their viability when retained in manure or pen leachate (Department
of the Environment and Department of Health 1995). There is, at present, little evidence
available on the survival of oocysts, or their viability, during passage through sewage
treatment works.

Studies by Carrington and Ransome (1994) showed that oocysts exposed to the
environment in river water during the warmer conditions of Spring and Summer
deteriorated at a greater rate, both in numbers and viability, than those exposed at other
times. Similar results have been reported by Robertson et al. (1992). In controlled
conditions (Carrington and Ransome 1994) the number of oocysts declined by slightly
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more than 1 log10 order over a 22-week period at consistent temperatures between 10 oC
and 30 oC. The rate of decrease of viability was observed to be greater than the rate of
decline of numbers, indicating that they do not disintegrate rapidly following loss of
viability.

Observations in the laboratory suggest that oocysts tend to clump together when
suspended in water.

In a survey of 3 rivers in the UK, 10 sites were sampled 3 times a week over a 12-15
month period (National Cryptosporidium Survey Group 1992). Positive samples were
recovered from all sites and the oocyst concentrations ranged between 0.04 and 4 per litre
(Table 4.1). Similar data has been reported from elsewhere in the world (Carrington and
Smith 1995).

Table 4.1 Levels of oocysts observed in a survey of UK surface waters. (National
Cryptosporidium Survey Group 1992).

Site Number of samples Number of
positive samples

Range of positives
(oocysts per litre)

A1 183 9 0.07-2.5
A2 192 8 0.10-4.0
B3 171 91 0.04-2.0
B4 160 90 0.06-1.59
B5 180 103 0.06-2.48
B6 180 79 0.06-3.0
C7 108 1 0.12
C8 106 7 0.07-0.73
C9 110 5 0.10-0.81
C10 106 5 0.10-2.75

4.3 Effects of water treatment

The Group of Experts on Cryptosporidium in Water concluded that effective treatment is
the key factor in minimising the risk of waterborne cryptosporidiosis (Department for the
Environment and the Department of Health 1995). Data from laboratory, pilot and full-
scale plants demonstrate that effective removal of oocysts can be achieved by the two
principal treatment processes; two-stage chemical treatment and slow sand filtration. A
well operated plant will remove 99.9% or more of oocysts in the source water but this
may be considerably reduced if the plant is operating at less than its design optimum.

Most disinfectants are ineffective, at concentrations that are acceptable for use in potable
water, in destroying the viability of oocysts (Ransome et al. 1993).
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4.4 Infective dose

Miller et al. (1990) suggested that less than 10 oocysts could cause infection in young
macaque monkeys, but in another study, vervet monkeys were not infected by doses as
high as 105 (Smith et al 1993 and 1994). Using lambs in conditions that simulated very
young children, Blewett et al.(1992) used gnotobiotic lambs to try and simulate infectivity
in young children. and concluded that the infective dose may be as low as one oocyst.

In the only study to use human volunteers, DuPont et al. (1995) found that 30 oocysts
initiated infection in 20% of the volunteers exposed to this level. They calculated that the
ID50 (dose required to infect 50% of the subjects) was 132 oocysts for adults with no
serological evidence of previous infection with Cryptosporidium. The dose-response
curve obtained from the study of DuPont et al. (1995) is used in the risk assessment
model in Section 11.

Using iso-enzyme electrophoresis and polymerase chain reaction techniques McDonald
and Awad-el-Kariem (1995) have demonstrated some strains of Cryptosporidium are
specific to humans and others are specific to animals.

Robertson (1995) has argued that viability is not the same as infectivity and that the
different tests for determining viability measure different aspects of the state. The
convenient-to-use dye inclusion/exclusion test measures the integrity of the oocyst wall
and the potential to move to the next development stage. The excystation test confirms
the potential to release shizonts and thus, the possibility of initiating infection. Although
the mouse infectivity test confirms the ability to initiate infection, it must be emphasised
that the results may not have any relevance to infectivity in humans or other animals.

4.5 What is an outbreak

An epidemiologist would define an outbreak as two or more related cases. In practice an
outbreak is identified when the number of cases is observed to rise above the background
levels. For this observation to be made a number of events for each case must take place:

• the illness must be sufficiently persistent for the patient to approach his GP;
• the GP must be sufficiently concerned to submit a faeces sample to a laboratory;
• the laboratory practice and protocols must be such that they examine the faeces

from that class of patient for protozoan parasites (Casemore and Roberts 1993);
and

• positive results are reported to the appropriate body; this is not compulsory in
England and Wales.

An outbreak situation may be easy to identify when the patients have activities in
common, as in a party of school children visiting a farm, but it is considerably more
difficult with sporadic cases with no obvious link, such as may occur from a low level of
contamination of a water supply.
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The occurrence of cryptosporidiosis in recent years in England and Wales for humans,
cattle and sheep, from all sources of infection, is indicated in Table 4.2. For humans the
numbers indicated the number of individual cases reported, but the animal figures refer to
the number of herds involved. For the reasons outlined above these figures can only be
taken as a guide to the size of the problem.

Table 4.2 Occurrence of cryptosporidiosis in recent years in humans, cattle and
sheep in England and Wales.

Year Human Cattle Sheep
1989 7904 925 159
1990 4682 865 102
1991 5165 918 108
1992 5211 1101 95
1993 4819
1994 4424

Sources: PHLS Communicable Disease Surveillance Centre and Central Veterinary Laboratory.

It has been suggested that the first indications of the outbreak in Milwaukee in 1993 (vide
supra) was when the local pharmacies ran out mixtures for the self-treatment of
diarrhoea.

4.6 Susceptible populations

The portion of the population most susceptible to infection will be those with an
incomplete immune system, and will include the young, the elderly, those persons using
immuno-supressant drugs (eg transplant patients) and those with disease conditions that
affect the immune system, such as AIDS.

Since reporting of HIV infection began in 1982, a total of 25 276 cases had been reported
in the UK up to late 1995. Of these 11 814 had developed AIDS of whom 8112 had died
(Communicable Disease Report 1995).

The Chief Medical Officers’ Expert Group on AIDS has advised those persons with CD4
counts below 200 µl-1 to boil any water before drinking it, and also advised others with
HIV infection to seek professional advice on the subject (Department of the Environment
and the Department of Health 1995).

After comparing the prevalence of cryptosporidiosis in AIDS patients in an area of Los
Angeles County for the four years before the installation of filtration equipment at the
local water works with the four years after the installation and with the prevalence in a
neighbouring community whose water was filtered for the whole period, Sorvillo et
al.(1994) concluded that municipal drinking water was not an important risk factor for
cryptosporidiosis in those communities.
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Between April 1990 and June 1991 the Communicable Disease Control Centre (CDSC)
interviewed 191 patients who had experienced cryptosporidiosis.. Their results (Marshall,
Holmes and Stanwell-Smith 1991) are summarised in Table 4.3.

Table 4.3 The interview response of 191 cryptosporidiosis patients. (Marshall,
Holmes and Stanwell-Smith 1991)

Criteria Percent of
Respondents

Criteria Percent of
Respondents

Case status Tapwater consumption

Primary case 71 None 14
Secondary case 27 1-2 glasses d-1 35

3-4 glasses d-1 20
Gender 5-6 glasses d-1 13

Male 54 > 6 glasses d-1 3
Female 46

Foods consumed
Age Unpasteurised

milk
7

< 1 year 9 Raw meat 10
1-4 years 55 Sausages 73
5-14 years 9 Cold meat 76
15-44 years 19 Hamburgers 40
45-65 years 3
> 65 years 5 Animal contact

Pets, sick or
young

17

Symptoms Farm 20
Diarrhoea 98
Abdominal pain 58 Travel

Adults - 80% Nights away 35
Children - 50% Local 12

Vomiting 51 UK 16
Adults - 30% Abroad 6
Children - 59%

Loss of appetite 74

The study confirmed that young children are more susceptible than other age grouping.
The CDSC suggest that not only do they represent the primary cases but also pass the
infection to their susceptible peers at school or playgroup. A higher proportion of cases
lived in households where there was a child under 5 years than that shown in the 1981
census for all households in England and Wales. The authors also point out that parental
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concern ensures that children with diarrhoea are more likely to see a doctor than are
adults.

It is likely that after infection the antibodies persist in the individual for considerable
periods. In discussing ‘herd’ immunity, (i.e. the level of immunity within a community),
Casemore (1995) points out that if the levels were moderate to high this would be
indicated by relatively low levels of apparent infection in adults. This in turn means that
the young within a community are more susceptible than adults. However, he argues that
it is possible for symptomless infection to occur in the partially immune. The hypothesis of
moderate to high levels of herd immunity would also explain why travellers appear to be
susceptible to infection, as they are in contact with an antigenic type which differs from
their previous experience.

4.7 Comment

The available evidence does not dispute the possibility that sporadic cases of
cryptosporidiosis, both temporal and geographical, which may or may not be diagnosed,
may arise from small numbers of infective oocysts entering the water supply.

The Group of Experts on Cryptosporidium in Water Supplies in their second report
(Department of the Environment and the Department of Health 1995) comment “The
absence of Cryptosporidium oocysts in drinking water can never be guaranteed ...”
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5. CRYPTOSPORIDIUM DENSITY DATA FOR RAW
WATERS IN THE UK

Data are available for large volume samples in the region of 10 - 1,000 litres. Pathogens
densities are higher in raw waters than treated waters and fewer zeros are recorded.
Giardia and Cryptosporidium have been found in 53.9% and 60.2%, respectively of
surface water samples of collected in the US between 1988 and 1993 (LeChevallier and
Norton, 1995). Densities of Cryptosporidium oocysts from rivers with agricultural
drainage both in the US and the UK can be regarded as log-normally distributed (Hutton
et al 1995) as are Giardia cyst densities from three pristine rivers in the Pacific Northwest
(Ongerth 1989).

5.1 Published density data for raw waters.

Densities of both Cryptosporidium oocysts and Giardia cysts are reported to be
lognormally distributed in raw river waters (Ongerth 1989; Hutton et al. 1995).
Parameters defining log-normal distributions were estimated from the normal plots in
Hutton et al. (1995) and are presented in Table 5.1, together with the 2.5% and 97.5%
percentiles.

Table 5.1 Parameters defining log-normal distributions for Cryptosporidium
oocyst densities in five surface waters (Hutton et al. 1995).

Water Supply Log10 density (counts
per 100 litres)

Percentiles ( counts per
100 litres)

Mean
(µµ)

Std.
Deviation (σσ)

2.5% 50% 97.5%

River A (agricultural drainage) 2.929 0.575 63 850 11380
River B (rural domestic
drainage)

2.212 0.424 24 163 1104

Farmoor Reservoira. -0.5 1.575 0.0003 0.31 386
River Tillingbournea 0.0 1.88 0.0002 1 4839

Protected Watershed (Giardia)a 0.425 1.00 0.029 2.7 243
a To estimate µ and σ for pathogen densities in raw source water, best fit lines defining log-normal
distributions (Hutton et al 1995) were extrapolated because 55 - 90% of samples were below limits of
detection and contained zero counts.

5.2 UK data available

Levels of Cryptosporidium oocysts in four UK surface water sites B3, B4, B5 and C8
(Table 4.1) in the survey of the National Cryptosporidium Survey Group 1992 are plotted
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as log-normal distributions (Figs). Data appear to be approximately log-normal and
parameters are presented in Table 5.2.

Table 5.2 Parameters defining log-normal distributions for Cryptosporidium
oocyst densities in four surface water sites in the UK. Data from
National Cryptosporidium Survey Group.

Surface Water Site  Log10 density (counts per
100 litre)

Percentiles (counts per 100
litre)

Mean (µµ) Std. Deviation
(σσ)

2.5% 50% 97.5%

B3 0.624 0.833 0.406 6.80 113.9
B4 1.247 0.402 2.87 17.6 108.4
B5 1.106 0.528 0.023 3.4 495.9
C8 -0.335 0.942 0.0066 0.46 32.5

To estimate µ and σ for pathogen densities at each site, best fit lines defining log-normal distributions in
Figure 5.1 to 5.4 were extrapolated because 55 - 90% of samples were below limits of detection and
contained zero counts.
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Figure 5.1 Log-normal distribution for Cryptosporidium oocyst densities in a
UK surface water (Site B3) studied by National Cryptosporidium
Survey Group 1992.
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Figure 5.2 Log-normal distribution for Cryptosporidium oocyst densities in a
UK surface water (Site B4) studied by National Cryptosporidium
Survey Group 1992.
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Figure 5.3 Log-normal distribution for Cryptosporidium oocyst densities in a
UK surface water (Site B5) studied by National Cryptosporidium
Survey Group 1992.
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Figure 5.4 Log-normal distribution for Cryptosporidium oocyst densities in a
UK surface water (Site C8) studied by National Cryptosporidium
Survey Group 1992.

y = 0.9419x - 0.3347

-3

-2

-1

0

1

2

3

-3 -2 -1 0 1 2 3

L
og

 O
oc

ys
t D

en
si

ty
 (

/1
00

 l)

Normal score



21

5.3 Variation in densities between large volume samples in raw
water

From Table 5.1 and Table 5.2, it would appear that there is considerable variation in
oocyst densities between large volume samples (100 litres) taken from surface waters.
Furthermore some 100 litre surface water samples contain very high counts of
Cryptosporidium oocysts. In Site B5 in the UK some 2.5% of 100 litre volumes contained
over 500 oocysts. Much higher densities are apparent from the data reported in Hutton et
al 1995 (Table 5.1) with some samples containing over 10,000 oocysts.

5.4 Modelling raw water data as negative binomial distributions

In the Cryptosporidium risk assessment model (Medema et al. 1995) the variability
between oocyst counts in large volume raw water samples was modelled with the negative
binomial distribution. This approach is not appropriate for the Cryptosporidium oocyst
data in the four UK surface water sites B3, B4, B5 and C8 (Table 4.1 and Table 5.2)
because different volumes of raw water were analysed. This may also be a limitation of
the model of Medema et al. 1995.



22



23

6. REVIEW UNBOILED TAP WATER CONSUMPTION
IN THE UK FOR DIFFERENT SECTIONS OF THE
COMMUNITY

6.1 Total tap water consumption

Means for total tap water consumption in the 1978 (Hopkin and Ellis 1980) and 1995
(M.E.L. Research 1995) UK surveys are compared in Table 6.1. Since statistical
distributions for tap water consumption are highly skewed and suggested to be log-normal
(Roseberry and Burmaster 1992), the arithmetic mean is not a particularly good estimate
of central tendency, being influenced by a few values with large magnitudes. The median
would have been a more appropriate estimate.

Table 6.1 Mean tap water intakes (litre person-1 d-1) in UK.

Year Male Female

1978 1.07 in adults

1995 1.127 1.149

6.2 Boiled vs. unboiled water

Most waterborne pathogens are inactivated by boiling. Therefore, unlike risk assessment
models for chemical parameters, microbiological risk assessment models should only
consider the consumption of unboiled tap water. Current microbiological risk assessment
models developed by the US EPA (Regli et al. 1991; Haas et al. 1993) use a value of 2 l
person-1 d-1. The Cryptosporidium model of Medema et al. (1995) uses data on log-
normal frequency distributions from Roseberry and Burmaster (1992). However, both
approaches appear not to distinguish unboiled and boiled tap water consumption. Indeed,
tap water intake in the analysis by Roseberry and Burmaster (1992) is defined as the sum
of water drunk directly as a beverage, and water added to foods and beverages during
preparation. Thus, the microbiological risks from current microbiological risk assessment
models are likely to be overestimated to some degree by not considering the proportion of
pathogens inactivated through boiling.

The proportion of tap water consumed after boiling will vary between countries and
within a country depending on culture. In the UK, for example, almost 80% of tap water
is consumed as coffee or tea (Table 6.2). For this reason, risk assessment models will
need to be calibrated for use within a particular country.
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Table 6.2 How tap water is consumed in the UK in 1995. Taken from National
Drinking Water Survey 1995 by M.E.L. Research.

Type of Drink % of all tap
consumption

Water 9.2

Tea 49.2

Coffee 29.1

Hot drinks other 7.5

Other sources 1.8

According to the 1995 survey it would appear that, in total, only 12.4% of tap water in
the UK is consumed unboiled (Table 6.2). In the 1978 survey (Hopkin and Ellis, 1980)
the mean for hot tap water-based drink consumption (0.95 l person-1 d-1) was considerably
greater than for cold tap water-based drink consumption (0.12 l person-1 d-1). This would
suggest that in 1978, on average, only 11% of tap water was consumed unboiled in the
UK. Between 1978 and 1995, therefore, it would appear that the proportion of tap water
boiled has not changed much (Table 6.3).

Table 6.3 Unboiled tap water consumption in the UK national surveys.

Survey % tap water unboiled

WRc 1978 11.2%

M.E.L.
1995

12.4%

6.3 The statistical distribution for consumption of unboiled tap water
in the UK.

A frequency distribution for consumption of cold water drinks in the UK 1978 study is
shown on page 27 of Hopkin and Ellis (1980). The distribution is skewed and could be
approximately log-normal as reported in the US study (Roseberry and Burmaster, 1992).
The original data are no longer available (Ellis, personal communication). However, using
the frequencies for each volume class consumed estimates for the geometric mean and
variance may be obtained (Table 6.4).
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Table 6.4 Log-normal distribution for consumption of unboiled tap water.

Study µµ σσ Percentiles (litres head-1 day-1)

log10 log10 2.5% 50% 97.5%

UK 1978 -0.76 0.345 0.036 0.173 0.823

US 20 - 65 age groupa -.091 0.212 0.047 0.123 0.322

asumming 11.2% of tap water is consumed unboiled (Table 6.3).

Table 6.4 also shows the different percentiles for the log-normal distributions for unboiled
tap water consumption calculated from the formulae:-

2.5 percentile = 10(µ - 1.96σ).

50 percentile (geometric mean) = 10(µ).

97.5 percentile = 10(µ + 1.96σ).

In the UK in 1978, 95% of the population drink between 36 and 823 ml of unboiled tap
water per person per day. Parameters describing a log-normal distribution for unboiled
drinking water consumption in the UK are also presented in Table 6.4 based on the
consumption for the 20 - 65 year age group in the US study (Roseberry and Burmaster
1992) and assuming that UK consumers drink 11.2% of the tap water as unboiled (Table
6.3). Using this approach the 97.5% for volume of unboiled tap water consumed is much
lower than reported in Hopkin and Ellis (1980).

6.4 Age variation in unboiled tap water consumption

In the 1978 UK survey (Hopkin and Ellis, 1980) beverage consumption was categorised
according to different age groups. In general, total tap water intake increased until about
the age of 18 (Table 6.5). The mean volume of total tap water boiled for tea or coffee also
increased with age. Mean intakes of tap water not consumed as tea and coffee are
calculated in Table 6.5. In general in males over the age of 18, less than 20% (by volume)
of tap water is consumed unboiled. In male children under the age of 11 years, the intake
of unboiled tap water is much greater, accounting for over 50% of total tap water
consumed. This corresponds with higher consumptions of cordial by children.
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Table 6.5 Summary of mean tap-water based intakes (l person-1 day-1) for males
in different age groups. Data from 1978 UK study (Hopkin and Ellis
1980).

Age Group Total Tap Water Tea & Coffee Unboiled (%)* Cordial

1-4 0.477 0.227 0.250 (52%) 0.188

5-11 0.550 0.241 0.309 (56%) 0.133

12-17 0.805 0.512 0.293 (36%) 0.090

18-30 1.006 0.816 0.190 (19%) 0.054

31-54 1.201 1.064 0.137 (11%) 0.020

55+ 1.133 1.012 0.121 (11%) 0.020

*calculated as tea and coffee intake subtracted from total tap water intake
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7. DISPERSION OF MICRO-ORGANISMS IN
DRINKING WATER SUPPLIES

7.1 Pathogen density data needed for risk assessment

The dispersion of micro-organisms in drinking water is a key factor in determining the
pathogen doses to which drinking water consumers are exposed. Pathogen density data in
drinking water supplies are typically reported for sample volumes in the order of 100 -
1,000 litres (LeChevallier et al. 1991; Payment et al. 1995). The problem is that volumes
of unboiled tap water consumed per person per day are at least two orders of magnitude
smaller (Table 6.4).

Therefore to provide a complete picture of the variation in pathogen densities in the
drinking water supply, information is needed on the variability in pathogen densities at
two levels:-

1. Between 100 or 1,000 litre volumes

2. Within 100 or 1,000 litre at the volumes imbibed daily(30-800 ml of unboiled
water)

7.2 Variation in pathogen density between 100 litre or 1,000 litre
volumes

For the purpose of predicting pathogen densities in drinking water from raw water data it
is assumed that the variation in counts between 100 litre or 1000 litre volumes is the same
as that in the raw water (5.1 and Table 5.2).

7.3 Spatial variation in pathogen counts within 100 litre volumes

7.3.1 Published evidence for coliform clustering in 10 l samples

Pipes et al. (1977) studied the variability in coliform counts between 100-ml subsamples
taken from a 10-litre tap water sample. Even in such a small volume the coliforms were
not randomly dispersed but spatially associated to some degree. Indeed superimposing a
Poisson distribution on the frequency histogram for observed counts showed that a higher
number of 0/100-ml counts were observed than expected and, at the other extreme, a few
samples contained much higher counts than expected. Those experiments suggest that the
β-Poisson or exponential dose-response curves used in current risk assessment models
(Regli et al. 1991; Haas et al. 1993; Medema et al. 1995) are not appropriate.
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7.3.2 Evidence for pathogen clustering in drinking water

Pathogen densities measured in the drinking water supply in 100 - 1,000 l volumes also
show variation, with most samples registering zero, but some with high counts (Table 1).
Densities of Cryptosporidium oocysts and Giardia cysts in raw waters show large
variation and appear to be log-normally distributed (Hutton et al. 1995). Drinking water
treatment while diminishing pathogen densities by several log orders may promote
clustering further. Thus, chemical coagulation concentrates Cryptosporidium oocysts into
floc particles some of which, perhaps laden with oocysts or other pathogens, may break-
through into supply. Filtration also concentrates pathogens. The practice of recycling filter
backwash water with highly concentrated Cryptosporidium oocysts may overwhelm
filtration resulting in break-through of oocysts into finished water (Lisle and Rose 1995).
Such break-through events are more likely to release pathogens as concentrated clusters
into the supply than as a dilute, homogeneous stream.

Rogers and Keevil (1995) have demonstrated that C. parvum oocysts attach in clusters to
biofilms in aquatic environments and are able to persist and survive for several weeks
within that biofilm community at 20°C. Rogers and Keevil (1995) suggest that subsequent
sloughing of biofilm may release a small but effective dose of oocysts into the water
system.

Cryptosporidium data

Evidence that treatment does increase the variation in densities of Cryptosporidium
oocysts between samples is provided by large scale pilot plant trials (Hall et al. 1995).
Raw waters were spiked with relatively homogeneous oocyst densities of 300 - 800 l-1.
After coagulation and filtration oocysts were not detected in half of the 1,000 l samples
analysed but numbered between 10 and 600 in the remaining 1,000 l samples, suggesting
that oocyst densities varied over 600-fold in the treated waters.

The authors note that there was no indication that the higher oocyst levels were
associated with greater spiked concentrations or occurred at times of high filtered water
turbidity. However, most of the higher values for oocyst concentration occurred when
there were indications of operational abnormalities on the plant, such as increased clarified
water turbidity or high metal ion coagulant concentration in the filtered water, usually
when the raw water turbidity was higher than usual.

7.4 Experiments to determine statistical distribution of micro-
organisms within 100 litre volume drinking water samples

7.4.1 Objectives

The aims of the experiments described in this section are two fold:-
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• To determine how micro-organisms are dispersed in large volume samples at the
resolution of volumes imbibed by drinking water consumers.

• To determine how drinking water treatment changes micro-organisms dispersion
relative to that in the raw water.

This information will facilitate the development of risk assessment models by enabling:-

• the allocation of pathogen doses to consumers through drinking water, and

• the prediction of pathogen densities in drinking water from raw water data and known
removal efficiencies by drinking water treatment

7.4.2 Methods

Pilot plant experiments involving the spiking of raw waters with Cryptosporidium oocysts
were not feasible because the intensity of sampling and analysis required would have been
prohibitively expensive. In addition the precision of the analysis technique for
Cryptosporidium is low placing further uncertainty in the results. Therefore, aerobic
spores were used as surrogates. The drinking water treatment pilot plant, at WRc
Medmenham, could not be used because of cold weather damage. A drinking water
treatment works was therefore chosen where raw water samples and samples after PAC
precipitation and rapid gravity filtration could be collected. The sampling points used
were clean metal taps. Preliminary microbiological analyses showed no coliform bacteria
in the filtered waters, reflecting low numbers in the raw waters. Suitable numbers of
aerobic were present in the filtered waters. Experiments therefore focused on monitoring
spores in a 100-l volume of raw and filtered samples.

Sampling protocol.

Volumes of 100-l were sub-sampled from stainless steel taps at the treatment works. The
flow rate was adjusted to just over 4 l min-1. Exact flow rates were measured before and
after taking the 100-l volume because the flow rate dropped by 10 - 20%. An average
flow rate was used to calculate the total volume of water. The tap was allowed to run for
5 min before commencing sampling. Sub-samples of 150-ml were taken every 30 s for
filtered water and every minute for raw water. Sub-samples were collected in sterilin
bottles and stored at 4°C in the dark during transit. Analyses were performed within 2 h.

Analyses of aerobic spores.

To break up clumps of micro-organisms, Tween detergent (0.1% v/v) was added to the
samples with shaking 30 m prior to analysis. Samples were heated to 80°C in a water bath
and maintained at the temperature for 12 minutes to destroy all vegetative organisms. For
the 20 raw water samples, serial dilutions of 0.9 ml and 0.1 ml were analysed by
membrane filtration (18 h; 30°C). For the 40 filtered water samples, 100 ml and 10 ml
volumes were analysed.
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Counting colonies

For these experiments it was crucial to ensure that any variability between plates was real
and not an artefact of the enumeration method. Therefore, consistency between plates in
the counting of colonies was of critical importance. In initial experiments it was difficult
to be sure that the same counting procedure was being used for all plates. A major
problem was the small size of many colonies after 18 h incubation. While some colonies
were visible to the naked eye, many more smaller colonies became apparent using a
magnifying glass. In the first two sampling exercises, colonies counts were only made at
18 hr. In subsequent experiments it was found that colonies were more easy to detect if
2,3,5-triphenyl-tetrazolium chloride (TTC) was added under the filter 1 hr before
counting. TTC stains metabolically active colonies red. A further 18 hr incubation at 30°C
with TTC produced larger colonies which greatly facilitated counting although on
occasions plates would be unreadable because some colonies became too large. There was
a need to define a standardised method for enumeration to ensure consistency.

The standardised method is as follows. Colonies were counted after 18 h (with TTC) and
again at 36 h at 30°C. All red-stained colonies apparent with a magnifying glass were
counted. Colonies were counted independently by two staff. Counts at 36 h were used.

7.4.3 Results

Sampling exercises were performed on seven days during February. Means and variances
for sub-samples in 100-l filtered and raw water volumes are shown in Table 7.1 and Table
7.2. The method of counting is also indicated.
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Table 7.1 Statistics for aerobic spores in 100-ml volume samples from 100-l
filtered water samples after PAC coagulation and rapid gravity
filtration.

100 ml 10 ml Counting

mean variance n mean variance n Efficiency

1 40.07 189.1 41 4.27 6.60 41 not standardised

2 43.4 66.9 38 2.36 2.29 38 not standardised

3 65.1 522.2 36 9.54 16.7 33 standardised but
only counted by

one member of staff

4 65.1 169.4 40 3.15 4.18 40 not standardised

5 56.3 5705 39 9.35 98.6 40 standardised

6 75.7 2293 39 7.55 24.25 39 standardised

7 most counts over 200 30.8 44.1 32 standardised

Table 7.2 Statistics for aerobic spores in 100-ml volume samples from 100-l raw
water samples.

