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ARTICLE INFO ABSTRACT

Keywords: Due to the implications of poly- and perfluoroalkyl substances (PFAS) on the environment and public health,
PFAS Removal great attention has been recently made to finding innovative materials and methods for PFAS removal. In this
Adsorbent

work, PFAS is considered universal contamination which can be found in many wastewater streams. Conven-
tional materials and processes used to remove and degrade PFAS do not have enough competence to address the
issue particularly when it comes to eliminating short-chain PFAS. This is mainly due to the large number of
complex parameters that are involved in both material and process designs. Here, we took the advantage of
artificial intelligence to introduce a model (XGBoost) in which material and process factors are considered
simultaneously. This research applies a machine learning approach using data collected from reported articles to
predict the PFAS removal factors. The XGBoost modeling provided accurate adsorption capacity, equilibrium,
and removal estimates with the ability to predict the adsorption mechanisms. The performance comparison of
adsorbents and the role of Al in one dominant are studied and reviewed for the first time, even though many
studies have been carried out to develop PFAS removal through various adsorption methods such as ion ex-
change, nanofiltration, and activated carbon (AC). The model showed that pH is the most effective parameter to
predict PFAS removal. The proposed model in this work can be extended for other micropollutants and can be
used as a basic framework for future adsorbent design and process optimization.

Machine learning
Wastewater treatment
Artificial intelligence

(Dolatabadi and Ahmadzadeh, 2019), and chemical stability, have a
1. Introduction variety of applications in industries, including paper production, fire-
fighting foams, waxes, and drink can-lining materials, wrapping mate-
rials, food, and non-stick cookware. Additionally, PFASs are used widely
in the textile, carpet, and leather treatment industries (Bolan et al.,
2021; Liu et al., 2020).

Perfluoroalkyl and polyfluoroalkyl are water soluble due to their
hydrophilic head. Strong carbon-fluorine covalent bonds are formed by
replacing hydrogen atoms with fluorine atoms in alkyl chains. Per-

fluorooctane sulfonate (PFOS) and poly and perfluorinated alkyl sub- Global research demonstrates that PFAS disposal to the environment
stances (PFASs), known as long-chain PFAS, have been used more than pollutes groundwater, aquatic environment, soil, and landfills (Liu et al.,
other types of PFAS (Hassan et al., 2020). A significant amount of PFASs 2020). Generally leads to tragic consequences on plants, animals, and
production is related to Perfluorooctane sulfonate (PFOS), Per- humans, for example showing toxic effects on the growth and repro-
fluorooctanoic acid (PFOA), and Perfluorohexane sulfonate (PFHxS) duction of rodents and causing cancer in mice (Zhao et al., 2016).

(Holmquist et al., 2020). PFASs, due to their high thermal, biological PFASs are persistent and non-degradable chemicals, therefore,
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Acronyms

PFAS perfluorinated alkyl substances
PFHxS  Perfluorohexane sulfonate
PFOS Perfluorooctane sulfonate
PFOA Perfluorooctanoic acid

GAC Granular activated carbon

MI machine learning

NF nanofiltration

RO reverse 0Smosis

Al artificial intelligence

QSAR quantitative structure-activity relationship
MNN multitask neural network
AFFF aqueous film-forming foam

IX ion exchange

AC activated carbon

RMSE root-mean-squared-error

BAC Bamboo-derived activated carbon
SHAP Shapley additive explanations
AUC area under the curve

PAC powder activated carbon

C-F Carbon-fluorine

remain in the environment for a long time. Furthermore, concerns about
human and wildlife’s health have increased in recent years, meaning
that in addition to the inevitable effects on the human immune and
thyroid system, there are pieces of evidence of serious health problems
like the presence of harmful substances in the serum of living organisms
(Bolan et al., 2021). Based on recent studies, people who are highly
exposed to PFAS have a higher risk of death from Covid-19 than others
in their community for various reasons, including weakened immune
systems and lung tissue disease-related to PFASs (Catelan et al., 2021;
Radfar et al., 2021).

Given the disposal of effluent and industrial wastewater to water
sources, potable water is one of the most significant sources that are
prone to contamination by PFASs. According to recent studies, ordinary
water, and wastewater treatment methods, including sand ozonation,
chlorination, and aeration, were not effective in removing PFAS. Other
methods such as granular activated carbon (GAC) filtration, reverse
osmosis (RO), nanofiltration (NF), advanced oxidation, and ion ex-
change have also been used to remove PFASs, which showed potential
for PFAS removal. Many factors should be considered for choosing an
appropriate water treatment method, such as long-term and high-
performance efficiency, stability, and eco-friendly (Dolatabadi et al.,
2021; Dolatabadi et al., 2021; Domingo and Nadal, 2019).

In recent years, (ML) and artificial intelligence (AI) in water and
wastewater treatment have been employed to improve system perfor-
mance (Li et al., 2021). AI can be defined as the machine’s ability to
reason, solve problems, understand, interpret, learn, communicate, and
achieve goals as a skilled person in a particular field (Leo Kumar 2017).
Al will play a significant role in technology and science and is used in
water industries. ML, expert systems, fuzzy logic, robotics, and natural
language processing are the six of the most vital areas in which Al is
being used. The most widely used subsets in the water industry are ML,
deep learning, and fuzzy logic (Leo Kumar 2017; Singh and Gupta,
2012). To assist plant operators, decision support systems adapted in
plants for supporting operators utilize Al and non-Al based technologies
to control and monitor operations. In other words, Al technologies are
used in various process sections, including control, simulation, opera-
tion and maintenance, troubleshooting, and training (Uraikul et al.,
2007).

