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Data-Driven Optimization of Slow Sand Filters: Machine Learning for New Design Paradigms
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This thesis presents a comprehensive investigation into the optimization of Slow Sand Filter (SSF) performance
through data driven modeling, with a focus on bacterial (E. coli, Coliform) and viral (Enterovirus, Adenovirus,
Bacteriophage MS2) removal efficiencies. Combining an extensive literature review, exploratory data analysis
(EDA), and machine learning modeling using XGBoost, this research provides new insights into the complex
interactions between design parameters and SSF performance, ultimately contributing to the development of

more efficient and sustainable SSF configurations.

The study began with a systematic literature review of 135 experimental studies, identifying key design
parameters and operational conditions of SSFs, including Filtration Rate (FR), Hydraulic Retention Time (HRT),
Effective Grain Size (D10), Total Bed Height (T.B.H.), and Schmutzdecke characteristics. The literature review

was supplemented with Exploratory Data Analysis (EDA) techniques such as scatterplots and correlation
matrices to uncover trends and potential relationships between design parameters and removal efficiencies for
bacteria and viruses. While the scatterplots and correlation matrices revealed limited linear relationships, they
highlighted the complexity of the interactions, indicating the need for advanced modeling techniques capable of

capturing nonlinear patterns.

To address these complexities, XGBoost, a powerful machine learning model known for its ability to handle
nonlinear relationships and parameter interactions, was developed and applied to the dataset. The model’s

predictive capabilities were evaluated using performance metrics such as R², Mean Squared Error (MSE), and
cross-validation results. Additionally, feature importance analysis was conducted using the XGBoost model,
which provided insights into which design parameters and operational conditions had the most significant

influence on removal efficiencies.

A key contribution of this research was the development of interactive tools, such as feature contribution sliders
and interactive heatmaps, which enabled dynamic exploration of how changes in design parameters affect

removal efficiencies. These tools facilitated the simulation of design scenarios, offering an intuitive understanding
of parameter impacts and guiding the formulation of new design paradigms. The model outputs were used to
propose optimized parameter ranges that improve bacterial and viral removal while maintaining operational

efficiency.

The thesis further explored the robustness and reliability of the XGBoost models, discussing the results from
controllable and uncontrollable design parameters and operational conditions and comparing the model’s

predictive performance for bacterial and viral removal.

In conclusion, this research highlights the effectiveness of XGBoost modeling for both predicting and explaining
SSF performance. The insights gained provide a foundation for developing more efficient SSF design paradigms,

enabling targeted adjustments to parameters based on model predictions. Additionally, the interactive tools
created in this study offer practical resources for engineers to simulate different design configurations and

optimize SSF performance. Overall, this thesis emphasizes the potential of machine learning to revolutionize the
design and operation of SSFs, providing a foundation for future advancements in sustainable and effective water

treatment technologies.
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Chapter 1

Introduction

1.1 Background Information

The availability of potable water is as essential as breathing oxygen for the human population. Due to increase in
world population and urbanisation however, availability of clean water sources becomes an increasingly complex
challenge, as can be seen in figure 1.1. The water that is available to the public often poses a significant threat
to their health, as it comes from sources such as surface water, which contains contaminants and waterborne
diseases. According to the World Health Organization, approximately 30 % of the world population does not have
access to clean drinking water sources [1]. This resulted in the death of more than half a million people in low-
and middle-income countries. To combat this, the World Health Organization has provided guidelines [2] that
assess the quality of the drinking water. In accordance with the established guidelines, the Dutch Drinking Water
Act mandates a quantitative microbial risk assessment (QMRA) to ensure that the annual infection risk remains
below the threshold of one infection per 10,000 individuals [3] [4]. Every three years, a QMRA is conducted for
the pathogens enterovirus, Campylobacter, Cryptosporidium and Giardia [4]. The influent and effluents of all
drinking water treatment steps is monitored for the presence of both the previously mentioned pathogens and the
associated indicator microorganisms (bacteriophages, Escherichia coli and clostridia). This is all done to make
sure that the population of the Netherlands does not fall ill to waterborne diseases.

FIGURE 1.1: Share of population with access to drinking water facilities [5]
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Several technologically advanced water treatment methods exist for the purification of polluted water, such as rapid
sand filters and membrane filtration (microfiltration, ultrafiltration, nanofiltration, etc.). One of the more reliable,
robust, attractive and low-investment cost drinking water technologies used for the removal of microorganisms,
organic and particulate matter, and to create a biologically stable water, that prevents the growth of undesired
pathogens, are Slow Sand Filters (SSFs) [6]. The use of SSFs is attractive as it does not require any chemicals
of electricity for operation [7]. SSFs are often times present in the final stage of a drinking water treatment plant,
after extended pre-treatment has taken place.

1.1.1 Removal of Contaminants in SSFs

As mentioned prior, SSFs are utilised for the purification of water contaminated by bacteria, sediments, and
organic matter, et cetera. To achieve this goal, SSFs must target various types of contaminants, such as the
pathogens bacteria and viruses, that can compromise the quality of drinking water. The removal of these contam-
inants can be seen as a boundary condition as not removing them can have severe consequences. Contaminants
that need to be removed from drinking water include, but are not limited to, protozoa and larger organisms, several
types of bacteria (such as E.Coli and Coliform), viruses (such as Enterovirus and Adenovirus), turbidity, organic
contaminants (Dissolved Organic Carbon, Assimilable Organic Carbon, Total Organic Carbon) and inorganic con-
taminants (nutrients, iron) [1]. The removal of pathogenic contaminants is essential as these are known to cause
waterborne diseases. An example of this is the larval form of Schistome Cercariae (flatworm), a protozoa. if
this protozoa is ingested, it can develop into adult flatworms, which in turn result in the waterborne disease of
schistosomiasis. Other contaminant types, such as turbidity and organic material, need to be removed, not only
due to health risks associated with them, but also to make drinking water aesthetically pleasing and tasteful to the
consumer. Furthermore, presence of organic material within distribution systems, such as Assimilable Organic
Carbon (AOC), can lead to the regrowth of microbes, which in turn will lead to formation of biofilm and cause
deterioration of the water quality.

The concentrations of contaminants such as protozoa, bacteria, viruses, and organic- and inorganic material
are effectively reduced throughout the SSF. SSFs have proven to remove both turbidity and bacteria by 99 % to
99.9 % [8][9]. The removal for viruses is between 2 to 6 logs, which is similar to that of bacteria [10]. It must be
noted that the characteristic of a SSF to remove turbidity, organic- and inorganic contaminants is not as consistent
as for the removal of bacteria and viruses [1]. In terms of turbidity, studies have shown that the range of turbidity
removal varies between 27 % and 97 % [1]. The reduction of turbidity in SSFs is strongly influenced by their design
characteristics and operational conditions. These factors will be examined in detail in the following chapters.

The removal of organic- and inorganic contaminants has also been researched. Depending on the type of
parameter that should be removed, such as TOC, DOC, or Pharmaceuticals Personal Care Products (PPCPs),
filter characteristics and operational parameters, removal rates have shown significant differences [11].

The removal processes of several aforementioned contaminants can be visualized through the use of a break-
through curve as can be seen in figure 1.2 [12]. The Y-axis in a breakthrough curve represents the logarithmic
reduction of the concentrations of the contaminant log

(
C
C0

)
, while the X-axis typically represents the time or

volume of water treated [13]. Using log reductions for removal efficiency provides a clear, standardized, and sci-
entifically appropriate way to quantify and compare the performance of water treatment systems. This approach
is particularly valuable when dealing with contaminant concentrations that vary over several orders of magnitude.

The removal of microorganisms in SSFs occurs primarily through adsorption and inactivation processes. Addi-
tionally, advection and dispersion significantly influence the distribution and transport of microorganisms within the
filter bed. These mechanisms collectively contribute to reducing the effluent concentrations of microorganisms,
enhancing the overall removal efficacy. However, the effectiveness of these processes is closely tied to various
design parameters of an SSF, such as the filtration rate (FR), total bed height (T.B.H.), temperature, and effective
grain size (D10), which will be discussed in the subsequent sections.
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FIGURE 1.2: Measured breakthrough curve (open circles) and model of breakthrough curve of bac-
teriophages MS2 [12]

1.1.2 The Components of SSFs

A SSF usually consists of the following components: a supernatant water layer, a sand bed, a gravel layer and an
outlet hose [14]. The components all serve a purpose. The supernatant water layer is a head of water that is used
for driving the water through the filter bed, whilst also making sure that a certain retention period for the water can
be achieved. This retention period is essential for biological (metabolic breakdown, predation, etc.), chemical and
physical processes (diffusion, adsorption, sedimentation, etc.) to take place within the filter.

The filter bed is often times comprised of sand, as this type of filter medium is associated with lower costs,
higher durability and availability. The water slowly percolates through the sand due to gravity, while several pollu-
tants such as microorganisms, organic matter and inorganic particles are removed. The removal occurs both due
to the physical filtration itself, but also due to biological degradation.

Although water undergoes treatment as it percolates through the sand bed, the majority of the purification
process takes place at the uppermost layer of the sand bed, where biological and physical mechanisms are most
active. Here, a biofilm layer forms during the first few weeks of operation, influenced by the influent water quality
and driven by the presence of algal and particulate matter, along with dense biomass growth.Another term used
for this biofilm layer is Schmutzdecke [15]. Water-borne microbes that pass through the filter are consumed by
predatory bacteria, which are found in this layer. The growth of the microbial population in the Schmutzdecke is
dependent on how much organic material is being supplied by in fluent water, as was stated previously. Thus, in
raw water with high concentrations of contaminants, the Schmutzdecke is formed more rapidly. Bacteria are more
active in the top of the sand filter, and this activity gradually decreases, as there is less organic material available
in the lower parts of the SSF. Eventually, the surface of the filter will become clogged because of the accumulation
of the microorganisms, inert particles and organic particles. This in turn leads to an increase in headloss, as there
will be an increase in hydraulic resistance as [16]. Therefore, the Schmutzdecke must be periodically scraped off
to maintain optimal filter performance. Afterwards, the ripening process of this biofilm layer begins anew and takes
from 6 to 8 weeks to complete [17]. Without this process, the effectiveness of the SSF will go down immensely.

Even though the development of the Schmutzdecke is important for the disinfection capacity of the SSF, recent
studies have shown that the presence of deep layered, active biofilm induced the removal of E.coli in a SSF, even
after scraping off the Schmutzdecke [17].

Lastly, the gravel layer serves multiple purposes. Beneath the filter, a piping system is typically installed to
transport the treated water. While the sand bed could potentially clog this system, the gravel layer prevents such
blockages. Additionally, the gravel layer provides essential structural support for the sand bed, ensuring stability
and effective filtration.
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FIGURE 1.3: A General SSF Design [1]

1.1.3 Characteristics and Operational Conditions of a SSF

Regardless of the design parameters, an SSF should, at a minimum, achieve the following: reduce water turbidity
(i.e., particle removal), decrease water color, reduce pathogen concentrations [1], and minimize the AOC content
[18]. Additionally, it should effectively remove bacteria and viruses from the water. All SSFs must meet these
boundary conditions. Additionally, more boundary conditions can be set for the SSFs, such as to be able to
reduce the concentration of ammonium in the water.

The reduction of the aforementioned types of pollutants depends on several design parameters and operational
conditions. Key design parameters, such as the FR, hydraulic retention time (HRT), D10, T.B.H., supernatant water
layer, bottom construction and scraping frequency, all play a significant role in determining the performance of the
SSF. The quality of the feed water and the maturity of the biofilm layers also affect the quality of the effluent water
[1] as mentioned prior. Other variables that affect the performance of a SSF and that cannot be controlled also
exist, such as the temperature.

Some parameters have more significance when focusing on a specific type of pollution. An example of this
was observed by Jenkins et al. [19], in which the researchers discovered that the removal of indicator bacteria
was increased by between 0.16 and 0.30 logs through reducing the D10 from 0.52 to 0.17 mm. This supported
the conclusion of Logan et al. [20], in which was stated that grain size is the most important parameter when
focusing on the removal of cryptosporidium cysts and, possibly more pathogens. Another parameter, bed depth,
was proven to be of little significance for the removal of Coliform bacteria [8]. When the bed depth was reduced
from 0.97 m to 0.48 m, Bellamy et al., observed a reduction of 2 %. In the following chapters, the most important
design parameters and their influences as stated in the literature will be discussed in greater detail.

1.2 Problem Statement

SSFs remain a crucial technology in drinking water treatment, valued for their ability to effectively remove contam-
inants through biological, physical, and chemical processes. However, despite their long history of use, the design
and operation of SSFs are still largely based on outdated empirical data and generalized design guidelines. These
guidelines often fail to consider whether the selected design parameter values and operational conditions truly re-
sult in the highest removal efficiencies. This resulted in suboptimal contaminant removal, overdimensioning of
filters, and inappropriate cleaning strategies. Furthermore, the lack of clarity regarding the interplay between key
design parameters, such as FR, HRT, D10, T.B.H., and Schmutzdecke characteristics, limits the ability to optimize
SSF systems for varying water quality conditions.

Addressing these limitations is essential for improving the overall performance and reliability of SSFs. Sub-
optimal design and operational practices can lead to inefficient contaminant removal, wasted resources, and
unsustainable filter operation. In particular, low-loaded SSFs, where contaminant levels are minimal, present
unique challenges: biofilm depletion can occur due to insufficient nutrient supply, compromising the filter’s biologi-
cal removal processes. Additionally, without proper optimization, maintaining the Schmutzdecke becomes difficult,
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leading to inconsistent filtration efficiency. These inefficiencies not only reduce the reliability of SSFs but also re-
sult in increased water wastage during the development of the Schmutzdecke. Tackling these challenges is vital
to ensuring that SSFs operate sustainably across varying conditions, providing consistent filtration performance
and conserving valuable resources.

In conclusion, this study aims to bridge the knowledge gap by systematically analyzing the effects of key
design parameters and operational conditions on SSF performance. By identifying optimal parameter combina-
tions, this research seeks to provide actionable insights for maximizing removal efficiencies, improving operational
sustainability, and mitigating common issues such as overdimensioning and inappropriate cleaning practices.

1.3 Research Question, Objective, and Scope

Research into the effects of key design parameters, such as T.B.H., FR, and D10, will provide valuable insights into
optimizing process conditions for SSFs, ultimately reducing both operational and investment costs. Additionally, a
deeper understanding of the biological and physico-chemical processes within SSFs, including their relationship
with filter depth, temperature, and other influencing factors, will contribute to the development of more effective
design guidelines. The main research question of this MSc thesis is given below.

RQ: "What range of values for design parameters and operational conditions are most compatible with SSFs,
and ensure that the efficiency of pathogenic contaminant removal is not compromised? "

In order to answer the research question, the following sub-questions will need to be answered first:

• SQ1: Which design parameters and operational conditions, both controllable and uncontrollable, are
most influential for predicting bacterial (E.Coli, Coliform) removal efficiency in SSFs?

• SQ2: Which controllable design parameters are most influential for predicting bacterial removal efficiency
in SSFs?

• SQ3: Which design parameters and operational conditions, both controllable and uncontrollable, are
most influential for predicting virus (Enterovirus, Adenovirus, Bacteriophage MS2) removal efficiency in
SSFs?

• SQ4: Which controllable design parameters are most influential for predicting virus removal efficiency in
SSFs?

This thesis consists of a comprehensive approach that spans multiple key areas. The scope of the study outlines
the methodological steps and focus areas required to optimize the design and operational parameters of SSFs
and consists of the following components:

• Literature Review: Reviewing existing research to understand the relationships between design parame-
ters, operational conditions and removal efficiencies in SSFs.

• Data Analysis: Analyzing datasets from 135 experimental studies and detect parameter interactions (Ex-
ploratory Data Analysis).

• Machine Learning Modeling: Building and validating predictive models to estimate removal efficiencies
based on parameter values.

• Design Recommendations: Formulating practical design guidelines to optimize SSF performance for bac-
terial and viral removal.

1.4 Thesis Overview

This thesis is structured into six chapters, each building on the previous to comprehensively address the research
objectives. Chapter 2 outlines the methodology employed in this study, detailing data collection through a literature
review and application of an XGBoost model. The focus of this chapter is to explain the steps taken and tools used,
without delving into detailed analysis. Chapter 3 reviews the relevant literature and explores the influence of key
design parameters and operational conditions of SSFs through the use of scatterplots, incorporating Exploratory
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Data Analysis (EDA) to identify trends, patterns, and potential relationships found within the constructed dataset.
Chapter 4 presents the findings derived from the models, highlighting key insights into patterns, parameter inter-
actions, and removal efficiencies. This chapter uses graphs and heatmaps to effectively illustrate the results and
demonstrate what the models reveal about SSF performance. Chapter 5 synthesizes these findings, answering
the main research question while providing deeper insights into the relationships between design parameters and
their effects on SSF performance. Furthermore, the Chapter discusses the limitations of this study. Lastly, Chapter
6 provides the concluding remarks and offers directions for future research.
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Chapter 2

From Exploration to Analysis: Building
the Framework

This chapter outlines the research approach used to analyze the effects of key design parameters and opera-
tional conditions on the performance of SSFs. The methodology began with a literature review to identify critical
parameters. Next, data from 135 experimental studies were collected, cleaned, and prepared for analysis. EDA
techniques, such as scatterplots and correlation matrices, were then used to uncover trends and interactions
between parameters. To capture complex, nonlinear relationships, machine learning models (XGBoost) were
developed and evaluated using performance metrics. Finally, insights from the analysis were interpreted and val-
idated to ensure their relevance for practical SSF design optimization. The following sections provide a detailed
explanation of each step.

2.1 Framing the Focus: Key Parameters and Research Steps

The methodology began with an extensive literature review to identify relevant SSF experiments that analyzed the
effects of key design parameters and operational conditions. The focus of the review was on studies that included
detailed conclusions regarding the removal efficiencies of contaminants, specifically bacteria (Escherichia coli,
Coliform bacteria), viruses (Enterovirus, Adenoviruses, Bacteriophages) and oocysts (Cryptosporidium, Giardia).
While data on bacteria and viruses were abundant, data on oocysts were limited or inconsistent across studies.
Due to the lack of sufficient data, the focus was narrowed down to bacteria and viruses, which offered a robust
dataset for analysis. The dataset compiled can be found in Appendix A. During the literature review, special
attention was given to six design parameters that were commonly reported across different studies. These design
parameters are shown in figure 2.1.

FIGURE 2.1: Pivotal design parameters in SSFs used for this research

These parameters were prioritized because they were consistently reported in studies and offered sufficient data
for plotting and analysis. Beyond these primary parameters, other experimental conditions, such as pre-treatment
types, influent characteristics, the uniformity coefficient (U.C.), whether the experiment was performed on lab-,
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pilot- or full scale, and temperatures, were also recorded to provide context for the analysis. The comprehensive
dataset included 135 experiments, offering a robust basis for exploring parameter effects.

The collected data was analyzed to uncover trends and interactions between design parameters and/or operational
conditions. Scatterplots and other visualization techniques were employed to observe the relationships between
design parameters and removal efficiencies. The focus was on evaluating the Decimal Elimination Capacity (DEC)
for bacteria and viruses to identify patterns in filtration performance. For example, the analysis covered:

• The effect of increasing FR on contaminant removal.

• How porosity (n [-]) and D10 combinations influenced efficiencies.

• Whether a higher T.B.H. consistently improved performance.

Factors such as temperature, schmutzdecke development, and influent quality were often explored to explain
discrepancies.

After compiling and analyzing the dataset through scatterplots, the final phase of the methodology focused on
developing predictive models. Machine learning techniques, including Random Forest and XGBoost, were applied
to uncover nonlinear relationships between design parameters and removal efficiencies. These models were
chosen for their ability to handle complex interactions and provided insights into the relative importance of each
parameter.

The models were validated using performance metrics such as R2 and feature importance analyses. They
revealed key interactions among parameters, such as the combined effects of FR, D10, and T.B.H., that were not
evident from linear analyses of scatterplots. These insights were further cross-validated against findings from the
literature to ensure reliability and practical relevance.

In summary, the methodology combined literature insights, rigorous data analysis, and advanced modeling to
derive meaningful conclusions about the optimization of SSF design 2.2. This iterative approach ensured that the
findings were robust, scientifically grounded, and applicable to real-world conditions.

FIGURE 2.2: Methodology Overview of this MSc Thesis Research
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2.2 Decoding Relationships: Insights Through Correlations and Scatter-
plots

The data analysis began with the construction of a correlation matrix to identify potential linear relationships be-
tween key design parameters or operational parameters, and the removal efficiencies of bacteria and viruses. A
correlation matrix is a tabular representation of pairwise correlation coefficients, which quantify the strength and
direction of linear relationships between variables. In this study, the matrix was created using the Pearson corre-
lation coefficient, a widely applied statistical measure for assessing linear dependence between two continuous
variables [21]. The analysis aimed to reveal trends and associations that could guide further investigation into the
interactions between design parameters and SSF performance.

The Pearson correlation coefficient (r) is calculated using the following formula:

r =

∑n
i=1(xi − x̄)(yi − ȳ)√∑n

i=1(xi − x̄)2
√∑n

i=1(yi − ȳ)2
(2.1)

Where:

• xi and yi represent individual data points for variables x (e.g., FR) and y (e.g., removal efficiency for bacte-
ria),

• x̄ and ȳ are the means of x and y, respectively,

• n is the total number of data points.

