






304 maximum. Depending on the objective of a study, it might be
305 desirable to improve the correct prediction rate for one particular
306 outcome (e.g. correct prediction of TC positives). Changing the ini-
307 tial weightings (1:1 ratio) can result in a better prediction of the
308 chosen category (TC positives) but will also lead to a worse predic-
309 tion of the other category (TC negatives), thus reducing the overall
310 predictive performance (predicting both positives and negatives
311 correctly). The outcomes predicted will therefore be influenced
312 by the analyst’s preferences, the problem definition, and the struc-
313 ture of the tree-model itself, i.e. the homogeneity of the subgroups.
314 This study has not taken into account monetary costs. We consid-
315 ered a false negative error (no TC predicted even though test result
316 is positive) to be associated with a potential health risk and there-
317 fore to have a greater impact than a false positive error. Assuming
318 that a possible threat to human health is of critical importance we
319 adjusted the weights stepwise until all TC positives (>99%) could
320 be predicted correctly, and also evaluated the impact that changing
321 the weightings had on the predictive outcome.

322 3. Results

323 3.1. Temporal variability of monitoring variables

324 Flow conditions are subject to seasonal variations but can also
325 vary from year to year (Fig. 3). A seasonal pattern can be observed
326 for 2010, between a dry winter period frommid-November to mid-
327 May and a wetter summer period (Fig. 3a). Large rainfall events

328during the summer months resulted in higher water levels in the
329river and groundwater levels also responded to these high flows,
330exhibiting a damped version of the river hydrograph signal, indi-
331cating connectivity between the river and the aquifer system.
332The well discharge is closely related to the groundwater level
333and consequently yielded higher discharge rates during the sum-
334mer season. Positive TC results were mainly clustered around pre-
335cipitation and high flow events but also occurred sporadically in
336between, and after, such events (upper row of Fig. 3a).
337In contrast, the year 2012 was characterised by average to low
338flow conditions; rainfall events were of lower intensity and river
339water levels lower throughout the year than in 2010. Groundwater
340levels during 2012 remained nearly constant and production well
341discharge was below average. TC occurred less frequently than in
3422010 but with individual incidents recorded throughout the year
343(Fig. 3b).

3443.2. Correlation of TC between production well and observation well

345The production well was affected by TC on 52 of the 1751 sam-
346pling days (3.0%) and the observation well on 142 days (8.1%). The
347contamination was generally only sporadic. The production well
348was mostly affected by TC on solitary days only, while the observa-
349tion well was often affected on consecutive days (Fig. 3).
350The algorithm was first used to examine the correlation
351between the microbial parameters for both wells. TCPW and TCOW

352with increasing time lags were used as explanatory variables and
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Fig. 3. Overview of monitoring variables for selected years: 2010 (high flow conditions) and 2012 (average/low flow conditions).

Table 1

Data set, variations in monitoring variables.

Variable Total coliforms
PW/OW

Precipitation Water level river R1 Groundwater head piezometers
A–D

Discharge PW N variables

ID TCPW/OW P WLR GWHA–D QPW 9
Type Presence Sum (s) Mean (m) difference (d) Mean (m) difference (d) Mean (m) difference (d) 15
Unit (yes/no) (mm) (m) (m a.s.l.) (m3/s)
Time range i (days) – 1–5 1–5 1–5 1–5 67
Time lag j (days) 0–5 0–5 0–5 0–5 0–5
N variables 12 30 60 240 60 402
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459 and imposing a time lag (i). Fig. 8 illustrates how these two time
460 variables affect the significance of two selected monitoring
461 variables. Changing the time range for the accumulation of daily
462 precipitation values had only a minor influence on significance in
463 the production well (Fig. 8a). In contrast, the significance increased
464 substantially in the observation well when the time range was
465 extended (Fig. 8b). Introducing a time lag ( j) made no improve-
466 ment to the significance of this variable in either well.
467 Groundwater heads from piezometer D were rather invariant
468 when considering variations in i and j for the production well
469 (Fig. 8c), with only a slight increase in significance for a time lag
470 of more than three days. For the observation well (Fig. 8d), varia-
471 tions in the time range (i) had a limited effect on the significance,
472 while a time lag ( j) had a negative effect.

4733.6. Prediction of TC using the CHAID classification tree

474Classification trees can also be used for prediction of a response
475variable. The frequency of positive TC was below 50% in all subcat-
476egories of the predictors (‘leaves’ in Figs. 5 and 6). At the initial 1:1
477ratio of false negative to false positive errors all leaves predicted the
478absence of TC; the overall correct prediction rate (positive and
479negative TC results) was above 90% for both the production and
480the observation well. Gradually increasing the weighting for false
481negatives resulted in the number of leaves predicting TC (and con-
482sequently the correct prediction rate for TC positives) also increas-
483ing gradually, while the overall prediction rate decreased (Fig. 9).
484The correct prediction rate for TC positives in the PW increased
485rather uniformly as the weightings were increased until 100%

Fig. 5. Classification tree of hydrometric variables for the production well, with p-value, significance (X2), and median (m). Each box (node) represents a subclass of an
explanatory variable, with the variable value on top and the number of TC positives (n) in the centre; values in brackets denote percentages within the subset. Nodes are
marked in bold font where the initial probability exceeds 3.0%.

