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The occurrence of a variety of anthropogenic organic compounds in natural water resources 

has been well documented over the last decades. To meet the demands of a rapidly growing 

population, over hundreds of thousands of anthropogenic chemicals are used globally every day 

for the production of food, energy, and industrial products. Because many of these chemicals are 

designed to be persistent and stable, intensive production and use leads to their accumulation in 

the environment. Micropollutants (MPs) are organic chemicals that typically occur at trace 

concentrations in the environment and include broad groups of chemicals such as personal care 

products, pharmaceuticals, pesticides, and industrial chemicals. Long-term exposure to MPs in 

water can result in the collapse of aquatic ecosystems, the spread of antibiotic resistance, and may 

lead to chronic human health problems. Conventional water and wastewater treatment processes 

do not adequately remove MPs due to their diverse physicochemical properties and low 

concentrations. This deficiency has motivated the development of tertiary treatment alternatives 

including advanced oxidation processes (AOPs) and activated carbon (AC) adsorption. Whereas 

AOPs and AC adsorption are effective at removing MPs during water and wastewater treatment, 

there are some well-described drawbacks that have limited their global implementation. There is 

a clear need for alternative solutions that effectively remove MPs from water and address the 



 
 

deficiencies of AOPs and AC adsorption. Porous β-cyclodextrin polymers (P-CDP) have recently 

been demonstrated to outperform many conventional adsorbents for the removal of organic 

chemicals from water. However, the potential for P-CDP to be used as an alternative adsorbent to 

AC for efficient MP removal during water and wastewater treatment remains unknown. More 

research is needed to push the development of P-CDP from lab tests to practical implementation 

in engineering processes.  

Three adsorption studies were designed to comprehensively characterize and evaluate 

P-CDP as a next-generation adsorbent to replace or complement AC adsorption for the removal of 

MPs during water and wastewater treatment. The first study benchmarks the performance of a 

coconut-shell AC (CCAC) and P-CDP to adsorb MPs from water under environmentally relevant 

scenarios with respect to adsorption kinetics, equilibrium removal, and resistance to fouling by 

common matrix constituents. The second study establishes Quantitative Structure-Activity 

Relationships (QSARs) between the physicochemical properties of a diverse set of MPs and their 

distribution coefficients (KD) measured on CCAC and P-CDP to fully interpret the adsorption 

mechanisms on both adsorbents. The third study utilizes simulated batch adsorption followed by 

ultrafiltration (BA-UF) and packed bed filtration (PBF) processes with environmentally derived 

water samples from diverse sources to characterize the effects of background water matrix 

constituents on MP removal by CCAC and P-CDP. This research provides a systematic evaluation 

of P-CDP as an alternative to AC for MP removal during water and wastewater treatment. The 

findings of this research will push the further development of P-CDP adsorbents towards practical 

implementation.



iii 
 

BIOGRAPHICAL SKETCH 

 

Yuhan Ling was born and grew up in Nantong, China. He graduated with a Bachelor’s of 

Science degree in Environmental Science and Engineering and a Bachelor’s of Science degree in 

International Trade and Economics from Shanghai Jiao Tong University (2014). While studying 

at Shanghai Jiao Tong University, he served as Director of the Youth Voluntary Department and 

worked to popularize the concepts of environmental protection and sustainable development. His 

experiences in environmental engineering include a half-year internship as an assistant engineer 

in the EHS department of Cargill Investments (China) Ltd., a two-month internship as an 

environmental consultant in Leopard Imaging (CA) Ltd., a one-year lab research on Fenton-like 

catalysts in the Long research group at Shanghai Jiao Tong University and Rice University, and a 

one-year lab research on composite ultrafiltration membranes in the Shao research group at 

Shanghai Jiao Tong University. Later, he was admitted to Cornell University and started his study 

towards the Masters and Doctorate degrees in Environmental Engineering under the advisement 

of Dr. Damian E. Helbling. He received his Masters of Science degree in Environmental 

Engineering with the completion of a thesis entitled: “Characterization of a novel β-cyclodextrin 

polymer for the removal of organic micropollutants from aqueous solution”. During his academic 

career at Cornell University, he actively collaborated with chemists from Northwestern University 

on a variety of research projects, co-invented several novel materials and polymerization 

techniques, and received several awards such as Conference Travel Grant Award (2018), 

Certificate of Merit from the American Chemical Society (2018), and Best Student Speaker Award 

from the American Chemical Society (2018).



iv 
 

Peer-reviewed publications and intellectual properties during Yuhan’s study at Cornell University: 

(1) Ling, Y.; Klemes, M. J.; Xiao, L.; Alsbaiee, A.; Dichtel, W. R.; Helbling, D. E. 
Benchmarking Micropollutant Removal by Activated Carbon and Porous β-Cyclodextrin 
Polymers under Environmentally Relevant Scenarios. Environ. Sci. Technol. 2017, 51 (13), 
7590–7598. (Chapter 2) 

(2) Ling, Y.; Klemes, M. J.; Steinschneider, S.; Dichtel, W. R.; Helbling, D. E. QSARs to 
predict adsorption affinity of organic micropollutants for activated carbon and β-
cyclodextrin polymer adsorbents. Water Res. 2019, 154, 217–226. (Chapter 3) 

(3) Ling, Y.; Klemes, M. J.; Alzate-Sánchez, D. M.; Dichtel, W. R.; Helbling, D. E. Evaluating 
the Effects of Water Matrix Constituents on Micropollutant Removal by Activated Carbon 
and β-cyclodextrin Polymer Adsorbents. In preparation. (Chapter 4) 

(4) Alsbaiee, A.; Smith, B. J.; Xiao, L.; Ling, Y.; Helbling, D. E.; Dichtel, W. R. Rapid removal 
of organic micropollutants from water by a porous β-cyclodextrin polymer. Nature 2015, 
529 (7585), 190–194. 

(5) Xiao, L.; Ling, Y.; Alsbaiee, A.; Li, C.; Helbling, D. E.; Dichtel, W. R. β-Cyclodextrin 
Polymer Network Sequesters Perfluorooctanoic Acid at Environmentally Relevant 
Concentrations. J. Am. Chem. Soc. 2017, 139 (23), 7689–7692. 

(6) Klemes, M. J.; Ling, Y.; Chiapasco, M.; Alsbaiee, A.; Helbling, D. E.; Dichtel, W. R. 
Phenolation of Cyclodextrin Polymers Controls Their Lead and Organic Micropollutant 
Adsorption. Chem. Sci. 2018, 9 (47), 8883–8889. 

(7) Ji, W.; Xiao, L.; Ling, Y.; Ching, C.; Matsumoto, M.; Bisbey, R. P.; Helbling, D. E.; Dichtel, 
W. R. Removal of GenX and Perfluorinated Alkyl Substances from Water by Amine-
Functionalized Covalent Organic Frameworks. J. Am. Chem. Soc. 2018, 140, 12677–12681. 

(8) Alzate-Sánchez, D. M.; Ling, Y.; Li, C.; Frank, B. P.; Bleher, R.; Fairbrother, D. H.; 
Helbling, D. E.; Dichtel, W. R. β-Cyclodextrin Polymers on Microcrystalline Cellulose as 
a Granular Media for Organic Micropollutant Removal from Water. ACS Appl. Mater. 
Interfaces 2019, 11 (8), 8089–8096. 

(9) Xiao, L.; Ching, C.; Ling, Y.; Nasiri, M.; Klemes, M. J.; Reineke, T. M.; Helbling, D. E.; 
Dichtel, W. R. Cross-linker Chemistry Determines the Uptake Potential of Perfluorinated



v 
 

Alkyl Substances by β-Cyclodextrin Polymers. Macromolecules 2019, 52, 3747–3752 

(10) Klemes, M. J.; Ling, Y.; Ching, C.; Wu, V.; Helbling, D. E.; Dichtel, W. R. Reduction of a 
Tetrafluoroterephthalonitrile-β-Cyclodextrin Polymer to Remove Anionic Micropollutants 
and Perfluorinated Alkyl Substances from Water. Angew. Chemie Int. Ed. 2019, DOI: 
10.1002/anie.201905142. 

(11) Dichtel, W. R.; Alsbaiee, A.; Smith, B. J.; Hinestroza, J.; Alzate-Sánchez, D. M.; Xiao, L.; 
Ling, Y.; Helbling, D. E. Porous cyclodextrin polymeric materials and methods of making 
and using same. US9855545B2 

(12) Dichtel, W. R.; Helbling, D. E.; Li C.; Alzate-Sánchez, D. M.; Ling, Y. Grafted porous 
cyclodextrin polymeric material and methods of making and using same. 
WO2018200857A1 



vi 
 

ACKNOWLEDGMENTS 

 

In the first place, I would like to give my sincere thanks to the School of Civil and 

Environmental Engineering at Cornell University. It is my great honor to continue as a graduate 

student in such an outstanding institution. This is where I am blessed with the precious opportunity 

to meet my advisor Dr. Helbling. Benefiting from his mentorship and continuous support 

throughout my study at Cornell University, I successfully completed the preparation of this 

dissertation, learned how to design and propose research to address knowledge gaps, and got a 

clear vision of my future. I would also like to thank Dr. Scott Steinschneider and Dr. April Z. Gu 

for serving as minor advisors on my committee and for the valuable feedback and discussions. I 

am thankful for the rest of the Helbling Research Group for their support. I want to acknowledge 

my collaborators from Dichtel research group: Dr. Dichtel for his strong support and luminous 

suggestions for this research, Dr. Alaaeddin Alsbaiee and Max J. Klemes for the preparation of P-

CDP, Dr. Leilei Xiao for the structure characterization of P-CDP and CCAC, and Dr. Diego M. 

Alzate-Sánchez for the preparation of CDP@CMC. I would like to give my special thanks to my 

parents, for their continuously solid support to every important decision I made in my life! 



vii 
 

致谢 

 

首先，我要感谢康奈尔大学土木与环境工程学院，正因为有幸在这样一个治学严谨，

师资背景雄厚的学院继续我的研究生学习，我方能在提升了自己的学术水准的同时有幸遇

到我的导师，赫柏林博士（Dr. Helbling）。我在这所古老而享有盛誉的大学最幸运的事情

便是能加入赫柏林实验组。得益于赫柏林博士的悉心指导和鼎力支持，我不仅顺利完成了

博士阶段的科研任务和大论文，学会了如何自主思考和解决实际的科研问题，更明晰了自

己的人生规划。我衷心感谢斯坦因施耐德博士和谷中春博士作为毕业委员会的导师对我博

士阶段的科研所提供的难以估量的帮助。我也十分感谢赫柏林实验组的每一位成员（包括

已经毕业的成员），感谢你们让在异国他乡求学的我感受到了友情的温度。与此同时，我

要感谢我的项目合作方西北大学迪希特尔实验组对我的科研所做出的贡献：感谢迪希特尔

博士（Dr. Dichtel）在研究过程中提供的建议和大力帮助；感谢阿拉丁博士（Dr. Alsbaiee）

和麦克斯（Max J. Klemes）为相关实验制备的环糊精聚合物样品；感谢肖蕾蕾博士提供的

有关环糊精聚合物和椰壳活性炭的结构表征数据；感谢桑切兹博士（Dr. Alzate-Sánchez）

为相关实验制备的纤维素微球负载环糊精聚合物样品。在此，我要特别感谢我的父母，感

谢他们一直以来的无私关爱，开明教育以及对我人生中每一个重要决断的无条件支持！ 



viii 
 

TABLE OF CONTENTS 

 

BIOGRAPHICAL SKETCH ......................................................................................................... iii 
ACKNOWLEDGMENTS ............................................................................................................. vi  
致谢............................................................................................................................................... vii  
TABLE OF CONTENTS ............................................................................................................. viii 
LIST OF FIGURES ........................................................................................................................ x  
LIST OF TABLES ......................................................................................................................... xi  
LIST OF ABBREVIATIONS ....................................................................................................... xii 
CHAPTER 1 – Background ............................................................................................................ 1  

1.1 Micropollutants ..................................................................................................................... 1  
1.2 Treatment Processes ............................................................................................................. 2  
1.3 Cyclodextrin polymers .......................................................................................................... 7  
1.4 Research objectives ............................................................................................................. 10  

CHAPTER 2 – Benchmarking Micropollutant Removal by Activated Carbon and Porous 
β‑Cyclodextrin Polymers under Environmentally Relevant Scenarios ........................................ 14 

Abstract ..................................................................................................................................... 14  
2.1 Introduction ......................................................................................................................... 15  
2.2 Material and Methods ......................................................................................................... 18  

2.2.1 Chemicals and reagents ................................................................................................ 18  
2.2.2 Adsorbents ................................................................................................................... 18  
2.2.3 Batch experiments ........................................................................................................ 19  
2.2.4 Flow-through experiments ........................................................................................... 20  
2.2.5 Analytical methods ...................................................................................................... 21  

2.3 Results and Discussion ....................................................................................................... 23  
2.3.1 Adsorbent characterization .......................................................................................... 23  
2.3.2 Analytical response to micropollutants ........................................................................ 23  
2.3.3 Batch experiments ........................................................................................................ 23  
2.3.4 Flow-through experiments ........................................................................................... 28  
2.3.5 Adsorption as a function of chemical properties ......................................................... 32  
2.3.6 Implications for water treatment .................................................................................. 35  

CHAPTER 3 – QSARs to Predict Adsorption Affinity of Organic Micropollutants for Activated 
Carbon and β-cyclodextrin Polymer Adsorbents .......................................................................... 36 

Abstract ..................................................................................................................................... 36  
3.1 Introduction ......................................................................................................................... 37  
3.2 Material and Methods ......................................................................................................... 40  

3.2.1 Chemicals and adsorbents ............................................................................................ 40  
3.2.2 Experiments to calculate distribution coefficients under conditions of infinite dilution
 ............................................................................................................................................... 40  
3.2.3 Analytical methods ...................................................................................................... 42  
3.2.4 QSAR descriptors ........................................................................................................ 42  
3.2.5 Development of QSAR models.................................................................................... 42  
3.2.6 Defining the applicability domain ............................................................................... 46 



ix 
 

3.3 Results and Discussion ....................................................................................................... 47  
3.3.1 Experimentally derived KD values ............................................................................... 47 
3.3.2 QSAR model selection for KD values on CCAC ......................................................... 47 
3.3.3 Mechanistic interpretation of MP adsorption on CCAC .............................................. 51 
3.3.4 QSAR model selection for KD values on P-CDP ......................................................... 54 
3.3.5 Mechanistic interpretation of MP adsorption on P-CDP ............................................. 56 
3.3.6 Applicability domain of the final QSARs .................................................................... 58  

3.4 Conclusions ......................................................................................................................... 59  
CHAPTER 4 – Evaluating the Effects of Water Matrix Constituents on Micropollutant Removal 
by Activated Carbon and β-cyclodextrin Polymer Adsorbents .................................................... 61 

Abstract ..................................................................................................................................... 61  
4.1 Introduction ......................................................................................................................... 63  
4.2 Material and Methods ......................................................................................................... 66  

4.2.1 Chemicals and reagents ................................................................................................ 66  
4.2.2 Water samples .............................................................................................................. 66  
4.2.3 Batch experiments ........................................................................................................ 67  
4.2.4 RSSCT experiments ..................................................................................................... 69  
4.2.5 Analytical methods ...................................................................................................... 70  

4.3 Results and Discussion ....................................................................................................... 71  
4.3.1 Water characterization ................................................................................................. 71 
4.3.2 Batch experiments ........................................................................................................ 73  
4.3.3 RSSCT experiments – breakthrough curves ................................................................ 76 
4.3.4 RSSCT experiments – treatment capacity ................................................................... 78 
4.3.5 Factors contributing to adsorbent fouling .................................................................... 80  
4.3.6 Implications for water treatment .................................................................................. 84  

CHAPTER 5 – Summary, Conclusions, and Future Work ........................................................... 86  
5.1 MP adsorption and fouling of P-CDP ................................................................................. 86  
5.2 Novel adsorbents characterization design ........................................................................... 89  
5.3 Outlook ............................................................................................................................... 93  

REFERENCES ............................................................................................................................. 97  
APPENDICES ............................................................................................................................ 117  



x 
 

LIST OF FIGURES 

 