Al has emerged as a beneficial implement for efficiently diagnosing
and treating PFAS. A recent study has proposed an effective removal
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strategy for PFAS compounds and C-F bond evaluation based on an
automated ML algorithm, which is more precise, user-friendly, and
faster than manual processing. Reza et al. (Raza et al., 2019) exhibited
precise prediction for dissociation energies of C-F bond through
different ML algorithms such as least-absolute shrinkage, random forest,
feed-forward neural networks, and selection operator regression with a
significant saving in time and cost. They also asserted that training the
data takes a few minutes, and less than 1 s is needed to predict the C — F
bond dissociation energy (Raza et al., 2019). Since bioactivity is one of
the potential hazards of PFAS, Cheng et al. (Cheng and Ng, 2019) have
used ML-based quantitative structure-activity relationship (QSAR)
models to predict \ the range of PFASs bioactivity. The author’s trained
new ML models, including conventional models like logistic regression
and multitask neural network (MNN) and advanced graph-based models
like weave models. Graph-based models and MNN achieved the best
results. Kibbey et al. (Kibbey, Jabrzemski & O’Carroll, 2020) employed
supervised ML to measure samples and recognize the source of PFAS
components. Supervised ML algorithms use labeled training data to
predict classes in the new test data. Of the four types of supervised MLs,
one is the multilayer perceptron deep neural network. The rest are the
common classifications of ML which are extremely-randomized trees,
support vector machines, and K-neighbors. While these classifications
work on completely different assumptions, they offer similar pre-
dictions, thus hypothesizing that patterns in the data can be used to
identify the source of PFAS (Kibbey, Jabrzemski & O’Carroll, 2020). In
subsequent studies, Kibby et al. (Kibbey, Jabrzemski & O’Carroll, 2021)
examined data on an extensive set of samples from various sources to
explore diverse pre-processing variables and the influence of feature
selection on the classification of performances. In this set, 12 classifi-
cation algorithms, including 11 conventional classification algorithms
and a bunch of deep neural networks, were studied to allocate PFAS
formulation in water samples, asserting the distinction between aqueous
film-forming foam (AFFF) and non-AFFF compounds. Therefore, PFAS
sources can be identified by combining supervised machine acquisition
with PFAS sources (Kibbey, Jabrzemski & O’Carroll, 2021). Su et al. (Su
& Rajan 2021) developed a database framework to discover systematics
in structure-function relationships together with novel PFAS chemis-
tries. The data framework maps are attributed to the SMILES stan-
dardization approach of encoding molecular structure with bioactivity
and physicochemical property of PFAS. The PFAS map is an unsuper-
vised tool to arrange new chemistries matching with the current prop-
erties of PFAS classification (Su & Rajan 2021).

ML usually involves automated computational procedures based on
logical or binary operations and learns a task from a number of exam-
ples. Machine learning aims to produce simple, uncomplicated phrases
categorized so that humans can easily understand them. They provide
intuition into the decision-making process by imitating human
reasoning. Like statistical approaches, the development of background
knowledge is extracted, but it should be noted that it is assumed that
humans are not involved in this operation (Machine learning, neural and
statistical classification 1995).

In previous studies, engineers utilize Al for each process to improve
their performance and safety, thus reducing maintenance costs and
allowing the system to operate in more challenging conditions, however
up to this point, no detailed studies have been conducted on material
selection and discovery using AI (Merayo et al., 2019).

Although numerous types of research have been conducted to
develop PFAS removal through various methods such as adsorption, ion
exchange, nanofiltration, and AC, only a few prior researches have used
ML methods for PFAS and environmental processes. Akber et al. applied
machine learning to predict C-F bond dissociation energies and used
theoretical data to predict them. They managed to classify and ratio-
nalize chemical trends in PFAS structures by their ML algorithm. Zhonge
et al. have studied the importance of ML applications in data gathering
in environmental science and engineering in future studies. (Raza et al.,
2019; Sun, Fan & Bai). However, it is for the first time in this paper that
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Fig. 1. Modeling and interpretation flowchart which used in this study.

the performance comparison of adsorbents, the function of Al, and
different materials are studied and reviewed simultaneously; in other
words, the combination of process and material contribution in PFAs
removal are studied. In this work, we intend to study adsorbents’ per-
formances using ML models to improve material selection process for
PFAS removal with the help of experimental data published in literature.

2. Modeling workflow

XGBoost (eXtreme Gradient Boosting), a popular type of shallow
learning, was used in this study to predict PFAS removal by different
adsorbents because of its advantages. Although deep learning models
have demonstrated good performance in a wide range of variable situ-
ations, XGBoost is less prone to overfitting with a limited dataset and has
lower processing requirements than deep learning (Jeong et al., 2021).
ML techniques like XGBoost, which can manage missing information
without the need for imputation pre-processing, are frequently utilized
for classifying issues (Rusdah and Murfi, 2020). Compared to deep
learning models, our study objectives and dataset do not require the
extraction of larger data sets.

The XGBoost model, a scalable tree boosting method, is commonly
utilized for data mining.

XGBoost is an enhanced gradient boosting algorithm that transforms
many weak learners (decision trees) into strong learners. Fig. 1 dem-
onstrates the workflow of the proposed framework. The figure shows
that the data is being split into train/test sets at each iteration based on
the given test size. The feature transformation step contains the feature
encoding for categorical variables, feature standardization and scaling,
and imputation of the null values. The feature transformer object is
being trained only on the training set to ensure that the chance of data
leak is zero. Then, the transformed data is passed to hyper-parameter
tuning. Various methods include exhaustive grid-search, random
search, and Bayesian optimization. In grid-search, all the possible
combinations of the specified hyper-parameters will be checked. At the
same time, the main idea of random search and a fixed number of the
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hyper-parameter grid can be sampled from the specified distributions. In
principle, the learning slope will be positive. At the same time, similar
outcomes would not be replicated, considering that employing exhaus-
tive grid-search requires large enough computational time. Knowing
specific regions for each hyper-parameter can help us ignore part of the
search space. This solution is possible using Gaussian Process models for
each new hyper-parameter combination.