0.9 ml 0.1 ml

mean variance n mean variance n Counting

1 not standardised

2 15.8 19.2 16 2.1 1.58 16 not standardised

3 24.6 3.4 8 3.57 5.70 19 standardised but
only counted by one

member of staff

4 27.1 52.6 18 3.85 4.76 20 standardised

5 22.9 12.7 17 2.3 1.8 20 standardised

6 43.6 60.5 17 6.44 6.37 18 standardised
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The standardised method, which worked well with good agreement between the two staff,
was only implemented in the last three sampling exercises (Table 7.1 and Table 7.2).
Counts recorded in Experiment 3 were determined by the standardised method, but only
enumerated by one member of staff. For the purposes of the development of risk
assessment models it is only acceptable to rely on data obtained during exercises 3, 5, 6,
and 7. To give some indication of whether the counts are Poisson distributed, the
dispersion index is calculated as:-

sample variance x number of samples (n) / sample mean

The dispersion index is then compared with the tabulated value of χ2 with (n - 1) degrees
of freedom. The hypothesis that spore counts are Poisson distributed would be rejected if
the dispersion index exceeded the upper 5% point of χ2 in the statistical tables. Dispersion
indices together with the level of statistical significance at which the Poisson model is
rejected are presented for sampling exercises 3, 5, 6, and 7 in Table 7.3.

Table 7.3 Dispersion indices (degrees of freedom) for aerobic spores in raw and
filtered water.

Filtered Raw

100 ml 10 ml 0.9 ml 0.1 ml

3 288.5 (35)** 57.9 (32)*** 1 (7) 30.2 (18) NS

5 3951 (38)*** 421.8 (38)*** 34.9 (17)** 24.7 (19) NS

6 1181 (38) *** 125 (38)*** 9.4 (16) NS 15.7 (19) NS

7 nd 45.7 (31)* 23.6 (16) NS 17.8 (17) NS

nd, Not determined
Statistical significance at which hypothesis of Poisson distribution is rejected is indicated; * 5%; ** 1%;
*** 0.1%; NS, Not significant

The main finding is that in all the filtered waters examined the distribution of aerobic
spores in 100-ml and 10-ml sub-samples from a 100 litre volume were not randomly
distributed (Table 7.3). In contrast, counts were not incompatible with Poisson
distributions in six of the eight analyses performed on the raw water samples. This would
suggest that treatment could increase the variability of counts within 100-l volumes
relative to the Poisson distribution.

The most striking example was found in sampling exercise 5. Variation in spore counts
between 100-ml sub-samples are compared in 100 l volumes of raw and filtered water in
Figure 7.1 and Figure 7.2. In both figures densities (/100-ml) are plotted as logarithms on
Normal probability plots. The raw water densities were calculated as the sum of the 0.9
and 0.1 ml counts multiplied by 100. In Figure 7.1, filtered water densities are calculated
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as the 10-ml volume multiplied by 10. In Figure 7.2, counts form 100-ml volumes are
used.

It is apparent from Figure 7.1 that spore counts vary more within the filtered water than
with in the raw water. Thus, while the average count from the 40 x 10-ml filtered samples
was 9.35, three samples contained no spores and four samples contained more than 30
spores. This is considerable variation.

Inspection of the 100-ml counts (Figure 7.2) shows some evidence of spore clustering in
the filtered water. Thus, although variation between counts in 34 of the 39 filtered
samples appeared similar to that in the raw waters, the other five samples showed higher
counts. Indeed the highest count, (488) was almost nine-fold the mean (Table 7.1).

Plotting the spores counts (per 100-ml) as a function of the cumulative volume of the
filtered water ‘run’ from the 100 litre sample for the 10 ml samples in Exercise 5 showed
that the high counts did not all occur in the same region of the 100 litre sample (Figure
7.3). Spikes are apparent.

Evidence of clustering was also apparent in Exercise 6. In particular, one sample
contained much higher spore counts than the others (Table 7.4).

Table 7.4 Aerobic spore counts were much higher in one sample than the other
39 filtered water samples. Data for Experiment 6.

Volume Mean* Range* Sample 7

100 ml 68.2 49 - 96 359

10 ml 6.9 1 - 14 33

*excluding sample 7

7.4.4 Discussion

Seven exercises have now been conducted to establish the variation in counts of micro-
organism in large volume samples at the resolution of volumes imbibed daily by drinking
water consumers. Aerobic spores were used as surrogates for Cryptosporidium oocysts.
Consistency in the counting method used for colonies after membrane filtration is of
critical importance. A ‘standardised’ counting method has therefore been developed and
was applied for four of the seven exercises.

The effect of drinking water treatment (poly aluminium chloride coagulation followed by
rapid gravity filtration) on the dispersion of aerobic spores was measured in samples taken
from a local treatment works. Spore counts were enumerated by membrane filtration in
100 ml sub-samples from 100 litre raw and treated water volumes. Results obtained so far
suggest that aerobic spores are not randomly (Poisson) distributed within large volume
samples of the treated water (as is assumed in current microbiological risk assessment
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models). Indeed, counts showed greater variation than expected in the Poisson model.
There was evidence to suggest that in some cases spore counts within large volume raw
water samples were randomly (Poisson) distributed. Thus drinking water treatment, while
decreasing spore counts, appeared to increase the variability in counts between samples.

There was evidence to suggest that treatment promoted the clustering of spores. Indeed,
spore counts were four to eight-fold higher than the mean count in a small proportion of
sub-samples taken from the 100 l treated water volume. In one 100 l volume analysed, the
clusters appeared not to be spatially related. No evidence for clustering was found in the
raw waters. The actual degree of clustering may be greater because only 4% (40 x 100-
ml) of each 100 l volume sample was analysed. Furthermore there is evidence to suggest
that biofilms in the drinking water distribution itself may further promote the clustering of
Cryptosporidium oocysts.

These findings are of considerable importance for the development of microbiological risk
assessment models for drinking water.
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Figure 7.1 Variation in spore counts between 150 ml sub-samples in 100 l
volumes of raw and treated water (10 ml counts) from Experiment 5
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Figure 7.2 Variation in spore counts between 150 ml subsamples in 100 l volumes
of raw and treated water (100 ml counts) from Experiment 5
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Figure 7.3 Variation in counts of aerobic spores between 150 ml subsamples from
a 100 l sample of treated water. Data for 10 ml sub-volumes in
Experiment 5.

0

5

10

15

20

25

30

35

40

0 20 40 60 80 100

Volume (litres)

Sp
or

e 
co

un
ts

 (
pe

r 
10

0 
m

l)



38



39

8. MODELLING BACTERIAL COUNTS IN DRINKING
WATER BEFORE AND AFTER TREATMENT

8.1 Statistical methods

8.1.1 Poisson distribution

The counts of oocysts in fixed volumes of water are subject to stochastic variation, i.e.
different samples from the same body of water contain different numbers of oocysts. To
compare visually the degree of variation between counts in raw and treated water the log-
Normal distribution has been assumed in Figure 7.1 and Figure 7.2. This is not completely
satisfactory for a number of reasons:-

1. The log-Normal distribution is a continuous distribution whereas the count data is
discrete.

2. Zero counts found in samples cannot be adequately handled by the log-Normal
since logarithm of zero is minus infinity. When estimating the parameters, whether
by graphical methods or by method of maximum likelihood, the ‘censoring’ of a
possibly large proportion of the data is unsatisfactory.

A more natural theoretical statistical distribution for discrete count data is the Poisson
distribution. Here zero counts are perfectly acceptable. The chief assumptions required for
the Poisson distribution are that the average rate of occurrence is fixed and the chance of
occurrence is small enough to ignore the possibility of two or more simultaneous
occurrences. The Poisson distribution has been found satisfactory in many practical cases,
such as the number of faults in each square metre in sheets of glass, the number of radio-
active particles detected by a Geiger counter in each second and the number of hits by V2
rockets in each quarter square mile during World War II.

The formula for the Poisson distribution is:

P r e rr( ) / != −λ λ

where P(r) is the probability that r organisms will be observed and λ

is the Poisson parameter. The distribution has mean:

E(r) = λ

and variance:

Var(r) = λ.
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An important property of the Poisson distribution is that it has only a single parameter, λ,
which is equal to the mean density. However, the variance of the Poisson distribution is
equal to the mean and hence is fixed once the mean is defined..

This inflexibility in the variance can be a disadvantage in many real life situations since the
variance is often greater than the mean. This is known as “over-dispersion”. It can occur
where there the underlying mean density varies from place to place within the
environment. This phenomenon is sometimes known as clustering.

When over-dispersion occurs, it is not valid to ignore it and continue with an analysis
based on the Poisson. Two alternative methods of analysis can be used. Either another
distribution, such as the Negative Binomial distribution, can be invoked, or the Poisson
analysis can be modified to allow for the excess variation. Both methods were considered
in this project.

8.1.2 Negative Binomial distribution

Suppose that the variation in the counts of an organism has a Poisson distribution with
mean density λ locally, but that λ varies over a wider region according to the Gamma
distribution. (The Gamma distribution is a continuous distribution, which takes only
positive values and is skewed to the right.) Then it can be shown that the distribution of
the organism over the wider area has a Negative Binomial distribution.

The Negative Binomial distribution can be expressed in a number of ways, but always has
two parameters. We shall use the formula from Johnson and Kotz (1969):

P r
r k

k k

k

k

r k

( ) =
+ −
−









+








+








1

1
µ

µ µ

with E(r) = µ and Var(r) = µ+µ2/k = µ(1+µ/k)

Thus µ is the location parameter and k is a scale parameter. It is clear that Var(r) > E(r)
provided k>0. The maximum likelihood estimate of µ for fixed k is simply the mean of the
samples. k can be estimated using the method of moments by equating the sample
variance to µ(1+µ/k) and substituting the sample mean for µ, but this usually gives a
relatively poor estimate. The maximum likelihood estimation of k involves an iterative
procedure, but this can be performed with the statistical package GENSTAT, which also
gives standard errors for the estimates.

Other distributions considered included Neyman’s Type A (Neyman 1939) and Polya-
Aeppli (Anscombe 1950), but these seemed less appropriate than the Negative Binomial
since they involve recognisable clusters. In Neyman’s Type A the number of clusters is
distributed as Poisson (λ1) and the number within a cluster is distributed as Poisson (λ2).
In the Polya-Aeppli the number of clusters is distributed as Poisson (λ) and the number
within a cluster is distributed as Geometric(τ).
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8.1.3 Over-dispersed Poisson and GLM

Where it is necessary to relate a response variable, such as the oocyst count, to
explanatory variables, such as treatment parameters, the standard statistical procedure is
to employ Generalised Linear Modelling (GLM). Where the distribution of the response
variable is Poisson, the form of GLM generally used is called the log-linear model. Where
different volumes are used, as in this exercise, it is possible to allow for this in the model
by using the log of the volume as an offset.

However, where the response variable is Negative Binomial, constraints on the
methodology restrict the use of GLM to cases where k is fixed and known. This is a
severe drawback since generally there is no prior knowledge of the value of k.

In order to be able to perform a GLM analysis, a tractable solution is to fit a Poisson
model but to allow the variance to exceed the mean. This over-dispersed Poisson model
was fitted using GENSTAT, and the over-dispersion was taken into account in the
estimation of standard errors of the estimates.

8.2  Results

8.2.1 Negative binomial distribution

Negative binomial distributions were fitted to the data from each of the four sampling
experiments (3,5,6,7), separately for each sample (volume collected = 100 ml and 10 ml
samples in the raw and 0.9 ml and 0.1 ml in the filtered water). The fitting was performed
using the DISTRIBUTION directive in GENSTAT 5.3.1. Unfortunately, GENSTAT
failed to converge in three cases for reasons not clear at present. The fitted cumulative
distribution curves comparing observed and fitted values are illustrated for raw (Figure
8.1) and treated waters (Figure 8.2 and Figure 8.3) in experiment 5 and raw (Figure 8.4)
and treated water (Figure 8.5) in experiment 6. The estimated parameters with standard
errors are shown in Table 8.1. Two treated water samples with extreme high counts (488
and 359 per 100-ml) were excluded from the analyses for experiments 5 and 6 because
they could not be fitted with the negative binomial distribution.
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Figure 8.1 Observed counts and cumulative negative binomial frequency
distribution for spore counts in raw water samples (Experiment 5, 0.1
ml volume)
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Figure 8.2 Observed counts and cumulative negative binomial frequency
distribution for spore counts in treated water samples (Experiment 5,
100 ml volume). Sample with 488 counts/100 ml excluded.

Group 5; Treated, 100 ml

0

5

10

15

20

25

30

35

40

0 20 40 60 80 100 120 140 160

Count

F
re

q
u

en
cy

Observed

Neg.Binom.



44

Figure 8.3 Observed counts and cumulative negative binomial frequency
distribution for spore counts in treated water samples (Experiment 5,
10 ml volume)
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Figure 8.4 Observed counts and cumulative negative binomial frequency
distribution for spore counts in raw water samples (Experiment 6, 0.9
ml volume)
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Figure 8.5 Observed counts and cumulative negative binomial frequency
distribution for spore counts in raw water samples (Experiment 6, 10
ml volume)
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The cumulative frequency curves indicate that the Negative Binomial distribution provides
a good fit to the data. None of the fits were significantly poor when tested using the chi-
square goodness-of-fit test (although with the small samples involved this is not a very
powerful test).

Table 8.1 shows comparable means for the same combination of treatment and volume
but considerable variation in the estimates for k. Negative estimates for k indicate that the
variance of the data was less than the mean (‘under-dispersed). The relatively large value
of the standard errors for k reflect the sensitivity of k to small differences in the spread of
observations about the mean.

Table 8.1 Fitted Negative Binomial parameters for spore data.

Experiment Water
type

Volume
(ml)

No. of
samples

Mean
$µ

s.e. $k s.e θθ

3 Filtered 10 33 10.0 0.96 5.5 2.7 2.81

3 Raw 0.9 8 24.7 0.73 -29.8 3.0 0.17

3 Raw 0.1 19 3.6 0.55 6.8 6.6 1.53

5 Filtered 100 39 45.0 3.44 5.0 1.2 10.03

 51 Filtered 100 38 42.2 2.84 7.0 1.8 7.07

5 Filtered 10 40 9.8 1.56 1.2 0.3 9.42

5 Raw 0.9 18 27.4 1.81 24.6 16.6 2.11

5 Raw 0.1 20 3.9 0.51 11.7 17.1 1.33

6 Filtered 100 39 68.3 1.81 83.3 42.2 1.82

 62 Filtered 100 38 68.4 1.86 75.4 36.8 1.91

6 Filtered 10 40 6.9 0.43 140.6 701.2 1.05

6 Raw 0.9 17 22.9 0.92 -59.8 32.2 0.62

6 Raw 0.1 20 3

7 Filtered 10 32 3

7 Raw 0.9 17 43.9 1.95 95.5 111.0 1.46

7 Raw 0.1 18 3

1Excluding sample with 488 counts
2Excluding sample with 359 counts
3Failed to converge.
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The variation between counts in 150 ml subsamples within the 100 litre treated water
samples is accommodated by the fitted negative binomial distributions. Good fits are
apparent even when most of the samples with higher counts are included. Thus in
Experiment 5, a negative binomial model could be fitted accommodating the four samples
with over 30 spores per 10-ml despite most samples containing less than 10 spores
(Figure 8.3). Similarly in Exercise 6 a negative binomial model could be fitted with one
subsample containing 35 spores per 10-ml, despite most samples containing less than 15
spores (Figure 8.5). Similarly, in experiment 5, three 100-ml subsamples contained 100 to
160 spores despite most samples from that 100 litre volume of treated water containing
fewer than 50 spores. Including those three samples, the curve fitted the rest of the data
well (Figure 8.2). However, the fit was poor without excluding the high count sample
with 488 spores per 100-ml. That point is therefore omitted in the fitted curve in Figure
8.2. Similarly it was necessary to exclude a 100-ml sample with 359 spores from the
treated water in Exercise 6 to give a good fit to the rest of the data. It is concluded that
the variations between counts in the majority of 10 or 100-ml subsamples within the 100
litre volumes of treated water are accommodated by the fitted Negative Binomial
distributions but there is problem with rare occurrences of subsamples with extreme high
counts. It was not possible to infer whether this problem was specific to this investigation
or whether it occurs more generally.

The degree of variation between 150-ml subsamples from the raw waters was
considerably lower (Figure 8.1 and Figure 8.4).

8.2.2 Log-linear Model

The log-linear model with a Poisson error structure has the following useful and
important properties:

1. it enables a common model to be fitted to data observed in different volumes, in
both raw and final water samples collected on different days;

2. this model provides estimates of the reduction in counts due to treatment; and

3. a dispersion parameter is estimated which represents the amount of over-dispersion
compared with the Poisson distribution.

Two slightly different models were used. In the offset model, different sample volumes
were accounted for by using the log of the sample volume as an offset. In the factor
model, the volume enters the model as a categorical variable (known as a ‘factor’ in
GENSTAT). Thus, the offset model is

ln lnµ βi i iv x= +

and the factor model is

ln µ δ βi j ij iV x= +
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where µi is the expected count in cell i,
vi is the sample volume for cell i
xi is the value of the explanatory variable in cell i,
β is a fitted coefficient for xi

Vj is a fitted parameter for volume vj

δij is a dummy variable taking the value 1 if cell i had sample volume vj and 0 
otherwise

The explanatory variable was the water type, i.e. a factor taking the value 0 for Raw
water and 1 for Filtered water.

The log-linear model was applied to each sampling exercise separately. Full results are
shown in the Appendix, but estimates of the dispersion parameters are shown in Table
8.2. From this, it is apparent that exercises 3, 6, and 7 possessed similar dispersion
parameters but that exercise 5 was much more variable. This reflected the greater
variation in counts between subsamples from the 100 litre treated volume in Exercise 5.

Table 8.2 Estimates of dispersion parameters from log-linear model

Exercise Offset model Factor model

3 1.82 1.80

5 8.55 7.41

6 1.68 1.68

7 1.37 1.28

For the next stage of the analysis, data from exercises 3, 6 and 7 was combined and the
offset model was fitted to the combined data. The dispersion index was estimated to be
2.19 and the fitted model for cell i:

ln . . . .µ ω γ γi i i i= − − +323 317 0 39 0876 7

where ω and γ are dummy variables taking the values 0 or 1:
ωi takes the value 0 for raw water and 1 for filtered water
g6i takes the value 1 for exercise 6, 0 otherwise.
g7i takes the value 1 for exercise 7, 0 otherwise.

(All four fitted parameters had standard errors between 0.05 and 0.07.)

Thus, water treatment effects an reduction of exp(3.17), i.e. a 24-fold reduction.
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8.3 Discussion

The spatial variation in spore counts, in the volumes of water imbibed daily by consumers,
within 100 litre volumes of drinking water can be modelled with the negative binomial
distribution. However, a few samples contained very high counts which could not be
accommodated by the negative binomial distribution. Although rare events those high
count samples could be of importance in non-epidemic levels of waterborne
cryptosporidiosis. To characterise them more fully, further sampling experiments are
required.

It is clear from visual inspection of Figure 7.1 and Figure 7.2 that alum coagulation
followed by rapid gravity filtration in drinking water treatment not only remove a
considerable proportion of aerobic spores but also promote clustering. The degree of
removal as determined by the log-linear model was 24-fold (i.e. 95.8% removal).
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9. MODELLING THE VARIABILITY OF EXPOSURES
TO TOTAL HETEROTROPHIC BACTERIA
THROUGH DRINKING WATER

Densities of total heterotrophic bacteria (2 day, 37°C) collected over the period of a year
from a drinking water supply zone in the UK are described by a log-normal distribution
(Figure 9.1). Tap water consumptions by children and adults in the US has also been
shown to be log-normally distributed (Roseberry and Burmaster 1992). For risk
assessment modelling, however, it is the distribution of pathogen exposures through
drinking water which is important. This would accommodate both the variation in
pathogen density and tap water consumption. Exposures to bacterial doses through
drinking water, being the product of bacterial density and drinking water consumption,
may be calculated as:-

log (Bacterial Exposure) = log (Bacterial density) + log (Tap water consumption).

If (σbacterial density = σtap water consumption,) then the statistical distribution for bacterial exposure
through drinking water could be modelled as the sum of the log-normal distributions for
bacterial density and tap water consumption according to:-

Equation 1 Nexposure(µ, σ2) = N(µbacterial density, σbacterial density
2)

+ N (µtap water consumption, σtap water consumption
2)

where µ and σ are the mean and standard deviation, respectively, of the logarithms of
bacterial densities and water consumptions and N represents the normal distribution. This
may be rewritten as:-

Equation 2:- Nexposure(µ, σ2) = N(µbacterial density + µ tap water consumption,
σbacterial density

2 + σ tap water consumption
 2)

and suggests that bacterial exposures across the population through drinking water are
also log-normally distributed. To test this, plate count exposures through drinking water
were simulated using the GENSTAT statistical package (GENSTAT 5 Committee) and
compared with the log-normal distribution for exposures calculated according to Equation
2 in Table 9.1. For the purposes of the exercise, µ and σ defining the log-normal
distribution for plate count densities in Figure 9.1 and defining the log-normal distribution
for tap water consumption in the 20 to 65 year age group (Roseberry and Burmaster,
1992) were used. To simulate exposures, 10,000 plate count and tap water consumption
values were generated with GENSTAT using the parameters µ and σ defining each
distribution and added together. The simulated (logarithm) exposures were shown to be
normal giving a straight line on a normal probability plot. Furthermore, from Table 9.1 it
is apparent that µ and σ calculated from the simulated (logarithm) exposures were very
similar to those calculated by summing the two normal distributions according to
Equation 2.



52

Table 9.1 Statistics for log-normal distributions to calculate daily exposure to
plate count bacteria through drinking water

Distribution Units Mean of
log10

transformed)

Standard
Deviation of

log10

Percentiles

data (µµ transformed
data (σσ)

2.5% 50% 97.5%

Bacterial
density

plate
count/ml

0.7089a 0.768b 0.16 5.11 163.7

Tap water
consumption

ml/person

/day

3.0500c 0.2123 c 430 1,122 2,924

Bacterial
exposure

calculated as
the sum of the

above
distributions

plate count

/person/day

3.7589d 0.7968e 157 5,739 209,231

Bacterial
exposure

simulated by
GENSTAT

plate count

/person/day

3.769f 0.7987f 159g 5,825g 223,100g

acalculated as intercept of best fit line with 50 percentile (Figure 9.1)
bcalculated as slope of best fit line (Figure 9.1)
ctaken from Roseberry and Burmaster (1992) and transformed from base e to base 10
dcalculated as µbacterial density + µtap water consumption
ecalculated as √(σ bacterial density

 2 + σ tap water consumption
 2)

fcalculated from exposures simulated using GENSTAT
gexposures simulated by GENSTAT

Table 9.1 also shows the different percentiles for the three log-normal distributions
calculated from the formulae:-

2.5 percentile = 10(µ - 1.96σ).
50 percentile (geometric mean) = 10(µ).
97.5 percentile = 10(µ + 1.96σ).

Corresponding percentiles from the simulated exposure values agree well with those
calculated from the log-normal distribution for exposure (Equation 2). While the least
exposed 2.5% of tap water drinkers in that UK supply zone consume <157 plate count
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bacteria per day, the most exposed 2.5% in that same zone consume >209,000 plate count
bacteria per day, i.e. over 1,300-fold more.

9.1 Discussion

Simulations have been performed in this section to predict the variability in exposures to
daily doses of total heterotrophic bacteria through drinking water. These simulations take
into account not only the variability in volumes of drinking water consumption across the
population but also the variability in densities of bacteria across a UK drinking water
supply zone during the year. The variation in daily exposures was large, calculated at over
1,300-fold across 95% of the population.



54

Figure 9.1 Log-normal distribution for densities of total heterotrophic bacteria
collected from a drinking water supply zone in the UK in 1990.
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10. PREDICTING CRYPTOSPORIDIUM EXPOSURES
THROUGH DRINKING WATER

The approach taken here is to use the data for Cryptosporidium densities in the raw water
and the treatment removal efficiency data to predict the oocyst densities in drinking water.

10.1 Applying log-normal distributions to microbiological risk
assessment for Cryptosporidium in drinking water

This is dependent on knowing the parameters (µ and σ) defining the log-normal
distribution for pathogen densities in the drinking water supply. There is very little
information on pathogen densities in the drinking water supply because the majority of
large volume samples (up to 1,000 litres) are negative (Payment et al. 1985; LeChevallier
et al. 1991). This may be because pathogens are generally dilute across the whole supply
or because they are highly clustered and hence not encountered without intensive
sampling. A further problem is that the parameters µ and σ will vary depending on the
efficiency of pathogen removal by drinking water treatment and also on the microbial
loading of the raw water.

A possible solution is to estimate the log-normal distribution of pathogens in the drinking
water supply from:-

• the log-normal distribution of pathogens in the raw water

• the log-removal efficiency for each pathogen by a particular drinking water
treatment process.

This approach would enable the risks on health of:-

1. different drinking water treatment processes and

2. increases in microbial loadings in the raw waters to be modelled.

The approach is shown in Figure 10.1. Pathogen densities in a raw surface water are
plotted as a log-normal distribution. The predicted distributions for pathogen densities in
the drinking water supply after median pathogen densities in raw water are reduced by
99.99% are shown for two scenarios:-

1. pathogen clustering is not promoted by drinking water treatment

2. pathogen clustering is promoted by drinking water treatment
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Figure 10.1 Predicting pathogen densities in the drinking water supply assuming
that median densities in the raw water are reduced by 99.99%
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10.1.1 Modelling exposures to Cryptosporidium oocysts through drinking water
assuming pathogen clustering is not promoted by drinking water
treatment.

The approach to predicting pathogen exposures is performed here using Cryptosporidium
oocyst data for surface water systems presented in Table 5.1 and Table 5.2. For two
rivers (A, with agricultural drainage; B, with rural domestic drainage) all oocysts densities
recorded were above the limits of detection and the parameters µ and σ were measured
from the best fit lines describing log-normal distributions for oocyst densities in Figure 1
of Hutton et al.(1995). These parameters are presented for Rivers A and B in Table 5.1.
Variation in oocyst densities were much higher in two other surface water systems(Table
5.1) for which 55% to 90% of densities were below the limits of detection. To assign
values to those densities would have required analysis of much larger sample volumes.
Therefore information on the statistical distribution is incomplete. For the purposes of
continuing this exercise, the assumption is made that the best fit lines for each distribution
could be extrapolated back to define the log-normal distributions (see Figure 5.1). Log-
normal distributions for oocyst densities in the drinking water supply after treatment of
water from each of the five surface waters were modelled by subtracting 2.0 from µ
(Table 10.1). It was assumed that treatment had the same effect on each density and
therefore σ was not changed. This is equivalent to a treatment process which removes
99% of oocysts from each and every density.

Table 10.1 Parameters defining log-normal distributions for Cryptosporidium
oocyst densities in five surface waters and predicted for drinking
water supplies after a treatment process which removed 99% of
oocysts.

Water Supply Estimated Surface
Water (log10

count/litres)

Predicted Drinking
Water (log10

count/litres)

µµ σσ µµ σσ

River A (agricultural drainage) 0.969 0.575 -1.031 0.757

River B (rural domestic drainage) 0.212 0.424 -1.788 0.424

Farmoor Reservoira. -2.5 1.575 -4.5 1.575

River Tillingbournea -2.0 1.88 -4.0 1.88

Protected Watershed (Giardia)a -1.575 1.00 -3.575 1.00

aTo estimate µand σ for pathogen densities in raw source water, best fit lines defining log-
normal distributions were extrapolated because 55 - 90% of samples were below limits of
detection (Hutton et al. 1995).
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Exposures to oocysts through drinking water were simulated using the log-normal
distribution for oocysts densities predicted for each drinking water supply (Table 10.1)
and the log-normal distribution for tap water consumption in the 20 to 65 year age group
(Roseberry and Burmaster 1992) using the statistical package GENSTAT. Simulated
percentiles for oocyst exposures are presented in Table 10.2. It is apparent that the
possible variation in daily oocyst exposures is large. To give some idea of exposure
variation, the ratios of the 97.5% to the 2.5% percentile (which is equivalent to the
variation in oocyst exposures across 95% of consumers) are presented (Table 10.2). The
model predicts that oocyst exposures across 95% of consumers through drinking water
vary 70 and 250-fold for drinking water systems supplied by the two rivers with complete
oocyst density data. For systems with larger oocyst density variation, exposures across
the population varies much more; perhaps in the order of 104 to 106-fold (Table 10.2).

