Chapter

Hybrid Modelling of Water Quality
Dynamics: Data Assimilation with
Machine Learning for Enhanced
Predictions

Parul Tiwari, Channa Rajanayaka and Jing Yang

Abstract

Predicting Escherichia coli concentrations in recreational waters is essential for
safeguarding public health and ensuring water quality compliance. This study applies
time series analysis to forecast E. coli levels at six sites in New Zealand using historical
data from 2005 to 2020. The goal is to develop a reliable predictive model that helps
in proactive water management and early contamination warnings. Initially, an
autoregressive integrated moving average (ARIMA) model was applied with param-
eters selected through a stepwise fitting approach. However, ARIMA demonstrated
limitations in accurately capturing E. coli variability due to external environmental
factors. Then the seasonal autoregressive integrated moving average with exogenous
regressors (SARIMAX) model was applied for better predictive performance using
water quality parameters and climate variables as input predictors. Results showed
that no single water quality parameter consistently predicted E. coli across all sites,
though total phosphorus emerged as a key predictor in five locations. The four-year
forecasts showed patterns aligned with historical trends, suggesting reasonable
predictive capability. However, forecast accuracy varied across sites, likely due to site-
specific hydrological conditions. This study highlights the importance of site-specific
modelling, real-time environmental data integration, and advanced machine learning
techniques to improve water quality predictions. A refined forecasting approach can
support early warning systems and risk-based decision-making, ultimately reducing
health risks associated with microbial contamination in recreational waters.

Keywords: water quality dynamics, climate data, Escherichia coli, machine learning,
data assimilation

1. Introduction

Water is a natural resource and a priceless gift of nature to all living organisms
and is a constant threat of pollution by life itself [1]. It is essential for survival as it
carries nutrients to all cells in our body and oxygen to our brain. Clean water is vital
to our health, communities, and economy, which is essential to function and flourish
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and will ultimately lead towards a more sustainable future. Four major categories of
water-related diseases are waterborne, water-based, water-related, and water-scarce
diseases [2]. Water quality is a complex interplay of physical, chemical, and biological
parameters [3]. Several factors are responsible for degradation in water quality [4].
These include the concentration of microscopic pathogens such as bacteria and viruses,
quantities of pesticides, insecticides, heavy metals and several other contaminants.
Additionally, water quality dynamics are influenced by natural processes such as pre-
cipitation, sedimentation, and seasonal temperature variations, as well as anthropo-
genic activities like wastewater discharge, agricultural runoff, and industrial effluents.

Mathematical models have emerged as indispensable tools for understanding,
predicting, and managing water quality [5, 6]. These models provide a quantitative
framework for simulating the behaviour of pollutants, assessing the impacts of vari-
ous stressors and developing management strategies. One widely used model is the
advection-diffusion-reaction equation, which describes the transport and transfor-
mation of pollutants in water bodies [7]. This model incorporates terms for advection
(movement of pollutants with water flow), diffusion (spreading due to concentration
gradients), and reaction (chemical and biological transformations). A recent study
has applied this model to simulate the dispersion of contaminants in rivers and estu-
aries, enabling precise predictions of pollution hotspots and their impacts on aquatic
ecosystems [8].

The regulatory and advisory committees around the world set up a threshold limit
on the microbial quality of water based on the concentrations of E. coli [9]. E. coli,
atype of bacteria commonly found in the intestines of humans and animals, often
enters water bodies through sewage discharge, agricultural runoff, or stormwater
drainage. When contamination levels are high, water becomes unsafe for public
use, posing serious health risks. Exposure to E. coli-contaminated water can lead to
stomach cramps, diarrhoea, nausea, and even more severe infections [10]. There are
various strains of this bacteria. A few of them are enteroaggregative E. coli (EAEC),
enterohaemorrhagic E. coli (EHEC), and enterotoxigenic E. coli (ETEC). A specific
strain of E. coli, called E. coli O157:H7, causes severe intestinal infections in humans
and can lead to life-threatening conditions like kidney failure [11].