The main assumption of Gaussian processes is that similar inputs give
similar outputs, which can be used as an effective prior for the hyper-
parameters tuning process. This weak prior is the basis of Bayesian
optimization. Bayesian optimization is a constrained global optimiza-
tion approach built upon Bayesian inference and Gaussian process
models to find the maximum value of an unknown function in the most
efficient ways (i.e. Fewer iterations) (Tahmassebi and Smith, 2021). The
hyper-parameter tuning object is trained only on the training set, like
features transformation. Therefore, all the components to train a model
are ready. However, the main issue is to challenge the reliability of the
trained model, considering the small sized database. Thus, a general-
ization pipeline is included in the proposed framework to validate the
model’s reliability by permuting the train/test data. The train/test split
processcan be randomized by producing new random seed. For example,
the process in the generalization workflow is repeated100 times. At each
iteration, a new random seed is created (new random seed = random
seed x iteration number) to split the data into train/test sets considering
the test size as 10% of the data; to maximize the possibility of the
coverage of the whole data in train/test sets. For each trained model,
regression metrics such as coefficient of determination (R?) can be
calculated based on the testing set which comes from a unique random
seed. For instance, for 100 iterations, 100 models are generated, and
each model can be validated over its testing set using a regression
metric. Therefore, an array of metric values of size 100 is produced,
which can be used for statistical significance tests and confidence in-
tervals (as shown in train/test histograms) for each target. In this way,
we can consider statistics and, specifically, the central limit theorem to
obtain the confidence intervals attached to each inference result and
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Table 1
Input and output parameters for data collection.
Input/Output Mean Maximum Minimum Standard
Parameters value value deviation
Particle size (nm) 332257.5 1000000 100 +454953.2
Initial concentration 3376.129 100000 10 +14966.88
of adsorbent (mg.
LY
Initial concentration 550.5556 5000 10 +1022.28
of PFAS (mg. LY
Temperature (°C) 25.52991 70 20 +4.656716
pH 5.940427 10.3 2.3 +1.803938
Carbon chain 7.598291 11 2 +1.212892
Equiliuburm time (h) 230.856 9312 0.016 +1012.786
(output)
Adsorption capacity 379.9393 3067 0.0014 +605.9524
(mg. g™") (output)
Removal efficiency 66.18184 100 0.9 31.64933

(%) (output)

reduce the possibility of stochastic effects. The pipeline design is model
agnostic. In better words, any ML algorithm, including linear regression,
support vector machines, decision trees, neural networks, or any
ensemble method including Gradient boosting or random forest, can be
employed as the primary training model. It depends on the use-case and
data quality to choose the appropriate ML algorithm as the main model
of the pipeline. In this paper, since we are dealing with short-skinny data
(<500 observations and <15 features) and boosting algorithms perform
better in this type of problem, the XGBoost algorithm was selected as the
main algorithm. Boosting algorithms try to learn the observations that
are harder to be learnt during multiple iterations (boosting rounds),
considering the total number of observations is limited. Therefore, the
chances are higher that the final model can predict the rare cases better
(Chen et al., 2015; Tahmassebi et al., 2022). It should be noted that most
of the steps in our proposed workflow are problem agnostic; therefore, it
can be applied to any engineering problem (Tahmassebi et al., 2022). In
principle, training an ML model for tubular data (like our data) mostly
depends on how the data pre-processing and feature transformation
steps were done. The more salient features are passed to the pipeline, the
better results we can expect. This is also recently addressed in a great
study by Scikit-Learn authors (Grinsztajn et al., 2022).

3. Data collection

A necessary step in ML is data gathering by analyzing which ML
algorithm enables the best representation to the most complex prob-
lems. To build our model, 64 reports published from 2008 to 2021 were
selected. In some of these articles, the authors studied more than one
PFAS type; therefore, a total of 234 PFASs from those 64 papers were
selected for training and testing our AI models. The collected data were
used to analyze the adsorption capacity and removal percentage of
different absorbents to find out the most appropriate adsorbent material.

To obtain the reference papers, keywords such as perfluoro octane
sulfonate, polyfluoroalkyl sulfonate, removal, anion-exchange, and
adsorption were used to search in Elsevier Scopus and Google Scholar.

After identifying the final works, various parameters were collected
from each article, including adsorbent type, adsorbent concentration,
average adsorbent particle size, PFAS type, PFAS initial concentration,
pH, temperature, and equilibrium time, removal percentage. Percentage
distribution and scatter plots were created for the extracted data that is
collected in an Excel file before analysis and evaluation. The adsorbents
used in the studies were classified based on their chemical component
characteristics into 8 groups carbon family (materials within AC
groups), resins, membrane, polymer (nanotubes and nanofibers with
polymeric material base), clay, salt, MOF, and metal oxide.

In this study, missing removal percentage data (those not available in
articles) were calculated from pure adsorption capacity data (Equations

Environmental Research 215 (2022) 114286

o, 3.4%
4.7% 3% .

35.9%

15%

Resin

3.4% Carbon Family
Clay

MOF
Membrane
Metal Oxide
Polymer

Salt

Fig. 2. Percentage of available data for different adsorbents such as clay,
membrane, metal oxide, metal-organic framework, polymer, salt, resin, and
carbon family.

(1) and (2)).

Removal efficiency % = (COC;Q) x 100 (€8]
0

Adsorption capacity q. :M (2)
m

Cp and C, are the initial concentration and equilibrium of adsorbent
(mg. L’l), respectively, V is the volume of the solution (L), and m is the
adsorbent mass (g).

These data sets can be shared upon a request using a material-
transfer agreement. Table 1 shows the minimum, maximum value,
mean and standard deviation data according to the model parameters.