Table 10.2 Variations in simulated exposures to Cryptosporidium oocysts across
the population of tap water consumers after 99% oocyst removal from
the raw water. Log-normal distribution for pathogen density in
drinking water defined by parameters in Table 10.1. Log-normal
distribution for tap water consumption for 20 - 65 year age
group(Roseberry and Burmaster 1992) was used.

Location Percentiles for exposure (oocysts/
person/day)

Variation
across 95%

2.5% 50% 97.5% of consumers

River A (agricultural drainage) 0.0067 0.1051 1.73 255

River B (rural domestic drainage) 0.00220 0.0185 0.159 72

Farmoor Reservoir 0.000000028 0.000036 0.0531 1.9 x 106

River Tillingbourne 0.0000000228 0.000117 0.6712 2.9 x 107

Protected Watershed (Giardia) 0.0000030 0.000305 0.0328 1.1 x 104

It is apparent from the percentiles simulated for exposure (Table 10.2), that the major
proportion (97.5%) of consumers are predicted to be exposed to very low doses (<1
pathogen/person/day) of Cryptosporidium oocysts (or Giardia cysts). In the case of the
River Tillingbourne-treated water (with the largest variation in oocyst density, Table 10.1)
0.56% of the 10,000 simulated exposures exceeded 10 Cryptosporidium
oocysts/person/day and 0.10% of simulated exposure exceeded 100 oocysts/person/day.
The largest simulated exposure was 268 oocysts/person/day. The model therefore
predicted that a small proportion of consumers to be exposed to high doses of pathogen
through drinking water. In the case of the drinking water supply using River A as source,
0.08% of 10,000 simulated exposures exceeded 10 oocysts/person/day.
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Discussion

This approach only takes into account the variability in pathogen densities between large
(100 litre or 1,000 litre) volume samples. It does not take into account that finding in
Sections 7 and 8 that drinking water treatment promotes spatial association of micro-
organisms. The assumption is made that oocysts are Poisson distributed in 100 litre
volume drinking water samples which is incorrect. The variability in exposures to oocysts
through drinking water appears to be large reflecting the large variability in oocyst
densities between large volume samples. However, even with only a 99% removal of
oocysts by treatment, the exposures are so small (less than 2 oocysts per person per day in
97.5% of the population, Table 10.2) that most consumers are not likely to be exposed to
high doses through drinking water. However, the large variability in oocyst densities
between large volume raw water samples is manifest in a small proportion (0.1%) of the
population being exposed to high doses (>100 oocysts/person/day) after a 99% oocyst
removal by drinking water treatment. The simulations also do not allow for the fact that in
the UK only 10% of tap water is consumed unboiled (Table 6.3).

10.1.2 Modelling exposures to Cryptosporidium oocysts through drinking water
assuming pathogen clustering is promoted by drinking water treatment.

The simulations performed above do not take into account the findings from Sections 7
and 8 that micro-organisms are not randomly dispersed through 100 litre volume treated
water samples but are spatially associated to some degree. To accommodate these
findings the distribution of oocysts in each 100 litre volume should be modelled using the
negative binomial distribution (e.g. with parameters Table 8.1). Furthermore, account
needs to be taken of the rare occurrence of samples with much higher spore counts than
accommodated by the negative binomial distribution (e.g. Table 7.4). Accounting for this
would mean some consumers are exposed to higher doses.
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11. DOSE-RESPONSE CURVE IN CRYPTOSPORIDIUM
RISK ASSESSMENT MODEL

The dose-response curve is central to current microbiological risk assessment models
(Rose and Gerba, 1991). Recently dose response data have been published for
Cryptosporidium in healthy adult human volunteer studies (DuPont et al. 1995). The dose
response curve modelled through those data with parameters presented by Rose et al.
(1995) is shown in Figure 11.1 and would be used in the Cryptosporidium risk model for
healthy adults in the UK.
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Figure 11.1 Dose-Response curve for Cryptosporidium in healthy adults. Data
from DuPont et al (1995). Single-hit exponential model (P = 1 - e-

(0.0047N))
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12. CONCLUSIONS

Microbiological risk assessment models have been used to define targets for the degree of
pathogen removal by drinking water treatment (Surface Water Treatment Rule) and to
identify the maximum concentrations of pathogens in drinking water (Maximum
Contaminant Levels) to ensure acceptable risk from waterborne pathogens to consumers.

Current risk assessment models developed for Cryptosporidium, Giardia and enteric
viruses in drinking water use the Beta-Poisson or negative exponential form of dose-
response curves. That approach relies on the assumption that pathogen organisms are
randomly dispersed within 100 litre or 1,000 litre volumes. Available evidence in the
literature shows this assumption is not appropriate in drinking water. Experiments
performed in this contract have demonstrated that aerobic spores, which may serve as
surrogates for Cryptosporidium oocysts, are not randomly dispersed within 100 litre
volumes of drinking water but are spatially associated to some degree. This spatial
association is manifest in some 100-ml subsamples containing considerably higher spore
counts than others. It has been possible to accommodate some of the spatial variation by
fitting the negative binomial statistical distribution. However a small number of 100-ml
samples contained very high counts which could not be accommodated by the negative
binomial distribution. Although rare events those high count samples could be of
importance in non-epidemic levels of waterborne cryptosporidiosis and need to be
included in risk assessment models.

The main components to develop a model to predict the risks of infection through
consumption of drinking water in the UK have been assembled in this contract. The
components include:-

• log-normal distribution for oocyst densities in UK source waters

• negative binomial models for distribution of oocysts within 100 litre treated water
volumes at the resolution of 100-ml

• log-normal distribution for unboiled tap water consumption in the UK

• dose-response curve relating oocyst exposure to the probability of infection

Before a Cryptosporidium risk assessment model can be constructed further statistical
consideration is needed to:-

1. relate negative binomial distributions for counts in raw water samples to counts in
treated water samples, that is, define the effect of treatment in terms of the parameters
describing the negative binomial distribution.

2. accommodate the few samples with very high counts not accounted for by the negative
binomial distribution.
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From experiments with aerobic spores reported here, the data necessary to achieve the
first of these two tasks are available. However, to characterise the rare occurrences of
very high counts, much larger numbers of samples will be required.

The advantage of developing risk assessment models along these lines is that it would
enable the effect of clustering on the risk of waterborne cryptosporidiosis to be defined. In
the experiments performed here to assess variability between samples in spore counts a
mild detergent, Tween, was used to disperse spores attached to particulates. Such
treatment may not be fully effective at breaking up and releasing spores from biofilm and,
in particular, metal oxides from chemical coagulation. Therefore, it is possible that
through oocysts bound in high numbers to Alum particles breaking through into
distribution, some consumers may be exposed to higher doses than predicted by models
developed in this work.

Overall, the data and methodology to develop a model for assessing risks from
waterborne cryptosporidiosis have been established in this contract.

Simulations have been performed in this contract to predict the variability in exposures to
total heterotrophic bacteria through drinking water. These simulations take into account
not only the variability in volumes of drinking water consumption across the population
but also the variability in densities of bacteria across a UK drinking water supply zone
during the year. The variation in daily exposures was large, calculated at over 1,300-fold
across 95% of the population.

Simulations have also been performed to predict the variability in exposures to
Cryptosporidium oocysts based on log-normal distributions for densities in the raw water
and consumption of tap water. Even with only a 99% removal of oocysts through
drinking water treatment, the exposures are so small that most consumers are not likely to
be exposed to high doses. Accounting for the increase in oocyst clustering as judged by
spore experiments performed in this work would, however, mean some consumers are
exposed to higher doses.

Patterns of drinking water consumption in the UK have been reviewed. It would appear
that only 10% of tap water is consumed unboiled. The proportion of tap water consumed
unboiled is highest among infants but lowest in the elderly.
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13. GLOSSARY

Exp, exponential function

Gamma distribution, Skewed statistical distribution for continuous data limited to
positive values

Generalised linear models, statistical models that are a natural extension of the classical
linear model and that share a common method for computing parameter estimates

GENSTAT, Statistical software package

ID50, (Infectious dose) number of pathogens to infect 50% of population

Immunosuppressed, persons or animals whose immune system has temporarily been
suppressed by means of drugs or irradiation

Isoelectric point, conditions under which molecule has neutral charge

Log normal distribution, Skewed statistical distribution for continuous data of positive
value

Negative binomial distribution, statistical distribution for discrete counts

Neyman Type A, statistical distribution for discrete counts

PAC, poly aluminium chloride

Percentile, a partition value based on percentages; for example the 90 percentile is the
value that separates a frequency distribution into the 90% of smallest values and the 10%
of greatest values

Polya-Aeppli, a statistical distribution for discrete counts

Poisson distribution, statistical distribution for discrete counts

Gnotobiotic, disease-free

TTC, 2,3,5-triphenyl-tetrazolium chloride for detecting metabolically active cells

Zeta potential, potential at surface of shear
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APPENDIX A

A1. SAMPLING EXERCISE 3

A1.1 Offset model

*** Summary of analysis ***

mean deviance

d.f. deviance deviance ratio

Regression 1 1135.0 1134.953 622.17

Residual 58 105.8 1.824

Total 59 1240.8 21.030

Dispersion parameter is estimated to be 1.82

*** Estimates of regression coefficients ***

estimate s.e. t(58)

Constant 3.3715 0.0829 40.67

Water filtered -3.418 0.112 -30.41
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A1.2 Factor model

*** Summary of analysis ***

d.f. deviance mean deviance deviance ratio

Regression 2 225.3 112.670 62.77

Residual 57 102.3 1.795

Total 59 327.7 5.554

*** Estimates of regression coefficients ***

(Volume 10) = (Water filtered)

estimate s.e. t(57)

Constant 1.275 0.162 7.85

Water filtered 0.981 0.179 5.48

Volume 0.9000 1.929 0.188 10.24

Volume 10 0 * *
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A2. SAMPLING EXERCISE 5

A2.1 Offset model

*** Summary of analysis ***

d.f. deviance mean deviance deviance ratio

Regression 1 3434.1 3434.135 401.72

Residual 114 974.5 8.549

Total 115 4408.7 38.336

*** Estimates of regression coefficients ***

estimate s.e. t(114)

Constant 3.437 0.123 27.97

Water filtered -4.138 0.139 -29.86
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A2.2 Factor model

*** Summary of analysis ***

d.f. deviance mean deviance deviance ratio

Regression 3 1544.2 514.734 69.38

Residual 112 830.9 7.419

Total 115 2375.1 20.653

*** Estimates of regression coefficients ***

(Volume 100) = (Water filtered) - (Volume 10)

estimate s.e. t(112)

Constant 1.348 0.310 4.34

Water filtered 2.458 0.317 7.75

Volume 0.9000 1.954 0.334 5.85

Volume 10 -1.571 0.155 -10.11

Volume 100 0 * *
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A3 SAMPLING EXERCISE 6

A3.1 Offset model

*** Summary of analysis ***

mean deviance

d.f. deviance deviance ratio

Regression 1 2224.0 2223.953 1326.25

Residual 113 189.5 1.677

Total 114 2413.4 21.171

*** Estimates of regression coefficients ***

estimate s.e. t(113)

Constant 3.2246 0.0621 51.94

Water filtered -3.5964 0.0666 -54.02
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A3.2 Factor model

*** Summary of analysis ***

mean deviance

d.f. deviance deviance ratio

Regression 3 3219.0 1072.994 639.00

Residual 111 186.4 1.679

Total 114 3405.4 29.872

*** Estimates of regression coefficients ***

(Volume 100) = (Water filtered) - (Volume 10)

estimate s.e. t(111)

Constant 0.833 0.191 4.36

Water filtered 3.390 0.193 17.59

Volume 0.9000 2.297 0.202 11.37

Volume 10 -2.2018 0.0788 -27.95

Volume 100 0 * *
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A4 SAMPLING EXERCISE 7

A4.1 Offset model

*** Summary of analysis ***

mean deviance

d.f. deviance deviance ratio

Regression 1 2669.99 2669.990 1946.25

Residual 65 89.17 1.372

Total 66 2759.16 41.805

*** Estimates of regression coefficients ***

estimate s.e. t(65)

Constant 3.9155 0.0400 97.94

Water filtered -2.7892 0.0547 -51.03
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A4.2 Factor model

*** Summary of analysis ***

mean deviance

d.f. deviance deviance ratio

Regression 2 570.42 285.209 223.68

Residual 64 81.61 1.275

Total 66 652.02 9.879

*** Estimates of regression coefficients ***

(Volume 10) = (Water filtered)

estimate s.e. t(64)

Constant 1.863 0.105 17.79

Water filtered 1.566 0.111 14.14

Volume 0.9000 1.913 0.113 16.98

Volume 10 0 * *
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REVIEW OF MICROBIOLOGICAL RISK ASSESSMENT AND DRINKING
WATER SUPPLIES

i

EXECUTIVE SUMMARY

In the United States, models have been developed to predict the risks of microbiological
infection from drinking water supplies. These are used by the U.S. Environmental
Protection Agency not only for the development of microbial standards but also for
determining the level of drinking water treatment required to ensure an acceptable risk of
infection. One model has predicted that there may be a lifetime risk of death as high as 1
in 20 from exposure to waterborne virus.

This report was commissioned by the Department of the Environment with the objectives
of both reviewing such models world-wide and considering the development of models
for application in the UK to specific pathogens.

The first part of this report reviews and critically assesses the risk assessment models
developed world-wide for pathogens in drinking water. No information was found for
countries other than the US. The major criticism of US models is that no account is taken
of what proportion of consumers are exposed to what numbers of pathogens. Indeed, one
manifestation of the assumptions made is that consumers are effectively either exposed to
just one pathogen or to zero pathogens. This may not be appropriate to drinking water
supplies where micro-organisms appear to be clustered. Clustering would render a smaller
proportion of consumers exposed to much higher numbers of pathogens. It is concluded
that by ignoring pathogen clustering, US models could overestimate the risk from more
infectious pathogens (e.g., viruses and protozoa) but underestimate the risk from less
infectious bacterial pathogens.

The remainder of this review considers the development of risk assessment models in the
UK. It is suggested that any pathogen which presents a hazard through drinking water
should be accommodated. Epidemiological information on individual pathogens highlights
the necessity to customise UK risk assessment models for each pathogen.  The most cost-
effective approach for risk modelling in the UK is to further our understanding of
pathogen numbers in the drinking water supply. In view of pathogen clustering and the
highly infectious nature of certain pathogens, it is proposed that dose-response data may
be redundant in drinking water models. In effect, infection could be modelled on the
proportion of consumers exposed to a dose of one or more pathogens. Such an approach
would provide a 'worst case scenario'.

Little information is available on pathogen numbers in the UK drinking water supply,
because very large volumes need to be sampled to detect them. Here, a method is
demonstrated for modelling pathogen numbers across the supply using raw water data and
treatment removal rates. That would enable the cost-effectiveness of various risk
reduction options to be modelled. In addition to effects of environmental inputs and
treatment processes on health could be assessed. The overall conclusion of this review is
that data and technology may be available to develop a UK risk assessment model for
Cryptosporidium.
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1. INTRODUCTION

Drinking water supplies in the UK are regularly monitored for faecal indicator organisms
to warn of the potential presence of faecal contamination and hazard from pathogenic
micro-organisms (The Water Supply (Water Quality) Regulations (1989)). Organisms
belonging to the group called total coliforms and the individual species Escherichia coli
should be absent from 100-ml volume samples taken from random and fixed point
consumer premises within each supply zone. However water treatment systems do not
provide complete removal of micro-organisms and it seems likely that some pathogens
will remain, albeit at extremely low concentrations. Furthermore the absence of total
coliforms or E. coli in 100 ml volume samples does not guarantee the absence of
pathogens such as Cryptosporidium in much larger volumes, e.g. 100 litre samples. As a
consequence, despite the general improvement in microbial quality as measured by the
absence of faecal indicator organisms a residual risk to public health may exist. In the
United States mathematical models are being developed to assess the risks from Giardia
and viruses in drinking water (Regli et al. 1991, Haas et al. 1993).

1.1 The benefits and uses of practical application of quantitative
assessments of risk from pathogens in drinking water

The benefits of applying a suitable risk assessment model for a particular pathogen in
drinking water supplies are:-

• microbiological health risks from low levels of pathogens remaining after
treatment in the supply may be estimated (Haas et al. 1993).

• microbiological standards for drinking water supplies may be developed to
meet a particular health criterion (Rose and Gerba, 1991).

• options to minimise risks from defined microbiological substances may be
identified, enabling costs and benefits to health and environment to be
quantified

• microbiological health risks from the ineffective operation of a particular
treatment process or variation in raw water quality may be evaluated

In their publication discussing the application of microbiological risk assessment models in
drinking water, Regli et al. (1991) list a number of questions which such models would
help to answer. These are:-

1. Does a system really need a filter?

2. What is an adequate watershed control programme?

3. How much disinfection, depending on the level of contamination in the source
water, should a system that filters apply?
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4. When is the minimum 3- and 4-log removal-in-activation requirement for Giardia
and viruses, required under the Surface Water Treatment Rule (SWTR), not
enough?

5. When is disinfection warranted in a groundwater system?

6. What level of disinfection should be provided?

Modelling risks from drinking water consumption would be useful for infections which
may be spread through other sources, e.g. milk, food; perhaps providing answers to the
question 'What proportion of cases arise form drinking finished water?" Even though
many incidents of water-borne transmission of viruses (Anon, 1983) and other pathogens
are not recognised or reported, the available epidemiological data indicate that the role of
water in the overall incidence of viral diseases may be limited. Other means of
transmission, particularly personal contact, probably are responsible. Risk assessment
models could prove a useful complimentary approach for outbreak control teams.

1.2 Objectives of the contract

There are doubts about the validity of the US risk assessment models, the strength of the
data used to develop the models and the applicability of these models for use in the UK.
The aim of this contract is to critically review and assess risk assessment models
developed in other countries, including the US, and assess the applications and data inputs
needed for UK models.

This review is divided into five sections. These are

1. Review and assessment of world-wide application of risk assessment models for
drinking water supplies.

2. Application of risk modelling methodology to pathogens in the UK.

3. Report on the necessary data inputs for a UK model and assess the state of
appropriate data knowledge in the UK.

4. Advice on cost effective methods to improve the quality of data inputs for a UK
model.

5. Identify risk reduction options for UK and assess with respect to health,
environmental and cost benefits.

The contract will go further than US models by considering the possibility of predicting
levels of pathogens in the drinking water supply from treatment and loading in source
water.
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1.3 The nature of microbial disease

The main features of microbial diseases are:-

• they are acute,

• epidemics feature, followed by secondary transmission,

• recovery leads to immunity and carriers

• certain groups (e.g. immunocompromised, elderly, young) are at greater risk

• higher risk in low socio-economic status individuals with poor living
conditions

• depending on the vehicle of transmission, large numbers of people may be
infected.

These have implications in development of microbiological risk assessment models.
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2. REVIEW AND ASSESSMENT OF WORLD-WIDE
APPLICATION OF RISK ASSESSMENT MODELS
FOR DRINKING WATER SUPPLIES

The objective of this section is to review the microbiological risk assessment models
currently developed worldwide. To gain information on models which are being
developed in countries other than the US, letters were written to researchers involved in
water reuse in Spain (Prof. Mujeriego), South Africa (Prof. Grabow), Israel (Prof. Shelef)
and Greece (Prof. Ganoulis). Names of further contacts were provided in their responses,
but there was not time in the contract to follow them up. Therefore only published models
used in the USA are discussed here.

The microbiological risk assessment models used by the United States Environmental
Protection Agency have been developed by Charles N Haas, Joan B Rose, Charles P
Gerba and Stig Regli. They model the quantification of microbial risk through the
following stages:-

1. Select pathogen

2. Measure numbers in finished water

3. Estimate volume of finished water consumed per person/day.

4. Determine dose/infectivity response curve.

5. Estimate daily and yearly infection rates from risk model using 2,3,4 above

6. Estimate illness rates

7. Estimate mortality rates

8. Estimate uncertainty in risk assessment

2.1 Principles of US risk assessment models

The underlying principle of the US risk assessment models is to assess exposure of
drinking water consumers to pathogen from the pathogen density in the supply and the
volume of water each consumer drinks. Exposure is the number of pathogens to which
each consumer is exposed. It is calculated as the product of the volume of water
consumed and the concentration of pathogens in that water volume.

Exposure = pathogen density × volume consumed.

Haas (1993) and Haas et al. (1993) use a single point estimate both for pathogen density
in the drinking water supply and for volume of water consumed. They use a point
estimate of 0.0012 virus per litre for virus density and a point estimate of 2 litres of tap
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water per person per day for volume of water consumed. Their point estimate used for
virus reflects an approximation for the most exposed individual.

Both the concentration of pathogens in water taken from a consumer tap at a particular
time and the volume of unboiled tap water consumed by each individual vary
considerably. Thus the range of pathogen exposures which an individual may be exposed
to is considerable. This is discussed below.

Dose/response assessment is of central importance in US risk modelling. This defines the
relationship between the exposure to pathogen and the likelihood of infection, illness or
mortality.

Exposure is translated into estimated risk through the dose-response equation.

Risk ~ g(Exposure. Dose-response)

Thus risk may be expressed as a function:-

Risk ~ g(pathogen density. volume consumed. dose-response)

Haas et al. (1993) considers two types of risk assessment model for viruses in drinking
water. They differ in how the risk quantified is presented:-

• the point estimate of risk quantification

• the interval estimate of risk quantification

The point estimate of risk quantification

From the dose-response curve for rotavirus infectivity (Ward et al. 1986), Haas calculates
a point estimate of the daily risk of illness to be 0.000717, which is equivalent to an
annual risk of disease of 0.23. This risk reflects the most exposed individual.

The interval estimate of risk quantification

The interval of risk merely reflects the uncertainty interval for the point estimate of risk.
Haas et al. (1993) calculate the 95% confidence interval for the daily risk to be 0.000317
- 0.00188. They characterise the uncertainty only from the point of view of the dose-
response data. No account is taken of uncertainty in exposure calculation or variation in
pathogen density or volume of water consumed.

2.2 Criticism of using single point estimates to calculate exposure.

In the US models for viruses (Haas et al. 1993) and other pathogens (Haas, 1993),
exposure to pathogen for the most exposed individual is calculated from single point
estimates for pathogen density and volume of water consumed.
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2.2.1 Point estimate for consumption of water

Haas (1993) writes, "For the purpose of performing the point estimate, it is necessary to
determine the amount of water ingested per exposure..... US. EPA generally uses 2 litres
per person per day for risk estimation from drinking water; however recent reanalysis calls
this figure into question (Roseberry and Burmaster, 1992)".

In fact, this figure is actually quite a good point estimate for the most exposed individual,
since analysis of the lognormal data presented by Roseberry and Burmaster, (1992) shows
that 2.5% of the population drinks more than 2.7 litres of tap water per person per day.

The fact that consumptions of tap waters in the US are lognormally distributed means
there is considerable variation between individuals in the volume consumed. Thus while
the median volume consumed is 1.198 litres of tap water per person per day, some 2.5%
of the population drink less than 0.341 litre per person per day (Roseberry and Burmaster,
1992). Thus the top 2.5% of 'tap water drinkers' consume over 8-times more tap water
than the bottom 2.5%.

2.2.2 Criticisms of point estimate for pathogen density

No account is taken of how many consumers consume what proportion of pathogens

The problem with using a single point estimate for a pathogen density is that the variation
in pathogen density within a water supply may be very large, posing the question as to
what pathogen density should be used in the model. Different consumers will drink water
containing different numbers of pathogens depending on their property’s location in the
supply zone. By analogy with densities of total heterotrophic bacteria which are
lognormally distributed, densities may vary more than 105-fold within a given supply
during the year (Maul et al. 1985, see also Section 4.1.6). Thus, some consumers may be
exposed to 100,000 or more total heterotrophic bacteria per 100 ml while others may be
exposed to less than 1 per 100 ml. Using a single point estimate for pathogen densities
measured from a particular location in a supply on a particular day may be analogous to
thinking up a random number. The single point estimate for pathogen density does not
take into account heterogeneity of pathogen distribution within the supply and does not
allow for regional and seasonal variation.

Probably aware of this problem, Haas (1993) effectively looks at the "worst case
scenario" by considering the maximum-exposed individual (MEI). He considers it
"appropriate to look at the risk from waterborne pathogens at the households in closest
proximity to a water treatment plant (i.e., having received the least contact time for
disinfection)". This may not be the place to look for the highest pathogen levels because
we currently do not understand why pathogen densities are clustered and, in particular,
where they are most highly clustered. Haas assumes a decrease in pathogen density with
distance from the treatment works. Perhaps, hydraulic and sedimentation properties are
more important, leading to hot spots within the supply. Post-treatment contamination
could occur anywhere in the supply, particularly at parts further away from the treatment
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works where uncontrolled de-pressurisations and mains repairs occur. Furthermore, total
heterotrophic bacteria increase on average three-fold between the summer and winter
months.

Calculating the risk for the most exposed individual provides limited information. First, if
the risk of infection for the MEI was high we would not be too surprised because we
know from epidemiological evidence that infections have been contracted through
polluted municipal water supplies. More important, however, no account is taken of what
proportion of the total drinking water consumers are exposed to the same high dose. If
0.001% of consumers fall into the category of MEI then the health effects across the
whole population would be insignificant compared to say 10% of consumers. Only the
statistical distribution of pathogen densities within the drinking water supply contains the
information to answer the fundamental question in risk assessment, "What proportion of
consumers are exposed to what densities of pathogens?". Very little is known about the
pathogen density statistical distribution in the drinking water supply and furthermore, it
will vary from zone to zone depending on season, quality of the raw water, efficiency of
treatment processes on pathogen removal and post-treatment contamination. For this
reason US models do not consider pathogen density statistical distributions but use point
estimates.

In this review, a working assumption is made that pathogen densities are log-normally
distributed within the drinking water supply. The evidence for this is presented in Section
4.1.6, together with the implications. For reference, a log-normal distribution for total
coliform concentrations measured in the drinking water supply from a UK water company
(collected under The Water Supply (Water Quality) Regulations (1989)) is presented in
Figure 2.1. This figure is discussed in Section 2.2.2.
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Figure 2.1 Concentrations for total coliform bacteria recorded from the drinking
water supply of a UK water company and plotted on a lognormal
probability plot.
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Point estimates used by Haas are not appropriate statistically

Table 2.1 presents the pathogen concentrations for finished drinking waters used by Haas
(1993). Haas admits that particular concerns exist about the direct utility of these numbers
in his risk assessment models. He notes the following criticisms:-

• the efficiency of the pathogen enumeration method is less than 100%

• not all numerable organisms are viable.

but assumes that these two effects compensate for each other.

Table 2.1 Pathogen densities in finished drinking waters summarised by Haas
(1993) for use in risk assessment models.

_____________________________________________________
Pathogen Average density Quoted Reference

(per litre)
_____________________________________________________
Enteric viruses 0.0006 Payment et al. (1985)

Giardia cysts <0.0025b Rose et al. (1991a)
0.045g LeChevallier et al. (1991b)

Cryptosporidium 0.001a Rose et al. (1991a)
oocysts 0.015g LeChevallier et al. (1991b)

aGeometric mean calculated from log(y + 1)
bNone detected in drinking water samples
gGeometric mean of positive samples (less than 30%)

_____________________________________________________

Haas does not consider that the average pathogen densities quoted in Table 2.1 are
appropriate for risk assessment models because some estimate of the upper likely
concentration of pathogens is required to simulate the maximum-exposed individual. He
therefore makes the assumption that a reasonable upper tail estimate is equal to twice the
average microbial density (arithmetic or geometric mean). This assumption, however, is
invalid for several reasons:-

1. Haas does not explain why he multiplies the average by a factor of two. It does not
appear to be based on any assumption about statistical distribution of pathogen
densities within the supply.

2. The arithmetic mean as used by Payment et al. (1985) is not an appropriate estimate
of central tendency for a lognormal distribution, particularly when 0 concentrations
mean below the limits of detection. Taking an arithmetic mean of lognormally
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distributed data leads to a gross overestimation of central tendency (as
demonstrated below).