E. coli is ranked third among the 12 antibiotic-resistant priority pathogens identi-
fied by the World Health Organisation (WHO). E. coli contamination does not just
affect human health; it also harms aquatic ecosystems. High levels of E. coli often
mean there are other pollutants in the water, like nutrients from farms, which can
cause algal blooms. These blooms use oxygen in the water, making it hard for fish and
other aquatic animals to survive. This chain reaction harms biodiversity, damages
ecosystems, and affects the overall health of rivers, lakes, and oceans. Understanding
the dynamics of water quality is essential for assessing the state of water bodies and
implementing effective management strategies. Accurate prediction of Escherichia
coli contamination in surface water is challenging due to considerable uncertainty in
the physical, chemical, and biological variables that control E. coli occurrence and
sources in surface waters [11].

Collecting the samples and then culturing and incubating them until bacteria
growth is visible in laboratories takes several hours [12]. Within this time gap, the
actual levels of E. coli may change notably. For effective water quality management,
fast and efficient alternative methods are needed in addition to conventional labora-
tory methods to estimate the levels of these bacteria. Data-driven predictive models
have the capability to collaborate with the hard work of researchers and all contribu-
tors in the water industry towards achieving the standards of water quality. Machine
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learning-based models have the potential to detect and understand unexpected
gradual changes in the physical, chemical and biological qualities of water. Based on
turbidity, temperature and pH, the authors in [13] applied several machine learning
algorithms to estimate water quality and developed a deep neural network with 93%
accuracy. The results are tested according to the World Health Organisation (WHO)
standards. A combination of single feed-forward and multiple neural networks

is used in [14] to get an R? and MSE score of 0.9270 and 0.1200, respectively. The
authors used 25 features as the input and applied backwards elimination and forward
selection combination methods.

The authors in Ref. [15] suggested that the existence of E. coli contamination and
its prediction in rivers and reservoirs is a major concern because of its adverse effects
on human life and food safety. Despite the very low survival rate outside of the host
organism of E. coli, water resources have often been found to be contaminated [16].
The authors in Ref. [17] found that E. coli levels could be predicted using the amounts
of algal pigments like chlorophyll and phycocyanin. E. coli interacts with algae by
giving them organic nutrients and blocking sunlight.

A robust predictive model can be developed with careful consideration of input
parameters. It is important to note here that in accounting for all these factors and
heterogeneity present in E. coli fate and transport, great care is needed to generalise
the results. Also, in case of non-point source pollution, concentrations of E. coli
in waste and manure vary widely, and the dismissal of livestock waste is not well
defined. Researchers observed that E. coli loads were notably in the high range at high
flows compared to low flows [9]. The peaks of turbidity and of E. coli loads are com-
pared in [18]. The authors in Ref. [18] observed that E. coli peaks are always preceded
by turbidity peaks with similar timings, which resulted in a non-linear relationship
between E. coli and turbidity.

Process-based models using mass conservation principles [19, 20] have been
developed. However, hydrodynamic models are effective for water quality dynamics
using E. coli as a microbial pollutant indicator [21]. A statistical and machine learning
model has been developed for predicting E. coli loads using water quality, hydrody-
namic data and a few other input variables [22]. Several multiple regression models
have been developed to predict E. coli loads using several input features including
turbidity, wave height, and chlorophyll [23-25]. A comparison study between arti-
ficial neural network (ANN) and support vector regression (SVR) is done to predict
the concentration of E. coli at two recreational beaches [26].

In recent years, researchers have applied various data-driven regression models
to elaborate the influences of various physicochemical water quality parameters on
concentrations of faecal indicator organisms (FIOs) and artificial intelligence methods
such as artificial neural network (ANN) and support vector machines [22, 23, 27]. The
wide range of applications of machine learning algorithms and computational intel-
ligence as decision support tools has made them indispensable tools [28-30]. Unlike tra-
ditional multivariate regression, which assumes variables are independent and models
only linear relationships, machine learning uses advanced techniques to find patterns
and connections in system data [31, 32]. It can handle complex, non-linear relationships
between noisy and interdependent variables. This allows machine learning to make
predictions and decisions that are often too complex for traditional methods [33, 34].