Figure 1.1. AC adsorbents complex porous structure with positive surface charges represented by 
the plus sign and negative surface charges represented by the negative sign. ................................ 5 
Figure 1.2. β-CD polymer networks derived from a nucleophilic aromatic substitution reaction..
......................................................................................................................................................... 8  
Figure 1.3. (A) Bisphenol A (BPA) uptake as a function of time measured in batch using P-CDP 
(blue) and other con-temporary adsorbents. (B) Repeated use of P-CDP to remove BPA after 
regeneration with MeOH at room temperature. .............................................................................. 9 
Figure 2.1. Comparison of pseudo-second-order rate constants (kobs) for the adsorption of each 
micropollutant by P-CDP and CCAC.....................................................…………………………24 
Figure 2.2. Comparison of the percent removal of each micropollutant after 5 min contact time 
with either P-CDP or CCAC. ........................................................................................................ 26  
Figure 2.3. Comparison of the removal percentages by P-CDP and CCAC measured for each 
micropollutant from flow-through experiments............................................................................ 29  
Figure 2.4. Comparison of the removal percentages by P-CDP and CCAC measured for each 
micropollutant from flow-through experiments conducted with added matrix constituents. ....... 31 
Figure 3.1. A schematic describing the overall framework for data acquisition, data preparation 
and partitioning, and QSAR model selection and validation..........................................................43 
Figure 3.2. QSAR model building for CCAC. ............................................................................. 49 
Figure 3.3. QSAR model building for P-CDP. ............................................................................ 55  
Figure 4.1. Comparison of the removal of each MPs.....................................................................74 
Figure 4.2. Breakthrough curves of three example MPs with different charge states. ................ 77 
Figure 4.3. The bed volumes to 10% breakthrough of 5 anionic MPs (A), 5 cationic MPs (B), and 
5 neutral MPs (C) in GW1, SW1, and WW1 on CCAC and CDP. .............................................. 79  
Figure 5.1. The uniform mesoporous structure of P-CDP with a negatively charged surface in 
nanopure water (left) and in natural water matrix (right)…………………………………………88 
 



xi 
 

LIST OF TABLES 

 

Table 2.1. Classification of Micropollutants into Removal Groups for Each Experiment. ......... 27 
Table 3.1. The predictor variables and their respective parameters selected in the final QSAR for 
CCAC. ........................................................................................................................................... 51 
Table 3.2. The predictor variables and their respective parameters selected in the final QSAR for 
P-CDP. .......................................................................................................................................... 56  
Table 4.1. Water characterization results of six water matrices. .................................................. 72 
 



xii 
 

LIST OF ABBREVIATIONS 

 

AC activated carbon  
AD applicability domain 
AOP advanced oxidation processes 
APR all possible regression  
BA-UF batch adsorption followed by ultrafiltration  
BET Brunauer-Emmett-Teller  
BPA bisphenol A 
BV10% 10% breakthrough bed volumes 
CCAC coconut-shell activated carbon  
CD cyclodextrin 
CDP@CMC  porous β-CD polymer grafted on cellulose microcrystals 
CoV coefficient of variation  
DOM dissolved organic matter 
EBCT empty bed contact time  
EN elastic net regularization 
FSI fouling scaling index  
GAC granular activated carbon 
HPLC-MS/MS high-performance liquid chromatography and tandem mass spectrometry  
HPSEC high performance size exclusion chromatography 
KD distribution coefficient at infinite dilution 
kobs pseudo-second order adsorption rate constant 
MP micropollutants 
MW molecular weight  
NOM natural organic matter  
PAC powdered activated carbon  
PBF Packed bed filtration processes  
P-CDP porous β-cyclodextrin polymer  
PFASs per- and polyfluoroalkyl substances  
Q2 coefficient of determination of the validation set 
QSAR Quantitative Structure-Activity Relationship  
R2

adj adjusted coefficient of determination of the training set 
RMP the percent removal of micropollutants 
RMSE Root Mean Squared Error 
RSSCT rapid small scale column test  
SPAC super-fine powdered activated carbon 
SSE sum of the squared error 
TDS total dissolved solids 
TOC total organic carbon  
VIF variance inflation factor  



 

1 
 

CHAPTER 1 – Background 

1.1 Micropollutants 

Hundreds of thousands of anthropogenic organic chemicals are used globally every day to 

satisfy the increasing demand for food, energy, and a higher quality of life1,2. We use personal care 

products to promote health and beauty, pharmaceuticals to treat disease and maintain animal-based 

agriculture, pesticides to improve crop yields, and industrial chemicals to manufacture commercial 

products (e.g., per- and polyfluoroalkyl substances (PFASs) in the production of Teflon, stain-

repellent fabrics, and fire-fighting foams)3,4. These chemicals significantly improve our standard 

of living, thereby contributing to the global population explosion in the past decades. However, 

the extensive application of anthropogenic organic chemicals inevitably results in their 

accumulation in the environment, with the occurrence of many polar and semi-polar chemicals in 

natural water resources well documented for several decades5,6. Some of these chemicals may enter 

water resources through the effluents of wastewater treatment plants (i.e., point sources) because 

conventional wastewater treatment only partially removes many down-the-drain chemicals such 

as pharmaceuticals, personal care products, and detergents3,5,7. Others may enter water resources 

through diffuse pathways (i.e., nonpoint sources) such as runoff from agricultural and urban 

landscapes, which frequently contains residues of pesticides, biocides, and veterinary medicines8–

10.These chemicals are often found in the aquatic environment from pg L-1 to µg L-1 and are 

commonly referred to as micropollutants (MPs)3,5.  

The occurrence of MPs in water resources has raised concerns among a variety of 

stakeholders because exposure to complex mixtures of MPs may pose significant risks to aquatic 

ecosystem and/or human health. Though MPs are generally present in water resources at trace 

concentrations, they can have adverse effects on the environment and human health. For example, 



 

2 
 

endocrine disrupting effects such as intersex, feminization of males, and reproductive failures have 

been observed for fish and mussels living downstream from WWTP outfalls, which have been 

directly linked to specific MPs that were incompletely removed during wastewater treatment11,12. 

Antibiotics and other bioactive MPs may give rise to the spread of antibiotic resistance within 

microbial communities in water resources even at very low concentrations13,14. Further, MPs such 

as PFASs are carcinogenic and can result in chronic human health problems such as increased 

cholesterol, elevated uric acid levels, and thyroid disease15. Due to climate change, drought, and 

dwindling water supplies, drinking water providers are more frequently turning to water resources 

that are impacted by wastewater effluents or other anthropogenic activities2,16. While acute toxic 

effects on humans from exposure to MPs in drinking water have not been well demonstrated, long-

term exposure to complex mixtures of MPs in drinking water may contribute to a variety of health 

problems and have cascading effects on economic production17. 

1.2 Treatment Processes 

The treatment of MPs remains a great challenge because of their diverse chemical 

structures, complex physicochemical properties, and presence at trace concentrations. 

Conventional water and wastewater treatment processes are designed to control particulates, 

carbonaceous substances, nutrients, and pathogens. Though these substances can be efficiently 

removed through conventional water and wastewater treatment processes, they often do not 

adequately remove MPs, especially those polar and semi-polar MPs5,18. To address the deficiency 

of conventional treatment, much recent research has focused on the development of alternative 

treatment processes to remove MPs from drinking water and wastewater. Currently, advanced 

oxidation processes (AOPs) and activated carbon (AC) adsorption have been identified as two 

major technologies that have the potential for large-scale application in terms of efficiency, energy 
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consumption, and cost22-24. While some other technologies such as nanofiltration and reverse 

osmosis have also been demonstrated to be effective for the removal of many MPs22,23, the more 

intensive energy consumption, higher cost, and poorer sustainability relative to AOPs and AC 

adsorption limit their economic scalability and feasibility. 

AOPs, generally employed in both water and wastewater treatment, use ozone, or hydrogen 

peroxide and/or UV light to produce highly reactive hydroxyl radicals thereby degrading organic 

contaminants through reduction-oxidation reactions. AOPs possess advantages such as almost 

non-selective degradation of most MPs and superior reaction kinetics over conventional 

physicochemical treatment, while the degradation of MPs with high electron density functional 

groups such as double bonds, and activated aromatic systems is more favored21,24,25. This approach 

has been reported to considerably reduce MP loads in WWTP effluents and shows high removal 

efficiency (>90%) for most MPs26. Though AOPs are promising for MP removal, they are 

generally energy intensive, rely on chemical reagents, and can increase in vitro and in vivo toxicity 

in the post-treatment water24,27,28. Among these disadvantages, the major concern about AOPs is 

the increased toxicity resulted from the formation of oxidation products due to reaction with matrix 

constituents such as dissolved organic matters (DOM) and incomplete degradation of MPs20,25. For 

example, carcinogenic by-products such as bromate, N-Nitrosodimethylamine (NDMA), and 

formaldehyde can be formed during AOPs24,29, which generally result in increased toxicity 

compared with non-treated water30–32. In addition to those recognized carcinogens, most oxidation 

products of MPs remain uncharacterized with respect to the toxicity and bioactivity, among which 

some can be more persistent, mobile, and /or toxic than the parent compounds. 

AC adsorption, commonly implemented in water and wastewater treatment, has also been 

demonstrated to effectively remove a broad spectrum of MPs33–35. Both granular activated carbon 
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(GAC) and powdered activated carbon (PAC) have been reported to show remarkable efficiency 

for MP removal in water and wastewater20,21. Packed-bed filtration processes (PBF), where GAC 

is generally employed, exhibit a variety of MP removal efficiencies during water and wastewater 

treatment20,21. PAC is typically employed in batch adsorption followed by ultrafiltration (BA-UF, 

UF is a separation technique to remove PAC from treated water) which has been proposed as a 

more efficient technique with higher MP removal compared to AOPs and PBFs during water and 

wastewater treatment20,21,36. The major advantage of AC treatment is that MPs can be removed 

from water without forming toxic products, resulting in a great reduction in residual toxicity20,21. 

However, BA-UF could cost more than AOPs due to the additional energy required for 

ultrafiltration, AC regeneration (heating at 1000 ℃ under vacuum for over 8 hours), and treatment 

of AC waste (incineration or landfill)20. 

AC adsorbents rely on their hydrophobic surfaces and complex porous structure to remove 

MPs37,38, which is schematically presented in Figure 1.1. Due to the high organic carbon content, 

the surface of AC adsorbents is greatly hydrophobic thereby effectively adsorbing organic MPs 

through hydrophobic interactions38,39. Because of physical and/or chemical activation processes, 

AC adsorbents generally exhibit high surface area and heterogeneous pore structure with the 

coexistence of macropores, mesopores, and micropores40, leading to the high adsorption capacity 

of MPs on AC. Further, the surface charges of AC can facilitate the adsorption of ionic MPs 

through electrostatic interactions41,42. Specifically, the negative charges on AC, resulting from the 

functional groups such as carboxyl and phenolic groups39, can assist the adsorption of cationic 

MPs, while the positive charges on AC, resulting from the functional groups such as amines or the 

electron-rich regions within the graphene layers acting as Lewis basic centres39, can assist the 

adsorption of anionic MPs. Though AC can remove MPs effectively through hydrophobic and 
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electrostatic interactions, the adsorption kinetics on AC is slow, of which the adsorption 

equilibrium generally requires several weeks to be reached34,43. As previously demonstrated, MPs 

favor adsorption in small micropores (i.e., diameter less than 2 nm) on AC because of the similar 

dimensions33. Therefore, the slow MP uptake can be attributed to the additional time required by 

MPs to get through complex porous structure into the micropores of AC via intraparticle 

diffusion33–35. In addition, as AC adsorption is non-selective, both MPs and DOM, which is 

generally present in all waters from either natural or anthropogenic sources, can be adsorbed 

through hydrophobic and electrostatic interactions. According to previous research, DOM with 

similar molecular sizes as MPs can direct compete with MPs for the small micropores and DOM 

with large molecular sizes can block macropores and micropores thereby impeding the diffusion 

of MPs into micropores44–46. The slow diffusion-limited kinetics and easy fouling by matrix 

 

Figure 1.1. AC adsorbents complex porous structure with positive surface charges represented 
by the plus sign and negative surface charges represented by the negative sign.  
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constituents such as DOM further limit the application of AC adsorption for MP removal during 

water and wastewater treatment. 

Due to the perceived disadvantages of AC adsorption processes, recent studies have 

focused on the development of next-generation adsorption processes to remove MPs in water and 

wastewater treatment. There are two major deficiencies that could be addressed by alternative 

adsorbents or adsorption processes including the slow diffusion-limited kinetics of AC and the 

severe fouling by matrix constituents. For example, to target the slow adsorption kinetics of AC, 

super-fine PAC (SPAC) has been explored as a means to increase the kinetics of adsorption 

processes in drinking water treatment47 and in wastewater treatment33. Much smaller particle sizes 

of SPAC relative to PAC substantially decrease the time required for MP transport within the pore 

to adsorption sites which can greatly improve the kinetics of MP adsorption48. As a result, much 

higher MP removal can be achieved with SPAC than with PAC in much shorter contact time. 

Further, improved adsorption kinetics may lead to lower adsorbent doses which can consequently 

contribute to lower life-cycle costs. However, SPAC also interacts rapidly with DOM which could 

reduce its MP adsorption capacity in water and wastewater treatment33,47. Novel adsorbents have 

also been explored as alternatives to AC. A variety of natural materials including wood materials, 

fruit wastes, high-silica zeolites, carbonaceous resins, chitosan and ore minerals34,49,50 along with 

engineering adsorbents such as multi-walled carbon nanotubes51 and polymeric materials52,53 have 

been evaluated as potential adsorbents for water and wastewater treatment. However, none of these 

materials demonstrate superiority over AC for the removal of MPs with respect to adsorption 

kinetics, resistance to fouling by common matrix constituents, or economic scalability. 
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1.3 Cyclodextrin polymers 

Cyclodextrins (CDs) are macrocycles of α-D-glucose, shaped like hollow, truncated cones, 

and can be synthesized inexpensively by means of the enzymatic degradation of starch. Three 

major types of cyclodextrins are readily available including -CD (diameter of cavity: 0.57 nm), 

β-CD (diameter of cavity: 0.78 nm), and γ-CD (diameter of cavity: 0.95 nm) containing six, seven, 

and eight glucose molecules, respectively. Due to the cup-like shape and hydrophobic interior 

cavity, CDs have a remarkable ability to form host-guest complexes with over thousands of organic 

compounds. This property, as well as their non-toxic character to humans and their sustainable 

production, has resulted in their common application in pharmacology, biotechnology, and the 

food industry54–56. 

The sustainable production, cheap price, and the capability to form host-guest complexes 

with organic chemicals also make β-CD a potential adsorption material for MP removal in water 

and wastewater treatment. However, the application of β-CD as an adsorbent requires it to first be 

rendered insoluble by incorporating it into a polymer network57–60. Recent studies have explored 

a variety of crosslinker molecules to polymerize β-CDs, including epichlorohydrin (EPI), 

ethylenediamine-tetraacetic acid (EDTA), carboxylic acids, and chitosan52,57,61,62. While these 

polymers retain the ability to form host-guest complexes with organic molecules, the crosslinker 

chemistry and the polymerization techniques have led low surface area polymers that exhibit slow 

adsorption kinetics, such that they perform worse than ACs63. 

We recently cross-linked β-CD with a rigid aromatic group (i.e., 

tetrafluoroterephthalonitrile) through a nucleophilic aromatic substitution reaction, which is 

schematically presented in Figure 1.264. This technique yielded the first porous β-CD polymer (P-

CDP) with a stable mesoporous structure and a high surface area that is comparable to AC. In its 
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as-synthesized form, P-CDP manifests itself as insoluble pale-yellow particles with the size on the 

scale of microns64.  

P-CDP combines the desirable host-guest complexation capability of β-CD with the porous 

structure and high surface area of AC, providing a broad-spectrum adsorbent for organic 

compounds with superior adsorption kinetics and high capacity. For example, P-CDP removes 

bisphenol A (BPA), an endocrine disruptor, in pure water to over 90% in seconds with the initial 

concentration of BPA at ppm level (Figure 1.3A), demonstrating that the binding sites on P-CDP 

can be instantaneously accessed by organic compounds64. The adsorption kinetics of BPA on 

 

Figure 1.2. β-CD polymer networks derived from a nucleophilic aromatic substitution 
reaction. Synthesis of the high-surface-area porous P-CDP from β-CD and TFN (left). 
Schematic of the P-CDP structure (right). 
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P-CDP is much more rapid than on a variety of commercially available adsorbents, including a 

high-end activated carbon (Norit RO), the mixed charcoal/zeolite adsorbents used in Brita filters, 

GAC, and an EPI-CD polymer (Figure 1.3A). A common kinetic model65 has been applied to 

calculate the second order rate constants for BPA removal by P-CDP and other adsorbents. The 

rate constant for P-CDP is 1.5 g mg-1 min-1 which is 10-1000 times higher than the other adsorbents. 