Fig. 6. Classification tree of hydrometric variables for the observation well, with p-value, significance (X2), and median (m). Each box (node) represents a subclass of an
explanatory variable, with the variable value on top and the number of TC positives (n) in the centre; values in brackets denote percentages within the subset. Nodes are
marked in bold font where the initial probability exceeds 8.1%.
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486 correct prediction was achieved at a weighting of 30. To obtain this
487 result the model predicted TC occurrence on 798 (46%) of the total
488 number of days, of which 52 were positives and 746 were false
489 positives. The prediction of TC positives in the observation well

490achieved an 80% success rate a weighting of 10; a weighting of 40
491was required to achieve a success rate greater than 90%. In the latter
492case, TC occurrencewas predicted at 1213 (69%) of the total number
493of days, of which 141 were positives and 1072 false positives. At a
494correct prediction rate of greater than 99% for TC positives the over-
495all correct prediction rate dropped to 57% for the production well
496and 39% for the observation well (Table 3).

4974. Discussion

4984.1. Microbial water quality and correlation of indicator parameters

499The water quality differed between the observation well and the
500production well, with TC being detected less frequently in the lat-
501ter. Almost 50% of all TC positives in the production well coincided
502with TC positives in the observation well, suggesting that a com-
503mon source of contamination is likely since they are located in close
504proximity to each other. However, the observation well suffered
505more often frommicrobial water deterioration, probably as a result
506of being located closer to the river and the aquifer zone being under
507the constant influence of bank filtrate, which is thought to be a pos-
508sible source of contamination. Another reason for the increased
509contamination may be the operational mode of the observation
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Fig. 8. Effect of time lag (j) and time range (i) on significance (X2). Changes in significance with variations in precipitation, with respect to TC in the production well (a) and
observation well (b), and with variations in groundwater head (from piezometer D), with respect to TC in the PW (c) and OW (d).

Table 2

Classification of the three explanatory variables with respect to TC in the production and observation wells, together with their median values (m). Numbers shown in bold font
are for subsets in which the initial frequency of TC (PW: 3.0%, OW: 8.1%) is exceeded.

Production well Observation well

(1) Precipitation (1) Precipitation
P s2 t � 0, m: 3 mm P s5 t � 0, m: 13 mm

Class 0 (0–22] >22 617 (17–46] >46

TC 11 (2.1%) 17 (1.6%) 24 (13.7%) 39 (3.7%) 46 (8.8%) 57 (32.6%)

(2) Groundwater head D (2) Water level river
GWH D m3 t � 5, m: 634.54 m a.s.l. WL m1 t � 0, m: 0.18 m

Class 6634.37 (634.37–.45] >634.45 60.18 (0.18–0.43] >0.43

TC 3 (0.6%) 14 (8.0%) 34 (3.3%) 25 (2.7%) 78 (12.2%) 39 (22.7%)

(3) Groundwater head A (changes) (3) Water level river (changes)
GWH A d1 t � 0, m: �0.01 m WL d2 t � 2, m: 0.00 m

Class 6�0.06 (�0.06 to 0.01] >0.01 6�0.08 (�0.08 to 0.07] >0.07

TC 1 (0.3%) 36 (2.9%) 14 (8.0%) 29 (15.9%) 69 (5.0%) 44 (24.4%)
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609 Longer periods for accumulation or averaging had a greater impact
610 on variables that were highly variable and had a low level of auto-
611 correlation. A longer accumulation period for the rainfall variable
612 yielded an improved reflection of pathogen occurrence, as had also
613 been found by Wilkes et al. (2009). This was of particular impor-
614 tance when considering the observation well, which was often
615 affected for a number of consecutive days. Increasing the temporal
616 offset generally resulted in a decrease in significance, implying that
617 the most recent information is the most important. However, the
618 influence of time range and time lag was shown to depend on both
619 the original variable and the response variable, and is difficult to
620 estimate à priori.

621 4.4. Prediction

622 Our objective was the correct prediction of all TC occurrences
623 (100%) in the production well. The model predicted TC positives
624 on nearly half of all monitoring days (46%) and although this led
625 to many false negative errors and a reduced overall correct predic-
626 tion rate, it also indicated that protection measures such as water
627 disinfection on approximately half of all operating days is likely to
628 be sufficient to prevent any risks from microbial contamination. In
629 order to achieve this result the weightings for a false negative pre-
630 diction of TC had to be increased to 30. With regard to monetary
631 costs, this appears to suggest that the poor overall correct predic-
632 tion rate is acceptable provided that the cost of a false negative
633 error (e.g. medical treatment following an outbreak of water-borne
634 disease) is more than 30 times greater than the cost of a false posi-
635 tive error (e.g. water disinfection when not actually necessary).

636 5. Conclusions

637 The CHAID algorithm was able to identify hydrometric parame-
638 ters that were significantly related to the occurrence of TC in a
639 drinking water production facility. Exploring statistical relation-
640 ships between hydrometric variables and microbial indicators pro-
641 vided valuable indications of the likely sources of the pathogens.
642 The significant variables could be used as proxy indicators for crit-
643 ical conditions, which would be of particular interest as they can be
644 predicted using independent models (from, for example, precipita-
645 tion, or a river’s stage).
646 Moreover, the proposed algorithm proved to be a useful tool
647 with which to reduce a large data set to a much smaller number
648 of significant variables. This is particularly valuable as enlarging
649 the readily available monitoring dataset by creating generic vari-
650 ables was clearly shown to improve significance levels.
651 Additional insights were also gained by separately analysing the
652 individual variable types. It was possible to identify explanatory
653 variables other than the common explanatory variables dominat-
654 ing both systems, in which the X2 value provided valuable informa-
655 tion concerning the strength and importance of a relationship.
656 A major advantage of the tree-like structure is the intuitive
657 interpretation of the results. Complex relationships can be dis-
658 played in a clear and comprehensible way, providing easily under-
659 standable information to researchers and water managers.
660 Moreover, tree-based models can provide valuable support to deci-
661 sion makers in evaluating the consequences of false negative errors
662 (e.g. the cost of medical treatment following an outbreak of water-
663 borne disease) and false positive errors (e.g. the cost of water dis-
664 infection when not actually necessary).
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