Laboratory analysis and the use of artificial intelligence for predictive models
enable us to be proactive and to take corrective action for a contaminated site [35].
The applicability of ML methods in water quality management depends on the choice
and response of different kernel functions in predictive models [36]. Recreational
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water activities, such as swimming, kayaking, paddleboarding, and boating, have
become increasingly important in today’s fast-paced world. These activities provide
people with a chance to unwind, reconnect with nature, and engage in physical
exercise, which is essential for maintaining good health [37]. Beyond the physical
benefits, such activities also play a key role in improving mental well-being, reducing
stress, and fostering social connections. Families and friends often bond through
shared water experiences, and the sense of calm that comes from being near or on
the water can be deeply therapeutic [38]. Additionally, recreational water activities
contribute to local economies by attracting tourists and supporting businesses like
boat rentals, water parks, and beach resorts.

The aim of this study is to investigate the suitability of different machine learning
models to predict the presence of E. coli for the New Zealand river dataset as per the
recreational and bathing standards. The raw data collected from different sites of riv-
ers in New Zealand provide valuable information in support of utilities to enable them
to make better decisions in conjunction with machine learning techniques.

2. Materials and methods
2.1 Site description

This study utilised six different water quality measurement sites across New
Zealand - three in the North Island and three in the South Island (Figure1). The
North Island sites include Mohaka (HV6), Whanganui (TU1), and Tongariro (TU2),
while the South Island sites are Clutha (DN4), Wairau (NN3), and Mataura (DN5).

The Clutha River, the longest in the South Island and the second longest in New
Zealand, stretches 338 kilometres (210 miles) from Lake Wanaka in the Southern Alps
to the Pacific Ocean, flowing south-southeast through Central and South Otago. The
river boasts the largest catchment and outflow in New Zealand, draining a basin of
approximately 21,960 square kilometres (8480 square miles) and discharging a mean
flow of 614 cubic metres per second.

The Wairau River is in the northeast of the South Island, in the Marlborough
region. It originates in the Spenser Mountains and flows northeast to the Cook Strait.

The Mataura River is a significant waterway in the Southland Region of New
Zealand. Stretching 240 kilometres (150 miles) from its source in the Eyre Mountains
to its mouth at Toetoes Bay on the Pacific Ocean, the Mataura River is renowned for
its natural beauty and recreational opportunities. The river faces issues with declining
water quality due to intensive farming.

The Tongariro River, located in the North Island of New Zealand, is a vital water-
way that flows north from the Central Plateau into Lake Taup6. In its lower reaches,
the river’s minimum flow ranges from 16 to 21 cubic metres per second. Renowned for
its world-class trout fishing, it is often referred to as the “Mecca of trout fishing.”

The Mohaka River is a significant waterway in the east-central North Island of
New Zealand, spanning 172 km (107 miles) with a catchment area of 2444 square
kilometres (910 square miles). Its mean annual flow, measured at Raupunga in the
lower catchment, is 78.1 cubic metres per second.

The Whanganui River, one of the longest in the North Island at 290 kilometres
(180 miles), flows northwest before turning southwest at Taumarunui, eventually
reaching the Tasman Sea. Known for its scenic beauty, it is popular for jet boating,
canoeing, and multi-day river journeys.
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Figure 1.
Location of the sites under study (red triangles: sampling sites; shaded polygons: upstream catchments; and blue
lines: upstream river network,).

2.2 Data collection

Water quality and streamflow data: Water quality and streamflow data from
1989 to 2020 were obtained from the National Institute for Water and Atmospheric
Research’s (NIWA) National River Water Quality Network (NRWQN) in New
Zealand [39]. This dataset provides extensive information on key physical, chemi-
cal, and biological water quality parameters for 35 major rivers, collectively
draining approximately half of New Zealand’s total land area. Monthly data were
collected from 58 active river sites, including 13 water quality variables and two
biomonitoring variables, using a combination of iz situ measurements and grab
sampling.
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Climate data: Climate data were sourced from NIWA’ Virtual Climate Station
Network (VCSN) [40], a high-resolution gridded dataset that spans all of New
Zealand. The VCSN dataset provides daily weather data including precipitation and
temperature at a 5 km x 5 km resolution, offering comprehensive climate coverage
across the study area.