The coefficient r ranges between -1 and +1, where values close to +1 indicate a strong positive linear relationship,
values close to -1 indicate a strong negative linear relationship, and values near 0 indicate no linear correlation.
The correlation matrix can be seen in figure 2.3. The matrix was generated using Python’s pandas library within
the Jupyter Notebook environment. The code can be observed in Appendix B.

Although the Pearson correlation is effective for identifying linear relationships, the analysis revealed mostly
low linear correlations between design parameters and removal efficiencies. A few high correlations were also
observed; however, these were found to be unreliable as they were based on a limited number of data points,
leading to skewed and misleading results. For example, parameters like porosity had only 35 data points avail-
able from the literature, exaggerating the strength of the observed correlations and reducing their validity. These
findings highlight the limitations of correlation matrices in capturing the complex interactions governing SSF perfor-
mance. Many SSF processes involve nonlinear dependencies, where a parameter might initially enhance removal
efficiency but show diminishing or even adverse effects beyond a certain threshold. For instance, an increase in
grain size might improve filtration performance by reducing clogging initially but later decrease efficiency due to re-
duced surface area. To address these shortcomings, subsequent analyses shifted focus towards machine learning
techniques, specifically designed to capture nonlinear patterns and complex parameter interactions. Additionally,
scatterplots were employed to visually inspect trends and further validate the findings. This combined approach
aimed to provide a more robust and reliable understanding of the relationships between design parameters and
removal efficiencies.
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FIGURE 2.3: Correlation Matrix between Design Parameters and Removal Efficiencies of Bacteria
and Viruses created by using data from the dataset given in Appendix A

After examining the relationships between the design parameters and removal efficiencies using a correlation
matrix, the next step involved analyzing scatterplots. Scatterplots are a powerful visual tool for identifying patterns,
trends, and potential correlations between variables, particularly when linear relationships are not evident or when
the dataset is limited [22]. This method allows for a more intuitive understanding of the data by displaying individual
data points in a two-dimensional space or three-dimensional space.

Each scatterplot was constructed with one or more design parameters on the axes (e.g., FR, D10, or HRT) and
the removal efficiency of contaminants (bacteria or viruses) on the y-axis or z-axis. This approach enabled the
detection of potential nonlinear relationships, clusters, or outliers that could not be captured using a correlation
matrix.
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The scatterplots provided valuable insights into the relationships between design parameters and/or operational
conditions and removal efficiencies. The scatterplots can be observed in Chapter 3, ’Integrating Literature and
Data’. While 2D scatterplots effectively revealed trends between individual parameters and removal efficiencies,
3D and 4D scatterplots proved less useful due to data loss caused by missing values. This limitation underscored
the need for quantitative methods, leading to the adoption of machine learning models to better capture nonlinear
interactions and multifactorial effects.

2.3 Modeling Approaches: From Regression Analysis to Machine Learn-
ing

A two-step modeling approach was employed to understand and predict the removal efficiencies of bacteria and
viruses in SSFs. The first step involved the use of Ordinary Least Squares (OLS) regression models, a traditional
statistical technique often used to explore linear relationships between design parameters and removal efficien-
cies. OLS was initially chosen for its simplicity, interpretability, and ability to provide insights into the relationships
between variables. However, the analysis revealed several limitations. The models had issues with overlapping
variable effects, unstable results, sensitivity to missing data, and difficulty capturing complex non-linear relation-
ships, as there were none, based on information from the correlation matrix. Additionally, the regression models
were built on small subsets of the data, often containing as few as 30 datapoints per model, which is insufficient
to produce robust and reliable results. Despite achieving high R2 values, these concerns highlighted potential
limitations in the accuracy and generalizability of the OLS models. Therefore, the focus shifted towards machine
learning models.

Several categories of machine learning models exist. These models can all be divided into four categories:
Supervised learning, Unsupervised learning, Semi-supervised learning, and Reinforcement learning [23]. In this
MSc thesis paper, the focus was on supervised learning models. Supervised learning models are a category
of machine learning models that learn from labeled datasets, in which each training instance consists of feature
variables paired with corresponding output variables (e.g., DECBACT ) [23]. These models aim to discover patterns
in the training data that allow them to generalize and make accurate predictions on unseen data. Since the
primary objective of this thesis is to estimate removal efficiencies of bacteria and viruses in SSFs based on design
parameters such as FR, D10, and total T.B.H., supervised learning models were selected as the most appropriate
approach.

Within the category of supervised learning, different types of machine learning models also exist, such as Deci-
sion Trees, Random Forest, AdaBoost, the k-Nearest Neighbors (KNN) technique, and XGBoost, each with distinct
strengths and applications [23]. For this research, XGBoost was chosen as a machine learning model. XGBoost
was chosen due to its ability to handle non-linear relationships and interactions between variables [24], its ro-
bustness against multicollinearity and overfitting through built-in regularization [25], and its capacity to manage
missing data effectively. Moreover, XGBoost performs well even with relatively small datasets, providing superior
predictive accuracy compared to OLS [26].

While the several, aforementioned supervised learning models were considered, they were ultimately less suited
for this study. This had several reasons. For example, while Decision Trees are simple and interpretable, they are
prone to overfitting [27]. A single decision tree is insufficient in capturing complex relationships. The other type
of machine learning algorith, Random Forest, improves on Decision Trees by averaging multiple trees, reducing
variance, but lacks the gradient-boosting optimization that XGBoost has [23]. Random Forest modeling also does
not have built-in regularization, making it more prone to overfitting as well. AdaBoost, another supervised learning
model, works well for classification but can struggle with noisy data and is less effective for regression problems
[23]. Additionally, KNN technique, while effective for both classification and regression, does not naturally handle
missing data, as the model relies on distance-based similarity measures [23]. The dataset presented in Appendix
A contains a considerable amount of NaN values, thus this model was also not suited.
Lastly, a key practical reason for choosing XGBoost was its ease of implementation using Python’s built-in machine
learning libraries. The XGBoost package is well integrated within scikit-learn packages, providing optimized tools
for training, hyperparameter tuning, and feature importance analysis. This ensured an efficient modeling process
and allowed for efficient experimentation with different parameter configurations.
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2.4 Understanding Decision Trees: Concepts and Components

2.4.1 Basis of an XGBoost Model: Decision Trees

In order to understand how the XGBoost model works, it’s essential to start with its foundation: decision trees. A
decision tree is a flowchart-like structure used for both classification and regression tasks [28][29][30], as can be
seen in figure 2.4. In this structure, internal nodes represent decisions based on the value of a feature, branches
represent the outcomes of these decisions, and leaf nodes represent the final predictions or classifications. The
topmost node is known as the root node, and the tree is built by recursively partitioning the dataset based on
feature values, a process known as recursive partitioning.

FIGURE 2.4: Example of a Decision Tree Splitting Data Based on Feature Thresholds and Displaying
Target Distributions[31]

In order to better understand this concept, it will be explained, through the use of figure 2.4, by considering a
scenario where the objective is to predict students’ grades (on a scale of 1 to 4) based on two factors: the number
of hours they study (feature_x1) and the number of practice tests they take (feature_x2).

The decision tree begins at the root node, which evaluates the number of hours a student studies (feature_x1):

• If the number of study hours is 3 or less (≤ 3), the data is directed to the left branch.

• If the number of study hours is greater than 3 (> 3), the data is directed to the right branch.

For students who studied 3 hours or less, the tree further evaluates the number of practice tests taken (feature_x2):

• If the number of practice tests is 1 or fewer (≤ 1), the data is directed to the leftmost boxplot.

• If the number of practice tests is greater than 1 (> 1), the data is directed to the middle boxplot.

For students who studied more than 3 hours, the data directly terminates in the rightmost boxplot, as no further
splits are performed. Here, the decision tree does not perform additional splits in this particular example. This
means that the model predicts grades for this group based on the observed data, without considering further
factors like the number of practice tests taken. It’s important to note that the tree’s decision to stop splitting this
group depends on the dataset and the algorithm’s criteria (e.g., there may not have been significant variation in
grades for this group based on other features). This does not necessarily imply that studying more hours always
leads to better grades, as other unexamined factors could influence the outcomes, such as the quality of study
time or practice tests.
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The terminal nodes, represented by boxplots, summarize the distribution of grades for each subset:

• Leftmost boxplot: This represents students who studied 3 hours or less and took 1 or fewer practice tests
(n = 88). These students tend to have lower grades, closer to 2.

• Middle boxplot: This represents students who studied 3 hours or less and took more than 1 practice test
(n = 93). These students tend to have slightly higher grades, closer to 3.

• Rightmost boxplot: This represents students who studied more than 3 hours (n = 179). These students
tend to have the highest grades, closer to 4.

This example illustrates how the decision tree splits data into smaller groups based on specific conditions, allowing
for increasingly precise predictions of student grades as the tree progresses. This example will be referenced
throughout the remainder of this chapter to provide a clearer understanding of how the developed XGBoost model
operates.

2.4.2 Forming the Algorithm of the Decision Tree Model

The process of constructing a decision tree involves three main steps [28][30]. Considering the example of
predicting student grades based on the number of hours they study and the number of practice tests they take,
the algorithm identifies the optimal feature to split the dataset using Attribute Selection Measures (ASM), which
evaluate how well each feature separates the data. In this case, the number of hours studied might be chosen as
the first decision node, as it provides the best differentiation in students’ grades.

Once identified, this feature becomes the decision node, dividing the dataset into smaller subsets, such as stu-
dents who study more than three hours and those who study three hours or less. The tree-building process then
continues recursively for each subset. For example, among students who study three hours or less, the algorithm
might split the data further based on the number of practice tests taken, creating additional child nodes.

This process continues until one of the following conditions is met: all students in a subset have the same grade
(e.g., all scored a 4), no additional features remain for splitting (e.g., practice tests and study hours have already
been used), or the dataset becomes empty. This recursive approach ensures that the decision tree captures
meaningful patterns in the data while dividing it into increasingly homogeneous groups.

In figure below 2.5, the algorithm for decision tree creation is visualized.

FIGURE 2.5: Overview of Decision Tree Construction and Evaluation: From Data Splitting to Perfor-
mance Assessment. This example presents a classification problem [30]

As mentioned previously, ASM is a method used to determine the best way to split data at each step in a decision
tree. It helps the algorithm identify which feature will create the most meaningful division of the data. For example,
when predicting student grades, the decision tree might analyze features such as the number of hours studied
and the number of practice tests taken. ASM assigns a score to each feature, ranking them based on how well
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they separate the data. The feature with the highest score, such as the number of hours studied, will be selected
as the splitting feature. If the feature is continuous, like hours studied, ASM also determines the best split point
(e.g., "3 hours or less" versus "more than 3 hours"). This ensures that the tree divides students into groups that
best predict their grades.

Common methods for scoring and selecting the best feature include [28][30]:

• Information Gain: Measures how much entropy is reduced by splitting on a particular feature.

• Gain Ratio: Adjusts Information Gain to account for the number of unique values in the feature.

• Gini Index: Measures how similar the resulting groups are after the split [28][32].

These measures ensure the tree makes effective splits, improving its ability to predict outcomes accurately.

Lastly, in the process of building a decision tree, the data is split into two parts: training data and test data, as can
be seen in figure 2.5. This is a crucial step to ensure the model is accurate and generalizes well to new, unseen
data [33]. The training data is used to build the decision tree. This is the portion of the data where the algorithm
learns patterns and relationships between features (e.g., number of study hours, practice tests) and the target
variable (e.g., grades). During training:

• The algorithm selects the best features for splitting the data using ASM.

• The dataset is repeatedly divided into smaller subsets, creating nodes and branches until the tree is complete
or meets stopping criteria (e.g., minimum number of samples per node).

The test data is used to evaluate the decision tree after it has been trained. This dataset is kept separate from the
training data and is not used during the learning phase. The purpose of the test data is to:

• Measure how well the decision tree performs on unseen data.

• Detect overfitting (when the model is too tailored to the training data and fails to generalize).

For example:

• The test data includes a new set of student records that the model has never seen before.

• The model predicts their grades based on the learned patterns, and the predictions are compared to the
actual grades.

2.4.3 Application of Decision Tree Modeling to the Case Study

Now that the concepts of decision trees have been explained, a decision tree was implemented for the case study
of SSFs, and more specifically for the dataset given in A using Jupyter Notebook. Jupyter Notebook provides
built-in libraries and functions to create and train decision tree models efficiently and also build-in decision tree
classifier model [30]. This eliminates the need to manually write the algorithm for constructing a decision tree, as
this is both redundant and time-consuming. Instead, the following libraries were utilised [30]:

1 # Load libraries
2 import pandas as pd
3 from sklearn.tree import DecisionTreeRegressor # Import Decision Tree Regressor for

regression tasks
4 from sklearn.model_selection import train_test_split # Import train_test_split function
5 from sklearn.metrics import mean_squared_error
6 from sklearn.metrics import r2_score

LISTING 2.1: Setting Up the Environment: Importing Libraries for Decision Tree Modeling [30]

The code in Listing 2.1 was necessary to build a decision tree classifier model. The libraries imported have
different purposes. For data manipulation and analysis, Pandas was used. The most important library was Deci-
sionTreeClassifier from the sklearn.tree module. This class was used to build the decision tree classifier model.
Another class also exists, which is called the DecisionTreeRegressor [34]. In the case study, the DecisionTreeRe-
gressor was used instead of the DecisionTreeClassifier because the target variable represents numeric values
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rather than discrete categories. For testing and splitting the data, the train test split function was imported. This
way, the function did not have to be manually designed. Lastly, from sklearn, metrics was imported, with which
the performance of the machine learning model, in this case decision tree model, was evaluated [30]. However,
as mentioned prior, in the case study, the target variable is not a discrete category but rather a numeric value.
Therefore, to assess the performance of the decision tree, from sklearn.metrics, the mean squared error (MSE)
[35] and R2 score functions [36] were used. In regression tasks, where the objective is to predict a continuous
value (e.g., DEC of bacteria), decision trees typically rely on the MSE as a criterion to assess the effectiveness
of a split. The MSE quantifies the average squared difference between the actual values (yi) and the predicted
values (ŷi) within a subset. The lower the MSE is, the better the model predicts the outcome. The MSE is defined
as [37]:

MSE =
1

n

n∑
i=1

(yi − ŷi)
2 (2.2)

Where:

• n: Number of observations (data points) in the subset.

• yi: Actual value of the target outcome (e.g., the observed removal efficiency for the i-th data point).

• ŷi: Predicted value of the target outcome (e.g., the average removal efficiency of all points in the subset).

The reason as to why the MSE was chosen instead of the Root Mean Squared Error (RMSE), is due to the fact
that the MSE squares the errors, meaning that larger deviations from the predicted values are penalized more
significantly than smaller ones.

The R² Score, also known as the coefficient of determination [36], measures how well the regression model
explains the variance of the target variable. It is calculated as:

R2 = 1−
∑n

i=1(yi − ŷi)
2∑n

i=1(yi − ȳ)2
(2.3)

Where:

• yi: Actual value of the i-th observation.

• ŷi: Predicted value for the i-th observation.

• ȳ: Mean of the actual values.

• n: Total number of observations.

The R² score ranges from [36]:

• 1: Perfect fit, where the model explains all the variability in the target variable.

• 0: The model explains no variability, equivalent to predicting the mean value for all observations.

• Negative values: Indicate that the model performs worse than simply predicting the mean of the target
variable.

For this study, different feature variables were given in an experiment done with a SSF, such as the FR, D10 and
the T.B.H. Also, the Decimal Elimination Capacity (DEC, in logs) for bacteria (E.Coli, Total Coliform) and Viruses
(Enterovirus, Adenovirus, Bacteriophage MS2) was given. The goal was to use the decision tree to predict the
DEC (in this case the target variable), using the feature variables.

Also, it is important to state that decision tree models are unable to handle missing data (NaN values), as
mentioned prior. In this research, the dataset presented in A contained a considerable amount of missing data in
the feature variables, such as FR and D10, or on the DEC of bacteria or viruses. Therefore, this data needed to
be removed from the dataset in order to create a decision tree. That is also why XGBoost modelling was chosen
in the research, as mentioned prior, as this is a model that incorporates both decision trees and that accounts for
NaN values.
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After the decision tree model had been constructed, the dataset was divided into a training set and a test set.
For the case study, the choice was to have 80 % training data and 20 % test data, since the data set had only
47 rows after removing the rows with NaN values. In this case, it was important to make sure that the test data
was large enough so that it could provide a good evaluation, while there was still a considerable amount of data in
the training set. The code for the implementation of the decision tree model for the case study, using the feature
variables FR, D10 and T.B.H., and the target variable DECBACT , is given below.

1 # Remove rows with NaN values in feature columns or target variable
2 Dataset = Dataset.dropna(subset =[’FR [m/h]’, ’D10 [mm]’, ’T.B.H. [m]’, ’DEC_bact_1 ’])
3

4 # Split dataset into features and target variable
5 feature_cols = [’FR [m/h]’, ’D10 [mm]’, ’T.B.H. [m]’]
6

7 X = Dataset[feature_cols] # Features
8

9 y = Dataset[’DEC_bact_1 ’] # Target variable
10

11 # Split dataset into training set and test set
12 X_train , X_test , y_train , y_test = train_test_split(X, y, test_size =0.2, random_state

=1) # 80% training and 20% test
13

14

15 # Create Decision Tree Classifier object
16 clf = DecisionTreeRegressor ()
17

18 # Train Decision Tree Classifier
19 clf = clf.fit(X_train , y_train)
20

21 # Predict the response for the test dataset
22 y_pred = clf.predict(X_test)

LISTING 2.2: Data Preprocessing and Decision Tree Regression Model Implementation [30]

Afterwards, the MSE and R2 of the model could be calculated. The code for this is given below.

1 print("Mean Squared Error (MSE):", mean_squared_error(y_test , y_pred))
2 print(" R Score:", r2_score(y_test , y_pred))

LISTING 2.3: Calculating the MSE and R2 of a random decision tree using data from the case study
[35][36]

The results of a random decision tree generated using the feature variables (FR, D10, and T.B.H.) and the target
variable (DECBACT ) from the case study revealed a MSE of 0.356 and an R² score of -0.141. As mentioned
prior, the MSE represents the average squared difference between the actual and predicted values, with lower
values indicating better accuracy. A MSE of 0.356 suggests that, while the model’s predictions are not exces-
sively far off, there is considerable room for improvement. For the R² score; a negative R² score, as observed
here (-0.141), indicated that the model performs worse than a simple baseline prediction using the mean of the
target variable [36]. These results highlighted the limitations of using a single random decision tree for predictive
modeling [29][38]. To achieve more accurate predictions and a better understanding of the relationships between
features and the target variable, more advanced ensemble methods were needed. The following section will ex-
plore XGBoost modeling, which combines multiple trees in an optimized manner to address these limitations and
improve prediction performance [39].

The constructed random decision tree model for the case study could also be visualized and had been done so
to give an idea of how the decision tree works. On the next page, a random decision tree containing the feature
variables and target variable can be seen. The aforementioned root nodes, branches and leaf nodes can also be
observed. The root nodes also state a value. This value is proportional to the value of the predicted DECBACT .
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FIGURE 2.6: Example of a Random Decision Tree, created from the code given in Listing 2.2
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2.5 Understanding the XGBoost Model: Concepts and Components

XGBoost is an advanced machine learning algorithm based on decision tree ensembles [39][40][41]. In essence,
a decision tree ensemble combines multiple decision trees to improve prediction accuracy. Each tree contributes
to the final prediction, either by averaging outputs (in regression tasks) or voting (in classification tasks). This
ensemble approach reduces the weaknesses of individual trees, such as overfitting and limited predictive power,
as showcased in the prior section, resulting in a more robust and reliable model. What sets XGBoost apart is its
use of gradient boosting, an optimization technique where trees are built sequentially to correct errors made by
previous ones. Additionally, XGBoost incorporates regularization techniques, enhances computational efficiency,
and is highly scalable, making it well-suited for structured data tasks like regression, classification, and ranking
problems. To better understand the concepts of the XGBoost model, first, the students’ grade example from the
previous section, will be continued here.

2.5.1 Basic Elements of Supervised Learning in XGBoost

As mentioned prior, XGBoost models make use of supervised learning, where training data xi (with multiple feature
variables, such as D10, FR and T.B.H.) is used to predict a target variable yi, such as DECBACT . This concept is
not only applicable for XGBoost models however, as simpler models can also make use of simple learning. As an
example, the linear model below is given to predict a target variable (yi) based on the weighted sum of the feature
variables (xi),

ŷi =
∑
j

θjxij (2.4)

For every xij , a weight θj is assigned in the case of the linear model above. Through learning of the data, the
parameters θ are determined. Thus, these parameters are unknown from the start. Returning to the decision
tree model that has been used for explaining the XGBoost methodology (e.g., predicting students’ grades based
on study hours and practice tests), the parameters θ can be thought of as, for example, the splitting rules (e.g.,
"Study Hours > 3") and the selected features (e.g., "Practice Tests").

In order to find the best parameters θ (e.g., splitting rules, selected features in the decision tree, etc.) that fit the
feature variables to the target variable yi (e.g., student’ grades), an objective function is defined, which measures
how well the model fits the training data. The objective function for the XGBoost model is given below.

obj(θ) = L(θ) + Ω(θ) (2.5)

In this equation:

• L(θ): Represents the training loss, which quantifies how well the model’s predictions (ŷi) align with the actual
target values (yi) in the dataset.

• Ω(θ): Represents the regularization term, which helps control the model’s complexity, preventing it from
overfitting the training data.