3. Taking the geometric mean of positive data (LeChevallier et al. 1991b) and
ignoring the 70% or more of 0 concentrations, is not appropriate. Similarly
calculating the geometric mean by adding 1.0 to each value (thus converting zeros
to 1) is not acceptable as performed by Rose et al. (1991a). Both these approaches
could lead to a gross overestimation of the true geometric mean (as demonstrated
below).

For a normally distributed parameter, the median value equals the arithmetic mean, or in
the case of a lognormal distribution, the geometric mean. Thus, in the study of
LeChevallier et al. (1991b), where 73% of samples registered 0 Cryptosporidium oocysts
per 100 litres, the median oocysts concentration is <1 per 100 litres. However, the
geometric mean calculated from the 27% of samples which were positive was 1.52
oocysts per 100 litres (written as 0.015 per litre in Table 2.1). Thus the median and
geometric mean (as calculated from positive samples) do not agree, as expected. Similarly
for Giardia cysts, 83% of samples recorded 0 per 100 litres, the median concentrations
again being <1 per 100 litres. The geometric mean calculated from the 14 samples which
were positive was 4.45 cysts per 100 litres (written as 0.045 per litre by Haas (1993) in
Table 2.1).

Payment et al. (1985) detected viruses in 7% (11 of 155) of the finished water samples
(1,000 litres) in Montreal. He calculated an average density of 0.0006 per litre. This value
of is of little use because the nature of the statistical distribution of viral densities is
unknown. All that can be said is that the median viral density is <1 per 1,000 litres. The
value of 0.0006 per litre reflects a viral density which could occur at some region of the
supply. Haas et al. (1993) and Haas (1993) multiply this value by two (almost for good
measure, it would seem) to approximate the case for the most exposed individual for risk
assessment analysis.

Haas could have estimated the pathogen density for the most exposed individual by simply
using the highest pathogen density recorded in a treated drinking water sample. These are
summarised in.Table 2.2

The problem with zeros.

In Table 2.3 the proportion of drinking water samples registering 0 pathogens are
presented from the US and Canadian published data used by Haas for risk assessment
purposes. Between 73 and 100% of the samples registered zero pathogens. This is
analogous to coliform data in 100 ml volume samples collected under The Water Supply
(Water Quality) Regulations, where 95% at least of samples are required to register 0
coliforms per 100 ml. These zero samples present a problem for statistical analysis, in
particular calculation of means and standard deviations. They are valid results and
therefore cannot be ignored as LeChevallier et al. (1991b) did. At the same time, they
cannot be used because they represent samples below the limits of detection with the
volume sampled. They should therefore be recorded as <1 per 100 ml (in the case of
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coliforms) and their true concentration is unknown but may range from just less than 1
per 100 ml down to 0.00000001 per 100 ml in the case of total coliforms (Figure 2.1).

Table 2.2 Maximum pathogen densities in finished drinking waters in studies
performed in US and Canada.

_______________________________________________________________________
Pathogen Maximum density Reference

_______________________________________________________________________
Enteric viruses 20 per 1,000 l Payment et al. (1985)

Giardia cysts 0 per 378 l Rose et al. (1991a)
64 per 100 l LeChevallier et al. (1991b)

Cryptosporidium 1.7 per 100 l Rose et al. (1991a)
oocysts 48 per 100 l LeChevallier et al. (1991b)
_______________________________________________________________________

Table 2.3 Proportion of drinking water samples registering zero pathogens per
volume sampled

_______________________________________________________________________
Pathogen Number of negative % Negative Reference

Samples
(Volume of sample)

_______________________________________________________________________
Enteric viruses  144 of 155 (1,000 l) 93% Payment et al. (1985)

Giardia cysts All (378 l) 100% Rose et al. (1991a)
68 of 82 (100 l) 83% LeChevallier et al. (1991b)

Cryptosporidium 30 of 36 (378 l) 83% Rose et al. (1991a)
oocysts 60 of 82 (100 l) 73% LeChevallier et al. (1991b)
_______________________________________________________________________

There are two ways round this problem. The first would be to take larger volume samples
such that over 50% of samples were positive for Cryptosporidium. This would give a
median value of >0 per measured volume. The median could then be used as an
approximation of the geometric mean. Indeed, one of the recommendations from work
funded by Foundation for Water Research to investigate coliforms statistics (Gale, 1994a)
was to undertake a large volume sampling programme for coliforms from consumer taps.
The second would be to plot all the data including zeros on a normal probability plot (see
Figure 2.1). This would not only provide information on the nature of the statistical
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distribution (i.e. Poisson, normal or lognormal) but also perhaps provide some rough
approximation of parameters such as the geometric mean and logarithmic standard
deviation.

The lognormal distribution for densities of microorganisms in the drinking water
supply

In Figure 2.1, coliform density data (per 100 ml) collected from random consumer
premises under The Water Supply (Water Quality) Regulations (1989) are plotted on a
normal probability plot after logarithmic transformation. The best fit line through the data
registering one or more coliforms per 100 ml represents a lognormal distribution. Where
the coliform density is <1 per 100 ml, the sampling registers 0 coliforms (represented as -
1.0). The range of coliform densities described by the lognormal distribution appears to be
very large, ranging between 10-10 per 100 ml (1 per 1 000 000 000 litres) to 550 per 100
ml.

The median (or geometric mean) may be estimated as where the best fit line intercepts the
50 percentile. Its value is 0.0006 per 100 ml, which is 6 per 10,000 litres. Using this data
set, 'averages' were calculated as in the publications on which Haas based his risk
assessment models. These are presented in Table 2.4. It appears that in all cases the
'average' coliform concentration is hugely overestimated (by 10,000 fold) compared to the
true geometric mean density.

Table 2.4 'Average' coliform densities as calculated by different methods and
used by Haas in risk assessment modelling.

_________________________________________________________________

Average Value Reference
_________________________________________________________________
True geometric mean 0.00062 per 100 ml

Arithmetic mean 3.25 per 100 ml Payment et al. (1985)

Geometric mean, Log (1 + y) 1.14 per 100 ml Rose et al. (1991a)

Geometric mean coliform 5.55 per 100 ml LeChevallier et al. (1991b)
positive samples
_________________________________________________________________

No account is taken of clustering of pathogens

Consider the most contaminated Cryptosporidium sample collected from finished waters
(LeChevallier et al. 1991b). Some 48 oocysts were detected in 100 litres. The US EPA
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assume everybody drinks 2 litres per day. So does everybody get more or less one of each
of the 48 oocysts or does one person get all 48 in his 2 litres? This is the crucial question
of microbiological risk assessment modelling and the question which the US models do
not consider. Again the answer depends on the statistical distribution of pathogens.

The US models assume a homogeneous (random) distribution of pathogens as defined by
the Poisson model. Thus, the 48 oocysts are homogeneously distributed across the 100
litres and, on average, each 2 litre sample drunk per day will contain 0.96 oocysts. The
average consumption of oocysts would therefore be 0.96 per day per person. The Poisson
distribution (with mean 0.95 oocysts per person per day) predicts (from statistical tables)
that 38.7% of consumers will ingest 0 oocysts per day, 36.7% will get 1 oocyst, 17.5%
will ingest 2 oocysts, 5.5% will get 3 oocysts and 1.6% will get 4 or more oocysts. A
lognormal distribution, however, assumes those 48 oocysts are more clustered. Thus, it is
possible that 98% of consumers could ingest no oocysts per day but one or two
consumers may ingest 48 oocysts in one day.

The important difference is that a homogeneous dispersion means that a large proportion
of consumers gets a small but similar dose. For a heterogeneous dispersion most
consumers are not exposed but a few get much higher doses than expected from the
average.

2.2.3 Summary of pathogen density estimates

1. The major problem in modelling microbiological risks in drinking water supplies is
the lack of information on pathogen densities; and in particular their statistical
distribution. This reflects their low densities, with many drinking water samples
registering 0 pathogens per volume analysed. These data pose a problem to
statistical analysis.

2. US risk assessment models do not consider statistical distributions of pathogen
densities across drinking water supplies and hence ignore the fundamental question,
"What proportion of consumers are exposed to what densities of pathogens?".

3. Estimates of geometric/arithmetic means for pathogen densities in finished water
used by Haas for risk assessment purposes are unrealistically high, and furthermore
do not reflect any statistical property of the statistical distribution (Poisson or
lognormal) for pathogen densities.

4. The point estimates used by Haas for pathogen densities do not reflect those
experienced by the most exposed individual, but merely reflect a pathogen density
which could occur somewhere in the supply on the basis of published data.

5. The point estimate for pathogen density in the most exposed individual may be an
underestimation because the US model assumes a Poission model which does not
account for clustering.
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6. Calculating the risk for the most exposed individual is of limited use anyway,
because:-

a) the proportion of the consumers within the total population that are exposed
to this density is not known. It could be an insignificant proportion or a
considerable proportion. The exact proportion would depend on the degree
of clustering of pathogens within the entire supply zone as defined by the
statistical distribution of densities.

b) the effect of exposure to lower densities than that experienced by the most
exposed individual is not quantified. Since the major proportion of
consumers fall into this category it is of more importance in public health.

c) If the risk of infection to the most exposed individual was high one would
not be too surprised because it is well known that infection through the
drinking water supply is possible.

2.3 Review and assessment of dose-response data

Dose-response models used for different pathogens in the US risk assessment
methodology are now reviewed and assessed. In addition, a literature review has been
performed to identify further information on volunteer studies for pathogens such as
Cryptosporidium.

The dose-response model relates the number of pathogens consumed to the incidence of
illness. The dose-response model is typically a sigmoidal curve. A generalised example is
shown in Figure 2.2. The curve is defined mathematically and is fitted to data obtained
from experiments with human volunteers (not shown in Figure 2.2). It can be seen that as
the dose of pathogen increases so does the probability of infection. From the curve, the
dose at which half of the volunteers are infected may be determined (Arrow A). This dose
is referred to as the HID50. Some workers (Rose and Gerba, 1991) report the dose at
which 1% of the volunteers are infected. This dose is termed the HID01 (not shown on
model). The curve also enables the probability of infection from just one organism to be
estimated (Arrow B). Another concept is that of the minimal infectious dose.

There are two areas which need addressing in the application of dose-response models in
the assessment of microbiological risk from drinking waters. These are:-

i. type of mathematical equation (model) relating concentration of pathogen
consumed (dose) to number of people ill (response), and

ii. waterborne pathogens for which data are available for developing such models.
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Figure 2.2 Typical dose response curve.
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Mathematical models.

Two approaches are used in modelling infection. These are deterministic and stochastic.
In the deterministic model, pathogens in the dose are considered to act cooperatively.
Illness results from their joint action. In the stochastic model, pathogens are assumed to
act independently.

Haas (1983) considered three probability models for their appropriateness to relate
infection by low level exposure to enteric pathogens in drinking water. The lognormal
model is deterministic, while the single-hit exponential and β-distributed models are
stochastic.

Pathogens for which dose-response data appropriate to the drinking water supply
are available.

Experiments with human volunteers have been conducted for a number of bacteria,
protozoans and viruses. In such experiments, sets of volunteers were exposed to different
(known) dosages of microorganisms. Rose and Gerba (1991) list parameters
characterising dose-response models for 15 microorganisms. The type of model used by
Rose and Gerba (1991)  and the values for parameters defining the model are presented in
Table 2.5. Rose and Gerba also calculated the dose required for infection of 1% of
volunteers (HID01) and the probability of infection from exposure to one organism (Table
2.5). At WRc dose-response models have been simulated on computer. For a number of
organisms listed in Table 2.5, the values quoted for HID

01
 and the probability of infection

from exposure to one organism in Rose and Gerba (1991) do not agree with computer
simulations using the parameters listed.

Dose-response curves using parameters provided by Rose and Gerba (1991) in Table 2.5
are plotted for four pathogens in Figure 2.3. For rotavirus, Shigella flexneri 2A and
Salmonella typhi dose-response curves are β-distributed. The curve for Giardia lamblia
is single hit exponential. Comparison of the dose-response curves shows that the risk of
infection is 1,000 lower for the bacteria (Shigella flexneri 2A and Salmonella typhi) than
for rotavirus and Giardia lamblia at a similar level of exposure. Thus, the probability of
infection from a single cell of Salmonella typhi is 0.0038%, while that for a single
rotavirus particle is 31% (according to data from Rose and Gerba, 1991). However, as
shown in this section there is considerable controversy about the infectivity of
salmonellae, the current opinion suggesting that infectious doses are somewhat lower.
Thus, a risk assessment model using the dose-response data (Rose and Gerba, 1991) for
Salmonella typhi may considerably underestimate the risk.
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Table 2.5 Parameters for dose-response models for waterborne pathogens. Data
from Rose and Gerba (1991). Infection was the end result measured
for development of each of these models with the exception of Shigella
dysenteriae.

________________________________________________________________
Microorganism Model Parameters Probability of infection

from one organism
________________________________________________________________
Campylobacter Beta-Poisson 0.039 and 55 0.007
Salmonella Beta-Poisson 0.33 and 139.9 0.0023
Salmonella typhi Beta-Poisson 0.21 and 5531 0.000038
Shigella Beta-Poisson 0.16 and 155 0.001
Shigella dysenteriae Beta-Poisson 0.5 and 100 0.000497
Shigella flexneri Beta-Poisson 0.2 and 2000 0.0004
Vibrio cholera classical Beta-Poisson 0.097 and 13020 0.000007
Vibrio cholera EI Tor Beta-Poisson 0.000027 and 1.33 0.000015
Poliovirus 1 Beta-Poisson 15 and 1000 0.0149
Poliovirus 3 Beta-Poisson 0.5 and 1.14 0.031
Echovirus 12 Beta-Poisson 1.3 and 75 0.017
Rotavirus Beta-Poisson 0.232 and 0.247 0.31
Entamoeba coli Beta-Poisson 0.17 and 1.32 0.091
Entamoeba histolytica Beta-Poisson 13.3 and 39.7 0.28
Giardia lamblia Exponential -0.0199 0.0198
________________________________________________________________
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Figure 2.3 Dose response curves generated for viral, protozoan and bacterial
waterborne pathogens using data from Rose and Gerba (1991).
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Haas (1993) also presents parameters characterising dose-response models for certain
pathogens. These are presented in Table 2.6. It is interesting to note that these parameters
differ to those reported by Rose and Gerba (1991).

Table 2.6 Best-fit dose response parameters for potential waterborne pathogens
in humans (taken from Haas, 1993).

_____________________________________________
Organism α N50
_____________________________________________
Polio III 0.500 3.4
Rotavirus 0.141 5.6
Giardia -- 35.0
Polio I 15.0 47.3
Echovirus 12 1.30 52.8
Entamoeba coli 0.170 76.5
Shigella dysenteriae 0.50 300.0
Polio I 0.119 67516.4
_____________________________________________

Dose-response data for certain pathogens of waterborne health significance are now
considered in more detail.

Salmonella spp.

There is considerable disagreement in the minimum number of ingested salmonellae
reported as necessary to produce clinical symptoms in humans. Blaser and Newman
(1982) review the infectious dose data for salmonellosis in humans. They conclude that
results of studies involving volunteers show that large inocula of salmonellae are
necessary. Experiments reported in 1951 involving volunteers showed that more than 105

cells of Salmonella melagridis or Salmonella anatum obtained from spray-dried whole
egg were required to produce illness. However, retrospective investigations of outbreaks
of salmonellosis suggest that the implicated infectious dose was often low. In six of 11
outbreaks, the actual doses ingested were calculated to be <103 organisms. Indeed for a
waterborne outbreak of Salmonella typhimurium involving 16,000 people, as few as 17
organisms were estimated retrospectively to cause infection. Doses of 100 - 250
organisms of Salmonella eastborne were calculated for an outbreak caused through
contaminated chocolate balls. D'Aoust (1985) calculated retrospectively from individual
cases that between one and six cells of Salmonella typhimurium are required (in cheddar
cheese) to support infection of humans. D'Aoust (1985) suggested that the fat content of
contaminated foods such as cheddar cheese may play a significant role in human
salmonellosis. Organisms trapped in hydrophobic lipid moieties may readily survive the
acidic conditions of the stomach and pass into the intestine where the proliferate to toxic
levels.

The general consensus therefore is that just a few cells of salmonellae can be infectious.
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Mintz et al. (1994) studied the effects of ingested dose of Salmonella enteritidis on
incubation period, symptoms and severity of acute salmonellosis in a food poisoning
outbreak at a wedding reception in 1990. In the study 169 persons, who developed
gastroenteritis after eating a sauce made from eggs, were divided into three groups based
on self-reported dose of sauce ingested. As dose increased, median incubation period
decreased and greater proportions reported body aches and vomiting. Increased dose was
associated with increased weight loss, rating of illness severity, and the number of days of
confinement to bed. Although the study did not provide information on dose-response
relationships, the findings present important considerations for drinking water risk
assessment models, since pathogens may be clustered. Glynn and Bradley (1992) also
studied the relationship between infecting dose and severity of disease in reported
outbreaks of salmonella infections. They found no evidence for a dose-severity
relationship for Salmonella typhi. However, such relationships were found for other
Salmonella spp. including Salmonella typhimurium, Salmonella enteritidis, and
Salmonella infantis.

Giardia lamblia

In their risk assessment model for waterborne giardiasis, Rose et al. (1991b) used data
from Rendtorff's experiments in which Giardia cyst doses ranging from 1 to 106 were fed
to prison volunteers. The cysts were collected from the faeces of infected humans. A
positive response was measured by cyst excretion in the faeces. They modelled the
probability of infection (response) from cyst dose by the exponential equation. They
report that 'the exponential model was statistically consistent with the Rendtorff data. A
value for r was calculated from the best fit model to be -0.0198. The data which Rendtorff
(1954) obtained are presented in Table 2.7.

Table 2.7 Data for experimental infection for Giardia lamblia cyst exposure
(Rendtorff, 1954).

_________________________________________________________________
Cyst Dose Volunteer response Proportion infected

Number infected
_________________________________________________________________
1 0 of 5 0
10 2 of 2 1.00
25 6 of 20 0.30
100 2 of 2 1.00
10,000 3 of 3 1.00
100,000 3 of 3 1.00
300,000 3 of 3 1.00
1,000,000 2 of 2 1.00
_________________________________________________________________

In Figure 2.4, the proportion of volunteers infected is plotted as a function of cyst dose.
The best fit exponential model is plotted for each of the doses administered. This is the
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dose-response curve. One criticism is that for most of the doses only two or three
volunteers were used, and for those doses all volunteers were infected. For two doses
where five or more volunteers were used, not all volunteers were infected.

In Rendtorff's experiments infections were easily induced in the volunteers. However, no
disease or diarrhoea could be attributed to the infection. Nash et al. (1987) state a number
of possible reasons for this, "including differences in virulence among isolates of Giardia
or the prior development of resistance to those as yet unidentified factors responsible for
the development of diarrhoea in giardiasis. Although Rendtorff's studies were well done
and informative, the choice of the inoculating isolate of Giardia was necessarily a random
selection (from human faeces)". Giardia isolates from humans differ biochemically and
biologically. These differences may explain some of the variability in the clinical features
noted in human infections. Gene probe analysis of DNA from 15 human isolates of
Giardia revealed marked differences. Isolates also differed in surface antigens and
excretory-secretory products. Nash et al. (1987) demonstrated strain variation in the
pathogenicity of Giardia infections in humans. Human volunteers were inoculated with
one of two distinct human isolates of Giardia lamblia, GS/M and Isr. Each volunteer was
given about 50,000 trophozoites. All five volunteers inoculated with GS/M became
infected and three became ill as well. Two had diarrhoea and typical symptoms of
giardiasis. None of the volunteers inoculated with Isr became infected.
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Figure 2.4 Exponential dose-response curve for Giardia lamblia (data from
Rendtorff (1954)) used in the waterborne giardiasis model (Rose et al.
1991b).
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Cryptosporidium parvum

DuPont et al. (1995) have performed a study on informed volunteers to determine the
infective dose of Cryptosporidium parvum for humans. Volunteers were healthy and
antibody negative. Oocysts were obtained after passage in newborn calves. Doses used
ranged between 30 and 1,000,000 viable oocysts and were administered in capsules.
Infection occurred in 16 of 26 of the volunteers (Table 2.8). The ID50 was estimated to be
214 oocysts. Six of the 16 infected volunteers developed clinical illness consisting of
diarrhoea, nausea and abdominal pain. Secondary spread to household contacts was not
observed. It should be noted, however, that volunteers were advised about principles of
hygiene and therefore have may taken extra precautions to reduce person-to-person
secondary transmission within their household. Rose et al. (1995) have modelled the data
using an exponential model with r = 0.00467. The probability of infection from a single
organism is 4.7 x 10-3 and a dose of 30 oocysts would initiate infection of 20% of those
exposed.

Table 2.8 Data for experimental infection for Cryptosporidium parvum oocyst
exposure (Dupont et al., 1995).

_________________________________________________________________
Oocyst Dose Volunteer response Proportion infected

Number infected
_________________________________________________________________
30 1 or 5 0.20
100 3 of 8 0.38
300 2 of 3 0.67
500 5 of 6 0.83
>1,000 7 of 7 1.00
_________________________________________________________________

Echovirus-12

Shiff et al. (1984) performed a study on healthy adult volunteers to determine the dose of
echovirus-12 required to establish infection in humans. Volunteers were given 0 - 330,000
pfu of echovirus-12 in chilled nonchlorinated drinking water (presumably free of other
pathogens!). The proportions of individuals infected at each dose are presented in Table
2.9. Infection was determined by seroconversion or intestinal shedding of virus. The data
obtained with four doses were used to produce a dose-response curve by probit analysis.
From that curve, the HID50 (dose required to infect 50% of volunteers) of echovirus-12
was determined to be 919 pfu (95% fiducial limits from 573 pfu to 1,503 pfu). The dose
required to infect 1% of volunteers (HID01) was 17 pfu with 95% fiducial limits of (1.0,
56 pfu). The results of Schiff et al. (1984) indicated that previous infection with
echovirus-12 dose not provide lasting protection against reinfection.
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Table 2.9 Data for experimental infection for Echovirus 12 exposure (Schiff et
al. 1984).

_________________________________________________________________
Dose of Volunteer response Proportion infected
virus (pfu) Number infected
_________________________________________________________________
0 0 of 34 0.00
330 15 of  50 0.30
1000 9 of 20 0.45
3300 19 of 26 0.73
10000 12 of 12 1.00
_________________________________________________________________

Rotavirus

Ward et al. (1986) determined the infectious dose for human rotavirus. Rotavirus was
obtained from a stool specimen of a hospitalised child. Subjects used for this study were
first screened for serum neutralising antibody to the rotavirus. The antibody titres varied
considerably ranging from <2 to 1,600. Thus, many subjects had relatively high titres of
serum neutralising antibody to the strain used. Ward et al. (1986) reported, however, high
antibody titres had no significant effect on the probability of either infection or illness in
subjects given an infectious dose of rotavirus. Eight of the nine subjects with the highest
preinoculation titres (geometric mean titre 708) became infected, and five experienced
illness.

Ward et al. (1986) administered doses ranging from 0.009 to 90,000 focus-forming units
orally to 62 volunteers (healthy 18 - 45 year old men) after consumption of 50 ml of
sodium bicarbonate (4%). The proportions of volunteers developing infection (shedding
of virus or rise in antibody titre) after a given dose are plotted in Figure 2.5. The best fit
dose-response curve based on the β-Poisson model with the parameters presented in Rose
and Gerba (1991) is also plotted in Figure 2.5. That model suggests that doses of just 5
focus forming units would infect 50% of adults and that a dose of just one rotavirus
would infect some 31% of adults. In Ward's experiments, 17 of the 30 infected individuals
became ill.

Norwalk Virus

Norwalk virus infection is a common cause of gastroenteritis in humans. Dose-response
trials have been conducted by Graham et al.. (1994). Norwalk virus was administered to
50 volunteers. Clinical features and virological and immunological responses were
studied. It should be noted that sodium bicarbonate solution was taken by each person
during administration of the virus inoculum. The study by Graham et al. (1994) does not
provide dose-response data which are useful for risk assessment models since a standard
dose was given to each volunteer.
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Figure 2.5 Dose-response data for human rotavirus from trials on volunteers
(Ward et al. 1986). ββ-Poisson dose-response curve constructed using
parameters presented in Rose & Gerba (1991).
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Human Caliciviruses

Cubitt (1989) reports a small volunteer study in which three of four adults developed mild
or moderate symptoms of gastrointestinal illness (diarrhoea and nausea) after they were
given between 100 and 1,000 human calicivirus particles. This information is not sufficient
for dose-response modelling.

Enteric adenoviruses

No volunteer studies involving fastidious adenovirus strains have been published to date.

Astrovirus

Kurtz et al. (1979) showed that adult volunteers could be infected. They excreted virus
and some developed mild diarrhoea symptoms. In addition, the majority seroconverted
but no conclusions could be drawn about potential pathogenicity in babies and young
children, the ones most likely to be ill. This study did, however, confirm that the virus is
capable of infecting man.

Poliovirus

In early experiments (cited in Katz and Plotkin (1967)) human volunteers were
administered doses of the SM strain of poliovirus type 1 in gelatin capsules. The results
are shown in Table 2.10.

Table 2.10 Infection with attenuated poliovirus Type 1 (SM strain of adult
volunteers (taken from Katz and Plotkin (1967)).

_______________________________________________________________
Dose (pfu) Result % infected
_______________________________________________________________
0.2 0 of 2 0
2 2 of 3 67
20 4 of 4 100
200 4 of 4 100
_______________________________________________________________

Katz and Plotkin (1967) studied the minimal infective dose of attenuated poliovirus Type
III in 22 premature infants in the USA. Infection was judged as detection of poliovirus in
stools. Three concentrations of the vaccine virus were used and quantified in units of
TCD50, which reflects the concentration which infects 50% of tissue culture. The results
are presented in Table 2.11. Their results showed that 30% of subjects given enough virus
to infect 50% of tissue cultures (i.e. 1 TCD50) were infected. The calculated 50%
infective dose for the infants was 4 TCD50.
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Table 2.11 Infection with attenuated poliovirus Type III (Fox strain) of
premature infants (Katz and Plotkin (1967)).

_______________________________________________________________
Dose (TCD50) Result % infected
_______________________________________________________________
1 3 of 10 30
2.5 3 of 9 33
10 2 of 3 67
_______________________________________________________________

E. coli O157:H7

The infectious dose of E. coli O157:H7 that leads to symptomatic infection is speculated
to be low on the base of a retrospective-case control study from a swimming-associated
outbreak (Keene et al.. 1994). The evidence for this conclusion was weak, however, and
did not take into account the fact that bacterial concentrations tend to be clustered into
pollution hotspots in lakes (Gale et al. 1990).

Enteroadherent Escherichia coli

Two strains, O?:H33/35 and O78:H33/35, of enteroadherent E. coli (EAEC) were
isolated from patients who developed diarrhoea after travelling to Mexico and
administered to healthy adult volunteers (Mathewson et al. 1986). Volunteers were given
2 g of sodium bicarbonate as an Antacid immediately before challenge. Very high doses of
7 x 108 or 10 x 109 were given to each volunteer. Not surprisingly every volunteer shed
the EAEC strain in their stools. Varying proportion developed diarrhoea or enteric
symptoms. The challenge studies of Mathewson et al. (1986) really only provide
epidemiological evidence that EAEC may be an agent in diarrhoea and are of little use for
developing dose-response relationships for risk assessment modelling.

Vibrio cholerae.

The infective dose of Vibrio cholerae is 1011 organisms; although after neutralisation of
gastric acid this drops to between 1,000 and 10,000. Asymptomatic or mild infections
may outnumber severe cases by as many as 100 to one in endemic areas, and may be
important in sustaining epidemics. Some people are more vulnerable to cholera than
others. Breast feeding confers protection not received by babies who are feed formula
milks. Gastric hypoacidity increases susceptibility, and this may be the mechanism by
which Helicobacter pylori infection increases vulnerability. Cholera gravis (resulting in
death within a few hours) occurs more often in those with blood group O. Dose response
relationships in risk assessment models should accommodate such features if predicted
risks are to be realistic.
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Shigella spp.