Furthermore, the specific adsorption capacity for BPA uptake on P-CDP at equilibrium is 0.33 mg 

m-2, which is greater than the highest reported values for BPA uptake on ACs. In addition to the 

superior kinetics and capacity, the P-CDP saturated by BPA can be easily regenerated by rinsing 

it with a small amount of methanol. The restored P-CDP exhibits similar performance to the 

as-synthesized polymer for at least five cycles, which is presented in Figure 1.3B64. Finally, it is 

worth noting that the original size of pure P-CDP is between the sizes of PAC and SPAC, which 

is ideal for the implementation in BA-UF processes. However, for the implementation in PBF 

processes, the comparatively small particle size of P-CDP as well as its irregular shapes could lead 

to unacceptably high back pressure thereby increasing the energy consumption and costs. To 

address this problem, P-CDP can also be grafted onto cellulose microcrystals to generate 

 

Figure 1.3. (A) Bisphenol A (BPA) uptake as a function of time measured in batch using P-
CDP (blue) and other con-temporary adsorbents. (B) Repeated use of P-CDP to remove BPA 
after regeneration with MeOH at room temperature. 
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CDP@CMC adsorbents66. The CDP@CMC adsorbents exhibit fully adjustable size and shape, 

while retaining the primary advantages of pure P-CDP66. These features of P-CDP adsorbents 

could give rise to remarkable savings of energy and cost in both BA-UF and PBF processes 

because lower adsorbent doses are required to achieve similar MP removal as compared with other 

commercially available adsorbents and in situ regeneration could be possible with benign solvents 

at ambient temperatures. 

1.4 Research objectives 

Though our first experiments with P-CDP demonstrate superiority over a variety of 

commercially available adsorbents for the removal of BPA and seven other model compounds (i.e., 

bisphenol S (BPS), metolachlor, ethinyl estradiol, propranolol, 2-naphthol, 1-naphthyl, 2,4-

dichlorophenol) at ppm level in pure water64, its potential as an alternative adsorbent to AC for 

efficient MP removal during water and wastewater treatment remains unknown. First, the 

adsorbate concentrations employed in our preliminary experiments were thousands to millions of 

times higher than the observed concentrations of MPs in the environment. It remains unclear 

whether P-CDP can efficiently remove MPs at environmentally relevant concentrations. To 

demonstrate the efficacy of P-CDP in water and wastewater treatment, it is essential to design and 

perform adsorption experiments under environmentally relevant scenarios. Second, the limited 

number of model compounds studied to date has constrained our ability to comprehensively and 

systematically interpret the adsorption mechanisms on P-CDP and determine the types of MPs that 

can be favorably adsorbed by P-CDP. The adsorption mechanisms on P-CDP should be 

investigated in complex mixtures containing a variety of MPs that are environmentally relevant 

and are representative of a broad range of physicochemical properties. Therefore, the major drivers 

of MP adsorption affinity on P-CDP can be identified and the adsorption mechanisms on P-CDP 
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can be determined. Third, the influence of common background matrix constituents (i.e., DOM 

and inorganic ions) on the performance of P-CDP remains unclear. To push the development of P-

CDP towards practical implementation, it is essential to perform adsorption experiments with 

natural water samples to comprehensively characterize the interference of background matrix 

constituents on MP uptake on P-CDP. 

This research aims to address these knowledge gaps to comprehensively characterize and 

evaluate P-CDP as alternative adsorbents to AC adsorbents for MP removal during water and 

wastewater treatment. With an improved understanding of the adsorption and fouling mechanisms 

on P-CDP, it will be possible to identify the types of organic molecules that favorably bind to P-

CDP and enable prediction of P-CDP performance under a wide range of environmentally relevant 

scenarios. The overarching goal of this research is to push the development of P-CDP from lab 

research to practical implementation in water and wastewater treatment processes and to provide 

suggestions for the determination of the most appropriate scenarios where P-CDP adsorbents 

should be applied. To target this goal, the following three research projects were designed and 

completed. 

Project A, entitled Benchmarking Micropollutant Removal by Activated Carbon and 

Porous β‑Cyclodextrin Polymers under Environmentally Relevant Scenarios1, benchmarks the 

performance of P-CDP against a coconut-shell AC (CCAC) with respect to the adsorption kinetics, 

MP removal, and resistance to fouling by common matrix constituents. Adsorption kinetics and 

MP removal were measured in batch and flow-through experiments for a mixture of 83 MPs at 

environmentally relevant concentrations (1 μg L−1) and across gradients of pH, NaCl (i.e., 

surrogate for inorganic ions), and humic acid (i.e., surrogate for DOM) concentrations. The 

                                                 
1Project A was published in Environmental Science & Technology and reformatted for this dissertation as Chapter 2. 
DOI: 10.1021/acs.est.7b00906 
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determined kinetic rate constants and the extent of MP removal demonstrate slower but more 

uniform uptake on CCAC and faster but more selective uptake on P-CDP. The selectivity of MPs 

for P-CDP reveals itself to be a function of a variety of MP physicochemical properties, among 

which the molecular size and charge state are identified as important contributors. The presence 

of matrix constituents (i.e., NaCl and humic acid) had a negative effect on the adsorption of MPs 

to CCAC but had almost no effect on adsorption of MPs to P-CDP, indicating the unique fouling 

mechanism on P-CDP 

Project B, entitled QSARs to predict adsorption affinity of organic micropollutants for 

activated carbon and β-cyclodextrin polymer adsorbents 2 , establishes Quantitative Structure-

Activity Relationships (QSARs) between the physicochemical properties of a diverse set of MPs 

and their distribution coefficients (KD) measured on CCAC and P-CDP to fully interpret the 

adsorption mechanisms on both adsorbents. A novel model-selection workflow was developed and 

applied to identify the most significant predictor variables from a total of 3565 molecular 

descriptors and parameterize the QSARs for CCAC and P-CDP by means of ordinary linear 

regression, respectively. The functional stability and predictive power of the resulting QSARs 

were confirmed with internal cross validation and external validation. The resulting QSARs can 

be employed to predict the adsorption affinity of thousands of MPs on CCAC and P-CDP during 

water or wastewater treatment. These quantitative models corroborate mechanistic interpretations 

achieved in previous research,  while simultaneously providing new insights into CCAC and P-

CDP adsorption mechanisms. In addition, the model-selection workflow is fully adaptable and can 

be used to generate mechanistically meaningful QSARs for other adsorbents or response variables.  

                                                 
2Project B was published in Water Research and reformatted for this dissertation as Chapter 3. 
DOI: 10.1016/j.watres.2019.02.012 
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Project C, entitled Evaluating the effects of water matrix constituents on micropollutant 

removal by activated carbon and β-cyclodextrin polymer adsorbents3, characterizes the influence 

of background water matrix constituents on the performance of CCAC and P-CDP adsorbents (i.e., 

original P-CDP employed in batch experiments and CDP@CMC employed in column experiments) 

for MP removal. The primary objective is to further our understanding of the fouling of both 

adsorbents and to identify the most appropriate type of implementation for P-CDP adsorbents. MP 

removal and breakthrough behaviors were measured in bench-scale simulations of BA-UF and 

PBF processes, respectively. Nanopure water and a variety of environmentally derived water 

samples were used to test the effects of unique water matrices. These water samples were fully 

characterized for general water quality parameters, enabling the identification of putative 

determinants of the fouling of CCAC and P-CDP. The extrapolated fouling mechanisms on CCAC 

corroborate the results from previous research about the fouling of AC adsorbents. For P-CDP 

adsorbents, the fouling depends on the charge state of MPs; the adsorption of cationic MPs is 

affected to the greatest extent which can be attributed to limited electrostatic interactions resulting 

from a high ionic strength, whereas the adsorption inhibition of neutral MPs is generally limited 

and can be primarily attributed to DOM with MW less than 600 Da. Importantly, by benchmarking 

the performance of P-CDP against CCAC in all experiments, the value of P-CDP as alternative 

adsorbents to AC has been verified for the removal of MPs during water and wastewater treatment.  

                                                 
3Project C will be submitted for peer-reviewed publication. 
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CHAPTER 2 – Benchmarking Micropollutant Removal by 

Activated Carbon and Porous β‑Cyclodextrin Polymers 

under Environmentally Relevant Scenarios 

 

Abstract 

The cost-effective and energy-efficient removal of organic micropollutants (MPs) from 

water and wastewater is challenging. The objective of this research was to evaluate the 

performance of porous β-cyclodextrin polymers (P-CDP) as adsorbents of MPs in aquatic matrixes. 

Adsorption kinetics and MP removal were measured in batch and flow-through experiments for a 

mixture of 83 MPs at environmentally relevant concentrations (1 μgL−1) and across gradients of 

pH, ionic strength, and natural organic matter (NOM) concentrations. Performance was 

benchmarked against a coconut-shell activated carbon (CCAC). Data reveal pseudo-second-order 

rate constants for most MPs ranging between 1.5 and 40 g mg−1 min−1 for CCAC and 30 and 40000 

g mg−1 min−1 for P- CDP. The extent of MP removal demonstrates slower but more uniform uptake 

on CCAC and faster but more selective uptake on P-CDP. Increasing ionic strength and the 

presence of NOM had a negative effect on the adsorption of MPs to CCAC but had almost no 

effect on adsorption of MPs to P-CDP. P-CDP performed particularly well for positively charged 

MPs and neutral or negatively charged MPs with McGowan volumes greater than 1.7 (cm3 

mol−1)/100. These data highlight advantages of P-CDP adsorbents relevant to MP removal during 

water and wastewater treatment.  
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2.1 Introduction 

Thousands of anthropogenic organic chemicals occur globally in surface and groundwater 

resources6,18,67. These so-called micropollutants (MPs) have raised concerns among a variety of 

stakeholders because exposure to them may pose significant risks to aquatic ecosystem and/or 

human health. For example, although MPs are generally present in water resources at low 

concentrations (on the order of µg L-1 or lower), endocrine disrupting effects such as intersex and 

reproductive failures have been reported for fish and other aquatic organisms living downstream 

from wastewater treatment plant outfalls11,68,69. Furthermore, drinking water providers are 

increasingly turning to water resources that are impaired by wastewater discharges or other 

anthropogenic activities16. Effects of long-term exposure to complex mixtures of MPs in drinking 

water may contribute to a variety of behavioral and health problems70 and have cascading effects 

on economic production17. 

Conventional water and wastewater treatment processes do not adequately remove many 

polar and semi-polar MPs5,71. This deficiency has motivated the development of advanced 

treatment processes to remove MPs during water or wastewater treatment. Advanced oxidation 

and activated carbon (AC) adsorption have attracted the most attention because of their 

technological and economic scalability20,72, though membrane filtration and reverse osmosis have 

also been considered22,23. Advanced oxidation processes reduce MP loads but are energy intensive, 

rely on chemical reagents, and may form oxidation products that retain toxic activity27,73,74. AC 

adsorption processes also remove MPs effectively, and powdered activated carbon processes have 

become favored for water and wastewater treatment20. AC adsorption completely removes MPs 

without forming oxidized byproducts, resulting in a greater reduction in residual toxicity20. 

However, AC adsorption processes are more expensive than advanced oxidation because of the 
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large carbon doses needed to achieve similar treatment goals and the energy requirements of AC 

recovery and regeneration20. Further complications of AC adsorption arise from relatively slow 

adsorption kinetics34,35,75, poor affinity for polar MPs76, and the tendency to be fouled by natural 

organic matter (NOM) and other matrix constituents.77 

Several studies have focused on improving the efficiency of adsorption processes designed 

for MP removal. Adsorption kinetics have been recognized as an essential property that influence 

adsorbent doses, required contact times, and consequently the life-cycle costs and throughput of 

adsorption treatment processes. For example super-fine powdered activated carbon (SPAC) has 

been explored as a means to accelerate adsorption processes in drinking water47 and wastewater 

treatment33. The increased surface area of SPAC can greatly improve the kinetics of MP adsorption. 

But SPAC also interacts rapidly with NOM which limits MP adsorption capacity in natural 

waters33,47. Alternative adsorbents have also been explored, including carbonaceous resins, high-

silica zeolites, fly ash, chitosan, ore minerals, multi-walled carbon nanotubes, and synthetic 

polymer resins34,49–51,78–80. None of these materials have outperformed AC with respect to 

adsorption kinetics, adsorption capacity, and anti-fouling properties. 

β-cyclodextrin (β-CD) is an inexpensive, sustainably produced macrocycle of glucose. β-

CD’s cup-like shape provides a distinct hydrophobic interior cavity, which forms host-guest 

complexes with thousands of organic compounds. This property had led to the synthesis of a 

variety of β-CD-containing polymers for applications including pharmaceutical formulations, 

chemical separations, and as an ingredient in personal care products54,56,81. β-CD-containing 

polymers have also been considered as potential adsorbents for water purification, though the low 

surface areas of earlier polymer derivatives, most notably those cross-linked by epichlorohydrin, 

result in slow adsorption kinetics such that they perform worse than AC63. We recently cross-



 

17 
 

linked β-CD with a rigid aromatic group to provide the first mesoporous, high surface area β-CD-

containing polymer (Figure A1 in Appendix A)64. This porous β-CD polymer (P-CDP) 

outperformed many conventional adsorbents for the removal of several model organic molecules 

from water64. However, its performance as an adsorbent for broad sets of MPs has not yet been 

explored. The objective of this research was to evaluate the performance of P-CDP as an adsorbent 

of MPs in aquatic matrices under environmentally relevant scenarios. Adsorption kinetics and MP 

removal were measured in batch and flow-through experiments for a mixture of 83 structurally 

diverse MPs at environmentally relevant concentrations (1 µg L-1) and in the presence and absence 

of NOM. Adsorption performance was benchmarked against a conventional coconut-shell 

activated carbon (CCAC) adsorbent. The rapid adsorption kinetics and limited interactions with 

NOM suggest that P-CDP may be a promising alternative adsorbent for the removal of MPs during 

water and wastewater treatment.  
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2.2 Material and Methods 

2.2.1 Chemicals and reagents 

All experiments were performed with modified nanopure water at neutral pH. We selected 

90 MPs based on their environmental relevance5,67,82 and previous reports of their adsorption onto 

AC34,35 and that represent of a broad range of physicochemical properties. Stock solutions of each 

compound were prepared at a concentration of 1 g L-1 using 100% HPLC-grade methanol with the 

exception of penciclovir, which was prepared in nanopure water. The stock solutions were used to 

prepare an analytical mix containing all 90 MPs at a concentration of 10 mg L-1 using nanopure 

water. The stock solutions and the analytical mixes were stored at -20°C and 4°C, respectively. 

Detailed information about each MP is provided in Appendix A. 

2.2.2 Adsorbents 

P-CDP was synthesized as previously described64 and the CCAC is commercially available 

(AquaCarb 1230C, Westates Carbon, Siemens, Roseville, MN). The as-synthesized P-CDP 

manifests as a yellowish powder with an average particle size on the order of 50-60 microns. To 

increase the similarity in particle size between the P-CDP and CCAC, the CCAC was pulverized 

with a mortar and pestle until >95% (mass) passed a 74-m sieve (200 U.S. mesh). The CCAC 

that remained on the sieve was remixed with the CCAC that passed through the sieve to get an 

unbiased mixture and to prevent any physicochemical differences between the two fractions, as 

has been previously described34. This procedure enhanced the adsorption kinetics of CCAC in 

batch experiments. The P-CDP and the pulverized CCAC were dried under vacuum in a desiccator 

for one week and stored in a refrigerator at 4 °C.  
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2.2.3 Batch experiments 

Batch experiments were performed in 125 mL glass Erlenmeyer flasks with magnetic stir 

bars on a multi-position stirrer (VWR) with a stirring rate of 400 revolutions per minute (rpm) at 

23 °C. Batch experiments investigating the CCAC were performed at a dose of 10 mg L-1 and 

batch experiments investigating P-CDP were performed at doses of 10 mg L-1 and 50 mg L-1. The 

MPs were spiked to generate an initial concentration of each adsorbate of 1 g L-1. The adsorbent 

and adsorbate doses were selected according to previous research investigating MP uptake on the 

same CCAC34. It should also be noted that these adsorbate and adsorbent doses result in a great 

excess of cyclodextrin binding sites, such that competitive adsorption is not expected to be 

important in these studies. To restore the full capacity of the vacuum-dried adsorbents, 10 mg of 

adsorbent were added to a 20 mL amber vial containing nanopure water (10 mL) to yield a 1 g L-

1 suspension. The suspension was mixed with a vortex mixer (Fisher Scientific) for 30 seconds, 

sonicated for 1 minute to break small aggregates, and then stirred on a multi-position stirrer for 30 

minutes at 360 rpm. Following this restoration procedure, appropriate volumes of nanopure water, 

the analytical MP mix (100 g L-1), and the adsorbent suspension (1 g L-1) were added to each 

flask successively. Samples were collected in 8 mL volumes at predetermined sampling times (0, 

0.05, 0.17, 0.5, 1, 5, 10, 30, 60, 90, 120 minutes) and filtered through a 0.22 m PVDF syringe 

filter (Restek). Control experiments to account for other MP losses were performed under the same 

conditions with no addition of adsorbent. All batch experiments (including controls) were 

performed with 5 replicates. All samples were analyzed by means of high-performance liquid 

chromatography and tandem mass spectrometry (HPLC-MS/MS) to determine the aqueous phase 
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concentration of each MP as a function of contact time with the adsorbent. The adsorption density 

of each MP as a function of time was determined using the following equation: 

𝑞 =
𝐶 − 𝐶

𝐶
 Equation 2.1 

where qt (mg g-1) is the amount of a MP adsorbed on the solid phase at any time t; C0 (ng L-1) is 

the average concentration of a MP in the samples of the control experiments; Ct (ng L-1) is the 

concentration of a MP in the liquid phase at any sample time t; and CA (mg L-1) is the concentration 

of adsorbent. The batch kinetics of each adsorbent can then be described with Ho and McKay’s 

pseudo-second order adsorption model65 in a linearized form as the following equation: 

𝑡

𝑞
=

𝑡

𝑞
+

1

𝑘 𝑞
 Equation 2.2 

where qe (mg g-1) is the amount of a MP adsorbed on the solid phase at equilibrium; and kobs (g 

mg-1 min-1) is the adsorption rate constant. Values for kobs were estimated at t=30 minutes for all 

MPs and for both adsorbents. The MP removal efficiency was determined by the following 

equation: 

𝑀𝑃 𝑅𝑒𝑚𝑜𝑣𝑎𝑙 =
𝐶 − 𝐶

𝐶
× 100 Equation 2.3 

MP Removal was calculated for each of the five replicate experiments at t = 5 minutes and 

t = 30 minutes and is reported as the average value plus/minus the standard deviation.  