A commonly used measure for the training loss function, in regression problems, is the MSE, which was introduced
in the previous section. In the case of XGBoost, it is defined as followed:

L(θ) =
∑
i

(yi − ŷi)
2 (2.6)

The regularization term Ω(θ) penalizes unnecessary model complexity, promoting better generalization to unseen
data. Without regularization, a model may overfit the training data by learning noise or unnecessary details,
resulting in poor generalization to new, unseen data. This concept is better explained through visualization as can
be seen in figure 2.7.
Figure 2.7 illustrates the impact of regularization on model complexity and fit. In the top graph, excessive splits
(t1, t2, t3, t4, t5) result in a highly complex model, capturing every small fluctuation in the data. This leads to
overfitting, where the model performs well on training data but fails to generalize to new data. In contrast, the
bottom graph shows a balanced model that uses a single meaningful split (t1) to capture the overall trend. This
balance minimizes overfitting by controlling complexity (Ω(f)) while keeping the training loss (L(f)) low, ensuring
better generalization.



2.5. Understanding the XGBoost Model: Concepts and Components 19

FIGURE 2.7: Effect of Regularization on Model Complexity and Fit [42]

2.5.2 Model Choice of XGBoosts: Decision Tree Ensembles

The XGBoost model is build upon decision tree ensembles [39][40][41][42]. This model contains a set of classifi-
cation and regression trees (CART). An example of a regression decision tree was the earlier mentioned decision
tree on students’ grades or the one used for the case study, of which the code was given in Listings 2.2. However,
the classification and regression decision trees used in the ensemble decision tree model of XGBoost differ from
the traditional decision tree. In a traditional regression decision tree, such as the one used for predicting students’
grades, each leaf node contains a final prediction, as can be seen in figure 2.6, which is typically the average of the
target variable (e.g., DECBACT ) for the data points in that subset. However, in XGBoost, the regression decision
trees operate differently as part of the ensemble. Instead of each leaf node containing a direct prediction of the
target variable (e.g., the average student grade or DECBACT in a subset), the leaf nodes in XGBoost trees store
contribution scores. These scores represent adjustments to the overall prediction rather than final predictions
themselves.

In contrast, in XGBoost:

1. The first tree might predict the baseline, such as the global average grade, ŷ1 = 3.5.

2. Subsequent trees would iteratively refine this baseline by learning residuals (the difference between actual
grades and predicted grades). For instance:

• A second tree could add +0.3 for students who studied more than 3 hours.

• A third tree might add +0.1 for students who took more than 1 practice test.

This iterative refinement ensures that each tree in the ensemble focuses on the errors left by previous trees,
gradually improving the model’s overall predictive accuracy. The final prediction is the sum of the contributions
from all trees, regularized to prevent overfitting. This process is visualized in figure 2.8 below, in which ensemble
decision trees, using the CART method, is utilised to predict whether a certain target group enjoys a computer
videogame or not.
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FIGURE 2.8: Ensemble Learning in XGBoost: Combining Contributions from Multiple Trees [42]

The model on decision tree ensembles is based on the objective function and training loss function, represented
in equations 2.5 and 2.6, and is given by the following equation [40]:

ŷi =

K∑
k=1

fk(xi), fk ∈ F (2.7)

Here:

• ŷi: The final prediction for data point i (e.g., a student’s grade).

• K: The total number of trees in the ensemble.

• fk(xi): The prediction from the k-th tree for input features xi (e.g., study hours, number of practice tests).

• F : The space of all possible CARTs (Classification and Regression Trees).

The optimization objective combines two components:

1. Training Loss: Measures how well the predictions match the actual target values (yi), such as the earlier
stated MSE for grades.

2. Regularization Term: Controls the complexity of the trees to prevent overfitting. This is represented as
ω(fk), which penalizes trees with excessive splits or depth.

The objective function is:

obj(θ) =
n∑

i=1

l(yi, ŷi) +

K∑
k=1

ω(fk) (2.8)

Where:

• l(yi, ŷi): The loss function (e.g., MSE, measuring the difference between actual and predicted grades).

• ω(fk): The complexity of the k-th tree.

In the case of predicting students’ grades, the model would operate as followed:

1. Feature Variables (xi): Each student has feature variables such as "Study Hours" and "Number of Practice
Tests." For example, xi = (Study Hours: 4, Practice Tests: 2).

2. Tree Predictions (fk(xi)):
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• Tree 1: The tree predicts a baseline based on "Study Hours."

– If "Study Hours > 3," it contributes f1(xi) = +1.5.

• Tree 2: Refines this prediction based on "Practice Tests."

– If "Practice Tests > 1," it adds f2(xi) = +0.8.

3. Final Prediction (ŷi): The model sums the contributions from all trees:

ŷi = f1(xi) + f2(xi) = 1.5 + 0.8 = 2.3

The student’s predicted grade is 2.3.

4. Training Loss (l(yi, ŷi)): The loss function calculates the difference between the actual grade (yi) and the
predicted grade (ŷi). For example, if the actual grade is 3.0, the MSE loss is:

l(yi, ŷi) = (3.0− 2.3)2 = 0.49

5. Regularization (ω(fk)): To avoid overfitting, the model penalizes trees with too many splits or excessive
depth. For example, a tree that splits unnecessarily based on irrelevant feature variables (e.g., "Favorite
Subject") will have a higher ω(fk), discouraging such complexity.

2.5.3 Forming the Algorithm of the XGboost Model

As stated previously, the XGBoost model is a supervised learning model and in order to train this model, the
objective function should is defined and then optimized. The objective function had already been stated in equation
2.8. Furthermore, the algorithm for the additive strategy used in XGboost modelling, which was stated prior, in
equation 2.7, is given below in more detail:

ŷ
(0)
i = 0 (2.9)

ŷ
(1)
i = f1(xi) = ŷ

(0)
i + f1(xi) (2.10)

ŷ
(2)
i = f1(xi) + f2(xi) = ŷ

(1)
i + f2(xi) (2.11)

... (2.12)

ŷ
(t)
i =

t∑
k=1

fk(xi) = ŷ
(t−1)
i + ft(xi) (2.13)

Following the given equation 2.13, the equation for the aforementioned loss function, can be rewritten to equation
2.14:

obj(t) =
n∑

i=1

l(yi, ŷ
(t)
i ) +

t∑
i=1

ω(fi) (2.14)

Expanding it, the function can be written as followed below. The reason this is possible, is due to the fact that the
results of the decision tree are adjusted, as shown in equations 2.9 to 2.13, and therefore the new objective is
defined. For clarification purposes, in the case of XGBoost, the objective is the function that the XGBoost model
seeks to minimize during training of the dataset.

obj(t) =
n∑

i=1

l(yi, ŷ
(t−1)
i + ft(xi)) + ω(ft) + constant (2.15)

Equation 2.15 can be adjusted even further. In the previous section, it was stated that for training loss functions
in regression problems, the MSE is used. The formula for the MSE was given in equation 2.2. By substituting
equation 2.2 into equation 2.15, the following equations can be derived:
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obj(t) =
n∑

i=1

(
yi −

(
ŷ
(t−1)
i + ft(xi)

))2

+

t∑
i=1

ω(fi) (2.16)

This can be further simplified as:

obj(t) =
n∑

i=1

[
2
(
ŷ
(t−1)
i − yi

)
ft(xi) + ft(xi)

2
]
+ ω(ft) + constant (2.17)

In XGBoost modelling, using a Taylor expansion up to the second order is preferred instead of the form of MSE
[42]. The reason for this is that loss functions, besides MSE (quadratic), exist, such as logistic loss functions.
For these type of functions, the Taylor expansion can approximate them into a quadratic form using gradients and
curvature [43]. The conversion shown below has been implemented based on the insights provided in Sukanya
Bag’s article [44].:

L(x) ≈ L(a) + L′(a)(x− a) +
1

2
L′′(a)(x− a)2 + . . . (2.18)

L(y, ŷ) ≈ L(y, ŷ(t−1)) +
∂L

∂ŷ
(ŷ − ŷ(t−1)) +

1

2

∂2L

∂ŷ2
(ŷ − ŷ(t−1))2 (2.19)

1. First derivative (gradient):
∂L

∂ŷ
= gi (2.20)

2. Second derivative (curvature):
∂2L

∂ŷ2
= hi (2.21)

Using these, the Taylor expansion becomes:

L(y, ŷ) ≈ (y − ŷ(t−1))2 + (gi)(ŷ − ŷ(t−1)) +
1

2
(hi)(ŷ − ŷ(t−1))2 (2.22)

Reorganizing, this becomes:

L(y, ŷ) ≈ constant + gift(xi)︸ ︷︷ ︸
First-order term

+
1

2
hif

2
t (xi)︸ ︷︷ ︸

Second-order term

(2.23)

Now the objective loss function, at step t, becomes:

obj(t) =
n∑

i=1

[
gift(xi) +

1

2
hif

2
t (xi)

]
+ ω(ft) (2.24)

The regularization term, or the complexity of the tree, also needs to be defined. In XGBoost, this regularization
term can be divided into an L1 and L2 regularization term [40][45], of which the equations for L1 and L2 are given
below:

obj(t) =
n∑

i=1

[
gift(xi) +

1

2
hif

2
t (xi)

]
+ ωL1 + ωL2 (2.25)

ωL1 = α

T∑
j=1

|wj | (2.26)
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ωL2 =
1

2
λ

T∑
j=1

w2
j (2.27)

Here, λ and α are hyperparameters that control the regularization terms ωL1 and ωL2 [40][45]. Through L2 regu-
larization, the weights are encouraged to be small, whereas in L1 regularization, the term encourages the weights
to shrink towards zero. Now, the objective function for the tree can be simplified. This simplified objective function
is presented by the tutorial of XGBoost [42]:

obj(t) ≈
n∑

i=1

[
giwq(xi) +

1

2
hiw

2
q(xi)

]
+

1

2
λ

T∑
j=1

w2
j + α

T∑
j=1

|wj | (2.28)

Since all data points in the same leaf share the same weight wj , the objective function can be reformulated, by
grouping data points into leaves:

obj(t) =
T∑

j=1

∑
i∈Ij

gi

wj +
1

2

∑
i∈Ij

hi + λ

w2
j + α|wj |

 (2.29)

where:

• Ij = {i|q(xi) = j} represents all data points in leaf j.

• The summation
∑

i∈Ij
ensures that all samples in the same leaf contribute together.

To simplify further, the summations of the gradient and curvature are shortened as followed:

Gj =
∑
i∈Ij

gi (Total gradient of the leaf) (2.30)

Hj =
∑
i∈Ij

hi (Total curvature of the leaf) (2.31)

Using these terms, the loss function becomes:

obj(t) =
T∑

j=1

[
Gjwj +

1

2
(Hj + λ)w2

j + α|wj |
]

(2.32)

As stated prior, the loss function needs to be minimized and in order to do so, the derivative of the function needs
to be equal to zero. If the terms in the brackets equal zero, then the derivative will be equal to zero, therefore the
following equation needs to be solved:

d

dwj

(
Gjwj +

1

2
(Hj + λ)w2

j + α|wj |
)

= 0 (2.33)

Solving for wj , the following is determined:

w∗
j = − Gj

Hj + λ
(2.34)

Now, w∗
j can be substituted back into the objective function to compute the optimal objective value reduction:

obj∗ = −1

2

T∑
j=1

G2
j

Hj + λ
(2.35)

This equation explains how much the error in the model reduces when adding a new tree.

Now that the performance of a tree is defined through the use of equation 2.35, the goal now is to determine
how the tree is build and whether splitting a node (leaf) in a decision tree improves the model or not. Instead of
growing the tree indefinitely, it is evaluated whether splitting is beneficial. The equation given below [42] provides
a numerical way to determine whether splitting a node improves the model’s predictive power. This equation is
called the Gain. In the previous section, it was also explained that decision trees make use of either the Information
Gain, Gain Ratio of Gini Index. In XGBoost modelling, the following Gain formula is used for this:
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Gain =
1

2

[
G2

L

HL + λ
+

G2
R

HR + λ
− (GL +GR)

2

HL +HR + λ

]
− γ (2.36)

Each term represents a specific part of how a tree split is evaluated:

• Left Leaf Score: G2
L

HL+λ

• Right Leaf Score: G2
R

HR+λ

– Similar to the left leaf, this term measures the improvement on the right leaf.

• Original Leaf Score: (GL+GR)2

HL+HR+λ

– Represents the score before the split, using both left and right samples combined.

• Regularization Term: −γ

– Ensures that a split only happens if it significantly improves the model. If the gain is smaller than γ, the
branch is not added (pruning).

2.5.4 Application of XGBoost Modelling to the Case Study

Now that the concepts of XGBoost modelling have been explained, the XGBoost model was implemented for the
case study of SSFs, and more specifically for the dataset given in A using Jupyter Notebook. Just as was the case
for decision tree modelling, Jupyter Notebook provides built-in libraries and functions to create and train decision
XGBoost models [46]. This eliminates the need to manually write the algorithm for constructing the XGBoost
model, as this is both redundant and time-consuming. Instead, the following libraries, given by the XGBoost
developers, were utilised [46] [47]:

1 from xgboost import XGBRegressor
2 from sklearn.model_selection import train_test_split , GridSearchCV , StratifiedKFold
3 from sklearn.metrics import mean_squared_error , r2_score
4 # Initialize the XGBoost Regressor
5 xgb = XGBRegressor(random_state =42)

LISTING 2.4: Initializing and Importing Libraries for XGBoost Regression Model [47]

The mean_squared_error and r2_score from the sklearn.metrics library and the train_test_split package from
the sklearn.model_selection libraries had been explained prior. Besides these packages, the GridSearchCV and
the StratifiedKFold packages from the sklearn.model_selection were also implemented [48]. GridSearchCV was
utilised to find the best combination of hyperparameters to optimize the XGBoost model performance. The Strati-
fiedKFold package ensured that each fold in cross-validation has the same proportion of target values [49].

Next the feature variables and target variables were defined yet again, as was the case for the earlier decision
tree model, and afterwards the data was split into test and training data:

1 # Drop rows with missing target values
2 data_bact = data_bact.dropna(subset =[’DEC_bact_1 ’])
3 X = data_bact [[’FR_m/h’, ’D10_mm ’, ’HRT_h’, ’D60/D10’ ]]
4 y = data_bact[’DEC_bact_1 ’]
5 # Create quantile -based bins for the target variable
6 y_binned = pd.qcut(y, q=10, labels=False) # Divide into 10 bins (quantiles)
7 # Split the data into training and testing sets
8 X_train , X_test , y_train , y_test = train_test_split(X, y, test_size =0.2, random_state

=43, shuffle=True)

LISTING 2.5: Defining the feature variables (e.g., T.B.H. and FR) and target variable (e.g., DEC of
bacteria, and splitting the data into test and training data
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The variable y_binned was defined, as using y would result in an error in Jupyter Notebook. This was due to
the fact that y, which is in the case study, the DEC of bacteria, a continuous variable. StratifiedKFold requires a
classification style target [49], meaning it expects discrete classes rather than continuous numerical values, hence
why the target variable was converted into bins.

The hyperparameters of the XGBoost model were then defined. These parameters were systematically adjusted
and fine-tuned throughout the training and testing phases, by observing the MSE of the test set and the cross-
validation set, to achieve the best possible model accuracy. Before these parameters were defined, the XGBoost
model performed poorly, resulting in lower MSE scores for both test and CV MSEs. After consulting with Post
- Doc Researcher Grigorios Kyritsakas, certain hyperparameters were chosen to be implemented in the model
[47][50]. The parameter grid and the chosen parameters and their values are shown below:

1 # Set up a parameter grid for hyperparameter tuning
2 param_grid = {
3 ’n_estimators ’: [100, 200, 300],
4 ’max_depth ’: [6, 8, 10],
5 ’learning_rate ’: [0.01, 0.05, 0.1],
6 ’subsample ’: [0.6, 0.8, 1.0],
7 ’colsample_bytree ’: [0.6, 0.8, 1.0],
8 ’reg_alpha (L1 Regularization): [0.1, 0.5, 1],
9 ’reg_lambda (L2 Regularization)’: [5, 10]

10 }

LISTING 2.6: Defining a Parameter Grid for Hyperparameter Tuning [50]

• n_estimators: The number of trees used in the model. Choosing more trees to use may lead to a better
performance, however, the computation time also increased considerably. Therefore, a maximum of 300
was chosen.

• max_depth: The maximum depth of each tree. Deeper trees can model more complex data but are more
prone to overfitting. The max depth was chosen based on the resulting MSE for the cross validation.

• learning_rate: Shrinks the contribution of each tree to prevent overfitting. This function serves the same
purpose as the previously stated L2 Regularization.

• subsample: The fraction of training data used per boosting round. It helps prevent overfitting.

• colsample_bytree: The fraction of feature variables randomly sampled for each tree. Reducing this can
also help prevent overfitting.

The following code initializes StratifiedKFold, which was used to split the data into multiple folds while preserv-
ing the distribution of the target variable:

1 skf = StratifiedKFold(n_splits=4, shuffle=True , random_state =42)

LISTING 2.7: Initializing Stratified K-Fold

In this code, n_splits ensured that the dataset was divided into four equal folds with the same distribution of the
binned target variable y_binned, for cross validation. Afterwards, GridSearchCV [48] was used to optimize the
hyperparameters of the XGBoost model by testing multiple combinations of the parameters that were stated in
Listing 2.6. The code for this is depicted below:

1 grid_search = GridSearchCV(
2 estimator=xgb ,
3 param_grid=param_grid ,
4 cv=skf.split(X, y_binned), # Use the binned target variable for stratification
5 scoring=’r2’,
6 verbose=1,
7 n_jobs=-1
8 )

LISTING 2.8: Performing Grid Search with StratifiedKFold [48]
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• estimator=xgb specified the use of the XGBoost regressor model instead of the XGBoost classification
model.

• param_grid=param_grid defined the hyperparameter search space.

• cv=skf.split(X, y_binned) ensured that cross-validation was stratified using the binned target variable.

• scoring=’r2’ evaluated model performance using the R-squared metric.

• verbose=1 printed updates during training.

• n_jobs=-1 enabled parallel computation to speed up the search.

After the best parameters were found, the final model was trained, using the function grid_search.fit(X, y) in Jupyter
Notebook [48], and then used for predictions and performance evaluation.

1 grid_search.fit(X, y)
2 print(f"Best Parameters: {grid_search.best_params_}")
3 print(f"Best R^2 Score from CV: {grid_search.best_score_}")
4 best_xgb = grid_search.best_estimator_
5 y_pred = best_xgb.predict(X_test)
6 mse = mean_squared_error(y_test , y_pred)
7 r2 = r2_score(y_test , y_pred)
8 print(f"Mean Squared Error on Test Set: {mse}")
9 print(f"R^2 Score on Test Set: {r2}")

LISTING 2.9: Fitting Grid Search to Training Data

• best_xgb retrieved the best model from GridSearchCV.

• y_pred = best_xgb.predict(X_test) generated predictions on the test set.

2.5.5 Using the Model for Parameter Adjustment

After testing the model, the XGBoost model was used to explore the effects of adjusting design parameters on
removal efficiencies. By inputting adjusted values for key design parameters, such as FR_m/h (FR), T.B.H._m
(T.B.H.), and D10_mm (D10), the model estimated the corresponding removal efficiencies, as can be seen in figure
2.9. This approach allowed for a systematic exploration of how changes in design parameters impacted bacterial
and virus removal efficiency. The ability of the XGBoost model to provide reliable predictions based on parameter
adjustments demonstrated its practical utility for optimizing the design of slow sand filters. The code for this
interactive tool is given in Appendix E.



2.5. Understanding the XGBoost Model: Concepts and Components 27

FIGURE 2.9: Adjusting Parameters in XGboost, leading to prediction of Bacteria Removal, using 5
features. The code corresponding to the model is given in E





29

Chapter 3

Integrating Literature and Data: An
Analytical Approach

The purpose of the literature review is to explore the key design parameters of SSFs and to understand how
specific factors, like FR and D10, influence the ability of SSFs to remove bacteria and viruses, as stated in different
papers. To achieve this, a broad range of studies will be analyzed, with the aim of compiling and quantifying data
on the relationships between these design parameters and the removal efficiencies of contaminants. Quantifying
both the parameters and their outcomes is particularly important because it allows identification of a spectrum of
values that could optimize contaminant removal under various conditions. Furthermore, key findings regarding the
effects of the design parameters on the removal efficiencies of bacteria and viruses will be noted from the studies,
as these will later be compared and validated using the dataset. In addition, the literature review will take into
account the differences in experimental setups across studies, recognizing that these variations may influence the
reported removal efficiencies. By treating the review as a kind of case study, the intention is to better understand
how diverse experimental conditions might affect the results. Lastly, the findings from the literature review will lay
the groundwork for the later analysis of lab- and pilot-scale data.

3.1 The Filtration Rate

3.1.1 Definition of The Filtration Rate

The performance of a SSF treatment is highly affected by the FR that is applied in a SSF [51]. This design
parameter is an independent parameter and is the flow rate of water entering the filtration system relative to
the surface area of the filter. It indicates how quickly water is being processed through the filter. Due to these
associations, the FR is often fixed after the SSF has been constructed. However, different configurations to alter
the FRs can still be realized. In laboratory or pilot scale, applying different FRs is made easier, through control of
conditions. For SSFs, a range of 0.1 to 0.4 m/h is suggested for FRs by Huisman and wood (1974) [52].

The FR influences the contact time between the water and the filter media. Lower FRs mean longer contact
times, which generally improve the removal efficiencies of contaminants. Higher FRs can lead to rapid clogging of
the filter media, requiring more frequent maintenance and cleaning.

