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Abstract 

Wastewater-based epidemiology (WBE) has emerged as a powerful population-level surveillance approach for 
monitoring infectious diseases by detecting biomarkers shed into communal wastewater systems. Its relevance is 
particularly pronounced in low-income communities, where clinical reporting is often fragmented, delayed, or 
inaccessible, and where enteric diseases remain a major public health burden. Recent advances in artificial intelligence 
(AI) offer new opportunities to enhance WBE by enabling scalable data integration, pattern recognition, and predictive 
modeling across complex environmental and socio-demographic contexts. From a broad public health perspective, 
integrating WBE with AI-driven analytics can transform passive wastewater measurements into proactive early-
warning systems capable of informing targeted interventions, optimizing resource allocation, and strengthening 
outbreak preparedness. This study narrows the focus to enteric disease transmission dynamics in low-income settings, 
where infrastructural variability, informal sanitation networks, and climate sensitivity complicate traditional 
surveillance. We propose an AI-augmented WBE framework that combines microbial load data, temporal wastewater 
signals, environmental covariates, and community-level indicators to model transmission pathways and forecast 
outbreak risks. By leveraging machine learning and time-series modeling, the framework aims to improve prediction 
accuracy, reduce detection latency, and support equitable public health decision-making. The integration of WBE and 
AI thus represents a scalable, cost-effective strategy for strengthening enteric disease surveillance and resilience in 
resource-constrained communities.  

Keywords: Wastewater-Based Epidemiology; Artificial Intelligence; Enteric Diseases; Disease Prediction; Low-Income 
Communities; Public Health Surveillance 

1. Introduction

1.1. Global Burden of Enteric Diseases in Low-Income Communities 

Enteric diseases remain among the leading causes of morbidity and mortality in low-income communities, 
disproportionately affecting children, immunocompromised individuals, and populations lacking access to safe water 
and sanitation [1]. Major enteric pathogens such as Vibrio cholerae, Salmonella Typhi, rotavirus, and norovirus are 
responsible for recurrent outbreaks and sustained endemic transmission across many regions of Africa, South Asia, and 
Latin America [2]. Cholera and typhoid fever are closely associated with contaminated water sources and inadequate 
sewage disposal, while viral agents such as rotavirus and norovirus spread rapidly through fecal–oral pathways in 
densely populated environments [3]. Despite their public health significance, the true burden of these infections is 
persistently underestimated due to structural limitations within existing surveillance systems. Underreporting is 
widespread, driven by limited healthcare access, dependence on informal treatment pathways, and the absence of 
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comprehensive notification mechanisms in many settings [4]. Diagnostic delays further exacerbate this challenge, as 
laboratory confirmation is often unavailable or restricted to centralized facilities with extended turnaround times. 
Symptom-based surveillance lacks specificity because diarrheal presentations overlap across multiple pathogens and 
non-infectious causes [5]. As a result, clinical reporting captures only a fraction of community-level transmission, often 
identifying outbreaks after extensive spread has occurred [6]. These constraints underscore the need for population-
scale surveillance approaches that extend beyond healthcare facilities. 

1.2. Wastewater-Based Epidemiology as a Population-Level Surveillance Tool  

Wastewater-based epidemiology (WBE) has emerged as a complementary surveillance paradigm capable of capturing 
aggregated health signals at the community level through the analysis of biological markers in sewage systems [2]. The 
conceptual foundation of WBE rests on the principle that infected individuals shed pathogens or genetic material in 
feces and urine, which subsequently accumulate within shared wastewater networks. By sampling influent wastewater, 
it becomes possible to infer population-level infection trends without reliance on individual testing [7]. Pathogen 
shedding dynamics vary across enteric organisms, influenced by infection stage, pathogen load, and host immunity, yet 
their collective signals can be temporally aggregated to reflect transmission intensity [8]. Wastewater signals therefore 
function as integrative indicators, smoothing individual variability while preserving outbreak-related trends. In low-
resource settings, WBE offers distinct advantages over conventional surveillance. It bypasses healthcare access barriers, 
reduces dependence on clinical diagnostics, and enables monitoring of both symptomatic and asymptomatic infections 
[9]. Additionally, wastewater sampling can be implemented at relatively low cost using existing sanitation 
infrastructure, even where treatment systems are decentralized or informal. These attributes position WBE as a 
scalable, non-intrusive surveillance strategy particularly suited to environments characterized by fragmented health 
reporting systems and high enteric disease burden. 

1.3. Role of Machine Learning in Public Health Prediction  

Machine learning (ML) has become an increasingly important analytical paradigm in public health due to its capacity to 
model complex, nonlinear relationships within high-dimensional data [8]. Unlike traditional statistical surveillance 
methods, which often rely on linear assumptions and predefined thresholds, ML techniques can learn patterns directly 
from data, adapting to evolving transmission dynamics. This capability is particularly relevant for wastewater-based 
datasets, where pathogen concentrations are influenced by interacting biological, environmental, and infrastructural 
factors. ML models are well suited to handling temporal dependence through time-series learning, enabling early 
detection of subtle changes preceding outbreaks [4]. Furthermore, they support multivariate integration, allowing 
wastewater signals to be combined with environmental variables, demographic indicators, and historical case trends. 
By capturing nonlinear interactions and delayed effects, ML-based approaches offer the potential to transform 
descriptive surveillance into predictive intelligence, supporting proactive public health decision-making rather than 
reactive outbreak response. 