Upstream catchment characteristics: Data on upstream catchment characteristics,
including climate, geomorphology, geology, and land cover, were obtained from
the River Environmental Classification [41] and the Freshwater Ecosystems of New
Zealand database [42]. Table 1 shows the description of sites and the units of water
quality and climate variables used in this study.

2.3 Data analysis
Exploratory data analysis (EDA) is performed to understand the distribution of

water quality parameters, trends, seasonal patterns, and correlations between E. coli
levels and other water quality parameters.

Site Description

Full name Abbreviation
Mataura DN5

Clutha DN4

Wairau NN3

Mohaka HV6
Whanganui TU1
Tongariro TU2

Water Quality and Stream Flow Variables

Parameter Unit
Clarity (CLAR) m
Dissolved reactive phosphorus (DRP) mg/1
Turbidity (TURB) NTU
Total nitrogen (TN) mg/l
Total phosphorus (TP) mg/1
Ammoniacal nitrogen (NH4N) mg/l
Nitrate-nitrite-nitrogen (NNN) mg/1
Escherichia coli (ECOLI) cfu/100 ml
Climate Variables
Parameter units
Daily flow m’/s
Rainfall mm
Temperature degC
Table 1.

Description of the sites and input parameters.
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The mean concentration of E. coli is higher at sites DN5 and DN4 than the other
four sites. This indicates that these locations have consistently elevated E. coli levels,
which may suggest a persistent contamination source, such as sewage discharge,
agricultural runoff, or reduced water flow leading to stagnation. Descriptive statistics
of E. coli values (in cfu/100 ml) for all six sites are given in Table 2.

Sites DN5 and TU1 also show a higher standard deviation in E. coli concentra-
tions. A higher standard deviation means that the E. coli levels at these sites fluctuate
more significantly over time. This variability could be due to irregular contamina-
tion events, seasonal changes, varying pollution sources, or differences in water
dynamics affecting bacterial distribution. Among all the sites, NN3 has the lowest
mean concentration of E. coli, and its maximum recorded value is also the lowest
compared to the other sites. This suggests that NN3 is the least contaminated site,
likely benefiting from cleaner water sources, better dilution, or effective natural
self-purification processes.

The density plots for these sites provide a visual representation of the distribu-
tion of E. coli concentrations and help to further interpret the statistical findings.
Sites DN5 (Mataura), DN4 (Mohaka), and TU1 (Whanganui) frequently experience
higher levels of contamination. In contrast, the density plot for NN3 (Wairau) is
much narrower and concentrated at lower E. coli values, reflecting its lowest mean
concentration and the fact that even its maximum recorded value is lower than that
of the other sites.

Additionally, the density plots for DN5 and TU1 likely exhibit a wider spread,
indicating a greater variability in E. coli concentrations. This broader distribution cor-
responds with the higher standard deviation observed at these sites, suggesting that
their E. coli levels fluctuate more significantly over time. The density plots showing
the distribution of E. coli values are plotted in Figure 2.

We calculated skewness and kurtosis to analyse the variability in data across all
sites. Table 3 shows these statistical measures across all sites. The skewness and
kurtosis values for Wairau are the highest among all the sites. This high value suggests
that its distribution is heavily skewed, likely due to the presence of very low values
with occasional slightly higher readings. This indicates that E. coli concentrations at
NN3 are generally low, with a few isolated instances of relatively higher values.

