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ABSTRACT

Machine learning (ML) has the potential to fundamentally transform environmental sci-
ence by providing a rapid, scalable alternative to slow, resource-intensive experiments and
complex simulations. Traditional experimental methods, such as column leaching tests,
require weeks of continuous laboratory measurements. Similarly, numerical contaminant
transport models demand substantial computational resources to simulate complex sub-
surface processes accurately. These time and resource requirements limit the practicality
of such approaches for large-scale environmental assessments. This thesis introduces ML
as a transformative tool to rapidly and accurately predict contaminant behavior.

ML-driven models signi�cantly reduce the duration of column leaching tests from 7–14
days to a single day by leveraging early-stage experimental data. Trained on construction
and demolition waste materials, these models not only accurately predict the long-term
leaching behavior of key contaminants—including sulfate, vanadium, chromium, copper,
and organic pollutants (15 priority PAHs identi�ed by the US-EPA)—but also enable fast,
cost-e�ective risk assessments and guide sustainable waste management decisions. Once
the ML models are trained, sensitivity analysis is performed to understand the underlying
leaching dynamics, revealing pH and electrical conductivity as the most in�uential factors.
Beyond experimental acceleration, this work enhances the e�ciency of numerical sim-

ulations used to model contaminant transport in porous media. Traditional numerical
models rely on solving coupled equations for advection, dispersion, and inter-phase mass
transfer, requiring extensive computational resources. To address this, a surrogate mod-
eling framework is developed using a random forest stacking model, reducing computa-
tional costs by over 1,000 times while maintaining predictive accuracy. Optimized through
adaptive-recursive sampling, the model e�ciently selects training data points, balancing
exploration and exploitation. Additionally, Neural Posterior Estimation calibrates model
parameters probabilistically using copper leaching data from two distinct soils, enabling
robust uncertainty quanti�cation.
Furthermore, the need for accurate predictive tools is particularly urgent for emerging

contaminants such as per- and poly�uoroalkyl substances (PFAS), known for their persis-
tence, and complex sorption behavior. This thesis develops the PFAS Sorption Stacking
Model (PSSM)—an ML-driven framework integrating compound-speci�c properties with
soil characteristics to predict solid-liquid distribution coe�cients (Kd). A key innovation
is the incorporation of charge density as a sorption descriptor, particularly for PFAS com-
pounds with pKa values near typical soil pH, which provides deeper insights into elec-
trostatic interactions. A comprehensive dataset consolidating sorption isotherm data for
51 PFAS compounds across 455 soil types enhances model robustness. Missing values are
systematically imputed using a k-nearest neighbors algorithm, preserving data integrity
and improving predictive stability. The model demonstrates accurate and stable predic-
tive performance, achieving a normalized root mean square error of 0.07, making it one
of the most precise PFAS sorption models to date. As a practical application, PSSM is inte-
grated into an online platform for real-time PFAS sorption predictions and the generation
of spatial Kd maps. This tool supports targeted contamination assessments, facilitating the
identi�cation of PFAS hotspots and improving environmental risk management.
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ZUSAMMENFAS SUNG

Maschinelles Lernen (ML) hat das potential, Umweltwissenschften grundlegend zu verän-
dern, indem es eine schnelle, skalierbare Alternative zu langwierigen, ressourceninten-
siven Experimenten und komplexen Simulationen bietet. Traditionelle experimentelle
Methoden wie Säulenelutionsversuche erfordern mehrere Wochen kontinuierlicher
Laboruntersuchungen. Vergleichbar benötigen numerische Modelle zum Schadsto�trans-
port erhebliche Rechenressourcen, um komplexe Prozesse im in Böden und Grundwasser-
leitern präzise zu simulieren. Dieser Zeit- und Ressourcenaufwand konventioneller An-
sätze schränkt deren Anwendbarkeit für großräumige Umweltuntersuchungen ein. In
dieser Arbeit wird ML als innovativ Werkzeug vorgestellt, das Vorhersagen zum Schad-
sto�verhalten mit hoher Geschwindigkeit und Genauigkeit beschleunigt.

ML-basierte Modelle verkürzen die Dauer von Säulenelutionsversuchen von 7 bis
14 Tagen auf nur einen Tag, indem sie Daten aus frühen Phasen eines Experimentes
nutzen. Auf Bau- und Abbruchabfällen trainiert, sagen diese Modelle das langfristige
Auslaugungsverhalten relevanter Schadsto�e—inklusive Sulfat, Schwermetalle (Vanadium,
Chrom, Kupfer) und organische Schadsto�e (15 prioritäre PAK gemäßUS-EPA)—mit hoher
Genauigkeit voraus. Darüber hinaus ermöglichen der Ansatz auch schnellere, kostengün-
stigere Risikobewertungen und unterstützen nachhaltige Entscheidungen im Abfallman-
agement. Nach dem Training der ML-Modelle wird eine Sensitivitätsanalyse durchgeführt,
um die zugrunde liegenden Elutionsdynamiken besser zu verstehen. Dabei erweisen sich
der pH-Wert und die elektrische Leitfähigkeit als die ein�ussreichsten Parameter.

Über die Verkürzung von Experimenten hinaus steigert diese Arbeit auch die E�zienz
numerischer Simulationen, die zum Modellieren des Schadsto�transports in porösen
Medien eingesetzt werden. Traditionelle numerische Modelle beruhen auf der Lösung
gekoppelter Gleichungen für Advektion, Dispersion und Sto�übertragung durch intra-
partikuläre Porendi�usion, die entsprechend hohe Rechenleistung erfordert. Um dem
zu begegnen, wurde ein Ersatzmodellierungs-Framework auf Basis eines Random-Forest-
Stacking-Modells entwickelt. Somit konnte die Rechenkosten um mehr als das Tausend-
fache reduziert werden, ohne an Vorhersagegenauigkeit einzubüßen. Optimiert durch
adaptiv-rekursives Sampling wählt das Modell e�zient Trainingsdatenpunkte aus und
�ndet ein Gleichgewicht zwischen Exploration und Ausnutzung. Darüber hinaus kalibriert
die Neural Posterior Estimation die Modellparameter probabilistisch mithilfe von Kupfer-
elutionsdaten aus zwei unterschiedlichen Böden, was eine robuste Quanti�zierung von
Unsicherheiten ermöglicht.
Der Bedarf an präzisen Vorhersagetools ist besonders dringlich bei neuartigen

Schadsto�en wie per- und poly�uorierten Alkylsubstanzen (PFAS), die für ihre Per-
sistenz, und komplexen Sorptionsmechanismen bekannt sind. In dieser Arbeit wird
das PFAS Sorption Stacking Model (PSSM) vorgestellt—ein ML-basiertes Framework,
das substanzspezi�sche Eigenschaften und Bodeneigenschaften einbezieht, um Fest-
Flüssig-Verteilungskoe�zienten (Kd) vorherzusagen. Eine wesentliche Neuerung ist
die Einbeziehung der Ladungsdichte als Sorptionsdeskriptor, insbesondere bei PFAS-
Verbindungen mit Säurekonstanten (pKa-Werten) nahe dem typischen Boden-pH. Dies er-
möglicht tiefere Einblicke in elektrostatische Wechselwirkungen. Ein umfassender Daten-
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satz vereint Sorptionsisothermen für 51 PFAS-Verbindungen in 455 Bodentypen und er-
höht so die Robustheit des Modells. Fehlende Werte werden systematisch über einen
Nächste-Nachbarn-Klassi�kation imputiert, wodurch die Datenintegrität erhalten bleibt
und die Vorhersagestabilität steigt. Das Modell liefert präzise und robuste Vorhersagen
mit einem normalisierten Quadratwurzel des mittleren quadratischen Fehlers von 0,07
und zählt damit zu den genauesten bisher verfügbaren PFAS-Sorptionsmodellen. Um
diese Erkenntnisse in die Praxis zu überführen, wird PSSM in eine Online-Plattform
integriert, die in Echtzeit PFAS-Sorptionsprognosen sowie räumliche Kd-Karten erstellt.
Dieses Werkzeug ermöglicht zielgerichtete Kontaminations-analysen, erleichtert die Iden-
ti�zierung von PFAS-Hotspots und verbessert das Umwelt-Risikomanagement.
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The only way we can change is to be real with ourselves.

If you want to be great, you have to go through real su�ering.

You can’t achieve anything worthwhile if you’re afraid of the challenge.

Embrace the pain, and you’ll �nd the strength within.

— David Goggins
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1
I N TRODUCT ION

1.1 solid waste reuse and environmental challenges

Globally, billions of tons of solid waste—such as demolition waste, industrial byproducts,
and agricultural residues—are generated each year, with Germany alone accounting for
approximately 340 million tonnes (Shah et al., 2021; BMUV, 2023). Reusing these materi-
als has become a cornerstone of sustainable resource management by reducing reliance
on virgin resources, diverting waste from land�lls, and advancing circular economy ob-
jectives (European Commission, 2018). However, the environmental challenges associated
with material reuse are complex, as embedded contaminants can leach into soil and water
systems, posing signi�cant risks to ecosystems and human health (Butera et al., 2015).

Construction and demolition waste (CDW) exempli�es both the potential and chal-
lenges of material reuse. As a key contributor to recycling initiatives, CDW includes ma-
terials such as concrete, bricks, and wood, which are widely repurposed in infrastructure
projects, thereby reducing the need for virgin resource extraction (Dahlbo et al., 2015;
BMUV, 2023). However, the presence of contaminants in CDW, including sulfates, heavy
metals, and polycyclic aromatic hydrocarbons (PAHs)—speci�cally the 15 priority PAHs
identi�ed by the US-EPA (listed in Table A.1)—necessitates an evaluation of their envi-
ronmental impact and long-term sustainability implications (Susset & Grathwohl, 2011).
Sulfates, leaching from gypsum-based materials, can elevate salinity in aquatic systems,
disrupting water quality and ecosystems (Jang & Townsend, 2001). Heavy metals such as
vanadium, chromium, and copper—originating from concrete additives, wiring, paints, and
treatedwood—pose diverse environmental and health risks. Vanadiumbioaccumulates, dis-
rupting metabolic processes and causing oxidative stress and kidney damage (Barceloux
& Barceloux, 1999; Rehder, 2015). Chromium, especially in its hexavalent form (Cr(VI)), is
highly soluble under alkaline conditions, posing carcinogenic risks and reducing soil micro-
bial diversity (Prado et al., 2016; Shahid et al., 2017; Sharma et al., 2022). Copper, although
essential in trace amounts, disrupts soil enzymatic activity and contributes to soil degrada-
tion at elevated levels (Bernard et al., 2009; Alengebawy et al., 2021). Furthermore, PAHs
originating from asphalt and tar-based materials are persistent and hydrophobic, posing
long-term exposure risks, with compounds like benzo[a]pyrene classi�ed as carcinogenic
(Johnsen et al., 2005; Butera et al., 2015; Zhang et al., 2023).

Building on these challenges, emerging contaminants like per- and poly�uoroalkyl sub-
stances (PFAS)1 present additional threats to environmental sustainability due to their
persistence, ubiquity, and associated risks. Often referred to as forever chemicals, PFAS
resist chemical, biological, and thermal degradation, due to the strength of the carbon-
�uorine bond (Prevedouros et al., 2006; Buck et al., 2011). Since their introduction in the
1950s, PFAS have been widely used in industrial and consumer products—including non-
stick cookware, stain-resistant textiles, �re�ghting foams, and grease-resistant packag-

1 Per- and poly�uoroalkyl substances: "Per" refers to compounds where all hydrogens in the carbon chain are
replaced by �uorine atoms, while "poly" refers to compounds with multiple but not all hydrogens replaced by
�uorine.
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1.2 leaching tests: evaluating contaminant release and mobility

ing—o�ering functional bene�ts while raising complex environmental and human health
concerns (Glüge et al., 2020). The widespread use of PFAS has led to their presence in soils,
sediments, the atmosphere, and water systems worldwide (Cousins et al., 2020; Brusseau
et al., 2020). Long-chain PFAS, such as per�uorooctanoic acid (PFOA) and per�uorooctane
sulfonate (PFOS), bioaccumulate in ecosystems, binding strongly to organicmatter and per-
sisting in the environment for decades. In contrast, short-chain PFAS, like tri�uoroacetic
acid (TFA), exhibit high mobility in aqueous systems due to their greater solubility and
limited sorption to soil particles, thereby increasing the risk of groundwater and surface
water contamination (Nguyen et al., 2020).

1.2 leaching tests: evaluating contaminant release and mobility

Understanding how contaminants are released from solid materials into the environment
is essential for e�ectively managing their impact and mitigating associated ecological con-
cerns. Leaching tests are essential tools in environmental science, simulating water-solid
interactions to quantify how contaminants dissolve or desorb into seepage water, ground-
water, or surface waters (Grathwohl & Sloot, 2007; Imoto, 2024). These tests serve as valu-
able tools for evaluating the mobility and persistence of both organic and inorganic pol-
lutants under controlled conditions (Kalbe et al., 2007). Various leaching test methodolo-
gies—batch tests, column (or percolation) tests, and lysimeter tests—are employed to ad-
dress the complexities of contaminant behavior. Each test o�ers unique advantages, com-
plementing one another to provide a comprehensive assessment of contaminant release
under varying environmental conditions.
Batch tests, illustrated in Figure 1.1, are recognized for their simplicity and e�ciency in

assessing contaminant release. They were initially developed to evaluate the leaching po-
tential of contaminants from sewage sludge (DIN 38414, 1984). These tests involve mixing
a prede�ned mass of material with an extraction �uid at a controlled liquid-to-solid (LS)
ratio [L3M−1], typically ranging from 2:1 to 10:1 by weight, under standardized laboratory
conditions. The mixture is mechanically agitated, typically for 24 to 72 hours, to ensure
an equilibrium state between the solid and liquid phases. Following agitation, the liquid
phase is separated for analysis, commonly using �ltration or centrifugation techniques.

Figure 1.1: Schematic diagram of batch test setup.

While batch tests o�er rapid assessments, their primary limitation lies in providing a
single result at a �xed LS ratio, which fails to capture the dynamic nature of real-world
conditions (Naka et al., 2016). The LS ratios commonly applied in batch tests are oftenmuch
larger than those observed in the �eld (e.g., 0.25 L kg−1), resulting in signi�cantly lower
aqueous concentrations compared to �eld conditions due to the dilution e�ect, particularly
for compounds with low solid-liquid distribution coe�cients (Kd [L

3M−1]):
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1.2 leaching tests: evaluating contaminant release and mobility

Cw =
Cs,ini

Kd + LS
(1.1)

where Cw is the aqueous concentration of the contaminant in the batch test [ML−3],
and Cs,ini is the initial contaminant concentration in the solid phase [MM−1]. Additionally,
experimental artifacts, such as the mobilization of �ne particles, the formation of emul-
sions, and potential cross-contamination during �ltration or centrifugation, can further
compromise the accuracy and reliability of results (Grathwohl & Susset, 2009).
To address these limitations, column leaching tests (depicted in Figure 1.2) simulate the

�ow of water through solid material closer to natural conditions, providing a dynamic and
controlled approach for studying contaminant mobility and release (Grathwohl & Susset,
2009). These tests involve packing the material into a cylindrical column and percolating
water through it, typically from the bottom to ensure even �ow, avoid entrapped air, and
minimize preferential pathways. E�uent samples are collected systematically over time
and analyzed to generate leaching curves that describe contaminant release as a function
of LS ratio or time. The protocols for column tests are governed by internationally estab-
lished standards, such as those outlined in Table A.2, which ensure consistency in param-
eters like column dimensions, �ow rates, and particle size distributions. While these tests
provide valuable insights into the leaching of potential pollutants, they require specialized
equipment, precise material preparation, and extended durations (e.g., 14 days) to capture
time-dependent behavior, making them resource-intensive in terms of time and labor.

Figure 1.2: Schematic diagram of column leaching test setup.

Lysimeter studies extend laboratory-scale tests by simulating natural conditions, such as
precipitation-driven in�ltration, over prolonged periods. These studies consider dynamic
factors like microbial activity, seasonal variations, and soil heterogeneity, providing valu-
able insights into the long-term behavior of contaminants. By bridging laboratory experi-
ments with �eld-scale observations, lysimeter tests support the calibration and validation
of transport models while enhancing the understanding of real-world contaminant mobil-
ity. However, their implementation demands substantial resources, time, and maintenance
(Corwin, 2000; Dąbrowska et al., 2019; Asadollahi et al., 2020).
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1.3 mechanisms governing contaminant transport in column

1.3 mechanisms governing contaminant transport in column

The movement of contaminants through porous media in column leaching tests is often
described by the Advection-Dispersion Equation (ADE), which captures two key processes:
advection, representing the bulk �ow of solutes with water, and dispersion, accounting for
spreading caused by variations in �ow velocities and pathways (Grathwohl & Susset, 2009;
Liu et al., 2021). The general form of the one-dimensional (1-D) governing equation ADE
is given as

)

)t
(nCw + �bCs) +

)

)x (nvCw − nDL
)Cw

)x ) = 0, (1.2)

whereCw is the solute concentration inwater [ML−3],Cs is the concentration in the solid
phase [MM−1], �b is the bulk density [ML−3], t is time [T], x is the length of the column
[L], n is the intergranular porosity [−], v is the seepage velocity of the water [L T−1], and
DL is the longitudinal dispersion coe�cient [L2 T−1].

For local equilibrium conditions, the concentration in the solid phase (Cs) is in equi-
librium with the solute concentration in water (Cw) through the solid-liquid distribution
coe�cients Kd [L

3M−1] (= Cs
Cw
). Substituting this relationship into the ADE, the equation

1.2 simpli�es under equilibrium assumptions to:

)Cw

)t
=

DL

R

)2Cw

)x2
−

v

R

)Cw

)x
, (1.3)

where R represents the retardation factor [−] and is de�ned as:

R = 1 +
�bKd

n
. (1.4)

Despite this simpli�cation, real-world systems often deviate from equilibrium due to
mass transfer limitations, which arise when the rate of solute exchange between the solid
and liquid phases is slower than the timescale of transport (Grathwohl, 2014). These limi-
tations can signi�cantly impact contaminant migration, particularly in porous media with
heterogeneities in grain size, porosity, or surface properties (Liu et al., 2021). Incorporat-
ing mass transfer e�ects into transport models provides a more realistic representation of
solute behavior, especially in dynamic systems such as column leaching tests, and is par-
ticularly important for compounds with slow desorption rates, where long-term leaching
is primarily governed by desorption kinetics.
Two key mechanisms contribute to mass transfer limitations, as illustrated in Figure

1.3: �lm di�usion and intraparticle pore di�usion (Grathwohl, 2014; Finkel & Grathwohl,
2017; Liu et al., 2021, 2022a). Mass transfer of contaminants between particles and the bulk
solution may be limited by di�usion from the particle surface through a stagnant aqueous
boundary layer, a process known as external �lm di�usion. This process is commonly
described by the linear driving force model, which expresses the mass transfer rate as
proportional to the concentration gradient across the boundary layer:

)Cw

)t
= kAo(C

′
w − Cw), (1.5)

where C ′
w is the solute concentration at the solid-water interface [ML−3], k is the mass

transfer coe�cient [LT−1],Ao =
6md

Vw�sd
is the speci�c surface area of particles (i.e., spherical)
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1.3 mechanisms governing contaminant transport in column

per unit volume of water in the column [L−1], md is the dry mass of the solids [M], d is the
particle diameter [L], Vw is thewater volume [L3], and �s is the particle density [ML−3]. The
mass transfer coe�cient k can be related to the �lm thickness �f [L], which represents the
stagnant boundary layer of water through which solutes must di�use. The �lm thickness
can be estimated using the dimensionless Sherwood number (Sh):

�f =
d

Sh
. (1.6)

In contrast, intraparticle pore di�usion involves the transport of solutes within the
porous structure of solid particles, which is governed by Fick’s second law (e.g., for spher-
ical particles):

)Cw,intra

)t
= Da()2Cw,intra

)r2
+
2

r

)Cw,intra

)r ) , (1.7)

where Cw,intra is the solute concentration in intraparticle pore water [ML−3], r is the
radial distance [L], and Da is the apparent di�usion coe�cient [L2 T−1]. The apparent dif-
fusion coe�cient, Da, is expressed as:

Da =
De

�+ Kd�p
, (1.8)

where � is the intraparticle porosity [−], De is the e�ective di�usion coe�cient [L2 T−1],
and �p is the bulk density of the porous particles [ML−3]. Solute release by pore di�usion
leads to prolonged tailing e�ects due to increasing di�usion distances over time.

!!

Figure 1.3: Scheme of mass transfer limited by �lm di�usion (left) and intraparticle di�usion (right).

Bothmechanisms—�lm di�usion and intraparticle di�usion—are essential for accurately
modeling contaminant migration in porous media. Film di�usion primarily dominates for
compounds with large Kd , especially in the early stages of transport when solutes rapidly
interact with the solid phase. In contrast, intraparticle di�usion becomes signi�cant for
compounds with smaller Kd values and limited intraparticle porosity, as these conditions
facilitate a shift in mass transfer resistance from the external �lm to the intraparticle pore
space, resulting in slower, di�usion-controlled transport within the porous matrix (Liu et
al., 2021).
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1.4 machine learning: a new paradigm for contaminant mobility as-

sessment

The increasing complexity of contaminant mobility in the environmental systems neces-Classi�cation,

while fundamental

to many ML

applications, is not

explored in this

dissertation as it

falls outside the

scope of the

presented work.

sitates e�cient and scalable approaches for predicting and evaluating their transport dy-
namics, fate, and broader environmental impact. Traditional experimental and numerical
methods, while foundational, are often time-intensive and computationally demanding,
limiting their applicability for large-scale or dynamic scenarios. Recent advancements in
data-driven techniques, particularly machine learning (ML), provide transformative tools
that complement and enhance these conventional methods. By leveraging the growing
availability of experimental datasets and computational power, ML facilitates the extrac-
tion of meaningful patterns and relationships, enabling accurate and rapid predictions for
complex systems.

Machine learning fundamentally seeks to approximate an unknown function f that
maps input features X to a target output Y , represented as:

Y = f (X ) + ", (1.9)

where " accounts for noise or uncertainty in the system (Russell & Norvig, 2022). Models
learn underlying patterns in the data and generalize them to unseen scenarios by optimiz-
ing a loss function tailored to the speci�c objectives of regression or classi�cation.

1.4.1 Data Preprocessing

Data preprocessing is essential for robust ML work�ows, addressing missing data, fea-
ture scaling, and data splitting. Imputation methods handle missing values, with basic ap-
proaches like mean or median substitution o�ering simplicity but potentially skewing data
distributions. Advanced techniques, such as K-Nearest Neighbors (KNN) and Random Forest

Imputation, leverage data patterns to predict missing entries more accurately, e�ectively
capturing non-linear relationships and dependencies (Troyanskaya et al., 2001; Tang &
Ishwaran, 2017). For additional details on data imputation, refer to Appendix A.3.
Standardization and scaling adjust features to ensure consistent contributions, particu-

larly in models sensitive to magnitude di�erences. Standardization (Z-score scaling) cen-
ters data to a mean of zero and a variance of one, whileMin-Max scaling normalizes values
to a �xed range (e.g., [0, 1]), enhancingmodel performance and stability (see Appendix A.4).
Equally important is proper data splitting, which ensures reliable model evaluation by par-
titioning datasets into training and test (i.e., unseen data) sets, often in proportions such
as 80%-20%. The holdout method is a widely used approach for this purpose, dividing the
dataset into subsets to facilitate unbiased model assessment. For datasets without inher-
ent structure, random splitting is commonly employed, where the data is randomly divided
into subsets, ensuring that each instance has an equal chance of being included in the train-
ing or test set. For imbalanced datasets, strati�ed splitting is employed to preserve class
distributions across subsets, maintaining representativeness. In time-dependent datasets,
chronological splitting ensures that the temporal order is respected by using earlier data
for training and later data for testing, preventing data leakage2.

2 Data leakage occurs when information from the test set or future data is inadvertently used during training,
leading to overly optimistic model performance.
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1.4 machine learning: a new paradigm for contaminant mobility assessment

1.4.2 Learning Algorithms

At the core of machine learning, supervised learning provides the foundation for mod- This dissertation

primarily focuses

on supervised

learning, while

unsupervised and

reinforcement

learning are brie�y

touched upon in

Appendix A.5

eling relationships between input features and target variables using labeled datasets. It
enables models to generalize from known examples to unseen data, making it an essential
paradigm for predictive and decision-making tasks.

Linear regression, a foundational technique, models the linear relationship between in-
put features and the target output. While straightforward and interpretable, it is prone to
over�tting, especially in high-dimensional settings where the number of features is large
relative to the number of observations. Over�tting in linear regression typically occurs
when the model captures noise or irrelevant patterns in the data, especially if polynomial
or interaction terms are introduced to model nonlinear relationships. To reduce over�t-
ting and enhance generalization, regularization techniques such as Ridge regression and
Lasso regression extend the linear regression framework by introducing penalty terms into
the loss function. Ridge regression adds an L2-norm penalty to the loss function, which
minimizes the sum of squared coe�cients, e�ectively shrinking coe�cients of uninforma-
tive predictors toward zero. In contrast, Lasso regression incorporates an L1-norm penalty,
which minimizes the sum of the absolute values of the coe�cients. This property of the L1-
norm not only reduces coe�cient magnitudes but also forces some coe�cients to become
exactly zero, leading to sparsity in the model (Tibshirani, 1996; Hastie, 2020). The detailed
mathematical formulations of these methods are presented in Appendix A.6.
For non-linear systems, tree-basedmethods such asDecision Trees o�er high interpretabil-

ity, making them valuable tools for regression tasks (see Figure 1.4). These models deter-
mine optimal splits by minimizing a loss function, evaluating all possible divisions, and
selecting the one that minimizes the total error across child nodes (see Eq. 1.10). However,
despite their clarity and simplicity, decision trees are highly prone to over�tting, particu-
larly when grown to excessive depths (Scha�er, 1993).

split = ∑
i∈L

(Yi − ȲL)
2 +∑

j∈R

(Yj − ȲR)
2, (1.10)

where  is the loss function, L and R represent the left and right child nodes, Yi and
Yj are the target values in those nodes, and ȲL and ȲR are the mean target values in the
respective subsets. The process continues recursively until a stopping criterion, such as a
maximum tree depth or minimum samples per leaf, is met (Bertsimas & Dunn, 2017).

Figure 1.4: Schematic of a decision tree, illustrating the partitioning process with decision rules at
internal nodes and predictions at leaf nodes.
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To address the limitations of single decision trees, ensemble techniques combine multi-
ple models to enhance robustness and predictive accuracy. Among these, Random Forests

construct a collection of diverse decision trees by utilizing bootstrapped3 datasets and ran-
dom feature selection. The aggregated predictions of these trees reduce variance and im-
prove stability, making Random Forests a powerful alternative to standalone decision trees
(Breiman, 2001). Building on the idea of randomness, Extremely Randomized Trees (Extra

Trees) introduce additional randomness by selecting feature splits at random thresholds.
This approach not only improves computational e�ciency but also enhances resilience
to noise, making Extra Trees well-suited for handling noisy datasets (Geurts et al., 2006).
Another widely used ensemble method, Gradient Boosting, takes a di�erent approach by
building trees sequentially. Each subsequent tree aims to correct the residual errors from
the previous iteration, gradually improving overall model performance (Friedman, 2001).
To further optimize this process, Extreme Gradient Boosting (XGBoost) incorporates regu-
larization, parallelization, and sparsity-aware algorithms, o�ering greater scalability and
precision for large datasets (Chen & Guestrin, 2016). Detailed explanations and mathemat-
ical formulations of each method are provided in Appendix A.7.

In addition to these ensemble strategies, stacking models, also known as stacked gener-
alization, o�ers a powerful approach to enhance predictive performance (Wolpert, 1992).
Unlike methods such as boosting, which iteratively correct errors by focusing on di�cult
samples, stacking employs a second layer of learning (i.e., meta-model) to learn the opti-
mal combination of predictions from multiple base-models (Shams et al., 2021; Ershadi et
al., 2024). This strategy capitalizes on the strengths of diverse algorithms while mitigating
their individual weaknesses, resulting in a robust predictive framework (see Figure 1.5).

… …

Figure 1.5: Visualization of a stacking ensemble framework, where base models generate predic-
tions that are combined by a meta-model to produce the �nal output.