1.4. Research Gap and Study Contributions  

Despite the growing adoption of wastewater-based epidemiology, predictive frameworks that systematically integrate 
WBE with machine learning for enteric disease surveillance remain limited. Existing applications are largely descriptive, 
focusing on retrospective trend analysis rather than forward-looking transmission prediction [4]. There is a clear gap 
in end-to-end, ML-enabled WBE models tailored to the structural realities of low-income communities. This study 
addresses that gap by proposing a comprehensive machine learning pipeline for wastewater-based enteric disease 
prediction [10]. The contributions include the development of feature-engineered transmission indicators, integration 
of heterogeneous data sources, and rigorous performance benchmarking against established surveillance standards, 
thereby advancing predictive public health analytics. 

2. Conceptual Framework and Study Design 

2.1. System Architecture Overview  

The proposed system architecture follows an end-to-end pipeline designed to transform raw wastewater 
measurements into actionable epidemiological predictions through machine learning integration [6]. The process 
begins with systematic wastewater sampling at strategically selected community catchment points, capturing 
composite influent signals representative of population-level pathogen shedding. Preprocessing follows, including 
normalization, noise reduction, and temporal alignment to correct for dilution effects and sampling irregularities [9]. 
Feature extraction constitutes the next phase, where biologically and epidemiologically meaningful indicators are 
derived from wastewater signals, environmental covariates, and historical disease trends. These engineered features 
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are then supplied to machine learning models capable of learning nonlinear relationships and temporal dependencies 
within the data. Model outputs generate short-term and medium-term predictions of enteric disease transmission 
intensity, which are subsequently evaluated through validation procedures using historical surveillance benchmarks 
[12]. This modular architecture supports adaptability, allowing individual components to be updated as data availability 
or modeling requirements evolve. Importantly, the pipeline is designed to function under infrastructural constraints 
typical of low-income settings, emphasizing computational efficiency and minimal reliance on high-resolution clinical 
data [14]. 
Figure 1 illustrates the conceptual architecture of the AI-enabled WBE prediction framework, highlighting data flows 
and analytical stages. 

 

Figure 1 Conceptual architecture of the AI-enabled WBE prediction framework 

2.2. Epidemiological Assumptions and Modeling Scope  

The modeling framework is grounded in population-level inference rather than individual diagnosis, reflecting the 
aggregated nature of wastewater data and its suitability for community-scale surveillance [7]. It assumes that 
wastewater pathogen concentrations approximate collective infection dynamics, even in the presence of heterogeneous 
shedding behaviors across individuals. Temporal aggregation is employed to smooth short-term variability while 
preserving meaningful transmission trends, based on the assumption that enteric disease progression and reporting 
delays occur over multi-day intervals [10]. The model further accounts for community-level heterogeneity by 
incorporating contextual variables such as population density, sanitation coverage, and environmental conditions, 
acknowledging that transmission dynamics are not uniform across settings [13]. These assumptions define the scope of 
inference, positioning the framework as a predictive early-warning system rather than a replacement for clinical 
diagnostics. 

2.3. Ethical, Privacy, and Deployment Considerations  

Wastewater-based epidemiology inherently minimizes privacy risks because data are collected at aggregated levels 
without identifying individuals, households, or specific behaviors [8]. This non-identifiability supports ethical 
surveillance while enabling broad population coverage. The framework adopts an equity-oriented perspective, 
prioritizing underserved communities where conventional health monitoring is weakest and disease burden is highest 
[11]. From a deployment standpoint, feasibility in low-income regions is central to system design, emphasizing low-cost 
sampling methods, limited dependence on laboratory-intensive assays, and scalable computational workflows [14]. 
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Ethical governance also requires transparent communication with stakeholders to prevent misinterpretation of results 
or stigmatization of communities. By aligning technological design with ethical safeguards and practical constraints, the 
proposed framework supports responsible, inclusive, and sustainable public health surveillance across diverse 
resource-limited environments [6]. 

3. Data Acquisition and Pre-Processing  

3.1. Wastewater Sampling Strategy  

Wastewater sampling was designed to capture representative population-level signals of enteric pathogen circulation 
across heterogeneous sanitation infrastructures commonly observed in low-income communities [12]. Sampling 
locations included influent points at centralized wastewater treatment facilities where available, upstream manholes 
within sewered neighborhoods, and informal drainage or treatment inlets serving peri-urban settlements lacking full 
sewer connectivity. This multi-location approach reduces spatial bias and enhances signal representativeness by 
accounting for fragmented wastewater flows [15]. Temporal resolution was selected to balance epidemiological 
sensitivity and operational feasibility. Daily grab samples allow fine-grained temporal tracking of rapid transmission 
shifts, while weekly composite samples smooth short-term variability and reduce laboratory burden, making them 
suitable for sustained surveillance programs [17]. Pathogen biomarkers targeted both viral and bacterial agents 
relevant to enteric disease transmission. Viral RNA markers included norovirus and rotavirus genomic fragments, while 
bacterial gene copies such as ctxA and invA were used to infer cholera and typhoid activity. Quantification via molecular 
assays produces concentration estimates that serve as proxies for collective pathogen shedding, forming the 
foundational input for downstream analytical modeling [19]. 