A pie chart was prepared to display the distribution of some pa-
rameters such as adsorbent types, particle size, PFAS initial concentra-
tion, and initial adsorbent concentration in the sorption process
throughout the literature. Although the specific surface area is the key
factor in the adsorption process, it was not included in the above pa-
rameters because of a lack of data. A few papers have stated surface area
for adsorbent, while particle size was more available. Therefore, particle
size has been chosen instead of surface area because these two param-
eters are inversely proportional; a smaller particle size results in more
surface (Sun, Fan & Bai). As presented in Fig. 2, various types of ion
exchange (IX) resins and carbon family data are available in experi-
mental studies published in recent years compared to other adsorbents.
Because of its efficacy, ease of operation, available exchange capacities,
compact footprint, and regeneration characteristics, IX resin has
received more attention than the other adsorbents (Liu et al., 2015;
Zhang et al., 2021). Several studies have investigated the adsorption of
PFOS and PFOA on ACs generated from natural or chemical sources via
chemical or physical activation processes. Furthermore, AC was widely
used to remove organic and inorganic contaminants from wastewater
and drinking water due to its tunable textural properties and the pos-
sibility of decorating various chemical groups on its surface (25-27).

4. Results and discussions

Fig. 3a shows that AC and resin adsorption capacity distributions
vary from 0.0014 to 3067 mg. g~ while metal oxide-based adsorbents
showed the lowest adsorption capacity of around 0.007 mg. g~ *. Ac-
cording to Figure (3), IRA67 has the highest adsorption capacity with
3067 mg/g at an initial concentration of 100 mg.L ™ PFOS at PH = 3 and
25 oC after 48 h compared to other resins. IRA67 is a polyacrylic gel-type
resin with a tertiary amine group, and its particle size is 16-50 mesh (Du
et al., 2015). Also, PFOS is described as a long-chained PFAS because of
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Fig. 3. (a) Adsorption capacity of different adsorbent, (b) Equilibrium time of
different adsorption, and (c) Removal of PFAS on different adsorbent for short
and long-chain PFAS the initial concentration of adsorbent from 10 mg. L™* to
100000 mg. L™}, temperature 25 °C.

the 8 carbons on its chain.

The higher performance of IX resins and AC might be related to the
resin properties such as polymer matrix (acrylic vs. styrene), pore
structure (gel-based or macroporous), and functional groups (quater-
nary ammonium or tertiary ammonium), which affect not only the
adsorption capacity but also the adsorption rate (12). As presented in
Fig. 3 (b), the equilibrium time for ACs is less than IX resins, suggesting a
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higher adsorption rate or lower surface area for AC than IX resins. This
feature can also be attributed to their textural properties, improving
surface-to-volume ratio, thus lowering equilibrium time.

Qu et al. showed that maximum adsorption occurs during the first
hour; in this stage, 90% of the PFOA was adsorbed because the surface is
free, and the reaction proceeds at a fast rate (Qu et al., 2009) Pramanik
etal. investigated the effect of contact time; it was shown that ACled to a
more significant reduction of PFOS and PFOA by increasing contact
time. This reduction was more prominent for PFOA than PFOS. This was
likely due to the higher solubility of PFOA and the degree of attraction
by water molecules, which are prevented from making bonding links
with the carbon surface (Pramanik et al., 2015)

The removal percentage from various adsorbents is summarized in
Fig. 3 (c). The adsorption capacity of different resins and ACs is rela-
tively higher than other adsorbents such as MOF, clay, metal oxide,
polymer, salt, and polymeric membranes. Additional factors, including
temperature, pH, adsorbent dosage, contact time, and textural proper-
ties, can affect the PFASs adsorption onto AC and IX resins. Table 2
depicts the minimum and maximum output parameters based on
different adsorbents.

4.1. XGBoost model for PFAS removal predictions

Data is separated into test and train sets for each output parameter,
with 80% of the data utilized for training and 20% for testing. Bayesian
optimization was used to choose the hyper-parameters of the trained
XGBoost model. Fig. 4 represents the development of the root-mean-
squared-error (RMSE) as the selected evaluation measure for both the
testing and training sets throughout the number of boosting rounds. As
proved, the RMSE values for both training and testing sets decrease as
the number of boosting cycles increases. This fact establishes the
training model as a reasonably fitted model, eliminating any possibility
of overfitting.

4.2. Performance of XGBoost model in predicting PFAS removal

The contribution of features to the training process is among the
most critical aspects of any training model. It may be used to determine
the relative relevance of different characteristics in a trained model.
Fig. 5 shows the trained model’s feature significance based on the Total
Gain. Among the features presented in Fig. 5, those with the most sig-
nificant Total Gian influence the PFAS removal prediction. In general,
total gain refers to a feature’s overall improvement in an evaluation
measure (RMSE in this case) compared to all other elements on the
sections it is on.

As shown in Fig. 5, pH has the most significant influence on the
model, with a total gain of more than 3.19, 10.26, and 1.47 that of
particle size for adsorption, equilibrium time, and removal, respectively
the model’s next most important characteristic. The first most influential
factor is pH followed by particle size (Fig. 5a), type 2 (resin and carbon
chain), followed by type 3 (MOF) and type 1(metal oxide, salt, and
polymer), initial concentration of adsorbent and PFAS, carbon-chain,
temperature and finally kinetic of model for adsorption capacity. In
Fig. 5b, the first important parameter is pH; the second one is particle
size, followed by type 2 (metal oxide, membrane, polymer, and salt),
carbon-chain, type 4 (MOF, Carbon family), initial concentration of
adsorbent, and PFAS, type 3 (resin), type 1 (clay), temperature and ki-
netic models. In Fig. 5c, the result shows pH and particle size still are the
most significant parameters on PFAS removal. The impact of initial
concentrations of adsorbent and PFAS are roughly the same on the PFAS
removal. It should point out here that the effect of type 3 (carbon family,
membrane), type 4 (resin, clay), carbon-chain, and type 2 (polymer,
salt) on the PFAS removal are similar. The contribution of typel(MOF)
and temperature and kinetic of the model is also similar.

Overall, pH and particle size predominate PFAS removal, while the
kinetics of adsorption and temperature does not play an essential role in
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Table 2
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Minimum and maximum output parameters of different adsorbents used for PFAS removal.