2.2.4 Flow-through experiments 

Flow-through experiments were performed with a 10 mL Luer-Lock glass syringe and 

Restek 0.22 m PVDF syringe filters at 23 °C with a constant flow rate of 25 mL min-1, similar to 

those previously described64. Flow-through experiments were performed with either nanopure 

water or nanopure water amended with humic acid (HA) as a surrogate for NOM and/or NaCl as 

a surrogate for inorganic matrix constituents as previously described83,84. Phosphate buffer was 
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used to control the pH of the experiments. For experiments performed with nanopure water, the 

vacuum-dried adsorbents were prepared in the same way as was described for the batch 

experiments. For experiments performed with nanopure water amended with matrix constituents, 

the vacuum-dried adsorbents were prepared with the addition of 20 mg L-1 HA and 200 mg L-1 

NaCl. Following adsorbent preparation, syringe filters were loaded with adsorbent by passing 1 

mL of the activated suspension through the inorganic syringe filter to form a thin layer of 1 mg of 

CCAC or 1 mg or 5 mg of P-CDP on the filter surface. Following loading of the filters with 

adsorbent, 8 mL of the analytical mix (1 g L-1) was pushed through the adsorbent-loaded filter 

with constant pressure over 20 seconds. Control experiments were performed in the same way with 

no adsorbent on the filter to account for losses through the filter itself. All flow-through 

experiments (including controls) were conducted with 5 replicates. The filtrates were analyzed by 

means of HPLC-MS/MS to determine the aqueous phase concentration of each MP. The removal 

of MPs (in %) was then determined by the following equation: 

𝑀𝑃 𝑅𝑒𝑚𝑜𝑣𝑎𝑙 =
𝐶 − 𝐶

𝐶
× 100 Equation 2.4 

where C0 (ng L-1) is the average concentration of a MP in the samples of control experiments; and 

CI (ng L-1) is the concentration of a MP in the filtrate. MP Removal was calculated for each of the 

three replicate experiments and is reported as the average value plus/minus the standard deviation.  

2.2.5 Analytical methods 

The quantification of analytes from batch and flow-through experiments was performed by 

HPLC-MS/MS (QExactive, ThermoFisher Scientific). The analytical method was adopted from 

one previously reported for ultratrace level screening of polar and semi-polar organic chemicals82 

and included on-line solid phase extraction (EQuan Max Plus, ThermoFisher Scientific). Briefly, 

samples were injected at 5 mL volumes and were loaded onto an XBridge (Waters) C-18 Intelligent 
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Speed (2.1 mm × 20 mm, particle size 5 µm) trap column. Elution from the trap column and onto 

an XBridge (Waters) C-18 analytical column (2.1 mm × 50 mm, particle size 3.5 µm) was 

performed using a gradient pump delivering 200 µL min-1 of a water and MeOH mobile phase, 

each containing 0.1 vol% formic acid. The HPLC-MS was operated with electrospray ionization 

in positive and negative polarity modes. The MS acquired full-scan MS data within a mass-to-

charge range of 100–1000 for each sample followed by a data-dependent acquisition of product 

ion spectra (MS/MS). Analytes were quantified from external calibration standards based on the 

analyte responses by linear least-squares regression. Limits of quantification for each analyte were 

determined as the lowest point in the external calibration curve at which at least 5 MS scans were 

measured across a chromatographic peak and the most intense MS/MS product ion was still 

detected. Analytical details used for the detection and quantification of each analyte are provided 

in Appendix A.  
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2.3 Results and Discussion 

2.3.1 Adsorbent characterization 

Data from N2 adsorption isotherms indicate that the CCAC and P-CDP are mesoporous 

materials with Brunauer-Emmett-Teller (BET) surface areas of 1085 and 218 m2 g-1, respectively. 

Adsorption experiments were designed to enable a comparison of adsorption kinetics and MP 

removal efficiency for CCAC and P-CDP on the bases of equivalent adsorbent masses and 

equivalent adsorbent surface areas as has been previously described85. Based on these surface area 

measurements, equivalent surface area experiments were performed with an approximately five-

fold increase in P-CDP mass. More details about surface area and pore size distribution 

measurements for each adsorbent are provided in Appendix A. 

2.3.2 Analytical response to micropollutants 

Of the 90 MPs selected for this research, seven responded erratically to either the 

experimental (poor repeatability) or analytical conditions (poor limits of quantification). Therefore, 

the following sections describe the major results of the batch and flow-through experiments for 83 

of the 90 MPs. The full data set from batch and flow-through experiments for CCAC and P-CDP 

are provided in Appendix A. 

2.3.3 Batch experiments 

Based on the surface area measurements for each adsorbent, batch experiments were 

conducted with a CCAC dose of 10 mg L-1 and P-CDP doses of 10 mg L-1 (equivalent mass) or 50 

mg L-1 (equivalent surface area). Data from the batch experiments were first evaluated to estimate 

pseudo-second order adsorption rate constants (kobs) for each MP and each adsorbent according to 

the Ho and McKay model described in Equation 2.2. Kinetic data plotted according to the Ho and 

McKay model were generally linear for all MPs with 74 of 83 MPs having an R2>0.99 for P-CDP 
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(see Figure A6 for representative data sets). The estimated values of kobs for each MP on each 

adsorbent are presented in Table A3. In some cases, generally when little to no removal was 

observed, the linear form of the Ho and McKay model produced a negative value for the y-intercept 

and consequently for kobs. In this situation, we report a kobs of zero in Table A3 with the magnitude 

of the estimated kobs provided in parentheses. 

The estimated values of kobs for each MP on each adsorbent are summarized in Figure 2.1. 

Generally, if a kobs could be estimated from the data for a particular MP, its value was significantly 

greater on P-CDP than CCAC regardless of whether the experiments were conducted on an 

equivalent mass or equivalent surface area basis. In equivalent mass experiments, 70 of 83 MPs 

had an estimated kobs on P-CDP that was greater than that measured on CCAC with 46 of those 

having a kobs that was more than an order of magnitude greater. In equivalent surface area 

experiments, 73 of 83 MPs had an estimated kobs on P-CDP that was greater than that measured on 

CCAC with 69 of those having a kobs that was more than an order of magnitude greater. The only 

 

Figure 2.1. Comparison of pseudo-second-order rate constants (kobs) for the adsorption of each 
micropollutant by P-CDP and CCAC, as estimated from batch experiments conducted on (A) 
an equivalent mass basis and (B) an equivalent surface area basis. Colors indicate the charge 
state of the MP at the pH at which the experiment was conducted (pH = 7). 
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MPs that exhibited more rapid removal by CCAC were those that were not efficiently removed by 

P-CDP and for which kobs was assigned a value of zero (data on x-axis), as described above. The 

estimated kobs values for the majority of MPs ranged between 1.5 and 40 g mg-1 min-1 for CCAC 

and between 30 and 40000 mg-1 min-1 for P-CDP. These data corroborate our earlier observations 

of nearly instantaneous equilibrium adsorption of several model organic molecules on P-CDP64. 

The rapid MP uptake by P-CDP is attributed to the instantaneous accessibility of the β-CD binding 

sites in the polymer due to its porosity and high surface area64.  

The estimated values of kobs describe the rate at which adsorption equilibrium is attained, 

but do not provide any insight on the affinity of each MP for each adsorbent. To enable a more 

robust interpretation of MP affinity for each adsorbent, the percent removal of each MP after 5 

minutes and 30 minutes for CCAC and P-CDP is provided in Table A3 and the 5 minute removal 

on each adsorbent is summarized in Figure 2.2. We selected 5-minute and 30-minute removal 

because we observed equilibrium uptake on P-CDP in less than 5 minutes for most of the MPs and 

in less than 30 minutes for all of the MPs. Despite the faster adsorption kinetics exhibited by P-

CDP relative to CCAC, the extent of MP uptake at 5 minutes is more evenly split between the two 

adsorbents, which we attribute to differences in the affinities of each MP for each adsorbent under 

the experimental conditions. Whereas most MPs have moderate affinity for CCAC (represented 

by the majority of MPs exhibiting removal between 20-60%), the distribution of MP affinity for 

P-CDP is more variable, with some MPs having very strong affinity (more than 80% removal) and 

others having relatively weak affinity (removal less than 20%). Plots of adsorption uptake versus 

time for five representative MPs (Figure A7) confirm that equilibrium uptake (kobs) on P-CDP is 

attained within minutes for each MP, though the extent of MP uptake at equilibrium varies. 

Therefore, we defined five removal groups into which each MP could be binned: group 1 (G1) 
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contains compounds with removal between 80 – 100%; group 2 (G2) contains compounds with 

removal between 60 – 80%; group 3 (G3) contains compounds with removal between 20 – 60%; 

group 4 (G4) contains compounds with removal between 5 – 20%; and group 5 (G5) contains 

compounds with removal between 0 – 5%. An accounting of MP uptake in each of the batch 

experiments at 5 minutes and 30 minutes as a function of these removal groups is provided in 

Table 2.1. Several important observations are worth noting with respect to these data. First, 19 

and 37 MPs are classified as G1 compounds (>80% removal) at 5 minutes for P-CDP in equivalent 

mass and surface area experiments, respectively. These data demonstrate that the rapid adsorption 

kinetics of P-CDP can provide nearly complete removal of certain MPs within 5 minutes, and that 

an increase in adsorbent mass results in greater removal for more MPs. In contrast, only three MPs 

were classified as G1 compounds at 5 minutes for CCAC. Second, the distribution of MPs among 

the removal groups at 5 minutes was more even for P-CDP than CCAC. This observation 

highlights the relatively slow but more uniform uptake of MPs on CCAC and the relatively rapid 

 

Figure 2.2. Comparison of the percent removal of each micropollutant after 5 min contact time 
with either P-CDP or CCAC, as measured from batch experiments conducted on (A) an 
equivalent mass basis and (B) an equivalent surface area basis. Error bars in each panel 
represent the standard deviation of five measurements. Colors indicate the charge state of the 
MP at the pH at which the experiment was conducted (pH = 7). 
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but more selective uptake of MPs on P-CDP, confirming that most MPs have a moderate affinity 

for CCAC, but a more variable affinity for P-CDP. Third, because of the rapid rate at which 

equilibrium adsorption is attained, the distribution of MPs among the removal groups does not 

change much for P-CDP from 5 minutes to 30 minutes of contact time. However, due to the slower 

and non-selective uptake of MPs on CCAC, the distribution of MPs among the removal groups 

changes significantly for CCAC from 5 minutes to 30 minutes of contact time. Finally, the 

distribution of MPs among the removal groups is nearly identical for the equivalent surface area 

experiments when comparing 5 minute removal on P-CDP (50 mg L-1) versus 30 minute removal 

on CCAC (10 mg L-1). This demonstrates that higher concentrations of P-CDP can achieve similar 

uptake performance of CCAC with significantly shorter contact times, though it is not clear 

whether this increase in performance is the result of the increased surface area or simply the 

increased adsorbent mass. This is an important future consideration because the porosity and 

composition of P-CDP vary depending on the polymerization conditions64, and variants with 

Table 2.1. Classification of Micropollutants into Removal Groups for Each Experiment. 

 
5-minute removal batch 30-minute removal batch 

CCAC 
10 mg L-1 

P-CDP 
10 mg L-1 

P-CDP 
50 mg L-1 

CCAC 
10 mg L-1 

P-CDP 
10 mg L-1 

P-CDP 
50 mg L-1 

Group 1 3 19 37 38 23 40 

Group 2 13 13 7 28 14 5 

Group 3 60 17 26 15 16 24 

Group 4 5 23 12 0 18 11 

Group 5 2 11 1 2 12 3 

 
Flow-through Flow-through + NOM 

CCAC 
1 mg 

P-CDP 
1 mg 

P-CDP 
5 mg 

CCAC 
1 mg 

P-CDP 
1 mg 

P-CDP 
5 mg 

Group 1 13 36 62 13 44 66 

Group 2 44 12 5 18 11 9 

Group 3 21 21 12 36 25 7 

Group 4 4 13 4 15 3 1 

Group 5 1 1 0 1 0 0 
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higher surface area and/or MP affinity may emerge with further optimization of the polymerization. 

Overall, these data from the batch experiments demonstrate that MP uptake on P-CDP is generally 

rapid, but selective, with some MPs attaining complete uptake in 5 minutes and others being 

removed to only minor extents even after 30 minutes of contact time. In contrast, CCAC exhibits 

relatively slow uptake kinetics, though uptake is rather uniform among the MPs, with increasing 

extents of uptake of most MPs over time. 

2.3.4 Flow-through experiments  

We also characterized the performance of P-CDP as an adsorbent by evaluating the 

instantaneous removal of MPs in flow-through experiments that simulate filtration-type adsorption 

processes. The same mixture of 90 MPs was pushed through thin layers of each adsorbent 

immobilized on a non-adsorbent membrane at a constant flow rate. Experiments were conducted 

with 1 mg of CCAC and 1 mg (equivalent mass) or 5 mg (equivalent surface area) of P-CDP. 

Differences in measured concentrations before and after filtration were used to calculate the 

removal of each MP in each experiment as described in Equation 2.4. The removal percentages 

of each MP in the flow-through experiments are provided in Table A4 and the data are summarized 

in Figure 2.3. The distribution of MPs among the previously defined removal groups for each of 

the flow-through experiments is provided in Table 2.1.  

A total of 47 and 72 MPs were removed to greater extents by P-CDP in flow-through 

experiments conducted on equivalent mass and surface area bases, respectively. Importantly, 36 

and 62 of those MPs were classified as G1 compounds whereas only 13 MPs were classified as 

G1 compounds for CCAC. This provides another example of how the rapid adsorption kinetics 

exhibited by P-CDP can lead to significant removal of MPs even in processes providing limited 

contact time. The distribution of the MPs among the removal groups is likewise informative. 
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CCAC again exhibits a rather non-selective performance, with a majority of MPs classified as G2 

compounds in the flow-through experiments. For P-CDP, the majority of MPs are classified as G1 

compounds for both equivalent mass and equivalent surface area experiments, though the 

remaining MPs are more evenly distributed among the other removal groups, particularly for the 

equivalent mass experiments. These data again suggest a selectivity to MP uptake on P-CDP that 

becomes less important when more adsorbent mass or more adsorbent surface area is available. 

Finally, despite this selectivity, it is important to emphasize that the MPs that are efficiently 

removed by P-CDP are nearly completely removed in the flow-through experiments; 24 and 44 of 

the MPs exhibit greater than 95% removal in equivalent mass and surface experiments, 

respectively, whereas only one MP is removed to that extent by CCAC.  