3 Bootstrapping involves randomly sampling data with replacement to create subsets for training each tree.
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For capturing more complex, non-linear patterns, Multi-Layer Perceptrons (MLPs) are a
widely used neural network architecture. An MLP comprises interconnected layers of neu-
rons: an input layer, one or more hidden layers, and an output layer. Each layer performs
linear transformations followed by non-linear activation functions, enabling the network
to model intricate relationships within the data (see Figure 1.6). The output of anMLPwith
a single hidden layer can be represented as:

Ŷ = � (W2 ⋅ �(W1X + b1) + b2) , (1.11)

where W1 and W2 are weight matrices, b1 and b2 are biases, and � is a non-linear activa-
tion function such as Recti�ed Linear Unit (ReLU), Hyperbolic Tangent (Tanh), or sigmoid.
The non-linearity introduced by � allows MLPs to capture intricate patterns that linear
models cannot (Goodfellow et al., 2016). Training MLPs involves optimizing hyperparam-
eters like the number of layers, neurons per layer, activation function, learning rate, and
regularization techniques (e.g., dropout, weight decay) to balance model complexity and
generalization (Dubey et al., 2022). A detailed explanation of the training process for MLP
is provided in Appendix A.8.

…

Figure 1.6: Schematic of a Multi-Layer
Perceptron (MLP) architecture,
showing input, hidden, and
output layers with non-linear
transformations.

1.4.3 Model Optimization and Validation

Optimization and validation are pivotal in constructing reliable ML models, ensuring both
peak performance and robust generalization to unseen data. Central to this process is the
distinction between model parameters and hyperparameters, each playing a unique role
in shaping the model’s behavior and performance. Model parameters, such as weights
in neural networks or coe�cients in regression models, are learned directly from the
training data during the learning process by iteratively minimizing a loss function. How-
ever, the e�ciency and success of this internal learning process are heavily in�uenced by
hyperparameters—user-de�ned settings that govern how the model learns.
Hyperparameters de�ne the structure and dynamics of the learning process, ranging

from learning rates and batch sizes to the complexity of the model architecture, such as the
number of layers in a neural network or the depth of decision trees. These settings are not
derived directly from the data but instead must be tuned to create the optimal conditions
for learning. Poorly chosen hyperparameters can lead to under�tting, where the model
fails to capture essential data patterns, or over�tting, where it learns noise rather than
meaningful trends.
Identifying the best hyperparameter con�guration is critical and requires systematic op-

timization techniques. While methods like grid search explore a comprehensive range of
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1.4 machine learning: a new paradigm for contaminant mobility assessment

prede�ned hyperparameter combinations, they can be computationally intensive (Ogun-
sanya et al., 2023). More e�cient approaches, such as random search, balance thoroughness
with practicality by sampling con�gurations randomly across the hyperparameter space
(Bergstra & Bengio, 2012). Advanced techniques like Bayesian Optimization further en-
hance e�ciency by leveraging probabilistic models to focus on the most promising regions
of the hyperparameter space, reducing computational cost while improving the likelihood
of �nding optimal con�gurations (Feurer & Hutter, 2019).
Validation assesses a model’s ability to generalize to unseen data, ensuring robust and

reliable predictions. Cross-validation (CV) is a widely employed method for model evalua-
tion, o�ering a comprehensive approach to assess performance. Themost common variant,
k-fold cross-validation, partitions the dataset into k subsets or folds. Themodel is iteratively
trained on k − 1 folds and tested on the remaining fold, cycling through all folds to com-
pute average performance metrics. This reduces the variability inherent in a single train-
test split and provides a reliable measure of generalization. Repeated k-fold cross-validation
further enhances this process by performing the k-fold procedure multiple times with
di�erent random splits, improving robustness. For small datasets, Leave-One-Out Cross-
Validation (LOOCV) provides high reliability by using each data point as a test set in turn,
ensuring minimal bias. However, its computational demands increase signi�cantly with
larger datasets (Wong, 2015). For imbalanced datasets, strati�ed cross-validation preserves
class proportions across folds, ensuring fair assessments and reducing bias (Allgaier &
Pryss, 2024). Quantitative evaluation of model performance often involves metrics such
as Mean Squared Error (MSE), Mean Absolute Error (MAE), Relative Root Mean Squared
Error (RRMSE), Ratio of Performance to Deviation (RPD), and the Determination Coe�-
cient (R2). A detailed description of each metric, including its mathematical formulation
and interpretation, is provided in Appendix A.9.

1.4.4 Surrogate Models

Surrogate models, also known as proxy models, are computationally e�cient approxima-
tions designed to replicate the behavior of complex and resource-intensive systems (Razavi
et al., 2012). By capturing the input-output relationships of a target function f (X ), these
models signi�cantly reduce the need for high-�delity simulations, preserving accuracy
while lowering computational costs (Allgeier & Cirpka, 2023).

A critical step in constructing surrogate models is determining how training samples are
distributed across the input space  . This process, known as the Design of Experiments
(DoE), directly in�uences the surrogate’s ability to approximate the true function f (X ).
Structured sampling methods, such as Latin Hypercube Sampling and quasi-random se-
quences (e.g., Sobol and Halton methods), ensure uniform coverage of the design space, op-
timizing resource use and enabling incremental re�nement in adaptive work�ows (Halton,
1960; Sobol’, 1967; Sheikholeslami & Razavi, 2017; Garud et al., 2017). Once training data
is established, function approximation methods construct the surrogate ̂f (X ). Techniques
range from simple polynomial regression for low-dimensional problems to Gaussian Pro-
cess Regression (GPR) for non-linear systems and Radial Basis Functions (RBF) for localized
variations. Advanced approaches, such as neural networks and ensemble methods, expand
the capabilities of surrogate models to handle highly complex or high-dimensional prob-
lems (Shams et al., 2021; Ershadi et al., 2024).
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Surrogate models can be implemented in o�ine or adaptive-recursive frameworks, each
suited to speci�c scenarios. O�ine frameworks rely on static surrogates constructed from a
�xed dataset generated through DoE (Razavi et al., 2012). These models are computation-
ally e�cient when the initial dataset su�ciently represents the design space. However,
their static nature limits adaptability in capturing localized complexities or addressing
under-sampled regions, particularly in high-dimensional or multi-modal spaces.
In contrast, adaptive-recursive frameworks iteratively re�ne the surrogate model dur-

ing the optimization process by incorporating new data points. This dynamic approach
balances exploration—reducing uncertainty in under-sampled regions—and exploitation—
focusing on regions predicted to yield the most promising outcomes (Jones et al., 1998;
Zou et al., 2007). By continuously updating the surrogate model, these frameworks en-
hance predictive reliability, making them particularly well-suited for complex tasks such
as sensitivity analysis and parameter estimation.

1.5 parameter estimation

Parameter estimation, also referred to as model calibration, is a process focused on opti-
mizing model parameters to achieve the best agreement between simulated and observed
data. The calibration process aims to identify the optimal parameter set Θ∗ within the pa-
rameter space Θ, minimizing the discrepancy between model outputsM(Θ) and observed
data Yobs, often expressed as:

Θ∗ = argmin
Θ

L(Ysim, Yobs). (1.12)

Here, Ysim = M(Θ) represents simulated outputs, and L is a loss function. Calibration
methods range from deterministic optimization (e.g., gradient descent (Prasad et al., 2020),
Levenberg-Marquardt (Moré, 1978; Kleefeld & Reißel, 2011) to probabilistic approaches
(e.g., Bayesian inference (Von Toussaint, 2011; Van De Schoot et al., 2021), Markov Chain
Monte Carlo (Vrugt, 2016)), depending on system complexity and analysis goals.

1.5.1 Bayesian Inference

Bayesian inference provides a probabilistic framework for model calibration, combining
prior knowledge of the parameters with observational data to estimate their posterior dis-
tributions (Oladyshkin & Nowak, 2019). This approach is governed by Bayes’ theorem:

p(Θ ∣ Yobs) =
p(Yobs ∣ Θ)p(Θ)

p(Yobs)
, (1.13)

where p(Θ ∣ Yobs) is the posterior distribution, p(Yobs ∣ Θ) is the likelihood, and p(Θ)

is the prior distribution. The posterior p(Θ ∣ Yobs) encapsulates both the updated beliefs
about the parameters after observing the data and the uncertainty associated with these
estimates.
The likelihood function p(Yobs ∣ Θ) measures how well the model with parameters Θ

explains the observed data. When combined with the prior p(Θ), which re�ects existing
knowledge or assumptions about the parameters, the posterior provides a comprehensive
characterization of the parameter space.
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1.5.2 Simulation-Based Inference

For scenarios where the likelihood function p(Yobs ∣ Θ) is intractable, Simulation-Based
Inference (SBI) o�ers a robust likelihood-free approach by using forward simulations to
approximate posterior distributions (Cranmer et al., 2020). Among SBI methods, Neural
Posterior Estimation (NPE) has emerged as a highly e�cient and scalable approach, partic-
ularly in high-dimensional and computationally expensive settings (Papamakarios & Mur-
ray, 2016; Lueckmann et al., 2017). NPE directly learns the posterior distribution p(Θ ∣ Yobs)

from simulated data using neural density estimators, such as normalizing �ows (Papa-
makarios et al., 2019). Normalizing �ows transform a simple base distribution (e.g., a Gaus-
sian) into a complex posterior through a series of invertible, parameterized transforma-
tions, enabling the modeling of intricate posterior structures (Kobyzev et al., 2021).

By leveraging amortized inference, which concentrates computational e�ort during train-
ing, NPE enables rapid and e�cient posterior evaluations for subsequent observations,
making it particularly suitable for iterative work�ows and real-time applications (Green-
berg et al., 2019). This e�ciency allows NPE to capture complex parameter-data relation-
ships while signi�cantly reducing computational demands compared to traditional infer-
ence methods. Figure 1.7 illustrates the framework of SBI.

…

!∼ #(!) $∼ #(Ysim |!) %[- &φ (!|Ysim)] &φ (!| Ysim)

Figure 1.7: Simulation-Based Inference (SBI) framework for Bayesian parameter estimation.

1.6 sensitivity analysis

Understanding a model’s sensitivity to input features is essential for interpreting predic-
tions and assessing reliability. Two primary methods for sensitivity analysis are SHapley
Additive exPlanations (SHAP) and Partial Dependence (PD). SHAP, grounded in coopera-
tive game theory, provides model-agnostic and locally accurate explanations by quantify-
ing each feature’s contribution to a prediction (Shapley, 1953). It achieves this by evaluat-
ing the average marginal impact of a feature across all possible combinations of feature
subsets (Lundberg & Lee, 2017). This ensures that each feature’s importance is fairly and
consistently attributed, regardless of the model’s complexity or structure. Partial Depen-
dence, in contrast, provides a global view by analyzing the average marginal e�ect of a
speci�c feature on the predicted outcomes across the dataset (Friedman, 2001; Greenwell
et al., 2018). By averaging out the in�uence of other features, PD highlights general trends
and the direction of feature impacts, o�ering an intuitive understanding of the relationship
between input features and predictions.
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1.7 aim and objectives

Understanding and predicting the behavior of contaminants in environmental systems
remain a critical scienti�c and practical challenge. Contaminants interact with soils and
reused materials in complex ways, governed by a multitude of factors including chemical
properties, soil composition, and environmental conditions. Traditional approaches, such
as column leaching tests and numerical models, have laid the groundwork for our under-
standing but are often constrained by their labor-intensive nature and signi�cant compu-
tational demands. These limitations restrict their applicability to large-scale or dynamic
scenarios, highlighting the need for innovative and scalable methodologies.

Emerging computational techniques, combined with increasingly comprehensive exper-
imental datasets, o�er a unique opportunity to transform the evaluation of contaminant
leaching and sorption processes. This thesis aims to bridge the gap between traditional
methods and data-driven approaches by integrating machine learning, surrogate model-
ing, parameter estimation, and sensitivity analysis.

1.8 thesis structure

chapter 2 This chapter introduces machine learning models developed to predict the
leaching behavior of contaminants from construction and demolition waste materials, ad-
dressing the limitations of time-intensive column leaching tests. By leveraging measure-
ments at lower liquid-to-solid (LS) ratios, these models estimate leachate concentrations at
higher LS values, o�ering a faster andmore e�cient alternative to traditional methods. The
chapter outlines the development and validation of these models, highlighting their appli-
cation for predicting long-term leaching behavior. Sensitivity analysis identi�es pH, elec-
trical conductivity, and compound-speci�c concentrations as critical factors in�uencing
predictions. The results demonstrate how machine learning can enhance leaching assess-
ments, supporting sustainable material reuse and environmental protection. Supporting
information for this chapter is provided in Appendix B.

chapter 3 This chapter develops ensemble surrogate models to address the compu-
tational challenges of simulating column leaching tests, which evaluate the leaching be-
havior and environmental risks of contaminated soils and waste materials. These tests
are governed by complex solute transport and kinetic inter-phase mass transfer dynamics,
traditionally modeled using the advective-dispersive framework. However, when sorption
kinetics involve intraparticle di�usion, the modeling process becomes signi�cantly more
complex, requiring �ne discretization along both the column �ow axis and within grain
interiors. This additional computational burden makes inverse modeling and sensitivity
analysis particularly demanding. To overcome these limitations, two surrogate modeling
approaches were developed: random forest stacking and inverse-distance weighted inter-
polation. The models were optimized using adaptive sampling techniques that balance
exploration and exploitation of the parameter space, guided by in�ll criteria such as ex-
pected improvement and Mahalanobis distance. Integrated with Neural Posterior Estima-
tion, these models enabled robust inference of parameter distributions and provided accu-
rate predictions of copper leaching behavior from two distinct soils, signi�cantly reducing
computational demands. Supporting information for this chapter is detailed in Appendix
C.
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chapter 4 This chapter addresses the challenges of predicting the sorption behav-
ior of per- and poly�uoroalkyl substances (PFAS) in soils, a key factor in assessing their
environmental mobility and risks. The diverse properties of PFAS, combined with their
complex interactions with soil-speci�c parameters, make accurate predictions di�cult. To
overcome these challenges, PFAS Sorption Stacking model (PSSM), a novel machine learn-
ing model, was developed to predict the solid-liquid distribution coe�cients (Kd) of a wide
range of PFAS. Built on a comprehensive dataset of 51 PFAS compounds across 455 soil and
sediment samples, the model integrates molecular weight, hydrophobicity, and speciation
(pKa) with soil properties such as pH, organic carbon content, and texture. The results
highlight the dominant role of hydrophobic interactions, exempli�ed by octanol-water
partition coe�cient (Kow), over electrostatic factors like pKa and cation exchange capac-
ity in in�uencing sorption processes. By combining these predictions with soil repository
data, PSSM generates Kd maps, providing a scalable and practical framework for environ-
mental risk assessment. Supporting methodologies and additional analyses are detailed in
Appendix D.

chapter 5 This chapter summarizes the key �ndings, emphasizing the development
of e�cient machine learning tools for modeling contaminant leaching and sorption. The
advancements demonstrated in this work highlight the potential for scalable environmen-
tal risk assessments. The chapter concludes with an outlook on future research directions,
including extending datasets for column leaching tests and PFAS, modeling the sorption
behavior of emerging contaminants like antibiotics, and integrating advanced modeling
frameworks to deepen the understanding of contaminant transport processes.
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2.1 introduction

2.1 introduction

The increase in production and agglomeration of solid waste and its management have
caused environmental problems all over the world. Most of the solid waste comes from
human activities such as demolition and renovation of buildings, steel production, waste,
and coal incineration (European Commission, 2014).

Construction and Demolition Waste (CDW), consisting of concrete, natural aggregates,
bricks, plaster, and occasionally wood, glass, and plastics, constitutes the largest fraction
(approximately 30%) of the solid waste produced in the European Union (Rodrigues et al.,
2013; European Commission, 2014). While being considered for a long time as unusable
waste and being disposed in land�lls, in the meantime, recycled CDW is known to be
technically feasible for various construction applications (Del Rey et al., 2015). At present,
over 90% of CDW is reused in technical structures such as road constructions, embank-
ments, concrete, dams, etc. (Molenaar & van Niekerk, 2002; Rahman et al., 2014; Lupsea
et al., 2014; Rahman et al., 2015; Kreislaufwirtschaft Bau, 2018). This high level of reuse
remarkably reduces the need for quarrying virgin materials and lowers environmental
risks from waste disposal. The material itself, but also the presence of adhesives, paints,
sealants, PCBs, asbestos, and lead-based paint, may contain both organic and inorganic
contaminants (Del Rey et al., 2015), and pose a potential risk of subsoil and groundwater
contamination, owing to the release of pollutants if water percolates through these ma-
terials (Susset & Grathwohl, 2011). Thus, appropriate measures and testing methods are
required to ensure the safe reuse of CDW in the environment.
Leaching tests provide a means to determine the aqueous concentrations at which con-

taminants are released from various sources, including soils (Kalbe et al., 2014; Naka et al.,
2016; Löv et al., 2019; Röhler et al., 2021), recycled construction materials (Butera et al.,
2015; Del Rey et al., 2015; Bandow et al., 2019; López-Uceda et al., 2019; Diotti et al., 2020;
Prieto-Espinoza et al., 2022), radioactive or other waste materials (Hyks et al., 2009; Chen
et al., 2021). These tests also allow to evaluate the cumulative mass release based on the
liquid-to-solid ratio (LS), where the LS represents the ratio between the amount of liquid,
i.e., water (L), and the amount of solid (S) in the test expressed in L kg−1 dry matter.

Several methods of leaching tests with di�erent initial conditions have been developed
to evaluate the release of pollutants from porous materials in the laboratory: column tests
(DIN 19528, 2009; US EPAMethod 1314, 2013; DIN CEN/TS 16637-2, 2014), batch tests (DIN
38414-6, 1986; DIN EN 12457-1, 2003; DIN 19529, 2015), and sequential leaching tests (NEN
7349, 1995; Comans & Roskam, 2002). Table A.2 presents an overview of some column
leaching standards.
Column leaching tests are preferred over batch tests since they can simulate the wa-

ter �ow through porous materials closer to natural conditions, have better reproducibility
than batch and sequential leaching tests, and can assess the leaching behavior of the pol-
lutants over extended periods (Roussat et al., 2008; Grathwohl & Susset, 2009).

In preparation for the German decree for the use of recycled mineral materials (Bundes-
gesetzblatt, 2021), the leaching potential of CDWs (amongst other materials) was evalu-
ated based on a series of column leaching tests with material samples from diverse origins.
Among a larger number of identi�ed constituents, pollutants of concern were determined
by a statistical evaluation of cumulative concentrations at LS=2 and predictions of pollu-
tant release and leachate concentrations in real-world reuse applications in comparison
to existing quality standards. According to Susset, Grathwohl, 2011, �ve compounds can
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2.2 materials and methods

be found in the leachate at levels of environmental concern: Sulfate, 15 (US-EPA) PAHs,
Chromium, Copper, and Vanadium. The eluate concentration of these compounds may ex-
ceed the quality standard for certain reuse applications. For the practical implementation
of the decree, and to regulate the reusability, CDWs are divided into three di�erent cate-
gories (CDW-1, CDW-2, CDW-3) of material quality in terms of contaminant levels in the
leachate from low to high (Table B.1).

Arti�cial Intelligence (AI) and Machine Learning (ML) algorithms have increasingly
been applied in the �eld of chemistry and geochemistry due to their ability to �nd pat-
terns, model dynamic systems, and make predictions about complex processes. Substan-
tial research papers have relied on ML models using Arti�cial Neural Network (ANN), and
tree-based algorithms to predict the leaching behavior of chemical compounds from soils
and solid wastes (Bayar et al., 2009; Bazoobandi et al., 2019; Flores et al., 2020; Lillington
et al., 2020; Spijker et al., 2021; Zhang et al., 2022). ML methods have also been employed
to investigate the bioavailability of pollutants in water and their removal processes from
solids (Wu et al., 2013; Caglar Gencosman & Eker Sanli, 2021).
In this study, we implement parametric and non-parametric ML algorithms to quantify

the leaching of chemical compounds from CDW materials, recognizing the complexity
of the governing processes and material properties. We investigate whether the use of
ML models that are tailored to e�ectively predict long-term leaching behavior using lim-
ited short-term measurement data predictions can replace long-term measurements. This
would shorten the duration of extended column leaching tests, which typically require a
signi�cant duration, depending on the speci�c test setup in the lab. Such tests typically
take 3 to 4 days (> 7 days) to reach LS=4 (LS=10) (Grathwohl & Susset, 2009).

To this end, we (i) build an exhaustive data set of the leaching behavior of chemical com-
pounds by collecting the results of experimental studies from the last decade, (ii) develop
several ML models to predict the long-term leaching behavior of CDWs at LS=2, 4, 10, and
in addition (iii) analyze the impact of individual chemical features and the size of the data
set on the performance of the proposed ML models.

2.2 materials and methods

2.2.1 Leaching Test

Leaching tests are conducted to evaluate the potential risk of harmful pollutants present
in recycled waste materials being released into seepage water and ultimately contaminat-
ing groundwater (Grathwohl & Sloot, 2007; Kalbe et al., 2014). These tests evaluate the
leachability of the contaminants rather than quantifying their total content in the solid
phase.
The leaching tests take into consideration several crucial factors to determine the leach-

ability of contaminants. These factors, including chemical compound properties such as
solubility and distribution coe�cients, as well as material characteristics like porosity, par-
ticle size, permeability, composition, and organic carbon content, along with physical pa-
rameters such as �ow rate, temperature, contact time, pH, redox conditions and LS ratio,
are considered in leaching tests (van der Sloot, 2004; Kalbe et al., 2008; Liu et al., 2021).
Generally, leaching tests are assessed in terms of the cumulative release of mass for

speci�c values of the L-to-S ratio. L/S ratio or LS represents the time after a speci�c volume
of liquid (i.e., water) percolated through the column �lledwith a speci�cmass of solids. The
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eluate, that is, the solution obtained from the leaching experiment, is typically collected
according to the prede�ned separate fractions of LS (Kalbe et al., 2007). Results obtained
in the laboratory can be mapped to the �eld, i.e., real-world leaching scenarios via LS,
provided that local equilibrium between solid and water exists. The time scale in the �eld
that is associated with a certain LS value can be estimated by the following equation:

Tfield = 2.65 ⋅ (1 − n) ⋅ d/q ⋅ LS, (2.1)

where n, d, and q denote the porosity [−], the thickness of the release zone [L], and
percolation rate [L T−1], respectively (Finkel & Grathwohl, 2017). Note that, for typical
bulk densities and seepage water rates, Tfield ranges for LS = 2 between 10 and 20 years.
An "extended column leaching test" is used to characterize the long-term leaching be-

havior of pollutants at the di�erent LS ratios (e.g., 0.3, 1, 2, 4, and - optionally - 10). These
long-term measurements can provide researchers with valuable information about the re-
lease processes and e�ectiveness of soil or waste management systems over time, enabling
them to ensure long-term sustainability and reduce the risk of environmental contamina-
tion.
For the practical implementation of risk assessment by means of column leaching tests,

typically the cumulative sum of released mass up to some particular reference LS ratio (Eq.
2.2) is considered and expressed as cumulative concentration (Eq. 2.3). In Germany, e.g., the
LS ratio of 2 is applied in "compliance tests", which are the everyday procedure to assure
the quality of recycling materials (Kalbe et al., 2008; Susset & Grathwohl, 2011; Finkel &
Grathwohl, 2017; Prieto-Espinoza et al., 2022). The cumulative mass released de�ned as:

Mreleased,LSX =

nf rac(LS=X )∑
i=1

Cf rac,i ⋅ Vw,i, (2.2)

whereMreleased,LSX is the mass released until a speci�c LS value X is achieved, Cf rac,i repre-
sent the measured actual concentration in a certain LS fraction and Vw,i indicated the water
volume of the individual fraction, and nf rac(LS = X ) is the number of fractions sampled
until LS = X . Furthermore, the cumulative concentration at LSX , CLSX , is de�ned by:

CLSX =
Mreleased,LSX∑nf rac(LS=X )
i=1 Vw,i

. (2.3)

2.2.2 Compilation of Available Data

Over the last two decades, data from 82 extended column tests with CDW were compiled
in accordance with the German standard (DIN 19528, 2009) at various locations in Ger-
many. The data set used in this study is presented in Susset, Leuchs, 2008a. Measurements
were taken at LS values of 0.3, 1, 2, and 4 in all 82 tests. Data at LS=10 is only available
from 23 tests. Each of the 351 measurement events includes 9 parameters: Sulfate, Vana-
dium, Chromium, Copper, 15 (US-EPA) PAHs, as well as Dissolved Organic Carbon (DOC),
pH, Electrical Conductivity (EC), and the LS ratio. The data set comprises a total of 3159
individual data points.

The distribution of the relevant chemical compounds’ concentration in terms of kernel
probability density for di�erent ranges of LS is shown in Figure 2.1. See Figure B.1 for the
distribution of pH, EC, and DOC in the data set.
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Figure 2.1: Half-violin plots, embedded with data points, represent kernel density estimates of the
full distributions of the concentration in the leachate (i.e., eluate) of CDW in relevant LS
ranges: A) Sulfate, B) Vanadium, C) 15 (US-EPA) PAHs, D) Chromium, E) Copper; note
that the box inside the violin shapes represents the minimum, �rst quartile, median
(white dot inside the box), third quartile, and maximum data value.

2.2.3 Data Preparation

Careful data preparation in terms of preprocessing and cleaning the data for subsequent
detailed processing is crucial for the performance of ML algorithms. It essentially includes
proper consideration of missing data values, feature scaling, and splitting the data into
training and test sets (Dorj & Altangerel, 2013; Sarker, 2021).

Missing Data

At high LS, the dilution of highly soluble substances with limited mass in the solids may
lead to concentrations below the quanti�cation limits (Susset & Grathwohl, 2011). It is
distinguished between true missing values (measurement has not been done), e.g., un-
measured 15 (US-EPA) PAHs values at low LS ranges (53 data points), and values below
the Limit Of Quanti�cation (LOQ) (i.e., prede�ned measurement device’s detection limit)
which included Copper (68 data points), Chromium (20 data points), and Vanadium (14
data points). For handling the values below LOQ, the approach of Faucheux et al., 2021 has
been followed, replacing missing data with the LOQ of the respective chemical compound
(i.e., the LOQ values for Copper, Chromium, and Vanadium were 5 µg/l). Moreover, due to
the high accuracy and simple implementation, the polynomial extrapolation method has
been used to �ll in unmeasured 15 (US-EPA) PAHs values (Lepot et al., 2017).
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Feature Scaling

ML algorithms’ attempt to �nd trends in the data may be impeded, if data feature values
(concentrations of Sulfate, Vanadium, Chromium, Copper, 15 (US-EPA) PAHs, DOC, and
pH, EC, LS) have considerably di�erent scales. Re-scaling of feature values into a �xed
range is a common way to avoid this. In this work, whole data is re-scaled into the range
[0,1] using the min-max normalization method (see Eq. A.6).

Training and Test Set

In developing a robust MLmodel, the data is split into two parts, training and a test set (Xu
& Goodacre, 2018), typically with an 80/20 split, both sets being produced by uniformly
random sampling from the preprocessed data (Lever et al., 2016). The training set is used
by the ML algorithm to learn general patterns and features in the data set. The test set rep-
resents "unseen" data, which is used in the testing process to evaluate the performance of
the previously trained model with its optimized hyperparameters obtained in the training
process.

2.2.4 Machine Learning Models

Several algorithms (Ordinary Least Squares, LARS-LASSO,Decision Tree,ANN, LASSO, Ridge,
Extremely randomized Trees (ET), and Random Forest (RF) ) were initially explored to pre-
dict the concentrations of the �ve relevant compounds at LS=2, 4, and 10, as well as the
cumulative concentration at LS=2. After thorough testing, we narrowed down our selec-
tion to four ML models based on their R-squared and Cross-Validation performances. The
two linear models, LASSO and Ridge, showed better predictive abilities compared to the
other linear models we tested, and were therefore included in our �nal selection of models.
Among the non-parametric models, we chose RF and ET due to their good performance in
preliminary testing.
A maximum of 18 data features have been used as the input of each model measured at

early testing times, i.e., LS=0.3 and LS=1, as depicted in the Data Features of Figure 2.2. Due
to the limited availability of measurement data at LS=10 in the database, the main study
relied on models capable of concurrently estimating two output variables - speci�cally, the
concentrations of the respective compounds at LS values of 2 and 4. The procedure that was
followed to develop, train, and evaluate these models is illustrated in Figure 2.2. Section
B.8 provides details about the coding environment and the computer system utilized for
developing the models.
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Figure 2.2: Flow chart of the development and assessment of compound-speci�c multi-output ML
models.

Furthermore, to predict leachate concentrations at LS=10, three approaches to develop/-
train ML models were compared: (i) "Early-stage input" models using data observed at
LS=0.3 and 1 as model’s input - like the models used to predict the concentration at LS=2
and 4, (ii) "Sequence-timepoint input" models using an extended input from observed data
at LS=0.3, 1, 2, and 4, and (iii) "Hybrid input" models with input both from observed (at
LS=0.3 and 1) and predicted data (at LS=2, and 4).