Adsorbent Maximum adsorption Minimum adsorption Maximum Minimum Maximum removal Minimum removal
capacity capacity equilibrium time equilibrium time efficiency efficiency

Membrane - - 50 0.33 99.3 86

Resin 3066 43.7 168 1 100 8

Clay 344.8 146.27 32 24 99 99

Carbon 343.782 0.03 168 4 99 27.6
family

MOF 734.7 0.17 186 0.016 100 38.6

Polymer 1667.8 460 40 4 83.16 37.42

Metal oxide 5.3 0.007 504 4 80 17

Salt 4.975 0.155 0.083 0.083 99.5 3.1

prediction. The type of adsorbent, especially carbon family and resin,
could be crucial features in the adsorption capacity; in contrast, for PFAS
removal percentage, the initial concentration of adsorbent and PFAS are
more dominant parameters.

4.2.1. Effect of pH on the PFAS removal

The pH of solutions has shown a significant impact on various PFASs
removal. PFOS and PFOA dissociate totally in temperatures lower than
25 °C. The PFOS acid dissociation constant (pKa) is 3.27, while pKa for
PFOA falls in the range of 0.5-3.8. In a solution with a pH ranging from
3.0 to 11.0, PFOS has mostly existed in anionic forms. The effect of pH
on PFOS adsorption is notable, and at pH below 6, PFOS adsorbed was at
a high rate while its adsorption slowed down at pH above 6. For
example, the PFOS and PFOA equilibrium adsorption capacities reduced
from 0.85 to 0.60 mmol. g~* with the increase of the pH from 2.0 to 10.0
(Deng et al., 2015; Pramanik et al., 2015; Qian et al., 2017).

To keep the charge balanced, a cation must join any PFOS anions that
adsorb without moving a chloride ion. This process may be aided by
increasing the concentration of H" in the aqueous phase. As a result of
the electrostatic contact (attraction) between the anionic PFOA/PFOS
and the protonated amine groups, the enhanced adsorptions of PFOS
and PFOA were feasible.

At pH over 6, however, only the quaternary ammonium cation may
impact PFOS and PFOA sorption via anion exchange, leading to depro-
tonation of tertiary amine groups, resulting in continuous adsorption at
the remarkably high pH solution. (Schepelina and Zharov, 2008).

The best PFOS adsorption function of IRA67 as an adsorbent has
occurred at pH = 3.0 (Pan et al. 2008, 2009). When solution pH is above
10.0, the adsorption capacity on IRA67 decreases significantly as amine
groups on the resin had deprotonated and converted into the base form;
therefore, their anion exchangeability had been reduced, indicating that
anion exchange was the main factor of adsorption (Pan et al. 2008,
2009). Since the adsorption capacity did not decrease to zero when the
pH was high, electrostatic adsorption was not the only adsorption
mechanism (Dolatabadi et al., 2020). Isotherm observations indicated
other mechanisms involved in the adsorption process. At pH higher than
10.0, micelles or hemi-micelles formation could be another mechanism,
however, with the rise in pH, the formation is reduced. Hydrophobic
interaction was also involved in the adsorption, and at high pH, it has
been the primary adsorption mechanism (Gao et al., 2017; Pan et al.,
2009).

Studies on AC revealed that significant H" congregate at the AC-
water interface at low pH. The AC surface was positive, which magni-
fied electrostatic interplays with the PFOS anions, promoting the
adsorption of PFOS at the AC-water interface. Conversely, the positive
interface between AC and water continuously became neutral or nega-
tive while increasing the pH. The electrostatic interaction changed from
attraction to repulsion between the AC and PFOS surfaces, dropping the
adsorption capacity of PFOS (Deng et al., 2015; Meng et al., 2019; Zhao
et al., 2011).

Studies on the adsorption of activated carbons under acidic and basic
conditions revealed that adsorption was more favorable in acidic

solutions (@ pH 4.0) than basic solutions (@ pH 9.0). The accessible
area of adsorbent in acid media was remarkably higher than the sorption
of PFOA and PFOS in the basic media. A higher tendency that causes an
increase in electrostatic attraction between adsorbate and adsorbent is
likely to elucidate the sorption difference at lower pH. Also, it was
concluded that the abundance of OH™ ions in the basic media could limit
the diffusion of organic molecules onto the active sites present on the
surface of activated carbons; as a result, the chances of adsorption are
reduced (Fagbayigbo et al., 2017).

Bamboo-derived activated carbon (BAC) was another adsorbent
studied in our database. Its removal percentage of PFOA sharply
decreased when the pH increased from 2.0 to 4.0 but became stable at
pH above 5.0. Since the pKa value of PFOA is —2.0, it exists as anions at
pH above 2.0. While increasing the pH, the electrostatic attraction be-
tween PFOA and BAC at pH < 3.2 decreased, resulting in a notable
decrease of PFCAs removal. At pH > 5.0, the electrostatic repulsion
hindered the adsorption of PFOA on BAC, whereas hydrophobic inter-
play performed a principal role in the sorption process. In comparison,
PFOA removal percentage by resin IRA67 decreased progressively with
increasing wastewater pH from 2.0 to 9.0. As the amine groups on IRA67
have a pKa of 9.5, they protonated at pH < 9.5, and the anionic PFOA
can be adsorbed via anion exchange. Increasing the pH of the solution
decreased the number of protonated amine groups, and some amine
groups lost the anion exchange capacity for PFOA, resulting in decreased
elimination of PFOA (Du et al., 2015).

