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Abstract

Accurate flow predictions at water resource recovery facilities (WRRF) are important for control of
treatment operations. However, high-flow events with consequences to treatment operations are rare and
therefore hard to predict, because there are few opportunities to extract information from the events. The
performance of a statistical model (logistic regression) and two machine learning (ML) models (support
vector machine and random forest) was evaluated to predict high flow events one-day-ahead to two plants
in different parts of the United States (e.g., Northern Virginia and the Gulf Coast of Texas) with combined
and separate sewers. We compared baseline models (no synthetic data added) to models trained with
synthetic data added from two different sampling techniques (SMOTE and ADASYN) that increased the
representation of rare events in the training data. Both techniques enhanced the sample size of the very
high-flow class, but ADASYN focused on generating synthetic samples near decision boundaries led to
greater improvements in model performance (reduced misclassification rates). Random forest combined
with ADASYN achieved the best overall performance in both plants, demonstrating its robustness in
identifying one-day-ahead extreme flow events to treatment plants. These results suggest that combining
sampling techniques with ML has the potential to significantly improve the modeling of high-flow events
at plants. Our work will prove useful to building reliable predictive models that can inform management
decisions needed for the better control of treatment operations.

KEYWORDS: high flows, water resource recovery facilities, wet weather events, machine learning,
ADASYN, SMOTE, antecedent dry days
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1. Introduction

The increasing frequency of intense rainfall events caused by climate change presents significant challenges
to wastewater treatment plants. These events which often result in flows that exceed plant capacity place a
considerable strain on sewer infrastructure. The issue is particularly acute in aging infrastructure (Abdellatif
et al., 2014; Botturi et al., 2021; Schertzinger et al., 2019). As a result, these challenges heighten the risk of
discharging partially treated or untreated water to the environment, which poses health risks and potential
violations of regulatory permits (McLellan et al., 2007; Newton et al., 2013; Sibanda et al., 2015). To
mitigate these risks to maintain treatment efficacy and safeguard public health, plant operators must
anticipate and respond to threshold-exceeding flows that trigger specific operational interventions. For
instance, flows exceeding critical thresholds—such as the maximum capacity of secondary treatment
processes—can force operators to provide minimum treatment involving primary clarification (secondary
treatment is bypassed) followed by disinfection (Peters and Zitomer, 2021). Effective management of these

strategies can be greatly enhanced using predictive models serving as early warning systems.

Machine learning (ML) models have recently emerged as robust tools for various flow prediction tasks that
necessitate adaptive management strategies, often treating it as a regression problem that provides
continuous numerical estimates (Kanneganti et al., 2022; Zhou et al., 2022). This is because ML models
are simple to build and can expose patterns from historical data without the need for prior knowledge of the
physical, biological, or chemical factors that drive the processes of interest. However, precise flow
predictions do not always translate directly into actionable plant decisions, especially under extreme
conditions where small variations in estimated values might have little operational significance. Instead,
classification-based models have potential for a more effective decision-support framework by categorizing
flows into operationally relevant levels ensuring that predictions align with plant management needs.
Unlike regression, which focuses on numerical precision, classification models inherently integrate
threshold-based decision-making, making it more suitable for plant operations. In addition, extreme flow
classification can be challenging to predict in that these events are rare. The scarcity in data creates a

significant imbalance between normal and extreme flow cases.
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To overcome the data challenge, data sampling approaches that generate additional synthetic samples for
the underrepresented of extreme events, thus improving their representation, have gained considerable
attention in recent years (Agrawal and Petersen, 2021; Almeida and Coelho, 2023; Han et al., 2019;
Sharififar and Sarmadian, 2023). Integrating data sampling with ML models has proven effective in
addressing imbalanced datasets in water research (Bourel et al., 2021; Xu et al., 2020). Meiska et al. (2023)
demonstrated that Synthetic Minority Over-sampling Technique (SMOTE) significantly improved the
recall and Fl1-scores. Recall measures the proportion of actual positive cases correctly identified by the
model, while the F1-score represents the harmonic mean of precision (the proportion of predicted positive
cases that are correct) and recall. These improvements were observed across several models used to assess
drinking water quality. Similarly, Jeong et al. (2022) applied SMOTE to predict harmful algal blooms
(HABs) in South Korean reservoirs. There was a marked improvement in the recall and F1-scores which
were critical in detecting bloom conditions amidst predominantly non-bloom cases. Another notable
example was combining a Deep Cascade Forest (DCF) model with SMOTE to identify water that fails to
meet established quality standards for consumption defined by the exceedance of acceptable thresholds
(Chen et al., 2021). This study reported F1-scores as high as 94.68%, significantly outperforming baseline
models without data sampling. To our knowledge, there have been no published examples of the application

of SMOTE to identify future flows to wastewater plants.