2.2.5 Regression Analysis

In ML, both classi�cation and regression are common types of problems that are used to
develop models. A regression model is a type of model that is used to predict a contin-
uous outcome using one or more hyperparameters to control model complexity. Hyper-
parameters are the parameters of a ML model that are not learned from the data during
training. They control the complexity and behavior of the model, and selecting the opti-
mal hyperparameters is essential for achieving good performance. For this study, we have
selected common linear and ensemble regression methods with several hyperparameters
to compare the performance of the two di�erent types of regression algorithms, which are
presented shortly in the following:

Linear Regression

Linear regression is a simple yet powerful model for predicting a target variable, but it is
prone to over�tting in high-dimensional settings. Regularization techniques like Ridge and
Lasso help mitigate this issue and improve generalization (Pedregosa et al., 2012). LASSO
employs the (L1) regularization method to eliminate less essential features by penalizing
the "Absolute Value of the Magnitude of Coe�cients" to induce the speci�c coe�cients to
be absolute zero (Tibshirani, 1996). Ridge regression employs (L2) regularization, de�ned
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as "Squared Magnitude of Coe�cients", which leads to minor weights and never sets the
coe�cient value to absolute zero (see details in A.6).

Ensemble Regression Methods

To overcome the limited generalizability of a single estimator model like linear regression,
various ensemble methods have been developed that combine the predictions of multiple
estimator models (Dietterich, 2000; Schapire & Freund, 2012). Two popular averaging en-
semble methods are Random Forest and Extremely randomized Trees, which have been
widely used in ML applications. The following brie�y explains these methods:

Random Forest (RF) regression is a meta-estimator using several numbers of trees as an
estimator model (n-est) with a certain depth (max-depth) using sampling with replacement
(e.g., a bootstrap sampling— Section B.9) and a random subset of features (max-features),
which leads to a reduction of the variance and over�tting of a model, yielding an overall
better model performance (Breiman, 2001).

Extremely randomized Trees (ET) employ the same hyperparameters (n-est, max-depth,
and max-features) as RF. However, to reduce the model’s variance compared to RF, the ran-
domness is taken one step further in how the features are split (Geurts et al., 2006). Instead
of looking for the most discriminative thresholds, arbitrary thresholds are chosen for each
candidate feature (Hbali et al., 2018). The best of these randomly generated thresholds is
chosen as the splitting node. This di�erence can lead to ET having a higher model bias
than RF. Although this approach may not capture the most critical relationships in the
data as e�ectively as RF, it can make ET less prone to over�tting and better able to handle
complex data relationships (Geurts et al., 2006). Refer to A.7 for more details.

2.2.6 Hyperparameters Optimization: Cross-Validation

In this study, models’ hyperparameters were optimized using the random search method
(for detailed information, refer to Section B.10), which involves training themodel multiple
times with random combinations of hyperparameters and evaluating its performance us-
ing the Cross-Validation (CV) technique (Bergstra & Bengio, 2012). The larger the number
of trained model hyperparameters is, the better is typically the performance of the trained
model (Xu & Goodacre, 2018). However, higher model complexity generally increases the
risk of over�tting, which prevents the model’s generality and leads to a rather poor model
performance for unseen data (Ying, 2019).

To overcome the issue of over�tting, each model is trained on the CV set using the se-
lected range of hyperparameters (as described in Table B.2) to optimize the model’s com-
plexity through the tuning of hyperparameters, resulting in a more stable and reliable
model (Refaeilzadeh et al., 2016). In order to develop a CV set, the training data are split
into K folds, where each fold is used as a validation set once, and the model is trained on
the remaining K -1 folds. This process is called K-fold Cross-Validation.

Repeated K-fold CV was utilized in this study as a variant of K-fold CV, whereby the
K-fold procedure was repeated a speci�ed number of times (n), and the folds were split
di�erently in each repetition. This approach is known to enhance the stability of results
and reduce the variance of the performance estimate, particularly in limited data situa-
tions (Berrar, 2019). The tuned parameters of each algorithm were selected based on their
highest averaged predictive performance (Figure 2.3).
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Figure 2.3: Repeated Five-Fold Cross-Validation (CV) chart. In each iteration, the training set is split
into �ve parts (K=5), four of them (orange boxes) are taken as training data, and one
fold is utilized as test data for evaluation (blue boxes). This CV procedure is repeated for
(n=10) times, which n is the number of repetitions of the K-Fold procedure. The average
value of the �ve iterations’ test results counts as a performance of a speci�c K-Fold CV,
and the average of ten repeated K-Fold CVs is computed as an assessment of the �nal
repeated K-fold CV set.

2.2.7 Feature Importance

To quantify the importance of individual data features used as input to the ML models, we
employed the SHapley Additive exPlanation (SHAP) algorithm (Lipovetsky &Conklin, 2001;
Hazra & Anjaria, 2022). The algorithm aims to identify the contribution of each feature in
the data set to the �nal prediction made by the model (Shapley, 1953). This information
can be used to improve the model’s performance and interpretability.
The SHAP algorithm is based on the concept of Shapley values from game theory (Shap-

ley, 1953). In the context of ML, each feature in the data set is considered a player in a
cooperative game, and the algorithm calculates the contribution of each feature to the �-
nal prediction by averaging its contribution across all possible combinations of the input
features. This approach provides a fair attribution of each feature’s contribution to the
prediction, even for models with highly correlated input features (Lundberg & Lee, 2017).
The SHAP value is de�ned as:

�i = ∑
S⊆F\{i}

|S|!(|F |− |S|− 1)!|F |! [fS∪{i}(xS∪{i}) − fS(xS)], (2.4)

where F is the entire set of model input features, S is a subset of F , |S| and |F | are the size
of S and F , respectively. fS is the prediction made by the model with the features in S. Also,
fS∪{i} refers to the prediction of the model when given a subset of input features (S) and a
single input feature (i). The sum is taken over all possible subsets S of F that do not include
i, and xS describes the values of the input features in the set S. The term |S|!(|F |-|S|-1)! is
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a combinatorial factor that accounts for the number of ways that the features in S can be
permuted.

2.2.8 Model Performance

For each of the relevant chemical compounds, the quality of the predictions made by the
four di�erent models (based on LASSO, Ridge, RF, and ET algorithm) was evaluated for the
training and test data set as well as in terms of average performance in the CV set (Figure
2.3).
Two standard metrics, Normalized Root Mean Squared Error (NRMSE) and Coe�cient

of determination (R2), were used in order to evaluate the performance of individual ML
models. NRMSE and R-squared were calculated for each compound-speci�c model and
predicted concentrations at LS=2, 4, and LS=10 separately as:

NRMSE =

√
1
n
∑n

i=1 (yi − ŷi)2

y
(2.5)

R2 = 1 −
∑n

i=1(yi − ŷi)
2∑n

i=1(yi − y)2
, (2.6)

where ŷ i represents the predicted value for the ith observation, yi depicts the measured
value for the ith observation, y de�nes the average of observation, and n describes the num-
ber of observations considered in the evaluation. To predict the concentration at LS=2 and
LS=4, a training set of n=67 data points is used. However, for predicting the concentration
at LS=10, a smaller training set of only n=16 data points is utilized. Once the model is
trained, it is tested on a separate test set to evaluate its performance. This test set consists
of n=15 data points for predicting the concentration at LS=2, 4, and n=6 data points for
predicting the concentration at LS=10.
Finally, the accuracy of the models was evaluated by separately calculating the mean

NRMSE and R2 values for the predicted concentrations at LS=2, 4. To assess the perfor-
mance of the model at LS=10, the observed and predicted values at LS=10 were directly
compared, and the corresponding NRMSE and R2 values were calculated.

2.3 results and discussion

2.3.1 Overall Performance of the Models at LS=2 and 4

All four tested algorithms perform reasonably well for each of the relevant compounds.
The compound-speci�c performance of each optimized model (see Table B.2 for the tuned
hyperparameters) in predicting the actual concentration at LS=2 and LS=4 on the test data
set is given in Table 2.1.
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LASSO Ridge RF ET

R2
train R2

CV R2
test NRMSEtest R2

train R2
CV R2

test NRMSEtest R2
train R2

CV R2
test NRMSEtest R2

train R2
CV R2

test NRMSEtest

Sulfate 0.92 0.85 0.87 0.41 0.92 0.86 0.87 0.40 0.98 0.92 0.94 0.27 0.99 0.91 0.93 0.28

Vanadium 0.95 0.90 0.89 0.22 0.96 0.89 0.92 0.17 0.98 0.89 0.92 0.19 0.99 0.92 0.97 0.12

Chromium 0.84 0.70 0.23 0.29 0.86 0.70 0.09 0.32 0.95 0.68 0.75 0.17 0.98 0.72 0.82 0.16

Copper 0.83 0.73 0.89 0.17 0.86 0.68 0.48 0.39 0.93 0.72 0.90 0.17 0.94 0.75 0.92 0.15

15 (US-EPA) PAHs 0.95 0.89 0.94 0.42 0.95 0.88 0.94 0.4 0.99 0.93 0.98 0.29 0.99 0.92 0.97 0.32

Bold values represent the performance of the �nal model with the highest Cross-Validation R2.

Table 2.1: Overall performance of each model to predict actual concentration at LS=2 and LS=4
using the best-tuned algorithms.

For each compound, the model with the highest R2 score for the CV data set was selected
as the best available model. All �ve models show high performance with R2 scores > 80%
and NRMSE < 0.3. The comparison between observed concentration values of the test data
set and model predictions illustrates the good performance of these models (Figure 2.4).
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Figure 2.4: Measured vs. predicted concentrations at LS=2 and LS=4 for the test set samples using
the best-available ML models for A) Sulfate, B) Vanadium, C) 15 (US-EPA) PAHs, D)
Chromium, E) Copper (see Figure B.4 in B.7 for the performance of ML models in pre-
dicting the cumulative concentration at LS=2).

Predictions for Sulfate, Vanadium, and the 15 (US-EPA) PAHs are generally better than
for Chromium and Copper. Two reasons were suspected for the comparatively moderate
performance of the Chromium and Copper models in the CV set: data bias due to the sub-
stitution of below-LOQ values and variability in leaching behavior. For both Copper and
Chromium, a notable number of data points (68 and 20, respectively) were set by substitu-
tion of originally below-LOQ values in the high LS range (e.g., LS=4) of the training data
set. Obviously, such a substitution introduces some bias, in the sense that the substituted
data does not perfectly represent the real leaching process. We compared three options for
substitution (by (i) a �xed value of LOQ, (ii) a �xed value of LOQ/2, and (iii) random val-
ues between 0 and LOQ) but did not see any di�erence in the performance of the models.
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Thus, data bias due to substitution does not seem to signi�cantly a�ect the learning of the
models.
The variability in the leaching behavior of speci�c compounds was further examined by

analyzing the performance of all individually trained models during the CV. The results
showed considerable variability in the performance of Chromium and Coppermodels from
one training-validation iteration to the next, most likely due to the variability in the data
representing di�erent leaching behavior in individual validation folds (see Figure B.3). Con-
sequently, the model becomes too closely tied to the speci�c characteristics of the training
data, resulting in poor generalization of unseen data.
These ML models also demonstrated high accuracy in predicting the cumulative con-

centrations at LS=2 (CLS2,m+p) for all relevant compounds (Figure B.4). The cumulative
concentrations were calculated using modi�ed equations (2.2) and (2.3), which take into
account both the measured (m) and predicted (p) concentrations:

CLS2,m+p =
(∑nf rac,m

i=1 Cf rac,i(m) ⋅ Vw,i) + (∑nf rac,m+p
i=nf rac,m+1

Cf rac,i(p) ⋅ Vw,i)∑i=nf rac,m+p
i=1 Vw,i

, (2.7)

where nf rac,m =2 (at LS=0.3 and LS=1) and nf rac,m+p =3 (at LS=2). This approach is par-
ticularly important as German regulations categorize recycling materials in terms of their
re-usability in infrastructural and landscaping measures, based on cumulative concentra-
tions at LS=2.

2.3.2 Overall Performance of the Models at LS=10

To evaluate the performance of the models in predicting the concentration of relevant
compounds at LS=10, three di�erent approaches were used. The results, as shown in Fig-
ure 2.5 and summarized in Table B.3, indicate that the highest accuracy in predicting the
concentration at LS=10 was achieved by the "Sequence-timepoint input" model (using ob-
served concentration at LS=0.3, 1, 2, and 4 as input). The "Hybrid input" model (using
observed concentration at LS=0.3 and 1, and the predicted concentration at LS=2 and 4 as
input) had a slightly lower accuracy. It is remarkable that this model’s performance for
each speci�c compound was comparable in predicting the concentration at LS=10 to that
of the "Sequence-timepoint input" model, despite using the predicted concentrations at
LS=2 and 4. The lowest accuracy in predicting the concentration of relevant compounds
at LS=10 was achieved by the "Early-stage input" model (using observed concentrations at
LS=0.3 and 1 as input).
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Figure 2.5: Leaching behavior of six di�erent samples assessed by various ML models. Each col-
umn represents a speci�c compound, and each row with di�erent color shows a speci�c
sample. Measured data is depicted by the plus symbol, while predicted concentrations
at LS=10 by sequence-timepoint, hybrid, and early-stage input models are represented
by a diamond, reverse triangle, and star symbol, respectively. Predicted concentrations
at LS=2 and 4 by the ML model (using LS=0.3 and 1 as input to predict concentrations
at LS=2 and 4) are shown by circles.

These results suggest that incorporating data at higher LS values in the training data
leads to improving the accuracy of the ML models in predicting the concentration of the
relevant compound at LS=10. Moreover, the use of predicted values from the ML model at
LS=2 and 4 as inputs to the second model improved the performance of the model com-
pared to using only observed data at LS=0.3, and 1. While the performance for the training
and test sets of these models was relatively high, it is important to note that over�tting
may be a concern due to the limited number of available training samples. This is re�ected
in the very low R2 score observed in the CV set for these models (Table B.3).
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2.3.3 In�uence of the Size of the Training data set on Model Performance

ML algorithms’ success is attributed to the availability of extensive training sets. The per-
formance of resultingMLmodels typically improves with the growing number of available
samples in the training data set (Jha et al., 2019). This could be con�rmed for the perfor-
mance of the compound-speci�c models as a function of the training set size. As illustrated
in Figure 2.6, the models’ performance is low when the training data set size is small. With
increasing training data set size, themodels’ performance improves, inferring that themod-
els learn to �nd the general pattern from the training set. Results for Chromium indicate
a larger variation in the leaching behavior as represented by each new test sample. The
e�ect of training data set size is evident for these compounds. In contrast, the leaching
behavior of Sulfate appears to be represented very well even by very limited training data
(due to its relatively stable behavior typically showing a rapid decrease of leachate concen-
tration). The Sulfate model thus shows very good performance if trained with a small data
set.
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Figure 2.6: In�uence of training data set size on the performance (R2) of ML models to predict con-
centrations at LS=2 and 4. The best-available model for each compound is used. While
maintaining the structure of the models (optimized hyperparameters), the models were
re-trained for di�erent sizes of the training data set and evaluated for their performance
based on the test data set. Note: The maximum value of R2 is 1 but has no minimum
value; a negative R2 means that the model is predicting worse than the mean of the tar-
get values.

2.3.4 Key Model Features

The importance of all 18 models’ features (ML model to predict concentration at LS=2
and 4) was analyzed with the SHAP method. As could be expected, data from early mea-
surements (respective compounds concentration at LS=0.3 and LS=1) do most signi�cantly
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a�ect the outcome (predicted concentrations at LS=2 and LS=4) of all �ve models (Figure
2.7). In addition to these primary key features, a number of secondary key features were
identi�ed for each model. These features can be reasonably linked to the release speci�cs
of the respective compound. For example, as illustrated in Figure 2.7, the results indicate
that pH and EC have a signi�cant impact on predicting Sulfate concentration, which cor-
responds to these parameters’ potential to strongly in�uence the aqueous solubility of
Sulfate. Figure B.1 shows the pH distribution of all 82 samples, which lies within the range
of 8-13. According to Engelsen et al., 2017, the leachability of Sulfate decreases at higher
pH values above 8. Moreover, higher EC values may promote the dissociation of Sulfate
into their constituent ions, resulting in increased Sulfate concentrations.
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Figure 2.7: Beeswarm summary plots of SHapley Additive exPlanation (SHAP) values �. Features
are ranked according to their importance for the 5 most important features: the higher
the feature is placed in the plot, the more important it is for the model outcome (in
terms of mean absolute � value). For each feature, a single dot refers to the calculated �
value using the data xS of a single column leaching test (see Eq. 3.8). Feature importance
varies in terms of magnitude and direction of correlation. Dependency on the feature’s
value is indicated by color.

Although pH and EC are recognized as key factors in determining the solubility of Sul-
fate, their impact on the leachability of Vanadium can be more intricate and may be in�u-
enced by the speci�c oxidation state of Vanadium in a given sample (Peng, 2019). Nonethe-
less, pH and EC are crucial determinants in regulating the leaching behavior of several
metals and metalloids. Environmental risks related to the mobility of Vanadium typically
decrease at higher pHs (Engelsen et al., 2012), as con�rmed by the SHAP analysis shown in
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Figure 2.7, whereas higher EC values can enhance the desorption and liberation of metals
and metalloids. (Huang et al., 2015)
In addition, Del Rey et al., 2015 found that a considerable proportion of total Chromium

released from CDW exists in the form of Cr (VI), which is known to be more harmful and
easily leached than Cr (III) due to its pH-dependent oxidation state and leachability. It is
important to note that the leachability of Chromium increases between pH levels 8-12 and
leached as Cr (VI) (Engelsen et al., 2012; Del Rey et al., 2015). This is consistent with the
�ndings of the SHAP analysis, which also investigated the behavior of Chromium (Figure
2.7).
As shown in Figure 2.7, DOC can have a signi�cant impact on Copper leaching in demo-

lition waste. This can be achieved by forming soluble complexes with Copper ions. This
can increase the mobility and bioavailability of Copper in the environment (van Zomeren
& Comans, 2004; Mesquita & Carranca, 2005). Factors like the concentration and type of
organic matter, pH, and presence of other metal ions can a�ect the complexation of Copper
by DOC (Meima & Comans, 1999).

2.4 summary and conclusion

In this study, we have demonstrated the suitability of using Machine Learning (ML) mod-
els to predict the long-term leaching of relevant compounds from Construction and De-
molition waste (CDW). By utilizing short-term concentration data (LS<=1), the models
were able to accurately predict long-term concentrations (LS=2, 4, and 10), resulting in
a signi�cant reduction in the time required for laboratory testing from nearly 7–14 days
(depending on the leaching test standard) to just 1 day.

Time-consuming long-term measurements may therefore be replaced by predictions
withMLmodels, which showed to be particularly feasible in the context of cumulative con-
centration levels used in Germany to categorize recycling materials with respect to their
re-usability in infrastructural and landscaping measures (Bundesgesetzblatt, 2021). Values
of predicted cumulative concentration at LS=2, agree very well with measured cumulative
concentrations (Figure B.4). Furthermore, the replacement of long-term measurements by
predictions does not compromise a correct categorization of CDW. For all of the column
test data considered in the ML test set, the assessment of the CDWmaterial in terms of its
allocation into one of the material categories (CDW-1, CDW-2, CDW-3) would be appro-
priate if done based on the cumulative concentration. Speci�cally, it should be noted that
all samples in the test set have Vanadium, Copper, and Chromium concentrations below
the legal limits established by the German Recycling Decree (Bundesgesetzblatt, 2021) and
fall into the CDW-1 class.
Finally, the limitations of this study have to be acknowledged. The amount of available

data plays a crucial role in the performance of the ML models (see Figure 2.6). While the
dataset comprising 82 column leaching tests was su�cient to reliably predict the long-term
concentrations in CDW leachate, a dataset of similar size might not be enough for other
materials, and a generalization of the �ndings may be di�cult. More insight is expected
from further studies, particularly from applications to soil materials, the properties and
contaminant load of which are known to vary much more than for CDW. Also, in soil ma-
terials, there is a much larger variety of relevant compounds to be considered (a total of
18 compounds, incl. chlorinated compounds, and petroleum hydrocarbons; see Bundesge-
setzblatt, 2021). Future research may also involve the consideration of meta-data as model
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2.4 summary and conclusion

input. Data such as geographical provenance, time period of use, speci�cs of the recycling
process, etc., may enhance model performance and interpretability of results.

The �ndings of this study have important practical implications for the management
of waste and recycling materials, which are growing concerns in the construction indus-
try. By providing a faster and more e�cient method for evaluating the leaching behavior
of relevant compounds, this approach could help to inform decision-making around the
appropriate reuse or disposal of these materials.
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3.1 introduction

Column leaching tests o�er crucial insights into the release and transport of contaminants
in porous media (e.g., Grathwohl & Sloot, 2007; Kalbe et al., 2014). These tests assess the
mass release of contaminants over a speci�c time period, expressed as the liquid-to-solid
ratio (LS), that is, the volume of water (L) percolated through the column within a desig-
nated time period, in relation to the dry weight of the solids (S) contained in the column.
Process-based numerical-modeling approaches have been extensively utilized for sim-

ulating coupled advection, dispersion, and inter-phase mass transfer in column leaching
experiments (Finkel & Grathwohl, 2017; Liu et al., 2021). Although these methods provide
valuable insights into the leaching behavior of contaminants, they are not without certain
drawbacks. Speci�cally, insu�cient discretization of the domain can impede the accurate
prediction of the concentration breakthrough curves. Furthermore, these methods often
require a considerable allocation of computational resources, especially in sensitivity anal-
ysis and during model calibration, where parameters are adjusted to �t the model output
to observed data.

In the context of model calibration, Bayesian methods o�er a robust approach of es-
timating complete parameter distributions conditioned on observed data. Markov-Chain
Monte Carlo (MCMC) methods, like the di�erential evolution adaptive metropolis algo-
rithm DREAM of Vrugt, 2016 can estimate the full distributions of parameters conditioned
on data, but require many calls of the predictive model for each data set. This is why
machine learning techniques like Simulation-Based Inference (SBI) have been developed
that perform the same estimation task at lower computational costs. SBI employs a sub-
set of neural-network-based methods, particularly known as Neural Posterior Estimation
(NPE). This approach involves training on model inputs and outputs that are sampled from
the prior distribution, enabling the precise estimation of posterior parameter distributions
when being confronted with data (Papamakarios & Murray, 2016; Lueckmann et al., 2017;
Cranmer et al., 2020). This approach eliminates the need for additional inference proce-
dures, naturally amortizing inference costs (Greenberg et al., 2019). Consequently, once the
network is trained, inference for unseen measurements can be executed without requiring
new simulations. Despite their e�ectiveness, these techniques encounter challenges, par-
ticularly the high computational costs associated with a large number of complex process-
based model evaluations (often in the order of 104 simulations). To tackle this issue, a
surrogate model may be employed to substitute the high-�delity simulation model in the
training of simulation-based inference.
Surrogate models, also known as emulators or proxy models, are powerful methods ex-

tensively utilized across various scienti�c and engineering domains, including subsurface
hydrology. Among others, they have been used in parameter estimation for subsurface
�ow (Babaei et al., 2015; Allgeier & Cirpka, 2023), sensitivity and uncertainty analysis
(Chen et al., 2021; Mohammadi et al., 2023), and as ensemble surrogate models in the do-
main of groundwater remediation (Jiang et al., 2015; Chu & Lu, 2015; Ouyang et al., 2017;
Shams et al., 2021). Surrogate models approximate the relationship between model param-
eters and the output of complex models at low computational costs, typically employing
Machine Learning (ML) methods, allowing the model behavior to be investigated and an-
alyzed in a computationally e�cient manner. Conversely, they may come at the cost of
reduced accuracy in analysis.

34



3.1 introduction

The e�ectiveness of the surrogate model signi�cantly relies on the quality and represen-
tativeness of the sample data utilized during its training phase, including the number and
choice of initial samples, also denoted design of experiments (DoE) (Wang & Shan, 2007;
Williams & Cremaschi, 2021). A good design of experiments involves generating a repre-
sentative sample set that captures the essential features of the input-parameter space. This
set of samples is utilized to train the surrogate model and guide the optimization process.
By incorporating prior knowledge of the parameters and employing appropriate sampling
methods, such as the space-�lling Halton Sequence (Halton, 1960), an e�ective design can
be constructed.
To enhance the accuracy and utility of individual surrogate models, optimization strate-

gies are crucial, and Adaptive-Recursive-Sampling (ARS) represents a promising approach
in this regard (Zou et al., 2007; Razavi et al., 2012). Adaptive sampling utilizes di�erent sam-
ple selection criteria, including maximizing the Expected Improvement (EI) (Jones et al.,
1998), maximizing the standard deviation (Liang et al., 2023), or employing distance-based
metrics (Regis & Shoemaker, 2007, 2009; Allgeier & Cirpka, 2023). These methods intelli-
gently adapt the sampling process based on the evolving behavior of the surrogate model,
striking a balance between exploring areas of high uncertainty to prevent the algorithm
from getting trapped in local minima and exploiting trust regions where the surrogate
model is expected to show the optimal performance, minimizing the loss or objective func-
tion. By iteratively re�ning the surrogatemodel with targeted sampling, adaptive sampling
reduces the number of evaluations required to achieve high accuracy by focusing on the
most informative regions of the input space. This approach signi�cantly enhances the per-
formance of the surrogate model, enabling it to better capture the intricate behavior of the
underlying process while lowering computational costs.
Although the accuracy of an independent surrogate model may be generally satisfactory

within a speci�c range of parameters, creating an ensemble of surrogate models becomes
essential for ensuring precise representations throughout the entire prede�ned parameter
space. An ensemble surrogate model refers to combining a series of individual surrogate
models to enhance overall predictive performance. Each base surrogatemodel is rooted in a
distinct virtual-reality dataset (VRD) drawn from di�erent subdomains of the prior param-
eter space (see Figure 3.1 for a simpli�ed visualization in a 2-D parameter space). These
virtual-reality datasets comprise simulated data points, each representing a speci�c pa-
rameter set. There are di�erent techniques for constructing the ensemble surrogate model
from the set of base surrogate models. The simplest approach consists of interpolation be-
tween di�erent base surrogate models, e.g., by inverse-distance weighted interpolation or
by Gaussian Process Regression (Su et al., 2017). In the stacking method (Wolpert, 1992),
the base surrogate models are used to train yet another surrogate model, here using ran-
dom forest as the ML technique. The former is conceptually simple and straightforward,
whereas the latter allows the construction of a complex and potentially accurate ensemble
model at the cost of intransparency in comparison to linear interpolation.
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Figure 3.1: Exemplary representation of spatial distribution of the Virtual-Reality Datasets (VRD)
(crosses) and derived training sets for base surrogate models (semi-transparent dots).
Contour lines depict the frequency of data points, illustrating the distribution density
of VRDs training set samples throughout the parameter space.

The primary objective of the present study is to develop an ensemble surrogate model
that accurately mimics the physics-based simulation of column leaching tests throughout
the space of parameters in the range of values observed in previous column leaching stud-
ies acrossmany contaminants inmany types of soils. These ensemble surrogatemodels em-
ulate cumulative concentrations resulting from simulating advective-dispersive transport
with intraparticle di�usion (ADE-IPD) in soil columns (Liu et al., 2021). We place speci�c
emphasis on enhancing the simulation speed while obtaining practically the same results
as the original model. By this, we want to facilitate the simulation of column leaching
tests for soil contaminants in accordance with established standards set in Germany (DIN
19528, 2009). To optimize the individual surrogate model and employ an e�ective sampling
approach, we utilized ARS, employing a combination of three di�erent in�ll criteria. These
criteria include maximizing the EI, maximizing the standard deviation, and staying below
a threshold of the Mahalanobis distance to the currently best parameter set. To evaluate
the impact of the initial sample quantity on the performance of each base model within the
ensemble, results for two distinct DoE are compared. Finally, the proposed ensemble sur-
rogate model serves as a cornerstone in the framework of model calibration for utilizing
experimental data from column leaching tests to estimate the complete posterior parame-
ter distribution. This is achieved through NPE, which provides full parameter distributions
conditioned on data.
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3.2 theory and background

3.2.1 Process-Based Column Leaching Model

The German standard for column leaching tests (DIN 19528, 2009) de�nes two test steps
(Figure 3.2): (1) saturation, in which clean water is injected into the dry contaminated soil
until the lab column gets fully saturated, and (2) percolation, where water passes through
the column and concentrations are measured in the e�uent at di�erent times.

Clean	water	!Clean	water	! Clean	water	!