3.1.2 Effects of Filtration Rates on Removal Efficiencies of Bacteria and Viruses for
Drinking Water Preparation in Literature

In experiments focused on the removal of E. coli, fecal coliform, and Campylobacter in drinking water treatment,
the FRs used have varied significantly, yet all resulted in effective removal efficiencies for bacteria. It is stated that
changes to the FR only will not have a significant effect on the removal of bacteria. In a study conducted by Wim
et al. [53] , it was demonstrated that the development of the Schmutzdecke had a significantly greater impact on
the removal efficiency of E. coli than the choice of FR. The configurations of each of the SSFs in the study of Wim
et al. has been showcased in table 3.1. In this table, it is made clear that different configurations of SSFs can lead
to different outcomes of removal efficiencies for bacteria.

While lower FRs generally allowed for extended contact time and thus higher removal efficiency, the presence
of a mature Schmutzdecke led to superior removal capabilities regardless of the FR employed. The study high-
lighted that, even at higher FRs (e.g., 0.4 m/h), effective removal could be achieved if the Schmutzdecke was
well-developed. Conversely, in experiments without a Schmutzdecke, even lower FRs (e.g., 0.08 m/h) yielded
suboptimal removal efficiencies. However, studies have also shown that even remarkably low FRs, ranging from 2



30 Chapter 3. Integrating Literature and Data: An Analytical Approach

to 20 L/day, can effectively remove total coliform by over 95 % by day 7 in bio-sand filters (BSFs), 97.4 % in house-
hold SSFs, and even up to more than 99 % [54][55][56], depending on the development of the Schmutzdecke.
These findings underline the critical role of biofilm development in optimizing SSF performance.

Design Parameter 0.25 m/h 0.3 m/h 0.4 m/h

Filter Medium/Media sand sand sand
Grain size(s) 0.13–0.37 0.30 0.15–0.6
Total Bed Height (cm) 150 150 150
Surface Area (m2) - 2.56 -
Type of Water Pre-treated surface water Pre-treated surface water Pre-treated surface water
Duration of Experiment Continuous operation 10 days Continuous operation

TABLE 3.1: Configurations of the SSFs utilized in the study of Wim et al. [53]

For virus removal, the maturity of the filter bed is more critical than the FR as well [57], as both virus and bacteria
removal primarily occur through microbial activity. Similar to the removal of bacteria, a wide range of FRs have
been utilized in studies for the removal of pathogenic viruses. Both high (0.15 - 0.4 m/h) and low (0.29 m/d) FRs
have proven to remove enteric viruses, such as the Polio viruses, by > 99.93 % and > 1.8 log10, respectively
[55][58][59][60].
As mentioned earlier, both high and low FRs have demonstrated efficient removal; however, higher FRs can lead
to faster clogging. One way to combat this, is through thorough pre-treatment of the influent water [53][61]. In
a study by Pereira et al. pre-treatment of raw influent water was significantly enhanced which mitigated clogging
issues and extended operational duration [61]. Without pre-treatment, even lower FRs (e.g., 0.075 m/h) still led to
rapid clogging within 15 days, whereas pre-treated influent allowed SSFs to operate efficiently at higher FRs (e.g.,
0.3 m/h) for up to 71 days. The findings align with other studies, such as Wim et al., by showing that a mature
Schmutzdecke can develop effectively even under higher FRs, provided the influent is adequately pre-treated.

Based on findings from previously mentioned studies, it is evident that establishing the optimal FR for a SSF is a
difficult task as the removal efficiencies for bacteria and viruses do not solely depend on the FR but also on other
factors, such as the source water quality, temperature, biological maturity of the Schmutzdecke, pre-treatment of
the influent water and residence time, of which some have a direct correlation with the FR. Furthermore, from lit-
erature review, it becomes apparent that lab-based filters have shown higher removal efficiencies for bacteria and
viruses in comparison to SSF operations in the field. This could be attributed to improved control of operational
conditions, particularly the hydraulic residence time [1]. Due to the differences in the design parameters/oper-
ational conditions, both high and low ranges of FRs have proven to be adequate for the removal of the target
contaminants. When designing a SSF, the FR should ideally be selected based on the specific system config-
uration and the quality of the influent water it is intended to treat. This principle is also supported by drinking
water treatment companies, as demonstrated in a technical fact sheet from one such company, which highlights
that the filtration rate depends on various design parameters and operational conditions, including bed area, filter
medium gradation, and influent water quality [62]. This principle is further substantiated by Abdiyev et al. which
have stated that if the raw water has a particle concentration of less than 25 mg/L, the range of filtration rate that
should be used is between 0.08-0.4 m/h, and if it is above 25 mg/L, it should vary between 0.1-0.2 m/h [63]. This
might also explain the different values set for the FR by different researchers. As mentioned prior, Huisman and
Wood have stated that a FR between the ranges of 0.1 to 0.4 m/h is effective [52], while Visscher has stated that
FRs between 0.1 and 0.2 m/h would result in an effluent with good quality and higher FRs would spoil the quality
of the effluent water. In contrast to this again, the studies of Muhammed et al. and Sadiq et al. have both proven
that higher FRs may show high removal efficiencies for higher filtration rates [64] [65]. In all these studies, the
quality of the influent water differed.

From literature study, the following remarks can be made regarding the FR:

• Both high and low ranges of FRs have proven effective for the removal of bacteria and viruses, but their
efficiency depends heavily on additional factors, such as influent water quality, pre-treatment, sand size,
residence time, and temperature. The biological maturity of the Schmutzdecke also plays a significantly
larger role, as highlighted in multiple studies [53].

• Optimal FR selection should be based on the influent water quality and SSF configuration. For raw water with
low pollutant concentrations, higher FRs may be viable, while higher pollutant concentrations necessitate
lower FRs to prevent rapid clogging [63].
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3.1.3 Exploratory Data Analysis of Effect of Filtration Rate in the Removal of Bacteria
and Viruses

To better understand the effects of the FR on the removal of bacteria and viruses, scatterplots were created to
illustrate the relationship between FR and removal efficiencies for both bacteria and viruses (figures 3.1 and 3.2).
These scatterplots, presented separately for bacteria and viruses, aimed to visualize any potential relationships or
trends between the filtration rate and contaminant removal efficiencies. However, the scatterplots reveal that there
is no apparent or consistent correlation between FR and the removal efficiencies for either bacteria or viruses, as
was already deduced through use of the correlation matrix. This absence of a clear trend can be attributed to the
complex, multi-factorial nature of the removal processes in SSFs discussed earlier. Different configurations of the
SSF result in different outcomes of effective FRs.

For example, parameters such as:

• D10 and n [-], as these directly affect the retention and filtration mechanisms, influencing the removal of
contaminants.

• T.B.H., as an increased bed height will lead to higher removal of contaminants due to extended filtration
pathways.

• Operational conditions, such as temperature, have a significant effect on the speed of biological processes
in SSFs

The other design parameters and operational conditions interact with the FR and contribute to the observed
variability in removal efficiencies. Thus, the scatterplots reflect a composite of these interactions rather than
isolating the effect of FR. The lack of a discernible pattern suggests that while FR is a critical design parameter, its
impact cannot be evaluated in isolation. Instead, the scatterplot must be analyzed alongside other key variables.
If an interesting pattern, an outlier, or a result that doesn’t align with the literature is observed, the specific study
responsible for that point will be examined. In that study, the other key parameters, aside from the FR, will be
compared to understand why the observed result occurs.This way, the outlier can be explained. The scatterplots
regarding the removal efficiencies for bacteria and viruses through influence of FRs are given in figures 3.1 and
3.2.

FIGURE 3.1: Scatterplot of FRs against Removal Efficiency of Bacteria. Details on the studies can
be found in the dataset, provided in Appendix A
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FIGURE 3.2: Scatterplot of FRs against Removal Efficiency of Viruses. Details on the studies can be
found in the dataset, provided in Appendix A

In most studies, multiple experiments were conducted using the same FRs but also different FRs to test its effects
on the removal efficiency of bacteria and viruses. An example of a study where the same FRs were used, but the
experimental outcomes for bacteria and viruses differed significantly, is the study conducted by Jack Schijven et
al. [4], depicted as study 4 in the scatterplots. As can be seen from the previous figures, the removal efficiencies
varied between > 0.783 and < 5.283, even though the FRs did not change at all or changed slightly. The FR varied
between 0.20 and 0.45 m/h in all 13 experiments in this study. The change in FR alone does not explain the high
variation between removal efficiencies. To understand better how the other design parameters in correlation with
the FR affected the design parameter, three experiments in study 4 were looked at; the experiment with the highest
removal efficiency (5.10, experiment 4D3), the experiment that performed adequately (2.90, experiment 4D2),
and an experiment that performed poorly (0.94, experiment 4W2). By observing the other design- and operational
parameters, the differences in the removal efficiencies can be explained. The most significant differences in design
and operational conditions are showcased in table 3.2.

Experiment FR [m/h] Grain Size [mm] Porosity [-] Age of Schmutzdecke [d] Temperature [°C] Removal of Bacteria

4W2 0.45 0.65 0.33 327 4 0.94
4D2 0.30 0.53 0.40 4 14 2.90
4D3 0.30 0.53 0.40 53 16 5.10

TABLE 3.2: Differences in values for design parameters in experiments of study 4 [4]. More informa-
tion on other design parameters/operational conditions can be found in Appendix A

From the table it is clear to see that the reason why 4W2 has such a low removal efficiency, is due to the low tem-
peratures that is performed on. The reason why 4D2 is lower than 4D3 is due to a less developed Schmutzdecke.
If that was not the case, the removal efficiency for 4D2 could possibly reach similar results as the removal effi-
ciency found for 4D3, but this is uncertain. In short, if the temperature was high for 4W2, the removal efficiencies
would be much higher. Between the three experiments, the experiment 4D3 seems most reliable, as this was
done under normal circumstances in terms of temperature and Schmutzdecke development.

Another interesting observation to cover is the high removal efficiencies found in experiments of study 6 [16]. Here
it can be observed that the removal efficiencies are highest of all the gathered data, namely that of > 5.298. This
is interesting because it matches what is commonly found in the literature: lower FRs tend to result in higher
removal efficiencies. However, even though this is the case, other experiments in another study, namely that of
study 9 [64], showed that removal efficiencies at the same FR value of 0.1 m/h were much lower, namely that
of > 2.798. This contradicts the findings from the literature review, as study 4 demonstrated that FRs of 0.3 m/h
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achieved removal efficiencies exceeding 5.298. To understand this better, in table 3.3, the biggest differences for
operational conditions and design parameters are showcased between the three studies.

Experiment FR [m/h] Total Bed Height Type of Water Lab/Pilot/Fullscale Removal of Bacteria

91C 0.10 0.73 1 Lab 1.86
4D3 0.30 1.24 3 Pilot 5.10
6E 0.10 0.60 3 Lab 5.30

TABLE 3.3: Differences in values for design parameters in experiments of study 4, 6 and 9 [4][16][64].
More information on other design parameters/operational conditions can be found in Appendix A

By taking a look at table 3.3, the differences in removal efficiencies can be explained yet again. The difference
between 91C and 6E is mainly in the type of water that was experimented upon. The type of water has been given
the category 3 for both 4D3 and 6E. This category means that the water is pre-treated surface water. 91C has
category 1, which stands for raw surface water. It seems that the experiment in which the water was pre-treated
resulted in higher removal efficiency when compared to filtering raw surface water, which is logical and aligns
well with earlier mentioned studies. The differences between 4D3 and 6E can also be explained. Even though
the FR is smaller for 6E (that of 0.10 m/h), the removal efficiency is still similar to the removal efficiency found in
experiment 4D3, even though it uses a higher FR (that of 0.30 m/h). However, the T.B.H. used in 4D3 is higher
to that of 6E, almost two times as high. So it could be the case that due to a much higher total bed height, the
removal efficiency for a higher FR, is still has high as the removal efficiency for an experiment with a lower FR.
All of the ranges can be explained in such a sense that different operational conditions and design parameters all
in combination can change the removal efficiency of a SSF. As an example, suppose the T.B.H. in study 6 was
also around 0.60 meters, similar to study 4. Then, the removal efficiencies would probably be much lower. This
statement holds true for the experiments in study 4 at a FR at 0.45 m/h as well. These were also done at a T.B.H.
of above 1 meters. This means that if they were done at a much lower T.B.H., their removal efficiencies would
drop. In conclusion, the removal efficiency values from study 4 for a FR of 0.45 m/h can be considered outliers.
When these outliers are excluded, the trend shown in figure 3.3 can be more clearly derived from the scatterplot.

FIGURE 3.3: General downwards trend in scatterplot of FR vs removal efficiency of bacteria

The statement found in literature, that an increase in FR leads to a decrease in removal efficiency, is generally
supported when other design parameters remain constant. This downward trend is visible in the scatterplot,
highlighted by the red lines. However, variability within this trend, shown by the vertical spread of data points,
reflects the influence of factors such as T.B.H., n [-], and D10. As was mentioned before, these parameters can
cause deviations and introduce outliers, emphasizing the importance of considering them in experimental design
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and analysis. The scatterplot in figure 3.3 illustrates both the overall validity of what was found in literature and
the complexity introduced by interacting design parameters.

In the scatterplot of FR vs. virus removal, a downward trend is also evident. However, similar to the scatterplot for
the removal of bacteria, a considerable number of outliers can be observed in the scatterplot for the removal of
viruses, indicating variability likely caused by differences in other design parameters. To validate this, experiments
that deviate from what was found in literature, that a higher FR typically results in a lower virus removal efficiency,
will also be closely examined.

One such deviation can be observed when comparing removal efficiencies from studies 6 and 12 [16] [66]. All
experiments in study 12, conducted at a low FR of 0.10 m/h, yielded removal efficiencies below 2.361. In contrast,
experiments from study 6 using a higher FR of 0.20 m/h demonstrated significantly better removal efficiencies,
ranging between 2.861 and 4.861. Furthermore, experiments in study 6 conducted at a higher FR of 0.40 m/h
resulted in removal efficiencies that were higher than those observed at an FR of 0.10 m/h in study 12. This further
refutes what was stated by researchers in literature.

To investigate this discrepancy, these experiments have been analyzed further to determine whether other
factors explain the variation. A closer examination of study 12 highlights why lower removal efficiencies were
observed at 0.10 m/h compared to the higher efficiencies at 0.20 m/h in Study 6. The fundamental differences
in experimental conditions between the two studies are a critical factor. For example, one experiment was con-
ducted at a pilot scale, designed to replicate real-world filtration conditions, while the other was performed on
a small column scale, which may not capture the complexities of full-scale operations. Additionally, differences
in environmental conditions, such as temperature, further distinguish the studies. One experiment utilized raw
surface water as influent, while the other used artificially inoculated water with specific contaminants. Therefore,
direct comparisons between these experiments are not valid due to the inherent disparities in their experimental
setups and conditions.

In summary, the scatterplots for both the removal of viruses and bacteria highlight that differences in operational
conditions and design parameters significantly influence the observed trends. While the statement derived from
literature, that higher FR leads to reduced removal efficiencies, holds true in many cases, variations in parameters
such as influent type, experimental scale, temperature, porosity, and total bed height introduce outliers and incon-
sistencies. These differences emphasize the importance of considering all operational factors when interpreting
the results, as they play a critical role in shaping the outcomes observed in the scatterplots.

3.2 The Hydraulic Retention Time

3.2.1 Definition of The Hydraulic Retention Time

An important design parameter that inversely correlates with the FR is the HRT. The HRT is the average time that
the water molecules spend in the SSF, from the moment they enter to the moment they leave. It must be noted
that the HRT is not one single number, but rather a distribution of times (residence distribution time), as is it is a
dependent variable. One particle of water can move faster through the filter in comparison to another particle of
water.

The theoretical HRT is dependent on the flow rate, volume and porosity of the filter medium and is defined by the
following equation:

HRT =
V · n
Q

(3.1)

Where:

Q is the flow rate (m³/h)
n is the sand porosity
V is the total volume of the sand (m³)

From equation (3.1) it can be concluded that a longer HRT corresponds to a lower FR, if the T.B.H. is high,
which can reduce the flow rate through the filter. This slower flow will then allow for more thorough filtration as
water interacts with the filter media for a longer period. Filters with longer HRTs may also require less frequent
maintenance as the slower flow rates can reduce the likelihood of rapid clogging.
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As previously mentioned, equation (3.1) demonstrates that the HRT depends on the porosity and volume, and
therefore also on the height of the filter bed. The porosity of the filter media has to do with the size and the
homogeneity of sand particles in a SSF [52]. The homogeneity can be best presented by the uniformity coefficient
(U.C., or D60/D10). This coefficient serves as a means to gauge the consistency of particle sizes within a sand
sample. If the U.C. is close to one, it means that all the sand particles in the SSF have the same size. An U.C.
of one will lead to higher filtration efficiencies. However, U.C.s of one are often not the case. U.C.s higher than
one mean that the sand particles in the filter have varying sizes. Thus, the gaps between the larger particles will
be filled by smaller particles, which in turn will lead to earlier clogging, uneven porosity, preferential flow paths
for water and thus shorter HRTs [67]. Another critical parameter related to sand size is the D10, which refers to
the diameter of the sand particle at the 10th percentile of the grain size distribution. The D10 directly influences
filtration performance, as smaller values of D10 correspond to finer grains that enhance the physical and biological
removal of contaminants.

3.2.2 Effects of Hydraulic Retention Time on Removal Efficiencies of Bacteria and Viruses
for Drinking Water Preparation in Literature

The effects of the HRT, n [-], grain size, D10, T.B.H. and U.C. on the removal efficiency of bacteria and viruses are
not clearly defined in the literature. Instead, most studies tend to focus on outlining the boundary values for these
design parameters rather than focusing on the effect of increasing/decreasing the value of the parameter. In this
section, analysis will be done whether these statements about the boundary values prove to be true or false.

Typical HRTs values in SSFs are recommended to range between 2.5 and 12.5 hours as boundary conditions
[1]. Regarding the U.C., higher values are associated with earlier clogging compared to experiments conducted
with lower coefficients. In a study by Guasparini et al., an SSF with a U.C. between 3.5 and 3.8 was used for
cryptosporidium removal [68]. This approach proved highly inefficient, achieving only 48% removal. Conversely,
another study using the same river water applied a much lower U.C. of 1.72 [58]. This adjustment significantly
improved removal efficiency, achieving rates exceeding 99%. Logan et al. suggest that the uniformity coefficient
should ideally remain below two [20].

When considering the D10, Logan et al. recommend a range of 0.15–0.35 mm for sand in SSFs, with porosity
values between 0.35 and 0.50. A decrease in n [-] below 0.35 would result in reduced HRT and lower removal
efficiencies.

The impact of grain size on the removal efficiency of bacteria is well-documented in the literature. In literature, it
is stated that smaller grain sizes generally result in higher removal efficiencies for coliform bacteria compared to
larger sizes [1]. For example, one experiment demonstrated that reducing grain size from 0.62 mm to 0.13 mm
increased coliform removal from 96.0% to 99.4%. Similarly, Jenkins et al. observed an increase in the removal rate
of indicator bacteria by 0.16 to 0.40 logs when grain size was reduced from 0.52 mm to 0.17 mm [19]. However, for
certain pollutants like Giardia cysts, changes in grain size had minimal impact on removal efficiency. Huisman et
al. highlight an additional advantage of finer grain sizes: they limit the deep penetration of pollutants into the sand
bed, making surface scraping sufficient for filter maintenance [52]. Furthermore, finer grains are associated with
lower head losses, while larger grain sizes result in higher head losses due to larger pores between the particles
[69].

In summary, smaller grain sizes generally improve bacterial removal efficiency, simplify filter maintenance, and
reduce head losses, though their effect may vary depending on the type of pollutant being targeted. Logan et al.
further emphasize this point, highlighting effective grain size as one of the most critical parameters influencing
bacterial removal.

The thickness of a sand layer also has a significance influence on the HRT and thus removal efficiencies of
SSFs, as it will take longer for the influent water to reach the end of the filter, because the filters have a larger
volume. According to Abdiyev et al., thicker layers are more effective in the removal of fine and colloidal particles,
viruses and turbidity of the influent water due to the previously mentioned statement [63]. However, after a certain
thickness, high efficacy is no longer applicable for certain pollutant types. As an example, in a study by Williams,
P.G., it was concluded that for the removal of bacteria, a 200 mm sand layer was sufficient for removing 99.5 % of
fecal bacteria [70]. If turbidity and coliform bacteria were to be removed as well, a 300 mm sand layer would be
suitable and in order to remove all viruses, a 600 mm layer would suffice [71]. In another study by Nancy et al.,
it was stated that biological activity occurred up to 0.5 m into the SSF [72], as a maximum removal of 98 percent
removal of coliform organisms was achieved at 0.5 m of the filter. In the same study, bacterial concentrations
in the influent water showed no significant differences at various sand depths. Consequently, it was concluded
that the sand bed thickness beyond 0.5 meters had no substantial effect on bacterial removal. For other types of
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contaminants such as suspended solids, BOD5, NO2, NO3
– , TSS, along with the pH and conductivity, Nancy et

al. have observed that the concentrations decreased substantially up to a depth of 1 m. The study by Nancy et
al. further highlights that varying sand layer thicknesses can achieve high removal efficiencies, depending on the
specific contaminant being targeted in the experiment.

In summary, in all previously mentioned studies, it has been stated that the thickness of the sand bed does
not have a significant correlation with the removal of bacteria or viruses, as most biological activity occurs in the
upper portion of the filter bed. Nevertheless, the effectiveness of bacteriological treatment becomes influenced
by the depth of the bed when dealing with larger sand sizes. This occurs due to the reduction in the total surface
area within the filter in a sand bed with larger grains. Additionally, higher flow rates may occur, leading to potential
increases in percolation rates [73].