In addition to SMOTE, Adaptive Synthetic Sampling (ADASYN) has been applied to improve predictions
in water quality management such as predicting exceedances of Fecal Indicator Bacteria (FIB) in water (Xu
et al., 2020). ADASYN increased the ability of the models to predict above-threshold FIB values to over
75%, while maintaining a high specificity of over 90% for below-threshold predictions. A comparative
study evaluated the performance of SMOTE and ADASYN for predicting the presence of Escherichia coli
MG1655 in spinach wash water (Stanosheck et al., 2024). SMOTE outperformed ADASYN, achieving

90% accuracy and 93.8% sensitivity with a Random Forest (RF) model, compared to ADASYN which
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achieved 86.5% accuracy and 87.5% sensitivity. However, both techniques significantly improved model

performance compared to baseline.

We coupled ML with training data enriched with information from data sampling techniques since it
remains underexplored in the context of wastewater systems. This gap presents a valuable opportunity to
investigate their effectiveness in improving the prediction of extreme flow events, a critical yet challenging
aspect of wastewater treatment management. As such, our study evaluates the effectiveness of SMOTE and
ADASYN in improving the one-day-ahead prediction of extreme flow events at plants. To this end, the
study focuses on addressing the following research questions: (1) Which statistical or machine learning
(ML) models perform best for identifying high flow events? (2) Can the performance of these models
improve when coupled with data sampling techniques? The outcomes of this research will inform the
development of reliable predictive models capable of assisting wastewater treatment plant operators in
better managing extreme flow events. These model results have the potential to contribute to the mitigation

of the adverse impacts of extreme wet weather on treatment operations.
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2. Materials and Methods

2.1. Wastewater facilities and data collection

Data was obtained from regular monitoring of two WRRFs, one located in Northern Virginia (referred to
as Plant I hereinafter), and another in the Gulf Coast of Texas (referred to as Plant II hereinafter). These
two plants are located in regions that are anticipated to encounter more extreme precipitation events in the
future (Easterling et al., 2017). Plant [ has a design flow capacity of 54 million gallons per day (MGD) and
is served by a combined sewer. The plant managers provided a total of 1,461 consecutive historical average
daily flow records and rainfall data. The cumulative time for the flow data was 48 months (i.e., from January
2017 to December 2020). Plant II has a design flow capacity of 7.25 MGD, a design two-hour peak flow
of 50 MGD, and is served by a separate sewer. The plant managers provided 1,125 consecutive historical
average daily flow records and rainfall. The cumulative number of days for the flow data was 37 months

(i.e., from June 2016 to June 2019).

The flow data was classified into three distinct categories: normal, high, and very high based on statistical
thresholds derived from the distribution of flow. Table S1 shows the summary statistics (average, median,
standard deviation, and maximum values) of the data provided for both Plants I and II. Very high flows
were defined as the top 3% of the flow data and represented the extreme events (Figure S1). High flows
were defined as the next 15% of flows, capturing significant, but less extreme, flow events. The remaining
82% of flows were classified as normal, representing typical operating conditions. This methodology was
consistent with hydrological practices, where percentiles and flow-duration curves are commonly used to
define flow regimes (Vogel and Fennessey, 1994). In addition, for Plant I, these classifications were
appropriate for example, the very high flow, ranged between 60 and 99.5 MGD, which was approximately
1.64 to 2.71 times the average flow (36.68 MGD). Additionally, we verified that these classifications were
appropriate because storm events categorized as 10-year storms and more severe were observed at Plant |
in our dataset and resulted in flows above 60 MGD (Table S2). For Plant II, the minimum value for the

very high flow (12.06 MGD) was approximately 3.31 times the average flow (3.64MGD) and 1.66 times
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the permitted 2-hour peak flow (7.25 MGD). The very high flow classification was 3.45 times higher than
a previously established 3.5 MGD threshold used to distinguish dry from wet weather flow (Liu et al.,
2025). As such, these classifications aligned with operational thresholds that might necessitate activation

of different wet weather management protocols.