Efluent

Strong	sorbentModerate		sorbentWeak		sorbent Contaminant Quartz

Monitoring	BTC

Column

Saturation Percolation

Figure 3.2: Flow chart of column leaching test of heterogeneous materials based on the German
Standard (DIN 19528, 2009). Contaminants desorb from di�erent sorbents and are trans-
ported by water, accumulating at the upper section of the column depending on mass
transfer kinetics. The concentration of contaminants in the e�uent is monitored over
time, and breakthrough curves (BTC) are obtained.

To quantitatively describe column leaching tests, we assume (1) one-dimensional �ow
and advective-dispersive transport in the mobile pore space between the grains, (2) spher-
ical porous grains of solids containing immobile water, (3) radial intraparticle di�usion in
the intraparticle pore space, (4) local equilibrium of the concentrations between the intra-
particle pore water and the sorbents following a linear isotherm. These assumptions lead
to the 1-D advection-dispersion equation with intraparticle di�usion (ADE-IPD) (e.g., Liu
et al., 2021):
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with the following boundary and initial conditions:
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Cw(t = 0) = 0 ∀x (3.7)

Cw,p,k(t = 0) = Cw,p,k(0) ∀r (3.8)

where Cw(x, t) [M L−3] and Cw,p,k(x, t, r) denote the aqueous-phase concentrations in
the mobile water and in the intraparticle pore space of sorbent k, respectively; x [L], t [T],
and r [L] are the spatial coordinate along the column axis, time, and the radial coordinate
within the spheres, respectively. m [−] denotes the total number of sorbents. fk [−], ak [L],
"k [−], �p,k [M L−3], and Kd,k [L

3 M−1] are the volume fraction, radius, intraparticle poros-
ity, dry bulk density, and distribution coe�cient of sorbent k, respectively. v [L T−1], n [−],
and DL = �v + Dp [L2 T−1] denote the seepage velocity of the water, the intergranular
porosity, and the longitudinal dispersion coe�cient. � [L], Dp = nDaq [L2 T−1], and Daq

[L2 T−1] denote the dispersivity, the pore di�usion coe�cient, and the aqueous di�usion

coe�cient of the contaminant. Da,k =
De,k

�p,kKd,b,k
=

Daq"k
�f,k�p,kKd,b,k

≈
Daq"

2
k

�p,kKd,b,k
[L2 T−1] is the appar-

ent intraparticle di�usion coe�cient with Kd,b,k = Kd,k +
"k
�p,k

being the bulk distribution
coe�cient between bulk water and porous particles, which also considers the solute mass
stored in the intraparticle pore space; �f,k [−] is the tortuosity; De,k [L

2 T−1] is the e�ective
di�usion coe�cient. Empirical studies showed that De,k increases approximately with the
square of the intraparticle porosity (Boving & Grathwohl, 2001), so that the tortuosity can
be approximated via the reciprocal of the intraparticle porosity, �f,k ≈

1
"k
. Lcol [L] denotes

the column length; Cw,in [M L−3] represents the contaminant concentration in the in�ow
of the column.
We solve the advection-dispersion equation with intraparticle di�usion using the cell-

centered Finite VolumeMethod (Figure 3.3), in which the spherical particles are discretized
into several spherical shells of equal volume (based on the method of Jaeger & Liedl, 2000).
The column is spatially discretized into a number of cells with regular grid spacing, and the
governing equations, Eqs. (3.1-3.8), are solved in time by implicit Euler integration using
the Newton-Raphson scheme for linearization (for details see Liu et al., 2021).
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!!,#   denotes !$,!,% at shell p and node j.

Dispersive fluxes
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B) C)

Figure 3.3: Numerical model setups for solving 1-D transport equation with contaminant desorp-
tion limited by intraparticle di�usion. (A) Discretization of the column into N cells. (B)
Representation of the solid phase as a composition of grains having di�erent sizes and
properties, where each grain is discretized into certain shells. (C) Scheme of mass trans-
fer limited by intraparticle di�usion in spheres (Liu et al., 2021).

Following German standard for column leaching tests (DIN 19528, 2009), we consider
the cumulative concentrations y(LS) [M M−1] for given liquid-to-solid ratios LS [L3 M−1]:

LS(t) = ∫ t

0

Q(�)

ms
d� (3.9)

y(t) = ∫ t

0
Cw,out(�)d�, (3.10)

where Q(t) [L3 T−1] is the �ow rate at time t.

3.2.2 Surrogate Models

Estimating the parameters of a model from data requires the de�nition of a loss or ob-
jective function, such as the sum of squared di�erences between model outcomes and
measurements. In many real-world problems, the evaluation of the objective function is
computationally expensive due to complex simulations or extensive data processing. Surro-
gate modeling, combined with ARS, o�ers a powerful approach to address such challenges
(Razavi et al., 2012). In this study, the terms adaptive-recursive-sampling and adaptive-
sampling are used interchangeably. Adaptive sampling markedly improves the e�ciency
of the objective function evaluation through a recursive sampling strategy within the re-
gion of interest. This involves iteratively sampling new points, evaluating them using the
objective function, and subsequently updating the surrogate model. In this study, the "ob-
jective function" is expressed in the form of the relative root mean squared error (RRMSE):
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fobj(�) =

√
1

n

n∑
i=1

(1 − ŷi

yi)2
, (3.11)

where fobj, y and ŷ represent the objective function, the actual and surrogate model’s
predicted cumulative concentrations based on the input parameter set �, respectively, with
the actual concentrations (i.e., physics-based model output) derived from the VRD. The
variable n denotes the number of measurement points, which, according to the German
standard (DIN 19528, 2009), comprises cumulative concentrations at 7 di�erent liquid-to-
solid ratios: 0.1, 0.2, 0.5, 1, 2, 5, 10 [L kg−1].

By dynamically improving the surrogate model through recursive sampling, adaptive
sampling optimally navigates the search space, providing a powerful method for enhanc-
ing the overall e�ciency and accuracy of the objective function evaluation process. The
�owchart of Figure 3.4 illustrates the general process of surrogate modeling.

Design of Experiment

(DoE)

(Re)train ensemble 

surrogate model

Final ensemble 

surrogate model 

trained

f) Select new samples

(3 infill criteria)

e) Propose new 
samples

c) Model validation

g) Run ADE-IPD model

b) (Re)train surrogate 
model

h) Update training set

Check ensemble 

surrogate model’s 

stop criteria 

Prior distribution
Train a new individual 

surrogate model 

(VRD-based)

Criteria satisfied Criteria not satisfied Halton sequence sampling

d) Check individual 

surrogate model's 

stop criteria

Combine new optimized surrogate model 

with previous surrogate models

a) Select a (new) VRD 

(Distance-based)

Figure 3.4: Flowchart illustrating the surrogatemodeling process for advective-dispersive transport
with intraparticle di�usion (ADE-IPD) in a column leaching model. The beige box rep-
resents the adaptive-recursive-sampling loop for an individual surrogate model, which
is based on a speci�c Virtual-Reality Dataset (VRD).

1. The "Prior Distribution" expresses our initial understanding of the system, here rep-
resented by an uncorrelated uniform distribution of each parameter within a range
that is in accordance with literature values (see Table 3.1).

2. The "Design of Experiments (DoE)" method is strategically employed to carefully ar-
range data collection by generating an initial set of samples (i.e., training set) within
the bounds of the prior distribution. This is achieved by utilizing a speci�c sampling
technique, in our case, the Halton Sequence (see section 3.2.2).
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3. Adaptive-Recursive-Sampling:

a) "Select aNewVirtual-RealityDataset (VRD)" from a constant pool of 200 unique
VRDs, which were generated only once using Halton Sequence sampling, to
serve as the data foundation for training an individual surrogate model. This
selection is guided by either the maximum or minimum Mahalanobis distance
metrics (see section 3.2.2).

b) "(Re)training the Surrogate Model" involves the development or improvement
of a machine learning model by integrating the initial and newly acquired
data from adaptive sampling to enhance the surrogate model’s accuracy for
a speci�c VRD. In this study, we used the Extremely randomized Trees (Extra-
Trees) algorithm to create individual surrogate models for each VRD within
the adaptive-sampling loop (see section 3.2.2).

c) "Model Validation" constitutes of a rigorous evaluation of the individual sur-
rogate model’s quality and precision. This assessment centers on scrutinizing
the RRMSE, speci�cally in relation to the VRDs of cumulative concentration
for each liquid-to-solids ratio within every surrogate model (see section 3.2.2).

d) "Check Stopping Criteria" involves the evaluation of prede�ned criteria to en-
sure e�cient resource utilization and goal attainment when ending the adap-
tive sampling loop (see section 3.2.2).

e) "Propose" 5,000 new samples using Halton Sequence sampling to extend the
previously generated proposed samples (see section 3.2.2).

f) "Select" 100 samples according to speci�c in�ll criteria for exploitation and
exploration (see section 3.2.2).

g) "Run ADE-IPD Model" (i.e., the original numerical model) in parallel using the
100 selected samples. The model’s output will be the cumulative concentration
across 7 distinct liquid-to-solids ratios.

h) "Update Training Set" by adding a new set of data obtained from the ADE-IPD
model to the current training set for ongoing surrogate model improvement.

4. The "(Re)training Ensemble Surrogate Model" integrates each optimized surrogate
model based on each VRD using both stacking by a random forest and linear inter-
polation by inverse-distance weighting, provided they ful�ll the stopping criteria.
Finally, the procedure to "Check Ensemble Surrogate Model’s Stop Criteria" was im-
plemented to terminate the integration of optimized surrogate models and to assess
the ensemble model’s accuracy relative to the original model. For this assessment, a
test set of 40 samples, derived from Latin Hypercube sampling, was employed.

Design of Experiments (DoE)

The DoE refers to the methodical planning and generation of a sample set that e�ectively
captures the fundamental characteristics of the input parameter space. This sample set
is subsequently employed as the initial training data for the surrogate model. The model
outputs associated with these samples are obtained by evaluating the expensive numerical
model (i.e., ADE-IPD).

Table 3.1 presents the model parameters with 11 variables in total along with their cor-
responding ranges, utilized in this study to evaluate the ADE-IPD model (see Table C.1
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for the constant values used in the ADE-IPD simulations). In this study, we employed two
speci�c sets of initial samples to assess how the size of the initial sample and the adaptive
sampling strategy a�ect the performance of individual surrogate models. Each individual
surrogate model was initiated with the same sets of initial samples: one set containing 110
samples and another containing 550 samples. These sizes correspond to 10 and 50 times
the number of parameters, respectively, and were both generated using Halton Sequence
sampling.

Halton Sequences belong to a group of low-discrepancy sequences utilized for creating
designs that e�ectively �ll parameter space (Halton, 1960). A notable advantage is that the
total number of data points does not need to be determined a priori, which is in contrast to
conventional pseudo-random sequences and LatinHypercube sampling (Allgeier &Cirpka,
2023).

It’s worth noting, as demonstrated by Finkel, Grathwohl, 2017, that intraparticle poros-
ity (") and particle diameter (d) exhibit the same sensitivity while reverse e�ect on the
intraparticle-di�usion model. Therefore, the ratio d

" is utilized as a training parameter of
the surrogate model, rather than the individual values.

Parameter [Unit] Range Description

Particle Diameter [mm] dcoarse ∼ U(0.2, 2) dintermediate ∼

U(0.02, 0.2) d�ne ∼ U(0.002, 0.02)

determines the size of parti-
cles in the sample

Volume Fraction [%] fmcoarse,intermediate,�ne ∼ U(0, 100)∑(fmcoarse , fmintermediate , fm�ne)=100
represents the proportion of
each grain size in the mixture

Distribution Coe�cient
[L kg−1]

Kdcoarse,intermediate,�ne
∼ U(0.1, 25) governs solute partitioning

between solid and liquid
phases

Intraparticle Porosity [-] "coarse,intermediate,�ne ∼ U(0.01, 0.1) internal void space within
particles

Initial Concentration per Mass Dry Solid
[mg kg−1]

Csini ∼ U(0.01, 5000) expresses initial mass of con-
taminant

Dispersivity [m] � ∼ U(0.015, 0.06) determines longitudinal mix-
ing within the mobile pore
space

Table 3.1: Prior parameter distribution of the ADE-IPD model based on the German standard for
column leaching tests (DIN 19528, 2009). U: Uniform distribution

Selection a New Virtual-Reality Dataset

In our investigation, each individual surrogate model was sequentially trained and op-
timized using a designated VRD. Two hundred VRDs were generated using Halton Se-
quence sampling, with each VRD representing a distinct parameter set (see Figure C.1 in
the appendix for the VRDs coverage along the prede�ned parameter space). We explored
how the selection order of VRDs, determined by di�erent distance metrics, in�uences the
convergence of �nal ensemble surrogate models. Two distinct selection techniques were
employed. The �rst technique involved selecting a new VRD based on the minimum Ma-
halanobis distances between previously selected VRDs and the remaining datasets. Con-
versely, the second technique utilized the maximumMahalanobis distances for VRD selec-
tion. It is important to note that the initial VRD was selected randomly.
The Mahalanobis distance is a metric for quantifying the distance between two data

points in the space de�ned by relevant features (Mahalanobis, 2018). Its unique attribute
lies in its capability to account for both unequal variances and correlations among features
(De Maesschalck et al., 2000). As a result, it e�ectively measures distance by assigning
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variable weights to the features of data points. In cases where features are uncorrelated and
have identical uncertainty, the Mahalanobis distance converges to the Euclidean distance.
The following describes the Mahalanobis distance d(a, b) between points a and b:

d(a, b) =
√
(a − b)T�−1(a − b), (3.12)

where � represents a scaling matrix. In the given context, a is the i-th VRD, (�i), and
b is the mean of all previously used VRDs, (�̄), whereas � is the covariance matrix of all
previously used VRDs.

Training of the Surrogate Models

After several tests (not shown), we found that employing tree-based models yields the
utmost precision in emulating the original model’s behavior. In this study, Extremely Ran-
domized Trees (ExtraTrees; Geurts et al., 2006) were employed as the training algorithm
during adaptive sampling for an individual surrogate model, chosen for their strong capa-
bility to capture the leaching behavior of contaminants (Ershadi et al., 2023). Within each
adaptive-sampling loop, the random-search method (Bergstra & Bengio, 2012, see B.10 in
the appendix for more detail) was employed for optimizing the surrogate model’s hyper-
parameters (i.e., the number of estimators, the maximum depths, maximum features, and
minimum samples split).

Model Validation and Stopping Criteria of Single Surrogate Model

Within the optimization of each surrogate model for a speci�c virtual-reality dataset, the
adaptive sampling is potentially stopped according to two prede�ned criteria: (a) if the
RRMSE reaches 0.1 (see Eq. 3.11) or (b) if the size of the training set achieves a maximum
of 1100 samples (following the recommendations of Zhu et al., 2023, suggesting that model
performance will unlikely further increase beyond sample numbers larger than 100 times
the number of parameters).

In�ll Criteria

Within the framework of optimization, adaptive sampling involves the iterative selection
of new data points to enhance the accuracy and coverage of the surrogate model’s param-
eter space in an optimized manner. The primary goal of adaptive sampling is to meticu-
lously curate a training dataset to faithfully re�ect the original model while minimizing
the necessity for expensive model evaluations.
Within this context, each iteration of adaptive sampling, involves the selection of 100

samples from a substantial pool of 5,000 proposed samples, previously generated by the
Halton Sequence. This selection adheres to prede�ned in�lling criteria aimed at balancing
exploration and exploitation. Speci�cally, 25 samples are chosen based on maximizing the
EI (exploitation), 50 samples are selected to maximize the standard deviation (exploration),
and the remaining 25 samples are identi�ed based on their Mahalanobis distance being
below a speci�ed threshold relative to the current best parameter set (exploitation).
Exploration in this context entails probing new and uncertain areas within the parame-

ter space, thereby preventing the surrogate model from prematurely converging on local
optima. Conversely, exploitation focuses on regions where the surrogate model has pre-
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viously identi�ed promising results (i.e., regions with the smallest value of the objective
function), with the aim of enhancing these �ndings further.

Maximizing Expected Improvement (EI): The expected improvement is a widely used crite-
rion in adaptive-sampling strategies of surrogate models and Bayesian optimization.
It e�ciently guides the selection of new data points in the design space to evaluate
how much improvement of the current surrogate model is expected if a new sample
is obtained.

The general form of the EI function for a speci�c input parameter � is de�ned as:

EI (�) =

⎧⎪⎪⎨⎪⎪⎩(fobj(�best) − fobj(�))Φ(Z) + �(�)�(Z) if �(�) > 0,

0 if �(�) = 0.
(3.13)

Z =
fobj(�best) − fobj(�)

�(�)
, (3.14)

where fobj(�) represents the surrogate model that approximates the objective func-
tion at point �, �best denotes the parameter set that minimizes the objective function,
while fobj(�best) is the current best-observed value of the objective function. Addi-
tionally, �(�) denotes the corresponding standard deviation, capturing prediction
uncertainty. The functions Φ(Z) and �(Z), represent the cumulative distribution
function and the probability density function of the standard normal distribution,
respectively.

Note that ExtraTrees di�ers fundamentally from probabilistic models such as Gaus-
sian Processes. In the case of a single point, �, the predictive distribution of an Ex-
traTrees model does not adhere to the normal distribution. Consequently, the esti-
mation of the EI has been changed to:

EI (�) = max(fobj(�best) − fobj(�), 0). (3.15)

We compute EI (�) and select the 25 samples with the highest EI values:

�EImax = argmax
�

{EI (�)} , |�EImax | = 25, (3.16)

where �EImax signi�es the set of points where the EI is maximized, and argmax�
denotes the argument, i.e., the value of �, at which the EI function achieves its maxi-
mum. The condition |�EImax | = 25 explicitly indicates our interest in the top 25 points
where the EI is maximized, guiding the optimization process toward samples with
the greatest potential for enhancement in our analysis.

Maximizing Standard Deviation: Maximizing standard deviation entails prioritizing re-
gions characterized by elevated uncertainty, particularly in scenarios with limited
training data for a speci�c region, resulting in augmented uncertainty when predict-
ing unobserved data points. Training the surrogate model in these uncertain regions
enhances its robustness and reduces the risk of being trapped in a local minimum.
The evaluation of input-space sparsity and the identi�cation of suitable additional
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data points with substantial prediction uncertainty are guided by the normalized
standard deviation �n, also denoted coe�cient of variation, as a primary criterion.

This criterion serves as a metric for the uncertainty associated with each individ-
ual tree within an ExtraTrees algorithm, providing insights into the variability and
con�dence levels linked to a speci�c prediction. The normalized standard deviation
�n(�) is determined by:

�n(�) =

√
1

N

N∑
i=1

(yi − ȳ

ȳ )2
, (3.17)

where N represents the number of trees in a forest, yi denotes the prediction of each
tree, and ȳ is the mean of all predictions within the forest. To prioritize samples with
the highest uncertainty, we select the top 50 samples with the maximum normalized
standard deviation:

Smax = argmax
�

{�n} , |Smax| = 50, (3.18)

where argmax� denotes the argument (or values) of � that maximizes this standard
deviation. The cardinality |Smax| explicitly speci�es that the selected set Smax contains
50 elements, prioritizing the samples with the maximum uncertainty in the context
of our analysis.

Selection by the Mahalanobis Distance to the currently best parameter set:

In the context of our adaptive-sampling approach, we leverage the Mahalanobis dis-
tance to measure the separation between the proposed data points and the current
best sample with the least RRMSE. By integrating this metric into the in�ll crite-
ria, we signi�cantly enhance the adaptability of our strategy, particularly within the
trusted region for exploitation.

For a proposed sample vector � in a multivariate space with the current best sample
vector �best and covariance matrix of the training set �, we use the Mahalanobis
distance d(�, �best) according to Eq. (3.12) as selection criterion.

During each iteration of the adaptive-sampling loop, multiple proposed samples are
generated based on a multivariate normal distribution, where the mean and covari-
ance matrix are derived from the latest training set in the adaptive-sampling loop.
The generation of the proposed samples is facilitated by the Cholesky decomposition
of the covariance matrix:

�i = �̄ + L� i (3.19)

with � = LL
T, (3.20)

where �i and �̄ are the random sample i and the mean of the parameter vector �, L
is the lower triangular matrix of the Cholesky decomposition, and � i is a vector of
random values with the same size as � drawn from a standard normal distribution.
Note that any other square-root of matrix � instead of the Cholesky decomposition
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would do (e.g., a matrix with identical eigenvalues but square-rooted eigenvalues as
�).

To exclusively exploit the trusted region, we randomly choose 25 samples from a
pool of 10,000 proposed samples generated from themultivariate normal distribution
outlined above, focusing on those with Mahalanobis distances below a prede�ned
threshold. This threshold is determined as follows:

threshold = (dmin) ×(1 +
fobj(�best)

counter ) , (3.21)

where (dmin) represents the minimum Mahalanobis distance among the proposed
samples, fobj(�best) is the observed objective value based on the current best sample,
and counter is the current number of adaptive-sampling loop iterations. By this pro-
cedure, the range of investigation dynamically adjusts based on both the accuracy
of the current surrogate model and the iteration number in the adaptive-sampling
process.

3.2.3 Ensemble Model

Ensemble modeling combines the capabilities of several surrogate models to augment pre-
dictive precision. In this study, we compare two distinct types of ensemble models: stack-
ing using a random forest for the model combination and linear interpolation by inverse-
distance weighting. Both techniques combine the predictions of multiple base-models (i.e.,
multiple surrogate models), recognizing that di�erent (surrogate) models exhibit di�erent
distinct strengths and weaknesses (Wolpert, 1992; Breiman, 1996). Through the amalgama-
tion of their predictions, better overall performance can often be attained.
As base-models we use a set of trained individual surrogate models based on distinct

virtual-reality datasets, speci�cally constructed using the ExtraTrees algorithm (Geurts et
al., 2006). Each trained surrogate model predicts a set of cumulative concentrations rele-
vant to the considered input set. The meta-model then combines the individual surrogate
models:

ŷstacked = fmeta (ŷ1, ŷ2,… , ŷn) , (3.22)

where ŷstacked is the �nal prediction made by the meta-model, and ŷ1, ŷ2,… , ŷn are the
predictions of the base-models. fmeta represents the function that combines the individual
surrogate models, and n signi�es the total number of individual surrogate models included
in the ensembling process.
When we refer tomodel stacking, the meta-model consists of a random forest (Breiman,

2001), whereas inverse-distance weighted (IDW) interpolation refers to a linear combination
of surrogate model outputs:

ŷIDW =
n∑
i

wiŷi, (3.23)

where wi is the weight of the surrogate model i computed by the inverse Mahalanobis
distances of the surrogate models from the test sample as de�ned below:
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wi =

1
d(�i,�test)+�∑n

j=1
1

d(�j ,�test)+�

, (3.24)

where � is a small scalar to avoid division by zero. Instead of inverse-distance weighting,
we could also apply Gaussian Process Regression or any other linear estimator that ensures
a larger in�uence of a given surrogate model for closer proximity of the parameter set to
the test sample used to construct the surrogate model. In this context, it is important to
note that the Mahalanobis distance applied in Eq. (3.24) considers the distance of each
surrogate model �i to the test point �test rather than to the best value �best or the mean �̄,
as used above.
To ensure the resilience of ensemble surrogate models across the entire parameter space,

we evaluated ensemble surrogate models based on random forest stacking and inverse-
distance weighted interpolation using a test set composed of 40 sample sets. The process
of ensembling individual surrogate models will continue until the objective function value
is reduced to 0.1 over the test set (refer to Eq. 3.11).

3.2.4 Model Calibration

Model calibration refers to the process of adjusting model parameters to minimize the
discrepancy between model predictions and experimental data. Various methodologies
and techniques exist for model calibration, each with its strengths and limitations. The
advantage of Bayesian techniques is that they determine the full parameter distribution
conditioned on the data rather than a single best estimate. In this study, we employ NPE,
drawing from the observations of column leaching tests as reported by Naka et al., 2016
(refer to Figure 1.7 for the �owchart of simulation-based inference).

The primary objective in NPE is to infer the posterior distribution p(�|xo) given a spe-
ci�c observation xo. In NPE, the forward model (in our case the ensemble surrogate model)
is initiated across various parameter values sampled from a prior distribution p(�) (Moss
et al., 2023). Then, a neural density estimator q�(�|x) (where q� is known as a normaliz-
ing �ow; Papamakarios et al., 2019; Kobyzev et al., 2021) with learnable parameters � is
trained by minimizing the expected negative log-probability on simulated data according
to (Deistler et al., 2022):

min
�

 = min
�

E�∼p(�)Ex∼p(x|�)[− log q�(�|x)]. (3.25)

The loss  is formulated to minimize the expected negative log-likelihood of the model.
This expectation is computed over two distributions: �rst, the prior distribution p(�) of
the model parameters �, and second, the conditional distribution p(x|�) of the simulated
observations x given the parameters �.
The term − log q�(�|x) within the expectation denotes the negative log-likelihood of

observing x given �, estimated by the neural density estimator q�(�|x) parameterized by
�. The goal is to minimize this quantity across all possible combinations of � and x, sam-
pled from their respective distributions. This formulation aims to train the model to better
approximate the true data distribution and improve its predictive performance.
Through this process, the density estimator directly approximates the posterior distri-

bution (Papamakarios & Murray, 2016; Lueckmann et al., 2017). In the model calibration

47



3.3 results and discussion

phase, NPE is carried out utilizing the �exible interface of the SBI toolbox in Python de-
veloped by Tejero-Cantero et al., 2020.

3.3 results and discussion

3.3.1 Veri�cation of the Surrogate Model

Surrogate Models’ Optimization

In this section, we �rst assessed the e�ectiveness of optimizing individual surrogate mod-
els within the ARS loop. We speci�cally focus on examining the impact of the DoE on the
optimization process. This analysis is conducted for two scenarios: one utilizing the DoE
with 110 initial samples, and the other with 550 initial samples. Figure 3.5A presents the
distribution of RRMSE for all 200 surrogate models in each adaptive-sampling iteration,
utilizing training samples characterized by low numerical error (e.g., <5%). Please note
that for the DoE with 550 initial samples, the adaptive-sampling iteration is only carried
out until iteration 6, because this is when the stopping criterion of 1100 training samples is
reached. Despite this di�erence in the number of iterations, both scenarios show a progres-
sive reduction in predictive error facilitated by the adaptive-sampling process. As expected,
starting with 550 initial samples involves a better initial performance of the surrogate mod-
els. This, however, does not prevail over several iterations of adaptive sampling.
Figures 3.5B-C provide additional insight into the in�uence of the initial number of train-

ing samples on the performance of individual surrogatemodels: smaller initial sample sizes
(i.e., 10 times the number of parameters as suggested by Jones et al., 1998) can help prevent
the initial surrogate model from becoming overly tailored to speci�c dataset peculiarities
and instead promote the discovery of generalizable trends. By providing smaller but still
representative initial training data, surrogate models have a better chance to reach a higher
accuracy for each speci�c VRD through the adaptive-sampling loop. This approach leads
to faster convergence toward the prede�ned accuracy stopping criteria, as demonstrated
in Figure 3.5B. This �gure shows that surrogate models with 110 initial samples reach
the speci�ed accuracy threshold more rapidly and with fewer total training samples com-
pared to those with 550 initial samples. However, it’s important to acknowledge that an
excessively low number of initial samples can lead to under�tting, where the model fails
to capture essential patterns in the data, potentially resulting in poor performance. Thus,
�nding an optimal balance in the size of the initial dataset is crucial for achieving e�ective
model performance.
Furthermore, the additional ARS iterations o�er more opportunities for the models with

110 initial samples to learn from new data points and re�ne their predictive capabilities.
The iterative nature of the adaptive-sampling process allows surrogate models with 110
initial samples to gradually adjust and converge towards more accurate representations
of the underlying objective function, as evidenced by decreasing RRMSE values (Figure
3.5C).
Due to the lower RRMSE of the surrogate models with 110 over 550 initial samples, we

have opted to utilize the surrogate models with 110 initial samples for the remainder of
the study.
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Figure 3.5: Optimizing surrogate models through adaptive sampling: (A) Boxplots illustrate the
Relative Root Mean Squared Error (RRMSE) for 200 surrogate models across adaptive-
sampling iterations, utilizing Design of Experiment (DoE) with initial sample sizes of
110 and 550. These boxplots provide a clear visual comparison of the model performance
over the iterations, showcasing the reduction in RRMSE as the sampling progresses. (B)
Half-violin plots, embedded with data points, represent kernel density estimates of the
full distributions of the number of training samples used to train each individual surro-
gatemodel upon reaching the stopping criteria. Each data point corresponds to a speci�c
surrogate model, providing insights into the variation in training set sizes between the
two initial Design of Experiments (DoE) sample sizes of 110 and 550. (C) The half-violin
plots illustrate the distribution of RRMSE values after the stopping criteria have been
met for each of the 200 surrogate models based on initial DoE sample sizes of 110 and
550. The enclosed box within each half-violin illustrates key statistical measures, includ-
ing the minimum, �rst quartile, median (highlighted by a white dash), third quartile, and
maximum data values.