Increasing pH from 3.0 to 9.0 led to a reduction in PFAS sorption
onto (GAC); the amounts of PFOA and PFOS adsorbent on GAC were
reduced by 27.5% and 32.0%, respectively (Zhang et al., 2021). The
same trend was observed for biochar. On the other hand, the decrease in
pH due to increased electrostatic adsorption among adsorbents and
PFAS intensified PFAS sorption. The PFAS adsorption was mainly
related to carbon surface basicity, meaning that the capacity of anion
exchange or high acid neutralizing was crucial for abundant adsorption
of PFOA and PFOS. At the pH values observed in this study, PFOS and
PFOA primarily were in anion forms. According to Zhang et al., (2021)
zero-point charge (pHzpc) was around 7.2 and 6.9 for GAC and biochar,
respectively. As a result, at pH 7.0 in the solution, the GAC surface has a
positive charge, while biochar has a negative charge. By decreasing the
pH of the solution, the electrostatic attraction between anionic PFAS and
positively charged adsorbents (GAC at pH < 7.2; biochar at pH < 6.9)
increased, which resulted in a significant increase in PFAS adsorption.
When the pH was increased, the adsorbent surface change altered from
positive to negative (biochar at pH > 6.9; GAC at pH > 7.2), and there
was a significant electrostatic repulsion between negatively charged
absorbents and anionic PFAS (Zhang et al., 2021).

4.2.2. Effect of particle size on the PFAS removal

Type 1, particle size of adsorbent, and the initial concentration of
PFAS in Fig. 5 are also important factors, such that their greater values
could result in counter-predictive responses in the trained model for
adsorption capacity, and equilibrium time, and removal percentage. In
addition, the surface area of adsorbents generally increases with
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Fig. 4. - XGBoost performance curves evolution of RMSE for the train/test set
through a number of boosting rounds (a) Adsorption capacity (b) Equilibrium
time (C) Removal efficiency.

decreasing particle size, resulting in a significantly higher number of
available adsorbent sites(Sun, Fan & Bai). More adsorbing sites lead to
more surface reactions, and adsorption capacity will improve, and
equilibrium time will decline significantly (Zhang et al., 2021). How-
ever, the main drawback is the difficulty of regenerating smaller particle
sizes while synthesizing adsorbents (Hassan et al., 2020).

Hassan et al., (2020) studied the effect of adsorbent particle size on
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Fig. 5. Feature importance model for PFAS removal (a) Adsorption capacity (b)
Equilibrium time (c) PFAS removal efficiency.

PFOS adsorption. The adsorbents used in this study were red mud
modified sawdust (RMSDN600) and unmodified sawdust (SDN600),
both with three different particle sizes (<2 mm, <1 mm, and <0.5 mm).
To study the effect of particle size, the experiments were carried out at
an initial PFOS concentration of 248.48 mg. L™}, equilibration time of
24 h, and pH of 5.5 + 0.2 for RMSDN600 and SDN600 at an adsorbent
concentration of 1.0 g. L™, The results showed that the adsorption ca-
pacity of SDN600 was increased while the particle size was decreased. It
was 17 (mg. g 1), 90 (mg. g 1), and 108 (mg. g~ 1) for SDN600 with <2
mm, <1 mm, and <0.5 mm particle size, respectively. Likewise,
RMSDN600 adsorption capacity exhibited the same trend. Its adsorption
capacity was 130 (mg. g~ 1), 155 (mg. g~ 1), and 150(mg. g~ 1) with <2
mm, <1 mm, and <0.5 mm particle size, respectively. At the same mass,
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Fig. 6. SHAP summary plot of input variables. The higher absolute SHAP values represent more contribution of the variable to the model predictions. The color of
points indicates the magnitude of the variable values. SHAP summary plots of the “tested” set for various adsorbents: (a) Adsorption capacity, (b) Equilibrium time,
and (c) Removal efficiency. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)

the active sites of the adsorbent with smaller size are higher than that of
the larger one resulting in higher PFOS removal efficacy (Hassan et al.,
2020).

Wang et al., (2019) showed that decreasing the particle size of ACs
significantly improves their adsorption for OBS sodium p-perfluorinated
nonenoxybenzene sulfonate, while the small particles sizes were unfa-
vorable for adsorption due to the destruction of the pore structure
during the mechanical grinding process. They reported that by
decreasing the particle size of ACs from 150 mesh to 25 mesh (pH = 7.0),
the adsorbed amount of OBS is increased from 0.05 (mmol. g’l) to 0.25
(mmol.g’l), respectively (Wang et al., 2019).

Du et al., (2015) argue that the small size of the adsorbent could
speed up the replacement process. They apply powder-activated carbon
(PAC) and GAC granular activated carbon to remove
perfluoro-2-propoxypropanoic acid (GenX). It is noted that the adsorbed
amounts of GenX on PAC (0.2 mmol. g~1) were more significant than
that of GAC (0.12 mmol. g~1) during the first 3 h. Although their ex-
periments suggested that the particle size of ACs influenced the initial
adsorption rate, after 48 h of adsorption, PACs and GACs had similar
adsorbed amounts for GenX (Du et al., 2015).

Textural properties of the adsorbent are an essential parameter that
should be considered when comparing two samples. Zhang et al., (2021)
showed that PFOS could be efficiently removed by GAC having a particle
size ranging from 0.1 to 0.3 mm (Sggr = 757 m? g~ ! and pore size of
1.39 nm). The other experimental variables were pH = 7, T = 25 °C, and
the initial PFOS, and GAC concentrations were 10 mg.L ! and 100 mg.

L7}, respectively. They reported that the adsorption capacity and equi-
librium time were 66.4 mg g_1 and 24 h (Zhang et al., 2021). In a similar
study by Steigerwald et al. (Steigerwald and Ray, 2021) with a GAC with
roughly the same textural properties as that of Zhang et al., (2021), they
applied the same conditions for PFOS elimination by the GAC, namely
SCGKOH sample. The particle size of the adsorbent was between 0.3 and
0.6 mm, (SBET = 858 m? g’l, and pore size 1.42 nm). Their results
showed that the adsorption capacity was 43.4 mg g~ !, and the equilib-
rium time was 24 h (Steigerwald and Ray, 2021). Their results can be
followed by our output results (Fig. 5) obtained from our model and can
reveal decreasing particle size’s role in improving adsorption capacity.