Rainfall data was used to calculate the antecedent dry weather period (ADD) using Equation (1), where x;
is the rainfall amount at the current timestamp, x;_1 is the rainfall amount at the previous timestamp, and n
is the total number of timestamps. However, daily rainfall below 1 mm (~0.04 inches) was set as the
threshold. This is because light rain can either be absorbed by the soil or evaporate into the atmosphere
before stormwater reaches runoff levels that can drain to storm sewers (Groisman and Knight, 2008). A
count register of the ADD was reset to zero whenever the rainfall at x; was greater than 0.04 inches (i.e.,

each rain event led to a start over in the count of ADD, in days).

1+ ADDi_l 0< Xe < 0.04

ADD; = 0 x> 0.04 (1)
0 t=1and x; > 0.04

Timestamps were used to extract features that capture flow variation over different time intervals (Zhou et
al., 2019). The month of the year was extracted from each timestamp to capture the meteorological seasons
that have been shown to affect flow in combined sewers (Andreides et al., 2022; Borzooei et al., 2019).
This could be due to snow melting in the spring, storm events in the summer, and seasonal changes in water
consumption patterns. The seasonal variable was treated as categorical and comprised of four seasons:
summer (June 1-August 31), fall (September 1-November 30), spring (March 1-May 31), and winter
(December 1-February 28). Rolling statistics were also calculated for flow and rainfall using window sizes
from two to six days to capture short-term trends and variability. These not only provided smoothed
representations which mitigated noise from daily fluctuations but also allowed better focus on the
underlying patterns from localized trends. In summary, the model inputs included: ADD derived from
rainfall data, seasonal variations categorized by meteorological seasons, and rolling statistics for flow and

rainfall. These inputs were designed to represent key hydrological and temporal factors influencing flow
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dynamics. For each classification task, these inputs were at time, t with the goal of predicting the flow class
at time, t + 1. This approach ensured that the models used current conditions while predicting future flow

events (one-day-ahead), providing operators with actionable lead time to implement mitigation strategies.
2.2.Data sampling techniques used in this study

We applied two data-level methods, SMOTE and ADASYN, to generate synthetic data for the minority
class. SMOTE interpolates between a minority class instance and its k-nearest neighbors (Chawla et al.,
2002). However, since our dataset was a time series we had to account for the temporal characteristics of
the data and generate synthetic samples that respect the temporal relationships inherent in the data. Briefly,

the total number of synthetic samples, G, was calculated using Equation (2):
Gi=mgX(R—1) 2)
where G is the total number of synthetic samples to generate, m is the number of minority class samples,

and R is the imbalance ratio. In this study, R = ;nT:, where m, is the number of majority class samples. The

goal was to generate synthetic samples such that m; = m; such that Equation (3) is satisfied.
m;=mg + Gy 3)

For each minority sample x;, a set of valid neighbors (K) in the feature space was determined based on N;
which represented the set of valid neighbors (x;) for x;. This set was defined using the Euclidean distance d,
the absolute temporal index difference, |j — il, and the temporal window size, AT, between the feature
vectors x; and x;. In simpler terms, the selection of neighbors considered the temporal closeness. The

synthetic samples, S; were generated using Equation (4):
si=x+(xj—x) XA 4)
Where 4 is a random interpolation number uniformly distributed between 0 and 1.

ADASYN (Adaptive Synthetic Sampling) algorithm was another method we tested to address class

imbalance in datasets by adaptively generating synthetic samples for the minority class. ADASYN focuses
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on instances that are harder for the classifier to learn. It determines the learning difficulty of each minority
instance by analyzing the ratio of majority class samples in its local neighborhood (Gameng et al., 2019;
He et al., 2008). However, we also modified the algorithm by introducing a temporal constraint, AT, to
synthetically generate samples based on temporally relevant data points. Briefly, the total number of

synthetic samples G4 was calculated using Equation (5):
Gy = (my—mg) XB )

Where G 4 is the total number of synthetic samples to be generated and  was determined dynamically based
on the imbalance ratio, R. However, we implemented a capping mechanism to limit the number of synthetic
samples. While this cap may result in the minority class size being slightly smaller than the majority class
(ms+ G4 <my), it was introduced to address challenges associated with oversampling techniques.
Specifically, data sampling strategies often perform poorly near the boundaries of the minority class
distribution and may inadvertently duplicate existing minority samples, which can reduce the quality and

diversity of the generated data (Gameng et al., 2019; Sakho et al., 2024).