From literature study, the following remarks can be made regarding aforementioned design parameters in this
section:

• Typical HRTs values in SSFs are recommended to range between 2.5 and 12.5 hours

• Higher U.C. values lead to earlier clogging compared to filters with lower U.C. values.

• For optimal performance, the U.C. should generally be below 2 [20].

• Sand porosity should ideally range between 0.35 and 0.50 for effective performance [20].

• Smaller grain sizes lead to higher removal efficiencies for coliform bacteria [1].

• Biological activity is concentrated in the upper 0.5 m of the filter bed [72].

• A 600 mm sand layer is necessary for virus removal [71].

• Larger grains in thicker beds may reduce total surface area, potentially lowering removal efficiencies[73].
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3.2.3 Exploratory Data Analysis of Effects of Aforementioned Design Parameters in the
Removal of Bacteria and Viruses

By analyzing the scatterplots of HRT against the removal efficiencies of bacteria and viruses, it becomes evident
that the results largely align with the literature, showing that higher HRT generally leads to improved removal
efficiency, as illustrated in figures 3.4 and 3.5. In most studies, there is a clear pattern where an increase in HRT
corresponds to enhanced removal efficiencies. This trend is notably observed in the studies conducted by Arora
et al., Wim et al., and Muhammad et al. [16] [53] [64], among others.

Some studies, however, deviate from what was stated in literature. A notable example is Study 5 [8], where
all experiments conducted at an HRT of approximately 13 hours resulted in lower removal efficiencies for bacteria
compared to experiments performed at shorter HRTs of 6 hours. Unfortunately, the reasons for this deviation could
not be determined from the available literature. It is possible that differences in operational conditions contributed
to these results, but without further details, it remains speculative. Interestingly, Study 5 utilized a larger total
bed height and a more developed Schmutzedecke compared to the experiments in study 6 at a HRT of 6 hours.
Both these factors are typically associated with improved removal efficiencies. Yet, the outcomes contradicted the
literature, as the removal efficiencies decreased instead of increasing as expected. This inconsistency highlights
the complexity of the factors influencing SSF performance and underscores the need for more detailed data to
understand such deviations.

For other experiments, however, the lower efficiencies at higher HRTs can be explained by differences in
operational conditions. For instance, in Study 9 [64], an HRT of 7.3 hours yielded a removal efficiency of 2.47,
whereas in Study 6, an HRT of 6 hours achieved a significantly higher removal efficiency of 5.30. A key factor
contributing to this discrepancy is the type of influent water used. In Study 9, raw surface water was utilized, while
in Study 6, pre-treated water was employed. The pre-treatment process likely reduced the initial contaminant load,
making it easier for the SSF to achieve higher removal efficiencies. Lastly, the scatterplot suggests that the initial
statement regarding an optimal HRT range of 2.5 to 12.5 hours holds true. A parabolic trend appears, with the
highest removal efficiencies observed around 6 hours.

FIGURE 3.4: Scatterplot of HRTs against Removal Efficiency of Bacteria. Details on the studies can
be found in the dataset, provided in Appendix A
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FIGURE 3.5: Scatterplot of HRTs against Removal Efficiency of Viruses. Details on the studies can
be found in the dataset, provided in Appendix A

As discussed earlier in Section 3.1.3, variations in design parameters and operational conditions complicate the
ability to definitively confirm or refute what is stated in the literature. Nevertheless, the overall trend aligns with well
with what was found in literature, suggesting that higher HRTs generally result in improved removal efficiencies.

3.3 Influence of the Schmutzdecke and Temperature

The previously mentioned design parameters such as FR, HRT, particle size distribution and layer thickness all
have a significant influence on the development of the Schmutzdecke, as was made clear and explained in the
previous sections. The Schmutzdecke is formed after weeks to months of operation within the first 2 to 5 cm of
the sand layer of the filter [1]. Up to 60 % of bacteria is removed within this layer [74] and 0.56 log10 removal of
bacteriophage MS2 occurs per centimeter of the Schmutzdecke [75]. In comparison, within the rest of the filter,
the removal of bacteriophage MS2 is only 0.06 log10 per centimeter. Thus, it is very important for a SSF to develop
this biofilm layer. The importance of the Schmutzdecke can also be noticed after cleaning the filter. An example
of this was found in a study by Wim et al. in which it was observed that scraping off the Schmutzdecke let to a
decrease in the removal rate of bacteria by 1-2 log10 [53].

Other studies have found that the removal of pollutants in influent water depended strongly, not only on the
Schmutzdecke, but the temperature of the water as well [4][63][76][77]. This was also derived in the previous
section, when examining the scatterplots. When the weather is cold, conducting the filtration process indoors
is recommended, even more so when subzero temperatures arise. Many experiments have been conducted in
which it was showcased that by lowering the temperature, the removal rates for several pollutants were lowered.
For example, in an experiment by Grützmacher et al. on the removal of microcystins [78], it was discovered that,
when the temperature was decreased from 20 oC to > 4 oC, the removal rate of Microcystins decreased from >85
% to <60 %, reason being that the bacterial bio-degradation was slowed down due to the lower temperatures of
operation. Other studies have also shown that decreases in temperature led to decreases in removal rates for
other pollutants such as E.Coli, COD and TOC [63][79]. In contrast to this, other studies found that differences in
temperature did not decrease the concentrations of some pollutants, such as Giardia lamblia or Cryptosporidium,
under specific operation conditions [80]. Such an example can be found in the study of Fogel et al., in which it was
stated that the temperature, which ranged from 0.5 to 20.0 °C, did not have any direct influence on the removal
efficiency of Giardia, Coliform and Cryptosporidium in the SSF [81]. It is mentioned by Fogel et al. as well that
the temperature of the raw water has an indirect influence on the presence of cryptosporidium oocysts as the
concentrations of oocysts in raw water may be dependant on its temperature. Through statistical analysis, it was
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discovered by Fogel et al. that in colder waters, the presence of oocysts is significantly higher than in warmer
waters.
In contrast to design parameters such as the FR, which can be deliberately chosen and adjusted during the design
of SSFs, operational conditions like the Schmutzdecke and temperature cannot be directly controlled or selected.
These operational conditions evolve naturally or depend on external environmental and design factors, making
them distinct from the deliberately engineered aspects of SSF systems.

3.4 Key Findings

The analysis reveals that SSF performance depends on the interconnected relationships between key design
parameters such as FR, HRT, D10, and n [-]. No single parameter can fully explain removal efficiencies, as
interactions between them often amplify or counteract individual effects. External factors, such as temperature,
influent quality and the development of the Schmutzdecke also play a crucial role.

While scatterplots offer valuable visual insights, they fall short in capturing the nonlinear and multivariate nature
of these interactions. Advanced modeling techniques, like XGBoost, are essential for accurately quantifying these
complex relationships and guiding optimization strategies.

In conclusion, a holistic approach that integrates parameter interactions, environmental conditions, and iter-
ative modeling refinements is essential for optimizing SSF design and achieving reliable contaminant removal
efficiencies. In the next chapter, the results of this approach are presented.
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Chapter 4

Results from Modeling: Insights into
Design Parameters and Efficiency

This chapter presents the outcomes of the analysis conducted to evaluate the performance of the predictive mod-
els developed to estimate removal efficiencies for bacteria and viruses. The focus is placed exclusively on the
XGBoost models, which were chosen for their ability to handle non-linear relationships, interactions between vari-
ables, and robustness against multi-collinearity and missing data. The results are organized as follows: first, the
performance of the XGBoost models is presented, including their predictive accuracy on both cross-validation and
test datasets. Then, the relative importance of design and operational parameters is explored through feature
importance analyses, providing insights into their individual and combined contributions to model performance.
Additionally, the chapter examines the comparative ability of the XGBoost models to predict bacterial and viral
removal efficiencies, shedding light on differences in predictive accuracy and parameter relevance for each tar-
get variable. The findings highlight the strength of XGBoost as a predictive tool for optimizing SSF design and
underscore the importance of key design and operational parameters in determining removal efficiencies.

4.1 Performance of XGBoost Models for Removal Efficiency for Bacteria

The predictions for bacterial removal efficiency using the XGBoost model show strong alignment with the actual
values, as illustrated in the scatter plot of Actual vs. Predicted DECbact1 in figure 4.1. This indicates that the
model performs well in predicting bacterial removal, with an R2 score of 0.968 on the test set and a MSE of
0.0641. The cross-validated R2 score, while slightly lower at 0.599, reflects a reliable generalization performance.
Furthermore, the feature importance analysis, obtained from the XGBoost model, provides insight into the relative
contributions of each design parameter to the prediction of bacterial removal efficiency (DEC_bact_1). Figure
4.2 illustrates the importance scores assigned to each feature by the model. This version of the model used all
the available features to evaluate their combined predictive power. However, as explained in the methodology,
feature reduction was explored to determine the subset of features that yielded the lowest BIC. Based on the
BIC, the optimal amount of features for predicting the removal efficiency for bacteria was equal to 5, as can be
seen in figure 4.3. The most important features can be seen in figure 4.4. Reducing the number of features not
only improved computational efficiency but also made the model clearer and easier to interpret. By reducing the
number of features, the model’s performance improved, as indicated by an increase in both the test set R2 score
(0.981) and the cross-validation R2 score.
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FIGURE 4.1: Prediction of bacteria removal using all features, showcased in figure 4.2, in the XGboost
model

FIGURE 4.2: Features ranked from least to most important, in predicting bacteria removal for XG-
Boost
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FIGURE 4.3: Determining the optimal amount of features of the XGBoost model using the BIC for
Removal of Bacteria. The dots represent all possible combinations of features and their BIC values

The vertical lines in the BIC plot represent models with the same number of features, while the dots along each
line correspond to all possible combinations of those features and their respective BIC values. The spread of
dots shows that different feature combinations yield varying BIC scores for the same feature count. The red
dot highlights the combination of features with the lowest BIC, indicating the optimal balance between model
complexity and fit.

FIGURE 4.4: Key Features Identified by XGBoost for Predicting Bacterial Removal Efficiency After
Excluding Non-Contributory Features through BIC
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Interestingly, the most important features derived from the original model, shown in Figure 4.2, differed from those
identified in the model operating on only five features. However, the five-feature model demonstrated greater
reliability, as indicated by a higher R2 score for the cross-validation datasets. The R2 for the test set and the MSE
was lower, however, when using the BIC parameters, compared to making use of either the top 5 parameters that
were important or using all parameters. The shift in feature importance can likely be attributed to the reduction
of redundancy, multicollinearity, and overfitting, allowing the model to focus more effectively on the truly influential
parameters.
The selected features—D10, temperature, HRT, T.B.H., and age of the Schmutzdecke—reflect the key parame-
ters influencing bacterial removal efficiency. For some of these features, such as D10 (D10_mm), temperature
(T_high_°C), and HRT (HRT_h), their impact on removal efficiency was already logical and previously discussed.
Interestingly, parameters such as porosity (n [-]), duration of operation, FR, pre-treatment level of the water, and
whether the experiment was conducted on a lab-, pilot-, or full-scale system appear less important in the final
model. This can be attributed to the fact that their effects are already indirectly captured by the selected features.
For example, FR and n [-] influence the HRT, while the duration of operation and maintenance account for changes
in the development of the Schmutzdecke.

In summary, the final XGBoost model demonstrates strong predictive performance for bacterial removal effi-
ciency. This is reflected in the high R2 score of 0.981 on the test set and a notable improvement in cross-validation
R2 to 0.653, showcasing the model’s ability to generalize well. The relatively low MSE of 0.037 further indicates
that the predictions closely align with the observed values. In comparison, the other models (OLS regression and
DT) performed considerably worse as can be seen in table 4.1.

Model MSE R2 (Training/CV) R2 (Test)

OLS Regression 1.03 0.535 (Training) -

Decision Tree (DT) 0.356 -0.141 (Training) -

XGBoost (All Params) 0.0641 0.599 (CV) 0.968

XGBoost (Top 5 Params) 0.082 0.509 (CV) 0.905

XGBoost (BIC Params) 0.16 0.655 (CV) 0.813

TABLE 4.1: Performance comparison of different models for predicting the removal of DECBACT .
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4.2 Performance of XGBoost Models for Removal Efficiency for Viruses

The same approach used for predicting bacterial removal efficiency was applied to predict the removal efficiency
of viruses using the XGBoost model. First, the model was trained using all available features, and the results,
including feature importance and model performance, are presented in figures 4.5 and 4.6. The model predicting
virus removal outperformed the bacterial removal model, achieving an R2 score of 0.965 on the test set and 0.798
during cross-validation.

FIGURE 4.5: Prediction of virus removal using all features, showcased in figure 4.6, in XGboost
model
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FIGURE 4.6: Features ranked from most import to least, in predicting virus removal for XGBoost

Next, the number of features was reduced based on the BIC, which identified three features as optimal, as can be
observed in figure 4.7. While three features may not seem enough for predicting the removal efficiency, the BIC
ensures that this number provides an optimal balance between simplicity and predictive accuracy. Adding more
features could lead to overfitting, capturing noise instead of meaningful patterns, while reducing interpretability
[82]. The results for the reduced-feature model are shown in figure 4.8 on the next page. The feature importance
analysis reveals that temperature is the most influential factor for virus removal efficiency, emphasizing its role in
enhancing microbial activity and biofilm performance. The interaction between FR and T.B.H., represented by their
combined factor, captures non-linear effects, reflecting how their joint influence affects processes like microbial
activity or particle retention, beyond the scope of linear relationships For instance, while a higher FR could reduce
contact time, the T.B.H. may counterbalance this by providing greater filtration depth, resulting in a more complex
and context-specific impact on removal efficiency. This interaction term differs from the HRT, as the HRT is a
represented as a ratio (T.B.H. / FR), focusing on how changes in one parameter relative to the other affect the
time water spends in the filter. Lastly, filtration rate independently contributes to removal efficiency by influencing
the time viruses remain in the filter.

FIGURE 4.7: Determining the optimal amount of features of the XGBoost model using the BIC for
Removal of Viruses
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FIGURE 4.8: Key Features Identified by XGBoost for Predicting Virus Removal Efficiency After Ex-
cluding Non-Contributory Features through BIC

The final XGBoost model for virus removal prediction demonstrates strong predictive performance as well. This is
reflected in the high R2 score of 0.981 on the test set and in cross-validation R2 (0.80) (Figure 4.8, meaning this
model can generalize well. The relatively low MSE of 0.0069 further indicates that the predictions closely align
with the observed values.

4.3 Interactive Analysis of Feature Contributions to Removal Efficiency

4.3.1 Interactively predicting removal efficiency through the use of sliders

After training the XGBoost regression model and reducing the number of features to the most significant ones, an
interactive tool was developed to analyze and visualize the relationship between key design parameters and re-
moval efficiencies for bacteria and viruses. Using the XGBoost regression model combined with SHAP (SHapley
Additive exPlanations) values, both local (single prediction) and global (overall model behavior) feature contribu-
tions are quantified and visualized. SHAP is a model interpretability technique rooted in game theory, designed
to explain the output of machine learning models by attributing contributions to individual features [83]. Each pre-
diction is broken down into a base value (the average model prediction across the dataset) and the SHAP values,
which represent how much each feature contributes to pushing the prediction above or below this baseline. In the
context of this analysis, local SHAP values explain how each input parameter influences a single prediction, while
global SHAP values aggregate these contributions across the entire dataset to reveal overall feature importance.
Adjusting the parameters updates the predicted bacteria and virus removal efficiency in real-time [4.9] [4.10] . This
dynamic prediction allows exploration of the influence of each parameter configuration on the filtration efficiency.
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FIGURE 4.9: Interactive Pre-
diction and Feature Contribu-
tion Analysis for Bacteria Re-

moval Efficiency

FIGURE 4.10: Interactive Pre-
diction and Feature Contribu-
tion Analysis for Virus Removal

Efficiency

FIGURE 4.11: Comparison of Interactive Prediction Interfaces for Bacteria and Virus Removal Effi-
ciency using the XGBoost Model

The pie charts in figures 4.9 and 4.10 illustrates the contribution of each feature to an individual prediction. In the
displayed example of figure 4.9, the D10 contributes the most (28.9%) to the predicted efficiency, followed closely
by the age of the Schmutzdecke (28.4%). Other parameters, such as HRT and temperature, exhibit moderate
contributions, while T.B.H has a smaller share. This visualization emphasizes how feature contributions can vary
depending on specific parameter values. In the displayed example of figure 4.10, the temperature seemed to have
most effect.

While the pie charts provide an intuitive overview of how features influence an individual prediction, they represent
only a snapshot of a single instance. To gain a broader understanding of how these features behave across a
wider range of predictions, a deeper examination of local feature importance through SHAP bar charts is essential.
These bar charts offer a clearer perspective on how each feature contributes in varying contexts and highlight the
dynamic nature of feature effects as input values change. Figure 4.12 and Figure 4.13 present the local feature
importance for bacteria and virus removal efficiencies, respectively, based on SHAP values. These bar charts
provide insights into how each feature contributes to a specific prediction, with contributions dynamically changing
as feature values are adjusted.

For example, in the virus removal model (Figure 4.13), temperature and the interaction term between FR and
T.B.H. stand out with a strong positive contribution, whereas FR contributes negatively. The magnitude of these
SHAP values suggests that the temperature and interaction between FR and T.B.H. parameter have a dominant
and positive effect on virus removal efficiency predictions, consistent with their prominence in the pie chart visual-
ization, as can be seen in figure 4.10.

Together, these visualizations demonstrate how local feature importance varies based on the specific configu-
ration of input parameters. The pie charts provide an intuitive representation of feature contributions to individual
predictions, while the SHAP bar charts offer deeper insights into both the magnitude and direction of these contri-
butions.
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FIGURE 4.12: Local Feature
Importance for Bacteria Re-
moval Efficiency Using SHAP

Values

FIGURE 4.13: Local Feature
Importance for Virus Removal
Efficiency Using SHAP Values

FIGURE 4.14: Local Feature Importance for Bacteria and Virus Removal Efficiency Using SHAP
Values. The bar chart illustrates the positive or negative impact of each feature on removal efficiency

of bacteria and viruses, respectively

4.4 Model Performance Based on Controllable Design Parameters

In the results presented earlier, both design parameters (e.g., FR, T.B.H., D10) and operational parameters (e.g.,
temperature, Schmutzdecke age) were considered to predict the removal efficiencies of bacteria and viruses.
However, while operational parameters play a significant role in determining removal efficiency as mentioned
prior, they are inherently less controllable in practical scenarios. For instance, temperature is largely dictated by
environmental conditions, and the Schmutzdecke’s development follows a natural biological process over time. In
contrast, design parameters offer direct control to engineers and operators during the planning and optimization
of SSFs.

This section focuses specifically on the predictive performance of the model when restricted to controllable
design parameters. By isolating these parameters, the aim is to understand their individual contributions and
interactions, as well as evaluate how reliably they can be optimized to achieve high removal efficiencies.

The model was retrained for prediction of both bacteria and viruses, using only the controllable design parameters
listed below. The U.C. and the scale of the experiment (lab, pilot, or full scale) were added as controllable features
in the model because sufficient data were available for these parameters. Although these features are not nec-
essarily emphasized in the literature as important for the removal of bacteria and viruses, their inclusion provided
the model with additional data to improve its performance.

• The U.C.

• The Filtration Rate

• The Effective Size

• The Hydraulic Retention Time

• Lab scale / Pilot scale / Full scale operation (-)

The T.B.H., n [-], and grain size from the original set of design parameters, shown in Figure 2.1, were excluded.
T.B.H. was omitted because it is already accounted for in the HRT. Similarly, grain size was excluded as it is
represented by the D10. Finally, n [-] was left out because the porosity of sand typically remains consistent across
different filter setups.

The performance of the model’s prediction on both bacteria and virus removal is given in figures 4.15 and 4.16,
respectively.
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FIGURE 4.15: Interactive Prediction
and Feature Contribution Analysis

for Bacteria Removal Efficiency

FIGURE 4.16: Interactive Prediction
and Feature Contribution Analysis

for Virus Removal Efficiency

FIGURE 4.17: Performances of the XGBoost Model for Bacteria and Virus Removal, using only
controllable parameters

When relying exclusively on design parameters, the models maintain a reasonable predictive accuracy, albeit with
some reduction in performance. For bacteria removal, the R2 score on the test set decreased to 0.813, compared
to the earlier value of 0.981 when operational parameters were included. However, the cross-validation R2 score
remained relatively stable at 0.655. For virus removal, the model performed better, with an R2 score of 0.857
on the test set and 0.750 for cross-validation. Despite these relatively high values, there was still a noticeable
decline compared to the model’s performance when operational parameters were considered. The exclusion of
temperature and Schmutzdecke development introduces a degree of variability and uncertainty in the predictions.
This suggests that while design parameters provide actionable insights for SSF optimization, they cannot fully
replicate the nuanced interplay and dependencies introduced by operational conditions.

In the design-focused model, optimal ranges for controllable parameters can be conclusively identified, forming
a robust baseline. Meanwhile, the operational-focused model reveals how temperature, Schmutzdecke age, and
other factors dynamically affect removal efficiency.