Statistic Site name

DN5 DN4 NN3 HVe6 TU2 TU1
Count 185 185 185 160 185 185
Mean 979.27 19774 2373 90.31 55.47 336.68
Std 2149.34 471.26 138.50 324.28 182.56 552.29
Min 2 2 0 1 0 0
25% 172.2 18 1 9.7 109 59.8
50% 359 379 32 177 17 114.5
75% 878 90.9 9 3775 32.3 3654
Max 17,328 2613 1597 3076 1935 3255

Table 2.

Descriptive measures for E. coli values across six sites under study.
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Figure 2.
Density plots for E. coli values across different sites.
Statistical measures Sites
Matauara Clutha Wairau Mohaka Tongariro Whanganui
Skewness 5.46 3.68 9.92 691 783 8.12
Kurtosis 3444 13.70 103.61 54.38 70.62 85.39
Table 3.

Statistical analysis of data variability across sites.
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Kurtosis, on the other hand, measures the “tailedness” of the distribution. A
higher kurtosis value for Wairau means that its E. coli concentration data is more
peaked with heavier tails. This suggests that most of the readings are clustered around
very low values, with fewer occurrences of extreme values compared to other sites.
The high kurtosis also indicates that E. coli levels at this site are more stable, with rare
fluctuations in contamination levels.

We also plotted facets of input water quality parameters to visualise and compare
trends across different monitoring sites. The facets for all input water quality param-
eters including E. coli for the Clutha River are shown in Figure 3.

All sites have variations in water quality parameters. E. coli values in some of the
sites (Wairau and Tongariro) are very low compared to other sites (Mataura and
Clutha). Figure 4 shows the distribution of E. coli values (cfu/100 ml) for all six
sites. It is clear from the graph that each site bears very high peaks. It could be due to
unexpected or sudden changes in some parameters. To study this, we performed a
time series analysis for all the sites.

We created box plots for all sites to visually analyse the distribution, spread, and
potential outliers in the data. Box plots help us identify the central tendency, variabil-
ity, and skewness of the data while highlighting any extreme values. This visualisation
allows for a quick comparison across different sites, ensuring a deeper understand-
ing of data consistency and detecting any anomalies or irregular patterns. Using
box plots, we observed that site DN5 (Mataura) has high variability and includes a
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Facets for water quality pavameters for the Clutha river. Units of the variables ave given in Table 1.
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maximum number of outliers. Figure 5 illustrates that values of turbidity, E. coli and
total phosphorus have more variability in river Mataura.

Karl Pearson’s coefficient of correlation is calculated to observe the relation-
ship between water quality parameters. Correlation heatmaps for the sites are
shown in Figure 6.
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Monthly E. coli concentrations (cfu/100 ml) at six selected sites.
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Box plot for water quality and climate data distribution in the Mataura river.
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Figure 6.
Heat map for all sites using Pearson’s correlation coefficient of the observed water quality parameters.

Land Air Water Aotearoa (LAWA) displays the results of water contamination
regularly at recreational sites. Figure 7 shows the acceptable threshold value of E. coli
for recreational activities suggested by LAWA.

2.4 Classification algorithms

To check the suitability of water quality for recreational and bathing activities for
these sites, we applied five classification algorithms including Logistic Regression
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Mode Trigger level Management response
Beach: River/Lake: E. colif100
Enterococci / mL
100mL
Equal to or less Equal to or less than Routine monitaring.
than 140 260 E. coli / 100 mL
Enterococci / 100

Surveillance .

More than 140 More than 260 E, coli / | Increase monitoring and
Enterococci / 100 | 100 mL investigate source.
mL

Alert
More than 280 More than 540 E. coli / | Public warnings if required,
Enterococci / 100 | 100 mL increased monitoring and
mL investigation of

ol contaminant source,

Figure 7.
Standard threshold value for E. coli concentration suitable for recreational activities in New Zealand. Source:
https:/fwww.lawa.orgnz/learn/factsheets/can-i-swim-here/coastal-and-freshwater-recreational-monitoring.

(LR), Decision Tree (DT), Random Forest (RF), Support Vector Machine (SVM), and
Extreme Gradient Boosting (XGBoost).