3.2. Epidemiological and Environmental Data Sources  

Wastewater signals were complemented with epidemiological and environmental datasets to contextualize 
transmission dynamics and enhance predictive performance [13]. Reported enteric case counts were obtained from 
local health facilities, community health posts, and district surveillance reports, acknowledging that these data capture 
symptomatic presentations rather than total infections. While incomplete, these records provide critical temporal 
anchors for model validation and benchmarking [16]. Environmental variables known to influence enteric disease 
transmission were incorporated, including rainfall, ambient temperature, and indicators of sanitation coverage. Rainfall 
data capture dilution effects and flooding-related contamination risks, while temperature influences pathogen 
persistence and replication rates within environmental reservoirs [18]. Sanitation coverage metrics approximate 
exposure risk and infrastructural vulnerability. Population density estimates were derived from census records and 
gridded population datasets, while mobility proxies were inferred from transportation flow patterns and market 
activity indices where available. Together, these auxiliary datasets enable multivariate modeling of disease risk, 
allowing machine learning algorithms to disentangle wastewater signal fluctuations driven by epidemiological 
processes from those caused by environmental or infrastructural variation [20]. 

Table 1 Summary of Data Sources and Variables Used in the ML-Enabled WBE Framework 

Data Category Variable Description Temporal 
Resolution 

Purpose in Model 

Wastewater Data Pathogen RNA 
concentration 

Log-transformed 
viral/bacterial gene copies 
per unit volume 

Daily / Weekly Proxy for community-
level infection burden 

Wastewater Data Signal variance Variability of pathogen 
concentration over time 

Weekly Detect outbreak instability 
and transitions 

Epidemiological 
Data 

Reported case 
counts 

Clinically reported enteric 
disease cases 

Weekly Ground truth for 
prediction and validation 

Epidemiological 
Data 

Growth rate Relative change in case 
counts between time steps 

Weekly Capture transmission 
acceleration 

Environmental 
Data 

Rainfall Cumulative precipitation Daily / Weekly Adjust for dilution and 
flooding effects 
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Environmental 
Data 

Temperature Mean ambient temperature Weekly Pathogen persistence 
modifier 

Socio-Structural 
Data 

Sanitation 
coverage 

Proportion of population 
connected to sanitation 
systems 

Static / Annual Weight wastewater 
representativeness 

Demographic 
Data 

Population 
density 

Residents per unit area Static Approximate contact 
intensity 

3.3. Data Cleaning and Normalization  

Raw wastewater and auxiliary datasets were subjected to systematic cleaning and normalization to ensure analytical 
robustness and comparability across sampling periods [14]. Missing values arose from interrupted sampling schedules, 
assay failures, or incomplete reporting of epidemiological variables. These gaps were addressed using time-aware 
imputation techniques, including forward filling for short interruptions and interpolation for longer gaps, while 
preserving temporal continuity [17]. Outlier suppression was applied to mitigate the influence of extreme 
measurements caused by laboratory artifacts, transient hydraulic disturbances, or anomalous environmental events. 
Outliers were identified using percentile-based thresholds and robust dispersion metrics, ensuring biologically 
plausible signal retention [19]. Given the highly skewed distribution of microbial concentration data, log-transformation 
was applied to pathogen measurements prior to modeling. 

3.3.1. Equation (1): Log-normalized pathogen load 

𝑋′ = log(𝑋 + 𝜖) 

where 𝑋 represents the raw pathogen concentration and 𝜖 is a small constant preventing undefined values. This 
transformation stabilizes variance, reduces right-skewness, and enhances compatibility with machine learning 
algorithms that assume approximately symmetric feature distributions [12]. Normalization across features was 
subsequently performed to align variable scales, preventing dominance of high-magnitude inputs during model 
training. Collectively, these preprocessing steps improve signal fidelity, reduce noise-induced bias, and support reliable 
feature learning across heterogeneous data sources [18]. 

3.4. Temporal Alignment and Lag Construction  

Temporal alignment is critical for linking wastewater signals with observed epidemiological outcomes due to delays 
inherent in disease progression and reporting processes [15]. Wastewater measurements reflect pathogen shedding 
that may precede symptom onset, healthcare seeking, and formal case notification. To account for these delays, lag 
windows were constructed between wastewater features and reported case counts, spanning from 𝑡 − 1to 𝑡 − 𝑘, where 
𝑘represents the maximum biologically plausible incubation and reporting interval. Lag selection was informed by 
known incubation periods of common enteric pathogens, which typically range from one to several days for viral agents 
and up to two weeks for certain bacterial infections [16]. Multiple lagged features were retained to allow models to 
learn optimal temporal dependencies rather than imposing fixed assumptions. 

Figure 2 illustrates the temporal alignment process, depicting wastewater signal trajectories, lagged feature 
construction, and corresponding reported case timelines. 
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Figure 2 Temporal alignment process 

This alignment strategy enables machine learning models to capture leading indicator behavior in wastewater data, 
improving early-warning capacity while maintaining epidemiological interpretability [20]. By explicitly modeling 
temporal offsets, the framework accommodates reporting delays and variable shedding patterns, ensuring that 
predictive outputs reflect realistic transmission dynamics rather than coincidental correlations. 

4. Feature Engineering and Representation Learning  

4.1. Wastewater Signal Features  

Feature engineering of wastewater signals focused on transforming raw pathogen concentration time series into 
interpretable statistical descriptors that reflect underlying transmission dynamics. The mean pathogen concentration 
was computed to summarize the average microbial burden observed within each aggregation window, representing the 
central tendency of community-level pathogen shedding [18]. 