4.5 Interactive Video Analysis of Design Parameter Effects on Removal
Efficiency and Key Findings

A video was created to showcase the interactive analysis of different design and operational parameter setups
and their effects on removal efficiency predictions of bacteria. By systematically adjusting parameters such as the
temperature, D10, HRT, the age of the Schmutzdecke, and the T.B.H., several unique configurations were explored.
The video aimed to interpret whether the observed contributions aligned with expectations based on established
literature. While the video focused on bacteria, the same interactive approach was applied to evaluate prediction
performance for virus removal, ensuring consistency across both contaminant types. The video is available on
YouTube and can be viewed here: Interactive Analysis of Design Parameter Effects on Removal Efficiency in Slow
Sand Filtration Systems.

https://youtu.be/os_XFq6LUhc
https://youtu.be/os_XFq6LUhc
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Using the interactive tool, heat maps were created that showcase interactions between two design parame-
ters and/or operational conditions and the prediction of removal efficiencies for both bacteria and viruses. The
heatmaps for prediction of bacteria and virus removal are shown in Appendices F and G, respectively. Although
two-dimensional heat maps provided valuable information about pairwise interactions, they were inherently lim-
ited in capturing the interplay among three or more parameters simultaneously. Due to this, multidimensional
visualizations were created as well. The multi-dimensional visualizations can be observed in Appendix H

To validate the reliability and logical consistency of the tool’s predictions, several key findings are presented
in Appendices I and J, corresponding to the model using both controllable and uncontrollable parameters, and
the model using only controllable parameters, respectively. These findings will focus on whether the observed
trends align with established knowledge from existing literature presented in this MSc thesis report on SSFs. By
showcasing specific examples, the tool’s ability to replicate known relationships and uncover nuanced insights will
be demonstrated. For the removal of bacteria, key insights using both controllable and uncontrollable features in
the XGBoost model are presented in tables I.1 and I.2, while those using only controllable features are shown
in table J.1. Similarly, for the removal of viruses, insights using both controllable and uncontrollable features are
provided in table I.3, and those using only controllable features are shown in table J.2.
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Chapter 5

Discussion

This chapter provides an in-depth interpretation of the findings presented in the previous chapter, offering a com-
prehensive analysis of how the results address the research questions and objectives outlined at the beginning
of this study. The discussion explores the significance of key design parameters and operational conditions, their
interactions, and their impacts on the efficiency of SSFs for bacterial and virus removal. Additionally, the findings
are compared with existing literature to highlight agreements and discrepancies. The strengths and limitations
of the study are critically examined, followed by practical implications and recommendations for future research.
Ultimately, this chapter aims to synthesize the insights gained from the results, contextualize them within the
broader field of water treatment technologies, and offer actionable conclusions for both academic and practical
applications.

5.1 Answering the Main Research Question

5.1.1 Restating the Main Research Question and Objectives

This study aimed to address the knowledge gap surrounding the design and optimization of SSF operations. The
primary research question guiding this research was:

"What range of values for design parameters are most compatible with SSFs, and ensure that the effi-
ciency of contaminant removal is not compromised?"

In pursuit of this objective, four sub-questions were formulated. These sub-questions sought to identify which de-
sign parameters and operational conditions, both controllable and uncontrollable, had the most significant impact
on removal efficiencies and how changes in these influence contaminant removal.

5.1.2 Addressing the Sub-Questions Through Model Results and Exploratory Data Anal-
ysis

During the research, six design parameters were selected for analysis regarding their impact on the removal of
both viruses and bacteria. These parameters included n [-], D10, U.C., T.B.H., FR, and HRT, as they were con-
sistently reported across various studies. However, the XGBoost model revealed that some of these parameters
had limited influence on contaminant removal. In contrast, other factors, such as temperature and the age of
the Schmutzdecke, played a more significant role in explaining the removal efficiencies of bacteria and viruses.
Consequently, the focus shifted from the initially selected parameters to those factors and operational conditions
that demonstrated the greatest contribution to removal efficiency.

However, it was equally important to evaluate the model’s performance when considering only controllable design
parameters. While operational conditions like temperature and Schmutzdecke age are critical, they cannot always
be directly controlled during filter operation. By isolating the analysis to design parameters that can be actively
managed, such as FR, T.B.H., and D10, more actionable insights can be derived to optimize filter design and oper-
ational strategies. Therefore, the most important controllable design parameters will also be discussed separately,
namely the U.C., FR, and whether the experiment was conducted at a laboratory, pilot, or full scale.
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SQ1: Which design parameters and operational conditions, both controllable and uncontrollable, are most
influential for predicting bacterial (E.Coli, Coliform) removal efficiency in SSFs?

The XGBoost model revealed the following design parameters and operational conditions as the most influential
for bacterial removal (Figure 4.4):

1. D10 (D10_mm): Smaller grain sizes enhance mechanical filtration by effectively retaining bacterial particles,
a finding consistent with previous literature [20]. However, excessively fine grains can lead to clogging,
reducing long-term filter performance. The XGBoost model reinforced this observation: dynamic slider
adjustments across the range of 0.10 mm to 0.70 mm revealed that an optimal grain size of approximately
0.33 mm achieved the highest removal efficiencies.

2. Temperature (T_high °C): Elevated temperatures enhance biological activity within the Schmutzdecke and
filter medium, promoting more efficient bacterial degradation and adsorption, a finding well-supported by ex-
isting literature [4][63][76][77]. However, insights from the XGBoost model revealed a nuanced relationship:
while moderate temperatures improve removal efficiency, temperatures above 25°C resulted in diminishing
returns and even a slight decline in bacterial removal performance.

3. HRT (HRT_h): Literature suggests that extended hydraulic retention times allows water to remain in contact
with biofilm layers for longer periods, enhancing bacterial removal efficiency [67]. Optimal retention time
strikes a balance between contaminant removal efficiency and hydraulic performance. Furthermore, HRTs
ranging from 2.5 to 12.5 hours were recommended by literature as was stated previously [1]. However,
insights from the XGBoost model reveal a more complex interaction: both low and high HRTs can achieve
high removal efficiencies, but their effectiveness is strongly influenced by other operational conditions such
as the age of the Schmutzdecke. For instance, with a newly formed Schmutzdecke—where the biofilm layer
is still underdeveloped—low and high HRTs yield comparable results. Conversely, when the Schmutzdecke
is well-established (approximately 1200 days old), higher HRTs become less effective in enhancing bac-
terial removal. This indicates that the interaction between HRT and biofilm maturity plays a crucial role in
determining overall filtration performance.

4. T.B.H. (TBH_m): According to the literature, taller filter beds provide increased filtration depth and prolonged
contact time, enhancing bacterial retention. However, for bacterial and viral contaminants, efficiency gains
plateau beyond a certain height, and further increases in height no longer significantly improve removal effi-
ciency [63][70][71][72]. The XGBoost model demonstrated that both low and high total bed heights yielded
high removal efficiencies for bacteria. This finding does not contradict the literature, as removal efficien-
cies become consistently high from approximately 0.30 m onwards. Beyond this initial threshold, further
increases in bed height do not result in substantial improvements in bacterial removal efficiency.

5. Age of Schmutzdecke (Schm.A_d): The literature states that a mature Schmutzdecke significantly en-
hances bacterial removal efficiency through key biological processes such as predation, metabolic break-
down, and adsorption mechanisms [1][53][74][75]. However, it also emphasizes that an older Schmutzdecke
does not necessarily guarantee improved removal performance. Overly mature biofilm layers can lead to
clogging, reduced water flow, and ultimately impaired filter efficiency. This observation is further validated by
the XGBoost model. By dynamically adjusting the Schmutzdecke age slider, it becomes clear that while a
moderately mature biofilm supports optimal bacterial removal, excessively aged biofilms exhibit diminishing
returns and, in some cases, reduced filtration efficiency, most likely due to clogging and increased hydraulic
resistance. This underscores the importance of timely maintenance and effective biofilm management to
sustain peak filter performance.

SQ2: Which controllable design parameters are most influential for predicting bacterial removal efficiency
in SSFs?

Focusing on only the controllable parameters from figure 4.15, the XGBoost model suggests that the FR and the
U.C. are also important parameters for predicting removal of bacteria.

In literature, it is stated that a lower FR generally allows for a longer contact time between the water and the
Schmutzdecke and filter media, facilitating more effective bacterial adsorption, predation, and biological break-
down [55][58][59][60].. At higher FRs, the reduced contact time can hinder these processes, potentially allowing
bacteria to pass through the filter before sufficient retention occurs. However, excessively low FRs can also
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cause operational challenges, such as clogging and stagnation, reducing overall efficiency. The XGBoost model
disproves this, showcasing that both high and low FRs may lead to high percentages of bacteria removal.

With regards to the U.C.; literature suggests that the U.C. should generally be below 2 for optimal performance of
SSFs [20]. The XGBoost model supports this, showing that the highest removal efficiencies are achieved when
the U.C. falls within the range of 1.4 to 2. Within this range, the grain sizes are most likely relatively uniform,
minimizing the risk of preferential flow paths and ensuring effective bacterial retention. A lower U.C. (closer to 1.4)
results in consistent pore sizes, enhancing filtration uniformity, while a higher U.C. (approaching 2) still maintains
adequate hydraulic performance. However, when the U.C. exceeds 2, the increasing variation in grain size can
cause uneven pore distribution, leading to clogging in smaller pores and short-circuiting in larger ones, ultimately
reducing filtration efficiency.

SQ3: Which design parameters and operational conditions, both controllable and uncontrollable, are most
influential for predicting virus (Enterovirus, Adenovirus, Bacteriophage) removal efficiency in SSFs?

For the prediction of virus removal, the XGBoost model identified the following parameters and operational condi-
tions as the most influential (Figure 4.8):

1. Temperature (T_high °C): The XGBoost model results indicate that virus removal remains effective across a
broader temperature range compared to bacterial removal, despite both being influenced by the Schmutzdecke.
This difference can be explained by the primary mechanisms driving their removal. Bacterial removal heav-
ily relies on biological processes within the Schmutzdecke, such as predation, metabolic breakdown, and
enzymatic activity [4][63][76][77]. These biological mechanisms are highly temperature-dependent, causing
bacterial removal efficiency to peak sharply within an optimal temperature range. In contrast, virus removal
is primarily governed by physico-chemical mechanisms, including adsorption onto biofilm surfaces, electro-
static interactions, and physical trapping within the Schmutzdecke. These processes are less sensitive to
temperature variations, allowing virus removal efficiency to remain relatively stable across a wider tempera-
ture spectrum. While biological activity in the Schmutzdecke also contributes to virus removal, it is not the
dominant factor in determining its efficiency.

2. FR (FR_m/h): According to the literature, lower FR generally improves virus retention by allowing more time
for adsorption and physical entrapment processes to occur [55][58][59][60]. Conversely, higher FR reduces
virus removal efficiency by shortening retention time and increasing the likelihood of viral particles passing
through the filter without adequate contact with the biofilm or filter media. The XGBoost model supports
these findings but also reveals a threshold effect: while extremely high FR diminishes removal efficiency, an
excessively low FR can also result in poor virus removal rates.

3. Interaction Between FR and T.B.H. (FR × TBH): While HRT is mathematically derived from FR and TBH,
the interaction term (FR × TBH) in the XGBoost model captures additional, context-specific insights into how
these parameters jointly affect virus removal efficiency. Unlike the theoretical HRT, which assumes ideal flow
conditions and linear relationships, the interaction term may reflect real-world complexities such as uneven
flow distribution, channeling, and localized clogging within the Schmutzdecke. It accounts for non-linear
behavior, showing how specific combinations of FR and T.B.H. can produce synergistic or threshold effects
on virus removal. However, interpreting interaction terms like FR × T.B.H. is inherently more challenging
because their effects are not isolated but depend on the values of both contributing parameters. For example,
a high FR might enhance or diminish virus removal depending on the corresponding T.B.H. value, and vice
versa. This interdependence creates a dynamic relationship that cannot be fully understood by examining
either parameter in isolation.

SQ4: Which controllable design parameters are most influential for predicting virus removal efficiency in
SSFs?

Focusing on the controllable parameters from figure 4.16, the XGBoost model reveals that, similar to bacterial
removal, the U.C., FR, and D10 emerge as key parameters for predicting virus removal efficiency. Additionally,
whether the experiment was conducted on a lab-, pilot-, or full-scale setup also appears to play a significant role.
However, the order of importance differs between bacterial and viral removal, suggesting nuanced differences in
how these parameters interact with each contaminant type.

For bacterial removal, D10 seems to carry more weight compared to virus removal. This may be explained by
the larger size of bacterial cells, which could make physical straining through the filter media a more dominant
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removal mechanism. In contrast, viruses, being much smaller, rely more heavily on adsorption mechanisms and
interactions with the biofilm in the Schmutzdecke.

The HRT remains the most critical design parameter for the removal of both bacteria and viruses. This is consistent
with the idea that prolonged contact time between water and the filtration media enhances the opportunity for
adsorption, biological breakdown, and predation to occur [67]..

Interestingly, FR appears to have a greater influence on virus removal compared to D10. This could be because
virus removal efficiency is more sensitive to the rate of water flow through the filter, as higher flow rates can reduce
the likelihood of viral particles being adsorbed onto biofilm surfaces. In contrast, for bacteria, the physical straining
effect associated with D10 contributes more directly to removal efficiency. Additionally, the U.C. seems to play a
less critical role in virus removal than it does for bacterial removal. This aligns with the fact that uniform pore
size distribution primarily influences physical filtration and hydraulic flow uniformity, which are more relevant for
bacteria due to their larger size. Viruses, on the other hand, rely on physico-chemical adsorption processes that
are less directly affected by pore size uniformity.

Finally, the observation that experimental scale (lab, pilot, or full scale) impacts removal efficiency suggests that
operational conditions, such as FRs, biofilm development, and flow uniformity, may differ significantly across
these scales. These differences can influence the effectiveness of key parameters like HRT and FR, potentially
explaining some of the variability observed in the model’s predictions.

5.1.3 Answering the Main Research Question

Through analysis of 2D heatmaps, multidimensional visualizations, and by use of coding techniques, key findings
were derived regarding the design parameters and operational conditions that determine the removal efficiency of
SSFs for bacteria and viruses. The key findings were represented in the previous Chapter. Using the key findings,
new design paradigms can be formed. The design paradigms for bacteria and viruses can be seen in tables 5.1
and 5.2, respectively.
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TABLE 5.1: Optimal Design Paradigms for Bacterial Removal in SSFs

Parameter (Combina-
tions)

Design Paradigm 1 Design Paradigm 2

Temperature Maintain filter operation strictly within
15–20 °C to ensure optimal bacterial
removal efficiency.

If optimal temperatures cannot be
maintained, operate within a range of
10–20 °C for acceptable bacterial re-
moval efficiency.

D10 Implement a D10 of 0.30–0.35 mm to
achieve peak bacterial removal effi-
ciency.

If a D10 of 0.30–0.35 mm is not
feasible, implement a D10 between
0.45–0.70 mm under stable tempera-
ture conditions.

HRT Maintain an HRT between 4–6 hours,
particularly within the temperature
range of 15–20 °C.

At higher temperatures (>20 °C),
shorter HRTs may provide improved
bacterial removal efficiency.

Schmutzdecke Age Operate with Schmutzdecke layers
aged between 80–300 days to ensure
consistent bacterial removal.

For older Schmutzdecke layers (>300
days), adopt grain sizes between
0.35–0.45 mm to maintain efficiency.

T.B.H. Utilize a T.B.H. between 1.0–1.6 m,
paired with an HRT of 4–6 hours, for
maximum efficiency.

If a T.B.H. of 1.0–1.6 m is not achiev-
able, operate with lower T.B.H. values
(0.5–0.7 m) at moderate temperatures
(16–19 °C).

FR Maintain an FR between 0.05–0.16
m/h, paired with an effective grain size
of 0.30–0.35 mm.

For lower ranges of FRs, maintain an
FR below 0.12 m/h to ensure bacterial
removal remains consistent regardless
of HRT.

U.C. Ensure a U.C. between 1.4–2.0. At
higher temperatures (>20 °C), ensure
U.C. remains within a narrower range
of 1.62–1.9.

If a U.C. of 1.4–2.0 cannot be main-
tained, higher U.C. values can still yield
efficiency when paired with an FR of
0.05–0.12 m/h.
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TABLE 5.2: Optimal Design Paradigms for Virus Removal in SSFs

Parameter (Combina-
tions)

Design Paradigm 1 Design Paradigm 2

Temperature Maintain temperatures between 10–20
°C for optimal virus removal efficiency.

Outside 10–20 °C, optimize FR
(0.10–0.30 m/h) and T.B.H. (0.4–0.6
m).

Temperature + FR At moderate temperatures (16–18 °C),
pair with low FR values (0.10–0.30
m/h) for virus removal.

At FR >0.40 m/h, stabilize temperature
(16–18 °C).

Temperature + T.B.H. At T.B.H. >1.2 m, lower temperatures
( 14 °C) can be maintained.

-

FR Maintain an FR between 0.12–0.30
m/h with T.B.H. (0.4–0.5 m).

At higher FR (>0.30 m/h), T.B.H.
should remain below 1.2 m.

FR + D10 Use FR (0.05–0.11 m/h) with D10

(0.30–0.35 mm).
For D10 (>0.35 mm), use lower FR
(<0.3 m/h).

FR + HRT Maintain HRT (4–8 hours) with FR be-
low 0.3 m/h.

At HRT >8 hours, reduce FR (<0.2
m/h).

FR + U.C. Ensure U.C. (1.4–2.6) with FR
(0.05–0.11 m/h).

At U.C. >2.6, FR should be below
<0.12 m/h.

D10 + HRT Pair D10 (0.30–0.35 mm) with HRT
(4–8 hours).

At shorter HRT (<4 hours), larger D10

(>0.35 mm) may still work.

Temperature + FR At fluctuating temperatures, adjust FR
(>0.40 m/h).

-

Temperature + HRT At elevated temperatures (>18 °C), re-
duce HRT (<4 hours).

-

U.C. + D10 At U.C. >2.6, maintain FR (<0.12 m/h). -

Temperature + U.C. At temperatures >20 °C, use narrow
U.C. (1.62–1.9).

-

5.2 Robustness and Reliability of the Predictive Models

Ensuring the robustness and reliability of predictive models is essential for translating data-driven insights into
actionable design improvements for SSFs. This subsection evaluates the performance of the developed XGBoost
models for predicting bacterial and viral removal efficiencies, focusing on key performance metrics such as the R2

score from cross-validation and the test set, along with the MSE on the test set. These metrics are used to assess
whether the models generalize well to unseen data and if their predictions can be considered trustworthy.

5.2.1 Cross-Validation Performance

Cross-validation is a crucial step in evaluating model robustness, ensuring consistent performance across different
subsets of data and mitigating overfitting risks. In other words, it assesses performance on unseen subsets of
training data rather than completely new data.

For bacterial removal efficiency (DEC_Bact_1), the XGBoost model achieved an R2 score of 0.653 from cross-
validation when using both design parameters and operational conditions. This result indicates that the model
can explain approximately 65.3% of the variance in bacterial removal efficiency using the full set of parameters.
Interestingly, when the model was trained using only controllable design parameters, a slightly higher R2 score
of 0.655 was observed. This marginal improvement suggests that uncontrollable operational conditions might
introduce noise or variability into the bacterial removal efficiency predictions, making the model slightly more
effective when limited to design parameters alone.
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For viral removal efficiency (DEC_Vir), the XGBoost model demonstrated superior predictive power, achieving
an R2 score of 0.807 from cross-validation when using both design parameters and operational conditions. This
means the model successfully captures over 80% of the variance in viral removal efficiency, highlighting strong
predictive accuracy. When restricted to controllable design parameters, the model achieved an R2 score of
0.750, slightly lower but still robust. The smaller drop in performance compared to the bacterial model suggests
that viral removal efficiency is less sensitive to uncontrollable operational conditions and that design parameters
play a more dominant role in determining efficiency outcomes.

These results collectively indicate that both bacterial and viral models can effectively capture significant relation-
ships between design parameters, operational conditions, and removal efficiencies. However, the higher R2

score for viral removal efficiency suggests a better fit and stronger predictive power for virus-related data. This
could imply that viral removal processes are inherently more predictable under the given parameter set compared
to bacterial removal, which may exhibit higher variability across the dataset. Moreover, the slight variance in bac-
terial model performance could point to more complex or nonlinear relationships in bacterial removal mechanisms,
potentially influenced by subtle interactions between operational conditions and design parameters.

5.2.2 Test Set Performance

The evaluation on the test dataset provides insights into how well the models predict completely unseen data,
offering an assessment of their final generalization performance, as shown in table 5.3 below for both models
used in this study:

TABLE 5.3: Comparison of Model Performance for Bacterial and Viral Removal

Metric Bacteria (Design + Operational) Bacteria (Controllable) Viruses (Design + Operational) Viruses (Controllable)

R2 0.981 0.813 0.981 0.857
MSE 0.0379 0.161 0.0069 0.053

Both models demonstrate strong performance, with high R² scores indicating their ability to explain a significant
portion of the variance in the target variables, and low MSE values highlighting minimal prediction errors. The
bacterial removal model captures key relationships between design parameters, operational conditions, and re-
moval efficiency effectively, while the viral removal model exhibits slightly higher predictive power and consistency.
Notably, both models maintain robust performance even when using only controllable design parameters.

5.2.3 Bias-Variance Tradeoff

The difference between cross-validation and test set scores offers valuable insights into the bias-variance trade off
of the models. In machine learning, the bias-variance trade off describes the balance between bias and variance
[84]. Bias refers to errors introduced when a model makes overly simplistic assumptions, causing it to underfit the
data and fail to capture the underlying patterns. Variance refers to errors caused by the model being too sensitive
to small fluctuations in the training data, leading to overfitting and poor performance on unseen data. Ideally, a
model should strike a balance between these two, generalizing well to new data while not being overly influenced
by training noise.