Logistic regression is a fundamental statistical and machine learning technique
used for binary classification problems. It predicts the probability that an instance
belongs to a particular class. The core of logistic regression is the logistic (sigmoid)
function:

B 1
1+¢*

o(z) (1)

where z is the input (linear combination of features), ¢ is the base of the natural
logarithm, and o(z) outputs a value between 0 and 1.
The logistic regression model can be represented as:

P(y=1x)=c(w’ +w'x" +w’x” +...+w.x.) )

where P(y=1Jx) is the probability that y =1 given features x . Here w. is the
bias term (intercept), wi,w2,...,w» are the weights and x1,x2,...,x. are the feature val-
ues. The Gradient Descent method is used for optimisation. The weights are updated
using gradient descent as

I W) 3)
ow

where ¢ is the learning rate and 6C(w)/dw is the gradient of the cost function
C(w) . The learning rate (&) is crucial for successful training. Larger values of («)
may overshoot the minimum values of the function, whereas much smaller values will
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result in slow convergence. We chose adaptive learning rates in which we started with
alarger learning rate of 0.1 and decreased the rate to 0.01 as training progressed.

In the Decision Tree classifier, we used the Classification and Regression Tree
(CART) Gini index to achieve maximum information.

Gini index G(T') measures the impurity of a set of classes and is calculated as

6(1)-1-3p; @

where T isthe current state and p;, is the probability of class i .

Random forest algorithm aggregates several decision trees to form predictions.
This involves constructing a multitude of decision trees, where each tree is trained on
arandom collection of the training dataset, and a random selection of features is used
to split the data at every level. When predicting, all the trees in the forest provide their
output, and the average (in case of regression) or majority vote (in case of classifica-
tion) is taken.

Mathematically, if we have N decision trees, the final prediction for classification
is given by:

$=mode{T, (x),T, (x),....Ty (x)} ®

where T, (x) represents the prediction from the i th tree. For regression, the
prediction is computed as

1
y= N;’E (%) 6)
where the predictions from all trees are averaged.

Based on the classification report, the total number of acceptable (good for recre-
ational activities) and not acceptable (not good for recreational activities) data points
for the six sites are shown in Figure 8.

Table 4 presents model selection results using five classification algorithms. The
RF algorithm and XGBoost produced the best performance across all metrics. These
models are superior in performance metrics including accuracy, F1 score, Precision
and Recall. Another ensemble method, DT, provided comparable performance with
an accuracy of 98.41%. The remaining two algorithms, LR and SVM, show good
predictive performances but lower performance than the other algorithms.

2.5 Model development
2.5.1 Time series analysis

Time series analysis was conducted to examine the temporal patterns, trends,
and residual variations in the E. coli values across all sites. This analysis allowed us
to decompose the data into three key components: trend, seasonality, and residuals.
Trend shows the long-term trend in the data, indicating whether values increase,
decrease, or remain stable over time. Seasonality focuses on repeating patterns
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Figure 8.
Bar plot for classification vesults based on E. coli concentration present across all sites.

observed at regular intervals, suggesting periodic fluctuations in the data, and
residuals capture the irregular variations that remain after accounting for trend and
seasonal effects, helping us assess noise and unexpected changes.

Trends were plotted from year 2005 to year 2020. Figure 9 illustrates the temporal
variations in E. coli values across all six sites. From the analysis, we found that seasonal
patterns were evident, indicating that the data includes recurring fluctuations at spe-
cific time intervals. This suggests that external factors, such as temperature, rainfall
and river flow, played a significant role in shaping the data trends. The residuals, while
present, showed no dominant pattern, confirming that the primary variations were
well captured by the trend and seasonal components. Identifying seasonality helped in
predicting future patterns, which is particularly useful for planning and forecasting.
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Classification algorithm Prediction Precision Recall Fl-score Accuracy

Logistic Regression (LR) 0 0.80 0.89 0.84 0.8095
1 0.83 0.70 0.76

Decision Tree (DT) 0 1.00 0.97 0.99 0.9841
1 0.96 1.00 0.98

Random Forest (RF) 0 1.00 1.00 1.00 1.00
1 1.00 1.00 1.00

SVM 0 0.69 0.81 0.74 0.6825
1 0.67 0.52 0.58

XGBoost 0 1.00 1.00 1.00 1.00
1 1.00 1.00 1.00

Table 4.