General Performance of Ensemble Surrogate Models

The performance of ensemble surrogate models depends on the selected ensembling tech-
nique. The two proposed techniques were evaluated by means of a test set of 40 random
samples generated by the numerical model.
For random forest stacking of surrogate models, our �ndings demonstrate that select-

ing virtual-reality datasets based on the maximumMahalanobis distances facilitated faster
convergence of the ensemble surrogate model towards the prede�ned stop criteria, achiev-
ing this after stacking 118 individual surrogate models (refer to Table C.2). This enhanced
convergence rate can be attributed to the model’s ability to explore new areas and incor-
porate learning from these regions. In contrast, stacking strategies based on minimum
Mahalanobis distances were found to enhance predictions only within speci�c regions,
potentially limiting their e�ectiveness for broader predictive tasks across the entire prede-
�ned parameter range, thereby a�ecting their generalizability. It is important to note that
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for the subsequent analyses, we utilized the stacked model that achieved quicker conver-
gence, speci�cally the one employing the maximum Mahalanobis distances.

The comparative analysis demonstrates a clear advantage of the random forest stacking
ensemble over the inverse-distance weighting (IDW) interpolation method (see Figure 3.6).
The random forest stacking method consistently achieves a signi�cantly lower RRMSE of
0.09 compared to 0.40 for the IDW method, underscoring its higher predictive accuracy.
Moreover, the random forest stacking method shows a smaller bias, as expressed by a
mean of the relative residuals (4.59% versus -29.78%), a narrower range of the residual
distribution, as re�ected by a lower standard deviation (9.22% versus 34.44% for IDW) and
a near-zero skewness (-0.07 versus 0.76). All these metrics con�rm a superior predictive
precision and reduced systematic error of the random forest stacking in comparison to
inverse-distance weighting.

The advantage of random forest stacking likely arises from its ability to combine the
base models in a non-linear manner. This suggests a potentially non-linear relationship
between the original model’s inputs and outputs, which cannot be reproduced by linear
interpolation. Moreover, through training a meta-model on the predictions of the surro-
gate models, the stacking approach facilitates error mitigation and harnesses the diversity
inherent in the base models. In comparison, inverse-distance weighting interpolation ap-
pears to be more vulnerable to propagating errors from underperforming individual surro-
gatemodels, as it lacks a comparable correctivemechanism (Shams et al., 2021). Figure 3.6B
illustrates this e�ect by demonstrating a bias towards higher predicted values, leading to
a higher RRMSE. We may not exclude, however, that other linear interpolation techniques
might perform better than inverse-distance weighting interpolation.
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Figure 3.6: Performance of the ensemble surrogate models for predicting cumulative concentra-
tions in soil samples at 7 di�erent liquid-to-solids ratios (0.1, 0.2, 0.5, 1, 2, 5, 10 [L
kg−1]): (A) Random forest stacking and (B) inverse-distance weighting (IDW) interpo-
lation, both evaluated on the same prede�ned test set. Blue scatters depict the relative

residuals observation - prediction
observation between actual and predicted cumulative concentrations.

The histogram illustrates the distribution of relative residuals with statistical metrics
for the mean (�), standard deviation (�), and skewness (Skew) of these residuals. The
green scatters showcase actual vs. predicted values, with the red dashed line (identity
line) indicating perfect predictions. The prediction accuracy of the surrogate models is
quanti�ed using the Relative Root Mean Squared Error (RRMSE).

3.3.2 Analysis of Posterior Distributions

For model calibration using simulation-based inference, the neural network in the training
phase of NPE was trained on a dataset comprising nsimulation = 10, 000 surrogate model
simulations sampled from the prior distribution. Subsequently, 50,000 points were sampled
from the trained neural posterior network based on the observed data. In the following,
the original and surrogate models undergo evaluation on 100 random samples drawn from
the posterior distribution to derive their respective predictive distributions.
Figure 3.7A shows the marginal distribution of each parameter. The prior distribution

was sampled from uniform parameter distributions set according to the German standard
for column leaching tests (DIN 19528, 2009; see Table 3.1). We used neural posterior distri-
bution to obtain the posterior parameter distribution for the observed cumulative copper
concentration in the column experiments of Naka et al., 2016 with two di�erent soils A and
B. Figure 3.7A shows several notable features of the marginal posterior distributions. For
example, the initial concentration of contaminant on the dry solid (Csini ) exhibits the nar-
rowest parameter distribution in both soils, demonstrating its strong in�uence on model
predictions. The high sensitivity of the surrogate model to variations of Csini is expected, as
this parameter directly controls the �nal (i.e., long-term) cumulative concentration. Also,
the Kd values in all fractions exhibit high sensitivity; however, their posterior distributions
are not as narrow as those of Csini , leading to higher posterior uncertainty in these param-
eters. This is due to the negative correlations between each of these Kd values in di�erent
fractions, as illustrated in Figure C.2 in the supporting information. In soil B, these corre-
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lations are more pronounced. Moreover, since the majority of the mass fraction in soil B
is associated with the coarse fraction, Kdcoarse exhibits greater sensitivity and leads to nar-
rower posterior distributions than Kdinter and Kd�ne . However, in soil A, we observe a nearly
identical shape of the posterior distribution for Kd values due to the fact that the mass
fraction is almost uniform across these three fractions. The dispersivity and the ratio of
diameter over intraparticle porosity for all three fractions exhibit the smallest sensitivities
in predicting cumulative concentration across both soils.
To evaluate the e�ectiveness of reproducing laboratorymeasurements, 100 random sam-

ples from the posterior parameter distribution were applied to both the surrogate and the
numerical model. Figures 3.7B-C depict predictions generated from these samples, show-
casing a perfect �t for both the surrogate and the original models. Additionally, the con�-
dence intervals exhibit almost similar sensitivity of both models.
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Figure 3.7: Comparison of model calibration for copper in soil samples A and B using observation
data conducted by Naka et al., 2016. (A) Prior and posterior parameter distributions
using Neural Posterior Estimation (NPE) for the original model and the stacking surro-
gate model. Densities are cut o� at the 94% highest density intervals, and vertical dashed
lines indicate the mean parameter values. The subscripts ’coarse’, ’inter’, and ’�ne’ de-
note the fractions with coarse, intermediate, and �ne particle diameters, respectively.
The color scheme used in the graphical representations is as follows: grey denotes the
prior parameter distributions, while red and green indicate the posterior distributions
of parameters for soil samples A and B, respectively. (B-C) Comparison of model pre-
dictions (mean and 95% con�dence intervals) from the original model and the stacking
surrogate model using 100 samples from the posterior parameter distribution.
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3.4 conclusions

In this study, we have developed two ensemble surrogate models for column leaching tests
across the entire de�ned parameter range according to the German standard (DIN 19528,
2009). The original numerical model simulates one-dimensional advective-dispersive trans-
port coupled to intraparticle di�usion using a cell-centered Finite Volume Method. The
ensemble surrogate models accelerate the simulations by a factor of over 1000 in compar-
ison to the original model. On average, the original model takes more than 150 seconds,
whereas the stacking surrogate model requires only 0.1 seconds (refer to B.8 for details
on the computer system used to develop the model). This acceleration facilitates the rigor-
ous interpretation of column leaching tests in short computing times while maintaining a
reasonable level of accuracy.
Each base surrogatemodel underwent optimization utilizing the adaptive-recursive sam-

pling. Our investigation included an analysis of the impact of multi-in�ll criteria (maximiz-
ing expected improvement and standard deviation and keeping a minimizing Mahalanobis
distances) with the trade-o� between exploration and exploitation during adaptive sam-
pling. Our analysis indicates that the initial sample size a�ects surrogate models’ potential
to achieve high accuracy. Speci�cally, a median RRMSE of 0.11 could be achieved with an
initial sample size of 110, i.e., 10 times the number of parameters (compared to RRMSE
= 0.19 for an initial sample size of 550) (see Figure 3.5). However, determining the opti-
mal number of initial samples remains a vital consideration. Moreover, further analysis of
the e�ect of the proposed and training sample sizes on model performance could provide
valuable insights for optimizing surrogate model development.

We e�ectively applied the random forest stacking ensemble surrogate model instead of
the costly original model in the inference of parameters from measurements of the cumu-
lative concentration of copper from leaching tests conducted on two distinct soil types by
employing neural posterior estimation (NPE) on 10,000 simulations of the ensemble surro-
gate model. Drawing samples from the estimated posterior distribution and running the
full model, we could accurately reproduce the measured data (Figure 3.7), indicating that
the posterior distribution of parameters was indeed conditioned on the measurements.
It is important to acknowledge that the ensemble surrogate models developed here are

tailored speci�cally to simulate the column leaching test of contaminants from soil, ad-
hering to German standards (DIN 19528, 2009). Consequently, they may not account for
variations in other standards, such as FprCEN/TS 16637-2 (DINCEN/TS 16637-2, 2014), and
US EPA test method 1314 (US EPAMethod 1314, 2013) which incorporate features like stop
�ow in their process-based models for simulating column leaching tests. Additionally, it’s
worth noting that the parameter investigation ranges for certain parameters, like Kd, pri-
marily focused on scenarios with fast to moderate leaching rates. Consequently, we have
not considered scenarios involving slow leaching rates with high Kd, such as those associ-
ated with high molecular weight polycyclic aromatic hydrocarbons (PAHs). Note that the
considered Kd range covers a large spectrum of soil types and environmental conditions
depending on the compound considered. For selected heavy metals, this includes mainly
mineral and acidic soils (see C.1 and Figure C.3), while for selected organic compounds,
it can encompass both mineral and organic soils based on the organic carbon partition
coe�cient (Koc) of the compound (see C.2 and Figure C.4).
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4.1 introduction

4.1 introduction

Per- and poly�uoroalkyl substances (PFAS) are anthropogenic compounds characterized
by high environmental persistence due to their strong C–F bonds (Prevedouros et al., 2006).
Currently, PFAS are de�ned as substances that contain at least one fully �uorinated methyl
or methylene carbon atom (without any H/Cl/Br/I atom attached to it) (Wang et al., 2021).
These compounds are broadly classi�ed as per�uorinated, where all hydrogen atoms are
replaced by �uorine, or poly�uorinated, where only some hydrogens are replaced. PFAS
can also be categorized into short- and long-chained compounds based on the number
of �uorinated carbons, with short-chain per�uorosulfonic acids (PFSA) and per�uorocar-
boxyl acids (PFCA) having less than six and seven �uorinated carbons, respectively (Buck
et al., 2011). PFAS represent a diverse chemical class with extensive industrial and con-
sumer applications, including aqueous �re-�ghting foams (AFFF), electronics, construc-
tion materials, and coatings for paper products (Glüge et al., 2020; Langberg et al., 2021).
Anionic-type PFAS such as PFCA and PFSA have been widely studied for their occurrence,
sorption, and toxicity (Li et al., 2018; Brusseau et al., 2020; Fenton et al., 2021), but neutral,
cationic, and/or zwitterionic PFAS may constitute the majority of PFAS at certain AFFF-
contaminated sites (Liu et al., 2022b; Schüßler et al., 2024). The sorption behavior of some
of these PFAS has been overlooked, albeit current regulatory restrictions consider PFAS as
a whole class (Bălan et al., 2021).
PFAS contamination is widespread, with concentrations in soils ranging from a few pg

g−1 in remote areas to hundreds of µg g−1 at impacted sites (Rankin et al., 2016; Brusseau
et al., 2020). Soils act as both �lters and sources for PFAS contamination in groundwater
(Röhler et al., 2021). Sorption parameters, such as the solid-liquid distribution coe�cient
(Kd), are essential for modeling contaminant transport in aquifers under saturated condi-
tions. In unsaturated soils, however, the air-water distribution coe�cient (Kaw) should also
be considered, as it may lead to the retention of contaminants at the air-water interfaces
(Guo et al., 2020; Brusseau, 2023). Therefore, understanding PFAS sorption in environmen-
tal matrices is essential for mitigating associated environmental concerns by informing
risk assessment, remediation strategies, and regulatory decision-making. Kd values may
be estimated from organic-carbon normalized sorption coe�cients (KOC) or by prediction
models that account for certain soil and PFAS properties (Higgins & Luthy, 2007; Card
et al., 2017; Knight et al., 2019; Fabregat-Palau et al., 2021; Umeh et al., 2021; Xie et al.,
2024). These tools have limitations, such as their narrow PFAS range and reliance on over-
simpli�ed assumptions that overlook complex PFAS-soil interactions. Moreover, studies
assessing the predictive performance of existing models, as well as a systematic analysis
of PFAS features a�ecting sorption (e.g., the e�ect of PFAS chain length and functional
groups), are lacking.
The compilation of Kd datasets enriched with both PFAS and soil characteristics by ex-

amining literature studies is critical for modeling purposes (Ma et al., 2023; Xie et al., 2024;
Fabregat-Palau et al., 2024). Machine learning (ML) has emerged as a powerful method for
modeling complex, non-linear relationships within large, multidimensional datasets to un-
cover patterns and correlations that conventional models might overlook (Ma et al., 2023;
Moghadasi et al., 2023; Ershadi et al., 2023, 2024). Recently, Xie and coworkers developed
an ML model on a literature-based Kd (PFAS) dataset consisting of 2,328 entries for 26 dif-
ferent anionic PFAS (Xie et al., 2024). Acceptance data criteria considered Kd values for the
same PFAS/soil pairs at di�erent pH conditions, especially those originating from a single
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study (Nguyen et al., 2020). However, the speciation of ionizable PFAS with pKa values
within environmentally relevant pH ranges (e.g., per�uorosulfonamides (FOSA), pKa ≈ 6)
was not considered (Rayne & Forest, 2009).

In this study, we systematically compiled a comprehensive literature-based Kd PFAS
dataset, incorporating 1,274 entries for 51 di�erent PFAS, including anionic, neutral, cationic,
and zwitterionic species. UsingML algorithms, we developed a novel model that integrates
both PFAS- (i.e., molecular weight (MW), hydrophobicity, pKa) and soil-speci�c (i.e., pH,
texture, cation exchange capacity (CEC), organic carbon content (Corg)) descriptors. The
model demonstrated superior predictive performance compared to other existing tools
and, when combined with location-speci�c soil data (e.g., EU LUCAS topsoil repository),
enabled the generation of spatial Kd maps. The dataset and model are available through
the online platform PFASorptionML (https://hydrogeochem.geo.uni-tuebingen.de/pfas).

4.2 materials and methods

4.2.1 PFAS considered in this work

Sorption data for a total of 51 PFAS were included in the dataset. These data comprise
C2 – C14 PFCA (i.e., TFA, PFBA, PFPeA, PFHxA, PFHpA, PFOA, PFNA, PFDA, PFUnA,
PFDoA, PFTeA and PFTrA) and C4 – C10 PFSA, (i.e., PFBS, PFPeS, PFHxS, PFHpS, PFOS,
PFNS, and PFDS), including a cyclic (i.e., PFEtCHxS) species. PFCA and PFSA have been
widely detected in soils and water at varying concentrations (Xiao, 2017; Brusseau et al.,
2020), and they are known for their resistance to biodegradation. Particular attention was
given to TFA due to its high volatility and low sorption a�nity to soils, resulting in ele-
vated levels in the atmosphere (≤ 7 ng m−3), water (≤ 3 µg L−1), and soils (≤ 2 ng g−1)
(Richey et al., 1997; Xie et al., 2020). The dataset also includes C6 – C10 per�uorophospho-
nic acids (PFPA, i.e., PFHxPA, PFOPA, PFDPA) and C12 – C16 per�uorophosphinic acids
(Cx/y PFPiA, i.e., C6/6 PFPiA, C6/8 PFPiA and C8/8 PFPiA). Both PFPA and PFPiA have been
detected in water bodies and human serum samples, with concentrations ranging from 0.1
to 3.7 ng L−1 and 4 to 38 ng L−1, respectively (Lee & Mabury, 2011; Xiao, 2017). Addition-
ally, the dataset includes C4–C8 FOSA (i.e., FBSA, FHxSA, PFOSA, and Et-FOSA), as well as
N-methyl and N-ethyl per�uorooctane sulfonamidoacetic acids (FOSAA, i.e., N-MeFOSAA
andN-EtFOSAA) species. These PFAS have been detected inwater bodies at concentrations
ranging 2.5 – 5.8 ng L−1 (Huang et al., 2019). Emerging PFAS classes were also included,
such as per�uoroether carboxylic acids (PFECA, i.e., GenX and ADONA) and chlorinated
poly�uoroalkyl ether sulfonate (PFAES, i.e., 8:2 Cl-PFAES). GenX and 6:2 Cl-PFAES have
been found in water bodies at high concentrations (< 5 and ≤ 112 µg L−1) close to �u-
orochemical facilities and wastewater treatment plant e�uents, respectively (Xiao, 2017;
Munoz et al., 2019). Furthermore, data for C4 – C10 n:2 �uorotelomer alcohols (FTOH, i.e.,
4:2, 6:2, 8:2 and 10:2 FTOH) and C4 – C8 n:2 �uorotelomer sulfonates (FTS, i.e., 4:2, 6:2 and
8:2 FTS) were included. FTOH are known degradation products of side-chain �uorinated
polymers and have been found in air samples at ≤ 0.3 µg m−3 (Schlummer et al., 2013;
Schellenberger et al., 2019), whereas FTS are compounds present in AFFF-formulations
and have been found in impacted sites at ≈ 4 ng g−1 (Brusseau et al., 2020). Additionally,
we included data for C6 – C10 cationic and zwitterionic PFAS (i.e., 6:2, 8:2 and 10:2 FtSaB,
6:2 FtSaAm, PFOSB, PFOAAmS, PFOAB, AmPr-FHxSA and TAmPr-FHxSA), which are pre-
dominant species in AFFF-formulations and have been found in both AFFF-impacted soil
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and groundwaters (Liu et al., 2022b; Schüßler et al., 2024). The relative distribution of PFAS
subfamilies and compounds in the dataset is illustrated in Figure 4.1.

Physicochemical properties of the PFAS were obtained from available data or estimated
using EPISuite and the PubChem repository. Speci�cally, EPISuite (KOWWINmethod ver-
sions 1.68 and 2.00)was used to estimatewater solubility (S) and organic carbon-normalized
sorption coe�cients (KOC), respectively. Octanol-water partition coe�cients (KOW) were
obtained from PubChem’s XLogP3 (version 3.0, released 2021.10.14). Sorption of charged
compoundsmay be highly dependent on the amount and type of charged species (Fabregat-
Palau et al., 2024). To include PFAS speciation in the model, acidity dissociation constants
(i.e., pKa) were compiled. Although commonly studied PFCA and PFSA compounds have
low pKa values (pKa ≈ 1), resulting in their presence as anionic species under most en-
vironmental conditions, some other PFAS compounds such as FOSA and some betaines
exhibit pKa values more aligned with environmental conditions (i.e., pKa ≈ 6) (Rayne &
Forest, 2009; Mejia-Avendaño et al., 2020). The pH-speciation diagrams for representative
PFAS are detailed in D.1.
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Figure 4.1: Relative distribution of PFAS subfamilies and respective compounds in the Kd (PFAS)
dataset, including Per�uorocarboxylic Acids (PFCA), Per�uorosulfonamides (FOSA),
Per�uorosulfonic Acids (PFSA), Fluorotelomer Sulfonates (FTS), Per�uorophosphonic
Acids (PFPA), Fluorotelomer Alcohols (FTOH), Per�uoroalkyl Ether Carboxylic Acids
(PFECA), Per�uorooctane Sulfonamidoacetic Acids (FOSAA), and Chlorinated Poly�uo-
roalkyl Ether Sulfonate (PFAES).

4.2.2 Criteria for data compilation

To be considered in the dataset, sorption data for PFAS must originate from a batch test
following o�cial guidelines meant to study sorption under saturated conditions at room
temperature (i.e., 20 − 25◦C), with slight variations (e.g., selection of contact solution) per-
mitted (OECD, 2000). Data originated from other sources (e.g., Kd distribution originating
from ratios of site-measured concentrations in both solids and liquid matrices) were not
considered (Li et al., 2018). The dataset covers information on the data source and PFAS
properties (i.e., MW, empirical formula, S, KOW, and pKa). We accepted sorption data re-
ported on both soil and sediments, assuming analogous sorption behavior among these
matrices in batch tests, but we excluded sorption data in pure organic substances (e.g., hu-
mic acids) or minerals (e.g., goethite, kaolinite) phases. The main physicochemical proper-
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ties of the solids (i.e., pH, Fe and Al contents, CEC, Corg, and soil texture information (i.e.,
sand, silt, and clay contents)), as well as experimental details of the batch experiment (i.e.,
nature of the contact solution, solid-to-liquid ratio, initial PFAS concentration range) were
additionally compiled for better understanding of sorption behavior.
Kd (PFAS) values were compiled as a representative sorption parameter. Straightforward

reported Kd values, either originating from a low single-concentration spike sorption ex-
periment (Nguyen et al., 2020; Fabregat-Palau et al., 2021) or derived from the lower con-
centration range of the sorption isotherm (Higgins & Luthy, 2006; Guelfo & Higgins, 2013),
were considered. If several Kd (PFAS) values were reported from non-linear isotherm data
at varying concentrations (Barzen-Hanson et al., 2017), the Kd value reported at the lowest
concentration was preferred, as a better representative of PFAS environmental concentra-
tions (Xiao, 2017; Brusseau et al., 2020). Kd (PFAS) values were similarly derived when
needed from reported KOC data (Campos Pereira et al., 2018; Campos-Pereira et al., 2022).
Contrarily to other studies that accepted Kd (PFAS) values for the same PFAS/sorbent pair
at di�erent pH and/or ionic strength conditions (Xie et al., 2024), we adopted here stricter
selection criteria. Only Kd values measured under conditions closely matching the original
soil pH or at the lowest ionic strength were included (Nguyen et al., 2020; Cai et al., 2022).
While this approach reduced the number of Kd entries in the dataset, it ensured a better
representation of the original soil properties in the model.
In some cases, isotherm �tting parameters were reported, but no Kd (PFAS) values. Al-

though some authors have estimated Kd values from isotherm parameters at a certain
arbitrary concentration within the low isotherm range (Fabregat-Palau et al., 2023, 2024),
in this study, we derived Kd (PFAS) data from isotherm �tted parameters (mainly resulting
from Freundlich and, to a lesser extent, Langmuir �ts) at the same PFAS concentration in
water relative to the reported PFAS solubility (i.e., 10%), in agreement with other previ-
ous work (Kleineidam et al., 2002). Further details on the derivation of Kd (PFAS) values
from literature studies are provided in D.2. Overall, 94 and 184 Kd (PFAS) entries originated
from KOC and isotherm �tted data (7% and 14% of the total entries, respectively). During
the dataset construction, expert judgment was applied to identify individual entries that
exhibited potential outlier behavior, de�ned here as unexpectedly high or low Kd (PFAS)
values, particularly identi�ed by examining individual Kd vs fOC relationships (see Sup-
plementary File 1 at https://hydrogeochem.geo.uni-tuebingen.de/pfas). Subsequently, we
assessed entire PFAS compound classes for potential outlier trends, particularly by exam-
ining log KOC vs log KOW relationships. Table D.1 provides a summary of the number of
entries and publications contributing data for each PFAS. Based on our assessment, 47 out
of the 1,274 Kd (PFAS) entries (4% of the total) were classi�ed as outliers, leaving a �nal
dataset of 1,227 entries representative of 47 PFAS spanning 451 soil and sediment types
across 47 studies.

4.2.3 Model Development

Feature Engineering

In developing the ML model, we carefully selected and engineered both PFAS- and soil-
speci�c features. The soil-speci�c properties used in the model include soil pH [-], CEC
[cmol+ kg−1], Corg [%], and textural (i.e., sand [%], silt [%], and clay [%] contents) informa-
tion. These features were chosen based on their availability and established in�uence on
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PFAS sorption. Other soil properties, such as iron (Fe) and aluminum (Al) contents, were
excluded due to limited data availability (i.e., only 45% of the entries included available
data), along with contradictory �ndings in the literature regarding their relevance to PFAS
sorption (Oliver et al., 2019; Nguyen et al., 2020). Regarding soil pH, sorption of PFAS has
been shown to decrease when increasing the pH of the batch contact solution for a given
soil type (Nguyen et al., 2020). CEC is mainly the result of the soil organic matter content
and, to some extent, of clay minerals (Tan & Dowling, 1984). While sorption of neutral and
anionic PFAS in soils is known to be highly a�ected by Corg (Fabregat-Palau et al., 2021),
sorption of cationic and zwitterionic organic compounds has been better related to CEC
(Barzen-Hanson et al., 2017; Fabregat-Palau et al., 2024). Soil textural information was also
included in the model, as clay minerals may impact PFAS sorption in scenarios of low Corg

(Xiao et al., 2011; Fabregat-Palau et al., 2021).
Since the Kd (PFAS) dataset we compiled from literature contained gaps in soil physico-

chemical properties (i.e., pH, CEC, and soil texture), we constructed an additional dataset
of selected soil properties (i.e., pH, CEC, Corg, and soil texture) using the SoilGrids reposi-
tory (Poggio et al., 2021). This soil dataset consists of 2,039 entries distributed worldwide
and was used to develop a K-nearest neighbor (KNN) imputer model (Troyanskaya et al.,
2001), which allowed prediction of the soil property data gaps in the Kd (PFAS) dataset.
This approach to addressing data gaps is an upgrade compared to other studies, where Kd

modeling was restricted to the availability of speci�c soil properties (Fabregat-Palau et al.,
2023, 2024), and has the potential to be implemented in further studies. Information on the
KNN imputer model construction and implementation is provided in D.4.

PFAS-speci�c properties included in the model are MW [g mol−1], log KOW [-], and, for
the �rst time, the molar net charge over MW ratio (i.e., the charge density [C g−1]). MW
was selected as a general descriptor of PFAS properties. Whereas KOW was chosen as a
good representative of the hydrophobic interaction between the PFAS alkyl chain and soil
organic matter (Fabregat-Palau et al., 2021), the charge density is indicative of the electro-
static interaction between the PFAS functionalities and the charged soil surfaces. The net
sign of this novel feature allowed inclusion of PFAS speciation in the model and di�erenti-
ation of PFAS among cationic (charge density > 0), neutral or zwitterionic (charge density
≈ 0), and anionic (charge density < 0) species at the particular pH condition, as well as dif-
ferentiation of the charge density among PFAS of the same subfamily (e.g., anionic PFBA
and PFOA species). The abundance of each PFAS species was calculated according to the
Henderson-Hasselbalch equation, ultimately providing information on the net charge of
PFAS molecules in the system (Fabregat-Palau et al., 2024). For PFAS compounds contain-
ing a single ionizable group, the relative abundance of each species (Ar(PFAS)i) at a given
soil pH was calculated using:

Ar(PFAS)i=1 =
1

1 + 10(pKa1−pH)
(4.1)

Ar(PFAS)i=2 =
1

1 + 10(pH−pKa1)
, (4.2)

where i denotes the di�erent PFAS species at a certain pH condition (see D.1). For those
PFAS that contained two ionizable groups, Ar(PFAS)i was calculated as:

Ar(PFAS)i=1 =
1

1 + 10(pH−pKa1) + 10(2pH−pKa1−pKa2)
(4.3)
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Ar(PFAS)i=2 =
1

1 + 10(pKa1−pH) + 10(pH−pKa2)
(4.4)

Ar(PFAS)i=3 =
1

1 + 10(pKa2−pH) + 10(pKa1+pKa2−2pH)
. (4.5)

Whether these fractions were cationic, zwitterionic, anionic, or neutral was dependent
on each PFAS pH-speciation diagram (see D.1). The molar net charge of each PFAS species
(z(PFAS)i [−]) was also dependent on the pH-speciation diagram (see D.1). Due to PFAS
speciation under speci�c pH conditions, MW was recalculated to re�ect the relative abun-
dances of di�erent species (e.g., accounting for protonated and deprotonated forms), thus
de�ning an e�ective molecular weight at the speci�c pH condition. The charge density [C
g−1] was then determined as:

Charge density =
∑n

i=1 (Ar(PFAS)i z(PFAS)i) F∑n
i=1 (Ar(PFAS)iMW(PFAS)i)

, (4.6)

where F is the Faraday constant [C mol−1].
The ranges of PFAS and soil properties used in the training set ultimately set the appli-

cability boundaries of the model. A histogram of the distribution of entry values for each
feature included in the model is shown in Figure D.2. The imputed soil property values
follow the same distribution pattern as the original (i.e., raw) Kd (PFAS) dataset. MW of
the selected PFAS ranged 114–770 g mol−1, representative of PFAS with a �uorinated load
(%F) ranging from 43 to 72% w/w. The charge density ranged from 188 to -854 C g−1. Soil
pH ranged from 2.8 to 9.0, and Corg ranged from 0.03 to 54%, and was skewed to those soils
with low Corg (i.e., < 2%). Individual examinations of the relative entry distribution across
di�erent Corg ranges were assessed for some PFAS with N > 10 entries (see Figure D.3)
and indicated a lack of sorption data in organic soils. Soil textural fractions ranged from 0
to 100% for sand and silt, and 0 to 69% for clay, indicating that the soils cover a wide range
of textural characteristics (see Figure D.4). CEC ranged from 0.1 to 140 cmol+ kg−1, and
log Kd (PFAS) ranged from -1.4 to 3.95, thus spanning over �ve orders of magnitude.