For each minority sample x;, k-nearest neighbors were identified using the Euclidean distance in feature

space, and the 7; ratio calculated using Equation (6):
A,
ri= o i= 1,2,..,m; (6)

where Ai is the number of minority samples in the generated cluster from x; by K number of neighbors. A
temporal window constraint was applied to ensure that only neighbors x; satisfying were considered valid

in Equation (7):
lj —il <AT (7)
The r;values were normalized to ensure proportional weighting of minority samples using Equation (8):

T

Fo= 57 ®)

X
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The number of synthetic data samples to generate for each minority sample x; were calculated using

Equation (9):

gi=TiX Gy 9)

Synthetic data, s; was generated using Equation (4).

2.3.Machine learning model development

We compared the benchmark statistical logistic regression (LR) model alongside two machine learning
models: support vector machines (SVM) and random forest (RF). LR is a widely used and straightforward
classification algorithm due to its simplicity and interpretability (Hosmer et al., 2013). This makes it a
useful baseline model for classification tasks. It models the relationship between a dependent binary
variable and one or more independent variables using a logistic function, providing probability-based
predictions (see Supplementary Information, Text S1). SVM is another classification algorithm that excels
in tasks having well-separated data in high-dimensional spaces (Cortes and Vapnik, 1995). By identifying
an optimal hyperplane that maximizes the margin between data points, SVM effectively handles both linear
and non-linear separations using kernel functions (Text S1). RF model is another robust classification
algorithm that leverages ensemble learning to enhance predictive accuracy and reduce overfitting (Breiman,
2001). RF performs well in handling complex classification tasks by constructing multiple decision trees
and aggregating their outputs through majority voting. This makes RF a reliable choice for diverse
classification tasks (Text S1). Seventy percent of the data was used for training ML models and the
remaining 30% was used for model testing. This split ratio is commonly used in wastewater prediction
models, where it has been associated with lower prediction errors (Hamada et al., 2024; Nallakaruppan et
al., 2024). We used a time series train and test split to ensure that future data did not inform past predictions,
and that model performance was not inflated beyond the actual predictive capability of the model (Hyndman
and Athanasopoulos, 2018). The set of variables in the training data set were also scaled to prevent biased

estimation and achieve consistency across all models, as detailed in Text S2.
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The grid search method was applied to optimize the model hyperparameters (Injadat et al., 2020). A
predefined hyperparameter space comprising a set of values was obtained by trying different combinations
of all the hyperparameter values presented in Table S3. To avoid any potential overfitting issues (when the
error on the internal test set was significantly greater than the training error) and problems induced by the
inappropriate partition of datasets that are common with ML models, a time series cross validation analysis
on a rolling basis was conducted to determine the hyperparameters (Figure 1). The best set of
hyperparameters that minimized the training error was used for model training (Table S4). Moreover, by
adopting these optimized hyperparameters, the performance of the model was evaluated based on the

internal test set (validation) before testing on unseen data.

Training and Validation Data Test Data

Iteration 1 :I Training
|—| Validation

[teration 2

Iteration 3

Iteration 4

Iteration 5

Figure 1. A time series cross validation on a rolling basis involved starting with a small training set,
predicting on the internal test set (validation), and then checking the model performance during
training. The prior training and internal test sets were then included as part of the next training set
and subsequent test set was predicted. The data points from each training were before the
corresponding internal test set containing unique data points of the same size. This led to five possible
groups of training sets and validation sets.