From their retrospective study of a swimming-associated outbreak, Keene et al. (1994)
also speculated that the infectious dose for Shigella sonnei is low. Dupont et al. (1989)
summarised the published data of dose-response of volunteer studies with Shigella spp.
The proportion of volunteers developing infection after an administrated dose are
presented in Table 2.12

Table 2.12 Dose-response data for Shigella spp. from trials on healthy adult
volunteers (Dupont et al. 1989).

_______________________________________________________________
Test Strain Dose No. of Proportion

Ill volunteers Ill
_______________________________________________________________
S. flexneri 2a
2457/T 100 14 of 36 0.39

180 9 of 36 0.25
5,000 28 of 49 0.57
10,000 58 of 103 0.56
>100,000 38 of 59 0.64

S. dysenteriae 1
A-1 200 3 of 8 0.38

10,000 2 of 6 0.33
M-131 10 1 of 10 0.10

200 2 of 4 0.50
2,000 7 of 10 0.70
10,000 5 of 6 0.83

S. sonnei
53G 500 7 of 20 0.35
53 G 500 19 of 38 0.50
_______________________________________________________________

2.3.1 Critical assessment of dose-response data used for microbiological risk
assessment

The dose-response curve is the 'heart' of the US risk assessment models for drinking
water. Dose-response models are available for several pathogens of waterborne
importance. Some of the problems with using dose-response data in risk assessment
models for drinking water supplies are now discussed.

1. Point estimates for pathogen exposure used in US risk assessment models for
drinking water are typically less than one. For example, Haas et al. (1993) use an
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exposure estimate of 0.0024 viruses per person per day. The meaning of doses of
fractions of a pathogen should be questioned. For the dose-response curve for
rotavirus (Figure 2.5) and poliovirus (Table 2.10), doses of less than one were
administered. In principle, it is inconceivable that a fraction of a pathogen could
even be administered, let alone cause an infection. Indeed, an individual either
ingests a certain whole number of pathogens or zero pathogens. It would seem
therefore that dose-response curves should not go down below 1 pathogen, except
in the case of zero pathogens when the probability of infection is zero. In theory,
however, it is quite acceptable to model the beta-Poisson dose-response curves
down to doses below 1 pathogen. Thus, a dose of 0.009 rotavirus (Figure 2.5)
means that on average there is nine rotavirus particles per 1,000 dose volumes
administered to volunteers. The beta-Poisson dose-response curve will account for
most volunteers not receiving any virus but a small (about 1%) proportion of
volunteers receiving one, and an even smaller proportion receiving two viruses, and
so on. This does however question whether the beta-Poisson curve is really the best
model for a dose-response curve, since risks for doses between zero and one
pathogen are effectively based on information contained in the curve for doses of
one or more pathogens. Indeed, the ideal dose-response curve would not consider
fractions of pathogen. It would contain risks from discrete doses, 0, 1, 2, 3, 4, 5.....
of pathogen. The statistical distribution of pathogens in the drinking water supply
would then relate the proportions of consumers exposed to each dose.

2. Dose-response curves obtained to date used small numbers of volunteers. The
confidence intervals (uncertainty) in data are therefore large. This is apparent in the
dose response data for Giardia lamblia (Rendtorff, 1954). Haas et al. (1993) show
the error bars (95% confidence intervals) for each of the doses on the rotavirus data
of Ward et al. (1986) to be large. Indeed, for a dose of one rotavirus particle the
95% confidence interval for proportion of individuals infected is 0.01 to 0.50.

3. Only a proportion (which is unknown) of the total numbers of pathogens may be
infectious.

4. Dose-response models are reported for infection, rather than illness or mortality.
Ratios relating mortality and illness rates to infected individuals are needed for each
pathogen.

5. Dose-response models do not take into account the findings for salmonella, at least,
(Mintz et al. 1994) that severity and duration of illness are related to dose ingested.
However, in the dose-response study with rotavirus on human volunteers, Ward et
al. (1986) report that the percentage of infected subjects who experienced illness
was unrelated to dose.

6. There is considerable disagreement in the minimum number of salmonellae
necessary to produce clinical symptoms. Infectious doses may be somewhat lower
than suggested by dose-response data quoted for US risk assessment models (Rose
and Gerba, 1991).
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7. In the rotavirus study of Ward et al. (1986) and also Norwalk virus studies
(Graham et al. 1994, Johnson et al. 1990), volunteers were given sodium
bicarbonate as an "Antacid" first. This may promote survival of the virus. Thus,
dose-response curves may predict higher risks from these viruses than under normal
conditions.

8. Most dose-response studies performed on salmonellae have involved food as the
vehicle for ingestion of the organisms. Those data may therefore not be applicable
to waterborne risk assessment models. Indeed, D'Aoust (1985) suggests that the fat
content of contaminated foods may play a significant role in human salmonellosis by
determining the number of organisms reaching the intestine.

2.4 Dose-response data are not used optimally in US drinking water
risk assessment models.

The point exposure per person per day to pathogen is translated into a risk of infection
from the dose-response curve. Haas (1993) gives a worked example for poliovirus III
(shown in Table 2.13), showing how US models achieve this.

Table 2.13 Calculation of daily risk of infection from poliovirus (Haas, 1993).

__________________________________________________________

Point estimate for daily water consumption per person = 2 litres
Point estimate for virus concentration = 0.0012 per litre (see Section 2.1)

Point estimate for daily exposure to virus = 0.0024 viruses per day per person

Using the Poisson-beta model for poliovirus (α = 0.50, N50 = 3.4, see Table 2.6), a daily
risk of poliovirus infection through drinking water is calculated to be 0.00106.
___________________________________________________________

It is apparent, however, that there is a problem. The point estimate exposures (e.g. 0.0024
viruses per person per day) used in the US risk assessment model are much smaller than
the doses administered to volunteers in producing dose-response curves (Section 2.3). To
overcome this problem, the US models extrapolate their dose-response curve down to
doses of fractions of a pathogen, well below those for which dose-response data are
available. The weakness is that those parts of the curve play a 'passive' role in the best fit
procedure used to produce the curve. Only, the parts of the curve where data are available
will contribute to the best fit procedure.

In the author's opinion, dose-response curves are not used optimally in US risk
assessment models. Thus, there really is no need to extrapolate dose-response curves into
realms for which data were not available. Indeed there is no need to model even into
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fractions of a pathogen. The information is there in the part of the curve describing risks
of infection from 1, 2, 3, 4, 5.... pathogens.

2.4.1 Recalculating risks considering actual exposures gives a discrepancy
compared to extrapolation.

Using the data from Table 2.13 and the same Poisson-beta model, the risk may be
calculated a different way, by considering the risk from exposure to 0, 1, 2, 3, 4, 5....
organisms, reflecting a real life situation. This avoids using the region of the model where
extrapolation into fractions of a pathogen is needed. It enables risk calculations from parts
of the curve where dose-response data were obtained. The calculation shown in Table
2.14. was performed on a spread sheet. The approach again assumes an average virus
exposure of 0.0024 viruses per person per day. Using the equation for the Poisson
distribution (mean = 0.0024), the probabilities of any person consuming 0, 1, 2, 3, 4,
5....viruses per day are calculated in the second column. In the third column, the
probabilities of infection from 0, 1, 2, 3, 4, 5...viruses are calculated using Haas's dose
response equation. In the forth column the two probabilities are multiplied together to
give the probability of risk of infection from each pathogen exposure in the population.
Summing the probabilities in the forth column gives the daily risk of infection from all
pathogen doses, 0.00065, in the population. This is about half the risk predicted by Haas's
extrapolation approach.

Table 2.14 Calculating daily risk of infection from poliovirus by considering risks
from consumption of 0, 1, 2, 3, 4, 5....viruses - avoiding Haas'
extrapolation of dose response curves.

____________________________________________________________
Number of Probability of Probability of
pathogens in ingesting x infection from
water number of x number of
(x) pathogens pathogens

(Px) (Pi) (Px x Pi)
____________________________________________________________
0 0.9976 0 0
1 0.002394 0.271 0.000649
2 0.00000287 0.398 0.0000011
3 2.3 x 10-9 0.476 2.3 x 10-9

.

.
100 0 0.894 0

______ ________
Total 1 0.00065

Px, calculated from Poisson distribution using mean of 0.0024 viruses per person per day
Pi, calculated from beta dose-response model (α = 0.50, N50 = 3.4) of Haas (1993)
______________________________________________________________



33

2.4.2 Using the Poisson model with such low point estimates effectively means US
dose-response models only consider exposure to one pathogen.

By assuming a Poisson model, no account is taken of clustering of pathogens within the
drinking water supply (discussed in Section 2.2.2). Furthermore, the very low pathogen
exposure estimates used in conjunction with the Poisson model render the probability of
exposure to more than one pathogen very remote. Consider Table 2.14. With an average
exposure of 0.0024 per person per day, the Poisson distribution calculates that over
99.76% of people will not be exposed to viruses. About 0.24% of people will be exposed
to just one virus. However, the probability of being exposed to two or more viruses is
0.00029%, i.e. negligible.

Thus, in effect US risk assessment models either consider persons being exposed to no
viruses or persons being exposed to just one virus.

It should be noted that if viruses are clustered then an even higher proportion of people
will not be exposed to any viruses. However, a very small proportion of consumers may
be exposed to very large numbers of pathogens, e.g. 1000 per day. In the case of viruses
and perhaps protozoa, where single organisms may cause illness, US models may
overestimate the risk. In the case of certain bacterial pathogens, e.g. Vibrio cholerae, for
which thousands of organisms are needed to infect an individual, US models
underestimate the risk.

2.5 Characterisation of risk in US risk assessment models

Risk characterisation is the determination of which risk should be expressed and how it
should be expressed.

2.5.1 Which risk?

For pathogens there are three different risks. These are risk of infection, risk of illness,
and risk of mortality. Which risk is most appropriate depends on the nature of the
pathogen, and the susceptibility of different groups within the population to morbidity or
mortality. For AIDS patients, mortality would be the appropriate risk category for
Cryptosporidium, while for the healthy adult population infection would be sufficient. For
hepatitis E virus, the appropriate risk category for pregnant women would be mortality.
Most US risk assessment models somewhat avoid the problem of characterising risk for
different population groups by aiming for finished waters of microbial quality such that
risks of infection from Giardia and enteric viruses are less than one infection per 10,000
people per year (Regli et al., 1991, Rose et al. 1991b, Rose and Gerba, 1991). The
pathogens and the risk characterisations in US risk assessment models are summarised in
Table 2.15.
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Table 2.15 Pathogens and risk characterisations in US risk assessment models for
drinking water.

________________________________________________________________
Pathogen Risk Reference
________________________________________________________________
Giardia Infection Rose et al. (1991b)
Viruses Infection, Mortality Haas et al. (1993)
________________________________________________________________

The Giardia (Rendtorff, 1954) and rotavirus (Ward et al. 1986) dose-response models
measure infection as the detection of cysts or virus particles (respectively) in faeces from
the volunteers. Thus US risk assessment models using those dose-response data
effectively predict the risk of infection as determined by excretion of pathogen in faeces.
Haas et al. (1993) develop the virus model a stage further by considering the probabilities
of an infected person developing illness, and an ill person dying. They note the paucity of
data on mortality rates from different pathogens but cite information suggesting mortality
rates from coxsackie and echoviruses of 0.12 - 0.94%. The risk of mortality from hepatitis
A virus in the US is 0.6%. Infectivity/morbidity and infectivity/fatality ratios have been
reported for a variety of enteric viruses contaminating drinking water (Gerba and Haas,
1988). These are reported in Table 2.16.

Table 2.16 Mortality rates for enteroviruses

Enterovirus Mortality rate, %
Hepatitis A 0.6

Coxsackie A2 0.5
A4 0.5

A16 0.12
Echo 6 0.29

9 0.27
Polio 1 0.9

2.5.2 How is risk expressed in US models

The SWTR was drawn up by the US EPA to ensure that the population consuming water
would not be exposed to a risk of greater than one infection of giardiasis or enteric virus
per 10,000 people per year. US risk assessment models therefore report annual risks.

US models consider each day as a discrete exposure. The daily risk of infection is
calculated from the dose-response curve using a daily point estimate for pathogen
exposure (as shown in Section 2.4). The daily exposure is then translated into an annual
risk, Pyear, by the equation
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Pyear = 1 - (1 - Pday)365

where Pday is the risk of infection from the 2 litres of tap water consumed each day.

2.6 Application of US risk assessment models to the general
community.

US risk assessment models do not consider spread through secondary infection, e.g.
person-to-person contact, after primary infection of persons through a point source such
as the municipal water supply. Rates of secondary spread may be considerable for certain
pathogens (see Section 3) and should be considered in drinking water risk analysis models
to assess the full impact of a waterborne outbreak on the general community. Modelling
secondary spread could be achieved through mathematical models for infectious diseases
(Wickwire, 1977) and is not discussed further in this review.

This section considers whether the dose-response curves used in risk assessment models
are applicable to the general community.

2.6.1 Broad cross sections of the community

The US risk assessment model for viruses in drinking water (Haas et al. 1993) may
underestimate the risks to the general community by an unknown factor which varies from
community to community. This is because the dose response data on which the model was
based were obtained from healthy adult volunteers (Ward et al. 1986) and not children,
AIDS patients, pregnant women or other susceptible persons. Even within groups of
healthy adult volunteers, there is considerable variation in the effect of pathogen dose.
Thus, from the dose-response curve for rotavirus (Figure 2.5), it is apparent, that while a
single rotavirus particle may cause infection in 31% of the healthy adults, some 8% of the
healthy adults are not infected by as many as 10,000 rotavirus particles. This variation is
accommodated by the dose-response curve and presents no problem for risk assessment
models. Where there is a problem, however, is in application of those risk assessment
models to broad cross-sections of the community with persons other than healthy adults.
Each risk assessment model is only applicable to persons representative of the group from
which the dose-response data were collected (healthy adults in the virus model of Haas et
al. (1993)).

Healthy adults represent the group most resistant to micro-organism infection (except in
the case of mortality from hepatitis A virus). Rotavirus and astroviruses cause illness in
infants. Cryptosporidium may be fatal in AIDS patients. The risk of mortality from
hepatitis E virus in pregnant women is high (10 - 20%). Another problem is that the
proportions of children, AIDS cases, pregnant women and adults may vary from
community to community. Furthermore, certain viruses, e.g., have more impact amongst
communities of lower socioeconomic status. US risk assessment models do not cater for
these more susceptible groups within the population. To apply risk assessment models to
the general community dose-response data from persons typical of the general community
must be obtained.
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2.6.2 Degree of immunity and vaccination

The susceptibility of humans to infection is determined by many factors, the most
important of which may be the degree of immunity developed as a result of previous
infection by the same or a related virus or from vaccination. Rotavirus disease in adults is
usually the result of reinfection rather than primary infection because almost all adults
have serological evidence of a previous infection. Reinfection may be possible because of
loss of immunity or exposure to a different serotype of rotavirus. However, the presence
of serum neutralising antibodies (i.e. previous exposure) did not fully protect volunteers
against rotavirus illness in the study of Kapikian et al. (1983). In the experiments to
determine the dose-response relationship for rotavirus, Ward et al. 1986 selected adults
after prior screening for a low titre of serum neutralising antibody. Such volunteers are
unlikely to represent the general community.

The immune response and protection following natural infection or vaccination with an
enteric virus have been characterised in studies with poliovirus (Ghendon et al. (1961)).
Immunoglobulin A (IgA) secreted into the intestine after poliovirus infection has been
implicated as the primary factor responsible for alimentary resistance. IgA may also
protect against rotavirus. However, this antibody defence mechanism may not operate
against Norwalk virus (Cukor et al. (1982)) or echovirus-12 (Schiff et al. (1984)). Thus
the state of alimentary resistance associated with enteric viral infections and predicted on
the basis of studies with poliovirus may not be universally applicable. This means that
microbiological risk assessment models will need to treat multiple exposures in different
ways depending on the virus.

Factors responsible for susceptibility to Norwalk virus infection are poorly understood.
There are disparate results regarding the nature of host immunity to Norwalk virus
between seroepidemiological studies in developing nations and volunteer studies in US
adults. Black et al. (1982) and Ryder et al. (1985), in separate studies in Bangladesh and
Panama, found that serum antibody titres of >1:100 were associated with protection of
children against subsequent episodes of Norwalk gastroenteritis. This pattern was not
found in volunteer studies among adults in the USA. Blacklow et al. (1979) demonstrated
that ill volunteers challenged with Norwalk virus were more likely to have high than low
prechallenge serum antibody titres whereas Parrino et al. (1977) showed that serum
antibody titres to Norwalk virus were not protective against illness in a study of 12
volunteers multiply challenged with Norwalk virus. The 6 who became ill initially also
experienced gastroenteritis when rechallenged 27 - 42 months later. The 6 who remained
well did not experience gastroenteritis on rechallenge. Four volunteers who became ill
were challenged a third time 4 - 8 weeks after the second challenge. Only one experienced
gastroenteritis: that volunteer had a high antibody titre before the third challenge.

Johnson et al. (1990) found that all volunteers (12 of 12) with high (>1:200) prechallenge
titres of serum antibody to Norwalk virus experienced illness while only 19 of 30 with low
(1:100) prechallenge titres experienced illness after the first challenge. They concluded
that preexisting serum antibody to Norwalk virus does not seem to be associated with
protective immunity. However, after repetitive exposure antibody levels were associated
with protection. There appears to be a group in the USA who maintain low serum
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Norwalk antibody levels yet are resistant to Norwalk infection. Whether specific
immunologic, genetic, or other host factors cause this resistance is unclear.

2.6.3 Age of consumers

Dose-response data have been obtained from experiments involving healthy adults (with
the exception of premature infants for poliovirus Type III (Katz and Plotkin, 1967)). In
the case of rotavirus, for example, the most severe illnesses involve infants and young
children. Adults are generally protected from infection by enteric adenoviruses (Chiba et
al. 1983) which account for 5 - 10% of childhood diarrhoea (Kim et al. 1990).  Dose-
response models used in risk assessment do not take into account the fact that immunity
in the case of hepatitis A virus, for example, is directly related to age. In a study by the
PHLS (Thornton et al. 1995) of a drinking water supply contaminated with sewage, it
was found that those who were immune to hepatitis A virus were significantly older than
those who were susceptible (mean ages: 43.5 years and 19.0 years, p < 0.0001). In a
recent unmatched case-control study performed in response to a Cryptosporidium
outbreak it was found that the median age of the control group was 10 years compared to
3 years for the infected cases. Furthermore, in that particular study it was found that
consumption of vegetables appeared to have a protective effect. Whether this reflected
different eating habits in the two age groups is not clear, but risk assessment models
should take such facts into account.

The stomach acts as a barrier to ingested bacteria mainly through a pH-dependent
mechanism. Patients who have had gastrectomies, are achlorhydric, or are taking antacids
appear to be more susceptible than others to infection with salmonellae. Observations of
susceptibility to other ingested pathogens such as Vibrio cholerae and Giardia lamblia
indicate a similar pattern (Giannella et al. 1972). Children less than two months of age
produce little hydrochloric acid, and the incidence of achlorhydria is greater in persons
over 60 years old. These phenomena could to some extent account for the increased
susceptibility of the very young or the elderly to infection with salmonella. Risk
assessment models need to take these considerations in account.

2.6.4 Conclusions

There are many poorly understood and complex issues which render current dose-
response models inapplicable to the general community.

2.7 Outputs of US risk assessment models

Microbiological risk assessment models have been applied in the US in three ways. The
first method uses values measured for pathogen densities in the finished water supply to
calculate risks of infection. As discussed above in Section 2.2.2, the problem is deciding
what value to use for a point estimate of pathogen density. The second approach
effectively does the opposite by calculating from dose-response models a critical pathogen
density below which the annual risk of infection is considered as acceptable by the US
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EPA. The latter approach provides data for the setting of microbial standards in drinking
water supplies. The third approach considers pathogen levels in source waters and
estimates how effective water treatment needs to be to ensure risks of less than 1 per
10,000 per person per year. Outputs from these approaches are now reviewed.

2.7.1 Risks predicted by US risk assessment models

Haas et al. (1993) estimate of the daily probability of virus infection from drinking water
is 0.000717 (95% confidence interval, 0.0000317 to 0.00188). This is for the most
exposed individual using a point estimate virus density based on data of Payment for
finished drinking water in the Montreal area. It is interesting to note, however, that the
daily risk of illness (0.000717) was in very good agreement with the value of 0.00082 per
day obtained in the prospective epidemiological study of Payment for the Montreal area.
Haas et al. (1993) also consider the potential for mortality. They assume that 1 incident in
a thousand of viral illness derived from drinking water result in death (Gerba and Haas,
1988). Using the risk interval for illness and assuming exposure over a lifetime of 70
years, the interval for the risk of death from a lifetime's exposure to viruses in drinking
water is 0.0008 to 0.047.

The upper limit (1 in 20) for mortality from viruses in drinking water is not negligible.
However, this value is calculated using a point estimate for a most exposed individual. Put
in context, this predicted risk is of little use because no information is provided on what
proportion of the consumers are exposed. Judging from Payment's data, at least 93% of
consumers (see Table 2.3) would have been exposed to lower doses than that used in
Haas's model. Thus, the calculated risk of death only applies to less than 7% of the
population. Furthermore, it is shown in Section 2.4.1 that extrapolating the dose response
curve to very low values may overestimate the risk by a factor of two. In addition by
using a Poisson model and not considering pathogen clustering (Section 2.4.2), the US
risk assessment models may considerably overestimate the proportion of consumers
exposed to virus and hence the risk.

2.7.2 Development of microbial standards

The US EPA set an acceptable risk limit of 1 infection per 10,000 persons per year as
acceptable. Rose and Gerba (1991) calculated that Giardia levels should be below 0.2
cysts/100 l and poliovirus and rotavirus levels should be less than 0.1 and 0.3 pfu/100 l to
achieve an annual risk of not more than 1 infection in 10,000.

Regli et al. (1991) present maximum mean densities of pathogens computed from dose-
response curves to give annual risks of infection of 10-4. These are presented in Table
2.17.
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Table 2.17 Maximum mean concentrations of various pathogens computed from
dose-response curves to give an annual risk of infection of 10-4 (taken
from Regli et al. 1991).

_________________________________________________________
Organism Density (number/litre)
_________________________________________________________
Rotavirus 0.000000222
Polio III 0.000000265
Entamoeba coli 0.000000625
Giardia 0.00000675
Polio Ia 0.0000151
Polio Ib 0.00191
Echovirus 12 0.0000685

ausing dose-response data of Minor et al. (1981)
busing dose-response data of Lepow et al. (1962)
_________________________________________________________

2.7.3 Determining the effectiveness of drinking water treatment for different
source waters (Rose et al. 1991b; Rose and Gerba, 1991)

Rose et al. (1991b) and Rose and Gerba (1991) avoid the problem of lack of information
on pathogen densities in the drinking water supply by considering the quality of raw
waters and predicting the health effects from the resulting treated water after varying
degrees of pathogen removal by water treatment. This effectively tests the effectiveness of
various levels of water treatment on health risk.

Rose and Gerba (1991) used Giardia cysts concentrations measured in 40 source water
samples collected over the period of a year. Samples were grouped according to Giardia
concentration allowing the frequencies to be calculated (Table 2.18). Densities were then
divided by 1,000 to simulate densities in the drinking water supply after a 3 log removal
by water treatment. Densities were then translated into risk through the dose-response
curve for Giardia (Rendtorff, 1954).
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Table 2.18 Calculation of risk of Giardia infection from cyst densities in source
water after 3 log removal (Rose and Gerba, 1991).

_______________________________________________________________
Source Water Frequency Risk
Cyst density
per 100 litres
_______________________________________________________________
<1 60 0
0 - 0.9 5 0.000,000,28
1 - 5 20 0.000,008,9
6 - 10 2.5 0.000,002,7
11 - 100 2.5 0.000,032
100 - 1000 10 0.000,13
_______________________________________________________________

This is a much more useful approach than using single point estimates (Haas et al. 1993)
because:-

1. The frequencies of Giardia cyst density within the drinking water supply are
considered. Thus, to some extent the all important question of what proportion of
consumers are exposed to what levels of pathogen density is approached. For
example, it is apparent from Table 2.18 that the Giardia risk to the 10% most
exposed consumers is greater than or equal to 0.00013 per day. Similarly, it may be
stated that the daily risk to 85% of the consumers is less than or equal to
0.89 × 10-6.

2. Real values (for source waters, at least) are used instead of the meaningless
averages (see Section 2.2.2 for criticisms of average point estimates).

Criticisms of the Rose and Gerba (1991) study are:-

1. Although they approach the question of what proportion of consumers are exposed
to what densities of cyst they do not use that frequency information in calculating
an overall risk across the population.

2. 60% of source water samples recorded <1 cyst per 100 litres. Thus, a 3 log
reduction on treatment will give <1 per 100,000 litres. Rose and Gerba incorrectly
calculate the risk to be 0 (Table 2.18). It will be small but finite (Haas et al. (1993))
calculated a risk from viruses based on a density of 0.0012 viruses per litre.

3. For each pathogen density estimated in drinking water, a Poisson distribution is
assumed.

4. They base conclusions about water treatment on incorrectly calculated geometric
averages, stating, "Geometric averages of 1 - 100 organisms/100 litres (source
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water) require 3 - 5 logs of treatment reduction to achieve the 1:10,000 risk". From
the data in Table 2.18 they calculate a geometric average of 1.64 cysts per 100 litres
for source water. Since 60% of samples register <1 cyst per 100 litres the median,
and hence the geometric mean, is also <1 cyst per 100 litres (see Section 2.2.2).

2.8 Uncertainty Analysis

Uncertainty in risk assessment models arises for two reasons:

1. lack of knowledge

2. statistical variability, i.e. chance.

While the second can be quantified by statistical theory, the first requires assumptions
which may later prove to be incorrect.

Uncertainties in risk assessment models are usually evaluated by Monte Carlo analysis.
Essentially Monte Carlo analysis combines the statistical distributions for several input
variables to estimate the statistical distribution for an output; in this case, the risk of
infection from drinking water. The US authors (Haas et al. 1993; Regli et al. 1991) refer
to bootstrapping, which is an approach based on Monte Carlo simulations for assessing
the uncertainty in parameter estimations due to variability of small samples.

A Monte Carlo risk assessment model for microbiological infection from drinking water
supplies should, in theory, combine the following inputs:-

• statistical distribution for pathogen densities across drinking water supply

• statistical distribution for water consumption across population

• dose-response model

to produce a probability distribution for risk of infection. However, the US models of
Regli et al. (1991) and Haas et al. (1993) consider only the uncertainty in the dose
response data. In particular, they report the confidence contour for the parameters α and
N50 which define the Poisson-beta model for rotavirus. The US models do not consider
the statistical distributions of pathogen densities or water consumption and hence
uncertainties in pathogen exposure. Uncertainties for pathogen exposure would be
quantifiable if the statistical distribution is known for a particular factor. For example if
the concentrations of Cryptosporidium oocysts were known to be lognormally distributed
(with parameters µ and σ) then we could calculate with certainty the confidence limits for
the proportion of the consumer population exposed to drinking water with more than one
oocyst per litre.

There are some disadvantages with the Monte Carlo analysis; namely the time required
and the potential complexity. Slob (1994) has presented a 'desk calculator' approach
which allows a simple and quick analytical uncertainty analysis. Burmaster and Anderson
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(1994) propose 14 principles of good practice to assist people in performing Monte Carlo
risk assessments.

2.9 Conclusions

1. US risk assessment models for drinking water supplies are no more than dose-
response curves. Single point estimates used for pathogen exposures in US models
are of little use.

2. US risk assessment models do not consider the fundamental question, "What
proportion of consumers are exposed to what numbers of pathogens?" Variation in
pathogen densities within the supply is not considered. Both would be defined by
the statistical distribution of pathogen densities.

3. Uncertainties are based on uncertainty of the dose-response data and do not
consider uncertainty in pathogen exposure estimates.

4. The mathematical models (beta-Poisson for most pathogens) for dose-response
curves may not be appropriate to micro-organisms because fractions of a pathogen
are considered.

5. US models do not model secondary spread. Dose-response curves are not
appropriate to the general community, including infants, the elderly, the
immunocompromised, and persons of varying acquired immunities. Some dose-
response data were obtained after antacid consumption and may overestimate risk.