Kd (PFAS) model construction and validation

To ensure that all features contributed equally to the learning process, each feature was
normalized using min-max scaling, thus enabling a balanced contribution in the model (Pa-
tro & Sahu, 2015) (see details in A.4). Later, the data was randomly split using the holdout
method, with 80% allocated for model training and 20% allocated for testing. This split en-
sures that the testing set remains independent from the training set, allowing for a better
assessment of the model’s performance (Hastie et al., 2009).
The predictive model for Kd (PFAS) was then constructed using a stacking ensemble ap-

proach (Wolpert, 1992), a two-layer framework that combines the strengths of multiple ML
algorithms. The resulting model was termed as PFAS Sorption Stacking Model (PSSM). In
the �rst layer, four base models—Ridge (Hoerl & Kennard, 1970), Random Forest (Breiman,
2001), Extremely Randomized Trees (Geurts et al., 2006), and Gradient Boosting (Fried-
man, 2001)—were trained on the input features X, denoted as (ℎm(X) ||m = 1, 2,… , M = 4).
These models generated a set of predictions ŷm = ℎm(X), which served as intermediate
outputs for the subsequent layer. These predictions from the base models were then com-
bined into a new dataset Z, where Z = {ŷ1, ŷ2,… , ŷM }, to be used as input for the second
layer (i.e., meta-model). In this study, the meta-model was aMulti-Layer Perceptron (Good-
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fellow et al., 2016; Dubey et al., 2022). The meta-model learned to optimally combine the
predictions from the base models, leveraging their collective strengths and generating the
�nal output (ŷ�nal) as shown in Equation 4.7:

ŷ�nal = g(Z) = g(ℎ1(X), ℎ2(X),… , ℎM(X)). (4.7)

The predictive performance of the PSSMwas evaluated using the normalized root mean
squared error (NRMSE), the k-fold cross-validated normalized root mean square error (CV-
NRMSE), and the ratio of performance to deviation (RPD) (see A.9 for additional informa-
tion on these metrics).

Sensitivity Analysis for Kd (PFAS) Model

Understanding the sensitivity of a model to di�erent input features provides insights into
the robustness and reliability of the model and helps to explain model outputs. Two pri-
mary methods for sensitivity analysis in ML are SHapley Additive exPlanations (SHAP)
(Shapley, 1953) and Partial Dependence (PD) (Greenwell et al., 2018). SHAP is a popular
method based on cooperative game theory that provides model-agnostic, locally accurate
explanations for individual predictions (Shapley, 1953). SHAP values quantify each fea-
ture’s contribution by estimating the average marginal impact across all possible feature
combinations (Sundararajan & Najmi, 2019). This approach ensures consistent, fair eval-
uations of each feature’s in�uence across di�erent combinations (Lundberg & Lee, 2017).
The SHAP value (�i) for feature i is computed as:

�i = ∑
S⊆F⧵{i}

|S|!(|F | − |S| − 1)!|F |! [f (S ∪ {i}) − f (S)] , (4.8)

where F represents the full set of features, S is a subset of features excluding feature
i, |S| denotes the number of features in subset S, f (S) represents the model prediction
when only features in subset S are used, f (S ∪ {i}) is the model prediction when feature
i is added to subset S, and the term |S|!(|F |−|S|−1)!|F |! is a weighting factor that considers all
possible permutations of feature subsets, ensuring that each feature’s contribution is fairly
evaluated across di�erent combinations.
PD, in contrast, provides a global view of the relationship between a speci�c feature and

the predicted outcome by averaging out the in�uence of all other features (Friedman, 2001).
PD analysis helps reveal the general trend of a feature’s impact on predictions across the
dataset. The PD of a feature xj on the predicted outcome ŷ (i.e., log Kd values) is calculated
as:

PDj (xj ) =
1

n

n∑
i=1

f (xj , xi,⧵j ), (4.9)

where f (xj , xi,⧵j ) is themodel’s predictionwhen feature xj is set to a speci�c value, while
all other features xi,⧵j remain as in each observation i, n is the number of observations, xj
is the feature for which PD is computed, and xi,⧵j represents the remaining features in each
observation, excluding xj .
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4.3 results and discussion

4.3.1 E�ect of chain length in PFAS sorption

For each entry in the dataset, Kd was converted to KOC to account for variability caused
by the di�ering Corg values of the soil (Fabregat-Palau et al., 2021). Then, log KOC was
used for assessing the role of PFAS chain length and functional group in sorption. Sta-
tistical tests were conducted to group the di�erent log KOC populations (see details in
D.5). The mean log KOC data for PFCA ranged from 1.18 to 5.25 and increased with the
number of �uorinated carbons, in line with other observations (Figure D.6) (Nguyen et al.,
2020; Fabregat-Palau et al., 2021). The KOC populations for PFCA with fewer than six �u-
orinated carbons were statistically equal and generally increased for each additional CF2
moiety. Similar outcomes were observed for PFSA (Figure D.7), FOSA (Figure D.8), FTOH
(Figure D.9), FTS (Figure D.10), and PFPA (Figure D.11), but this trend was not evident for
the cationic and zwitterionic PFAS (Figure D.12) and PFPiA (Figure D.13) subfamilies. The
minor dependence of KOC on the chain lengths for short PFAS is evident in our dataset,
but it is not entirely clear how potential experimental artifacts may contribute to this (e.g.,
reliable determination of very small Kd values at large liquid-to-solid ratios and thus poten-
tial overestimation). Overall, the log KOC for speci�c PFAS subfamilies generally increased
with increasing chain length, especially for PFAS with six or more �uorinated carbons,
likely due to the more e�ective hydrophobic interaction with soil organic matter (Nguyen
et al., 2020; Fabregat-Palau et al., 2021).

4.3.2 E�ect of functional group in PFAS sorption

LogKOC populationswere also assessed to elucidate the e�ect of the PFAS functional group
for those compounds with a certain number of �uorinated carbons (i.e., 4, 6, 8, and 10; see
Figures D.14–D.17). Log KOC populations were generally similar regardless of the func-
tional group for those PFAS with less than seven �uorinated carbons (Figures D.14–D.15),
but a signi�cant e�ect of the functional group was noted for PFAS with more than six �u-
orinated carbons (Figures D.16–D.17). The sorption a�nity trend followed: PFPA ≲ PFCA
≲ PFSA ≈ FTS < FOSA ≲ FTOH ≲ cationic and zwitterionic PFAS. The lower sorption
observed for PFPA could be attributed to their double negatively charged phosphonate
group, in contrast to the single negative charge of the carboxylate group of PFCA, leading
to a more e�ective electrostatic repulsion with the negatively charged surfaces, thereby
decreasing its sorption (Du et al., 2014). Higher sorption observed for PFSA compared to
that of PFCA agreed with previous observations (Fabregat-Palau et al., 2021) and may re-
sult from the greater hydrophobicity provided by the sulfonate moiety. In this line, log KOC

values for telomer sulfonate were higher than those for sulfonate groups, likely due to the
additional hydrophobicity provided by the −CH2 − CH2− moiety. Log KOC values for sul-
fonamide and, especially, telomer alcohol functional groups were signi�cantly higher than
others, likely due to their generally uncharged nature, which prevents electrostatic repul-
sions with negatively charged particles, thereby increasing its sorption (Du et al., 2014).
Log KOC values for the cationic and zwitterionic PFAS were the highest, likely a result of
the overestimation of KOC due to attraction between the positively charged PFAS species
and the negatively charged clay surfaces, thereby increasing sorption (Fabregat-Palau et
al., 2024). Similarly, log KOC data for PFAES was the highest observed, likely as a result
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of the overestimation of KOC due to data originating from mineral soils (i.e., Corg < 2.7%)
(Nguyen et al., 2020; Fabregat-Palau et al., 2021).

4.3.3 Identi�cation of outliers and anomalous trends

PFAS hydrophobicity (i.e., KOW) increases with the number of �uorinated carbons of the
PFAS. According to preliminary data explorations, a positive correlation between KOC and
KOW was anticipated due to hydrophobic interaction playing an important role in sorp-
tion (Fabregat-Palau et al., 2021). Average log KOC data was therefore screened against
log KOW, obtaining a positive linear relationship regardless of the subfamily PFAS type
(see Figure 4.2). Nonetheless, four PFAS species (i.e., 6:2 FtSaAm, C6/6 PFPiA, C6/8 PFPiA,
and C8/8 PFPiA) exhibited a noted discrepant trend. To the best of our knowledge, sorp-
tion of Cx/y PFPiA has only been evaluated in a single study (Lee & Mabury, 2017), which
concluded that sorption of these species did not increase with organic content, contrary
to observations for other PFCA and PFSA (Fabregat-Palau et al., 2021). The obtention of
new experimental data supported by additional spectroscopic or computational evidence
will be bene�cial to con�rm if sorption of Cx/y PFPiA is driven by other unknown sorp-
tion mechanisms. On the other hand, sorption of 6:2 FtSaAm originated from a single
soil sample with low organic content (i.e., 0.1%) (Barzen-Hanson et al., 2017), suggesting
the overestimation of KOC due to sorption originating mainly from mineral components
(Fabregat-Palau et al., 2024). The Kd data for these four PFAS were considered as outliers
for further model assessments. The relationship between log KOC and log KOW for PFAS
(logKOC = 0.58 logKOW +0.06; n = 47; r2 = 0.83; Figure 4.2) di�ers from linear correlations
observed for other organic pollutants, such as polycyclic aromatic hydrocarbons (PAH,
logKOC = 0.97 logKOW + 0.12; n = 106; r2 = 0.93) and several non-polar hydrophobic or-
ganic compounds (HOC, logKOC = 1.10 logKOW + 0.99; n = 418; r2 = 0.95) (Allen-King
et al., 2002), likely due to the charged nature of most PFAS considered in this work.
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Figure 4.2: Trend between log KOC and log KOW for di�erent PFAS species, including Per�uorocar-
boxylic Acids (PFCA), Per�uorosulfonamides (FOSA), Per�uorosulfonic Acids (PFSA),
Fluorotelomer Sulfonates (FTS), Per�uorophosphonic Acids (PFPA), Fluorotelomer Al-
cohols (FTOH), Per�uoroalkyl Ether Carboxylic Acids (PFECA), Per�uorooctane Sulfon-
amidoacetic Acids (FOSAA), and Chlorinated Poly�uoroalkyl Ether Sulfonate (PFAES).
Identi�ed PFAS outliers are marked as “X”. The dashed line shows a regression of the
overall data, excluding outliers. Whiskers represent the standard deviation of the origi-
nal data.

4.3.4 Model Performance and Sensitivity Analysis

For all the PFAS species considered, the predicted log Kd values are in excellent agreement
with the observed ones (Figure 4.3), with a slope close to one (i.e., 0.90) and a y-intercept
close to zero (i.e., 0.09). NRMSE and RPD values of 0.07 and 3.16, respectively, and a 10
k-fold CV-NRMSE value of 0.09 indicate an excellent prediction ability of the model. Resid-
ual evaluations show a residual mean of approximately null log Kd units, evidencing no
general under- or over-predictions, and a standard deviation of 0.30. The skewness of the
residual distribution was -0.04 log Kd units, with no evident bias along soil Corg (Figure
4.3). Additional modeling attempts, based on the same test set, excluding the charge den-
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sity feature, resulted in worse predictions of Kd (PFAS), with an NRMSE of 0.08 and an
RPD of 2.59.
The PSSM shows better prediction performance compared to other currently available

Kd (PFAS) prediction tools, such as those derived from models only considering both or-
ganic and mineral sorption sites (Card et al., 2017; Fabregat-Palau et al., 2021) (see D.6). In
addition to the good performance for commonly predicted PFCA and PFSA, the model suc-
cessfully predicts Kd values for TFA in two soils of contrasting characteristics, as well as
Kd values for di�erent cationic and zwitterionic PFAS such as PFOSB, PFOAB, PFOAAmS,
AmPr-FHxSA, TAmPr-FHxSA, and 6∶2 FtSaB (Figure 4.3).

Although sorption of ionizable compounds can vary greatly depending on pH due to
di�erent speciation (Fabregat-Palau et al., 2024), the accurate prediction for cationic, zwit-
terionic and FOSA species for soils with di�ering pH con�rms the need for incorporating
PFAS speciation into the model. Good predictions were also observed for PFPA, FOSA,
FOSAA, PFECA, PFAS, FTS, and FTOH groups. Overall, the successful validation and the
highmetric qualities of the model highlight its potential use in risk assessment studies aim-
ing to evaluate PFAS mobility in contaminated sites. Nonetheless, while the model demon-
strates strong predictive capability for sorption under saturated conditions and e�ectively
incorporates PFAS speciation, its applicability is limited to compounds and soils within
the prede�ned property ranges, as ML struggles to accurately extrapolate predictions to
other scenarios. Additionally, our model can be extended by incorporating other physi-
cal factors that in�uence PFAS sorption under unsaturated conditions, such as air-water
interfaces, which are ultimately governed by soil moisture and, consequently, subject to
seasonal variations. Regarding seasonal variations, the model so far does not account for
temperature-induced changes in Kd values for PFAS (according to Xiang et al., 2018, Kd

may increase by up to 60% if temperatures rise from 15 to 35◦C) .
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Figure 4.3: Scatter plot comparing predicted and measured log Kd values for various PFAS species.
The lower-right subplot illustrates the distribution of residuals, with a mean of approx-
imately zero log Kd units, a standard deviation of 0.30, and a skewness of −0.04 log Kd

units. The upper-left subplot represents the residual distribution strati�ed by di�erent
levels of soil organic content.

The sensitivity analysis (Figure 4.4) reveals that MW is the most sensitive feature, par-
ticularly distinguishing PFAS species. Higher MW values correlate with increased log Kd ,
as shown by both SHAP values (Figure 4.4A) and PD analysis (Figure 4.4B). Unlike the
�ndings of Xie and coworkers (Xie et al., 2024), who identi�ed pH as the second most
in�uential feature, our analysis shows Corg as the predominant soil property in�uencing
sorption. This result aligns with the strong a�nity of PFAS for organic matter, indicat-
ing that the key in�uence of pH in Xie’s model may originate from including Kd values
for the same PFAS/soil combinations at di�erent pH levels. In our model, Corg contributes
positively to log Kd , suggesting organic carbon content as a key soil driver of PFAS sorp-
tion, as con�rmed by both SHAP and PD analyses. Log KOW emerged as the third most
important feature, with both SHAP and PD indicating that high log KOW values correlate
with high log Kd (also supported by �ndings in Figure 4.2). The in�uence of both Corg

and KOW supports the hypothesis that hydrophobic interactions are a central mechanism
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for PFAS sorption (Fabregat-Palau et al., 2021). Additionally, charge density was identi�ed
as the fourth most in�uential feature, suggesting minimal impact of electrostatic interac-
tion on PFAS sorption. CEC ranked �fth in in�uence, with sorption increasing alongside
higher CEC values, potentially due to indirect associations with higher Corg contents and
increased availability of exchangeable sorption sites, especially suitable to sorb cationic
and zwitterionic species (Barzen-Hanson et al., 2017). Conversely, increasing pH generally
decreased Kd (PFAS), likely due to promoting a higher abundance of negatively charged
PFAS species and an increasing number of negative charges in clay (pHZPC ≈ 3) and Corg

(pHZPC ≈ 8) fractions (Fabregat-Palau et al., 2024), thus increasing electrostatic repulsions
with these domains. Finally, soil texture had a limited e�ect on the model’s predictions,
suggesting that grain sizes play a minor role in PFAS sorption compared to Corg. How-
ever, including these variables may still enhance prediction accuracy in low Corg scenarios
(Fabregat-Palau et al., 2021).
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Figure 4.4: A) SHAP summary plot illustrating the in�uence of individual features on Kd predic-
tions. Features are ranked from top to bottom by their importance on model’s output,
with each dot representing a single sample. The color gradient from blue (low) to red
(high) indicates the feature value, while the horizontal position re�ects the model’s out-
put change, where negative SHAP values correspond to lower output values and positive
SHAP values indicate higher output values. (B) Partial Dependence (PD) showing the
marginal e�ect of each input feature on Kd , averaged across all samples.

4.4 environmental implications

The developed model (i.e., PSSM) o�ers broad applicability to predict Kd for 47 PFAS by
leveraging both PFAS-speci�c and soil-dependent input parameters. With this �exibility,
the model can be applied to spatial soil property data repositories at any scale and resolu-
tion to generate Kd (PFAS) prediction maps. To give an example, we applied the PSSM to
the soil LUCAS 2009 repository data for European soils (European Soil Data Centre: ES-
DAC). Figure 4.5 shows the Kd map for PFOSB, while additional information and Kd maps
for other PFAS species (i.e., TFA, PFOA, PFOS) are available in D.7. Overall, the model al-
lows the identi�cation of geographical zones with potentially low Kd values (i.e., locations
where PFAS may have higher mobility), thus facilitating its transport to the groundwater
table. Therefore, the combination of our model output with other PFAS topsoil concentra-
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tion data and groundwater information can be used in global PFAS transport studies across
the saturated zone (Guo et al., 2020; Moghadasi et al., 2023). However, these large-scale
assessments may overlook local heterogeneities in soil properties, potentially introducing
additional uncertainty in Kd predictions unless high-resolution geospatial data is available.

To overcome these soil spatial heterogeneity limitations, we provide an online platform
(PFASorptionML) for end-users to predict site-speci�c Kd (PFAS) values. The platform is
free to use at https://hydrogeochem.geo.uni-tuebingen.de/pfas. Input parameters required
are the PFAS to be assessed (i.e., CAS number, full name or abbreviation of the PFAS) and
speci�c soil properties (i.e., pH, Corg, CEC, soil texture). In case users lack some of these
soil properties, our KNN imputer model developed in D.4 facilitates their prediction. Using
this information, PFAS-speci�c pH-speciation plots are generated and Kd predictions are
produced. Furthermore, the platform allows the generation of Kd maps at any scale (e.g.,
EU) for all 47 PFAS considered in this study. Further assessments of the model toward
other PFAS that currently lack sorption data are of interest and subject to further work.
Upgrades of the platform are planned, including the generation of additional geographical
Kd maps (e.g., Worldwide) and the consideration of additional transport parameters such
as speci�c air-water interfaces and Kaw in unsaturated conditions. In addition to topsoil
properties, sub-soils can be included to allow more realistic transport modeling across the
vadose zone into groundwater. The �ndings of this study, considering the limitations of
the PSSM model, can be integrated into risk assessment evaluations to assess the mobility
of PFAS in soils and aquifers.
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Figure 4.5: Predicted log Kd values for PFOSB across Europe using the stacking model based on
soil properties from the LUCAS 2009 repository. Regions without available soil data are
indicated as "No Data".
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5
CONCLUS ION&OU TLOOK

5.1 synthesis of major findings

This thesis addresses challenges in contaminant assessment by introducing e�cient and
scalable, data-drivenmethodologies designed to predict the leaching and sorption behavior
of various environmental pollutants. By integrating ML models with comprehensive em-
pirical datasets, the research signi�cantly reduces reliance on traditional, time-intensive
laboratory experiments and computationally demanding simulations. These innovative ap-
proaches not only streamline the prediction process but also enhance overall e�ciency
while maintaining high accuracy. Furthermore, the scalability of these solutions ensures
their applicability across a wide range of contaminants and environmental conditions,
making them valuable tools for researchers and practitioners in environmental science
and engineering.

5.1.1 How does machine learning transform leaching test assessments?

The application of ML represents a paradigm shift in leaching test assessments, enabling
rapid and accurate predictions of leachate concentrations across extended liquid-to-solid
ratios. By leveraging readily available parameters—such as pH, electrical conductivity, and
compound-speci�c leachate concentration—ML models provide results that are computa-
tionally e�cient and robust. This study demonstrates the suitability of ML models for
predicting long-term leaching behavior based on short-term concentration data (LS≤1),
signi�cantly reducing laboratory testing timelines from weeks to hours. The models ac-
curately forecasted long-term concentrations (LS=2, 4, 10) and produced cumulative con-
centration predictions that aligned well with measured values. This approach presents a
viable alternative for regulatory compliance and material categorization under German
recycling guidelines (DIN 19528, 2009), ensuring that classi�cation accuracy is maintained
while substantially expediting the assessment process. Beyond accelerating assessments,
these models, using SHAP values for sensitivity analysis, o�er insights into the key factors
governing leaching dynamics, such as pH. By enabling faster, data-driven decision-making,
these models help ensure the safe reuse of materials while supporting environmental pro-
tection e�orts, contributing to broader sustainability goals.

5.1.2 How are computational bottlenecks in leaching simulations overcome?

This thesis introduces ensemble surrogatemodels that emulate one-dimensional advective-
dispersive transport coupled with intraparticle di�usion, a process traditionally simulated
using a cell-centered �nite volume method. These surrogates replicate the underlying
physics of contaminant leaching while achieving a 1,000-fold computational speedup, re-
ducing simulation times from over 150 seconds to less than 0.1 seconds. By leveraging
adaptive-recursive sampling strategies that balance exploration (via uncertainty assess-
ment) and exploitation (via error minimization), the models achieve high accuracy across

71



5.1 synthesis of major findings

the parameter space de�ned in DIN 19528, 2009, with a median RRMSE of 0.11. The frame-
work’s robustness is further enhanced by integrating Simulation-Based Inference (SBI),
which eliminates the need for explicit likelihood evaluations—a key limitation of tradi-
tional Bayesian methods in high-dimensional settings. By mapping parameters directly
to observations via surrogate models, SBI enables e�cient posterior inference, as demon-
strated by neural posterior estimation applied to surrogate-generated simulations. This
approach accurately reconstructed cumulative copper concentration measurements from
leaching tests on two distinct soil types, underscoring its e�ectiveness in capturing com-
plex contaminant transport behavior while ensuring robust and computationally e�cient
parameter estimation.

5.1.3 What new insights are provided into PFAS sorption behavior?

The PFASorptionML tool developed in this thesis o�ers a groundbreaking framework for
understanding and predicting PFAS sorption in soils. By integrating compound properties
such as molecular weight and hydrophobicity (i.e., log Kow) with soil-speci�c factors like
organic carbon content, pH, and soil texture, the ML-based stacking model accurately pre-
dicts the solid-liquid distribution coe�cient (Kd) for a diverse range of PFAS in soils, while
revealing the key factors that in�uence their mobility through SHAP values and partial
dependence analysis. The generation of high-resolution EU Kd maps, created using soil
data from the LUCAS soil database, highlights the practical applications of this tool in as-
sessing PFAS risks across diverse environmental contexts. These maps highlight regions
with varying Kd values, identifying areas where PFASmobility to groundwater may be ele-
vated. The accompanying open-access platform (https://hydrogeochem.geo.uni-tuebingen.
de/pfas) enables stakeholders to predict site-speci�c Kd values for 47 PFAS species, even
with incomplete soil data through an integrated KNN imputer.
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5.2 future prospects

5.2.1 Expanding Datasets for Enhanced Predictive Performance

The expansion of datasets is essential to improving the generalizability, accuracy, and relia-
bility of the methodologies developed in this thesis. For column leaching tests, incorporat-
ing data from multiple regulatory frameworks—such as the EU CEN/TS standards and the
US Environmental Protection Agency guidelines—will ensure that models remain adaptable
to varying compliance landscapes. Including additional material types, such as contam-
inated soils, mining residues, and industrial byproducts, will re�ne predictive accuracy
and broaden the model’s applicability across diverse environmental contexts.
For PFAS sorption assessments, expanding datasets to cover a more extensive range

of PFAS classes—including Betaine compounds with pH-dependent speciation—will sig-
ni�cantly enhance predictive performance. Additionally, integrating geochemical parame-
ters (e.g., Fe and Al content), mineralogical data, and porosity characteristics will improve
model precision in capturing complex sorption interactions across diverse environmental
conditions. A more comprehensive dataset with denser measurements across varying pH
levels, organic carbon content, and soil texture compositions will be essential for re�ning
model accuracy.

5.2.2 Broadening the Scope to Emerging Contaminants

The methodologies developed in this thesis o�er a scalable foundation for evaluating a
wider spectrum of emerging contaminants, including antibiotics, microplastics, heavymet-
als, and other persistent pollutants. These contaminants exhibit distinct chemical behav-
iors and environmental interactions that require re�ned predictive modeling approaches.
By incorporating targeted datasets and adapting model parameters accordingly, the pre-
dictive capabilities established in this work can be extended to address these emerging
challenges.

For instance, antibiotic contamination poses a growing environmental risk due to its po-
tential role in fostering antimicrobial resistance. Similarly, microplastics, characterized by
their size-dependent transport dynamics and sorption behavior, require specialized mod-
eling approaches to assess their mobility in terrestrial and aquatic systems. Expanding
models to incorporate these contaminants will enhance their applicability in environmen-
tal risk assessment and regulatory decision-making.

5.2.3 Applying Sorption Models on a Global Scale

To ensure broad applicability, expanding datasets to include contamination pro�les from
underrepresented regions is crucial. Environmental factors such as diverse soil composi-
tions, organic carbon content, and pH variations must be comprehensively represented to
develop risk assessment models that remain relevant across diverse geochemical settings.

Developing global-scale sorption models will facilitate high-resolution global sorption
maps, aiding in the identi�cation of contamination hotspots and supporting large-scale
environmental assessments. In particular, including contamination data from developing
regions—where environmental conditions and pollution pro�les often di�er signi�cantly
from well-studied locations—will strengthen model applicability. By integrating globally
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representative datasets, these models will improve international risk assessments and in-
form coordinated remediation e�orts, contributing to global environmental policy devel-
opment.

5.2.4 Application of Sorption Coe�cients in Contaminant Transport Models

A key advancement in this work is the integration of sorption coe�cients (Kd) into con-
taminant transport models. Predicting the mobility of contaminants in both saturated and
unsaturated zones using these values will improve simulations of groundwater transport,
facilitating accurate predictions of contaminant fate under varying environmental condi-
tions. For instance, thesemodels can estimate the travel time of contaminants to groundwa-
ter, o�ering crucial insights into potential risks and transport behavior. Such information is
essential for groundwater protection, site-speci�c risk assessments, and the development
of e�ective remediation strategies.

5.2.5 Extending Surrogate Models for Broader Environmental Applications

The surrogate models developed in this thesis, designed to replicate one-dimensional ad-
vection, dispersion coupled with intraparticle pore di�usion, were primarily trained on
datasets from German standard column leaching tests. These models o�er a computation-
ally e�cient alternative to traditional contaminant leaching assessments. However, their
applicability can be expanded by integrating additional regulatory protocols, such as stop-
�ow tests and international leaching standards from the European Union and the United
States.

Further advancements in surrogate modeling should focus on alternative material com-
positions (e.g., industrial byproducts and construction waste) to improve predictive capa-
bilities. Additionally, hybrid modeling approaches—such as combining machine learning
with mechanistic simulations like physics-informed neural networks—will enhance the
models’ ability to capture complex contaminant transport processes.