The trained models were then applied to a test set to assess the generalization performance (ability to predict
unknown datasets). The performance of the models was conducted using a combination of visual and
quantitative metrics to comprehensively assess performance (see Text S3). Confusion matrices were plotted
for each model providing insights into true positives, true negatives, false positives, and false negatives
(Powers, 2011). MCC was used to provide a balanced assessment of performance across all classes (Chicco
and Jurman, 2020). These combined approaches ensured a thorough and interpretable evaluation of model
performance and facilitated comparison with findings from other classification studies. All data analysis

was conducted in Google Colaboratory (Bisong, 2019).
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3. Results and Discussion

3.1. Models failed to predict the very high flow class at both plants because of data scarcity

The performance evaluation across models for Plant I and Plant II highlighted differences in their ability to
predict the three flow classes: normal, high, and very high. For the normal flow class, all models
consistently demonstrated strong performance during testing. LR and SVM achieved precision (0.94— 095),
recall (0.72-0.74), Fl-scores (0.82—0.83), and MCC (0.33—0.34) at Plant I (Figure S2). These results
underscored the capacity of the models to accurately learn patterns for the normal flow class, which was
well-represented during training. In contrast, the very high flow class (11 in total) posed the most significant
challenge for all models due to the small sample size. LR achieved a precision (0.10), recall (0.36) and an
Fl-score (0.16) and MCC score (0.15), indicating poor performance. RF also failed significantly, with
precision (0.10), recall (0.18), F1-score (0.13), and MCC (0.10). This highlighted the inability of RF to
correctly classify very high flow events. The confusion matrices for the very high flow class revealed a
consistent trend: all models frequently misclassified these events as high flow (Figure S3). For example,
RF demonstrated the highest bias in the high flow class, misclassifying three very high flow events as high.
LR misclassified five and two very high flow events as normal and high, respectively. The overall failure
of RF to generalize the very high flow classes likely stems from its inherent bias toward the high flow class
predictions that influenced decision-making across trees. Similar findings were observed in a prior study
where RF failed to predict rare events in imbalanced datasets due to a relatively small sample size (Ai et
al., 2023; Shin et al., 2021). This further highlighted that models require large sample sizes during training

to achieve better performance.

For Plant II, a similar trend emerged as observed in Plant I. The normal flow class predictions achieved
excellent results across all models (Figure S4). For example, LR predicted 209 out of 261 instances (Figure
S5), yielding a recall (0.80), F1-score (0.87), and MCC (0.60). However, predictions for the very high flow
class remained problematic across all models. For example, SVM —precision (0.18), recall (0.38), F1-score

(0.24), and MCC (0.20) and RF — precision (0.11), recall (0.31), Fl-score (0.16), and MCC (0.11)
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demonstrated poor performance in predicting the very high flow class. RF misclassified 10 out of 16 very
high flow events as high flows and one event was classified as normal. This indicated significant bias
against the high flow class (Figure S5). Therefore, the overall poor performance on the very high flow

across all models at both plants underscores the significant challenge posed by data imbalance.

3.2.SMOTE and ADASYN effectively addressed class imbalance in the training data by

generating synthetic samples for the underrepresented minority class

Given the challenges with all models in predicting critical but rare very high flow events at plants, we tested
SMOTE and ADASYN for addressing the data imbalance in our study. Both methods were able to generate
synthetic samples for the minority class by interpolating between existing minority class instances.
However, their approaches differed significantly in how they prioritized the placement of the synthetic
samples (Figure 2). For both plants, SMOTE showed that the synthetic samples (red crosses) were
distributed more broadly across the feature space. This was expected because SMOTE interpolates between
all available minority class samples. We used temporal constraints and a capping mechanism in our study
to limit the synthetic samples generated based on the valid neighbors (x;). This mitigated the issue where
SMOTE has previously been shown to create synthetic samples that reinforce existing patterns within the
minority class leading to ambiguous decision boundaries (Li et al., 2024; Salehi and Khedmati, 2024;

Sreejith et al., 2020).
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Figure 2. Scatterplots show the distribution of synthetic data generated by SMOTE and ADASYN. Subfigures
(a) and (b) represent SMOTE and ADASYN for Plant I, while (¢) and (d) represent SMOTE and ADASYN for
Plant I1. Red crosses indicate the synthetic samples generated by both methods, which improved the balance of
the training data. Feature values for synthetic samples were clipped to observed minimum and maximum
ranges to prevent unrealistic or out-of-bound values