4.2.3. Effect of PFAS and adsorbent concentration on the PFAS removal
Fig. 5 (a, b) revealed that the third important factor affecting
adsorption capacity and equilibrium time is adsorbent concentration.
Increasing adsorbent dosage increases the adsorption capacity due to
more available sites. In other words, increasing the adsorbent dosage
increases the available surface area for adsorption, which results in
higher removal efficiency (Deng et al., 2015; Qian et al., 2017). The
study of Pramanik et al. (Pramanik et al., 2015) showed that by
increasing adsorbent dosage, the removal efficiency increases.
Increasing the adsorbent dosage from 5.0 to 30.0 mg L™} (mg.L™1)
increased the removal efficiency from 35% to 64% and 27%-58% for
PFOS and PFOA, respectively (Pramanik et al., 2015). Due et al.(Du
et al., 2015) studied the effect of adsorbent dosage on adsorption ca-
pacity using two different adsorbents, BAC and IRA67. They found that



E. Karbassiyazdi et al.

Environmental Research 215 (2022) 114286

‘ High ; High
PH -’- o PH -.- -
TYPE_1 - - PARTICLE_SIZE_NM - -
INITIAL_CONCENTRATION_PFASMGL = INITIAL_CONGENTRATION_ADSORBENT_MGL -§-
PARTICLE SIZE NM g ’ —_— CARBON_CHAIN_NUMBER R
TYPE_3 -4 % TYPE 4 ¢ 5
2 INITIAL_CONCENTRATION_PFASMGL + s
INITIAL_CONCENTRATION_ADSORBENT_MGL - ® ®
I 2 TYPE_2 1 2
TYPE 2 o 3 | 8
KINETIC_MODEL_SECOND_ORDER |
CARBON_CHAIN_NUMBER -’ TEMPRETURE l
TEMPRETURE 4 TVPE.S |
KINETIC_MODEL_SECOND_ORDER | TYPE 1 {
TYPE_0 | TYPE_O |
Low | Low
-1.0 -05 0.0 05 1.0 15 20 -05 0.0 0.5 1.0 15 20 25
SHAP value (impact on model output) SHAP value (impact on model output)
(a)
(b)
High
PH *m . 4
INITIAL_CONCENTRATION_PFASMGL C—— = e —
PARTICLE_SIZE_NM = el U
TYPE_4 --—e -— -
INITIAL_CONCENTRATION_ADSORBENT_MGL g |- B
=
CARBON_CHAIN_NUMBER - - S
o
TYPE_2 [ * 2
(]
TYPE_3 — s
TEMPRETURE )
KINETIC_MODEL_SECOND_ORDER |
TYPE_1 |
TYPE_ 0 |
} Low
08 06 -04 02 0.0 02 04

SHAP value (impact on model output)

(c)

Fig. 7. SHAP summary plot of input variables. The higher absolute SHAP values represent more contribution of the variable to the model predictions. The color of
points indicates the magnitude of the variable values. SHAP summary plots of the “trained” set for various adsorbents of adsorbent: (a) Adsorption capacity, (b)
Equilibrium time, and (c) Removal efficiency. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of

this article.)

regardless of the type of adsorbent, the adsorption capacity increases
while the adsorbent concentration increases. When BAC doses increased
from 0.1 to 0.5 gL}, the removal of PFOA increased from 33.2% to
96.6%. A similar trend is perceived for the other adsorbate types, PFHxA
and PFHpA. By increasing the BAC dosage, PFHXA and PFHpA removal
increased. When the BAC dose is as low as 0.3 g.L "}, it can adsorb more
PFOA PFHxA. PFHxA’s removal percentage at this BAC concentration
was only 8.8%, while PFOA’s was 88.4%, representing PFOA selective
adsorption at low BAC concentration. There is a hydrophobic interaction
between long-chain PFCAs and BAC during the adsorption process,
which leads to competitive adsorption of PFHxA, PFH, and PFOA on
BAC. In addition, when IRA67 doses increased, the removal percent of
the three PFCAs all increased since anion exchange is the main reason
for the sorption of PFCAs on IRA67. Notwithstanding intra-particle
diffusion, the removal percent on IRA 67 still follows the increasing
order of PFHXA < PFHpA < PFOA, indicating that the formation of
hemi-micelles and micelles may be the dominant reason for the high
removal of long-chain PFCAs (Du et al., 2015). Studies have shown that
different adsorbents show approximately the same removal at the same
concentration, revealing that the concentration is more important in
adsorption than the type of adsorbent. For instance, for GAC and AI400,
their removal is slightly the same at an initial concentration of 50 mg.
L7l At pH = 3.0 and pH = 7.0, their PFOS removals are 35.5% and
43.15% and 31.31% and 35.158% for AI400 and GAC, respectively. On
the other hand, the adsorption capacity increased too when the

concentration increased. For instance, when the concentration of GAC
increased from 50 mg.L™! to 100 mg.L™?, its removal increased from
35.158% to 98% at pH = 7 (Deng et al., 2012). Considering PAC as
another adsorbent showed the same trend. Its removal rate increased
from 51.1% to 99.9%, as the (PAC) concentration increased from 0.1
gL t0 10.0 gL'L. This trend may be due to PACs’ available high surface
area (SSA: 1000 m2g™) (Qu et al., 2009).

By comparing data from different articles, the same trend is found.
Under the same condition but at different initial concentrations, the
effect of the initial concentration of adsorbent is apparent at pH = 7.0 for
removing PFOA. Two adsorbents of MIEX and Purolite®A860 were used
with an initial concentration of 100 mg. L™ and 1000 mg. L7},
respectively. PFOA removal is increased as the adsorbent concentration
increases. The elimination of PFOA using MIEX is 52%, and Pur-
olite®A860 is 84% (Dixit et al., 2019; Park et al., 2020). As shown above
and refer to data from ML output presented in Fig. 5 (a, b), adsorbent
type does not have high significance compared to adsorption
concentration.