6. Extrapolation of risks from fractions of a pathogen dose is unnecessary and
produces inaccurate results.

7. Applying the Poisson model to very low point estimates for pathogen exposure
effectively limits US models to considering exposure to zero pathogens or exposure
to just one pathogen. The US model for viruses effectively considers the probability
of exposure to more than one virus as negligible.

8. Applying the Poisson model when in fact pathogens are clustered in the supply
would overestimate risk from more infectious agents such as viruses and protozoa,
but underestimate risk from less infectious organisms such as certain bacteria.

9. Bacteria, in particular salmonellae may be more infectious than suggested by dose-
response data.
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3. APPLICATION OF RISK MODELLING
METHODOLOGY TO PATHOGENS IN THE UK

In the contract proposal, it was stated that the objective of this stage is to assess the
validity of each risk modelling methodology for application in the UK and recommend an
approach that is appropriate to the UK with particular reference to specific pathogens.
This is probably the wrong way to approach the problem because a basic risk assessment
model for a specific pathogen is complete when the dose-response curve and the
statistical distribution of densities in the drinking water supply are defined for that
pathogen. Only the correct dose-response curve and statistical distribution of densities are
appropriate. Where this information is available for a specific pathogen, risk assessment
modelling may be performed. Further refinement, however, will be needed based on
epidemiologic data for each specific pathogen. Thus, factors such as:-

• increased mortality in different age groups (e.g. hepatitis A virus)

• increased mortality in different subgroups of the population (e.g., pregnant
women in the case of hepatitis E virus)

• different rates of secondary spread (hepatitis E vs. hepatitis A viruses)

need to be considered.

Before developing and applying microbiological risk assessment models to drinking water
supplies, two questions should be answered:-

1. For which pathogens should risk assessment methodology for UK drinking water
supplies be developed?

2. What refinements based on epidemiologic information need to be made to risk
assessment models for specific pathogens?

The answer to the first question is that the risk from any pathogen which presents a
potential or proven waterborne hazard should be modelled. This is because one objective
of risk assessment models is to identify the most cost effective options to reduce risk. In
this respect, specific waterborne pathogens cannot be considered alone. Implementing one
option at the expense of another to reduce the risk from a specific  pathogen may increase
the risk from other pathogens. The answer to the second question requires detailed
epidemiologic information on each pathogen.

In this section, therefore, pathogens which are known to present or could present a
waterborne hazard in the UK are reviewed. Many of the pathogens discussed are more
prominent in parts of the world other than the UK. However, they are included because a
microbiological risk assessment model that works should be able to predict low or
negligible risks from such pathogens. Infected carriers entering the UK from parts of the
world where such pathogens present a serious health problem will inevitably release
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pathogens into the UK sewage system. The risk assessment model as well as the drinking
water treatment processes must be able to cope with such pathogens.

Emphasis is placed on the newly-emerging pathogens (e.g., E. coli O157, Helicobacter
pylori, hepatitis E virus, astroviruses and caliciviruses). It would be of particular benefit
to develop risk assessment models for such pathogens because their contributions through
waterborne infections to public morbidity and mortality are not as yet quantified.

The contract lists the following considerations:-

• abundance in UK

• major sources in UK

• other sources

• likelihood of waterborne transmission

• risk characterisation

• unique features to UK

These factors cover epidemiologic information which would require customisation of risk
assessment models for specific pathogens. Where possible these features are addressed for
each pathogen in this section. The abundance of pathogen in the UK is considered in
Section 3.4.

3.1 Protozoa

Giardia lamblia

Giardia lamblia is a flagellated protozoan parasite that infects the upper intestinal tract of
humans and many animal species. It is the most common gastrointestinal parasitic
infection of humans in the US and may be found in water contaminated with faeces.
Transmission of infection is by the faecal-oral route. Many cases of giardiasis reported in
the UK result from travel to endemic areas. Many outbreaks in the developed world have
been waterborne. An outbreak associated with mains water in the UK has been
documented (Jephcott et al. 1986). Epidemics have occurred after contamination of
municipal water supplies (Juranek, 1979). Person-to-person contact is also considered
important. In developed countries, infections occur most frequently in children,
homosexuals, institutionalised individuals, travellers, and backpackers. Outbreaks in the
UK have also been associated with contact with farm animals and pets. Although many
people are asymptomatic cyst excreters, other infected individuals may complain of
diarrhoea, nausea, vomiting, flatus, and abdominal cramp.
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Cryptosporidium

The enteric protozoan Cryptosporidium has been recognised as an increasingly important
cause of both outbreak-related and sporadic disease in humans (Casemore, 1990).
Cryptosporidium causes a self-limited infection in immunocompetent hosts. Person-to-
person transmission of Cryptosporidium is the major route of transmission (Smith, 1992)
especially among children in day care centres, hospitals and nurseries. Waterborne
cryptosporidiosis in immunocompetent populations is well-established. Cryptosporidium
oocysts are commonly recovered from a variety of surface water sources, including
supplies intended for drinking water abstraction (LeChevallier et al. 1991a). Humans can
acquire cryptosporidiosis from a variety of animal hosts. Thus, oocysts from infected
livestock and agricultural runoff contribute to the numbers of waterborne oocysts which
are potentially infectious to man (Smith, 1992). Wastewater may contain varying numbers
of oocysts - up to 13,700 oocysts per litre have been reported in crude sewage (Smith,
1992). It has been suggested that agricultural sources are of a major concern - levels of
149,000 oocysts per litre being detected in effluent from a slaughter house. Oocysts,
excreted in faeces, are thick-walled and survive for long periods of time in water. They
are not inactivated by the chlorine concentrations typically applied by water treatment
works. Several outbreaks have been associated with contaminated municipal water
sources. In the 1987 Carrolton (USA) outbreak resulting from sub-optimal flocculation
and filtration at the treatment works, 13,000 persons were affected (Hayes et al. 1989). In
1993, the largest documented waterborne disease outbreak in USA history occurred in
Milwaukee with 403,000 people estimated as developing watery diarrhoea after drinking
municipal water contaminated with Cryptosporidium parvum (MacKenzie et al. 1994).
For some reason, not attributable to mechanical breakdown of the flocculators or filters,
the water treatment works failed to maintain treated water at low turbidity enabling
oocysts to pass through. Contact with surface water has been demonstrated to be a risk
factor for sporadic cases.

In immunocompromised patients, the disease is severe, persisting indefinitely, and can be
life-threatening. Infection in such patients typically causes unremitting diarrhoea that does
not respond to therapy. In the US, cryptosporidiosis is reported in 10% of AIDS patients
and is associated with considerable mortality. Probable waterborne transmission of
cryptosporidiosis to persons with AIDS during a community outbreak has been
documented (Clifford et al. 1990). Sorvillo et al. (1994), however, conclude that the
municipal drinking water supply is not an important risk factor for cryptosporidiosis in
AIDS patients residing in Los Angeles (USA). Their evidence was based on the finding
that water filtration could not be demonstrated to exert a protective effect. Thus, the
prevalence of cryptosporidiosis among persons with AIDS was lower (4.2%) in an area
receiving unfiltered water (Area A), than in an area (6.2% incidence rate) receiving
filtered water (Area B). Furthermore, addition of filtration in Area A did not result in an
increased reduction in cases compared to that observed in Area B. Sorvillo et al. (1994),
however, acknowledge that their findings may not be generalisable to other areas. It also
was not established that heavy Cryptosporidium contamination of the drinking water
supply did actually occur in their study.
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3.2 Bacteria

Helicobacter pylori

This organism is associated with duodenal and gastric ulcers and also gastric carcinoma
(Anon, 1994). It was classified as a member of the Campylobacter genus before 1989
when a new genus, Helicobacter, was proposed. Helicobacter pylori exhibits a narrow
host range naturally infecting only humans and nonhuman primates, in which it specifically
colonises the gastric mucosa. It is uniquely adapted to survive in the acidic environment.
Interest on possible routes of transmission has focused research on the presence of H.
pylori in the mouth and faeces of infected individuals.

Reservoirs of H. pylori are the digestive tracts of humans and some primates.
Transmission from reservoirs is considered to be person-to-person. This assumption is
supported by the finding of clustering of similar strains within families and by consistent
demonstration of close interpersonal contact as a risk factor from infection. Transmission
can exist between couples: 68% of spouses of H. pylori-infected people were affected,
whereas 9% of spouses of uninfected people were infected. Secondary transmission of H.
pylori through person-to-person contact after primary outbreak from a waterborne
incident should therefore be considered in risk assessment models.

Person-to-person contact may occur through faecal-oral transmission and oral-oral
transmission. H. pylori has been detected in the oral cavity, in dental plaque, and in the
saliva of one person. H. pylori is eliminated in faeces after turnover of the gastric mucosa.
Consumption of raw vegetables fertilised with human faeces was found to be a risk factor
for infection in Santiago, Chile (Hopkins et al. 1993), and consumption of municipal
water was found to be a risk factor in children in Lima, Peru (Klein et al. 1991). H. pylori
has been detected by PCR in sewage water in Peru (Westblom et al. 1993).

Diarrheagenic Escherichia coli

These organisms are major components of the normal intestinal microflora in humans and
animals. Although most strains are relatively harmless in the bowel, others possess
virulence factors that are related to diarrhoea disease. At least five types of E. coli
intestinal pathogens have been recognised. The terminology used to describe
diarrheagenic E. coli is confusing. Tarr (1995) lists the following terms to describe
diarrheagenic E. coli:-

• Enteroaggregative E. coli (EaggEC) or enteroadherent E. coli (EAEC)

• Enteroinvasive E. coli (EIEC)

• Enteropathogenic E. coli (EPEC)

• Enterotoxigenic E. coli (ETEC)
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• SLT-producing E. coli (SLTEC) or verocytotoxigenic E. coli (VTEC) or
enterohaemorrhagic E. coli (EHEC),

depending on their principal pathogenic properties. However, the classification
oversimplifies the situation because the traits are not mutually exclusive. It is apparent
that diarrheagenic bacteria cause disease through a medley of traits and strict classification
may not be possible. This makes the task of developing risk assessment models for such
organisms all the more difficult.

The SLT-producing E. coli includes E. coli O157:H7. These contain the SLT-genes
which code for production of the Shiga-like toxin (SLT), so-called because it is
immunologically related to Shiga toxin, the principal extracellular cytotoxin of Shigella
dysenteriae serotype 1. The toxin from E. coli O157:H7 (initially isolated from the filtrate
of stools from infected children) is lethal to cultured Vero (African green monkey kidney)
cells and is hence called a verotoxin. E. coli isolates of varied serotypes producing this
verocytotoxic activity are also termed verocytotoxigenic E. coli (VTEC). Shiga toxin is
nearly identical in structure to SLT I (or verotoxin I) of E. coli O157:H7. Both are A-B
bacterial toxins in which the A subunit contains an enzymatically active molecule and the
B subunit binds the toxin to the target cell in the gut. SLT-production among E. coli is
transmissible and may involve a bacteriophage. It has been speculated that bacteriophages
are responsible for the dissemination of the Shiga toxin/SLT genes within the E. coli gene
pool but not among shigellae (O'Brien et al. 1992).

Auxiliary virulence mechanisms of E. coli O157:H7 have been partially elucidated. A
transmembrane protein called intimin (also found in enteropathogenic E. coli) is produced
which mediates actin aggregation in the target cells.

Escherichia coli O157:H7; and enterohaemorrhagic E. coli (EHEC)

Escherichia coli O157:H7 is an important and common pathogen of the human
gastrointestinal tract. Vehicles of infection incriminated in outbreaks of E. coli O157:H7
infection are listed in a recent review by Tarr (1995) and include food of bovine origin
(hamburgers), unpasteurised cow's milk, mayonnaise, swimming pool water (Keene et al.
1994) and drinking water (Dev et al. 1991). Person-to-person transmission is also well-
documented. The case of four patients with E. coli O157 infection was reported in a
Scottish village (Dev et al. 1991). Two of the patients were also infected with
Campylobacter jejuni. Analysis of the drinking water supply to patient's homes revealed
heavy contamination with faecal E. coli, but E. coli O157 was not isolated. It is believed
that a subsidiary water supply opened up in the dry weather may have been contaminated
with cattle slurry. The isolation of E. coli 0157:H7 from the faeces of healthy cattle
demonstrates that cattle are potential reservoirs for this organism (Borvzyk et al. 1987).

E. coli O157:H7 causes a spectrum of illnesses ranging from asymptomatic carriage to
haemorrhagic colitis. Nonbloody diarrhoea progresses to bloody diarrhoea within 1 or 2
days in most cases of E. coli O157:H7 infection. The appearance of blood is accompanied
by abdominal pain. Bloody diarrhoea in E. coli O157:H7 infection lasts between 4 and 10
days. Many patients require hospitalisation because of dehydration. Haemolytic-uremic
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syndrome (HUS) develops one week after the onset of diarrhoea and represents damage
to the vascular endothelial cells following absorption of bacterial toxin (SLT) from the
gut. HUS is characterised by anaemia and acute renal failure. It can affect people of all
ages but is most frequently diagnosed in children under 10 yrs of age. Approximately 10%
of E. coli O157:H7 infections in children under 10 yrs old progress to HUS requiring
hospitalisation for dialysis or transfusion. Death results in some 15% of HUS cases.

Enterotoxigenic E. coli (ETEC)

These strains of E. coli elaborate on an enterotoxin similar to that of Vibrio cholerae.
Two types of enterotoxin are produced by ETEC. The heat-labile toxin (LT) is a protein
which is destroyed by heat and acid. It acts like cholera toxin by activating the enzyme
adenylate cyclase, causing secretion of fluid and electrolytes into the intestinal lumen. LT
is similar immunologically to cholera toxin. The second toxin is heat stable (ST), activates
guanylate cyclase, and has no biochemical similarity to cholera toxin.

Pathogenic Citrobacter freundii

Pathogenic Citrobacter freundii produce a homologue of the Shiga-like toxin (SLT) II
(cited in Tarr, 1995). Shiga toxin (and SLTs I and II) have multiple properties that
contribute to their role in diseases caused by toxin-producing bacteria.

Salmonella spp.

There are four subgenera of Salmonella and over 2,000 serotypes. S. typhi is a specific
human pathogen. S.typhi, S. paratyphi A and S. paratyphi B may invade tissues causing
septicaemia with high temperature. Other serotypes in man cause transient intestinal
infection with diarrhoea. Many Salmonella infections are symptomless.

Human carriers are the source of infection from S. typhi and S. paratyphi A. Most
salmonellae are primarily pathogens of animals which also provide important reservoirs of
infection. Salmonella bacteria may be present in food products grown in faecally-polluted
environments, commonly being isolated form poultry and livestock. Waterborne
outbreaks have predominantly been associated with S. typhi and much less frequently with
S. paratyphi B.

Campylobacter  spp.

Worldwide, campylobacters are much more important than salmonellae as causes of acute
gastroenteritis, but not as important as shigellae. Several major outbreaks of
Campylobacter enteritis have been linked to the ingestion of contaminated food, milk or
water. For water hygiene, the thermophilic campylobacters are of greatest significance.
Isolation of Campylobacter jejuni from the water supply has been achieved in one
waterborne outbreak (Melby et al. 1990).
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Vibrio cholerae

Vibrio cholerae is a Gram-negative bacteria, which infects the gastrointestinal tract and
through a protein toxin, causes the disease called cholera. John Snow demonstrated the
contagious nature of the disease in England in 1854. The epidemiology of cholera has
been characterised by pandemics, in which the disease spreads across continents
(Crowcroft, 1994). Until recently, Vibrio cholerae O1 was thought to be the only
serotype that caused cholera. The emergence of a new serotype, Vibrio cholerae O139, in
south Asia in 1991, has marked the beginning of the eighth pandemic, while the seventh
(Vibrio cholerae O1), which started in Indonesia in 1961 continues. The spread of cholera
may be rapid and unpredictable because of international travel.

Untreated faeces and inadequate sanitation in underdeveloped countries promote spread
of the disease. The rapid spread of cholera across Peru and South America was facilitated
by poor maintenance of municipal water systems and absent or ineffective chlorination.
Cholera is not a problem in the developed world because of appropriate sewage and
drinking water treatment. Furthermore, the infective dose of Vibrio cholerae is 1011

organisms, so the drinking water supply would have to be grossly contaminated.

Contaminated drinking water can transmit cholera. However, it is sometimes blamed
because it is a plausible source rather than because it has been proved responsible. Indeed
in at least 11 epidemics drinking water has played no part in the transmission (Crowcroft,
1994). However, a matched case-control study in Ecuador (1991) showed that drinking
unboiled water was the single most important risk (Weber et al. 1994). Drinking unboiled
water (odds ratio = 4.0), drinking beverages from a street vendor, eating raw seafood and
eating cooked crab were associated with illness. Always boiling drinking water at home
was protective against illness, as was the presence of soap in the kitchen.

During epidemics, Vibrio cholerae may be isolated from rivers and water supplies, but
rarely in high concentrations. Poor sanitation maintains transmission during epidemics. It
is estimated that a quarter of the population of South America and the Caribbean has no
access to safe water, and a third has no hygienic means to dispose of faeces. Cases
imported into countries with good sanitation do not usually lead to secondary
transmission. The Pan American Health Organisation has proposed a $200 billion plan to
construct and maintain facilities for treatment and supply of drinking water and proper
disposal of human waste for all of South America. This, according to Weber et al. (1994)
would provide the best prevention of illness and death from cholera in that continent.

3.3 Viruses

Many of the more than 100 enteric viruses that may be present in human faeces or urine
have been associated with water-transmitted disease. Metcalf et al. (1988) list the
pathogenic viruses that, through human faeces, may pollute wastewater and hence have a
potential for causing illness after transmission via the water cycle (Table 3.1).
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Table 3.1 Enteric virus groups containing pathogens that may pollute water
sources (from Metcalf  et al. 1988).

_________________________________________________________________

Virus Group Nucleic Number of serotypes Number of serotypes
acid type in group transmitted via water

_________________________________________________________________
Enteroviruses ss RNA

Polioviruses 3 ?
Coxsackie A 23 ?
Coxsackie B 6 ?
Echovirus 31 ?
Enteroviruses 68-71 4 ?
Hepatitis A (type 72) 1 1b

Adenoviruses ds DNA 41 16c

Gastroenteritis viruses
Rotavirus dsRNA 5 probably all
Norwalk virus ssRNA several probably all
Astrovirus ssRNA at least 5 not known

Miscellaneous
NANB hepatitis virus ssRNA at least 2 at least 1

btransmitted by shellfish as well as water route
c14 serotypes are known swimming pool-transmitted pathogens. Two serotypes causally associated with
gastroenteritis may be water-transmitted pathogens.

_________________________________________________________________

3.3.1 Viruses causing gastroenteritis

The major causes of gastroenteritis in the United States, and in the rest of the world as
well, are viruses, accounting for 30 to 40% of acute episodes (Kotloff et al. 1989). The
leading human pathogens can be grouped into five categories: rotavirus, enteric
adenovirus, Norwalk virus, calicivirus, and astrovirus. All may be transmitted through
drinking water.

Enteric Adenovirus

Most adenoviruses cause upper respiratory infections, but a new group, known as
serotypes 40 and 41, are responsible for gastroenteritis in children less than two years of
age (Kotloff et al. 1989, Chiba et al. 1983). Approximately 5 to 10% of childhood
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diarrhoea (in Korea and Guatemala) is associated with enteric adenovirus, without any
seasonal occurrence (Kim et al. 1990). Unlike rotavirus or Norwalk virus, infection with
enteric adenovirus has a long incubation period lasting 8 - 10 days, and illness can be
prolonged for as much as 14 days. Adults are generally protected from enteric adenovirus
infection (Chiba et al. 1983).

Rotaviruses

Rotaviruses are recognised as the most important cause of severely dehydrating diarrhoea
in infants and young children. Early childhood infection is essentially universal, with
symptomatic infections most prevalent between 6 and 24 months. In the USA, the
estimated 3.5 million cases of rotavirus-caused paediatric gastroenteritis result in 110 000
hospitalisations and about 150 deaths each year.

Rotaviruses frequently cause illness in adults, although these are more mild than in infants.
More severe adult infections occur during outbreaks in geriatric in-patient settings.

Infected individuals often excrete >10
12

 rotavirus particles/g of faecal matter (Flewett,
1983). Rotavirus particles can survive for days under environmental conditions (Moe and
Shirley, 1982). Rotavirus differs from other faecal-oral pathogens in that level of hygiene
and socioeconomic conditions have relatively little influence on the overall incidence of
infection. Infected siblings and asymptomatic infected parents are likely sources of
infection for the infant, while adult infections often follow contact with infected children.
Reports of infection from contact with animals are rare. Waterborne outbreaks of
rotavirus disease have been reported, of which the most notable occurred in China in 1982
(Hung et al. 1984).

Human Enteric Caliciviruses (Norwalk Virus)

The virus family Caliciviridae includes the human caliciviruses, small round structured
viruses (SRSV) and hepatitis E virus (Carter et al. 1991). Norwalk virus is the prototype
SRSV.

Norwalk virus and the Norwalk-like viruses are important human pathogens that cause
epidemic acute viral gastroenteritis. Immune electron microscopy studies have defined
four distinct serotypes of SRSV represented by prototype strains of Norwalk virus,
Hawaii virus, Snow Mountain virus and Taunton virus. Viruses in this group are spread
by the faecal-oral route, and outbreaks of water- and foodborne gastroenteritis are well
documented. At least 42% of outbreaks of nonbacterial gastroenteritis in the US are
caused by Norwalk or Norwalk-like viruses. Norwalk virus is recognised as an important
cause of waterborne illness being responsible for about 23% of waterborne outbreaks.
Norwalk virus has been reported to be very resistant to chlorine (Keswick et al. 1985),
which may explain its importance in outbreaks of waterborne disease.

Norwalk virus was first described in an outbreak of acute gastroenteritis in Norwalk,
Ohio, USA in 1968. In a two-day period during that outbreak, acute GI developed in 50%
of 232 students and teachers at school. Furthermore, secondary infection was observed in
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32% of family contacts of primary cases. Virus particles were detected in faecal material
and a stool filtrate from an infected adult could reproduce the disease when administered
orally to healthy adult volunteers (Dolin et al.  1971). Some 50% of adult volunteers
developed illness, with diarrhoea, vomiting, nausea and fever. The incubation period
ranged from 10 to 51 h and the illness lasted 24 - 48 h.

The Hawaii virus was first identified in 1977 by immune electron microscopy as a
Norwalk-like (27 nm) virus in the stool of a volunteer who was challenged with a stool
suspension derived from a 1971 family outbreak of gastroenteritis (Thornhill et al. 1977).

Astroviruses

Astroviruses are small (28 nm) non-enveloped RNA viruses first observed in the faeces of
infants with diarrhoea. The virus particles possess a smooth margin with  five- or six-
pointed star motif on their surfaces. There are up to seven serotypes of human
astroviruses. The complete genomic sequence of human astrovirus serotype 1 isolated in
Newcastle upon Tyne has been published (Willcocks et al. (1994). Astroviruses display
similarities in particle composition to the picornaviruses, and to caliciviruses with respect
to the synthesis of a subgenomic RNA.

Human astroviruses most frequently cause disease in young children, and by 5 years of
age more than 80% of children show serological evidence of previous infection. The
incidence of illness increases in the elderly.

Work performed by Dr Myint at Leicester University has demonstrated the risk of
infection by human astrovirus-4 from bathing in sea waters polluted by sewage discharges.
Myint's research showed high levels of astrovirus in all beaches - from 10 per litre in some
beaches up to 100,000 per litre in poorer quality beaches. Myint went on to show that
bacteria indicators in seawater do not correlate with the virus levels - viruses surviving
much longer than bacteria.

The relative contribution of astroviruses to the total incidence of virus-associated
diarrhoea is not precisely known.  Since the illness is mild, many cases will go unreported.
Furthermore, difficulties in positively identifying astrovirus particles may compound this.
Astroviruses were discovered by electron microscopy. EM remains the only diagnostic
method with which all the viruses associated with diarrhoea can be detected.
Polyacrylamide gel electrophoresis or antibody-based tests are only applicable to some
viruses. It is generally believed from results of a six-year retrospective surveillance (using
EM) that astroviruses are a relatively minor cause of viral gastroenteritis, with rotaviruses
and adenoviruses being the main viruses involved (Lew et al. 1990). However, the
importance of astroviruses may have been underestimated because they are more easily
missed than the larger rotavirus and adenovirus particles, even when present in large
numbers (Willcocks et al. 1992). Furthermore, the use of EM alone can result in the mis-
classification of astroviruses, particularly as some particles do not contain the 'star-like'
morphology. Unclear astroviruses may be misidentified as the small round viruses (SRV)
which have smooth margins or even small round structured viruses (SRSV), characterised
by fuzzy surfaces.
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Surveillance studies on stool samples form children in Thailand using a monoclonal
antibody-based method instead of EM showed astroviruses to be the second most
prevalent agent associated with diarrhoea (Herrmann et al. (1991)). Enteric adenoviruses
were found in 2.6%, astrovirus in 8.6% and rotavirus in 19% of stools from all children
with gastroenteritis. A gene-probe based method (Willcocks et al. 1992) for the detection
of astrovirus in stool samples showed, in a study for the Newcastle area of the UK, that
astrovirus was more common than enteric adenoviruses 40 and 41. Willcocks et al.
(1992) cite other reports showing underestimation of astrovirus.

3.3.2 Hepatotrophic Viruses

At least five viruses cause acute hepatitis. The viruses of hepatitis A (HAV) and hepatitis
E (HEV) are spread predominantly by the faecal-oral route, whereas hepatitis B, C and D
viruses (HBV, HCV and HDV) are spread by blood and other body fluids.

Hepatitis A Virus

Hepatitis A virus is an enterovirus that is transmitted by the faecal-oral route. Infection is
worldwide and is spread predominantly by person-to-person contact. Common source
outbreaks may occur as a result of faecal contamination of drinking water supplies and
food. The largest recorded outbreak of HAV infection, affecting over 290,00 people
occurred in Shanghai in 1988 and was attributed to consumption of raw shellfish. In the
US, more than 20,000 cases of hepatitis A virus are reported annually, with approximately
2,500 cases in the UK in 1994. The reported cases, however, probably reflect less than
20% of the total. Serological evidence showed that in London (1985), 32% of the
population (30 - 40 year age group) to have been exposed to HAV (Forbes and Williams,
1990). In 1977 the figure was 47%. Forbes and Williams (1990) suggest that
improvements in the British standard of living explain the falling prevalence of exposure
amongst London blood donors between 1977 and 1985.

HAV usually causes a minor or unnoticed illness in children and young adults, and on a
worldwide scale fewer than 5% of cases are recognised clinically. Clinically apparent
hepatitis A becomes more likely with increasing age at exposure in all populations studied.
This is a factor which risk assessment models should take into account. Although the
incidence of infection decreases with age in the UK, the ratio of deaths to incidence
increases almost log-linearly with increasing age above 20 years.

Hepatitis E virus

A considerable percentage of cases of acute viral hepatitis in young to middle age adults
in Asia (India, Nepal, Pakistan, Burma, USSR) and Africa are caused by an agent that is
not HAV or HBV. The disease is primarily associated with ingestion of  faeces
contaminated drinking water. The term ET-NANBH (enterically transmitted nonA, nonB
hepatitis) has been coined and is now referred to as hepatitis E. This type of hepatitis was
first documented in India in 1955, when 29,000 cases were identified following



54

widespread faecal contamination of the city's drinking water. NANBH has developed in
individuals returning home to USA from Karachi.

The clinical and epidemiological features of hepatitis E virus are:-

• faecal-oral transmission through contaminated water

• outbreaks involving up to tens of thousands

• highest attack rates found among individuals between 15 and 40 years old

• associated with high mortality rate (20%) in infected pregnant women.

Hepatitis E virus is 32-34 nm in diameter and contains a single-stranded polyadenylated
RNA. Hepatitis E virus is substantially different from picornaviruses (including hepatitis
A) with respect to its genomic organisation. Bradley (1992) speculates that hepatitis E
virus may belong to a larger family of single-stranded RNA viruses (the Caliciviruses)
including Norwalk virus.