In general, the performance of both adsorbents in terms of MP removal efficiency was 

better in flow-through experiments than in batch experiments. For P-CDP, the enhanced 

performance resulted in the majority of individual MPs being promoted from one removal group 

 

Figure 2.3. Comparison of the removal percentages by P-CDP and CCAC measured for each 
micropollutant from flow-through experiments conducted on (A) an equivalent mass basis and 
(B) and equivalent surface area basis. Error bars in each panel represent the standard deviation 
offive measurements. Colors indicate the charge state of the MP at the pH at which the 
experiment was conducted (pH = 7). 
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to an adjacent removal group. This is exemplified by the data presented in Figure A8, where we 

plot the 5 minute removal measured in batch versus the removal in flow-through for equivalent 

mass and surface area experiments. The repeatable and monotonic nature of this relationship 

confirms that the relative removal among the MPs is consistent between the two types of 

experiments, though the concavity of the relationship indicates that the overall removal for most 

MPs is greater in the flow-through experiment. The improved performance in flow-through 

experiments is attributed to either a nearly four times greater ratio of adsorbent mass to volume of 

treated water in the flow through experiment or to better contact between each adsorbate and the 

adsorbent in the flow-through experiment. In contrast, the enhanced performance observed for 

CCAC was not nearly as systematic, and individual MPs demonstrated very different behavior 

among the experiments, as shown in Figure A9. The non-monotonic nature of this relationship 

confirms that some MPs behaved in very different ways between the experiments. Of note are the 

seven MPs that were classified as G4 or G5 compounds in the batch experiments and as G1 or G2 

compounds in the flow-through experiments. These seven MPs include albuterol, amphetamine, 

atenolol, fluoxetine, morphine, tramadol, and venlafaxine. Interestingly, these are all positively 

charged molecules at neutral pH. ACs are generally expected to carry negative surface charges due 

to the presence of oxides formed during activation86, so the behavior observed in the flow-through 

experiments is consistent with expectations of electrostatic interactions. It is unclear why these 

MPs exhibit poor uptake on CCAC in the batch experiments, though it may be the result of 

displacement of positively charged MPs by those exhibiting stronger affinities to CCAC through 

hydrophobic interactions in the longer batch experiments. 

One of the main deficiencies of CCAC as an adsorbent is its tendency to be fouled by NOM 

and other matrix constituents77. Therefore, we evaluated the performance of both adsorbents in the 
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presence of NOM and inorganic ions. We repeated the flow-through experiments across gradients 

of humic acid (as a surrogate for NOM) dosed at concentrations between 2 mg/L and 200 mg/L 

and NaCl dosed at concentrations between 2 mg/L and 2000 mg/L. These data are presented and 

discussed in Figures A10 and A11 of Appendix A for P-CDP and CCAC, respectively. The results 

show limited influence of NOM and NaCl on the uptake of MPs on P-CDP across the gradients, 

but a significant influence of NOM and NaCl on the uptake of MPs on CCAC, as expected77. We 

also repeated the flow-through experiments on both equivalent mass and surface area bases in the 

presence of 20 mg L-1 of HA (as a surrogate for NOM) and 200 mg L-1 of NaCl to simulate the 

conditions in a typical surface water system83,84. The removal percentages of each MP in each 

experiment are provided in Table A4 and the data are summarized in Figure 2.4. The distribution 

of MPs among the previously defined removal groups for each of the flow-through experiments in 

the presence of NOM and inorganic matrix constituents are provided in Table 2.1. Again, the 

 

Figure 2.4. Comparison of the removal percentages by P-CDP and CCAC measured for each 
micropollutant from flow-through experiments conducted with added matrix constituents (20 
mg L−1 NOM and 200 mg L−1 NaCl) on (A) an equivalent mass basis and (B) and equivalent 
surface area basis. Error bars in each panel represent the standard deviation of five 
measurements. Colors indicate the charge state of the MP at the pH at which the experiment 
was conducted (pH = 7). 
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addition of matrix constituents had a significant negative influence on the adsorption of MPs to 

the CCAC, likely as the result of a direct-site-competition or pore-blockage mechanism87. In 

contrast, no significant negative effect was observed for P-CDP. This latter observation is not 

necessarily unexpected; the binding sites of β-CD are contained inside its 0.78 nm diameter interior 

cavity54. Host-guest complex formation requires that organic molecules fit inside the interior cavity 

of β-CD and large organic molecules do not bind well with β-CD, presumably due to a size-

exclusion mechanism88–91. This result is particularly exciting because it suggests that P-CDP might 

not be fouled by NOM in natural waters, instead reserving its binding sites for smaller organic 

molecules. Remarkably, 75 and 79 MPs were removed to greater extents by P-CDP in the presence 

of matrix constituents in experiments conducted on equivalent mass and surface area bases, 

respectively. Of those, 44 and 66 were classified as G1 compounds whereas only 13 MPs were 

classified as G1 compounds for CCAC in the presence of NOM and matrix constituents.  

2.3.5 Adsorption as a function of chemical properties 

The apparent selectivity of the P-CDP observed in both batch and flow-through 

experiments was an unexpected result that was subjected to further investigation. We used 

database searches and computational software92,93 to estimate the values of a set of molecular 

descriptors for each of the MPs included in this study including organic phase-water partitioning 

constants (e.g., log Kow) and the Abraham parameters frequently used to describe solid-water 

partitioning in linear free energy relationships94,95. These data were analyzed in combination with 

the observed removal data to identify chemical properties that determine the selectivity of a MP 

for P-CDP. 

In an analysis of the molecular descriptors that play a role in the selectivity of MPs for P-

CDP, the McGowan volume, which expresses the bulk size of one mole of molecules of a given 
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compound96, yielded the strongest association. The McGowan volumes of the MPs included in this 

study range between 0.9 (perfluorobutanoic acid and allopurinol) and 5.8 (erythromycin) (cm3 mol-

1)/100. The full set of values of the McGowan volume for all MPs are presented in Table A1. A 

total of 14 MPs were classified as G5 compounds (removal between 0 – 5%) for P-CDP in at least 

one of the experiments, as detailed in Table 2.1. These include 2,4-D, acetaminophen, allopurinol, 

caffeine, carbofuran, clofibric acid, dimethoate, MCPA, mecoprop, meprobamate, methomyl, 

paraxanthine, PFBA, and PFOA. All 14 of these MPs have McGowan volumes of less than 1.7 

(cm3 mol-1)/100 and are either neutral or negatively charged under the experimental conditions. 

Only 4 of the 34 MPs with a McGowan volume less than 1.7 (cm3 mol-1)/100 were classified as 

G2 or G1 compounds in any of the experiments; these include one positively charged MP 

(amphetamine), one negatively charged MP (oxybenzone), and two neutral MPs (diuron and 

linuron). These data suggest that small molecules generally have low affinity for P-CDP, but that 

there are other molecular properties that are also important determinants of affinity for P-CDP. In 

contrast, 45 of the 49 MPs with McGowan volume greater than 1.7 (cm3 mol-1)/100 were classified 

as G1 compounds in the majority of experiments, which demonstrates strong affinity for P-CDP 

among MPs of this size. Similar to the discussion with respect to large NOM molecules, the weaker 

binding of the smallest MPs can be rationalized by the size of the interior cavity of β-CD. Whereas 

small MPs have access to the interior cavity of β-CD, their size might limit interactions with the 

binding sites and thereby limit their affinity for P-CDP88–91. Noting this trend, one further 

advantage of rationally synthesized adsorbents is that their structures can be modified to control 

their selectivity. For example, a similar polymer constructed from -CD monomers, which have 

an interior cavity with a diameter of 0.57 nm97, might exhibit greater affinity towards some or all 

of the smaller MPs. The largest compound included in this study was erythromycin, which was 
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classified as a G1 or G2 compound among the majority of experiments; therefore, it is not clear 

what the upper boundary of McGowan volume is before size-exclusion limits access to the binding 

site, as it did for NOM.  

Another chemical property that apparently plays a role in the selectivity of MPs for P-CDP 

is the charge state of the MP. Under the experimental conditions, 43 of the MPs are not ionized, 

17 are positively charged, 17 are negatively charged, and 6 exist as zwitterions. All 17 of the 

positively charged MPs were classified as G1 compounds in all of the experiments, regardless of 

the McGowan volume. This is exemplified in Figures 2 through 4, where the data are plotted as a 

function of the charge state. The red data representing the positively charged MPs are consistently 

removed to the greatest extents. The strong affinity of positively charged MPs for P-CDP was 

unexpected, and has not been reported for other CD-containing polymers. A recent study 

demonstrated the selective uptake of organic cations by nanoporous networks containing 

fluorinated aromatic crosslinkers98; this surprising affinity for cations was attributed to the lack of 

a σ-hole for fluorines bonded to carbon atoms. P-CDP may leverage these interactions in concert 

with or in addition to traditional β-CD host-guest complexation to yield strong affinity for 

positively charged MPs. This strong affinity for positively charged molecules could be a useful 

feature to exploit, particularly in acidic wastewaters or in treatment systems in which pH can be 

adjusted. Equally interesting to note is that the high affinity for positively charged MPs does not 

come with a concomitant low affinity for negatively charged MPs. As can be seen by the blue data 

in Figures 2.2 through 2.4, there is no discrimination for negatively charged MPs as they exhibit 

both high and low affinities for P-CDP, depending on other yet unidentified molecular properties. 

Together, this analysis of chemical properties suggests that P-CDP adsorbents will 

generally perform particularly well for positively charged MPs and for negatively charged or 
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neutral MPs with McGowan volumes >1.7 (cm3 mol-1)/100 and less well for negatively charged 

or neutral MPs with McGowan volumes <1.7 (cm3 mol-1)/100.  

2.3.6 Implications for water treatment 

Cost-effective and energy-efficient technologies are needed to enhance the removal of MPs 

in water and wastewater treatment systems. Despite their expense, AC adsorption processes have 

emerged as a leading alternative20, though they are limited by relatively slow adsorption kinetics 

and a tendency to become fouled by NOM and other matrix constituents. Our results suggest that 

P-CDP adsorbents address these specific deficiencies and therefore might be developed into a 

viable alternative or complementary adsorbent in water and wastewater treatment. Further, our 

previous study demonstrated that P-CDP polymers can be regenerated by washing with benign 

solvents at ambient temperatures with no loss in performance over at least five cycles64. This 

feature could lead to significant cost and energy savings over the life-cycle of the adsorbent, though 

careful evaluation of regeneration potential of diverse groups of MPs and under environmentally 

relevant scenarios is still required. Finally, P-CDP is prepared in a single step from commercially 

available monomers, including the commodity chemical β-CD. Because it is synthesized through 

a rational process, many related compositions of P-CDP and related polymers based on other cross-

linkers can be designed to target improved performance or different selectivity. These factors make 

it possible that P-CDP might be produced at large scales and deployed with competitive life-cycle 

costs to ACs used in water and wastewater tretaemnt64. Together, these features all suggest that P-

CDP may be a promising alternative adsorbent for the removal of MPs during water and 

wastewater treatment. 
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CHAPTER 3 – QSARs to Predict Adsorption Affinity of 

Organic Micropollutants for Activated Carbon and 

β-cyclodextrin Polymer Adsorbents 

 

Abstract 

The removal of organic micropollutants (MPs) from water by means of adsorption is 

determined by the physicochemical properties of the adsorbent and the MPs. It is challenging to 

predict the removal of MPs by specific adsorbents due to the extreme diversity in physicochemical 

properties among MPs of interest. In this research, we established Quantitative Structure–Activity 

Relationships (QSARs) between the physicochemical properties of a diverse set of MPs and their 

distribution coefficients (KD) measured on coconut shell activated carbon (CCAC) and porous β-

cyclodextrin polymer (P-CDP) adsorbents. We conducted batch experiments with a mixture of 200 

MPs and used the data to calculate KD values for each MP on each adsorbent under conditions of 

infinite dilution (i.e., low adsorbate concentrations). We used computational software to calculate 

3656 molecular descriptors for each MP. We then developed and applied a model-selection 

workflow to identify the most significant molecular descriptors for each adsorbent. The functional 

stability and predictive power of the resulting QSARs were confirmed with internal cross 

validation and external validation. The applicability domain of the QSARs was defined based on 

the most significant molecular descriptors selected into each QSAR. The QSARs are predictive 

tools for evaluating adsorption-based water treatment processes and provide new insights into 

CCAC and P-CDP adsorption mechanisms.  
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3.1 Introduction 

There is increasing interest in the removal of organic micropollutants (MPs) from water5,99. 

Activated carbon adsorption has become an important treatment technology for MP removal 

during water and wastewater treatment20,33,100,101. Whereas activated carbon (AC) is an inexpensive 

and widely available adsorbent, its hydrophobic and non-selective surfaces are readily fouled by 

natural organic matter (NOM) and its porous structure results in rather slow, diffusion-limited 

kinetics33,35,102. These deficiencies have motivated studies into alternative adsorbents for MP 

removal during water and wastewater treatment. For example, porous β-cyclodextrin polymers (P-

CDP) crosslinked with tetrafluoroterephthalonitrile rapidly remove MPs from water with little or 

no interference from NOM103,104, though MP uptake on P-CDP is rather selective and favors MPs 

with certain undefined physicochemical properties105. 

Regardless of the adsorbent selected for MP removal during water or wastewater treatment, 

performance prediction is difficult due to the extreme diversity in the chemical structures among 

MPs of interest106,107. Distribution coefficients (KD) are frequently used to describe the affinity of 

an adsorbate for an adsorbent and are used to predict the performance of adsorption processes108–

110. KD values measured under conditions of infinite dilution (i.e., low adsorbate concentrations) 

are used to represent the linear range of non-linear isotherms and to predict the extent of adsorption 

of adsorbates present at low concentrations110. Therefore, KD values for MPs measured under 

conditions of infinite dilution can be used to predict MP adsorption behavior within the full linear 

range of the adsorption isotherm, which is the relevant range for MPs that are present in water at 

trace concentrations (i.e., µg L-1 or lower). KD values measured at environmentally relevant 

concentrations have been reported for some MPs on AC42,111,112, but few KD values have been 

reported for MPs on other alternative adsorbents. Considering the large number of MPs of interest 
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in water and wastewater treatment and the increasing types of adsorbents available for 

implementation in adsorption processes, experimental measurements of KD values at 

environmentally relevant concentrations for all MPs on all adsorbents would be time-consuming 

and cost-prohibitive. Therefore, there is a need for tools that can provide accurate, quantitative 

estimates of KD values at environmentally relevant concentrations for many MPs on a variety of 

adsorbents.  

Quantitative Structure-Activity Relationships (QSARs) are regression or classification 

models that relate a set of predictor variables to the potency of a response variable. QSARs have 

been widely applied in pharmacology, chemical engineering, and environmental engineering to 

build predictive models between molecular descriptors and different functional endpoints107,113–115. 

For example, QSARs have been used to predict the oxidation of organic contaminants by 

TAML/H2O2
115, the rejection of haloacetic acids by reverse osmosis 116, the partitioning behavior 

of organic molecules between different phases117,118, and KD values of organic molecules on AC 

and engineered adsorbents111,119–122. These latter studies demonstrate the power and utility of 

QSARs to predict KD values of organic molecules on different adsorbents, though the applicability 

domain of the resulting QSARs is limited because they were trained on data from sets of simple 

organic molecules with similar structures111,119,123, or from a limited number of MPs to simplify 

model selection112. As a result, there are no QSARs to predict KD values of MPs with diverse 

chemical structures on AC or P-CDP or other alternative adsorbents. Advances in this area have 

been limited by a lack of experimentally derived KD values for diverse sets of MPs and challenges 

associated with model selection for high dimensional datasets. QSARs that predict KD values can 

also be interpreted to derive insights on the mechanistic aspects of adsorption processes. Although 
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the major mechanisms that drive MP adsorption on AC have been previously reported42,124,125, we 

have a limited understanding of the mechanisms that drive adsorption on P-CDP.  

The objectives of this study were to: (1) experimentally derive KD values for 200 

structurally diverse MPs on coconut shell activated carbon (CCAC) and P-CDP adsorbents; and 

(2) develop QSARs between the physicochemical properties of the MPs and their measured KD 

values. We performed batch adsorption experiments with 200 MPs under conditions of infinite 

dilution and used the data to calculate KD values for 169 and 181 MPs on CCAC and P-CDP, 

respectively, which were used for model training and validation. We used the Dragon 7 software 

to calculate 3656 molecular descriptors for each MP that include both 2D and 3D descriptors. We 

developed and applied a model-selection workflow to parameterize a multiple linear regression 

model that is initiated with an elastic net regularization and further culled by both direction 

stepwise regression and all possible regression analyses. The final QSARs contain 14 and 8 

molecular descriptors for CCAC and P-CDP, respectively, and we define an applicability domain 

based on the three most significant molecular descriptors selected in each QSAR. The QSARs 

have utility as predictive tools for evaluating adsorption-based water treatment processes and 

provide new insights into CCAC and P-CDP adsorption mechanisms.  
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3.2 Material and Methods 

3.2.1 Chemicals and adsorbents 

All experiments were performed with modified nanopure water at pH of 6.6, which was 

confirmed to be stable by measuring pH at the beginning and the end of each experiment. We 

selected 200 MPs that are environmentally relevant82,126,127, have been previously studied for 

adsorption on CCAC34,42, and are representative of a broad range of physicochemical properties 

including ionization potential. A list of all MPs along with their 2D structures and respective 

charge state at pH 6.6 is provided in Table B1 of Appendix B. Stock solutions of each MP and an 

analytical mixture containing all 200 MPs were prepared as previously described105. CCAC and 

P-CDP adsorbents were prepared and synthesized, respectively, using previously established 

methods64,103. The characterization of particle sizes, surface area, and porosity for both adsorbents 

were reported in our previous publications64,103. The surface charges of CCAC and P-CDP are 

positive and negative at pH 6.6, respectively42,128. 