Equation (2): Mean pathogen concentration 

𝜇 =
1

𝑛
∑𝑥𝑖

𝑛

𝑖=1

 

In this formulation, 𝑥𝑖denotes the pathogen concentration measured in the 𝑖-th wastewater sample within a defined 
temporal window, and 𝑛represents the total number of samples aggregated over that period. The parameter 𝜇therefore 
captures the expected pathogen load contributed by the population during the sampling interval, smoothing short-term 
fluctuations caused by hydraulic variability or individual shedding heterogeneity. 

To quantify dispersion around the mean, signal variance was calculated to characterize temporal instability and 
outbreak-driven variability in pathogen shedding [21]. 

Equation (3): Signal variance 



Magna Scientia Advanced Biology and Pharmacy, 2026, 17(01), 017-036 

23 

𝜎2 =
1

𝑛
∑(

𝑛

𝑖=1

𝑥𝑖 − 𝜇)2 

Here, 𝜎2measures the degree to which individual observations deviate from the mean concentration 𝜇 . Elevated 
variance values indicate heterogeneous infection stages or rapid transmission escalation within the population, 
whereas low variance suggests stable endemic circulation. Peak intensity features were additionally derived as local 
maxima within sliding windows to capture abrupt surges associated with outbreak onset. 

Signal decay rates were estimated to describe the rate at which pathogen concentrations decline following peak events. 
These decay parameters reflect reductions in transmission, intervention effects, or environmental clearance processes. 
By incorporating decay behavior, the feature set captures not only outbreak emergence but also recovery trajectories, 
improving discrimination between sustained epidemics and transient contamination events [25]. 

4.2. Epidemiological Interaction Features  

Epidemiological interaction features were constructed to explicitly link wastewater-derived indicators with observed 
disease outcomes, enabling models to learn biologically plausible lead–lag relationships [19]. Case-to-wastewater 
correlation indices quantified the strength and direction of association between lagged wastewater features and 
reported case counts, supporting interpretability of temporal dependencies. 

Growth rate proxies were derived from epidemiological time series to represent the relative speed of disease 
propagation independent of absolute case volume [22]. 

Equation (4): Weekly growth rate 

𝑔𝑡 =
𝐶𝑡 − 𝐶𝑡−1
𝐶𝑡−1

 

In this equation, 𝐶𝑡denotes the number of reported enteric disease cases at time 𝑡, while 𝐶𝑡−1represents cases reported 
during the preceding interval. The parameter 𝑔𝑡 expresses proportional change rather than absolute difference, 
allowing comparison across communities with differing population sizes and reporting capacities. Positive values of 
𝑔𝑡 indicate accelerating transmission, whereas negative values suggest declining incidence. When paired with 
wastewater-derived predictors, growth rates provide dynamic epidemiological context that enhances early outbreak 
detection and reduces sensitivity to underreporting bias [24]. 

4.3. Environmental and Socio-Structural Features  

Environmental and socio-structural features were incorporated to account for non-biological factors influencing 
wastewater signal interpretation and disease transmission. Rainfall-driven dilution effects were modeled to capture the 
impact of precipitation on measured pathogen concentrations. Increased rainfall can reduce observed concentrations 
by increasing wastewater volume, even when infection prevalence remains unchanged, necessitating explicit 
representation of precipitation intensity and duration [20]. 

Sanitation coverage weighting parameters were introduced to adjust wastewater signals based on the proportion of the 
population effectively contributing to sampled wastewater flows. These weights account for variability in sewer 
connectivity, latrine usage, and informal drainage systems common in low-income settings [23]. Higher weights indicate 
greater representativeness of the sampled signal, while lower values reflect partial population coverage. 

Additional socio-structural parameters included population density and housing typology indicators, which 
approximate contact intensity and fecal–oral exposure pathways. Collectively, these features allow the model to 
disentangle true epidemiological signals from infrastructural and environmental distortions, improving generalizability 
across heterogeneous communities [25]. 

4.4. Feature Scaling and Dimensionality Reduction  

Prior to model training, all engineered features were standardized to ensure numerical comparability and algorithmic 
stability [18]. Z-score normalization was applied to each feature individually. 
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4.4.1. Equation (5): Z-score normalization 

𝑍 =
𝑥 − 𝜇

𝜎
 

In this formulation, 𝑥represents an observed feature value, 𝜇is the feature-specific mean computed over the training 
dataset, and 𝜎denotes the corresponding standard deviation. The resulting standardized variable 𝑍has zero mean and 
unit variance, ensuring that features measured on different scales such as pathogen concentrations, rainfall totals, and 
population metrics contribute proportionately during model optimization. 

Following scaling, dimensionality reduction was performed using Principal Component Analysis (PCA) to mitigate 
multicollinearity and reduce feature redundancy [21]. PCA transforms the original feature matrix into a set of 
orthogonal components, each representing a linear combination of the original variables. The first principal component 
captures the largest proportion of variance, with subsequent components explaining progressively smaller fractions. 
Component selection was guided by cumulative variance thresholds, ensuring retention of dominant transmission 
patterns while discarding noise-dominated dimensions [24]. 

Figure 3 illustrates the transformation of the feature space before and after dimensionality reduction, highlighting 
improved compactness and reduced correlation structure. 