In contrast, the synthetic samples for ADASYN were tightly clustered around existing minority class
instances. ADASYN focused on regions where the minority class had challenging boundaries (Figure 2).
This localized approach ensured that areas of imbalance were addressed more aggressively. This ideally
made ADASYN particularly useful when the minority samples were near decision boundaries. However,
this focus resulted in limited diversity in synthetic samples which resulted in over-representation for
specific regions. Previous research has highlighted this limitation (Gameng et al., 2019; Khan et al., 2023;
Kurniawati et al., 2018). In addition, the dynamic weighting mechanism employed determined the number
of synthetic samples generated for each minority instance based on the proportion of majority-class
neighbors. This weighting mechanism unintentionally focused on generating synthetic samples in regions
close to the class boundaries. While this improved recognition of the minority class, it might have led to

overfitting in these regions. This challenge has been particularly significant in multiclass scenarios where
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multiple class boundaries are involved (Pristyanto et al., 2022). Nevertheless, the data imbalance was
improved for both methods at both plants.

Fig. 3 shows the distribution of the very high flow class in the original data during training and validation.
During the training phase of the models, plant I had very high flow events that were significantly
underrepresented with only 32 samples, compared to the high flow events (125 samples). This data
imbalance caused a skewed distribution, which posed a significant predictive challenge for both the
statistical and ML models at both plants, as discussed in section 3.1. SMOTE addressed this issue by
increasing the very high flow class count to 125 (Figure 3a). This ensured that both high and very high-
flow classes were equally represented. ADASYN targeted the minority class in a more adaptive manner,
and initially, the high (majority) to very high (minority) class comparison was defined by the following:
R = 0.26 and f = 1.488. Unlike SMOTE, which focused on evenly increasing minority class
representation, ADASYN dynamically identified sparse regions in the minority class that were closer to
decision boundaries (high vs very high boundary). An additional 59 synthetic samples were generated,
making a total of 91 very high class flows in the training data (Figure 3b). For Plant II, a similar challenge
emerged, with the very high class having only 16 samples compared to the high flow class (78 samples).
SMOTE was able to increase the "very high" flow class count to 78 (Figure 3c). ADASYN again took a
dynamic approach and by focusing on sparse regions closer to decision boundaries (R = 0.21;8 = 1.59),
ADASYN generated 32 synthetic samples which improved the local representation of this class making a

total of 48 samples in the training data (Figure 3d).
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Figure 3. Class distribution of original and synthetic data using SMOTE and ADASYN at Plant I [(a) and (b)]
and Plant II [(c) and (d)], respectively.

Both SMOTE and ADASYN demonstrated their value in improving class balance. SMOTE ensured a
uniform distribution of synthetic samples. On the other hand, ADASYN targeted local imbalances and
difficult-to-classify regions. As such, synthetic data points were created from these two techniques and can
likely help the models to generalize better to the minority class. However, it is important to note that while
SMOTE addressed temporal dependencies for our data imbalance, there were several practical challenges
that may affect model performance. The reliance on K to identify suitable neighbors for synthetic sample
generation meant that a small K can potentially fail to capture meaningful neighbors in sparse regions
whereas a large K can include noisy or irrelevant neighbors. Future work should focus on improving the
distribution and quality of synthetic samples. This can involve enhancing the current sampling method by
classifying minority class samples into "safe" and "noise" points. Qu and Zhang (2024) discussed this

approach to help prioritize reliable samples for sampling and leveraging the minority-class centroid to guide
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synthetic sample generation. In addition, the weighting of minority samples based on majority neighbors
for the ADASYN algorithm while it addressed temporal dependencies for our imbalanced data, there were
potentially redundant data points which focused too narrowly on overlapping regions (high vs very high).
This might have led to the likelihood of misclassification and ambiguity in the decision-making process.
Again, the reliance on K to identify suitable neighbors for synthetic sample generation and the temporal
window constraint, AT might have led to instances where there was limited neighbor availability,
particularly for the very high flow samples located farther away from the class boundaries. As a result, no
synthetic samples were generated for these instances. Future work could explore advanced sampling
strategies that prioritize synthetic sample diversity. Preference mechanism have been shown to resolve
ambiguities in neighbor selection and prioritize specific values based on class distribution (Kurniawati et
al., 2018). Future work should consider such innovations to ensure synthetic samples enhance class
separability. Adopting such methods can improve the reliability and generalization of models trained on
balanced data. This will improve applicability and effectiveness of sampling techniques across various real-
world imbalanced datasets.