3.3.3 Other viruses of current concern

Human Immunodeficiency Virus

Since discovery of HIV, the causative agent of AIDS, health officials have maintained that
AIDS is almost exclusively transmitted through sexual contact, by infected blood and
blood by-products. Even so, reports that HIV can be transmitted not only from blood and
semen but also from saliva, tears, urine and vaginal excretions continue to raise concerns
about the possibility of alternate transmission routes. Johnson et al. (1994) present
information regarding the concentration of HIV in human waste and survivability of HIV
outside the human body. They conclude that the probability for occupational transmission
of HIV from wastewater approaches zero, and less than for other bloodborne pathogens.
Although HIV is spread rapidly and widely among intravenous drug users, transmission
by accidental needle stick is relatively rare (0.01%). It has been argued that the quantity of
blood transferred is critical and that disease transmission depends on relatively large
transfer of fluid. Levels of HIV in blood may be much lower than for other bloodborne
viruses such as hepatitis B virus for which the probability of transmission from needle
stick injury is 30%. Furthermore HIV may only be transmitted through infected cells (i.e.
human T cells). Disinfection studies with HIV have shown that NaOCl readily inactivates
the virus. Riggs (1989) concludes that there is no risk of HIV infection through drinking
water.
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3.4 The incidence of gastrointestinal and hepatic infections in the
UK.

The numbers of cases of gastrointestinal infections in England and Wales during 1994
(taken from Communicable Disease Report, 5, 2) are presented in Table 3.2. These
represent cases reported to GPs.

Table 3.2 Numbers of reported cases of gastrointestinal infections and hepatitis
A virus infections in England and Wales 1994.

________________________________________________________________

Adenovirus (EM faeces) 1,511
Adenovirus type 40/41 287
Astrovirus 539
Calicivirus 184
Rotavirus 15,422
SRSV 1,744
Hepatitis A virus 2,543

Campylobacter 44,315
Shigella 6,312
Enteropathogenic E. coli (children <3 years) 387

Cryptosporidium 4,424
Entamoeba histolytica 715
Giardia 6,009

Includes cases caught abroad
________________________________________________________________

There is evidence that each of the above pathogens could be transmitted through water.
However, there is little information on the exact number of cases infected through
consumption of contaminated water supplied by water companies. It is interesting to note
in an incident in Kildare, Ireland (October, 1991) when the water supply to about half of
the population of a town of 11,000 people became contaminated with sewage that there
was no evidence of an outbreak of hepatitis A virus despite its being present in the
community. However, an outbreak of gastroenteritis affecting about 6,000 residents was
reported almost simultaneously with the occurrence of 'dirty water'.

3.4.1 Surveillance of waterborne disease in England and Wales.

Epidemiological data may fail to reflect a complete picture of the role of water in the
transmission of viral diseases. There are several reasons for this:-
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• In the case of hepatitis A virus the long incubation period renders recognition
and investigation of outbreaks difficult

• Diagnosis of a single aetiological agent in viral infections as well as the
detection of a common source in outbreaks are difficult.

• Many virus infections are sub-clinical

• Detection of viruses in environmental and drinking water samples presents
problems that are not usually encountered with clinical samples. The most
serious problem relates to virus quantities, which are usually very low.

Recent publicised events such as contamination of drinking water supplies with
cryptosporidial oocysts (Richardson et al. 1991) and an impression that many waterborne
incidents are not reported completely to the PHLS have shown a need for a national
surveillance system to collect information about illnesses attributable to water. The PHLS
Communicable Disease Surveillance Centre (CDSC) has devised a pilot scheme to
actively seek information on suspected and confirmed cases of disease attributed either to
water consumption or exposure to recreational water at home or abroad. Reporting of
contamination incidents, both microbiological and chemical, is encouraged.

Infectious disease events were reported in two categories:-

• water related infectious disease

• water related infection hazard, i.e. contamination of potable water with
pathogens or Escherichia coli.

Each category was classified as definite, probable or possible, according to the strength of
the evidence. In the six months between October 1991 and March 1992, eight cases of
water related infectious disease were reported and seven incidents suggesting water
related infection hazard (Nazareth et al. 1994). In two incidents, classified as definite
hazards, cryptosporidial oocysts were detected in water samples leaving a large treatment
works. The low number of events suggested that waterborne incidents are rare in the UK,
although it was apparent that not all incidents were reported to CCDCs.

Examples of waterborne microbiological outbreaks in the UK

1. Gutteridge and Haworth (1994) report an outbreak in 1992 of gastrointestinal
illness associated with contamination of the mains supply by river water. The
outbreak arose because the mains water supply to a farm was connected to an
irrigation system using river water. Back syphonage into the mains occurred
because a valve was left open. Campylobacter spp were found in faeces of two
children. In total 42 cases of acute gastrointestinal illness were recorded.

2. The outbreak of waterborne cryptosporidiosis in Swindon and Oxfordshire
(Richardson et al. (1991). Over 500 cases were confirmed by laboratory analysis
and up to 5,000 people overall may have been affected. Treated water leaving the
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works contained oocyst concentrations of 0.002 - 5/l. Inefficiency of the settlement
process and recycling of backwash water with high oocysts loadings may have
contributed to the outbreak.

3.5 Conclusions

The following conclusions are made concerning application of risk assessment models for
specific pathogens in the UK.

1. The risk from any pathogen which presents a potential or proven waterborne hazard
should be modelled. This is because one objective of risk assessment models is to
identify the most cost effective options to reduce risk. In this respect, specific
waterborne pathogens cannot be considered alone. Implementing one option at the
expense of another to reduce the risk from a specific pathogen may increase the risk
from other pathogens.

To avoid complacency, pathogens which cause epidemics in the developing world
(e.g. cholera) are included. The reasons for this are:-

− infected individuals may enter the UK

− one aim of risk assessment modelling would be to assess the health risks
of reducing chlorination to eliminate disinfection by-products.

The pathogens which should be modelled for drinking water supplies include:-

− Hepatitis A virus
− Hepatitis E virus
− Rotavirus
− Cryptosporidium
− Giardia lamblia
− Campylobacter
− Vibrio cholerae
− Salmonellae
− Shigellae
− E. coli O157
− Caliciviruses
− Astroviruses

2. Epidemiologic information on individual pathogens highlights the necessity to
customise risk assessment models for each pathogen. Thus,

− rotavirus and enteric adenovirus do not affect adults

− mortality from HAV is higher in older persons exposed for the first
time,
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− mortality from HEV is high (20%) in pregnant women,

− secondary transmission among exposed household members is low for
HEV but considerably more significant for HAV.

3. Secondary transmission from a point source (e.g. drinking water supply) through
person-to-person contact is important for several pathogens including E. coli O157,
hepatitis A virus, Helicobacter pylori, rotavirus, Norwalk virus, Cryptosporidium
and Giardia lamblia. The impact of secondary transmission from a primary
waterborne source should be considered in risk assessment models for such
pathogens.

4. Surveillance of waterborne incidents of gastrointestinal illness is difficult. Many
incidents of gastrointestinal illness are not reported and reported incidences should
not be used as bench marks to test risk assessment models. Furthermore the relative
significance of certain pathogens, for example, astrovirus may be underestimated
through current detection methods (e.g., electron microscopy).

5. Risk characterisations for UK models should vary according to pathogen type and
the proportion of high risk consumers (e.g. pregnant women, AIDS patients).
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4. REPORT ON THE NECESSARY DATA INPUTS FOR
A UK MODEL AND ASSESS THE STATE OF
APPROPRIATE DATA KNOWLEDGE IN THE UK.

Risk assessment models developed in the USA use two steps. These are exposure
assessment and dose-response assessment. One limitation of the US models is the lack of
assumptions and information on the statistical distribution of pathogen densities in the
drinking water supply. This reflects the low density of pathogens in most supplies and the
potential for variation. A second limitation is the relative inflexibility of US models
through not considering the whole of the multiple barrier approach to microbiological
hazards in drinking water supplies.

The stages and barriers for transmission of a human pathogen through the faecal-oral
route in the water cycle are shown in Figure 4.1. Development of  UK risk assessment
models which consider the impact of the stages and barriers in the water cycle on
microbiological risk would offer several advantages over US models. These include:-

• assessment of cost effectiveness of risk reduction options

• assessment of impact of changes in environmental inputs

• assessment of impact of changes in treatment strategy

To develop such risk assessment models information is effectively needed on each of the
stages and barriers (shown in Figure 4.1) for each pathogen type. Integrating such models
with effects on the statistical distribution of pathogen densities in the drinking water
supply, would predict an answer of the all important question -

What proportion of consumers are exposed to what numbers of pathogens?

The proportion of consumers exposed to particular densities of pathogens depends not
only on the statistical distribution of the density of pathogens within the drinking water
supply but also on the volume of water consumed. The latter is more easy to quantify and
there have been several studies on consumption of tap water in the UK and the US.
Consumption data are reviewed in Section 4.2. There are, however, several problems with
quantifying the concentration of pathogens across the drinking water supply. This is
considered in Section 4.1.
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Figure 4.1 Stages in risk assessment model for pathogens in the drinking water
supply.
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4.1 Data needed to estimate what proportion of the consumers are
exposed to what concentrations of pathogens in the treated
drinking water supply in the UK

Problems in quantifying the distribution of pathogens across drinking water supplies relate
to imponderables and also limits in our current status of knowledge. Unknowns include
the following:-

• pathogen concentrations in the drinking water supplies where sampling
recorded <1 per volume (i.e., below limits of detection).

• variation of pathogen concentrations not only spatially (e.g. from clumping)
across different regions of the supply zone, but also temporally, e.g. total
heterotrophic bacteria and total coliform densities increase seasonally with
temperature (Gale, 1994a).

• pathogen concentrations in the environment vary according to the area and
the incidence of disease in the human and animal population.

• numbers of pathogens entering the supply through ingress and post treatment
contamination.

The concentrations of pathogens in the drinking water supply will vary depending on:-

• net input into UK rivers from agricultural sources prior to abstraction

• input into sewage in UK and removal by sewage treatment

• survival in the river/environment

• removal by drinking water treatment

• growth/survival in the drinking water supply

• post-treatment contamination

Furthermore exact exposures by individual consumers will be influenced by the statistical
distribution of microorganisms in the drinking water distribution.

4.1.1 Overview of occurrence and detection of waterborne pathogens

Black and Finch (1993) have reviewed the literature worldwide for the detection of
waterborne pathogens in various waters. Their findings are summarised in Table 4.1.
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Table 4.1 Detection of pathogens in various waters worldwide (taken from
Black and Finch, 1993)

_________________________________________________________________
Organism Drinking Water Surface Water Waste Water
_________________________________________________________________
Bacteria
Campylobacter no yes no
Coliform bacteria yes yes yes
Escherichia coli yes yes yes
Helicobacter spp no yes no
Salmonella no yes yes
Vibrio spp yes yes no

Viruses
Adenovirus no yes no
Coxsackievirus no yes no
Echovirus no yes no
Enterovirus no yes yes
Hepatitis no yes yes
HIV no no yes
Norwalk virus no yes no
Poliovirus no yes yes
Rotavirus no yes no

Protozoa
Cryptosporidium spp no yes no
Giardia lamblia no yes no
_________________________________________________________________

Their review is not fully comprehensive in that campylobacters and Cryptosporidium have
been detected in drinking water supplies (See Section 3) as have enteroviruses (Payment
et al. 1985). Furthermore, Gerba et al. (1984) has reported the isolation of both hepatitis
A virus and rotavirus from drinking water samples in Mexico. Giardia and
Cryptosporidium have also been detected in wastewater samples. However, the findings
of Black and Finch (1993) present the overall picture that information on viral densities, in
particular, for drinking water supplies is limited but more available for surface waters
(which are used for abstraction).

The determination of pathogen concentrations in the drinking water supply is effectively
dependent on the ability to detect and quantify pathogens. The major problem of detecting
pathogens in environmental or drinking water samples is their extremely low densities,
requiring analyses of large volume samples for detection, or some selective
concentration/filtration method.

Low virus concentration precludes direct antigen detection in water samples because of
low sensitivity. Gene probe methods (without amplification by PCR) are able only to
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detect down to 10,000 virus particles. Viruses must be therefore be concentrated for
detection. Furthermore methods of detection vary in difficulty and are far from routine for
detection of hepatitis A virus and Norwalk virus. Water-transmitted enteric viral
pathogens are divided into three groups (Metcalf et al. 1988) based on their cultivability
in cell culture. These are:-

• routinely cultivable (enteroviruses and adenoviruses)

• not routinely cultivable (hepatitis A virus and rotavirus)

• not cultivable (Norwalk virus)

The detection strategy adopted for their detection is based on these differences. Cell
culture methods are the most sensitive, detecting down to one infectious physical particle.
Such methods are routinely used for enteroviruses and adenoviruses. The nonroutinely
cultivable (e.g., hepatitis A virus and rotavirus) and the noncultivable (e.g., Norwalk
virus) offer the greatest detection challenge. Although rotavirus is not an ordinarily
cultivable virus, it can often be detected by enumeration of foci of infected cells that result
from its limited replication in cell cultures. The foci are detected using immunochemical
procedures. The method is only semiquantitative at best and cannot be applied to hepatitis
A virus and Norwalk virus. Gene probe technology potentially offers possibilities for the
detection of these viruses (Metcalf et al. 1988).

Another problem for risk assessment models is the possibility that culture-based methods
do not detect the presence in water of bacteria which, though not culturable, may
nevertheless still be intact and viable, and potentially able to cause disease.

4.1.2 The occurrence of pathogens in surface waters

Giardia and Cryptosporidium

USA data

Rose et al. (1991b) considered two categories of surface water: polluted waters
contaminated by sewage and agricultural discharges; and pristine waters originating from
protected watersheds without point source pollution or input from human activities.
Ongerth (1989) showed concentrations of Giardia cysts from three pristine rivers in the
Pacific Northwest to be lognormally distributed. For each river, no cysts were found in
half or more of the samples. This is analogous to statutory water quality monitoring for
coliforms where 95 - 99% of samples register 0 coliforms per 100 ml. Concentrations for
these samples are not really 0 per 100 ml but <1 per 100 ml (Section 2.2.2). True
concentrations may be 0.01 per 100 ml, for example, and require larger volumes for
accurate measurement. By extrapolation of cyst concentration data on lognormal
probability plots (c.f. Figure 2.1), Ongerth (1989) calculated median concentrations for
Giardia cysts to be between 0.003/L to 0.06/L for the three pristine rivers. From
extrapolation of the lognormal probability plots (Ongerth, 1989) it would appear that
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concentrations of Giardia cysts in 99% of samples from one of the rivers (Green River)
vary between ~0.001/litre and ~6/litre. This is some 6,000-fold variation in the same river
during a 9-month period.

Rose et al. (1991a) compared occurrences of Cryptosporidium and Giardia in potable
water supplies in the US. Cryptosporidium oocysts were detected in 55% of the surface
water samples, while Giardia cysts were found in 16% of the same samples.

UK Cryptosporidium data

An infected calf may excrete as many as 1010 oocysts per day for as long as 14 days.
Oocysts from infected animals and man enter surface waters through sewage effluent,
farm drainage and runoff. Furthermore, oocysts may survive for long periods in the
environment. This has prompted comprehensive surveys on the occurrences of oocysts in
waters used for abstraction to be carried out in the UK.

During a survey of lowland surface waters, 10 sites on three rivers in England were
monitored (Carrington and Miller, 1993). The rivers in England were chosen because i)
they were used for abstraction, ii) they received sewage effluents, and iii) they were
subject to agricultural inputs. For two of the rivers, oocysts were present in less than 5%
of samples. In the third river, however, oocysts were present in around 50% of the
samples. Unfortunately, the data presented by Carrington and Miller (1993) are little use
because the sample volumes are not reported and not consistent from sample to sample or
river to river. Means and ranges for oocyst concentrations from the positive samples were
presented, and again are of little use because the zero concentrations were ignored
(Section 2.2.2). Similar criticism applies to a study of UK upland water sources (Loch
Lomond) in which Parker et al. (1993) reported 32 of 279 samples being positive for
Cryptosporidium oocysts. Parker et al. (1993) sampled between 100 and 1,000 litres but
do not report exact volumes for samples registering zero oocysts.

In the UK Water Industry's Cryptosporidium monitoring programme 12% of lowland
river water/reservoir samples were positive for oocysts. 8.5% of upland reservoir/lake
samples were oocysts-positive. In contrast, only 1% of borehole raw waters were
oocysts-positive. Analysis of sewage effluent showed 75% of samples were positive.
Again no information was provided on sample volumes, so comparisons may not be valid.

4.1.3 Removal of pathogens by drinking water treatment

There is considerable information on the removal efficiencies for groups of pathogens by
different drinking water treatment processes. Table 4.2. (provided by Dr T. Hall of WRc)
shows estimates of the performance of a range of water treatment unit processes for log
removal or inactivation of micro-organisms of public health significance.
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Table 4.2 Estimates for removal or inactivation of micro-organisms of public
health significance.

___________________________________________________________________
Unit process Giardia Crypto- Viruses Total 

sporidium Coliform
___________________________________________________________________
Rapid gravity filtration 1 - 2 1 <1 <1
Chemical coagulation/RGF 2 - 3 2 - 3 1 - 2 1 - 3
Chemical coagulation/
clarification/RGF 2 - 3 2 - 3 1 - 2 >4
Slow sand filtration 2 - 3 2 - 3 1 - 3 1 - 2
Microfiltration >4 >4 0.5 - 2 >8
Chlorine Ct = 15 min <0.5 no effect >4 >4
Ozone Ct = 1.6 min 2 - 3 no effect >4 >4
Ultra violet 25 mW/cm2 <1 no effect 2 - 3 >4
Chlorine dioxide Ct = 10 min 1 - 2 no effect 2 - 3 >4
___________________________________________________________________

Giardia and Cryptosporidium

A pilot scale study on the removal of Cryptosporidium oocysts showed that chemical
coagulant treatment streams removed 99.8%% of oocysts. Alum coagulation removed
99% of Giardia cysts at pH 5.6 and 6.2. Several reports have highlighted the importance
of optimised coagulation conditions for effective removal of Giardia cysts by coagulation
and also rapid sand filtration. Slow sand filters have been shown to remove 99.98% of
Cryptosporidium oocysts and up to 99.99% of Giardia cysts in raw . It has been shown
that the removal rate of Giardia cysts by slow sand filtration decreased with temperature;
only 93.7% being removed at 0.5°C. Chlorine concentrations needed for inactivation of
Cryptosporidium oocysts are far in excess of those that could be practically achieved
during water treatment; it has been demonstrated that a small proportion of oocysts
survive 8,000 mg/l chlorine for 24 h. Giardia cysts can be destroyed by a 2 mg/l residual
after 10 minutes contact time at pH 6 to 7, or a 3 mg/l residual at pH 8 (Ainsworth,
1990).

Viruses

Disinfection processes used in drinking water treatment appear to be relatively effective
against viruses, with chlorination removing more than 99.99% (Table 4.2). However,
there is evidence that certain viruses of waterborne health significance are exceptions.
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Hepatitis A virus

Peterson et al. (1983) measured the effects of chlorine on HAV infectivity in marmosets,
which were inoculated intramuscularly. Without any chlorination, the inoculum induced
hepatitis in 100% of marmosets. Treating the virus suspension for various periods (15, 30
or 60 min) with 0.5, 1.0 or 1.5 mg/l of free residual chlorine induced hepatitis in 8 to 14%
of marmosets. Inoculum treated with 2.0 or 2.5 mg/l of free chlorine was not infectious in
the 13 animals tested. Peterson et al. (1983) concluded that treatment levels of 0.5 to 1.5
mg/l free residual chlorine inactivated most but not all HAV in the preparation, whereas
concentrations of 2.0 and 2.5 mg/l free chlorine destroyed the infectivity completely. They
concluded that HAV is somewhat more resistant to chlorine than are other enteroviruses.
Average chlorine concentrations in UK drinking water supplies range between 0.1 and 0.3
mg/l suggesting that the UK chlorination process alone is not sufficient to remove HAV.

Grabow et al. (1983) however, presented evidence that chlorine disinfection of drinking
water supplies will successfully inactivate HAV particularly under the right pH conditions.
They found the inactivation of  hepatitis A virus, rotavirus SA-11 and poliovirus type II
by chlorine was pH dependent being more effective at pH 6 than pH 10. At all three pH
levels, HAV was more sensitive to chlorination than poliovirus type II, but it was always
more resistant than rotavirus SA-11.

Pilot plant studies showed that coagulation, settling and filtrations in a pilot plant reduced
the densities of hepatitis A virus, rotavirus and poliovirus by 2 to 3 log orders (Rao et al.
1988).

Hepatitis E virus

During the New Delhi, India, epidemic of hepatitis in 1955/56, highly polluted river water
was being treated with five to six times the normal dosage of alum and four times the
normal dosage of chlorine. That prevented the occurrence of all enteric disease of
bacterial or viral origin, except for hepatitis (cited from Rao et al. 1988). Since the Delhi
outbreak was probably caused by hepatitis E virus, the implications are that this virus can
survive drinking water treatment.

Norwalk Virus

Keswick et al. (1985) investigated the inactivation of Norwalk virus in drinking water by
chlorine. They tested the inactivation of the virus using infectivity studies in human
volunteers. They found Norwalk virus in water was more resistant to chlorine inactivation
than poliovirus type 1, human rotavirus (Wa), simian rotavirus (SA-11), or f2
bacteriophage. A 3.75 mg/l dose of chlorine was found to be effective against other
viruses but failed to inactivate Norwalk virus. This is much higher than doses applied in
UK drinking water supplies. Routine chlorination alone cannot be relied upon to
inactivate Norwalk virus. In a camp in Maryland, water pumped from a well to a storage
tank was found to contain 0.7 to 1.0/L mg of iodine before and during an outbreak of
Norwalk virus which affected 133 persons.
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4.1.4 The occurrence of pathogens in the drinking water supply in the UK

Giardia and Cryptosporidium

Parker et al. (1993) reported that out of 299 samples of Loch Lomond origin taken from
the drinking water supply, oocysts were detected in l4 (4.7%). Viability was as high as
50%. Unfortunately, no information on sample volumes is presented. Water utilities use
the SCA "Blue Book" method to analyse for Cryptosporidium. From the First National
Cryptosporidium questionnaire, it appeared that most companies were collecting 100 to
500 litres of raw water and generally 500 to 1,000 litres of treated water, although up to
5,000 litres was used. In a UK water industry Cryptosporidium monitoring programme
4.6% of customer's taps registered positive for Cryptosporidium. 5.6% of treated water
samples from service reservoirs were positive. In the 1988 Ayrshire outbreak, Smith et al.
(1989) report that two final water samples of 300 litres and 500 litres registered oocyst
concentrations of 4.8/litre and 0.04/litre, respectively.

4.1.5 The statistical distribution of pathogens in the supply

The statistical distribution of pathogens within the drinking water supply is the single
most important factor in microbiological compliance, risk assessment modelling, and
impact on public health. With respect to public health, it defines how many of the
population are exposed to what density of pathogens. With respect to compliance
monitoring, it defines what proportion of samples of a specified volume register positive
for a given microorganism, (e.g. coliform, total heterotrophic bacteria, or
Cryptosporidium). It is also the area in microbiological drinking water supply research
where least information is available. This reflects the low concentrations of coliforms and
in particular pathogens in the drinking water supply, necessitating large volume sampling
programmes to yield fruitful results.

Furthermore, there is a tendency for incorrect assumptions and rash statements to be
made. It has been written at an International Conference on Risk Assessment (1992) that,
"Those applying microbiological risk assessment to drinking water have certain
advantages. For example,.....water is a relatively homogeneous medium. Consequently,
reasonably valid assumptions about consumption and distribution can be made quite
easily". This statement, while more appropriate to water samples taken from a well-
shaken bottle, is incorrect when applied to water samples taken from consumer
premises in a water supply zone. Indeed, evidence will be presented in this section that
microorganisms are heterogeneously distributed within drinking water supply systems.
Instead of being homogeneously dispersed throughout the drinking water supply,
pathogens and other microorganisms, including indicator bacteria, appear to be clustered
into certain regions of the supply, leaving other regions virtually void of pathogens.

The implications of this are considerable for public health and risk assessment, and
compliance. In effect small proportions of the population will be exposed to relatively
high densities of pathogens in the drinking water supply, while the majority will not be
exposed to any.
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Evidence for a lognormal distribution of bacterial densities in the drinking water
supply

Studies in the city of Metz (France) have shown that densities of total heterotrophic
bacteria are spatially heterogeneous within a water supply zone at a given time (Maul et
al. 1985). Indeed, it was shown that water supply zones are comprised of several
subsystems which differ in bacterial density. Work performed at WRc (Gale 1994b)
furthers the work of Maul et al. (1985) demonstrating that the different sub-regions of
spatial heterogeneity may be linked through a lognormal statistical distribution.

Total heterotrophic bacteria densities

Total heterotrophic bacteria (2 day, 37°C) densities (obtained from a water supply zone in
the UK during the period of one year) are plotted on a Normal probability plot after log-
transformation (Figure 4.2). The highest concentration recorded was 300 per ml and the
lowest <1 per ml. The data for samples with concentrations of 1 or more per ml appear to
be approximately log-normally distributed. The best fit line was constructed through all
data except the 15% of samples registering <1 per ml. From that line it would appear that
99.9% of concentrations ranged between 0.018 per ml (0.05 percentile) and 2,000 per ml
(99.95 percentile), i.e. concentrations varied over 105-fold within one zone during the
year. A cumulative frequency distribution for the Metz system showed spatial variations
of 105-fold on the same day (Maul et al. 1985). The log-normal model accommodates the
high degree of heterogeneity observed in total heterotrophic bacterial densities in the
water supply zone during the year. Through the geometric mean (GM) and logarithmic
standard deviation (LSD), which define the log-normal distribution, all the heterogeneous
densities occurring at different spatial locations across the supply zone are
accommodated.

To investigate seasonal effects, the total heterotrophic bacteria density data presented in
Figure 4.2 were divided according to season (summer months, April to September 1990
and winter months, January to March 1990 and October to December 1990).  Bacterial
densities were approximately log-normal in distribution during both seasons, but differed
considerably (Figure 4.3), being shifted to higher densities in summer months. Comparing
the median values, densities were four-fold higher in the summer months than in the
winter months. From cumulative frequency plots presented in Maul et al. (1985), median
total heterotrophic bacterial densities increased five-fold from January to May, increasing
a further five-fold one day in June.
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Figure 4.2 Concentrations of total heterotrophic bacteria (2 day; 37°°C) recorded
during a year from a water supply zone in a UK water company and
plotted on a normal probability plot.
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Figure 4.3 Concentrations of total heterotrophic bacteria (2 day;
37°°C) from a water supply zone in a UK water company are higher in
the summer months (April to September) than the winter months
(Jan to March; October to December).
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Total coliform bacteria densities

Many 100 ml water samples are collected from consumer premises across the UK
throughout the year and analysed for total coliforms. This high frequency, regular
monitoring programme is vital for rapid response to acute deterioration in microbiological
water quality. For the majority of water supply zones (99% in 1993), over 95% of the
samples register 0 coliforms per 100 ml. Such data provide little information for
operational or statistical analysis. This is because the 'zero concentrations' do not mean
zero coliforms but <1 coliform per 100 ml.

In Figure 2.1, the logarithms of the coliform densities recorded from zones in a water
company were plotted on a Normal probability plot. Data from samples with
concentrations of 1 or more coliforms per 100 ml (appearing at the right hand end of the
plot) resemble the corresponding parts of log normal distributions for total heterotrophic
bacteria (Figure 4.2). By analogy, therefore, coliform concentrations could also be log-
normally distributed. The difference between the coliform concentrations and the total
heterotrophic bacteria concentrations is that in the former around 95% of samples
registered <1 per 100 ml, while for the latter only 15% of samples recorded <1 per ml. To
produce a log normal model for coliform concentrations, a best fit line was constructed
through the portion of the plot representing samples with 1 or more coliforms per 100 ml.
These data account for 6.4% of samples in Figure 2.1. The remaining samples (93.6%)
registered 0 per 100 ml and appear in Figure 2.1 as the 'flat portion' with values of -1.0 (0
concentrations were set a value of 0.1 prior to log-transformation, since there is no log of
zero). The best fit line suggests that densities for regions where sampling registered 0

coliforms per 100 ml could range between 0.1 per 100 ml (i.e. 1 per litre) and 10-9

coliforms per 100 ml (i.e. 1 coliform in 108 litres). It is interesting to note that 108 litres is
a cube with dimensions of 50 metres, and is similar to a large service reservoir. Thus,
volumes as large as a service reservoir could exist with just a single coliform present. At
the other end of the density scale, some samples contain as many as 500 coliforms per 100
ml. This huge range in density of microorganisms within the drinking water supply is an
important consideration in risk assessment modelling.