 

Figure 3 Feature space transformation, before and after dimensionality reduction 

By explicitly defining and interpreting each parameter within the feature engineering pipeline, the framework 
maintains epidemiological transparency while leveraging machine learning efficiency. This balance supports both 
predictive accuracy and interpretability, facilitating adoption in public health decision-making contexts [22]. 
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Table 2 Engineered Feature Categories and Mathematical Definitions 

Feature Category Feature 
Name 

Mathematical 
Definition 

Parameter 
Interpretation 

Epidemiological 
Meaning 

Wastewater Signal Mean 
pathogen 
load 

𝜇 =
1

𝑛
∑𝑥𝑖 

Average concentration 
across samples 

Overall community 
shedding intensity 

Wastewater Signal Signal 
variance 

𝜎2 =
1

𝑛
∑(𝑥𝑖 − 𝜇)2 

Dispersion around mean Transmission instability 

Wastewater Signal Peak 
intensity 

max⁡(𝑥𝑡) Maximum observed load Outbreak onset indicator 

Temporal Feature Lagged signal 𝑋𝑡−𝑘 Past wastewater values Incubation and reporting 
delay capture 

Epidemiological 
Feature 

Growth rate 
𝑔𝑡 =

𝐶𝑡 − 𝐶𝑡−1
𝐶𝑡−1

 
Relative change in cases Transmission acceleration 

Environmental 
Modifier 

Rainfall index Normalized rainfall 
metric 

Hydrological influence Dilution and exposure 
effec 

5. Machine Learning Model Development  

5.1. Problem Formulation  

The predictive task was formulated under two complementary machine learning paradigms to address distinct public 
health objectives. First, a regression formulation was adopted to estimate continuous enteric disease case counts at the 
community level using wastewater-derived and auxiliary features. In this setting, the target variable represents the 
expected number of reported cases within a defined future horizon, enabling quantitative assessment of transmission 
intensity and temporal trends [23]. Regression outputs support fine-grained monitoring, resource planning, and 
evaluation of intervention impacts. 

Second, a classification formulation was implemented to distinguish outbreak from non-outbreak periods. Here, binary 
labels were assigned based on epidemiologically defined thresholds derived from historical case distributions and 
surveillance guidelines [25]. This formulation prioritizes early warning and rapid decision-making, emphasizing 
sensitivity to abnormal transmission patterns rather than precise case estimation. Together, these dual formulations 
reflect the dual use of wastewater-based surveillance as both an analytical forecasting tool and an operational alerting 
system. By addressing continuous and categorical prediction tasks simultaneously, the framework aligns machine 
learning outputs with diverse public health decision requirements [27]. 

5.2. Model Selection and Justification  

Model selection was guided by the need to balance predictive accuracy, interpretability, and robustness under 
heterogeneous and noisy data conditions typical of wastewater surveillance [24]. Random Forest models were selected 
as a baseline ensemble method due to their ability to handle nonlinear relationships, mixed data types, and complex 
feature interactions without strong parametric assumptions. By aggregating predictions across multiple decision trees, 
Random Forests reduce variance and are resilient to overfitting, making them well suited to high-dimensional 
environmental datasets [26]. Feature importance measures derived from tree ensembles further enhance 
interpretability, allowing assessment of the relative contribution of wastewater, epidemiological, and environmental 
predictors. 

Gradient Boosting models were included to capture more refined nonlinear dependencies through sequential error 
correction. Unlike Random Forests, which train trees independently, Gradient Boosting iteratively focuses on difficult-
to-predict observations, often achieving superior predictive performance in structured tabular data [23]. This property 
is particularly valuable for detecting subtle early outbreak signals embedded within noisy wastewater measurements. 

Long Short-Term Memory (LSTM) neural networks were incorporated to explicitly model temporal dependencies 
inherent in disease transmission processes. LSTM architectures extend recurrent neural networks by introducing gated 
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memory cells that regulate information flow across time steps, enabling retention of long-range temporal patterns while 
mitigating vanishing gradient issues [28]. This capability allows LSTMs to learn incubation delays, shedding persistence, 
and lagged relationships between wastewater signals and reported cases. The inclusion of both tree-based and deep 
learning models enables comparative evaluation across methodological paradigms, strengthening confidence in 
observed predictive patterns [25]. 

5.3. Training, Validation, and Testing Strategy  

To ensure unbiased performance estimation, data were partitioned into training, validation, and testing subsets using 
a 70–15–15 split strategy [24]. The training set was used to fit model parameters, the validation set to tune 
hyperparameters and guide model selection, and the testing set reserved exclusively for final performance evaluation. 
This separation prevents information leakage and supports realistic assessment of generalization capability. 

Given the temporal structure of wastewater and epidemiological data, random shuffling was avoided in favor of 
temporally ordered splitting. Training data consisted of earlier observations, while validation and test sets comprised 
sequentially later periods, preserving causal directionality [26]. In addition to static splits, temporal cross-validation 
was employed to evaluate model stability across multiple forecasting windows. Rolling-origin evaluation was 
implemented, whereby models were retrained on expanding historical windows and tested on subsequent intervals. 
This approach mirrors real-world deployment conditions, where models must adapt to evolving transmission dynamics 
over time [27]. 

 Figure 4 illustrates the data splitting and model training workflow, highlighting temporal ordering, rolling validation 
windows, and separation of evaluation stages. 

 

Figure 4 Data splitting and model training workflow 

By combining fixed holdout testing with temporal cross-validation, the training strategy mitigates optimistic bias and 
ensures robustness under non-stationary conditions commonly observed in infectious disease surveillance [28]. 