3.3.ADASYN consistently outperformed SMOTE for very high-flow predictions across all

models at both plants, with the most notable improvements observed in ML models

The prediction of the very high flow class varied significantly across models and data sampling techniques.
This demonstrated differences in how effectively SMOTE and ADASYN addressed the minority class
(Figure 4). At Plant I with SMOTE, LR achieved recall (0.36), F1-score (0.09), and MCC (0.08) (Figure
S6). The confusion matrix reveals the misclassification of two "very high" samples into "high" flows
(Figure S7). Similarly, RF exhibited recall (0.55), F1-score (0.13), and MCC (0.15) (Figure S6). The RF
model exhibited this low performance despite the use of grid search for hyperparameter optimization aimed
at mitigating overfitting, limiting its ability to effectively handle SMOTE-generated samples (Table S3).
This suboptimal performance likely stems from hyperparameters falling into poorly performing regions of

the search space—a known limitation of grid search, which exhaustively evaluates combinations without
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leveraging promising regions for further exploration (Yang and Shami, 2020). SMOTE may also have
introduced synthetic samples that did not represent the actual minority class patterns. The lack of having a
true distribution of the minority class has been shown to lead to poor generalization in real-world scenarios
(Alkhawaldeh et al., 2023). Furthermore, it has been discussed in previous studies that SMOTE is unable
to differentiate between typical instances and noise or outliers within the minority class (Imani et al., 2024;
Matharaarachchi et al., 2024). As a result, SMOTE might generate synthetic samples around these noisy
instances, which can distort the data distribution, impacting ML models (Figures 4b and 4e). Tree — based
models like RF rely on decision-tree splits, causing certain trees in the ensemble to overfit to synthetic data

reducing generalization capabilities (Usman-Hamza et al., 2024).

Similarly, at Plant II with SMOTE, all models failed to achieve effective classification of the "very high"
class. LR achieved recall (0.31), Fl-score (0.34), and MCC (0.32) (Figure S8). The confusion matrix
showed that eight "very high" samples were misclassified as "high" (Figure S9). SVM, with recall (0.50),
F1-score (0.47), and MCC (0.44) indicated that of the 16 observed very high flows, the model correctly
predicted five, while misclassifying eleven as high. In the SVM model, the kernel function of the optimal
model was selected as a linear kernel, which is well-suited for linearly separable data and provided a
simpler, computationally efficient approach. Other kernel functions, such as the RBF (Gaussian),
polynomial, and sigmoid are designed to handle non-linear separability by mapping data into higher-
dimensional spaces, thereby capturing complex patterns within the data (Savas and Dovis, 2019). However,
the choice of kernel should not be fixed and must depend on specific data characteristics (Patle and
Chouhan, 2013). The linear kernel was chosen based on the characteristics of our data and the ability to
balance complexity and performance. Figures 4e and S8 further showed the performance of RF — recall
(0.94), Fl-score (0.24), and MCC (0.29). This was the worst performance when compared to other models.
Therefore, future work should adopt noise-filtering mechanisms that effectively clean the dataset by
removing noisy or borderline examples to ensure that synthetic samples are representative of the true

minority class distribution. The effectiveness of generating near-class-border samples (beyond the scope of
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our work), synthesizing additional samples along temporal trajectories, and employing weighted sampling
to mitigate noise have proven effective (Zhao et al., 2022). Integrating such approaches during sampling to
further leverage the data characteristics should be adopted since this has demonstrated a promising avenue
for improving classifier robustness. It is important to note that the reliance on a randomly generated A
further might have contributed to potential redundancy by producing synthetic samples that were overly
like the original data. As such, careful tuning of K, AT, and A is required. Thus, we recommend enhancing
the current sampling approach by identifying near-class-border samples that prioritize those most critical

for classification.