5.2.6 Towards Integrated Environmental Management Platforms

Future developments should focus on integrating the methodologies established in this
thesis into a comprehensive environmental risk management platform. By coupling sorp-
tion predictions, leaching models, and transport simulations into a uni�ed system, such a
platform could provide real-time insights into contaminant fate and mobility, supporting
evidence-based decision-making.
Incorporating interactive visualization tools, real-time data integration, and user-friendly

interfaces will enhance accessibility for researchers, regulatory agencies, and industry
stakeholders. This integrated approach will facilitate large-scale environmental assess-
ments, enable site-speci�c risk evaluations, and contribute tomore e�ective contamination
mitigation strategies.
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a.1 overview of 15 priority pahs by us-epa

Table A.1: The 15 (US-EPA) PAHs along with their molecular formulas and structures
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a.2 column leaching test standards

a.2 column leaching test standards

Parameter Unit DIN 19528 EPA 1314 EN 14405 CEN/TS 16637-3 ISO/TS 21268-3

Column diameter (D) cm 5–10 5 5-10 5-10 5-10

Column height (H) cm > 4 ⋅D ≈ 28 ± 3 30 ± 5 30 ± 5 30 ± 5

Grain size mm ≤ 32 and ≤ 0.5 ⋅D ≤ 2.5 ≤ 0.1 ⋅Da ≤ 4 ≤ 4

Flow rate cm d−1 40–80 33 ± 12b 30 ± 4 15 ± 2 30 ± 4

Eluent - deionized water deionized water deionized water deionized water 0.001mol L−1

CaCl2

Saturation time h 2 6 − 12 not speci�ed 4 ± 2b not speci�ed

Pre-equilibration h 0 21 ± 3 16-72 12-72 ≥ 48

Contact time during

percolation

h 5 6–122 ∼ 20 ∼ 10 ∼ 20

Temperature °C 20 ± 2 not speci�ed 22 ± 3 22 ± 3 20 ± 5

Eluate collection (LS) L kg−1 0.3, 0.5, 1.0, 2.0, 5.0,
10.0

0.2, 0.5, 1.0, 1.5, 2.0,
4.5, 5.0, 9.5, 10.0

0.1, 0.2, 0.5, 1.0, 2.0,
5.0, 10.0

0.1, 0.2, 0.5, 1.0, 2.0,
5.0, 10.0

0.1, 0.2, 0.5, 1.0, 2.0,
5.0, 10.0

Sand admixture

allowed

- yes no no no no

a Requirement for large columns (diameter 10 cm). For smaller columns (diameter 5 cm): 95 wt.% (weight percent) of particles must be <4 mm
(without size reduction) or 80–95 wt.% <4 mm and up to 5 wt.% <10 mm (with size reduction of the <4 mm fraction). Weight percent (wt.%)
represents the proportion of a substance’s weight relative to the total weight of the mixture.
b Not speci�ed. The provided values were calculated as examples for a material with a porosity of 0.4 and a packing density of 1.6 g cm−3 (Lin
et al., 2020).

Table A.2: Overview of column leaching test standards

a.3 missing data imputation

a.3.1 Basic imputation techniques

Mean and median imputation are foundational methods for handling missing data. These
approaches replace missing values with the mean or median of the observed data within
the same feature. In mean imputation, the missing value xi is replaced by the mean of the
observed values xj , given as:

xi =
1

n

n∑
j=1

xj , (A.1)

where n denotes the total number of observed values in the feature.
For median imputation, the missing value xi is replaced by the median of the observed

values. Let the observed values x1, x2,… , xn be sorted in ascending order. The imputation
formula is:

xi =

⎧⎪⎪⎨⎪⎪⎩x(m), if n is odd

x(m)+x(m+1)
2 , if n is even

(A.2)

where x(m) is the middle value in the sorted sequence. These methods are computation-
ally e�cient and easy to implement but may distort the underlying data distribution and
fail to preserve relationships among variables, leading to biased analyses.
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a.3.2 k-nearest neighbors (KNN)

The KNN imputer identi�es the k most similar instances (neighbors) to a data point with
missing values (Troyanskaya et al., 2001). It computes the similarity between data points
based on the distance in feature space, typically using Euclidean distance. For each missing
value, the imputer �nds the k−nearest data points with known values for that feature and
imputes the missing value as the weighted average (or median) of the neighbors’ values.
The Euclidean distance d(xi, xj ) between two data points xi, xj , each represented by a set
of features, is calculated as Equation A.3:

d (xi, xj) = √
n∑

f=1

(xif − xjf )2, (A.3)

where xi, xj are the values of the feature f for the data points xi, xj , and n is the total
number of features. Once these distances are calculated, the KNN are selected. The imputed
value for the missing feature vmissing is then estimated as Equation A.4:

vmissing =
1

k

k∑
i=1

vi, (A.4)

where vi represents the values of the feature from the KNN. This approach ensures that
imputed values re�ect the patterns and relationships present in the surrounding data, lever-
aging the inherent spatial and feature-based correlations in soil properties. By employing
KNN imputation, we preserved the structure and variability of the original dataset while
minimizing bias that could arise from removing incomplete data (Troyanskaya et al., 2001).

a.4 data scaling

Standardization, also known as Z-score scaling, transforms data to have amean of zero and
a standard deviation of one. For a given feature x , the standardized value z is computed as:

z =
x − �

�
, (A.5)

where x is the original feature value, � is the mean of the feature, and � is its standard
deviation. This transformation centers the data around zero and scales it to unit variance,
ensuring that features with larger magnitudes do not dominate the learning process.
Min-Max scaling is another commonly used method that normalizes feature values to

a �xed range, typically between [0, 1]. The Min-Max scaled value x ′ for a feature x is
calculated as:

x ′ =
x − xmin

xmax − xmin
, (A.6)

where xmin and xmax represent the minimum andmaximum values of the feature, respec-
tively. This method preserves the relative distribution of the data while making all features
comparable in magnitude. Min-Max scaling is particularly bene�cial for algorithms requir-
ing bounded input values, such as neural networks, where large feature values may hinder
convergence.
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a.5 unsupervised and reinforcement learning

a.5 unsupervised and reinforcement learning

Unsupervised learning focuses on analyzing datasets without labels, uncovering hidden
structures and relationships (Ghahramani, 2004). Techniques like clustering, dimensional-
ity reduction, and anomaly detection enable exploratory analysis and data preprocessing.
Clustering algorithms, such as k-means and Gaussian Mixture Models, group data points
based on similarity, with applications in identifying patterns within datasets (Yuan et al.,
2014; Murtagh & Contreras, 2017; Sinaga & Yang, 2020; Li et al., 2021). Dimensionality
reduction techniques, including Principal Component Analysis and t-distributed Stochastic

Neighbor Embedding, simplify high-dimensional data while preserving its variability, en-
hancing computational e�ciency and visualization (Ma & Yuan, 2019; Belkina et al., 2019).
Anomaly detectionmethods like Isolation Forest andDensity-Based Spatial Clustering of Ap-
plications with Noise (DBSCAN) identify irregularities in large and noisy datasets, making
them valuable for outlier detection (Thang & Kim, 2011).
Reinforcement learning (RL), on the other hand, addresses sequential decision-making

problems by enabling agents to interact with an environment and learn from feedback
(Russell & Norvig, 2022). Unlike unsupervised learning, RL relies on trial and error to opti-
mize cumulative rewards. RL is particularly suited for dynamic and adaptive systems, with
applications in robotics, enabling autonomous navigation, and resource management.

a.6 linear regression

Linear regression models the relationship between input features X and the target output
Y using the equation:

Y = �0 +
n∑
i=1

�iXi + ", (A.7)

where �0 is the intercept, �i are the coe�cients, and " is the residual error. The coe�-
cients �i are estimated by minimizing the residual sum of squares (RSS):

LLinear =
n∑
i=1

(Yi − Ŷi)
2. (A.8)

To address over�tting, Ridge regression introduces an L2-norm penalty:

LRidge =
1

n

n∑
i=1

(Yi − Ŷi)
2 + �

n∑
j=1

�2j , (A.9)

where � > 0 controls the strength of regularization, discouraging large coe�cients.
Lasso regression incorporates an L1-norm penalty, which promotes sparsity:

LLasso =
1

n

n∑
i=1

(Yi − Ŷi)
2 + �

n∑
j=1

|�j |. (A.10)

This penalty reduces some coe�cients to exactly zero, enabling feature selection. These
regularization techniques enhance generalization and reduce model complexity.
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a.7 ensemble algorithms

This section details the mathematical formulations andmechanisms of key ensemble meth-
ods employed to enhance predictive accuracy and robustness. Each method leverages dis-
tinct strategies to address the limitations of individual models.

a.7.1 Random Forest

Random Forest constructs multiple decision trees using bootstrapped subsets of the train-
ing data (Breiman, 2001). At each node, it selects a random subset of features to determine
the optimal split, reducing over�tting and enhancing model generalization. For regression
tasks, the �nal prediction is computed as the average of the predictions from all trees:

Ŷ =
1

T

T∑
t=1

̂ft(X ), (A.11)

where T is the total number of trees, ̂ft(X ) is the prediction of the t-th tree, and Ŷ is the
�nal aggregated prediction. Each decision tree is constructed by recursively partitioning
the input space to minimize the variance in the target variable. The optimal split at each
node is determined by maximizing the reduction in impurity, often measured by the mean
squared error (MSE) in regression (see Equation A.17).

a.7.2 Extremely Randomized Trees (ExtraTrees)

Extremely Randomized Trees (ExtraTrees) is a tree-based ensemble method designed to
enhance predictive diversity and robustness by incorporating additional randomness into
both data sampling and feature splitting processes (Geurts et al., 2006). While similar to
Random Forest, ExtraTrees introduces key di�erences in its approach to tree construction.
Unlike Random Forest, where split points are chosen to minimize a speci�c loss func-

tion, ExtraTrees selects split points randomly within the range of the selected feature. This
process bypasses the optimization step typically performed during the construction of indi-
vidual trees, signi�cantly reducing computational overhead. The randomness introduced
during split selection leads to increased variance among the trees in the ensemble, making
the model more robust to noise and reducing over�tting in high-dimensional datasets or
datasets with noisy features.
For each tree in the ensemble: 1. A random subset of features is selected at each node. 2.

Split thresholds for these features are determined randomly, rather than being optimized
based on the loss function. This dual-randomization strategy results in highly diverse in-
dividual trees, which, when aggregated, yield a model with improved generalization capa-
bilities. For regression tasks, the �nal prediction is computed as the average of predictions
from all trees in the ensemble (see Equation A.11).

a.7.3 Gradient Boosting

Gradient Boosting is an ensemble learning technique that builds models sequentially, with
each subsequent model correcting the prediction errors of the combined model from pre-
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a.8 training process of multi-layer perceptrons (mlp)

vious iterations (Friedman, 2001). The core idea is to minimize a speci�ed loss function by
�tting a newmodel to the negative gradient (pseudo-residuals) of the loss at each iteration.
At iteration m, the model prediction is updated as:

Ŷ (m) = Ŷ (m−1) + � ⋅ ℎm(X ), (A.12)

where Ŷ (m) is the updated prediction, Ŷ (m−1) is the prediction from the previous iteration,
� is the learning rate, which controls the contribution of each weak learner, and ℎm(X ) is
the weak learner trained on the pseudo-residuals:

r (m)i = −
)(Yi, Ŷ

(m−1)
i )

)Ŷ (m−1)i

, (A.13)

with r (m)i representing the pseudo-residuals, Yi is the true target value, Ŷ
(m−1)
i is the pre-

dicted value from the previous iteration, and  is the chosen loss function.

a.7.4 Extreme Gradient Boosting (XGBoost)

XGBoost optimizes Gradient Boosting by incorporating regularization, parallelization, and
sparsity-aware computations (Chen & Guestrin, 2016). Its objective function combines the
loss function and a regularization term:

L =
N∑
i=1

(Yi, Ŷi) +
M∑
k=1

Ω(fk), (A.14)

where N is the number of training samples, (Yi, Ŷi) measures the di�erence between the
observed target Yi and the predicted value Ŷi, M is the number of trees in the model, and
Ω(fk) penalizes the complexity of the k-th tree:

Ω(fk) = 
T +
1

2
�

T∑
j=1

w2
j , (A.15)

where T is the number of leaf nodes, wj are the leaf weights, 
 controls the number of
leaves, and � applies L2 regularization.
Each subsequent tree minimizes the residuals, updating the model iteratively:

Ŷ (t) = Ŷ (t−1) + �ft(X ), (A.16)

where ft(X ) is the t-th tree.

a.8 training process of multi-layer perceptrons (mlp)

The training of Multi-Layer Perceptrons (MLPs) involves several steps to iteratively adjust
parameters (weights and biases) for improving predictive performance.
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a.8 training process of multi-layer perceptrons (mlp)

a.8.1 Core training steps

forward propagation: During forward propagation, input data X is sequentially
passed through each layer of the MLP. Each layer applies a linear transformation followed
by a non-linear activation function. Common activation functions include:

• ReLU (Recti�ed Linear Unit): De�ned as �(x) = max(0, x), where x is the input
to a neuron. ReLU is widely used due to its simplicity and ability to mitigate the
vanishing gradient problem.

• Sigmoid:De�ned as�(x) = 1
1+e−x , it maps inputs to a range of (0, 1) and is commonly

used for binary classi�cation tasks.

• Tanh (Hyperbolic Tangent):De�ned as tanh(x) = ex−e−x

ex+e−x , it maps inputs to a range
of (−1, 1), making it suitable for zero-centered data.

The forward propagation process continues through hidden layers and concludes with
the output layer, where predictions Ŷ are generated.

loss calculation: The loss function L quanti�es the di�erence between the pre-
dicted outputs Ŷ and the true values Y , providing an objective measure of the model’s
performance and guiding the optimization process.

backward propagation: Backward propagation computes the gradients of the loss
function Lwith respect to the model parameters (weights and biases). Using the chain rule
of di�erentiation, gradients are calculated layer by layer, starting from the output layer and
propagating backward to the input layer. These gradients guide the parameter updates.

weight update: Weights and biases are updated using an optimization algorithm
such as Stochastic Gradient Descent (SGD) or Adam. The update rule for a parameter � is
given by:

� ← � − �
)L

)�
,

where � is the learning rate, controlling the step size for each update.

a.8.2 Regularization techniques

Regularization helps prevent over�tting by introducing constraints during training. Com-
mon techniques include:

dropout: Dropout randomly sets a fraction of neuron activations to zero during train-
ing. This reduces reliance on speci�c neurons and enhances model generalization.

weight decay: Weight decay adds a penalty term to the loss function, encouraging
smaller weight magnitudes and reducing over�tting. The regularized loss is given by:

Lreg = L + �∑
j

w2
j ,

where � is the regularization strength, and wj are the weights.
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a.9 model performance evaluation metrics

Quantitative evaluation of model performance is essential for assessing the accuracy and
reliability of predictions. Several commonly used metrics are described below:

The Mean Squared Error (MSE) quanti�es the average squared di�erence between ob-
served and predicted values:

MSE =
1

N

N∑
i=1

(Yi − Ŷi)2 , (A.17)

where Yi and Ŷi are the observed and predicted values, respectively, and N is the total
number of data points. A lower MSE indicates better model performance, as it re�ects
smaller deviations between predictions and observations.
The Mean Absolute Error (MAE) represents the average absolute di�erence between ob-

served and predicted values:

MAE =
1

N

N∑
i=1

|||Yi − Ŷi
||| , (A.18)

providing a more interpretable metric in the original scale of the data. Like MSE, a lower
MAE signi�es improved prediction accuracy, though it is less sensitive to large errors.
The Root Mean Squared Error (RMSE) represents the square root of the MSE, o�ering an

interpretable measure of error magnitude in the same units as the observed data:

RMSE =

√
1

N

N∑
i=1

(Yi − Ŷi)2. (A.19)

RMSE is particularly sensitive to large errors, making it suitable for identifying signi�-
cant prediction discrepancies.
The Relative Root Mean Squared Error (RRMSE) evaluates the relative error magnitude

by normalizing the RMSE by the mean of observed values:

RRMSE =
RMSE

Y
× 100, (A.20)

where Y is the mean of the observed values. RRMSE is expressed as a percentage, making
it useful for comparing error magnitudes across datasets with di�erent scales.

The Determination Coe�cient (R2) measures the proportion of variance in the observed
data explained by the model:

R2 = 1 −
∑N

i=1 (Yi − Ŷi)2∑N
i=1 (Yi − Y )2 . (A.21)

An R2 value close to 1 indicates that the model explains most of the variance in the data,
whereas values closer to 0 suggest poor predictive capability.

The Ratio of Performance to Deviation (RPD) assesses the predictive accuracy of the
model relative to the variability of the dataset:

RPD =
�Y

RMSE
, (A.22)
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a.9 model performance evaluation metrics

where �Y is the standard deviation of the observed values. For environmental analysis,
RPD < 1.5 values indicate poor performance, while RPD values ranging from 1.5 to 2.0
indicate acceptable quality. RPD values > 2.0 indicate good quality, especially those with
RPD ≥ 3.0, which are considered as analytical quality (Knight et al., 2019)

The K-fold Cross-validated Normalized Root Mean Square Error (CV-NRMSE) is a met-
ric used to assess the model’s performance across di�erent folds during cross-validation.
By normalizing the RMSE based on the data’s range, this metric provides an estimate of
how well the model generalizes to unseen data. It is calculated similarly to NRMSE but is
speci�cally applied during the cross-validation process:

CV-NRMSE =

√
1
k
∑k

j=1( 1
nj
∑nj

i=1 (y(j)i −
̂

y
(j)
i )2)

ymax − ymin
, (A.23)

where k is the number of cross-validation folds, nj is the number of samples in fold j , and

y
(j)
i and

̂
y
(j)
i are the measured and predicted values for fold j . The CV-NRMSE helps ensure

that the model’s error estimates are reliable and not over�tted to a particular training set.
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b.1 relevant compounds and the threshold concentration in aqueous

leachate according to german recycling decree

Model CDW-1 CDW-2 CDW-3

Sulfate [mg L−1] 600 1000 3500

Vanadium [µg L−1] 120 700 1350

Chromium [µg L−1] 150 440 900

Copper [µg L−1] 110 250 500

15 (US-EPA) PAHs [µg L−1] 4 8 25

Table B.1: The "threshold" concentrations of the examined organic and inorganic substances for
various classes of CDW (Bundesgesetzblatt, 2021).

b.2 selected range and tuned hyperparameters of algorithms

LASSO Ridge RF ET

L1 L2 n_est max_features max_depth n_est max_features max_depth

Search Space [0.001,10,0.005] [0.001,10,0.005] [1,5,251] [1,1,18] [1,1,10] [1,5,251] [1,1,18] [1,1,10]

Sulfate 8.6 8.7 30 10 5 180 17 6

Vanadium 4.3 8.7 75 10 6 180 17 5

Copper 5.2 0.7 145 14 3 170 15 4

Chromium 6.4 8.6 180 17 5 90 15 6

15 (US-EPA) PAHs 0.6 8.6 15 14 5 10 17 7

L1: LASSO penalty factor; L2: Ridge penalty factor; RF: Random Forest; ET: Extremely randomized Trees; n_est:

number of trees in the forest; max_features: number of features for the best split; max_depth: maximum depth of the tree.

Bold values represent the optimized hyperparameters of each speci�c model.

Table B.2: Tuned Hyperparameters for LS=2 and 4 predictive ML models.
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b.3 overall performance of sequence-timepoint, hybrid and early-stage input models to

predict concentration at ls=10

b.3 overall performance of sequence-timepoint, hybrid and early-stage

input models to predict concentration at ls=10

Sequence-timepoint Hybrid Early-stage

R2
train R2

CV R2
test NRMSEtest R2

train R2
CV R2

test NRMSEtest R2
train R2

CV R2
test NRMSEtest

Sulfate 0.95 0.38 0.92 0.31 0.94 0.39 0.83 0.47 0.98 0.01 0.77 0.54

Vanadium 0.87 -0.02 0.92 0.15 0.87 -0.02 0.91 0.15 0.90 0.05 0.66 0.30

Chromium 0.78 -0.59 0.72 0.11 0.74 -0.36 0.71 0.10 0.96 -2.21 0.36 0.16

Copper 0.99 -2.47 0.75 0.28 0.99 -2.47 0.74 0.29 0.99 -2.76 0.66 0.33

15(US-EPA) PAHs 0.99 -0.60 0.99 0.09 0.99 -0.60 0.99 0.10 0.99 -0.27 0.98 0.15

Table B.3: Summary of key metrics for each model.

b.4 distribution of the ph, electrical conductivity, and doc in the

data set
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Figure B.1: Kernel probability density for distribution of pH, Electrical Conductivity, and DOC at
di�erent LS ranges. Note that the box inside the violin shapes represents the minimum,
�rst quartile, median (white dot inside the box), third quartile, andmaximum data value.
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b.5 schematic of random forest algorithm

Training Data
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Final Prediction

Averaging

Figure B.2: Schematic of the Random Forest algorithm based on the averaging method.

b.6 model validation: r2 distribution
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Figure B.3: Distribution of R2 scores from repeated K-Fold Cross-Validation (5 folds, 10 repetitions)
for 50 trained models at LS=2 and 4. Results are shown for A) Sulfate, B) Vanadium, C)
15 US-EPA PAHs, D) Chromium, and E) Copper.
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b.7 cumulative concentrations predicted by ml models
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Figure B.4: Cumulative concentrations measured at LS=2 (CLS2) compared to model predictions
(CLS2,m+p) using measured data at LS=0.3 and 1. The analysis is based on the best-
available ML models for Sulfate, Vanadium, 15 (US-EPA) PAHs, Chromium, and Copper.
Horizontal dashed lines indicate the upper bound of the respective CDW material cat-
egory (see Table B.1)

b.8 programming environment and computer system used to develop

and analyse the models

The ML algorithms used for developing and optimizing surrogate models were imple-
mented using Python 3.9.7, while the execution of the original numerical model was car-
ried out using Julia 1.9 within the Visual Studio Code environment. Coding, learning, and
analysis of the ML models took place on an Apple computer with the following speci�ca-
tions: Apple M1 Processor, eight-core CPU@ 3.2 GHz, and 16.0 GB RAM, running Apple’s
macOS operating system. The development and evaluation of ML models were facilitated
using the scikit-learn package (Pedregosa et al., 2012). To ensure the reproducibility of
random numbers, a Python function (random.seed) was utilized.

b.9 bootstrapping

Bootstrapping is a metric that uses random sampling of a data set with replacement (e.g.,
imitating the sampling approach) and falls under the more general class of resampling
methods (Efron & Tibshirani, 1994). Bootstrapping allocates accuracy measurements (bias,
variance, con�dence intervals, prediction error) to sample assessments. Moreover, in the
Ensemble approach, each decision tree uses several subsets of data from the training sam-
ple chosen randomly with replacement to reduce the variance of each decision tree.
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b.10 random-search method

Random search is a widely adopted technique for optimizing the hyperparameters of a
Machine Learning (ML) model. It entails randomly sampling the hyperparameter space
and evaluating the model’s performance at each sampled point (Bergstra & Bengio, 2012).
This method is versatile and can be applied to any ML model requiring hyperparameter
optimization (Feurer et al., 2015). To employ random search e�ectively, one must initially
de�ne the hyperparameter search space, which encompasses the range of feasible values
for the hyperparameters. This search space is typically determined using a combination
of domain knowledge and trial-and-error approaches. Next, the number of iterations and
hyperparameter combinations to evaluate at each iteration must be speci�ed. During each
iteration, a random selection of hyperparameter values is drawn from the de�ned search
space, and the model’s performance is assessed using these values. The best set of hyper-
parameters is then identi�ed by comparing the model’s performance across iterations.
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c.1 empirical models for Kd values of heavy metals in soil

The distribution coe�cient (Kd) is a critical parameter in understanding the mobility and
bioavailability of metal contaminants in soils. Kd values are in�uenced by various soil
properties, notably pH and organic carbon (OC) content. To predict Kd values for di�er-
ent metal contaminants, we employed a set of empirical models. These models, derived
from extensive laboratory data, relate Kd to pH and OC through logarithmic and linear
transformations. The metals considered in this study include copper (Oorts, 2013), cad-
mium (Smolders & Mertens, 2013), manganese (Sheppard et al., 2009), nickel (Sheppard
et al., 2009), and zinc (Mertens & Smolders, 2013). The empirical models for each metal are
expressed as follows:

1. Copper (Cu)
logKd = 0.4 + 0.23 ⋅ pH + 0.65 ⋅ log10(%OC) (C.1)

2. Cadmium (Cd)

logKd = −1.04 + 0.55 ⋅ pH+ 0.7 ⋅ log10(%OC) (C.2)

3. Manganese (Mn)

logKd = −0.330 + 0.457 ⋅ pH (C.3)

4. Nickel (Ni)
logKd = 0.718 + 0.233 ⋅ pH+ 0.0148 ⋅ %OC (C.4)

5. Zinc (Zn)
logKd = −1.77 + 0.66 ⋅ pH + 0.79 ⋅ log10(%OC) (C.5)

As demonstrated in Figure C.3, the developed ensemble surrogate model shows a range
of applicability based on soil pH and organic carbon content (OC) across di�erent soil
types. The heatmap plots illustrate how Kd values for various metals (Copper, Cadmium,
Manganese, Nickel, and Zinc) vary with changes in pH and OC content. These models are
applicable to di�erent soil types, including mineral and organic soils, under various pH
conditions. Speci�cally, the models are e�ective for predicting the leaching behavior of
these metals in acidic soils and, in some instances, neutral soils.

c.2 distribution coefficients Kd of organic compounds

The distribution coe�cient (Kd) of an organic chemical can vary widely across di�erent
soils or sediments due to variations in the properties of the sorbent. However, it is well-
established that for many organic chemicals, especially neutral hydrophobic ones, the
distribution coe�cient is directly proportional to the amount of organic matter present
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(Grathwohl, 1990; Doucette, 2003). This relationship is captured by the normalized organic
carbon partition coe�cient (KOC), de�ned by the equation:

KOC =
Kd

OC
, (C.6)

where Kd is the distribution coe�cient, and OC is the organic carbon content of the
sorbent, expressed as grams of organic carbon per gram of soil [g OC g−1 soil].
The applicability of the developed ensemble surrogate model for organic compounds

is determined by the prede�ned Kd range (i.e., 0.1-25 [L kg−1]) in di�erent range of KOC

and organic carbon content, as illustrated in Figure C.4. This range demonstrates that the
model can be suitable to simulate the leaching behavior of organic compounds with KOC

values within this range across various soil types.
For instance, compounds such as acetophenone, with aKOC of approximately 42 [L kg−1]

(Khan et al., 1979), 1,2-dibromoethane with a KOC of 44 [L kg−1] (Kenaga & Goring, 1980),
and benzene, with a KOC of around 80 [L kg−1] (Hodson &Williams, 1988), fall well within
the applicable range. This suggests that the ensemble surrogate model in the prede�ned
Kd range can be applied to predict the organic compound leaching behavior with low
KOC values in di�erent soil types, including low to moderate organic content. Similarly,
compounds like atrazine with higher organic carbon partition coe�cient (i.e., KOC values
around 150 [L kg−1]; Kenaga, Goring, 1980), and toluene, with a KOC of approximately 160
[L kg−1] (Hodson & Williams, 1988), also fall within this range, indicating potential appli-
cability in soils with varying organic content. Nitrobenzene, with a KOC of about 200-400
[L kg−1] (Løkke, 1984), and naphthalene with a KOC of approximately 1000 [L kg−1] (Løkke,
1984) are additional examples that �t within the surrogate model’s de�ned Kd range but
are limited to soils with low organic content.

92



c.3 pairwise projections of the virtual reality datasets (vrd)

c.3 pairwise projections of the virtual reality datasets (vrd)

0.008

0.055

0.102

 [m]

0.0

0.09

0.19
dcoarse

coarse  [mm]

0.0

0.009

0.019
dinter

inter  [mm]

0.0002

0.0007

0.0012
dfine

fine  [mm]

0.0

10.0

20.0

Kdcoarse [L kg 1]

0.0

10.0

20.0

Kdinter [L kg 1]

0.0

10.0

20.0

Kdfine [L kg 1]

0.0

50.0

100.0

fccoarse [%]

0.0

50.0

100.0

fcinter [%]

10
0.

0

25
00

.0

51
00

.0

C s
in

i [
m

g 
kg

1 ]

0.0

50.0

100.0

fcfine [%]

0.
00

8

0.
05

5

0.
10

2

 [m
]

0.
0

0.
09

0.
19

d c
oa

rs
e

co
ar

se
 [m

m
]

0.
0

0.
00

9

0.
01

9

d i
nt

er
in

te
r [

m
m

] 0.
00

02

0.
00

07

0.
00

12

d f
in

e
fin

e
 [m

m
]

0.
0

10
.0

20
.0

K d
co

ar
se
 [L

 k
g

1 ]

0.
0

10
.0

20
.0

K d
in

te
r [

L 
kg

1 ]

0.
0

10
.0

20
.0

K d
fin

e [
L 

kg
1 ]

0.
0

50
.0

10
0.

0

f c
co

ar
se
 [%

]

0.
0

50
.0

10
0.