5.4. Model Optimization and Regularization  

Model optimization focused on improving predictive accuracy while minimizing overfitting. Hyperparameter tuning 
was conducted using grid and randomized search strategies over the validation set, targeting parameters such as tree 
depth, number of estimators, learning rates, and subsampling ratios for ensemble models [23]. For LSTM architectures, 
tuning included the number of hidden units, sequence length, dropout rates, and learning schedules. 
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Regularization techniques were systematically applied to control model complexity. In tree-based models, depth 
constraints and minimum leaf sizes limited overly specific decision rules, while subsampling introduced stochasticity 
that enhanced generalization [25]. For LSTM networks, dropout layers were used to randomly deactivate neurons 
during training, reducing co-adaptation and improving robustness to noise. Early stopping criteria monitored validation 
loss trajectories, halting training when performance gains plateaued or degraded. These measures collectively reduce 
sensitivity to idiosyncratic patterns arising from sampling variability or reporting artifacts. By explicitly balancing 
model flexibility and parsimony, the optimization strategy supports stable predictive performance across diverse 
epidemiological contexts [27]. 

5.5. Computational Environment and Reproducibility  

All models were developed within a standardized computational environment to ensure reproducibility and scalability. 
Training was performed on commodity multi-core processors with optional graphical processing unit acceleration for 
LSTM models, enabling efficient handling of extended time-series data [26]. Runtime considerations prioritized 
methods suitable for deployment in resource-constrained settings, avoiding reliance on specialized hardware. 

Reproducibility practices included fixed random seeds for data splitting and model initialization, version-controlled 
code repositories, and explicit documentation of preprocessing pipelines and hyperparameter configurations [28]. 
Model artifacts and evaluation outputs were archived to support auditability and independent validation. These 
practices ensure that predictive results can be replicated, compared across settings, and updated as new data become 
available. By embedding reproducibility into the modeling workflow, the framework aligns with best practices for 
transparent and trustworthy public health analytics [24]. 

6. Model Evaluation and Performance Metrics  

6.1. Evaluation Metrics Definition  

Model performance was evaluated using complementary error and goodness-of-fit metrics selected to balance 
statistical rigor with epidemiological interpretability. Mean Absolute Deviation (MAD) was employed to quantify the 
average magnitude of prediction errors without regard to direction, providing a robust measure of typical deviation 
between predicted and observed case counts [25]. 

6.1.1. Equation (6): Mean Absolute Deviation (MAD) 

𝑀𝐴𝐷 =
1

𝑛
∑ ∣

𝑛

𝑖=1

𝑦𝑖 − 𝑦̂𝑖 ∣ 

In this formulation, 𝑦𝑖represents the observed number of enteric disease cases at time 𝑖, 𝑦̂𝑖denotes the corresponding 
model prediction, and 𝑛is the number of evaluated observations. MAD is expressed in the same units as the outcome 
variable, making it directly interpretable for public health practitioners assessing average forecasting error. 

Root Mean Square Error (RMSE) was used to penalize larger errors more heavily due to its quadratic formulation, 
enhancing sensitivity to substantial under- or over-predictions that may carry significant public health consequences 
[27]. 

6.1.2. Equation (7): Root Mean Square Error (RMSE) 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(

𝑛

𝑖=1

𝑦𝑖 − 𝑦̂𝑖)
2 

Here, squared deviations amplify the influence of extreme errors, making RMSE particularly informative for evaluating 
outbreak-period predictions where underestimation can delay response. 

To assess explanatory power, the coefficient of determination (R²) was computed to measure the proportion of variance 
in observed case counts explained by the model [30]. 
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6.1.3. Equation (8): Coefficient of Determination (R²) 

𝑅2 = 1 −
∑(𝑦𝑖 − 𝑦̂𝑖)

2

∑(𝑦𝑖 − 𝑦̄)2
 

In this equation, 𝑦̄denotes the mean of observed case counts. Higher R² values indicate stronger alignment between 
predicted and observed trends, supporting confidence in temporal pattern capture rather than isolated accuracy. 
Together, these metrics provide complementary perspectives on absolute error magnitude, variance sensitivity, and 
epidemiological relevance [32]. 

6.2. Benchmarking Against Surveillance Standards  

To contextualize machine learning performance within established public health practice, model outputs were 
benchmarked against conventional threshold-based surveillance approaches [26]. Traditional systems typically rely on 
fixed or seasonally adjusted thresholds derived from historical case averages to signal outbreaks. While straightforward 
to implement, such methods are inherently reactive and often detect outbreaks only after substantial transmission has 
occurred [28]. 

Machine learning predictions were compared against these thresholds by evaluating their ability to anticipate threshold 
exceedance events. Lead-time gain was defined as the temporal difference between the first model-based outbreak 
signal and the point at which traditional surveillance thresholds were crossed. Positive lead times indicate earlier 
detection, offering opportunities for preemptive intervention [31]. 

Figure 5 illustrates ML-based predictions alongside traditional surveillance thresholds, highlighting instances where 
wastewater-informed models provided advance warning of rising transmission. 