The application of ADASYN led to a significant improvement of very high flow across all models, which
demonstrated its advantage over SMOTE. ADASYN had an ability to generate synthetic samples near
decision boundaries which allowed models to better generalize performance. ADASYN at Plant I
substantially improved performance across all models. For example, LR achieved recall (0.91), F1-score
(0.77), and MCC (0.77), while SVM excelled with recall (0.82), F1-score (0.67), and MCC (0.67) (Figure
S10). The integration of ADASYN with SVM enhanced the ability of the models to delineate decision
boundaries making it a robust solution for multiclass classification challenges. The adaptive strategy helped
shift the decision boundary toward the challenging regions of the feature space. By focusing on difficult-
to-learn instances, ADASYN enhanced the ability of the model to generalize and improve model
classification performance, particularly for the minority class. These results underscore the utility of
ADASYN in leveraging a linear margin-based learning approach to achieve balanced and improved
classification outcomes. In a previous study, ADASYN significantly enhanced the sensitivity (recall) of
SVM models which enabled it to better identify the minority class (Pristyanto et al., 2022). In addition, RF
had the best performance at Plant I with recall (1.00), F1-score (0.81), and MCC (0.82) (Figure S10). The
confusion matrices showed five observed high flow events were misclassified as very high and no

misclassifications of the "very high" flow as normal or high (Figure S11). Similarly, RF coupled with
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ADASYN at Plant II was the best model with recall (0.81), F1-score (0.76), and MCC (0.75) (Figure S12).

Details of the minimal misclassification for the various models can be found in Figure S13.
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Figure 4. Comparison of training and testing performance metrics (Precision, Recall, F1-Score,
MCC) for Random Forest (RF) models during very high flow events at Plant I and Plant II. Model
performance without data sampling during training for Plant I and Plant II, respectively (first row).
Performance when SMOTE is used to balance the training set (second row). The performance when
ADASYN is used for data sampling. The best RF performance is achieved when RF is coupled with
ADASYN for both plants (third row).

In sum, these results emphasize the superiority of ADASYN over SMOTE for addressing severe class
imbalance, particularly for rare events like "very high" flow for both Plants I and II. However, future work
could explore hybrid tuning ADASYN parameters used in this study to further optimize performance. For
example, addressing the issue of feature-space overlap between classes (Figure 2), which ADASYN
inadvertently exacerbated by generating synthetic samples in overlapping regions. While the temporal
window constraint in the current implementation helped mitigate this issue in our time-series data, it did

not explicitly account for feature-space overlap. This led to synthetic samples falling near the majority class

boundaries and causing ambiguous classifications, particularly for SVM. Advanced methods that are
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boundary-aware could be explored. These methods can ensure that synthetic samples are generated in
regions that reinforce class separability, reducing the likelihood of misclassification and improving model
robustness in datasets with highly overlapping class distributions. Nevertheless, ADASYN was highly
effective in improving the prediction of very high flow events for different wastewater treatment systems.
As such, our study highlights the importance of tailored data sampling to improve the robustness of

statistical and machine learning models for underrepresented classes.

4. Conclusions

The prediction of rare or extreme events is increasingly important in the face of global climate change. Our
study demonstrated the substantial challenges posed by data class imbalance in predicting rare events like
"very high" flow in wastewater treatment systems. Models trained without synthetic data from sampling
had limited accurate predictions of these flow classes. Sampling techniques, particularly ADASYN, proved
to be important in model learning for better generalization of one-step ahead very high flow class
predictions. This work will not only support decisions on improved upstream operations geared toward
efficiently managing the fluctuating loads to plants but also serve to better manage flow to the plant unit
processes usually needed to maintain desired treatment performance. However, there are limitations
associated with our study that should be addressed in future studies. Expansion of the study area to consider
different climate conditions both within and outside the U.S. would be interesting as both plants were in
relatively temperate climates. With additional case studies where data on rare events is quite relevant, our

study findings can further be validated.

The key findings include:

1. All models (LR, SVM, and RF) faced significant challenges in one-step ahead prediction of the
very high flow class, with high misclassification rates caused by the small sample size of this class

during training.
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2. Sampling techniques increased the representation of the very high flow class in the training data,
with ADASYN consistently outperforming SMOTE across all models and plants.
3. RF combined with ADASYN delivered the best overall performance and proved to be the most

effective model for identifying very high flow events in one-day-ahead prediction.

This work will contribute to the broader discussion on the benefits and limitations of data sampling while
aiming to develop robust models for extreme flow prediction to treatment plants. The findings are expected
to support informed decision-making in wastewater treatment management, strengthening plant resilience

to variability and extreme weather conditions driven by climate change.
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