0

f c
in

te
r [

%
]

VRD KDE
DoE:110 KDE
DoE:550 KDE

VRD Samples
DoE:110 Initial Samples
DoE:550 Initial Samples

Figure C.1: Pairwise projections of surrogate model parameters used to generate Virtual Reality
Datasets (VRDs) and Designs of Experiments (DoE) based on Halton sequence sam-
pling. The VRDs are depicted in orange, while DoE datasets are represented in green
for 110 initial samples and navy for 550 initial samples. These scatter plots illustrate the
coverage of the parameter space for each pair of parameters, demonstrating the spread
and interaction within the prede�ned parameter space. Notably, the ratios of d to intra-
particle porosity, being divisions of two uniform distributions, cover certain regions of
the parameter space uniquely. Additionally, the last three parameters represent volume
fractions whose total must sum to 100%, resulting in simplex shape.
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Figure C.3: Heatmap plots illustrating the range of applicability of the developed ensemble surro-
gate model based on pH and organic carbon (%OC). The plots depict the relationship
between soil pH, organic carbon content, and distribution coe�cients (Kd) for various
metals (Copper, Cadmium, Manganese, Nickel, and Zinc). Each subplot demonstrates
how Kd values change with variations in pH and organic carbon percentage for a spe-
ci�c metal. These relationships are derived from empirical equations tailored to each
metal (refer to C.1 for more details). The color intensity in each heatmap indicates the
magnitude of the distribution coe�cient, providing a visual representation of the inter-
active e�ects of soil pH and organic carbon on metal retention.
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Figure C.4: Heatmap depicting the relationship between organic carbon content and the distribu-
tion coe�cient (Kd) for various values of the organic carbon partition coe�cient (KOC).
This heatmap illustrates how KOC values change with variations in organic carbon per-
centage and Kd. The color intensity in the heatmap represents the magnitude of KOC,
providing a visual representation of the interactive e�ects between organic carbon con-
tent and Kd. This visualization helps in understanding the applicability of the ensemble
surrogate model for predicting the behavior of organic compounds in diverse soil envi-
ronments.

c.7 constant parameters for ade-ipd model (din 19528)

Parameter [Unit] Value Description

Saturation time [h] tsa = 2 Time required for the system to saturate the
column with �uid.

Equilibrium Time after Saturation
[h]

teq = 0 Time required for the system to reach equilib-
rium after saturation with �uid.

Percolation time [h] tpe = 5 Time that solid phase is in contact with �uid
during percolation.

Column Length [m] xcol = 0.3 Length of the column in the system.

Dry Solid Density [kg L−1] �s = 2.60 Density of the solid material in the system.

Table C.1: Constant parameters used to evaluate ADE-IPD model based on German column leach-
ing test standard (DIN 19528, 2009)
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c.8 impact of surrogate model combination order on stacking model

performance

DoE 110 DoE 550

Max Mahalanobis 118 200

Min Mahalanobis 140 200

Note: The Stacking Model for the DoE with 550 initial samples did not reach the stop criteria, hence resulting in the utilization of 200 surrogate models.

Table C.2: Number of individual surrogate models utilized in stackingmethods to reach the stop cri-
teria (RRMSE= 10%), based on maximum and minimum Mahalanobis distances between
each surrogate model and the previously stacked model.
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d.2 : additional information on the derivation of Kd data from liter-

ature studies

The solid-liquid distribution coe�cient Kd [L kg−1] is de�ned as the ratio between the
sorbed pollutant concentration in the solid phase CS [mg kg−1] to the non-sorbed pollutant
concentration in the water phase CW [mg L−1] under equilibrium conditions, as shown in
Equation D.1:

Kd =
CS

CW
. (D.1)

Kd is therefore a parameter suitable to assess the concurrent equilibria for pollutants
between solid and liquid phases in the environment, and a relevant input parameter used
in contaminant transport modeling (Guo et al., 2020), with higher Kd values attributed
to higher sorption to soil particles and, therefore, a higher retardation on contaminant
transport to groundwater.
Speci�cally, for PFAS studies assessing sorption in soils, Kd values have a wide range

of variability. For instance, Kd values ranging from < 0.1 to 10 L kg−1 have been reported
for short-chained PFAS such as TFA and PFBA (Nguyen et al., 2020; Richey et al., 1997),
while Kd values ranging from 90 to 5, 700 L kg−1 have been reported for long-chained PFAS
such as PFDoA (Nguyen et al., 2020; Campos Pereira et al., 2018). Kd values reported for
PFOA range from < 1 to 130 L kg−1(Nguyen et al., 2020; Fabregat-Palau et al., 2021). These
discrepancies in observed Kd values are a result of the di�erent soil properties, especially
the di�ering organic carbon content (Corg). As such,Kd values are usually normalized to the
soil fraction of organic carbon (fOC), thus de�ning the organic-carbon normalized sorption
coe�cient KOC [L kg OC−1] as shown in Equation D.2:

KOC =
Kd

fOC
. (D.2)

The normalization ofKd toKOC is suitable to reduceKd variability for compounds whose
main sorption domain is the soil organic carbon content (Corg) (Fabregat-Palau et al., 2021).
In the case of PFAS, however, low but signi�cant sorption is observed on pure inorganic
minerals such as kaolinite and soils with low Corg (Xiao et al., 2011; Knight et al., 2019),
which may lead to a plausible overestimation of KOC in low soil Corg scenarios. Although
these overestimations may be overcome by the inclusion of a term in Equation D.2 repre-
sentative of the sorption in reactive mineral components (Fabregat-Palau et al., 2021), in
this work, we derived individual PFAS/sorbent KOC values for each entry in the dataset of
Supplementary File 1 (download it from https://hydrogeochem.geo.uni-tuebingen.de/pfas)
according to Equation D.2 to assess the role of PFAS chain length and functional group on
sorption.

Sorption isotherms describe the relationship between CS and CW over a certain concen-
tration range. The resulting isotherm shape may be linear (where the slope, i.e., Kd , is inde-
pendent of the tested concentration) or non-linear (where the slope, i.e., Kd , is dependent
on the tested concentration). Non-linear isotherms are often described by the Freundlich
equation (Equation D.3):

CS = KFrC
1/n
W , (D.3)
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where KFr is the Freundlich constant [(mg kg−1) / (mg L−1)1/n], representative of the
sorbent-sorbate sorption a�nity, and 1/n represents the non-linearity term. For sorbents
where the sorption site availability is limited with respect to the number of pollutant
molecules in the system, a non-linearity term with 1/n < 1 is often observed, and Kd

decreases with increasing pollutant concentration. On the other hand, cooperative sorp-
tion (i.e., additional sorption sites provided by sorbed pollutants due to pollutant–pollutant
interactions) may result in non-linear isotherms with 1/n > 1, where Kd increases with
increasing pollutant concentration. Regarding PFAS, both linear (i.e., 1/n = 1) and non-
linear isotherms (i.e., 1/n < 1 and 1/n > 1) have been observed (Mejia-Avendaño et al.,
2020; Milinovic et al., 2015; Li et al., 2019).

Non-linear sorption isotherms may also be described by the Langmuir model (Equation
D.4) when a complete saturation of sorption sites occurs. The model allows derivation of
the Langmuir constant KL [L kg−1], representative of the sorbent-sorbate sorption a�nity,
and the maximum loading capacity QMAX [mg kg−1], representative of the total number of
sorption sites borne by the sorbent:

CS =
KLQMAXCW

1 + KLCW
. (D.4)

Regarding PFAS, only a few studies observed sorption isotherms well described by the
Langmuir model (Wei et al., 2019).

To extend the pool of Kd (PFAS) data in our dataset, we carefully examined literature
studies reporting �tted isotherm data but not providing Kd . Similar approaches have been
applied elsewhere (Fabregat-Palau et al., 2022, 2023, 2024; Saeidi et al., 2024; Kleineidam
et al., 2002). In some of these works (Fabregat-Palau et al., 2022, 2023, 2024), Kd values were
derived from both Freundlich and Langmuir models at a certain arbitrary CW that fell in the
low concentration range of the sorption isotherm, aiming to represent low environmental
concentrations (Brusseau et al., 2020) and assuming that Kd data fall in the linear range
of the sorption isotherm. On the other hand, recent studies have derived Kd data from
literature studies resulting from �tted isotherm parameters at the same CW for all PFAS,
allowing a FAIR comparison (Saeidi et al., 2024). Nonetheless, this approach results in the
derivation ofKd values for PFAS at very di�erent activities inwater, given the di�erences in
solubility values for short- and long-chained PFAS. To address this, some other studies have
derived Kd data from literature resulting from �tted isotherm parameters at the same PFAS
activity in water (i.e., CW = 10% of PFAS solubility), which allowed a better comparison
of Kd values among sorbates (Kleineidam et al., 2002). In this work, we applied this latter
approach, deriving Kd values from reported isotherm data �tted to both the Freundlich and
Langmuir models at di�erent CW but at the same PFAS activity in water (i.e., CW = 10%

of PFAS solubility). Care was taken to consistently derive solubility values from the same
source (i.e., EPISuite) (Card et al., 2017). The assessment of whether these values di�ered
among experimental (Inoue et al., 2012) and other modeled (e.g., Cosmotherm) (Wang et
al., 2011) approaches was out of the scope of this work.
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d.3 : number of soils and entries used to derive log KOC values

PFAS Subfamily Number of Entries Number of References Average log KOC

TFA PFCA 20 1 1.18 (0.37)

PFBA PFCA 24 7 1.33 (0.61)

PFPeA PFCA 19 6 1.48 (0.49)

PFHxA PFCA 26 7 1.47 (0.47)

PFHpA PFCA 24 9 1.91 (0.46)

PFOA PFCA 187 26 2.57 (0.70)

PFNA PFCA 34 12 2.55 (0.37)

PFDA PFCA 30 9 3.14 (0.52)

PFUnA PFCA 20 6 3.71 (0.48)

PFDoA PFCA 21 5 4.50 (0.67)

PFTrA PFCA 3 2 4.77 (0.57)

PFTeA PFCA 2 1 5.25 (0.70)

GenX PFECA 10 1 1.71 (0.53)

ADONA PFECA 10 1 1.69 (0.46)

PFBS PFSA 34 11 1.43 (0.47)

PFPeS PFSA 12 2 1.71 (0.45)

PFHxS PFSA 72 11 1.82 (0.46)

PFHpS PFSA 12 3 2.62 (0.31)

PFOS PFSA 238 32 3.07 (0.39)

PFNS PFSA 12 2 3.39 (0.42)

PFDS PFSA 16 3 3.86 (0.49)

PFEtCHxS PFSA 10 1 2.47 (0.44)

8:2 Cl-PFAES PFAES 10 1 4.05 (0.51)

FBSA FOSA 10 1 1.71 (0.49)

FHXSA FOSA 10 1 2.32 (0.62)

PFOSA FOSA 16 3 3.37 (0.61)

EtFOSA FOSA 3 1 3.39 (0.48)

N-MeFOSAA FOSAA 5 1 3.10 (0.31)

N-EtFOSAA FOSAA 5 1 3.33 (0.35)

4:2 FTOH FTOH 1 1 0.93 (N.A.)

6:2 FTOH FTOH 3 1 2.42 (0.10)

8:2 FTOH FTOH 5 1 3.77 (0.04)

10:2 FTOH FTOH 3 1 4.60 (0.28)

4:2 FTS FTS 10 1 1.69 (0.49)

6:2 FTS FTS 27 6 2.14 (0.67)

8:2 FTS FTS 26 5 3.01 (0.71)

PFHxPA PFPA 7 1 1.69 (0.55)

PFOPA PFPA 7 1 2.64 (0.39)

PFDPA PFPA 7 1 2.77 (0.48)

C6/6 PFPiA PFPiA 7 1 3.19 (0.49) *

C6/8 PFPiA PFPiA 7 1 3.56 (0.73) *

C8/8 PFPiA PFPiA 7 1 2.53 (0.80) *

6:2 FtSaB Zwitterionic 22 4 2.75 (1.12)

8:2 FtSaB Zwitterionic 5 1 4.14 (1.06)

10:2 FtSaB Zwitterionic 2 1 4.54 (0.34)

6:2 FtSaAm Cationic 1 1 5.93 (N.A.) *

PFOSB Zwitterionic 5 1 2.46 (0.76)

PFOAAmS Cationic 11 3 3.31 (0.50)

PFOAB Zwitterionic 11 3 2.30 (0.60)

AmPr-FHSA Cationic 10 1 3.26 (0.88)

TAmPr-FHSA Cationic 10 1 3.47 (1.10)

Table D.1: Summary of the total entries and references for each PFAS compound, with averaged
log KOC values (Equation D.2). Brackets indicate standard deviation; * marks outliers
excluded from training. N.A.: Not Applicable.
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d.4 : construction of a ml soil property imputer model based on knn

To address gaps in our dataset for soil properties, needed to predict PFAS sorption, we used
data from SoilGrids250m v2.0 (https://soilgrids.org/; Poggio et al., 2021) to develop a K-
nearest neighbor (KNN) imputation model (see A.3.2). The number of soils considered was
2,039, with information on soil pH,Corg, CEC, and soil texture for each sampling coordinate.
The soils were distributed worldwide, with a higher number of data entries for USA, South
America, and African soils (Figure D.1).
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Figure D.1: Distribution of the 2,039 soil sampling coordinates across the globe resulting from the
SoilGrids dataset.

The KNN imputer model allowed us to predict certain soil physicochemical properties
that were lacking in the Kd (PFAS) dataset, especially soil pH (≈ 4% of the total data was
imputed), CEC (≈ 20% of the total data was imputed), and sand (≈ 8% of the total data was
imputed), silt (≈ 8% of the total data was imputed), and clay (≈ 8% of the total data was
imputed) information. Corg was available for all accepted entries in Supplementary File 1
(download it from https://hydrogeochem.geo.uni-tuebingen.de/pfas).
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Figure D.2: Imputed soil- and PFAS-speci�c property ranges used for the model construction. The
histograms illustrate the distributions of various soil and PFAS properties, comparing
raw (orange) and imputed (blue) data. Statistical parameters (i.e., mean (�) and standard
deviation (�) of the populations) are displayed.
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Figure D.3: Distribution of PFAS entries for several organic carbon content (Corg) ranges. The
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Figure D.4: Soil texture visualization illustrating the distribution of soil samples based on relative
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d.5 : statistical tests used to assess log KOC distributions across dif-

ferent pfas subfamilies

A comprehensive statistical analysis was conducted to evaluate di�erences in log KOC pop-
ulations across various PFAS species, either by assessing the e�ect of the number of �uori-
nated carbons or the PFAS functionality. The statistical work�ow was designed to ensure
robust and precise comparisons, adhering to assumptions of normality and variance ho-
mogeneity wherever applicable. The �owchart of the statistical test selection process prior
to assessing the log KOC distributions is depicted in Figure D.5.

Shapiro-Wilk

Check Normality Check Variance

D’Agostino-Pearson

<8 samples ≥8 samples 

Levene’s Test

Games-HowellTukey Kruskal-Wallis + Dunn

Check Normality Criteria 

Criteria satisfied Criteria not satisfied

Equal Variance Not Equal Variance

Figure D.5: Flowchart of the statistical test selection process prior to assessing the log KOC distri-
butions.

Normality Assessment

The distribution of log KOC values within each group was evaluated depending on the
number of data entries (n). The Shapiro-Wilk (Shapiro & Wilk, 1965) test (conducted at
� = 0.05) was applied to the log KOC populations with n < 8 samples due to its reliability
for small datasets. Log KOC populations with n ≥ 8 were assessed using the D’Agostino-
Pearson test (D’Agostino & Pearson, 1973) (conducted at � = 0.05). Groups were deemed
normally distributed when p > 0.05.

Homogeneity of Variances

To determine whether the variances among log KOC populations were comparable, Lev-
ene’s test (Zimmerman, 2004) was applied (conducted at � = 0.05). A p > 0.05 outcome
from this test indicated equal variances across groups.

Statistical Testing Framework

Based on the results of both the normality and variance tests, appropriate statistical meth-
ods were selected. A one-way analysis of variance (ANOVA) combined with Tukey’s hon-
estly signi�cant di�erence (HSD) (Tukey, 1949) was conducted at � = 0.05 and applied

121



d.5 : statistical tests used to assess log KOC distributions across different pfas subfamilies

when all groups were normally distributed and had equal variances. The Welch’s ANOVA
(Welch, 1951) combined with the Games-Howell test (Games & Howell, 1976) was con-
ducted at � = 0.05 and applied when all groups were normally distributed but had un-
equal variances. The Kruskal-Wallis test (McKight & Najab, 2010) combined with Dunn’s
Test (Dinno, 2015) was conducted at � = 0.05 and applied when any group deviated from
normality. In all cases, groups with p ≥ 0.05were considered statistically indistinguishable
and were assigned the same alphabetical label.
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d.6 : comparison of model performance with other available tools

Our model’s predictive metrics were compared against other available Kd (PFAS) predic-
tive tools. EPISuite allows the derivation of KOC values (estimated based on KOW using
KOWWIN v1.68) with the only input requirement being the CAS number and SMILES
formula (Card et al., 2017). Therefore, it is a suitable �rst estimate to calculate Kd for any
soil/PFAS pair as:

Kd = KOC ⋅ fOC, (D.5)

where KOC [L kg OC−1] is the result of EPISuite prediction for the tested PFAS, and fOC
is the fraction of soil organic carbon [kg OC kg soil−1].
The thermodynamically-basedmechanisticmodel presented byHiggins and Luthy (2007)

was developed to predict the sorption of PFCA and PFSA in �ve sediments with fOC ≤ 10%

via both electrostatic and hydrophobic interactions with the organic matter (Higgins &
Luthy, 2007), as in Equation D.6:

Kd = fOC ⋅
Faccess ⋅ V̄W

�OC ⋅ V̄i
⋅ exp(−1) ⋅ exp( −

ΔGhyd,i − zi ⋅ F ⋅ΨD

(R ⋅ T ) ), (D.6)

where fOC is the fraction of soil organic carbon [kg OC kg soil−1], �OC is the organic
matter density [kg OC L OC−1], Faccess [-] is the fraction of organic matter accessible for
the sorbate i (Faccess ≈ 0.34), V̄W and V̄i are the molar volumes of water (0.018 L mol−1) and
sorbate, respectively, ΔGhyd,i [KJ mol−1] is the hydrophobic free energy change in sorption
for the sorbate i, zi [C] is the charge of the sorbate, F is the Faraday constant [C mol−1],
ΨD is the organic matter’s electrostatic potential [V], R is the universal gas constant [J K−1

mol−1], and T is temperature [K].
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Fabregat-Palau and coworkers (Fabregat-Palau et al., 2021) developed amodel applicable
to any soil type to predict Kd values for PFCA and PFSA with a number of �uorinated
carbons ranging 3–11 based on independent interactions of PFASwith soilCorg andmineral
(i.e., silt and clay fractions) domains, as in Equation D.7:

Kd = KOC ⋅ fOC + KMIN ⋅ fMIN = 10(0.47⋅CF2−0.70) ⋅ fOC + 10(0.32⋅CF2−1.70) ⋅ fS+C , (D.7)

whereKMIN is themineral-normalized sorption coe�cient [L kg reactivemineral fraction−1]
and fS+C is the fraction of reactive mineral fraction [kg silt+clay kg soil−1].

Knight and coworkers (Knight et al., 2019) developed a Kd (PFOA) model after run-
ning a multiple linear regression to 100 soils with fOC ≤ 3.5%, pH ranging 4.9–8.6, and
silt+clay contents ranging 5–88%. These property ranges, therefore, set the model applica-
bility range, which according to our data assessment had the following form:

Kd,PFOA = −0.52 ⋅ pH + 3.2 ⋅ Corg + 0.04 ⋅ (silt + clay) + 5.75, (D.8)

where pH [-], Corg [%], and silt + clay [%] are the soil physicochemical properties.
Umeh and coworkers (Umeh et al., 2021) developed a Kd (PFOS) model based on an

arti�cial neural network trained on sorption data from 114 soils of contrasting properties
but limited to soils with fOC ≤ 10%. While their model did not contain an explicit equation,
they developed an online platform to predict Kd (PFOS).
Similarly, Xie and coworkers (Xie et al., 2024) recently developed a Kd (PFAS) predic-

tion model based on the application of random forest machine learning approaches to a
Kd (PFAS) dataset covering a wide range of PFAS (including PFCA, PFSA, FTS, FOSA, and
other novel PFAS) and soil properties. Unfortunately, their model did not contain an ex-
plicit equation, nor provided a platform to test the model.

Table D.2 summarizes some of the reported metrics in each study, where we additionally
include the prediction of our model and additional prediction metrics originating from
EPISuite (Equation D.5):

Model Type of Validation
Number of

Validation Data
RPD

Explained

Variance

(%)

EPISuite (This study) Independent test set (20% of the total) 231 1.33 44

Higgins and Luthy, 2006 Independent test set (100% of the total) ≈ 80 N.A. 93

Fabregat-Palau et al., 2021 Independent test set (33% of the total) 121 1.88 76

Knight et al., 2019 95% of their own training set 95 1.83 62

Umeh et al., 2021 Cross-validation of their own dataset 114 N.A. 84

Xie et al., 2024 Cross-validation of their own dataset 2,328 N.A. 93

PSSM * (This study) Independent test set (20% of the total) 231 3.13 89

Note: N.A. Not Available; *:PFAS Sorption Stacking Model

Table D.2: Reported metrics evaluating the performance for di�erent Kd (PFAS) prediction tools.

Based on the metrics listed in TableD.2, our model outperformed the prediction quality
of other currently available tools, as exempli�ed by the highest RPD value across studies
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and with a higher explained variability. Furthermore, the good prediction of Kd (PFAS)
data originating from various studies and obtained under various batch conditions (i.e.,
di�ering nature of the contact solution) over those studies assessing sorption for speci�c
PFAS under certain constant batch conditions (e.g., Knight et al., 2019 and Umeh et al.,
2021) highlights the broader applicability of our model.

Figure D.18 exempli�es the prediction of our test set for three of the tools listed in Table
D.2: EPISuite, Fabregat-Palau et al., 2021, and our developed PSSM. EPISuite and PSSM
predictions were examined across the overall test set, while predictions from Fabregat-
Palau et al., 2021, were only applied to the test set for those PFCA and PFSA species with
�uorinated carbon numbers ranging from 3 to 11.
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Figure D.18: Assessment of di�erent models (i.e., EPISuite, Fabregat-Palau et al., 2021, and PSSM)
based on our test set.

As displayed in Figure D.18, the prediction accuracy originating from EPISuite was the
lowest (i.e., 44% of the data variability explained, RPD = 1.3, n = 243, p < 0.001), likely due
to Kd (PFAS) output relying only on KOC and fOC values. Despite being useful for an early
estimation, EPISuite output does not consider the sorption in reactive mineral fractions,
which may be relevant for soils with low Corg and especially for compounds such as short-
chain PFCA and cationic and zwitterionic PFAS (Fabregat-Palau et al., 2021, 2024).

Fabregat-Palau et al., 2021 addressed this issue by including these reactive mineral (i.e.,
silt and clay) fractions, thus achieving a better prediction performance (i.e., 68% of the data
variability explained, RPD = 1.7, n = 178, p < 0.001) for the PFCA and PFSA species with
�uorinated carbon numbers ranging from 3 to 11. Nonetheless, the developedmodel, which
was built upon linear relationships between KOC and KMIN with the number of �uorinated
carbons of the PFAS, did not include the e�ect of other properties (e.g., pH) in sorption or
potential non-linear relationship among variables.
The PSSM model addresses this by upgrading the pool of PFAS and including other

soil properties beyond Corg and reactive mineral fractions, which are modeled through
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d.7 : additional geospatial Kd (pfas) maps

non-linear approaches typical in ML, allowing the prediction performance of the overall
dataset to rise (i.e., 90% of the data variability explained, RPD = 3.2, n = 243, p < 0.001).

d.7 : additional geospatial Kd (pfas) maps

The PSSM model developed in this study was applied to each sampling location of the top-
soil LUCAS 2009 repository data for European soils (European Soil Data Centre (ESDAC),
https://esdac.jrc.ec.europa.eu/content/lucas-2009-topsoil-data) that had available informa-
tion for all the model input parameters required (i.e., pH, Corg, CEC, sand, silt, and clay
contents). The total number of soil data points was 21,904.
The soil characteristics of the dataset were preliminarily screened (Figure D.19). Corg

was generally low (≤ 5%) across southern Europe but increased (≥ 20%) in some regions of
northern Europe and the Scandinavian Peninsula. CEC showed a similar pattern to Corg,
with values generally spanning 10–40 cmol+ kg−1. Soil pH across central and southern
Europe showed slightly alkaline conditions (i.e., pH ≈ 7–9), but had acidic conditions (i.e.,
pH ≈ 4–6) in northern Europe, Portugal, and the Scandinavian Peninsula. Regarding soil
textural information, central European soils displayed higher silt contents (i.e., ≈40–80%).
Clay contents were generally low (i.e., <40%) but increased (i.e., ≈50–80%) in Southeast
Europe. Sand contents generally ranged 10–40% in central Europe but increased to contents
>60% in countries like Denmark, northern Germany, and Poland.
The developed PSSM is able to produce geospatial sorption information for PFAS. As

an example, we display the outcomes for four PFAS compounds (i.e., TFA (Figure D.20),
PFOA (Figure D.21), PFOS (Figure D.22), and PFOSB (Figure D.23)), although the end-user
is able to access the geospatial Kd information for all 47 PFAS included in the model by
using PFASorptionML at https://hydrogeochem.geo.uni-tuebingen.de.
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Figure D.19: Geospatial characteristics of the European soils.
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d.7 : additional geospatial Kd (pfas) maps

As observed in Figure D.20, the Kd values for TFA were low (≈ 0.3 L kg−1) across Europe,
indicating very low retention in soil and high mobility to the groundwater table, although
higher values (≈ 10 L kg−1) are observed in some regions of the Scandinavian Peninsula,
likely as a result of higher Corg and acidic soil characteristics. TFA is considered a very per-
sistent and very mobile (vPvM) substance that has been increasing in concentration within
diverse environmental media including rain and drinking water, with concentrations one
order of magnitude higher than those of other PFAS (Arp et al., 2024). Our geospatial Kd

(TFA) distribution demonstrates the vulnerability of European groundwater towards TFA
leaching resulting from rain and application in topsoil.
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Figure D.20: Predicted log Kd values for TFA across Europe using the PSSM model based on soil
properties from the LUCAS 2009 repository.

Regarding PFOA, Kd values spanning ≈3–30 L kg
−1 may be anticipated across European

soils according to its properties (Figure D.21). These values suggest a low to moderate
sorption to soil particles and, therefore, di�ering mobility in seepage water. Of relevance
are some regions in northern France, Belgium, Denmark, the Netherlands, and north-west
Germany, which display relatively low Kd (PFOA) (≈ 3 L kg−1), and therefore lower retar-
dation to the groundwater table. Higher PFAS concentrations are expected in topsoil in
these regions due to the presence of multiple PFAS hotspots (Moghadasi et al., 2023).
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Figure D.21: Predicted log Kd values for PFOA across Europe using the PSSM model based on soil
properties from the LUCAS 2009 repository.

Regarding PFOS, Kd values ranging from≈10 to≈200 L kg−1 are anticipated across Euro-
pean soils (Figure D.22), indicating higher retardation to the groundwater table than that
expected for PFOA due to stronger sorption to soil particles. Geospatial Kd (PFOS) predic-
tions agree with those observed for PFOA, highlighting a potential threat to groundwater
from northern France, Belgium, Denmark, Netherlands, and northwest Germany, where
higher PFAS concentrations are expected in topsoil due to the presence of multiple PFAS
hotspots (Moghadasi et al., 2023).
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Figure D.22: Predicted log Kd values for PFOS across Europe using the PSSM model based on soil
properties from the LUCAS 2009 repository.

Regarding PFOSB, selected here as a representative Betaine compound, predicted Kd

values across European soils span ≈2 to 200 L kg−1 (Figure D.23). Sorption geospatial dis-
tribution di�ers from that observed for TFA, PFOA, and PFOS, with higher values observed
in Central Europe and the Scandinavian Peninsula. PFOSB, as well as other Betaine-like
PFAS, composes the majority of the PFAS burden at AFFF-impacted sites Schüßler et al.,
2024. The higher sorption of PFOSB in locations of Central Europe, which generally have
soils with slight alkalinity and relatively higher abundances of silt and clay fractions (see
Figure D.19), may result from the electrostatic interaction between the cationic group of
PFOSB species and the negatively charged clay surfaces (Barzen-Hanson et al., 2017). On
the other hand, the higher sorption observed in the Scandinavian Peninsula may result
from the higher amount of Corg in the soil, with an implicit higher CEC and therefore
a higher number of sorption sites able to interact with PFOSB through cation exchange
mechanisms (Barzen-Hanson et al., 2017; Fabregat-Palau et al., 2024).
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Figure D.23: Predicted log Kd values for PFOSB across Europe using the PSSM model based on soil
properties from the LUCAS 2009 repository.
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