 

Figure 5 Comparison of ML-based predictions vs traditional surveillance thresholds 

Performance was further assessed in terms of sensitivity and specificity for outbreak classification tasks. ML models 
demonstrated improved sensitivity to gradual transmission increases that remained below fixed thresholds yet were 
epidemiologically meaningful when interpreted in conjunction with wastewater trends [25]. Importantly, 
benchmarking focused not solely on numerical accuracy but on operational utility, evaluating whether predictions 
aligned with plausible intervention windows [34]. By framing evaluation relative to existing standards, the analysis 
demonstrates how ML-enabled WBE augments, rather than replaces, conventional surveillance systems. This 
comparative approach supports translational relevance and facilitates integration into established public health 
decision frameworks [35]. 
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6.3. Error Analysis and Robustness Assessment  

Error analysis was conducted to identify systematic biases and assess model robustness under challenging 
environmental and infrastructural conditions. One major source of potential bias arises during extreme rainfall events, 
which can substantially alter wastewater flow dynamics [27]. Heavy precipitation may dilute pathogen concentrations, 
leading to underestimation of true infection prevalence [36]. Model residuals were therefore stratified by rainfall 
intensity to evaluate performance stability across hydrological regimes. Results indicated increased prediction variance 
during extreme rainfall periods, though inclusion of rainfall-adjusted features mitigated systematic bias [37]. 

Under-sampling sensitivity was examined to assess robustness to incomplete or irregular wastewater data, a common 
constraint in low-income settings [38]. Synthetic down-sampling experiments were conducted by selectively removing 
observations to simulate missed sampling events. Performance degradation was quantified using changes in MAD and 
RMSE relative to full-data baselines. While all models exhibited some loss of accuracy under sparse data conditions, 
ensemble-based approaches demonstrated greater resilience than temporally dependent models, which are more 
sensitive to continuity disruptions [39]. 

Residual diagnostics were also analyzed to identify temporal clustering of errors, revealing that mispredictions were 
more frequent during rapid transmission transitions rather than stable endemic phases. This pattern underscores the 
inherent difficulty of forecasting nonlinear outbreak dynamics [40]. By systematically characterizing error sources, the 
robustness assessment informs practical deployment considerations, guiding expectations regarding uncertainty and 
reliability. Such transparency is essential for responsible use of predictive analytics in public health contexts, 
particularly where decisions must be made under data scarcity and environmental volatility [32]. 

7. Results And Visualization 

7.1. Predictive Performance Across Models  

Comparative evaluation across machine learning models revealed consistent performance differences aligned with 
model architecture and data characteristics. Model comparison tables summarised predictive accuracy for regression 
and classification tasks using MAD, RMSE, R², and outbreak detection sensitivity [41]. Tree-based ensemble models 
demonstrated strong baseline performance, with Random Forests providing stable predictions under heterogeneous 
data conditions and moderate resistance to noise [42]. Their ability to average across multiple decision trees resulted 
in reduced variance, particularly during periods of irregular sampling and partial reporting. 

Gradient Boosting models achieved the highest overall predictive accuracy in regression tasks, outperforming other 
approaches in terms of RMSE and R². This improvement reflects their sequential learning structure, which 
incrementally corrects residual errors and captures subtle nonlinear relationships embedded within engineered 
features [43]. However, Gradient Boosting exhibited slightly higher sensitivity to hyperparameter configuration and 
data sparsity. 

LSTM models excelled in capturing temporal dynamics, particularly during periods of gradual transmission escalation. 
Their performance advantage was most evident in early outbreak phases, where long-range temporal dependencies 
influenced predictive accuracy [44]. Nevertheless, LSTMs showed reduced robustness when sampling continuity was 
disrupted. Overall, Gradient Boosting emerged as the best-performing architecture for general-purpose prediction, 
while LSTMs offered complementary strengths for temporal early-warning applications. These findings support a 
hybrid modeling strategy tailored to surveillance objectives and data availability [45]. 

 

 

 

 



Magna Scientia Advanced Biology and Pharmacy, 2026, 17(01), 017-036 

30 

Table 3 Model Performance Comparison and Surveillance Benchmarking 

Model Task Type MAD RMSE R² Mean Lead-Time 
Gain (Days) 

Robustness to 
Missing Data 

Random 
Forest 

Regression Low–
Moderate 

Moderate High +4 High 

Gradient 
Boosting 

Regression Low Low Very 
High 

+6 Moderate 

LSTM Regression Moderate Low High +7 Low–Moderate 

Random 
Forest 

Classification – – – +3 High 

Gradient 
Boosting 

Classification – – – +5 Moderate 

LSTM Classification – – – +6 Low 

7.2. Spatial–Temporal Disease Risk Visualization  

Spatial–temporal visualization was employed to translate numerical predictions into intuitive risk representations for 
public health interpretation. Predicted enteric disease risk was mapped across communities using heatmaps that 
integrated model outputs with spatial catchment boundaries and temporal aggregation windows [46]. 

Figure 6 presents heatmaps of predicted enteric disease risk, illustrating spatiotemporal variation in transmission 
intensity. Warmer color gradients correspond to higher predicted risk levels, enabling rapid identification of emerging 
hotspots [47]. Temporal animation of these maps revealed dynamic shifts in risk patterns, often preceding increases in 
reported case counts. 

 

Figure 6 Heatmaps of predicted enteric disease risk 
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Spatial clustering of elevated risk frequently aligned with areas characterized by high population density and limited 
sanitation coverage, reinforcing the epidemiological plausibility of model outputs. Importantly, visualization 
highlighted peripheral communities where clinical reporting was sparse but wastewater-derived risk signals were 
persistently elevated. These insights demonstrate the value of spatial–temporal visualization in bridging analytical 
outputs and operational decision-making [48]. By providing accessible representations of complex predictions, 
heatmaps facilitate communication between data scientists, public health officials, and community stakeholders, 
enhancing situational awareness and prioritization of response efforts [33]. 