The bacterial model exhibits a noticeable difference between the CV R² score and the test R² score. This gap
suggests that while the model performs well on unseen test dataset, it might still have overfitted slightly to the
training data during cross-validation. The larger difference indicates that the model may have captured dataset-
specific noise or variability rather than general patterns. Despite this, the high test score suggests strong predictive
ability on unseen data, though it raises a caution about the model’s stability across different datasets.

In contrast, the viral model demonstrates more consistent performance, with the CV R² score and the test R² score
being closely aligned. This smaller difference indicates a well-balanced trade off between bias and variance, where
the model avoids both oversimplification and excessive sensitivity to training data. Such alignment suggests that
the viral model generalizes effectively across unseen datasets and performs reliably under varying conditions.

Both models, however, achieve performance scores within acceptable thresholds for predictive reliability.



60 Chapter 5. Discussion

5.3 Limitations

While this study provides valuable insights into the optimization of SSFs using data-driven techniques and machine
learning models, several limitations must be acknowledged to contextualize the findings and highlight areas for
improvement in future research.

5.3.1 Data and Model Limitations

Data Limitations

One key limitation lies in the dataset used in this study, which was compiled by combining data from experiments
conducted across multiple studies, each with varying experimental conditions, measurement techniques, and
reporting standards. This heterogeneity introduced inconsistencies that could not always be fully addressed during
data pre-processing. Additionally, the geographic and environmental diversity of the dataset might have introduced
variability or biases that were not fully accounted for.

Another limitation arises from the uneven distribution of data points across different parameter ranges. Some
parameter combinations were well represented, while others were sparsely covered in the dataset. This imbalance
may have led to biases in the model, where predictions for underrepresented parameter ranges might be less
reliable. As mentioned earlier, XGBoost has the capability to handle missing values (NaN) effectively during
training. However, while XGBoost can manage these gaps, minimizing the number of missing values remains
essential for achieving optimal model performance. Excessive missing data can still reduce the model’s ability to
capture underlying patterns accurately and may lead to biased predictions.

Model Limitations

The XGBoost model operates under certain assumptions and simplifications. For instance, it does not explic-
itly account for temporal dynamics or long-term filter behavior. Additionally, while the model effectively captures
non-linear interactions, it may still overlook subtle physical or biological mechanisms occurring within the SSF.
Moreover, the model is purely data-driven and not based on physical formulas, which can limit its ability to accu-
rately represent certain real-world filtration processes and mechanisms.

Lastly, the model was developed using data from 135 studies, and its performance was validated using internal test
subsets derived from this dataset. However, the model could not be tested on external datasets beyond these 135
studies due to the lack of additional experimental data on SSFs. This limitation restricts the generalizability of the
model’s predictions and raises questions about its performance when applied to unseen or real-world scenarios.

5.3.2 Experimental Limitations

Another limitation arises from the experimental nature of the data. Most of the data used in this study were derived
from controlled laboratory or pilot-scale experiments. These conditions may not fully replicate the variability and
unpredictability of real-world SSF operations, where environmental factors, maintenance practices, and influent
quality fluctuate significantly. Data from full-scale operational SSFs would likely have increased the robustness
of the findings. While some experiments in the dataset were conducted at full scale, they were too limited and
scattered to provide comprehensive insights. Additionally, this study primarily focused on static snapshots of SSF
performance rather than analyzing performance over extended operational periods. Temporal dynamics, such as
the maturation and degradation of the Schmutzdecke, were not explicitly modeled, potentially limiting the predictive
capacity for long-term scenarios. Explicit inclusion of seasonal or temporal trends could improve the predictive
accuracy of the model.
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Chapter 6

Conclusion and Future Work

This chapter presents the concluding remarks of the study, reflecting on its contributions to both research and
practice. It highlights how the developed model enhances understanding of SSF performance and its potential for
guiding design optimizations. In addition, this chapter outlines directions for future work to build on the insights
gained and further advance the design and modeling of SSF performance.

6.1 Concluding Remarks

This research demonstrated the value of data driven approaches, specifically using XGBoost modeling, to ad-
vance the understanding of the design parameters and operational conditions that play a part in the removal of
bacteria and viruses in SSFs. The XGBoost model developed in this research not only provided decent predictions
but also served as a powerful analytical tools for uncovering patterns and interactions that were difficult to detect
with traditional methods. Through feature importance analysis and SHAP values, the models revealed which de-
sign parameters and operational conditions most significantly affected removal efficiencies and how these factors
interacted with one another. This allows the simulation of different design scenarios and evaluation of their im-
pact, supporting more informed design decisions. Additionally, the model provided a basis for understanding how
changes in certain parameters, such as the FR, HRT, and D10, influenced removal efficiencies, enabling targeted
adjustments for performance improvement.

Beyond its predictive capabilities, the model can act as a guide for future research by identifying key parameters
that merit further investigation. As mentioned previously, it highlighted which design parameters had the greatest
influence on removal efficiencies, directing attention to areas where experimental studies could yield the most
valuable insights. Additionally, by simulating parameter combinations that were not well represented in the exper-
imental data, the model expanded the scope of exploration, providing hypotheses that could be tested in future
experiments.

Lastly, the model’s predictions also contributed to the formulation of design paradigms showcased in the previous
chapter, offering a pathway towards more efficient and cost-effective SSF configurations. By leveraging model
driven insights, future designs can be tailored to maximize contaminant removal while optimizing operational
efficiency. This approach not only supports sustainable water treatment practices but also reduces resource
consumption.

In conclusion, this study emphasizes the potential of machine learning to revolutionize the design and operation
of SSFs, providing a foundation for future advancements in sustainable water treatment technologies.

6.2 Future Work Suggestions

Future research on SSFs should build upon the insights and limitations identified in this study. First, larger and
more complete datasets should be collected, in which diverse geographic, environmental, and operational condi-
tions are also noted. This will help reduce biases and ensure that underrepresented design parameters, such as
U.C. and the age of Schmutzdecke, are better represented.

In addition, future studies should focus more on parameters that can be actively adjusted in practice. Parame-
ters such as temperature or the age of the Schmutzdecke, while influential, cannot be directly controlled during
SSF operation as mentioned prior, limiting their practical relevance. Future models should prioritize focusing on



62 Chapter 6. Conclusion and Future Work

adjustable parameters to improve their applicability in real-world systems, while also trying to implement the ef-
fect of non-adjustable factors into the model such as changing temperatures. Incorporating temporal analysis
into machine learning models is essential, not only to understand effects of temperature but also other param-
eters as well, such as the development of the Schmutzdecke. By analyzing the maturation and degradation of
the Schmutzdecke over time, as well as seasonal variations, researchers can develop more robust models that
account for long-term performance dynamics.

Additionally, hybrid models that integrate data-driven approaches with physical simulation models, using equations
to describe the filtration mechanics of SSFs, could help bridge the gap between statistical accuracy and physical
interpretability.

Validation on external datasets remains a critical priority as well. Conducting new experiments or leveraging data
from full-scale operational SSFs will help ensure that models perform reliably outside the original dataset of 135
studies. This step is also essential for confirming the model’s performance on independent datasets, providing
further assurance of its robustness and generalizability.

Lastly, the previous chapter highlighted that a key limitation of the model is its restricted generalizability, as its
recommendations are confined to the parameter ranges provided in the dataset of 135 studies. Future work
could overcome this limitation by incorporating additional data from studies that explore a broader range of de-
sign and operational conditions. While such data is currently unavailable, this gap could be addressed through
pilot experiments designed to test a wider range of parameter values. Expanding the dataset in this way would
enhance the model’s ability to account for extreme or uncommon scenarios, ultimately improving its applicability
and robustness.

By addressing these key areas, future research can contribute to more effective, reliable, and sustainable SSF
designs.
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Appendix A

Comprehensive Dataset of Analyzed
Studies and Experimental Data

By clicking the link below, the dataset created and utilized in this MSc thesis research can be accessed. In
addition, table A.1 provides detailed explanations of the abbreviations used in the data set.

Comprehensive Dataset of Analyzed Studies and Experimental Data.

https://drive.google.com/file/d/1fsOZiazEC6Fr5Tyi2I8VCSstHleIMv7L/view?usp=sharing
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TABLE A.1: Glossary of Slow Sand Filter Parameters

Parameter Description

FR Filtration Rate [m/h]
FM Filter Medium (Sand/Gravel/Other medium)
D10 Effective Size [mm]
D10/D60 Uniformity Coefficient [-]
Grain Size Range Range of particle sizes in the filter medium [mm]
n Porosity
T.B.H. Total Bed Height [m]
SA Surface Area [m2]
Capacity Volume capacity of the filter system [l]
Type of Water Surface Water, Seepage Water, Groundwater, etc.
Duration of Operation Days the filter has been operational [d]
Schm.A. Age of Schmutzdecke [d]
A.o.F. Age of the filter in days [d]
S.F. Scraping Frequency [y]
Con/Bat Continuous/Batch operation
L/P/F Lab, Pilot, or Full scale system
O/C Open/Closed system
T Temperature of the Water [°C]
SWL Supernatant Water Layer [m]
R.E. Removal Efficiencies (e.g., bacteria, protozoa, turbidity) [%]
FM_status Status of the Filter Medium: Washed/Ripened/Fresh
Layers? More than one layer: Yes or No
Type_L Type of extra layer: gravel/sand/fine sand, etc.
Depth Depth of the extra layer [m]
Year Year of Research [y]
DOC Dissolved Organic Carbon in influent water [mg C/l]
Turbidity Turbidity in influent water [NTU]
pH pH of influent water
conc. poll Concentration of target pollutant
Hardness Hardness of influent water [mg/l]
B.C. Bottom Construction (Nozzles/Gravel support layer)
P.T. Pre-treatment (conventional/extended)
H.R.T. Hydraulic Retention Time [h]
DEC_bact_1 Decimal Elimination Capacity of Bacteria type 1 [logs]
DEC_bact_2 Decimal Elimination Capacity of Bacteria type 2 [logs]
DEC_Oo_GIa Decimal Elimination Capacity of Giardia [logs]
DEC_Oo_Cry Decimal Elimination Capacity of Cryptosporidium [logs]
DEC_bact_2 Decimal Elimination Capacity of Viruses [logs]
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Appendix B

Calculating the Correlations Between
Design Parameters and Removal
Efficiencies of Bacteria and Viruses

This appendix provides the Python code used to generate the correlation matrix heatmap.

1 operational_parameters = [
2 ’FR [m/h]’, ’D10 [mm]’, ’D60/D10’, ’GrainSize_low [mm]’,
3 ’GrainSize_high [mm]’, ’T_low [ C ]’, ’T_high [ C ]’, ’n [-]’,
4 ’T.B.H. [m]’, ’SA [m2]’, ’Cap.[L]’, ’Duration of Operation [d]’,
5 ’Schm.A. [d]’, ’A.O.F. [d]’, ’pH’, ’Hardness [mg/l]’
6 ]
7 removal_efficiencies = [’DEC_bact_1 ’, ’DEC_Vir ’]
8

9 # Ensure all relevant columns are numeric
10 for col in operational_parameters + removal_efficiencies:
11 data[col] = pd.to_numeric(data[col], errors=’coerce ’)
12

13 # Define a correlation function to handle NaN values
14 def correlation(x, y):
15 valid_mask = ~x.isna() & ~y.isna()
16 x, y = x[valid_mask], y[valid_mask]
17 return x.corr(y)
18

19 # Initialize an empty DataFrame for the correlation matrix
20 correlation_matrix = pd.DataFrame(index=operational_parameters , columns=

removal_efficiencies)
21

22 # Calculate correlations
23 for parameter in operational_parameters:
24 for efficiency in removal_efficiencies:
25 correlation_matrix.loc[parameter , efficiency] = correlation(data[parameter],

data[efficiency ])
26

27 # Convert the correlation matrix to numeric for plotting
28 correlation_matrix = correlation_matrix.astype(float)
29

30 # Plot heatmap
31 plt.figure(figsize =(14, 14))
32 sns.heatmap(correlation_matrix , annot=True , cmap=’coolwarm ’, fmt=".2f", linewidths =0.5)
33 plt.title(’Correlation Matrix: Operational Parameters vs. Removal Efficiencies ’)
34 plt.xlabel(’Removal Efficiencies ’)
35 plt.ylabel(’Operational Parameters ’)
36 plt.tight_layout ()
37 plt.show()

LISTING B.1: Correlation Matrix Code for Operational Parameters and Removal Efficiencies
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Appendix C

Development and Training of an XGBoost
Model for Predicting Removal Efficiencies

This appendix provides the Python code used to train the XGBoost model, tune hyperparameters, and evaluate
performance metrics for bacterial removal efficiency prediction.

1 import pandas as pd
2 import numpy as np
3 from xgboost import XGBRegressor
4 from sklearn.model_selection import train_test_split , GridSearchCV , StratifiedKFold
5 from sklearn.metrics import mean_squared_error , r2_score
6 import matplotlib.pyplot as plt
7 from sklearn.preprocessing import LabelEncoder
8

9 # Rename the columns to remove special characters
10 data_bact = data.rename(columns=lambda x: x.replace(’[’, ’’).replace(’]’, ’’).replace(’

<’, ’’).replace(’>’, ’’).replace(’ ’, ’_’))
11

12 # Drop rows with missing target values
13 data_bact = data_bact.dropna(subset =[’DEC_bact_1 ’])
14

15 data_bact[’FR_TBH_interaction ’] = data_bact[’FR_m/h’] * data_bact[’T.B.H._m’]
16 data_bact[’FR_squared ’] = data_bact[’FR_m/h’] ** 2
17 data_bact[’D10_TBH_interaction ’] = data_bact[’D10_mm ’] * data_bact[’T.B.H._m’]
18 data_bact[’FR_D60_interaction ’] = data_bact[’FR_m/h’] * data_bact[’D60/D10’]
19

20 # Define the features and target variable
21 X = data_bact [[’L/P/F’, ’ T _ h i g h _ C ’, ’FR_m/h’, ’T.B.H._m’, ’D10_mm ’, ’D60/D10’,
22 ’FR_TBH_interaction ’, ’Schm.A._d’, ’Duration_of_Operation_d ’, ’n_-’, ’

Type_of_Water ’, ’HRT_h’]]
23 y = data_bact[’DEC_bact_1 ’]
24

25 # Create quantile -based bins for the target variable
26 y_binned = pd.qcut(y, q=10, labels=False)
27 print(f"Binned Target Distribution :\n{pd.value_counts(y_binned)}")
28

29 # Split the data into training and testing sets
30 X_train , X_test , y_train , y_test = train_test_split(X, y, test_size =0.2, random_state

=42, shuffle=True)
31

32 # Set up a parameter grid for hyperparameter tuning
33 param_grid = {
34 ’n_estimators ’: [100, 200, 300],
35 ’max_depth ’: [6, 8, 10],
36 ’learning_rate ’: [0.01, 0.05, 0.1],
37 ’subsample ’: [0.6, 0.8, 1.0],
38 ’colsample_bytree ’: [0.6, 0.8, 1.0],
39 ’reg_alpha ’: [0.1, 0.5, 1],
40 ’reg_lambda ’: [5, 10]
41 }
42
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43 # Initialize the XGBoost Regressor
44 xgb = XGBRegressor(random_state =42)
45

46 # Set up StratifiedKFold using binned target
47 skf = StratifiedKFold(n_splits=5, shuffle=True , random_state =42)
48

49 # Perform grid search with StratifiedKFold
50 grid_search = GridSearchCV(
51 estimator=xgb ,
52 param_grid=param_grid ,
53 cv=skf.split(X, y_binned),
54 scoring=’r2’,
55 verbose=1,
56 n_jobs=-1
57 )
58

59 # Fit grid search to the training data
60 grid_search.fit(X, y)
61 print(f"Best Parameters: {grid_search.best_params_}")
62 print(f"Best R^2 Score from CV: {grid_search.best_score_}")
63

64 # Train the model using the best parameters
65 best_xgb = grid_search.best_estimator_
66

67 # Predict on the test set
68 y_pred = best_xgb.predict(X_test)
69

70 # Evaluate the model
71 mse = mean_squared_error(y_test , y_pred)
72 r2 = r2_score(y_test , y_pred)
73 print(f"Mean Squared Error on Test Set: {mse}")
74 print(f"R^2 Score on Test Set: {r2}")
75

76 # Feature Importance Plot
77 booster = best_xgb.get_booster ()
78 importance = booster.get_fscore ()
79 importance_df = pd.DataFrame(importance.items(), columns =[’Feature ’, ’Importance ’])
80 importance_df.sort_values(by=’Importance ’, ascending=False , inplace=True)
81

82 plt.figure(figsize =(10, 8))
83 plt.barh(importance_df[’Feature ’], importance_df[’Importance ’])
84 plt.xlabel("Feature Importance")
85 plt.ylabel("Features")
86 plt.title("XGBoost Feature Importance")
87 plt.show()
88

89 # Visualize actual vs predicted values
90 plt.figure(figsize =(10, 6))
91 plt.scatter(y_test , y_pred , alpha =0.7)
92 plt.plot([ y_test.min(), y_test.max()], [y_test.min(), y_test.max()], color=’red’,

linestyle=’--’)
93 plt.xlabel("Actual DEC_bact_1")
94 plt.ylabel("Predicted DEC_bact_1")
95 plt.title("Actual vs Predicted DEC_bact_1")
96 plt.show()

LISTING C.1: XGBoost Model Training and Hyperparameter Tuning for DEC_bact_1 Prediction
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Appendix D

Feature Selection for XGBoost Using
Bayesian Information Criterion (BIC) and
Model Evaluation

This appendix provides the Python code used to evaluate different subsets of features for bacterial removal effi-
ciency prediction using Bayesian Information Criterion (BIC) and R2 scores.

1 import itertools
2 from sklearn.metrics import mean_squared_error
3

4 # Function to calculate Bayesian Information Criterion (BIC)
5 def calculate_bic(n, mse , k):
6 return n * np.log(mse) + k * np.log(n)
7

8 # List of all features
9 all_features = [’L/P/F’, ’ T _ h i g h _ C ’, ’FR_m/h’, ’T.B.H._m’, ’D10_mm ’, ’D60/D10’,

10 ’FR_TBH_interaction ’, ’Schm.A._d’, ’Duration_of_Operation_d ’]
11

12 # Store BIC and R^2 values for each feature subset
13 bic_values = []
14 r2_values = []
15 num_features_list = []
16 selected_feature_list = []
17

18 n_samples = X_train.shape [0] # Number of training samples
19

20 # Iterate over all possible combinations of features
21 for num_features in range(1, len(all_features) + 1):
22 for feature_subset in itertools.combinations(all_features , num_features):
23 feature_subset = list(feature_subset)
24

25 # Subset the training and testing data
26 X_train_subset = X_train[feature_subset]
27 X_test_subset = X_test[feature_subset]
28

29 # Train the model using the best parameters
30 model = XGBRegressor (** grid_search.best_params_ , random_state =42)
31 model.fit(X_train_subset , y_train)
32

33 # Predict and calculate MSE
34 y_pred = model.predict(X_test_subset)
35 mse = mean_squared_error(y_test , y_pred)
36 r2 = model.score(X_test_subset , y_test)
37

38 # Calculate BIC
39 bic = calculate_bic(n_samples , mse , num_features)
40

41 # Store results
42 bic_values.append(bic)
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43 r2_values.append(r2)
44 num_features_list.append(num_features)
45 selected_feature_list.append(feature_subset)
46

47 # Find the optimal number of features (minimum BIC)
48 optimal_index = np.argmin(bic_values)
49 optimal_num_features = num_features_list[optimal_index]
50 optimal_features = selected_feature_list[optimal_index]
51

52 print(f"Optimal Number of Features: {optimal_num_features}")
53 print(f"Features Selected: {optimal_features}")
54 print(f"Minimum BIC: {bic_values[optimal_index ]:.4f}")
55 print(f"R^2 on Test Set: {r2_values[optimal_index ]:.4f}")
56

57 # Plot BIC vs Number of Features
58 plt.figure(figsize =(10, 6))
59 plt.plot(num_features_list , bic_values , marker=’o’, linestyle=’-’, color=’b’, label=’

BIC’)
60 plt.scatter(optimal_num_features , bic_values[optimal_index], color=’red’, s=100, label=

’Optimal BIC’)
61 plt.xlabel(’Number of Features ’)
62 plt.ylabel(’BIC’)
63 plt.title(’BIC vs. Number of Features ’)
64 plt.legend ()
65 plt.grid()
66 plt.show()

LISTING D.1: Feature Subset Selection using BIC and R2 Scores
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Appendix E

Interactive Tool for Predicting Removal
Efficiencies

This appendix provides the Python code used to create an interactive tool for predicting bacteria removal efficiency
and visualizing the contributions of individual design parameters through SHAP values.