3.2.2 Experiments to calculate distribution coefficients under conditions of infinite dilution 

Experiments to calculate distribution coefficients were performed in 125 mL glass 

Erlenmeyer flasks with magnetic stir bars on a multi-position stirrer (VWR) with a stirring rate of 

400 revolutions per minute (rpm) at 23 °C. Under conditions of infinite dilution, the KD value of 

an MP will remain constant over a range of equilibrium adsorption scenarios (i.e., equilibrium will 

represent the linear range of the non-linear isotherm)110. To ensure we were measuring KD values 

under conditions of infinite dilution, MPs were spiked to generate an initial concentration of each 

adsorbate of 2 µg L-1 and we performed experiments with CCAC at adsorbent doses of 5, 10, and 

20 mg L-1 and experiments with P-CDP at adsorbent doses of 25, 50, and 100 mg L-1. These 

adsorbate and adsorbent doses were selected according to previous research investigating 
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adsorption onto CCAC and P-CDP and were expected to yield suitable estimates of the distribution 

coefficient (𝐾 ) for each MP under conditions of infinite dilution103. The restoration of the dried 

adsorbents was performed as previously described to generate a suspension of each adsorbent103. 

Following this restoration procedure, appropriate volumes of nanopure water, the analytical MP 

mixture (100 g L-1), and the adsorbent suspension (1 g L-1) were added to each flask successively. 

Samples were collected in 8 mL volumes at predetermined sampling times (1 hour for P-CDP; 4 

hours for CCAC) and filtered through a 0.22 m PVDF syringe filter (Restek). Though most MPs 

require more than 2 days to achieve 100% adsorption equilibrium on CCAC, at least 95% of the 

equilibrium adsorption capacity was achieved within 4 hours for all MPs on CCAC in this study. 

The rapid adsorption equilibrium could be attributed to the smaller particle size, the relatively high 

ratio of adsorbents to adsorbates, and the relatively clean matrix (i.e., nanopure water) employed 

in this study. Control experiments to account for other MP losses were performed under the same 

conditions with no addition of adsorbent. The MP recovery rate was evaluated as the average 

recovery of all MPs in the control experiments, which was determined to be 96% ± 5%. All 

experiments (including controls) were performed with 5 replicates. The samples were analyzed by 

means of high-performance liquid chromatography and tandem mass spectrometry (HPLC-

MS/MS) to determine the aqueous phase concentration of each MP. The equilibrium concentration 

of MPs on the solid phase was determined by the following equation: 

𝑞 =
𝐶 − 𝐶

𝐶
 Equation 3.1 

where qe (mg g-1) is the amount of a MP adsorbed on the solid phase at equilibrium; C0 (mg L-1) is 

the average concentration of a MP in the samples of the control experiments; Ce (mg L-1) is the 
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average concentration of a MP in the liquid phase at equilibrium; and CA (g L-1) is the concentration 

of adsorbent. The distribution coefficient 𝐾  (L g-1) can then be determined as: 

𝐾 =
𝑞

𝐶
 Equation 3.2 

3.2.3 Analytical methods 

The quantification of analytes was performed by HPLC-MS/MS (QExactive, 

ThermoFisher Scientific) with a previously described analytical method incorporating large-

volume injection103. Analytical details used for the detection and quantification of each analyte 

can be found in a previously published work105. 

3.2.4 QSAR descriptors 

We used the Dragon 7 software129 to calculate 3656 QSAR descriptors for each MP as 

potential predictor variables. The descriptors can be classified into eight major categories based 

on the physicochemical properties they represent including: (1) electrostatic interactions (e.g., 

charges, ionization potential, and electronegativity); (2) hydrophilicity, lipophilicity, and 

hydrogen-bonding capacity; (3) molecular size, mass, and shape; (4) constitutional information 

(e.g., atoms, bonds, and functional groups); (5) molecular connectivity; (6) drug-like molecular 

structures; (7) geometrical information; and (8) molecular topology and symmetry113,129. The 

descriptors from these eight categories are denoted as C1 through C8 in the following discussion. 

We also used the PaDEL93 and Marvin130 software to calculate 1188 additional QSAR descriptors 

for each MP. We used this independent set of molecular descriptors to develop a second set of 

QSARs as a means to validate our mechanistic interpretations. 

3.2.5 Development of QSAR models 

We used our experimentally derived 𝐾  values as response variables and the 

comprehensive suite of QSAR descriptors as predictor variables to generate QSARs for each 
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adsorbent. We assumed that log 𝐾  values could be predicted as an additive and linear 

combination of transformed and untransformed predictor variables in the following form as has 

been previously described109,111,121: 

log 𝐾 =  𝛽  +  𝑥 𝛽 +  𝑥 𝛽 + ⋯ +  𝑥 𝛽  Equation 3.3 

where 𝛽  are the parameters of the model to be estimated and 𝑥  are the predictor variables. It is 

worth noting that some predictor variables calculated by Dragon 7 are provided as untransformed 

variables and in a mathematically transformed space (e.g., logarithmic transformation) in the event 

that any monotonic but non-linear relationship exists between these predictor variables and 

log 𝐾  values. A schematic describing the overall framework for data preparation and quality 

control, data partitioning, model selection, and model validation is provided in Figure 3.1 and a 

brief description follows. 

We first examined the full set of calculated 𝐾  values for each MP on each adsorbent and 

selected only those 𝐾  values for which the coefficient of variation (CoV) across all adsorbent 

 

Figure 3.1. A schematic describing the overall framework for data acquisition, data preparation 
and partitioning, and QSAR model selection and validation. 
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doses and replicates was less than 2% for use in model training and validation. This conservative 

criterion was implemented as a quality control measure to ensure that we were selecting constant 

KD values that represent the linear range of the non-linear isotherm and that no experimental or 

analytical biases were introduced into the QSAR. We next randomly partitioned the selected 𝐾  

values for each MP on each adsorbent into training data (80% of the observations) and validation 

data (20% of the observations) using a previously described approach131. The validation data were 

only used to evaluate the predictive power of the final QSARs. 

The model-selection workflow that we developed includes elastic net (EN) regularization 

followed sequentially by both direction stepwise regression and all possible regression (APR).   The 

EN regularization is a necessary initial step to address the ill-posed problem and the expected inter-

correlation among the predictor variables132–134. We employed EN with the package “glmnet” in 

R version 3.4.1. The parameters (written as the vector 𝛽) can be estimated by minimizing the sum 

of the squared errors (SSEs) and applying a penalty function that includes a hybrid Ridge and 

Lasso regression regularization term135: 

min
( , )∈ℝ

1

2𝑁
log 𝐾 − 𝛽 − 𝑥 𝛽 + 𝜆𝑃 (𝛽)  Equation 3.4 

where 

𝑃 (𝛽) = (1 − α)
1

2
||𝛽|| + 𝛼||𝛽||  Equation 3.5 

In Equation 3.5, 𝑃 (𝛽) is the EN penalty function, and is controlled with the mixing parameter α 

that can range between 0 (Ridge regularization) and 1 (Lasso regularization)132. The weight of the 

regularization is controlled by the value of 𝜆 in Equation 4, with larger values of 𝜆 leading to more 

regularization132. We used a random, leave-20%-out cross validation over 5000 iterations to 

identify the value of 𝜆 that optimizes the predictive performance (measured as Root Mean Squared 
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Error (RMSE)) of the QSAR for the training data136,137. We simultaneously varied the magnitude 

of α between 0 and 1.0 at steps of 0.025 to identify the optimal combination of 𝜆 and α that results 

in a QSAR with a low RMSE and a relatively small number of predictor variables. It is worth 

noting that, in this study, we employed the EN exclusively as an initial model selection technique 

rather than a final regression technique because the penalty function decreases the influence of the 

most significant predictor variables making it difficult to interpret the contribution of the selected 

predictor variables when evaluating adsorption mechanisms132,136,138. In other words, the EN was 

used primarily as a means to reduce the number of molecular descriptors from 3656 (1188 for 

PaDEL and Marvin models) to several dozen molecular descriptors that optimize the predictive 

performance within the EN framework. To obtain more mechanistically interpretable QSARs, we 

used a both direction stepwise regression routine implemented in R version 3.4.1 to select the most 

significant predictor variables from the set of predictor variables selected by the EN134. We cross-

validated the results of the both direction stepwise regression by randomly partitioning the training 

data into a new training set (80% of the original training data) and validation set (20% of the 

original training data) and performing an ordinary least squares regression over 5000 iterations. 

We calculated the average coefficient of determination (𝑄 ) of the validation sets among the 5000 

iterations and defined the model as functionally stable if the 𝑄  was greater than 0.8 and the 

difference between the adjusted R2 (𝑅 ) and the 𝑄  was less than 10%139,140. Finally, we 

implemented an APR analysis using a self-developed script for R version 3.4.1 to evaluate the 

importance and significance of each of the predictor variables selected by the both direction 

stepwise regression137. All possible model scenarios containing every combination of predictor 
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variables were constructed and evaluated based on the 𝑅  and the coefficient of determination 

(Q2) of the original validation data removed at the start of the workflow137,141. 

3.2.6 Defining the applicability domain 

Applicability domains (ADs) were defined for each of the final QSARs based on the most 

significant predictor variables selected into each QSAR as previously described139. Briefly, the 

values of the three most significant predictor variables for each of the MPs included in the original 

training data were plotted in three-dimensional space and the average coordinates of those points 

were determined. The Euclidian distance between the coordinates of each MP in three-dimensional 

predictor space to the average coordinates was calculated, and a boundary value for the Euclidian 

distance was defined as the AD.  
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3.3 Results and Discussion 

3.3.1 Experimentally derived KD values 

We performed adsorption experiments to calculate the KD values of 200 MPs on CCAC 

and P-CDP. The analytical data allowed us to calculate KD values for 175 and 186 MPs on CCAC 

and P-CDP, respectively. We then used the conservative criterion that the coefficient of variation 

across all experimental replicates must be less than 2% to select 169 and 181 KD values for QSAR 

building for CCAC and P-CDP, respectively. This criterion ensures that all KD values remain 

constant across experiments with all adsorbent doses, confirming that they adequately represent 

the linear range of the non-linear isotherm and can be used to predict adsorption behavior of MPs 

at environmentally relevant concentrations. The log10 KD values for each MP on each adsorbent 

are provided in Table B1 of Appendix B. The log10 𝐾  values of the MPs range between 0.7 to 

4.1 and -0.7 to 3.9 on CCAC and P-CDP, respectively. The magnitudes of these values reflect 

adsorption affinities in a similar range for each adsorbent, though the wider range of 𝐾  values for 

P-CDP suggests greater MP selectivity, as was previously reported103.  

3.3.2 QSAR model selection for KD values on CCAC 

We first randomly partitioned our dataset of 169 𝐾  values into training data (136 

observations) and validation data (33 observations) using a previously described approach131. We 

then used EN regularization with leave-20%-out cross validation133 to identify the optimized value 

of 𝜆 and simultaneously varied the magnitude of α between 0 and 1.0 at steps of 0.025 to identify 

the optimized value of α 136,137. The optimized EN model has 𝜆 =0.0279, α=1.0 (pure Lasso 

regularization), and 71 of the 3656 predictor variables are selected into the model. 

After employing EN regularization as an initial model selection technique, we next used 

both direction stepwise regression to evaluate the significance of each of the predictor variables 
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selected by the EN and to generate mechanistically interpretable QSARs134. Both direction 

stepwise regression reduced the number of predictor variables selected into the QSAR from 71 to 

26. The internal cross validation routine resulted in an average coefficient of determination (𝑄 ) 

of 0.85 with the difference between the 𝑅  and the 𝑄  less than 10%, verifying the functional 

stability of this QSAR139,140. The Q2 for this QSAR is 0.52 and the 𝑅  is 0.88 demonstrating 

outstanding predictive power and ability to fit the calculated KD values. Moreover, there is little 

influence of multicollinearity because the overall variance inflation factor (VIF) is less than 

five111,138. Therefore, we conclude that the both direction stepwise regression identifies the most 

significant combination of predictor variables from the optimized EN regularization scenario. We 

present a comparison of the predicted and calculated 𝐾  values resulting from this model selection 

in Figure 3.2(a). The blue circles represent the 136 KD values included in the model training and 

the red triangles represent the 33 KD values of the external validation data. According to point 

distribution, no MP among the training data nor in the validation data exhibits more than one log 

unit deviation from the best prediction line, demonstrating the outstanding statistical significance 

and predictive power of this QSAR. 

Though this QSAR is statistically significant and can perform reliable prediction of 𝐾  

values among the MPs studied, it is possible to use multiple linear regression techniques to 

discover QSARs with fewer predictors and similar performance137,142. Therefore, we employed an 

APR analysis to explore QSARs derived from an exhaustive set of sub-combinations of the 26 

predictor variables selected into the hybrid EN-both direction stepwise regression QSAR (i.e., a 

total of 226 scenarios). We used the values of 𝑅  and Q2 to evaluate the performance of each 

QSAR and identify the best-performing QSARs containing 1 to 26 predictor variables. The results 

presented in Figure 3.2(b) show the 𝑅  and the Q2 for each of the best-performing QSARs 
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containing 11 to 26 predictor variables (those with fewer than 10 predictor variables had relatively 

poor performance and are not considered further). Interestingly, the 𝑅  increases as the number 

 

Figure 3.2. QSAR model building for CCAC: (A) comparison of the experimental log KD (L/g) 
values and the predicted log KD (L/g) values with the QSAR model containing 26 descriptors 
selected by the hybrid EN-both direction stepwise regression - the solid black line is the best 
prediction line and the blue and red dashed lines represent 0.5 and one log unit deviation, 
respectively; (B) the bar and line plots show the adjusted R2 and the Q2 of best APR models 
with 11 to 26 descriptors, respectively; (C) comparison of the experimental values of log KD 
(L/g) and the predicted values of log KD (L/g) with the final QSAR model of 14 descriptors - 
the solid black line is the best prediction line and the blue and red dashed lines represent 0.5 
and one log unit deviation, respectively; (D) the bar and line plots show the importance 
(measured as the decrease of 𝑅 when the respective predictor variable is removed from the 
QSAR) and the significance (measured by taking negative log10 of the p-value of the t-test for 
each predictor variable) of each descriptor in the final QSAR model. 



 

50 
 

of predictor variables selected into the QSAR increases and the Q2 increases and then decreases as 

the number of predictor variables selected into the QSAR increases. This observation indicates 

that selecting more predictor variables increases the fitting of the training set at the sacrifice of 

out-of-sample predictive power. To minimize over-fitting and improve out-of-sample prediction, 

we used the optimal combination of 𝑅  and Q2 to select the QSAR containing 14 parameters as 

the best-performing QSAR141. The final QSAR has an 𝑅  of 0.84, which is almost unchanged 

from the QSAR derived from the hybrid EN-both direction stepwise regression and the Q2 

increased from 0.55 to 0.70, demonstrating the greatly improved predictive power of the final 

QSAR. We present a comparison of the predicted and measured 𝐾  values of the final QSAR in 

Figure 3.2(c). Similar to our observation in Figure 3.2(a), the 136 training MPs and 33 validation 

MPs are all within one log-unit of the best prediction line. This demonstrates that reducing the 

number of predictor variables did not substantively lower the predictive power of the QSAR but 

generated a more generalizable QSAR for the prediction of 𝐾  values on CCAC. The latter point 

is not entirely unexpected because models with large numbers of predictor variables have low 

degrees of freedom and high restrictions, which could result in high predictive errors. Importantly, 

although this QSAR was built with a set of MPs that are representative of a broad range of 

physicochemical properties including ionization potential, the predictive accuracy is higher than 

other QSARs developed in previous studies using sets of simple organic molecules with similar 

structures111,140. The predictor variables selected into the final QSAR along with their parameters 

are provided in Table 3.1. The statistical tests of the final QSAR are presented in Tables B2 and 

B3 of Appendix B.   
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3.3.3 Mechanistic interpretation of MP adsorption on CCAC 

Although the major mechanisms that drive MP adsorption on AC have been previously 

reported42,124,125, we did not preselect representative molecular descriptors from among the 3656 

QSAR descriptors. Therefore, we can examine the physicochemical properties represented by each 

of the predictor variables selected in the final QSAR to evaluate whether our model-selection 

procedure generated mechanistically meaningful QSARs. Based on our fundamental 

understanding of MP adsorption on CCAC42,124,125, we expect that predictor variables representing 

electrostatic interactions (C1), hydrophobic interactions (C2), and molecular size (C3) would be 

selected in the final QSAR. 