7.3. Interpretation for Public Health Decision-Making  

From a public health perspective, the predictive framework offers actionable intelligence that extends beyond 
retrospective surveillance. One key outcome is the provision of actionable lead times, defined as the interval between 
model-predicted risk escalation and observed increases in reported cases [49]. Across evaluated settings, lead times 
ranged from several days to over one week, depending on pathogen type and reporting delays [50]. Such advance notice 
enables earlier deployment of interventions including water treatment, hygiene promotion, and targeted clinical 
preparedness. 

Resource allocation implications are particularly significant in low-income contexts where public health capacity is 
constrained. Predictive risk stratification supports prioritization of limited resources toward high-risk communities, 
improving efficiency and equity of response [51]. Rather than uniform intervention deployment, authorities can tailor 
actions based on predicted transmission trajectories. Additionally, the integration of wastewater data reduces reliance 
on healthcare-based reporting, offering decision support even where clinical data are delayed or incomplete. By 
translating model outputs into operationally meaningful insights, the framework strengthens proactive disease control 
strategies and supports evidence-informed public health planning [52]. 

8. Discussion  

8.1. Public Health Significance  

The integration of wastewater-based epidemiology with machine learning represents a significant advancement in 
population-level infectious disease surveillance. By capturing aggregated signals of pathogen circulation independent 
of healthcare access, the framework addresses long-standing equity gaps in enteric disease monitoring [53]. 
Communities historically underserved by clinical surveillance benefit from earlier detection and improved situational 
awareness, supporting more inclusive public health responses. 

Cost-effectiveness is a central advantage of the proposed approach. Wastewater sampling and computational modeling 
require fewer resources than widespread individual testing, particularly when deployed at strategic catchment points 
[54]. The ability to monitor multiple pathogens simultaneously further enhances economic efficiency. Moreover, 
predictive insights derived from ML models enable targeted interventions, reducing the need for blanket responses and 
associated costs. Collectively, these attributes position ML-enabled WBE as a scalable and sustainable surveillance 
strategy capable of strengthening health system resilience in resource-limited environments [35]. 

8.2. Methodological Strengths and Limitations  

Methodologically, the study’s strengths include its end-to-end design, integration of heterogeneous data sources, and 
explicit treatment of temporal dynamics. Feature engineering and rigorous validation enhance interpretability and 
robustness [55]. However, limitations remain. Data sparsity, particularly in wastewater sampling and clinical reporting, 
introduces uncertainty that can affect model stability [56]. Informal sanitation systems also pose challenges, as variable 
population connectivity may bias signal representativeness despite weighting adjustments. Additionally, model 
performance during extreme environmental conditions remains sensitive to unmeasured confounders. These 
limitations highlight the importance of contextual calibration and cautious interpretation when deploying predictive 
systems in diverse settings [34]. 

8.3. Implications for Policy and Deployment  

For policymakers, the findings support integration of ML-enabled WBE into existing early warning systems rather than 
parallel implementation. Alignment with established surveillance workflows facilitates adoption and trust among public 
health practitioners [57]. Policy frameworks should emphasize data-sharing agreements, cross-sector collaboration, 
and capacity building to sustain long-term deployment [58]. 
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At the operational level, deployment strategies must prioritize transparency, community engagement, and ethical 
governance to prevent misinterpretation or stigmatization of high-risk areas. Embedding predictive outputs within 
routine decision-support dashboards can enhance usability and responsiveness [59]. By informing timely, targeted 
interventions, the framework offers a pathway toward more proactive, equitable, and data-driven enteric disease 
control strategies across low-income communities [60].  

9. Conclusion And Future Work  

This study demonstrates the feasibility and value of integrating wastewater-based epidemiology with machine learning 
to predict enteric disease transmission dynamics at the community level. By combining wastewater pathogen 
measurements with epidemiological, environmental, and socio-structural data, the proposed framework transforms 
passive environmental surveillance into an active predictive system. The results show that engineered wastewater 
features, when coupled with appropriate machine learning models, can provide reliable early indications of rising 
transmission, often preceding increases in reported case counts. Comparative model evaluation highlights the strengths 
of ensemble-based approaches for robustness and the added value of temporally aware models for early outbreak 
detection. Importantly, the framework maintains interpretability while achieving predictive performance suitable for 
operational public health use. 

Beyond enteric diseases, the proposed approach is inherently scalable to other pathogens that are shed into wastewater. 
Viral, bacterial, and antimicrobial resistance markers can be incorporated within the same analytical pipeline with 
minimal structural modification. This flexibility enables adaptation to diverse public health priorities, including 
respiratory viruses, zoonotic pathogens, and emerging infectious threats. The modular design of the system supports 
deployment across varied infrastructural contexts, allowing expansion from local monitoring to regional or national 
surveillance networks as capacity increases. 

Future work should focus on integrating genomic surveillance into the predictive framework to enhance resolution and 
attribution. Coupling wastewater-based pathogen quantification with genomic sequencing data would enable tracking 
of strain diversity, mutation patterns, and transmission pathways. Such integration would support earlier detection of 
novel variants and improve understanding of pathogen evolution within communities. Additionally, advancing real-
time data ingestion and automated model updating would further strengthen responsiveness. Together, these 
developments position machine learning–enabled wastewater surveillance as a cornerstone of next-generation, 
equitable public health intelligence systems capable of supporting proactive disease prevention and control. 
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