1 import shap
2 import numpy as np
3 import matplotlib.pyplot as plt
4 import ipywidgets as widgets
5 from IPython.display import display
6

7 def predict_bacteria_removal_with_visuals(model , scaler=None):
8 """
9

10 Parameters:
11 model: Trained XGBoost model.
12 """
13 # Define sliders for each feature
14 slider_T_high = widgets.FloatSlider(value =16.5, min=2.0, max =30.0, step =0.1,

description=’T_high ( C ):’)
15 slider_D10 = widgets.FloatSlider(value =0.270 , min=0.1, max=0.7, step =0.01 ,

description=’D10 (mm):’)
16 slider_HRT = widgets.FloatSlider(value =2.25, min=0.1, max=70.0, step =0.1,

description=’HRT (h):’)
17 slider_Schm_A = widgets.FloatSlider(value=0, min=0, max =1200.0 , step =0.1,

description=’Schm.A (d):’)
18 slider_TBH = widgets.FloatSlider(value =0.90, min =0.02 , max=1.7, step =0.1,

description=’T.B.H (m):’)
19

20 # Output widgets to display prediction and visualizations
21 output_prediction = widgets.Output ()
22 output_pie_chart = widgets.Output ()
23 output_bar_chart = widgets.Output ()
24

25 def update_visuals(change=None):
26 # Get current values from sliders
27 input_values = np.array ([
28 slider_T_high.value ,
29 slider_D10.value ,
30 slider_HRT.value ,
31 slider_Schm_A.value ,
32 slider_TBH.value
33 ]).reshape(1, -1)
34

35 # Scale the input if a scaler is provided
36 if scaler:
37 input_values = scaler.transform(input_values)
38

39 # Predict using the trained model
40 prediction = model.predict(input_values)[0]
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41

42 # Calculate SHAP values
43 explainer = shap.TreeExplainer(model)
44 shap_values = explainer(input_values)
45

46 # Extract feature contributions
47 contributions = shap_values.values [0]
48 feature_names = [’T_high ( C )’, ’D10 (mm)’, ’HRT (h)’, ’Schm.A (d)’, ’T.B.H (m

)’]
49

50 # Update prediction output
51 with output_prediction:
52 output_prediction.clear_output(wait=True)
53 print(f"Predicted Bacteria Removal (DEC_bact_1): {prediction :.4f}")
54

55 # Update pie chart output
56 with output_pie_chart:
57 output_pie_chart.clear_output(wait=True)
58 plt.figure(figsize =(8, 6))
59

60 # Normalize contributions to sum to 1
61 normalized_contributions = np.abs(contributions) / np.sum(np.abs(

contributions))
62

63 plt.pie(
64 normalized_contributions ,
65 labels=feature_names ,
66 autopct=’%1.1f%%’,
67 startangle =140
68 )
69 plt.title("Local Explanation: Feature Contributions to Single Prediction (

Pie Chart)")
70 plt.show()
71

72 # Update bar chart output
73 with output_bar_chart:
74 output_bar_chart.clear_output(wait=True)
75 plt.figure(figsize =(8, 6))
76 plt.barh(feature_names , contributions , color =[’red’ if c < 0 else ’green ’

for c in contributions ])
77 plt.xlabel("SHAP Value")
78 plt.title("Local Explanation: XGBoost Feature Importance (Bar Chart)")
79 plt.axvline(0, color=’black ’, linestyle=’--’)
80 plt.show()
81

82 # Attach the update function to slider changes
83 for slider in [slider_T_high , slider_D10 , slider_HRT , slider_Schm_A , slider_TBH ]:
84 slider.observe(update_visuals , names=’value ’)
85

86 # Display the sliders and outputs
87 display(widgets.VBox([ slider_T_high , slider_D10 , slider_HRT , slider_Schm_A ,

slider_TBH ]))
88 display(output_prediction)
89 display(output_pie_chart)
90 display(output_bar_chart)
91

92 # Trigger an initial update
93 update_visuals ()
94

95 # Example usage
96 predict_bacteria_removal_with_visuals(best_xgb , scaler=None)

LISTING E.1: Interactive Tool for Predicting Bacteria Removal Efficiency with SHAP Visualizations
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Appendix F

Heatmaps of Two-Parameter Interactions
for Prediction of Bacteria Removal

This appendix presents the heatmaps generated from the interactive tool, showing the predicted bacterial removal
efficiency across different combinations of key design parameters and/or operational conditions.
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FIGURE F.1: Interaction of
Temperature and Effective Size

FIGURE F.2: Interaction of
Hydraulic Retention Time and

Temperature

FIGURE F.3: Interaction of
Temperature and Age of

Schmutzdecke

FIGURE F.4: Interaction of Total
Bed Height and Temperature
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FIGURE F.5: Interaction of Ef-
fective Size and Hydraulic Re-

tention Time

FIGURE F.6: Interaction of
Effective Size and Age of

Schmutzdecke

FIGURE F.7: Interaction of
Effective Size and Total Bed

Height

FIGURE F.8: Interaction of
Age of Schmutzdecke and Hy-

draulic Retention Time

FIGURE F.9: Interaction of Hy-
draulic Retention Time and To-

tal Bed Height
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FIGURE F.10: Interaction of Fil-
tration Rate and Effective Size

FIGURE F.11: Interaction of Fil-
tration Rate and Hydraulic Re-

tention Time

FIGURE F.12: Interaction of Fil-
tration Rate and Uniformity Co-

efficient

FIGURE F.13: Interaction of Ef-
fective Size and Hydraulic Re-

tention Time
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FIGURE F.14: Interaction of Ef-
fective Size and Uniformity Co-

efficient
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Appendix G

Heatmaps of Two-Parameter Interactions
for Prediction of Virus Removal

This appendix presents the heatmaps generated from the interactive tool, showing the predicted virus removal
efficiency across different combinations of key design parameters and/or operational conditions.
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FIGURE G.1: Interaction of Filtra-
tion Rate and Temperature

FIGURE G.2: Interaction of Tem-
perature and Total Bed Height

FIGURE G.3: Interaction of Filtra-
tion Rate and Total Bed Height
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FIGURE G.4: Interaction of Fil-
tration Rate and Effective Size

on lab scale

FIGURE G.5: Interaction of Fil-
tration Rate and Effective Size

on pilot/full scale

FIGURE G.6: Interaction of Fil-
tration Rate and Hydraulic Re-

tention Time on lab scale

FIGURE G.7: Interaction of Fil-
tration Rate and Hydraulic Re-
tention Time on pilot/full scale



82 Appendix G. Heatmaps of Two-Parameter Interactions for Prediction of Virus Removal

FIGURE G.8: Interaction of Fil-
tration Rate and Uniformity Co-

efficient on lab scale

FIGURE G.9: Interaction of Fil-
tration Rate and Uniformity Co-

efficient on pilot/full scale

FIGURE G.10: Interaction of
Effective Size and Hydraulic

Retention Time on lab scale

FIGURE G.11: Interaction of
Effective Size and Hydraulic
Retention Time on pilot/full

scale
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FIGURE G.12: Interaction of
Effective Size and Uniformity

Coefficient on lab scale

FIGURE G.13: Interaction of
Effective Size and Uniformity

Coefficient on pilot/full scale

FIGURE G.14: Interaction of
Hydraulic Retention Time and
Uniformity Coefficient on lab

scale

FIGURE G.15: Interac-
tion of HRT and U.C. on

pilot/full scale
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Appendix H

Advanced Visualization of
Multi-Parameter Interactions

This appendix showcases advanced visualizations representing three-dimensional interactions of key design pa-
rameters and operational conditions on their influence on bacterial and viral removal efficiencies. These plots help
identify non-linear trends, parameter synergies, and regions of optimal performance.
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FIGURE H.1: 3D Slice at Schm.A = 900.0, T.B.H = 0.9 showing interactions between T_high (°C),
D10 (mm), and HRT (h) for removal of bacteria.
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FIGURE H.2: 3D Slice at U.C. of 1.6, showing interactions between controllable parameters FR (m/h),
D10 (mm), and HRT (h) for removal of bacteria.
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FIGURE H.3: Interaction of T_high (°C), FR (m/h), and T.B.H (m) showing removal efficiency predic-
tions for virus removal.
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FIGURE H.4: 3D Slice at U.C. of 1.5 and pilot scale, showing interactions between controllable pa-
rameters FR (m/h), D10 (mm), HRT (h) for removal of virus.
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Appendix I

Key Findings on the Influence of Design
Parameters and/or Operational Conditions
on Bacterial and Virus Removal
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TABLE I.1: Key Findings on the Influence of Design Parameters and/or Operational Conditions on
Bacterial Removal Efficiency, part 1

Key Findings Observations

Optimal Temperature Range
(15–20 °C)

The highest removal efficiencies for bacteria occur within a moderate
temperature range of 15–20°C, with performance declining noticeably
below 10°C and above 20°C. However, temperatures between 10–20°C
still maintain removal efficiencies above 2 logs, showing consistent per-
formance across various design parameters. The model indicates that
removal efficiency consistently improves as temperature approaches
the 15–20°C range, regardless of interactions with other parameters.

Temperature in relation to D10 Removal efficiencies remain low across all temperatures when D10 is
between 0.15–0.30 mm. In contrast, sizes between 0.45–0.70 mm
show improved removal efficiencies across a wide range of tempera-
tures, demonstrating robust performance. At a very small D10 (<0.15
mm), removal efficiencies improve slightly when temperatures exceed
15°C, while larger grain sizes (0.70 mm) perform adequately even at
lower temperatures (10°C).

Temperature in relation to HRT Removal efficiencies are highest when the HRT is between 4 and 6
hours, particularly within a temperature range of 15–20°C. Higher HRTs
also perform well in this range. Interestingly, at temperatures above
20°C, short HRTs still maintain high efficiency, but if the HRT increases
to around 8 hours at, for example, 25°C, removal efficiency drops sig-
nificantly. This suggests that low HRTs are more effective at higher
temperatures for removal of bacteria

Temperature in relation to
Schmutzdecke Layer Age

The Schmutzdecke layer appears to be most effective when it is ap-
proximately 250 days old, as a wide range of temperatures (10 to 25
°C) perform well with a Schmutzdecke of this age. While both younger
and older layers show reasonably good performance, the highest re-
moval efficiencies are consistently observed around the 250-day mark.
In contrast, Schmutzdecke layers younger than 50 days exhibit poor re-
moval efficiencies across all temperature ranges.

Temperature in relation to T.B.H. Interactions between T.B.H. and temperature reveal that at optimal tem-
peratures (16–19°C), lower bed heights (0.5–0.7 m) can still achieve
moderate removal efficiencies. Higher bed heights (>1.45 m) are less
temperature-sensitive, maintaining high removal efficiencies even at
lower temperatures. This suggests that lower T.B.H. values require
moderate temperatures for optimal performance, while higher T.B.H.
values allow for greater operational flexibility across a broader temper-
ature range.

Optimal Range of D10 (0.30 - 0.35
mm)

The highest removal efficiencies for bacteria are achieved when the D10

is around 0.30–0.35 mm, reaching approximately 4.05 logs, regardless
of other design parameters. Interestingly, a D10 around 0.27 mm con-
sistently exhibit poor performance across all parameter combinations,
indicating a critical inefficiency threshold. While both higher and lower
effective sizes can still yield reasonable removal efficiencies, their per-
formance heavily depends on interactions with other design parame-
ters.
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TABLE I.2: Key Findings on the Influence of Design Parameters and/or Operational Conditions on
Bacterial Removal Efficiency, part 2

Finding Observations

D10 in relation to Schmutzdecke
Layer Age

As previously mentioned, the D10 performs best within a range of ap-
proximately 0.30 to 0.35 mm, achieving the highest bacterial removal
efficiencies. Optimal performance is also closely linked to the age of the
Schmutzdecke. When the Schmutzdecke is between 80 and 300 days
old, removal efficiency remains consistently high at this effective size
range. However, as the Schmutzdecke ages beyond 300 days, a slight
decline in removal efficiency becomes noticeable at the 0.30–0.35 mm
range. Interestingly, during the 80 to 250-day window, a wider range of
effective sizes appears effective for bacterial removal. In contrast, when
the Schmutzdecke ages between 300 and 1200 days, the range of 0.35
to 0.45 mm seems to lose its effectiveness, showing reduced bacterial
removal performance. Beyond this point, larger effective sizes (greater
than 0.45 mm) appear to outperform the 0.35–0.45 mm range in older
Schmutzdecke systems.

D10 in relation to T.B.H. Higher T.B.H.s offer greater flexibility, as a range of D10 can still achieve
high removal efficiencies under these conditions. In contrast, at lower
bed heights, maintaining an effective size of approximately 0.30 to 0.35
mm proves to be the most effective, consistently delivering the highest
removal efficiencies.
The absolute peak removal efficiency is observed at a T.B.H. of around
1.5 m, combined with an effective size of 0.35 mm, representing an
optimal configuration for bacterial removal. Interestingly, as the D10 in-
creases, the required T.B.H. can be reduced while still maintaining high
removal efficiencies. This suggests that a larger D10 allows for shorter
T.B.H.s without significantly compromising performance.

HRT in relation to T.B.H. A HRT between 4 and 6 hours, combined with a T.B.H. between 1 and
1.6 m, appears to be the most effective configuration for bacterial re-
moval. Higher HRTs within this T.B.H. range also maintain strong per-
formance. Interestingly, the model indicates that a T.B.H. between 0.8
and 1 m, when combined with HRTs exceeding 6 hours, results in poor
removal efficiency. In contrast, T.B.H. values below 0.8 m, paired with
HRTs of 4 hours or more, still achieve effective bacterial removal. How-
ever, performance tends to decline when the HRT increases to between
8 and 10 hours within this lower T.B.H. range.
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TABLE I.3: Key Findings on the Influence of Design Parameters and/or Operational Conditions on
Virus Removal Efficiency

Finding Observations

Optimal Temperature Range
(10–20 °C)

The model suggests that the optimal temperature for virus removal is
between 10 and 20 °C. However, temperatures outside this range, both
higher and lower, can still achieve effective virus removal depending
on other design parameters. Virus removal appears to be less sensi-
tive to temperature variations compared to bacterial removal. Notably,
higher temperatures remain effective for virus removal, whereas bacte-
rial removal efficiency tends to decline more sharply outside the optimal
temperature range.

Temperature in relation to the FR The highest virus removal efficiency occurs at moderate temperatures
(16–18 °C) with lower filtration rates (0.10–0.30 m/h). Below 8 °C, ef-
ficiency drops significantly, especially at higher FR values (0.33–0.50
m/h). FR values between 0.30 and 0.40 m/h generally show low effi-
ciency across most temperatures, with slight improvement around 15
°C. Interestingly, when FR exceeds 0.40 m/h, a broader temperature
range can still maintain effective removal, indicating greater flexibility at
higher flow rates. When temperatures fluctuate, an FR between 0.30
and 0.40 m/h should either increase to 0.40–0.50 m/h or decrease be-
low 0.30 m/h for optimal results. During low temperatures, FR values
around 0.15–0.20 m/h are the most effective, while higher FR values
significantly reduce removal efficiency.

Temperature in relation to T.B.H. The highest virus removal efficiencies are observed at moderate tem-
peratures (14–18 °C) combined with a T.B.H. of approximately 0.4–0.6
m. At lower bed heights (<0.3 m), removal efficiency remains consis-
tently low across most temperature ranges, with a slight improvement
noticeable around 18 °C. This pattern suggests that a T.B.H. range of
0.4–0.6 m is optimal for virus removal. Outside this range, the influence
of temperature becomes less pronounced, and efficiency stabilizes at
generally lower levels. Interestingly, at lower temperatures (around 14
°C), relatively high removal efficiencies are maintained up to a T.B.H.
of 1.2 m. Beyond this point, efficiency begins to diminish, likely due to
hydraulic limitations or reduced biological activity. At 18 °C, removal effi-
ciency remains consistently high across the entire observed bed height
range, indicating a more stable and predictable performance at this tem-
perature, regardless of bed height variations. This suggests that 18°C
acts as a stabilizing temperature point, enabling efficient virus removal
across a wider range of T.B.H. values.

FR in relation to T.B.H. The model indicates that the optimal FR range is 0.12–0.30 m/h when
the T.B.H. is 0.4–0.5 m. Within this range, FR can be increased up to
0.50 m/h while still achieving better removal efficiency than lower FR
values (e.g., 0.25 m/h) combined with significantly taller bed heights.
When T.B.H. increases to 0.5–1.2 m, the effective FR range narrows to
0.15–0.20 m/h. Outside this range, efficiency declines. At even greater
bed heights (>1.2 m), lower FR values (<0.10 m/h) show slight improve-
ments, but overall efficiency remains limited. Interestingly, FR values
between 0.12 and 0.20 m/h allow lower bed heights (<0.4 m) to maintain
high efficiencies. However, FR values exceeding 0.20 m/h or dropping
below 0.12 m/h result in a sharp decline in removal efficiency.
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Appendix J

Key Findings on the Influence of
Controllable Design Parameters on
Bacterial and Virus Removal

The previously showcased key findings in tables I.1, I.2 and I.3 highlighted the design parameters and operational
conditions that were most influential in the model’s prediction performance for the removal of bacteria and viruses.
These critical features were further visualized in figures 4.4 and 4.8, offering insights into how these parameters
contribute to the removal efficiencies. However, as previously mentioned, it is equally important to focus specif-
ically on the controllable design parameters, which are illustrated in figures 4.15 and 4.16, as focusing on these
allows users to practically optimize filter design and operation. It is important to note, however, that the XGBoost
model’s performance in predicting bacterial and viral removal was lower when using only controllable design pa-
rameters. As a result, the key findings derived from these parameters may have reduced accuracy and should be
interpreted with caution.

The key findings on controllable design parameters for bacterial removal, derived from the 2D heatmaps, are
summarized in Table J.1. Similarly, the key findings for virus removal, focusing on controllable design parameters,
are presented in Table J.2.
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TABLE J.1: Key Findings on the Influence of Controllable Design Parameters on Bacterial Removal
Efficiency

Key Findings Observations

FR in relation to D10 The highest bacterial removal efficiencies are achieved when the FR is
between 0.05 and 0.16 m/h and the D10 ranges from 0.29 to 0.34 mm.
Within this D10 range, higher FR values can still maintain reasonable
efficiency, but performance tends to decline as FR increases further.
Interestingly, when the D10 exceeds 0.35 mm or drops below 0.29 mm,
higher FR values lead to a significant reduction in removal efficiency. In
such cases, it is more effective to opt for a lower FR to ensure optimal
bacterial removal performance.

FR in relation to HRT As previously mentioned, the highest bacterial removal efficiencies are
achieved when the HRT is between 4 to 8 hours. Combining this range
with a low FR appears to be the most effective strategy. However, higher
FRs within this optimal HRT range can also yield good removal perfor-
mance. Interestingly, when the FR drops below 0.12 m/h, removal ef-
ficiency remains consistently high, regardless of the HRT value. This
suggests that very low flow rates compensate for shorter contact times
in the filter. A notable exception is observed in the heatmap, where re-
moval efficiencies are significantly low in the range of 0.17–0.44 m/h
for FR combined with an HRT of 0.1–4 hours. This region highlights a
clear mismatch between flow rate and retention time, limiting bacterial
removal performance. Lastly, when the HRT exceeds 8 hours, efficiency
begins to decline for FR values above 0.17 m/h, suggesting diminishing
returns from extended retention times at higher flow rates.

FR in relation to U.C. As stated previously, the highest bacterial removal efficiencies are
achieved when the U.C. is between 1.4 and 2, combined with a FR,
ranging from 0.05 to 0.12 m/h. Within this optimal range, the pore
structure remains consistent, allowing for effective filtration and bac-
terial retention. A higher FR values can also maintain effective removal
efficiencies, provided the U.C. remains within a narrower range of ap-
proximately 1.62 to 1.9.

D10 in relation to U.C. As previously mentioned, the optimal D10 for bacterial removal lies be-
tween 0.30 and 0.35 mm, while the U.C. is most effective between 1.4
and 2. Interestingly, higher U.C. values can also maintain effective re-
moval efficiencies, provided that the effective size remains within the op-
timal range of 0.30 to 0.35mm. This suggests that a stable D10 can com-
pensate for increased grain size variability, preserving the consistency
of the pore structure and supporting reliable filtration performance.
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TABLE J.2: Key Findings on the Influence of Controllable Design Parameters on Virus Removal
Efficiency

Key Findings Observations

FR in relation to D10 The same findings apply to virus removal as those observed for bac-
terial removal, as summarized in table J.1, specifically for lab-scale
experiments. The optimal range of FR is slightly lower for virus re-
moval, namely between 0.05 and 0.11 m/h. However, higher FRs can
still achieve effective removal, provided the effective size remains within
the optimal range of 0.30–0.35 mm. Interestingly, when the perspective
shifts from lab-scale to pilot- or full-scale experiments, higher FR val-
ues—up to 0.3 m/h—are also effective. The optimal range for effective
size (0.30–0.35 mm) remains consistent across scales, but both lower
and higher effective sizes can still yield good removal efficiencies when
paired with FR values below 0.31 m/h.

FR in relation to HRT At both lab-scale and pilot/full-scale operations, the optimal HRT ranges
again from 4 to 8 hours, particularly when combined with FRs below
0.3 m/h. This combination consistently yields high removal efficiencies
across different experimental scales. However, at pilot/full-scale oper-
ations, FR values exceeding 0.30 m/h within the 4–8 hour HRT range
demonstrate reduced performance compared to lab-scale experiments.

FR in relation to U.C. The same findings apply to virus removal as those observed for bacte-
rial removal, as summarized in table J.1. In pilot/full-scale operations,
higher FRs, up to 0.31 m/h, can still achieve good removal efficiencies.
Additionally, both low U.C. values, around 1.4, and higher U.C., values
up to 2.6, can yield effective results at pilot/full-scale operations. This
suggests that, at larger scales, there is greater flexibility in optimizing
FR and U.C. combinations, allowing for consistent virus removal per-
formance across a broader range of operational conditions. However,
highest removal efficiencies at full scale are found when the value of the
U.C. is around 1.90 to 2.1.

D10 in relation to HRT The same findings apply to virus removal as those observed for bacte-
rial removal, as summarized in table J.1. This consistency holds true
across both lab-scale and pilot/full-scale operations.
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