Performances of different classification algorithms for E. coli concentration.

E. coli concentrations showed a clear seasonal variation, with higher values
observed during warmer months, likely due to increased bacterial growth, runoff,
and recreational water use. The three sites, Mataura, Clutha, and Whanganui, have
high residuals compared to other sites, which shows that these sites have experienced
unexpected changes. These changes are observed due to the past few days (3 days)
max flow in river during those instances.

2.5.2 Stationarity analysis

We used the Augmented Dickey-Fuller (ADF) test to determine stationarity. A
stationary time series has constant mean, variance, and autocovariance over time,
making it easier to model and forecast. The test showed that all the time series under
study are stationary. We also examined Autocorrelation function (ACF) and Partial
Autocorrelation Function (PACF) as shown in Figure 10. The ACF plot helped us
identify whether past values influenced future values and to what extent. High
autocorrelation at certain lags suggested seasonality in E. coli values and helped us in
choosing the model parameters. In addition, the PACF plot helped us understand the
direct relationship between observations at different lags, excluding the influence of
intermediate points. This was particularly useful for selecting the appropriate order
for autoregressive (AR) components in our model.

The site Mohaka has no lags, which means that past E. coli values at this location do
not significantly influence future values. This is due to high variability in rainfall and
temperature data.

2.5.3 ARIMA model

For model development, we chose the ARIMA model initially. We used the stepwise
fit function to determine the optimal parameters for the ARIMA model. These param-
eters varied for different sites due to differences in local environmental conditions, pol-
lution sources, hydrological patterns, and data trends unique to each location. Despite
applying the ARIMA model, the forecasting results were not highly accurate. This could
be attributed to several factors, including the high variability of E. coli levels, external
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environmental influences such as rainfall and temperature variations, and possible data
limitations. Additionally, E. coli concentrations may be influenced by non-linear and
complex interactions that ARIMA, a linear model, may not fully capture.

2.5.4 SARIMAX model

Since the ARIMA model did not provide accurate results, we implemented the
Seasonal Auto Regressive Integrated Moving Average with Exogenous variables
(SARIMAX) model. SARIMAX extends ARIMA by incorporating seasonality and
external regressors, making it more effective in capturing environmental influences
on E. coli levels. We used other water quality parameters such as rainfall, 3-day aver-
age rainfall, total phosphorus, total nitrogen, turbidity, as an external regressor and
found that no one water quality parameter accurately predicts E. coli levels. It is differ-
ent for each site, but total phosphorus is common for the five sites except Whanganui.
These external variables can help improve the accuracy of forecasts by accounting for
additional information that might impact the time series. SARIMAX models combine
the concepts of SARIMA models with the ability to include exogenous variables. The
main components of SARIMAX models are as follows:

Seasonal Autoregressive (SAR) Component ( P ): Captures the relationship
between the current value and past values at the same seasonal lag.

Seasonal Integrated (SI) Component: Involves differencing the series at the
seasonal interval to achieve seasonal stationarity.

Seasonal Moving Average (SMA) Component (Q ): Models the relationship
between the current value and past error terms at the same seasonal lag.

Exogenous (X) Variables: These are external factors that might influence the time
series. Including exogenous variables helps the model capture additional patterns and
relationships beyond the inherent time series components.

SARIMAX model is represented as SARIMAX (p, d, q) x(P,D,Q,s),wherep
is the order of the non-seasonal AutoRegressive (AR) component, d is the degree
of non-seasonal differencing, g is the order of the non-seasonal moving average
(MA) component. In addition, D is the degree of seasonal differencing and s is
the number of time steps in each seasonal period. Fitting a SARIMAX model with
exogenous variables involves not only identifying the appropriate orders for the
seasonal and non-seasonal components but also selecting and incorporating relevant
exogenous variables.

