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Model Parameter Units Distribution type (parameter) [mean] References

M; = Daily g/kg/c/d Lognormal (0.3994, 1.429) [0.40] (AusVeg, 2011; Mok et al.,
Consumption 2014)

Ciw- Concentration of CFU.mL"! Lognormal (normal fitted to log,, transformed Estimated from empirical
pathogenic E. coli in data) Thermotolerant coliform data

recycled wastewater .
Summer: RiskNormal (0.64352, 0.41912)

Spring: RiskNormal (-0.4752,0.7927)

Virod= Volume of mL.g"! Lognormal3 (0.01049, 0.00559, 0.006) [1.05 x (Mok & Hamilton, 2014)
irrigation water caught 107]
by lettuce
k=In-field E. coli decay ~Day ! Uniform (0.22, 2.61) (Sjolander, 2012)
constant
t = time between last Days Uniform (0,2) [1.00] (Mok et al., 2014)
irrigation event and
consumption
E. coli dose-response P:() .=0.06699, =1.281
parameters
(asd”7)

4. RESULTS

Distributions of LRVs modelled for datasets representing weekly, fortnightly and monthly sampling are
presented in Figure 2. There were no statistically significant differences between any of the means of these
distributions (ANOVA, F2,281=0.152, p=0.858). The high p-value (>>0.05) implied insufficient evidence to
reject the null hypothesis that all mean pathogen LRVs estimated by different data subsets were equal, and
therefore the null hypothesis was accepted and no post-hoc tests were conducted.

Clear seasonal differences in pathogenic E. coli concentrations between the influent and effluent can be seen
in Figure 3. ANOVA results revealed statistically significant differences (F316,=23.32, p<0.001) and pair-wise
post-hoc comparisons of the seasonal means showed significant differences between all pairs (p<0.05) except
for winter and autumn (p=0.996).

Figure 2. Comparison of estimated pathogen log reduction value distributions based on
weekly, fortnightly and monthly sampling of maturation ponds.
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Based on the distributions of the
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E.Coli.. 1ogn (CFU/100ml)

0

= Influent pond 1
= Effluent pond 3

estimated probabilities of infection pppy,
summer and spring represented the best
and worst case scenarios respectively.
The 95% percentile value for the summer
probability of infection pppy was 0.06;
much lower than the corresponding value
for spring (0.31 infections pppy).

The tornado graphs shown in Figures 4
and 5 illustrate the differential sensitivity
of the seasonal models predicting 95™
percentile probabilities of infection pppy
to the input parameters. There are two key
differences. First, the spring model
showed greater sensitivity to all input

parameters compared with the summer
model. Second, the summer model was
most sensitive to variations in estimates of
effluent pathogen concentrations while
the spring model was most sensitive to
estimates of daily consumption of lettuce.
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Figure 3. Seasonal variability of pathogenic E. coli

concentrations in the case study maturation pond system.

Spring probability of infection pppy
Inputs Ranked By Effect on Output 95% Percentile

Summer probability of infection pppy
Inputs Ranked By Effect on Output 95% Percentile
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Figure 4. Model sensitivity to the input parameters
for summer (predicting 95th percentile probability

of infection per person per year).

Figure 5. Model sensitivity to the input parameters for
spring (predicting 95th percentile probability of
infection per person per year).

5. DISCUSSION AND CONCLUSION

Treated wastewater is a potential resource, especially in areas such as regional and remote Australia where
water scarcity is becoming an increasing challenge. WSPs provide a treatment option that is suitable for
regional and remote areas due to their low cost and low maintenance despite their large land requirements.
Treated wastewater from WSPs, however, cannot be reused until issues such as health risks have been
considered adequately. Pathogens are of primary interest with respect to assessing the health risks of recycled
water. It is known that microbial concentrations are highly variable both temporally and spatially in wastewater,
yet the lack of attention to this variability and its impact on the characterisation of microbial water quality is a
source of frustration to regulators evaluating QMRAs (D. Cunliffe, personal communication, October 29,
2014).

This study showed distinct benefits of stochastic modelling (through Monte Carlo simulation) for those
involved in managing wastewater treated through maturation pond systems and its reuse. Essentially, these
benefits can be grouped under two broad categories: those that ensue from being able to characterise the
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temporal variability of the microbial water quality and those related to more transparent health risk modelling
in relation to treated effluent reuse.

1. Allows WWTP operators to explore the extent to which monitoring programs can be rationalised
without compromising their rigour (with respect to characterising microbial water quality) while still
meeting legislative requirements. For example, it may be of strategic value to reduce the frequency of
sampling during those seasons when variability is low to enable more intensive sampling, perhaps
with replicates, during those periods exhibiting higher variability.

2. Extends the exploration of the impact of observed temporal variability of microbial water quality to
estimations of health risks, ensuring more rigour.

3. Itis useful for exploring the sensitivity of health risk estimates to all parameters utilised in the QMRA
thereby providing guidance as to where resources should be focused.

4. The simulation capacity in @Risk facilitates a range of “what if” scenarios of interest to be explored
(e.g., different combinations of pathogens, reuse options and target populations)

5. The graphical outputs from modelling platforms such as @Risk facilitate more effective
communication with stakeholders. For example, the tornado graphs clearly illustrate the parameters
that have the most impact on the health risk estimates.

In summary, this study has shown that stochastic modelling and simulation enhances the investigative capacity
of those involved in evaluating the performance of highly variable ecological systems such as maturation
ponds. The same modelling techniques could also be applied to evaluate a broader range of exposure scenarios
than the single scenario of irrigating lettuce considered here, as well as additional onsite treatment steps which
may be needed to facilitate desired reuse options. Through explicating sources and implications of uncertainty
and variability in this type of health risk modelling, this study cautions against relying too much on QMRA
results where uncertainties have not been made explicit.
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