One predictor variable representing electrostatic interactions (C1) was selected in the final 

QSAR. This variable is defined as GATS1s in the Dragon 7 software and is assigned the identifier 

CD-C1a in this work (see footnote of Table 3.1 for details on identifiers). Electrostatic interactions 

Table 3.1. The predictor variables and their respective parameters selected in the final QSAR 
for CCAC. 

Predictor variables Identifiera Para-meters Std. errorb 

GATS1s CD-C1a -0.59  0.11  
CATS2D_03_NL CD-C2a -0.16  0.03  
CATS2D_04_DL CD-C2b -0.06  0.01  
CATS3D_11_PL CD-C2c 0.63  0.20  
TDB07v CD-C3a 0.30  0.04  
SPH CD-C3b 1.16  0.17  
TDB04v CD-C3c 0.40  0.07  
TDB09m CD-C3d 0.03  0.01  
Chi_Dt CD-C4a -3.81  0.51  
B05[C-N] CD-C5a -0.30  0.06  
H-046 CD-C5b 0.03  0.01  
nRNR2 CD-C5c -0.36  0.08  
B02[N-N] CD-C5d 0.22  0.05  
nOxiranes CD-C5e 0.71  0.27  

aThe identifiers for the selected predictor variables: CD denotes CCAC and Dragon descriptors; 
C# denotes the categories to which the descriptors belong; and the letter is the index of this 
descriptor in the QSAR model; bThe standard error is an estimate of the standard deviation of 
the respective regression parameter. 
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are one of the most important factors that can influence the adsorption affinity of MPs on ACs42. 

CD-C1a represents the charge potential of a MP and high values of CD-C1a indicate a high 

positive charge potential. The negative sign of the parameter for CD-C1a indicates that CD-C1a 

is negatively correlated with the 𝐾  values. This agrees with our expectation that, because the 

surface of the CCAC is positively charged at neutral pH42, the MPs of high CD-C1a exhibit low 

KD values on this CCAC due to repulsive electrostatic interactions. 

Three predictor variables representing hydrophobic interactions (C2) were selected in the 

final QSAR including CATS2D_03_NL (CD-C2a), CATS2D_04_DL (CD-C2b), and 

CATS3D_11_PL (CD-C2c). CD-C2a represents the hydrophilicity of a MP and CD-C2c 

represents the lipophilicity of a MP. The parameters of CD-C2a and CD-C2c are negative and 

positive, respectively, agreeing with our expectation about the role hydrophobic interactions play 

in MP adsorption on CCAC42.  CD-C2b is a descriptor for the hydrogen donating capacity of a 

MP. The negative correlation between CD-C2b and the KD values suggests a weaker hydrogen 

accepting capacity of CCAC compared with water. In other words, the MPs that are good hydrogen 

donors tend to stay in the aqueous phase instead of adsorbing on CCAC, and this is an important 

and significant determinant of MP adsorption on CCAC. 

Four predictor variables representing molecular size, mass, and shape (C3) were selected 

in the final QSAR including TDB07v (CD-C3a), SPH (CD-C3b), TDB04v (CD-C3c), and 

TDB09m (CD-C3d).  CD-C3a, CD-C3c, and CD-C3d each represent the size of an MP, with 

larger values of these predictor variables indicating larger molecular size. Larger molecules are 

generally more hydrophobic due to the energy required for cavity formation in water111. The 

positive correlations between CD-C3a, CD-C3c, and CD-C3d and the KD values suggest greater 

affinity of larger molecules for CCAC, supporting this expectation. CD-C3b represents the 
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sphericity of a MP and also exhibits a positive correlation with the KD values. This observation 

highlights the importance of the shape of a MP for its adsorption on CCAC and suggests that MPs 

with regular shapes could have a better chance to bind to the surface of CCAC compared with 

branched and irregularly shaped MPs. 

The mechanistic interpretation of the C1, C2, and C3 predictor variables strongly suggests 

that our model-selection procedure generated a mechanistically meaningful QSAR. In addition, 

there were six predictor variables representing constitutional information (e.g., atoms, bonds, and 

functional groups) (C4) or molecular connectivity (C5) selected in the final QSAR including 

Chi_Dt (CD-C4a), B05[C-N] (CD-C5a), H-046 (CD-C5b), nRNR2 (CD-C5c), B02[N-N] (CD-

C5d), and nOxiranes (CD-C5e). We have no a priori expectation as to how the C4 and C5 

predictor variables may contribute to MP affinity for CCAC and the physicochemical properties 

of the C4 and C5 predictor variables are more difficult to interpret. For example, CD-C4a 

represents the extent of branching of the carbon-atom skeleton of saturated hydrocarbons143. The 

negative correlation between CD-C4a and the KD values suggests that more branching results in a 

lower affinity for CCAC, but the mechanistic explanation of this relationship remains unclear. 

Therefore, we note these relationships as new insights into the determinants of MP affinity on 

CCAC and provide detailed descriptions of these predictor variables in Table B2. 

To further evaluate the ability of our model-selection procedure to generate mechanistically 

meaningful QSARs, we repeated the model-selection workflow using 1188 QSAR descriptors 

derived from the PaDEL93 and Marvin130 software. The fitting summary of this QSAR is provided 

in Table B4 and performance and diagnostic data are provided in Figure B1. The best-performing 

QSAR following APR contains 16 predictor variables. Among the predictor variables are 

analogues that represent the physicochemical properties described for the C1, C2, and C3 Dragon 
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descriptors. For example, CP-C1a represents positive charge potential, CP-C2a and CP-C2b 

represent the hydrogen accepting and donating ability of MPs, and CP-C3a, CP-C3c, and CP-

C3d represent the size of an MP. The parameters of these descriptors likewise support our 

mechanistic interpretation of MP affinity for CCAC. Therefore, the QSAR built from the PaDEL 

and Marvin descriptors adds support that our model-selection procedure generates mechanistically 

meaningful QSARs. This evidence further confirms that our model-selection workflow can be 

used to develop QSARs for adsorbents for which we know less about adsorption mechanisms and 

derive new knowledge about those adsorption processes. 

3.3.4 QSAR model selection for KD values on P-CDP 

We next sought to generate a QSAR for P-CDP using the validated model-selection 

procedure developed for CCAC. Because little is known about the adsorption mechanisms that 

drive the selective uptake of MPs on P-CDP, a QSAR for P-CDP will provide a means to derive 

insights on the mechanistic aspects of MP adsorption on P-CDP. We partitioned our dataset of 181 

𝐾  values into training data (145 observations) and validation data (36 observations). The 

optimized EN model has 𝜆=0.2099, α=0.35, and 109 predictor variables are selected into the 

model. Both direction stepwise regression reduced the number of predictor variables selected into 

the QSAR from 109 to 17. The internal cross validation routine resulted in an average coefficient 

of determination (𝑄 ) of 0.86 with the difference between the 𝑅  and the 𝑄  less than 10%. 

The external validation coefficient (Q2) is 0.70 and the 𝑅  of the QSAR is 0.90. A comparison 

of the predicted and measured 𝐾  values is presented in Figure 3.3(a), where no MP exhibits more 

than a 1.5 log unit deviation from the best prediction line.  

We then employed the APR analysis to explore QSARs derived from an exhaustive set of 

sub-combinations of the 17 predictor variables selected into the hybrid EN-both direction stepwise 
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regression QSAR. The results presented in Figure 3.3(b) show the 𝑅  and the Q2 for each of the 

best-performing QSARs containing 6 to 17 predictor variables. We used the optimal combination 

 

Figure 3.3. QSAR model building for P-CDP: (A) comparison of the experimental log KD 
(L/g) values and the predicted log KD (L/g) values with the QSAR model containing 17 
descriptors selected by the hybrid EN-both direction stepwise regression - the solid black line 
is the best prediction line and the blue and red dashed lines represent 0.75 and 1.5 log unit 
deviation, respectively; (B) the bar and line plots show the adjusted R2 and the Q2 of best APR 
models with 6 to 17 descriptors respectively; (C) comparison of the experimental log KD (L/g) 
values and the predicted log KD (L/g) values with the final QSAR model of 8 descriptors - the 
solid black line is the best prediction line and the blue and red dashed lines represent 0.75 and 
1.5 log unit deviation, respectively; (D) the bar and line plots show the importance (measured 
as the decrease of 𝑅 when the respective predictor variable is removed from the QSAR) and 
the significance (measured by taking negative log10 of the p-value of the t-test for each predictor 
variable) of each descriptor in the final QSAR model. 
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of 𝑅  and Q2 to select the QSAR containing 8 parameters as the best-performing QSAR141. This 

final QSAR has an 𝑅  of 0.79 and the Q2 increased to 0.81 from 0.70 for the hybrid EN-both 

direction stepwise regression. We present a comparison of the predicted and measured 𝐾  values 

of the final QSAR in Figure 3.3(c). As we noted for the QSAR developed for CCAC, the final 

QSAR for P-CDP exhibits higher generalizability relative to the QSAR with 17 predictor variables 

for the prediction of MP affinity. The predictor variables selected into the final QSAR along with 

their parameters are provided in Table 3.2. The statistical tests of the final QSAR are presented in 

Tables B5 and B6 of Appendix B. 

3.3.5 Mechanistic interpretation of MP adsorption on P-CDP 

P-CDP is a polymer of β-cyclodextrin crosslinked with tetrafluoroterephthalonitrile that 

rapidly removes many types of MPs from water, but exhibits a selectivity that is not fully 

understood. Based on our previous study, we expect that positively charged MPs will have a high 

affinity for P-CDP due to a negative surface charge resulting from phenolates in the 

crosslinker103,128 and neutral or negatively charged MPs of a certain size will have high affinity for 

P-CDP due to host-guest complex formation in the interior cavity of the β-cyclodextrin 

monomers103. Therefore, we would expect that predictor variables representing electrostatic 

Table 3.2. The predictor variables and their respective parameters selected in the final QSAR 
for P-CDP. 

Predictor variables Identifiera Para-meters Std. errorb 
qpmax PD-C1a 4.92  0.57  
Psi_e_A PD-C1b -0.96  0.14  
SpMin5_Bh(s) PD-C1c 1.76  0.22  
P_VSA_ppp_A PD-C2a -0.01  0.00  
TDB06v PD-C3a 0.51  0.08  
HATS6u PD-C4a -1.06  0.21  
T(S..F) PD-C5a -0.09  0.02  
F06[N-Cl] PD-C5b 0.67  0.15  

aThe identifiers for the selected predictor variables: PD denotes P-CDP and Dragon descriptors; 
C# denotes the categories to which the descriptors belong; and the letter is the index of this 
descriptor in the QSAR model; bThe standard error is an estimate of the standard deviation of 
the respective regression parameter. 
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interactions (C1) and molecular size (C3) would be selected in the final QSAR. However, it 

remains unclear whether these or other molecular descriptors would be the best predictors of MP 

affinity on P-CDP.  

Three predictor variables representing electrostatic interactions (C1) were selected in the 

final QSAR including qpmax (PD-C1a) and SpMin5_Bhs (PD-C1c), which represent the amount 

of total positive charge and the positive charge potential of MPs, respectively. The positive 

correlations between these two predictors and the KD values corroborate our previous 

observations103 and provide a new quantitative metric by which to evaluate the relationship 

between positive charge and MP affinity for P-CDP. The third C1 predictor variable was Psi_e_A 

(PD-C1b), which represents the electron donating capacity of a MP; the negative correlation of 

this predictor variable with the KD values likewise agrees with our expectation arising from the 

negative surface charge of P-CDP. P_VSA_ppp_A (PD-C2a) is a predictor variable representing 

hydrophobic interactions (C2) and represents the hydrogen accepting capacity of MPs. PD-C2a is 

negatively correlated with the KD values, indicating that P-CDP is a weaker hydrogen donor than 

water, as could be expected, though selection of this predictor variable into the final QSAR 

provides new insight on the mechanisms that determine MP affinity for P-CDP. TDB06v (PD-

C3a) is a predictor representing the van der Waals volume of a MP. PD-C3a is positively 

correlated with the KD values, indicating that larger sized molecules have a higher affinity for P-

CDP. This predictor agrees with our expectation that small MPs do not interact strongly with the 

binding sites within the interior cavity of the β-cyclodextrin monomers of in P-CDP, though the 

increasing hydrophobicity of MPs of increasing van der Waals volume may also play a role in this 

predictor being selected into the QSAR. As discussed with respect to CCAC, the three C4 and C5 

predictor variables including HATS6u (PD-C4a), T(S..F) (PD-C5a), and F06[N-Cl] (PD-C5b) 
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are more difficult to interpret and we refer the reader to Table B5 for detailed descriptions of these 

predictor variables129. 

We also repeated the model-selection workflow for P-CDP using the 1188 QSAR 

descriptors derived from the PaDEL and Marvin software93. The fitting summary of this QSAR is 

provided in Table B7 and performance and diagnostic data are provided in Figure B2. The 

best-performing QSAR following APR contains 9 predictor variables. We again find analogues 

for the C1, C2, and C3 descriptors in the PaDEL and Marvin QSARs. For example, PP-C1a, PP-

C1b, and PP-C1c represent positive charge potential, PP-C2a represents the hydrogen donating 

ability of MPs, and CP-C3a and CP-C3b represent the size of an MP. The apparent overlap in the 

mechanistic interpretation of the independently developed QSARs using Dragon or PaDEL and 

Marvin descriptors again provides support that our model-selection approach generates 

mechanistically interpretable QSARs. 

3.3.6 Applicability domain of the final QSARs 

We defined the AD of the QSARs developed for CCAC and P-CDP by using the three 

most important and significant predictor variables selected in the respective QSARs139. The 

importance and significance of each predictor variable in the final QSARs for CCAC and P-CDP 

are summarized in Figure 3.2(d) and Figure 3.3(d), respectively. The importance is measured as 

the decrease of 𝑅  when the respective predictor variable is removed from the QSAR model144. 

The significance is measured by taking negative log10 of the p-value of the t-test for each predictor 

variable. 

We identified the descriptors Chi_Dt (CD-C4a), SPH (CD-C3b), and TDB07v (CD-C3a) 

and the descriptors qpmax (PD-C1a), SpMin5_Bh(s) (PD-C1c), and TDB06v (PD-C3a) as the 

most important and significant predictor variables for CCAC and P-CDP, respectively. The three-



 

59 
 

dimensional predictor space for CCAC and P-CDP is presented in Figures B3 and B5 of Appendix 

B, respectively. The Euclidean distance of each MP is defined as the distance between the location 

of the MP in the predictor space and the center of the space, of which the coordinates are the 

average values of the three predictors among the training data. Based on the Euclidian distances 

of the MPs in the training data, AD boundary values of 1.95 and 2.04 are defined for CCAC and 

P-CDP, respectively. The ADs for CCAC and P-CDP are presented along with the standardized 

residuals of each MP in Figures B4 and B6, respectively. The Euclidean distance of all MPs among 

the validation data for CCAC and P-CDP are lower than their respective boundary values, 

indicating the validation data falls within the AD of each QSAR. Further, all MPs among the 

training and validation data for CCAC and P-CDP exhibit standardized residuals less than |3|, 

indicating that there are no outliers in the training and validation sets. Therefore, we conclude that 

KD values on CCAC and P-CDP for MPs within our defined AD can be predicted by our developed 

QSARs. With respect to P-CDP, it is important to note that there is expected to be an upper 

boundary for TDB06v (PD-C3a), above which an MP is not expected to fit inside the cavity of 

the β-cyclodextrin monomer; however, we did not observe any size-exclusion among the MPs 

selected for this study and the AD excludes large molecules from the prediction space. 

3.4 Conclusions 

 We measured distribution coefficients (KD) for nearly 200 MPs on CCAC and P-CDP 

adsorbents in batch adsorption experiments conducted under conditions of infinite dilution. 

The resulting KD values selected for model training and validation were constant across 

experiments conducted with a range of adsorbent doses, confirming that the KD values 

adequately represent the linear range of the non-linear isotherm and can be used to predict 

adsorption behavior of MPs at environmentally relevant concentrations.     
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 We developed, applied, and validated a novel model-selection workflow that generated 

QSARs to predict KD values for MPs on CCAC and P-CDP within the linear range of the 

non-linear isotherm. This is the environmentally relevant range for MPs that are present in 

water at trace concentrations. The QSARs can be used to predict the adsorption behavior 

of MPs whose structures are contained within the applicability domain (AD) during water 

or wastewater treatment.  