3. Results and discussion

Using time series analysis, we predicted E. coli concentrations for the next 4 years
based on historical data from 2005 to 2020. The predictions provided valuable
insights into future trends. In this analysis, we found that total phosphorus (TP)
serves as an exogenous variable for all sites except the Mohaka, for which 3-day
average rainfall is the exogenous variable. The predicted E. coli values followed similar
seasonal and long-term patterns observed in the historical dataset. This indicates that
our model successfully captured the periodic nature of E. coli fluctuations, including
seasonal peaks and dips. The model treated the extreme values as outliers. Predicted
E. coli values along with historic data are plotted in Figure 11.

Sites with seasonal variations in past data showed similar trends in future pro-
jections, reinforcing the model’s effectiveness in detecting cyclic behaviour. The
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Figure 11.
Forecasting for E. coli concentration across all sites from year 2021 to year 2024.
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forecasted values were evaluated using statistical metrics, Mean Absolute Error
(MAE) and Root Mean Square Error (RMSE). These metrics indicated an accuracy
of 86% for the model, confirming that this model effectively captured the underly-
ing patterns of E. coli variations. Cross-validation with historical data showed that
the model was able to reproduce past trends with minimal error. Furthermore, the
projected E. coli concentrations did not show unrealistic spikes, suggesting that

the model did not overfit to noise in the data. The predicted values remained within
the expected range observed in past records, making them more reliable for practical
use in water quality monitoring and risk assessment.

However, an important point to note here is that while overall trends were consis-
tent, the rate of increase or decrease in E. coli concentrations varied across different
sites. This highlights the influence of site-specific environmental factors, which are
rainfall, temperature, river flow and chemical variables such as TN, TP, and NH4N.
The Clutha River and the Whanganui River showed greater variability, while others
exhibited more stable forecasts, suggesting the need for localised calibration and
continuous monitoring.

4. Limitations

Traditional ARIMA and SARIMAX models primarily rely on historical patterns
and assume that future trends will follow similar behaviour, which may not always
hold true in highly variable environmental systems such as heavy rainfall, land usage
and pollution events. E. coli concentrations in natural water bodies are affected by
multiple external factors, including temperature, precipitation, agricultural runoff,
and wastewater discharge. Although we incorporated temperature, predictions were
not consistent across all sites.

5. Conclusion

This study provided valuable insights into predicting E. coli concentrations across
six sites in New Zealand. By analysing historical data from 2005 to 2020, we applied
ARIMA and SARIMAX models to forecast E. coli levels for the next 4 years. These
findings demonstrated that while the models captured overall trends and seasonal
variations, their accuracy was site-dependent, and external environmental factors
played a significant role in influencing contamination patterns.

The presence of elevated E. coli levels in recreational waters poses health risks,
as it indicates possible faecal contamination, which can lead to waterborne illnesses.
Reliable forecasting models can help authorities implement timely interventions,
such as issuing public health advisories, monitoring pollution sources, and mitigating
contamination risks. This study highlighted some key challenges.

No single water quality parameter, except total phosphorus and 3-day aver-
age rainfall, could consistently predict E. coli levels across all sites, indicating the
complexity of microbial contamination. While historical trends were useful in
forecasting, external factors, such as rainfall and temperature, introduced significant
variability. Site-specific differences in E. coli behaviour suggest that a one-size-fits-all
approach is not ideal for water quality forecasting. More localised models or regional
calibration techniques may be necessary to improve forecast reliability for specific
locations. Regional councils may utilise real-time sensor technology and remote
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sensing data to capture rapid changes in water quality, and the frequency of water
sampling can be increased to improve model resolution.

Future research should aim to enhance predictive models by integrating real-time
environmental data, using advanced modelling techniques, and tailoring approaches
to site-specific conditions. These improvements will strengthen forecasting accuracy,
making it a valuable tool for safeguarding recreational water quality and minimising
health risks from waterborne pathogens.
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