From the intercept of the best fit line with the 50 percentile (Figure 2.1) a value of
6.2 × 10-4 coliforms per 100 ml (6.2 per 1,000 litres) was estimated for the geometric
mean (Table 2.4). The logarithmic standard deviation defined by the slope of the best fit
line is 2.01 log10 per 100 ml.

Implications of lognormal distribution for pathogen densities in risk assessment
modelling.

1. The lognormal distribution defines what proportion of samples contain more than a
certain density of pathogens

Lognormal probability plots show the huge variations in bacterial densities in a drinking
water supply. Through the lognormal distribution defined by its geometric mean and
logarithmic standard deviation this heterogeneity is accommodated. Furthermore, through
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the lognormal distribution the proportion of samples registering more (or less) than a
certain number of organisms is defined. This is of fundamental importance in microbial
risk assessment where an estimate of how many consumers are exposed to what density of
pathogen is needed. Thus, for example for Figure 2.1, we can read the following
exposures from the plot:-

− 50% of consumers are exposed to coliform densities of less than 6.2 per 1000
litres.

− 10% of consumers are exposed to coliform densities of greater than 2.4 per
litre

− 5% of consumers are exposed to coliform densities of greater than 1.2 per
100 ml

− 1% of consumers are exposed to coliform densities of greater than 30 per 100
ml

− 0.1% of consumers are exposed to coliform densities of greater than 1,016
per 100 ml

This information is exactly what is needed for microbiological risk assessment
modelling.

Coliform compliance monitoring under The Water Supply (Water Quality) Regulations
(1989) is analogous. It is shown in Figure 2.1 that 6.4% of 100 ml volumes contain one or
more coliforms.

There is no reason in risk assessment modelling why pathogen densities in the drinking
water supply should not be treated in a similar way to coliform densities. The problem is
determining the values for the geometric mean and logarithmic standard deviation which
define their statistical distribution.

2. The lognormal distribution allows the effects of water treatment on microbiological
compliance and risk to be modelled

Vertical shifts in the line on a probability plots represent changes in the water quality
across the whole zone and are reflected in a change in the geometric mean. Figure 4.4
shows three log-normal distributions for coliform densities with the same LSD (slope) but
differing in GM. Effectively each and every density in line Y is 100-fold smaller than the
corresponding density on line X. Similarly each and every density on line Z is 10,000-fold
smaller than the corresponding point on line X. This is reflected in the geometric means
(10-2 per 100 ml for line X, 10-4 per ml for line Y and 10-6 per 100 ml for line Z). The
three lines could reflect coliform densities at different stages of water treatment. Thus line
X, with 20% of 100 ml samples registering coliforms could be the raw water. The first
stage of treatment gives a 2 log-removal across the board; the distribution of coliform
densities being represented by line Y, in which 5% of 100 ml samples are positive. The
second stage of treatment gives a further 2 log-removal, shifting vertically from Y to Z, in
which only 1% of 100 ml samples are coliform positive. Line Z is thus the finished water,
fit for consumption.
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Figure 4.4  Modelling the statistical distribution of coliforms (or pathogens) in
the drinking water supply after treatment of raw waters.



74

Evidence for a lognormal distribution of pathogens in the drinking water supply

In Section 4.1.2 studies by Ongerth (1989) are reported showing that Giardia cysts in
pristine rivers are lognormally distributed. In fact the statistical distribution for Giardia
cysts in a river could resemble line X in Figure 4.4, if units were cysts per 100 litre rather
than per 100 ml. Removal rates for Giardia cysts by water treatment are logarithmic
(Table 4.2). Thus, the effect of water treatment would be to shift line X in Figure 4.4.
vertically downwards maintaining the lognormal distribution but simply decreasing the
geometric mean. This would suggest that Giardia cysts are lognormally distributed in the
drinking water supply, perhaps resembling line Z in Figure 4.4 (assuming units are cysts
per 100 litres).

For example, applying a 4 log removal by treatment (c.f. Figure 4.4) to the lognormal
distribution for Giardia cyst densities in Green River water samples (Ongerth, 1989)
would predict that 99% of samples from the treated water supply would contain between
0.0000001 cysts/litre and 0.0006 cysts/litre.

4.2 Drinking Water Consumption

Hopkin and Ellis (1980) have reported the findings of a study on drinking water
consumption in Great Britain. For adults the mean total liquid intake was 1.79 l per
person day. Hot drinks and non-tap-water based drinks accounted for 1.67 l per person
day, leaving only 0.12 l per person day as cold tap-water-based drinks.

A comprehensive statistical analysis of tap water intake by children and adults has been
performed in the USA (Roseberry and Burmaster, 1992) showed consumption within
each age group to be lognormally distributed. Statistical distributions are defined by the
log geometric mean and logarithmic standard deviation for each age group. These
statistics as reported in Roseberry and Burmaster, 1992) are presented in Table 4.3. In
addition the central tendencies are reported as geometric means in the third column to
give a feel for average volumes consumed by each age group.

It appears that on average persons in the over 65 yr age group drink the most tap water
(1,197 cm3 per day), some 4.5-fold more than children under 1 yr of age (267 cm3 per
day). From the values of µ and σ in Table 4.3, the volumes consumed by the upper 5% of
the population may be calculated. Thus, 5% of the population consume more than e(µ +

1.64σ) cm3 per day in each age group. It is calculated that 5% of the over 65 yr age group
consume more than 2,614 cm3 per day (tap water).  This is similar to that used in the US
risk assessment models which assume 2 l /person/day and predict lifetime risks of death
from waterborne virus (for the most exposed individual) to be as high as 1 in 20.
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Table 4.3 Summary statistics (calculated from natural logarithms of intakes in
cm3 per day) for best fit lognormal distributions for tap water intake
rates. Data taken from Roseberry and Burmaster (1992). Geometric
mean intakes calculated as eµµ are also presented.

______________________________________________________________
Age Group Ln Geometric mean Logarithmic standard Geometric

Deviation (base e) mean
(cm3 per day)

(µ) (σ) eµ

______________________________________________________________
0 < age < 1 5.587 0.615 267
1 <= age < 11 6.429 0.498 619
11 <= age < 20 6.667 0.535 786
20 <= age < 65 7.023 0.489 1122
65 <= 65 7.088 0.476 1197
All 6.87 0.530 963
______________________________________________________________

4.3 Conclusions

1. Some information is available for pathogen concentrations in surface waters both in
the UK and USA. UK data are not presented in a useful format for risk assessment
modelling. USA Giardia data, however, are although only for relatively pristine
rivers. UK Cryptosporidium data should be reanalysed statistically on probability
plots.

2. Considerable information is available on rates of pathogen removal both by drinking
water and sewage treatment processes (data not presented). Log removal
efficiencies by the individual treatment processes are available for broad groups of
pathogens. However, certain viruses appear to be more resistant to chlorination
than others. Indeed, Norwalk virus and perhaps hepatitis viruses appear to be more
resistant to chlorination levels typically used in drinking water supplies.

3. Although pathogens such as Cryptosporidium have been detected in UK drinking
water supplies, little information is available regarding their exact densities. This is
because densities are so low that most samples register zero per volume analysed.

4. No information is available about the statistical distribution of pathogen densities in
the drinking water supply in the UK or the USA. Analogies, however, may be made
to densities of total heterotrophic bacteria which are approximately lognormally
distributed. Furthermore the lognormal distribution of Giardia cyst densities in US
rivers may be preserved in drinking water treatment.
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5. Information on tap water consumption in the USA is suitable for risk assessment
modelling.
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5. ADVICE ON COST EFFECTIVE METHODS TO
IMPROVE THE QUALITY OF DATA INPUTS FOR A
UK MODEL.

The cost of building better models and collecting more accurate data must be balanced by
the improved value of the information obtained. A risk assessment model is only as good
as the weakest link. Thus, improving data in one area, for example, dose-response
information, will not be cost effective unless complimentary and equal improvements are
made in other areas, for example, statistical distributions of pathogen densities in the
drinking water supply.

There are, however, areas where a fundamental change in assumption could make a
dramatic improvement in drinking water models. In particular, UK models should avoid
using a single point estimate for pathogen density and not adopt the US assumption of a
Poisson distribution. Drinking water microbiological risk assessment models should now
be developed through consideration of the proportions of consumers exposed to different
pathogen densities (as shown for coliforms in Section 4.1.6). This would avoid the
meaningless concept of the most exposed individual and provide an assessment of risk
across the whole population. It would appear that US researchers and risk modellers do
not appreciate the implications of a lognormal statistical distribution of pathogen densities
within the supply. In particular they do not know how to accommodate all the zero data
points. Calculating means based only on the positive data (LeChevallier et al. 1991b), or
considering zeros as zeros (Payment et al. 1985) may give misleading and invalid
statistical parameters. Adopting a lognormal distribution is the most cost effective way to
solve these problems.

The weakest link of US microbiological risk assessment models for drinking water
supplies appears to be our understanding of pathogen densities within the drinking water
supply. Indirect evidence is presented in Section 4.1.6 that Giardia cysts may be
lognormally distributed in drinking water supplies in the US. This is not to say that dose-
response modelling could not be improved. Sections 2.3 and 2.4 illustrate some problems
with applying dose-response curves to drinking water samples and across the general
community.

Cost effective methods to improve risk assessment models are now considered.

5.1 Dose-response data for UK models

There is unlikely to be one single dose-response curve for each specific pathogen that will
make risk-assessment models applicable to the general community. It is apparent for each
pathogen that different dose-response curve data would be needed for healthy adults,
infants, pregnant women, AIDS patients, the elderly, people with different vaccination
backgrounds and natural immunities. Furthermore, currently available dose-response data
are complicated by selection of volunteers according to low antibody titre or provision of
an antacid before the pathogen dose. Further volunteer studies are not the most cost
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effective way forward and may complicate matters further. Mathematical models relating
risk of infection to actual pathogen doses (0, 1, 2, 3, 4, 5....pathogens) should be
developed for available dose-response data.

One method to obtain dose-response data applicable to a general community would be a
prospective epidemiology study. This would not only be very expensive but also
fundamentally flawed because of the difficulty in determining the statistical distribution of
pathogen density within the supply during any study.

Before considering expenses of developing dose-response data, the following question
should be considered:-

Are dose-response data really needed in UK drinking water risk assessment models?

Answer: Perhaps Not.

The 'heart' of the US risk assessment models is the dose-response curve. Indeed, Haas
(1983) has considered these in great detail, with relatively little consideration of pathogen
density in the models later developed (Haas et al., 1993). But are they really necessary in
drinking water models? All a dose-response curve does is relate proportion of infected
people to dose. Indeed it is shown in Section 2.4.2 that the US model for viruses (Haas et
al. 1993) in reality only considers exposure to doses of 0 or 1 pathogen. So really the only
information needed in US models is what proportion of people register infection after
ingestion of a dose of one pathogen, e.g. for rotavirus this is 31% (Table 2.5).

UK risk assessment models could avoid a specific dose-response curve for each pathogen
by making the assumption that persons exposed to one or more pathogens through the
drinking water supply will be infected. The advantage of this approach is that the worst
case scenario is predicted. Three facts add credibility to this approach.

1. Exposure to less than one pathogenic organism will not cause infection. US risk
assessment models, through extrapolation of dose-response data, consider effects of
fractions of a pathogen in the case of rotavirus. This is not appropriate for drinking
water supply microbiology.

2. A single pathogen is capable of causing infection. From the dose-response curve for
rotavirus, some 31% of healthy adults are expected to be infected by a single
rotavirus particle. For protozoa, relatively small doses affect large proportions of
volunteers. The dose-response curve for Giardia lamblia shows that 100 cysts will
infect some 86% of volunteers. Indeed in Rendtorff's experiment, 2 out of 2
volunteers were infected by a dose of just 10 cysts. A dose of 214 Cryptosporidium
parvum oocysts will infect 50% of volunteers. There is also evidence from
retrospective studies of foodborne salmonella outbreaks that single organisms are
capable of causing disease.

3. Micro-organisms, including perhaps pathogens, are clustered in drinking water
supplies. Indeed, one water company operator once remarked, "One does not
normally get just one coliform in a sample, it's usually hundreds" referring to
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coliform-positive 100-ml volume samples. This could suggest that persons ingesting
a dose of pathogens from a drinking water supply will get more than just one
pathogen per glass. Consideration of the coliform density data (Figure 2.1)
collected from a UK water company under the Water Supply (Water Quality)
Regulations (1989) shows:-

− 93.7% of samples recorded 0 coliforms per 100 ml

− 2% of samples recorded 1 coliform per 100 ml.

− 4.3% of samples recorded more than 1 coliform per 100 ml.

− 2% of samples recorded 10 or more coliforms per 100 ml.

In statutory monitoring data pooled from 11 supply zones of much poorer microbiological
quality from another UK company:-

− 80.2% of samples recorded 0 coliforms per 100 ml

− only 3.8% of samples recorded 1 coliform per 100 ml

− 7.4% of samples recorded >10 coliforms per 100 ml

− 2.1% of samples recorded >100 coliforms per 100 ml

It is apparent that although the majority of samples register 0 coliforms per 100 ml, the
chance of ingesting 10 or more coliforms per 100 ml is almost double the chance of just a
single coliform. This reflects the lognormal nature of the statistical distribution for
coliform densities. Thus, the lognormal distribution for pathogens in a drinking water
supply may diminish the need for dose-response curves in UK risk assessment models for
the more infectious agents such as rotavirus.

To further this approach information on the proportions of the general community
resistant to infection, through acquired immunity, is needed.

This approach would not be appropriate to the less infectious pathogens such as Vibrio
cholerae (Crowcroft, 1994) and Cryptosporidium parvum (DuPont et al. 1995). Dose-
response information for each pathogen type is needed in MRA modelling to account for
differences in infectivity between highly infectious agents like rotavirus and less infectious
agents such as V. cholerae.
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5.2 Pathogen Exposure in UK models

The major problem in microbiological drinking water supply research is that pathogens
are so dilute (usually) that even the majority of large volume samples (1,000 litres) are
negative (i.e. zero, Table 2.3). This makes determination of the statistical distribution for
pathogens in the supply difficult. Even for coliforms in 100 ml volumes, 95% or more
samples typically register zero (Figure 2.1).

More powerful methods of pathogen detection are dependent on selective and efficient
methods of pathogen concentration from large volume samples. Development of such
methods is expensive. Furthermore large volume sampling programmes, which would
provide more information on pathogen and coliform statistical distributions, appear to be
unpopular with water supply companies.

One solution, which is cost-effective, therefore is to estimate the statistical distribution of
pathogens in the drinking water supply from:-

a) the statistical distribution of pathogens in the raw water. This could be measured by
sampling using reasonable volumes since pathogens are present in raw water in
higher numbers.

b) the log-reduction by a particular drinking water treatment process on the
distribution for each pathogen

Section 4.1.6 describes how this approach would be used to predict a lognormal
distribution for Giardia cyst densities within the US drinking water supply. It is suggested
that Cryptosporidium oocyst density data for UK surface waters are analysed as
lognormal distributions. By applying the removal efficiencies (Table 4.2) for different
treatment processes the statistical distribution for Cryptosporidium oocysts in drinking
water networks supplied by different source waters could be predicted. This would
provide an estimation of what proportions of consumers are exposed to what densities of
oocysts, enabling quantitative risk assessment to be performed.

Two advantages of this approach relate to its flexibility. These are:-

1. The effects of adding new treatment processes or failure of a treatment process on
health across the community could be predicted.

2. Effects on health of fluctuations in quality (i.e. oocyst numbers) in the raw water
could be predicted. It may be possible to consider effects of agricultural inputs of
Cryptosporidium.

5.3 Tap water consumption data for UK models

This is probably the best defined information available for drinking water risk assessment
models. All that needs to be done is to apply the log-normal analysis of Roseberry and
Burmaster (1992) to the UK data (Hopkins and Ellis, 1980). Market research to get
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improved information on consumption (seasonal and age group variation) of unboiled tap
water is not needed for risk assessment models until dose-response relationships and
pathogen density data have been improved.

5.4 Other methods to improve the quality of data for UK models

Better reporting of waterborne illnesses

Validation of any risk assessment model is as important as developing it and requires
accurate information regarding UK waterborne outbreaks including subsequent secondary
transmissions of infection. To this end the PHLS Communicable Disease Surveillance
Centre has devised a scheme to encourage reporting of such cases. However, this scheme
is only at the pilot stage. Furthermore, it relies on cases being reported to GPs. As far as
the PHLS is concerned there is no outbreak if nobody registers illness at the GP.
Information on the number of unreported cases relative to reported cases would be useful
for calibration of risk assessment models, which will predict the total number of cases.

Furthermore, the PHLs' task of diagnosing illnesses in patients could be facilitated by
better detection methods for viruses. Electron microscopy (EM) is the main diagnostic
method for viruses in diarrhoea. EM, however, may bias results by missing astroviruses in
particular. There is a requirement for a more widely applicable diagnostic method for
viruses including astrovirus, small round viruses, small round structured viruses,
adenovirus and rotavirus. Furthermore the method should rely less on the good
morphological preservation of the sample and the skill of the operator than EM. It should
also be applicable to those viruses which remain uncultivable. Serological methods,
especially those based on monoclonal antibodies have been successful to some extent.

Quantitative information on potential for secondary spread

Microbiological risk assessment models developed to date for drinking water supplies use
water as the primary source of infection. However, for many pathogens transmitted by the
faecal-oral route there is potential for secondary infection through person-to-person
contact or the infected person-to-food route. Indeed person-to-person, rather than
common source, transmission probably accounts for most cases of hepatitis A virus
infection. Algorithms to predict the effect of secondary spread from a point source
waterborne infection are needed.

5.5 Conclusions

US models risk assessment models for drinking water concentrate on the dose-response
curve. It is proposed that a UK risk assessment model should concentrate on exposure to
pathogens through drinking water.
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Advice on cost effective methods to improve inputs for a UK model is:-

1. The most cost effective method to improve quality of inputs for a UK model is to
consider modelling the statistical distribution of pathogen densities in the drinking
water supply. This could be achieved by considering the effect of different drinking
water treatment processes on available data for pathogen densities in the raw waters
through lognormal probability plots. This approach would allow both environmental
fluctuations in pathogen input and effect of treatment process on health risk to be
modelled.

2. The data and technology are available to develop a UK risk assessment model for
Cryptosporidium.

3. Conducting further volunteer studies (with more subjects than in previous
experiments) to obtain more detailed and specific dose-response data would be a
hugely expensive task, difficult to direct, and would probably complicate
interpretation of risk assessment models further.

4. Dose-response curves may not be necessary for drinking water models. In the case
of viruses, protozoa and perhaps salmonellae, small doses (<100 organisms) infect
considerable proportions of healthy volunteers. A feature of the lognormal nature of
the pathogen density distribution is that pathogens are likely to occur in clumps, i.e.
consumers either are exposed to high enough doses to induce infection or are
exposed to zero pathogens. Thus, infection could be modelled on the proportion
of consumers exposed through drinking water to doses of one or more
pathogens. This would give a worst case scenario across the community.

5. Information on proportions of the general population which are resistant to high
doses (through immunity from previous exposure) is needed to develop the
approach further.

6. In the course of time, volunteer studies will undoubtedly be carried out for different
pathogens and their dose-response curves will be of interest to risk assessment
models for drinking water supplies.

7. Expense on further tap water consumption data is not justified until problems with
pathogen density have been overcome.
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6. IDENTIFY RISK REDUCTION OPTIONS FOR UK
AND ASSESS WITH RESPECT TO HEALTH,
ENVIRONMENTAL AND COST BENEFITS.

While US models indicate to some extent to what levels pathogen concentrations should
be reduced they provide no information on the most cost effective way to achieve the
reduction. Models such as Figure 4.1 would allow all the risk barriers and inputs for a
particular pathogen to be considered as risk reduction options. These would include
sewage treatment, input of pathogens to the environment and drinking water treatment
itself. Integrating data for the various barriers and inputs into a model to predict the
statistical distribution of pathogen densities in the drinking water supply (Figure 4.4)
would enable the effectiveness of the risk reduction options on health and environment to
be assessed. By adding in the capital costs and operating costs for the different barriers in
relation to removal efficiency for each pathogen, the cost effectiveness of the risk
reduction options could be assessed.

In Tables 6.1 and 6.2 capital and operating costs, respectively, are provided for the
different processes of drinking water treatment. Table 4.2 provides the removal
efficiencies of the different processes for Cryptosporidium and groups of pathogens.
Starting with the statistical distribution for Cryptosporidium densities in a UK raw water
(e.g., Line X, Figure 4.4) and using data from Table 4.2, the statistical distribution for
oocysts in the drinking water supply could be predicted after combinations of different
treatment processes (Lines Y or Z, Figure 4.4). The proportions of consumers exposed to
oocysts could be estimated from these lines. By considering the costings (Tables 6.1, and
6.2) for each process the most cost effective combination of drinking water treatment
processes for Cryptosporidium could be determined. Further data on sewage treatment
removal and input of Cryptosporidium into the raw waters could be used to consider
changes in Line X (the raw water quality). This would further the approach to considering
the cost effectiveness of controlling agricultural inputs or sewage treatment processes.

6.1 Conclusions

1. Through lognormal probability plots, costs for changing treatment strategies or
reducing environmental inputs may be related to pathogen exposure through
drinking water supplies. This would identify the most cost effective risk reduction
options for each pathogen.

2. Operating and captial costs are available for drinking water treatment processes.
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Table 6.1 Capital cost estimates (in £ '000) for unit processes for a range of plant
sizes - taken from Water Industry construction cost estimating
manual (TR61) WRc UC1946, May 1993.

__________________________________________________________________
Unit process 1 Ml/d 10 Ml/d 100 Ml/d
__________________________________________________________________
Rapid gravity filtration (RGF) 110 430 1,630
Chemical coag/RGF 120 450 1,720
Chemical coag/FBC/RGF 230 1,000 5,270
Chemical coag/DAF/FBC 544 1,600 9,100
Microfiltration 200 990 8,500
Chlorine M&E 29 61 130
Chlorine M&E + contact tank 38 106 339
Ozone 100 400 2,500
Ultra violet 15 50 300
__________________________________________________________________

Table 6.2 Operating Cost Estimates in p/m3 treated. Estimates based on
National Comparability Study (1986/87) from data given in, "A guide
to water treatment processes and practices", WRc 854-S, 1989.

__________________________________________________________________
Treatment type 1 Ml/d 10 Ml/day 100 Ml/d
__________________________________________________________________
RGF only 5 - 10 2 - 6 1 - 3
Chemical coag/RGF 7 - 12 4 - 8 3 - 5
Coagulation/Clarification/RGF 8 - 13 5 - 9 4 - 6
Microfiltration 5 3 2
Chlorine 1 1 0.5
Ozone 2 1.5 1
Ultra violet 1 1 0.5
__________________________________________________________________
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7. CONCLUSIONS

This report comprises five sections, reflecting the objectives of the contract. The
conclusions are treated separately for each objective.

7.1 Review of risk assessment models world-wide.

Information of microbiological risk assessment models for drinking water supplies
developed and used in the United States by their Environmental Protection Agency was
obtained from the literature. To seek information on risk assessment models being
developed world-wide, researchers in Israel, South Africa, Greece and Spain were
approached. However, no information was obtained. Therefore this report only considers
US models. The conclusions from a critical review and assessment are:-

1. US risk assessment models for drinking water supplies are no more than dose-
response curves.

2. Single point estimates used for pathogen exposures from drinking water in US
models are of little use and inappropriate statistically.

3. The fundamental question in drinking water risk assessment, "What proportion of
consumers are exposed to what numbers of pathogens?" is not considered in US
models.

4. Uncertainties are based on uncertainty of the dose-response data and do not
consider uncertainty in pathogen exposure estimates.

5. A manifestation of the assumptions made about pathogen densities in the drinking
water supply is that in US models consumers are effectively restricted to doses of
either zero pathogens or one pathogen. Evidence is presented that pathogens are
clustered within the drinking water supply and it is conceivable, by analogy to
coliforms, that some consumers could be exposed to much higher doses than just
one pathogen. By ignoring clustering, US models may overestimate risks across the
community from more infectious agents such as viruses and protozoa, but
underestimate risk from less infectious organisms such as certain bacteria.

6. The mathematical models used in the US risk models for dose-response curves may
not be appropriate to micro-organisms in drinking water supplies. Indeed, US
models rely on extrapolation to doses of fractions of a pathogen. This is unsound
and would be unnecessary if mathematical models relating risk from integer doses
of 0, 1, 2, 3, 4, 5.... pathogens were developed.

7. Dose-response curves are not appropriate to the general community, including
infants, the elderly, the immunocompromised, and persons of varying acquired
immunities. Some dose-response data were obtained after antacid consumption and
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may overestimate risk. Bacteria, in particular salmonellae, may be more infectious
than suggested by dose-response data.

8. US models do not model secondary spread.

7.2 Developing UK risk assessment models for specific pathogens

Epidemiological data and UK occurrences were reviewed for waterborne pathogens
including those of emerging interest. The conclusions for development of UK models for
specific pathogens are:-

1. Risk assessment models should be developed in the UK for any pathogen which
presents a potential or proven waterborne hazard. This includes pathogens which
are more prevalent in the developing world because of the possibility of infected
individuals entering the UK.

2. Specific waterborne pathogens should not be considered alone, particularly if
models are to be used for identifying the most cost effective risk reduction options
or with the aim of reducing chlorination to eliminate disinfection by-products.

3. Epidemiological information on individual pathogens highlights the necessity to
customise UK risk assessment models for each pathogen.

4. The impact of secondary transmission from a primary waterborne source should be
considered in risk assessment models for pathogens such as E. coli O157, hepatitis
A virus, Helicobacter pylori, rotavirus, Norwalk virus, Cryptosporidium and
Giardia lamblia.

5. Risk characterisations for UK models should vary according to pathogen type and
the proportion of high risk consumers (e.g. pregnant women, AIDS patients) should
be considered.

7.3 Review of necessary data inputs for a UK model and assessment
of the state of appropriate data knowledge in the UK

1. No information is available in the UK to determine what proportion of consumers
are exposed to what numbers of pathogens. Indirect evidence is presented that
pathogen densities are lognormally distributed in the drinking water supply.

2. Some information is available for pathogen concentrations in surface water in the
UK.

3. Considerable information is available on rates of pathogen removal by drinking
water and sewage treatment processes.

4. UK Cryptosporidium data for source waters should be analysed on lognormal
probability plots.
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5. Information on tap water consumption in the UK is available.

7.4 Cost effective methods to improve data inputs for a UK model.

1. Further volunteer studies to obtain more dose-response data are not the most cost
effective way forward. Indeed, it is suggested that because of pathogen clustering
dose-response curves may not be necessary for drinking water risk assessment
models. It is possible that most drinking water consumers are either exposed to high
enough doses of pathogen to induce infection or are exposed to zero pathogens.

2. The most cost effective method to improve data inputs for a UK model is to
consider modelling the statistical distribution of pathogen densities in the drinking
water supply. This would indicate what proportion of consumers are exposed to
one or more pathogens. A method which accounts for source water loading and
efficiency of treatment processes is proposed. This could be applied to UK
Cryptosporidium data.

3. The data and technology are available to develop a UK risk assessment model for
Cryptosporidium.

7.5 Modelling the cost effectiveness of risk reduction options

1. Through lognormal probability plots, costs for changing treatment strategies or
reducing environmental inputs may be related to pathogen exposure through
drinking water supplies. This would identify the most cost effective risk reduction
options for each pathogen.

2. Operating and capital costs are available for drinking water treatment processes.
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