Comparing two different types of activated carbon, AC-KOH and
PACF showed a similar trend as above. AC-KOH and PACF with the same
size of 50 pm are used as adsorbents, with different initial concentrations
to remove 100 mg. L™! of PFOA at pH @ 4.0, AC-KOH with an initial
concentration of 5000 mg. L™! removed 90% of PFOA. At the same time,
the removal of PACF was only 32% at 100 mg. L™ of the initial con-
centration of PACF (Chen et al., 2017; Fagbayigbo et al., 2017).
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Fig. 8. XGBoost performance curves AUC (a) Adsorption capacity (b) Equilibrium time (c) Removal efficiency.

4.3. Can the XGBoost model understand the importance of parameters for
PFAS removal?

Shapley additive explanations (SHAP) focus on cooperation game
theory and measure the relevance of each variable to explain the
contribution of every participant (input parameter) to the output values.
In addition to the XGBoost feature importance plot, SHAP can be a
valuable tool for revealing the interpretation of each of the tested
model’s predictions. SHAP is an approach for interpreting the output of
any ML model using game theory and the local impact of each feature
(Lundberg and Lee, 2017). The importance of the SHAP feature is
straightforward: features with significant fundamental SHAP values are
valuable. This is the feature’s overall impact on the testing set for PFAS
removal.

The SHAP values of the variables were calculated using the XGB
model with all 236 data received from different adsorbents to under-
stand the influence of each variable on model prediction. Fig. 6 shows
the SHAP summary charts of the trained XGBoost model for (a)
adsorption capacity, (b) equilibrium time, and (c) removal efficiency
using a tree explainer, which combines feature significance and feature
effect considerations. The SHAP values and their affecting value (scale
and distribution) to the model high (red) and low (blue) are presented
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for each attribute. The density of the dots in the summary graphic shows
the correct dispersion of exemplars in the testing data set. The outcome
is consistent with what we saw in Fig. 5 (feature importance), repre-
senting that the model has been appropriately trained and the potential
of overfitting has been reduced.

For example, red and blue indicate big and tiny molecules, respec-
tively, in pH. The SHAP value can also show if the related variable
positively or negatively impacts PFAS removal. Positive and negative
SHAP scores suggest that taking the variable into account leads to PFAS
absorption. As a result, the SHAP summary graphic depicts the direction
and distribution of each variable’s contribution. This is the feature’s
overall impact on the testing set for PFAS removal. The order of input
variables on the y-axis in the SHAP summary graphic illustrates the
priority of variable relevance based on the average of total SHAP values
(Figs. 6 and 7).

Fig. 7 should be in agreement with the XGBoost feature relevance
(Fig. 5). As can be seen, the attributes are ranked the same in both
Figures (Figs. 5 and 7) and have a similar impact/importance on the
model output. Variable significance is evaluated using the average of
absolute SHAP values, reflecting the model’s overall variable contribu-
tion. As a result, the ordering of varying importance is inconsistent
across all data. Under certain circumstances, operating conditions such
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as particle size (red dots with negative SHAP values) can considerably
contribute. It’s worth noting that the XGBoost total gain is evaluated
using training data. In contrast, the SHAP summary plot is produced
over the testing data using the trained model.

As can be seen in Fig. 7a, pH exhibits the largest impact on the
adsorption capacity. Furthermore, Type 1 is the second most important
feature in predicting the adsorption capacity. In contrast, it is not
important in predicting the other equilibrium time and removal, as
shown in Fig. 5. The top five parameters with the greatest influence in
predicting PFAS removal are pH, initial concentration of PFAS, particle
size, Type 4, and initial adsorbent concentration.

As shown in Fig. 8, equilibrium time has the most significant area
under the curve (AUC) values of 0.77, whereas removal has the lowest
performance with an AUC of 0.484. The probability values may be
calculated using their AUC values based on the REC curves shown in
Fig. 8, where equilibrium time has an AUC of 0.77, adsorption capacity
has an AUC of 0.51, and removal has the lowest AUC of 0.41. Fig. 5
shows the trained model’s feature contribution using the XGBoost total
gain metric, with the pH having the greatest total gain of all the features.
As a result, pH plays the most significant role in adsorption and equi-
librium time to remove PFAS.

The histograms of the micro-average coefficient of determination
(Rz) of the testing set (10 percent of data) for 100 iterations (using
random seed) are shown in Fig. 9, with the navy and red dashed lines
representing the median (50th percentile) and lower and upper confi-
dence intervals (based on 95 percent significance levels), respectively.
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The presented generalization results and the REC results are shown in
Fig. 7.

5. Conclusions

In this study, we proposed a scalable-interpretable modeling
framework that could handle various engineering problems, such as
PFAS removal using different adsorbents. We showed that ML models
could reliably estimate PFAS removal using different adsorbents and
removal conditions as input variables. Based on knowledge, most liter-
ature focus on the adsorption removal of PFOS and PFOA, and only a few
reports onC2-C11 PFAS adsorption. Some technologies such as advanced
oxidation process (AOP) and photocatalytic oxidation have not been
investigated due to unrelated parameters for this research.

The conclusions of the study are as follows:

The adsorption capacity of different adsorbents regarding material
parameters was investigated. The result showed that pH (146.2),
Type 1 (91.77), and particle size (39.79), are crucial variables in
predicting PFAS adsorption.

The equilibrium time of PFAS based on different material parameters
was also evaluated. A similar order of impact importance as pH
(1065), particle size (68.95), and initial concentration (17.2) on
adsorption capacity was observed.

Removal of PFAS based on different material parameters was stud-
ied; after the pivotal impact of pH (59.94) and particle size (41.94)
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on PFAS removal, the initial concentrations of adsorbent (34.41) is
critical to know for predicting PFAS removal.

We showed through our case studies that these models might be
interpreted by employing SHAP values, at least in the domain of feature
significance. As data becomes more readily available, ML algorithms
will have more opportunities to find answers to real-world issues. The
outcome of this work can be used as a platform for designing advanced
materials as absorbents for PFAS removal and optimizing process
operating conditions.
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