 The novel model-selection workflow can also be used to derive mechanistic interpretations 

of the adsorption processes. The QSAR developed for CCAC contains descriptors that 

match our previous mechanistic understanding of adsorption on activated carbon. The 

QSAR developed for P-CDP contains descriptors that support our previous mechanistic 

observations and provide a quantitative link between those descriptors and MP adsorption 

on P-CDP. The model-selection workflow is fully adaptable and can be used to generate 

mechanistically meaningful QSARs for other adsorbents or response variables. 

 Our mechanistic interpretations provide strong evidence for distinct adsorption 

mechanisms of CCAC and P-CDP, suggesting that these two materials can be 

complementary in water and wastewater treatment processes. Additionally, the mechanistic 

interpretations of P-CDP can lead to rational modification of cyclodextrin polymers to 

increase the adsorption affinity of specific MPs on P-CDP. For example, a polymer 

prepared with α-CD monomers could exhibit greater affinity toward small MPs, or a 

polymer prepared with functionalized cyclodextrins or crosslinkers that impart a positive 

surface charge may enhance the affinity for negatively charged MPs.  
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CHAPTER 4 – Evaluating the Effects of Water Matrix 

Constituents on Micropollutant Removal by Activated 

Carbon and β-cyclodextrin Polymer Adsorbents 

 

Abstract 

The performance of adsorbents for the removal of organic micropollutants (MPs) from 

water can be influenced by the presence of water matrix constituents. The objective of this research 

was to evaluate the influence of water matrix constituents on the performance of coconut-shell 

activated carbon (CCAC) and porous β-cyclodextrin polymer (CDP) adsorbents. MP removals 

were measured in batch experiments for a mixture of 90 MPs at 1 μg L−1 and MP breakthrough 

curves were measured in a rapid small scale column test (RSSCT) for a mixture of 15 MPs at 500 

ng L-1. All experiments were performed first with nanopure water, and subsequently with six 

different water samples collected from two separate groundwater, surface water, and wastewater 

effluent sources. These water samples were fully characterized for general water quality 

parameters. The results of batch and RSSCT experiments demonstrate more rapid adsorption 

kinetics and greater resistance to fouling of CDP adsorbents relative to CCAC. Further, the 

treatment capacity of CDP in the RSSCT was much higher than that of CCAC in more complex 

water matrices. Statistical analysis was also performed to investigate the associations between the 

overall fouling extent of CCAC and CDP adsorbent and collected water quality parameters. For 

CCAC, the fouling is more generic and can be primarily attributed to dissolved organic matters 

(DOM) with molar weight (MW) less than 1000 Da. For CDP adsorbents, the fouling depends on 

the charge state of MPs; the biased adsorption inhibition of cationic MPs can be attributed to an 
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overall decrease in the negative surface charge of CDP resulting from a high ionic strength, 

whereas the adsorption inhibition of neutral MPs is generally limited and can be primarily 

attributed to DOM with MW less than 600 Da. These data support the value of CDP as an 

alternative adsorbent to CCAC for the removal of MPs during water and wastewater treatment. 
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4.1 Introduction 

Natural water resources have been contaminated by a variety of anthropogenic organic 

chemicals, of which some are referred to as micropollutants (MPs) due to their typical trace levels 

in the environment99,127,145. Because of their diverse physicochemical properties and low 

concentrations, the removal of MPs is generally limited in conventional water and wastewater 

treatment processes5. Activated carbon (AC) adsorption has emerged as a leading technology and 

has been demonstrated to effectively remove a broad spectrum of MPs20,33,35. However, limitations 

of AC adsorption arise from relatively slow, diffusion-limited kinetics33, poor removal of polar 

MPs76, and severe fouling by dissolved organic matter (DOM) and other matrix constituents87,146. 

Further, the expenses of applying AC in water and wastewater treatment processes are generally 

high because of the significant energy required for AC regeneration and treatment of AC waste20. 

To address these deficiencies, alternative adsorbents such as porous β-cyclodextrin polymers 

(CDPs)64,103 and CDPs grafted on cellulose microcrystals (CDP@CMC)66 have been developed 

for potential implementation in batch adsorption followed by ultrafiltration (BA-UF) and packed 

bed filtration (PBF) processes, respectively. 

The fouling of ACs by water matrix constituents is perhaps the major concern for MP 

removal in both BA-UF and PBF processes33,146. MPs adsorb to AC materials primarily by means 

of hydrophobic interactions with the hydrophobic surface of ACs, though charged functional 

groups on AC surface can facilitate or inhibit the adsorption of ionic MPs by means of electrostatic 

interactions37. As AC adsorption is non-selective, both MPs and DOM, which is generally present 

in all waters from either natural or anthropogenic sources, can be adsorbed by means of 

hydrophobic and electrostatic interactions. According to previous research, the adsorption of MPs 

on AC can be inhibited through direct site competition with low molar weight (MW) DOM that 
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are similar in size and charge state to MPs and through pore blockage caused by medium and high 

MW DOM44–46. In addition, a high ionic strength in the aqueous phase can decrease the surface 

charge of AC by neutralizing localized charge through shielding effects thus limiting electrostatic 

interactions147,148. The coconut shell AC (CCAC) employed in this study exhibits a positive surface 

charge at neutral pH. Therefore, we could expect that the adsorption of anionic MPs on CCAC 

could be inhibited by negatively charged low MW DOM through direct site competition and/or by 

a high ionic strength which decreases the positive surface charge through localized charge 

neutralization thereby limiting electrostatic interactions147,148. Though fouling mechanisms of AC 

adsorbents have been well-evaluated in previous research, how the fouling of AC will affect the 

removal of diverse groups of MPs in BA-UF and PBF processes still remains unclear because 

previous studies were either performed with very limited numbers of MPs or with high 

concentrations of MPs which were not environmentally relevant33,87,102,146.  

In our previous study, CDP exhibited rapid adsorption kinetics and efficient removal of a 

variety of MPs, and was not fouled by humic acid (i.e., a surrogate for DOM) and sodium chloride 

(i.e., a surrogate for inorganic ions) demonstrating its potential as an alternative adsorbent to AC 

for MP removal in water and wastewater treatment processes103. MPs adsorption on CDP relies on 

the formation of host-guest complex in the 0.78 nm interior cavity of the β-cyclodextrin monomers, 

which requires adsorbates to fit within a certain size range37,103. Additionally, side reactions during 

the polymerization of CDP result in phenolation of the surface rendering a negative surface charge 

of CDP at neutral pH128. The specific role that the negative surface charge of P-CDP play in MP 

adsorption is unknown, though several mechanisms can be hypothesized. For example, the 

negative surface charge can facilitate the transport of cationic MPs towards the cavity of β-

cyclodextrin and increase the binding strength of cationic MPs through electrostatic interactions. 
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While CDP is not fouled by humic acid and NaCl103, we could expect that smaller DOM molecules 

could inhibit MP uptake through direct-site competition by binding in the interior cavity of the β-

cyclodextrin monomer. Further, positively charged DOM and inorganic cations other than Na+ 

could diminish the negative surface charge of CDP through localized charge neutralization thereby 

inhibiting the adsorption of cationic MPs and enhancing the adsorption of anionic MPs. To further 

the understanding of the fouling of CCAC and CDP, we designed a series of experiments to explore 

the removal of MPs by means of CCAC and CDP adsorption in six different environmentally 

derived water samples with varying types and amounts of DOM and inorganic ions.  

The objectives of this research were to: (1) benchmark the performance of CCAC and CDP 

adsorbents in simulated BA-UF processes with water samples from six different sources with 90 

MPs; (2) benchmark the performance of CCAC and CDP@CMC in rapid small scale column tests 

(RSSCTs) with water samples from six different sources with 15 MPs; and (3) determine the water 

quality parameters contributing most to the fouling of CCAC, CDP, and CDP@CMC. MP removal 

and breakthrough behaviors were measured in batch and RSSCT experiments with complex 

mixtures of MPs in NP and in six environmentally derived water samples. Based on these data, we 

achieved some insights into the different fouling mechanisms on CCAC and CDP and determined 

the overall extent of fouling for CCAC, CDP, and CDP@CMC in each water matrix. All water 

samples were fully characterized for general water quality parameters. We then statistically 

analyzed the associations between all collected water quality parameters and the overall fouling 

extent of each adsorbent to further the understanding the fouling of CCAC and CDP adsorbents. 

The rapid adsorption kinetics, high treatment capacity, and great resistance to fouling exhibited by 

CDP adsorbents in this study demonstrate the potential of CDP adsorbents as promising candidates 

for the removal of diverse groups of MPs in both BA-UF and PBF processes.  
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4.2 Material and Methods 

4.2.1 Chemicals and reagents 

All experiments were performed at the original pH of the water samples without adjustment. 

We selected 90 MPs and 15 MPs for batch and RSSCT experiments, respectively, according to 

their environmental relevance82,126,127, their broad range of physiochemical properties, and 

previous studies exploring their adsorption on CCAC and CDP34,37,103. A list of all MPs along with 

their LogKD for CCAC and CDP and charge state at pH 7.4 is provided in Table C1 of Appendix 

C. We selected 44 isotope labeled internal standards to account for the matrix effects of different 

water samples on the quantification of MPs. A list of all internal standards along with their CAS 

numbers and suppliers is provided in Table C2 of Appendix C. The preparation of stock solutions 

for each MP and two analytical mixtures containing 90 and 15 MPs, respectively, were performed 

as previously described105. For batch experiments, CCAC and CDP adsorbents were prepared and 

synthesized, respectively, according to previously established methods64,103. For RSSCT 

experiments, the CCAC was pulverized with a mortar and pestle to achieve an average particle 

diameter of approximately 110 µm with 100 × 200 U.S. standard mesh87. The CDP@CMC, with 

an average particle diameter of approximately 110 µm, was synthesized according to a previously 

published method66. The particle sizes, surface area, and porosity for these adsorbents were 

reported in our previous publications64,66,103.  

4.2.2 Water samples 

A total of six water samples collected from two separate groundwater (Ellis Hollow (GW1), 

Lisle Spring (GW2)), surface water (Cayuga Lake (SW1), Beebe Lake (SW2)), and wastewater 

effluent sources (Ithaca Area Wastewater Treatment Facility (WW1), Dryden Wastewater 

Treatment Plant (WW2)) were employed in this study. All experiments were also performed in 
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NP, against which the performance of all adsorbents in environmentally derived water samples 

were benchmarked. Each water sample was fully characterized for its pH, DOM, total dissolved 

solids (TDS), conductivity, and inorganic ions using standard methods149. Further, to investigate 

the effect of DOM size on MP adsorption on CCAC, CDP, and CDP@CMC, we characterized the 

molecular weight (MW) distribution of DOM in each water sample through high performance size 

exclusion chromatography (HPSEC) followed by total organic carbon (TOC) analysis; more 

details on the DOM fractionation and characterization are provided in Appendix C. All water 

samples were pre-filtered with a 47 mm GF/F glass-fiber membrane (Whatman) and a 0.45 µm 

polyethersulfone syringe filter successively to remove suspended solids and colloidal materials 

before they were employed in adsorption experiments146,150. 

4.2.3 Batch experiments 

Batch experiments to evaluate the fouling of CCAC and CDP in BA-UF processes were 

performed in 125 mL glass Erlenmeyer flasks with magnetic stir bars on a multi-position stirrer 

(VWR) with a stirring rate of 400 revolutions per minute (rpm) at 23 °C. To simulate the actual 

levels of MPs in contaminated water sources, the MPs were spiked to generate an additional 

concentration of each adsorbate of 1 µg L-1 to any background concentration of the MPs that may 

have been present. Experiments investigating CCAC and CDP were both performed at an 

adsorbent dose of 10 mg L-1. These adsorbate and adsorbent doses were selected according to 

previous research investigating MP removal by CCAC and CDP adsorbents37,103, and previous 

research regarding the application of AC in BA-UF processes33. The restoration of the dried 

adsorbents was performed as previously described to create a suspension of each adsorbent103. 

Following this restoration procedure, appropriate volumes of water samples, the analytical MP 

mixture (90 MPs, each MP at 100 µg L-1), and the adsorbent suspension (1 g L-1) were added to 
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each flask successively. Samples were collected in 8 mL volumes at predetermined sampling times 

(0.5, 1, and 2 hr for CDP; 1, 2 and 4 hr for CCAC) and filtered through a 0.22 µm PVDF syringe 

filter (Restek). These sampling times were determined according to previous research exploring 

MP removal by CCAC and CDP adsorbents and typical hydraulic retention times in BA-UF 

processes33,37,103. Control experiments to account for other MP losses were performed under the 

same conditions with no addition of adsorbent. All experiments were performed in triplicate. The 

samples were analyzed by means of high-performance liquid chromatography and tandem mass 

spectrometry (HPLC-MS/MS) to determine the concentration of each MP in the aqueous phase. 

The removal efficiency of each MP was determined by the following equation: 

𝑅 =
𝐶 − 𝐶

𝐶
× 100 Equation 4.1 

where RMP is the percent removal of each MP through adsorption at any sampling time t; C0 (ng 

L-1) is the average concentration of a MP in the samples of the control experiments; Ct (ng L-1) is 

the concentration of a MP in the liquid phase at any sampling time t. RMP was calculated for each 

MP at each sampling time on each adsorbent. MP removal at t = 1 hr was selected for the 

calculation of fouling scaling index (FSI) for both adsorbents due to its representativeness in the 

practical implementation of BA-UF processes. The FSI for batch experiments was determined by 

the following equation: 

𝐹𝑜𝑢𝑙𝑖𝑛𝑔 𝑆𝑐𝑎𝑙𝑒 𝐼𝑛𝑑𝑒𝑥 =
∑(𝑅  𝑖𝑛 𝑁𝑃 − 𝑅  𝑖𝑛 𝑎 𝑤𝑎𝑡𝑒𝑟 𝑠𝑎𝑚𝑝𝑙𝑒) 

∑ 𝑅  𝑖𝑛 𝑁𝑃
× 100 Equation 4.2 

The FSI, calculated with the RMP of all MPs, was a descriptor to account for the overall 

fouling of CCAC and CDP adsorbents in each water matrix relative to their performance in 

nanopure water. For example, the FSI of CDP in a real water sample was calculated by dividing 

the sum of the decrease in RMP of each MP in NP versus in the real water sample with the sum of 
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RMP of each MP in NP. As a result, the scale of performance drop for CDP as the water matrix was 

changed from NP to the real water sample can be precisely quantified with all MPs, or with subsets 

of the MPs. 

4.2.4 RSSCT experiments 

For the RSSCT experiments with CCAC and CDP@CMC, a stainless-steel HPLC column 

(Restek) with an inside diameter of 0.4 cm, a column length of 3 cm, and stainless-steel frits was 

employed as the host of packed-bed adsorption materials. A Shimadzu LC-20AD pump with 

parallel double micro plunger was employed to deliver a constant flow rate of 1 mL min-1 of feed 

solution for all RSSCT experiments. All RSSCT experiments were performed with a simulated 

pilot-scale empty bed contact time (EBCT) of 9.6 min. The CCAC and CDP@CMC tested in the 

column experiments both had an average particle size around 110 µm. The flow rates, particle 

sizes, and the dimensions of the RSSCT column were determined according to the constant 

diffusivity approach151,152, which has been successfully applied in previous research to simulate 

pilot-scale MP breakthrough153. The detailed information of the designed RSSCT experiments and 

the simulated pilot-scale column can be found in Table C2 of Appendix C.  

All natural water samples were pre-filtered to remove suspended solids and colloidal 

materials. Then, the analytical MP mixture (15 MPs, each MP at 100 µg L-1) was spiked into each 

water sample to generate an initial concentration of each MP at 500 ng L-1. Though the designed 

dimensions of the RSSCT columns for both materials are identical, due to their different densities, 

the mass of CCAC and CDP@CMC packed into the columns are ~85 mg and ~65 mg per column, 

respectively. The RSSCTs were run continuously until all 15 MPs exhibited over 10% 

breakthrough or the predetermined 60,000 bed volumes were achieved. Samples were collected in 

8 mL volumes on an hourly basis and filtered through a 0.22 µm PVDF syringe filter before they 
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were analyzed by means of HPLC-MS/MS. To confirm that influent concentrations of all MPs 

remained constant throughout each RSSCT experiment, samples were collected at the influent of 

the column every 24 hours for each test. These samples were also filtered and analyzed with the 

same method. The FSI for RSSCT experiments was determined by the following equation: 

𝐹𝑜𝑢𝑙𝑖𝑛𝑔 𝑆𝑐𝑎𝑙𝑒 𝐼𝑛𝑑𝑒𝑥 =
∑(𝐵𝑉 % 𝑖𝑛 𝑁𝑃 − 𝐵𝑉 % 𝑖𝑛 𝑎 𝑤𝑎𝑡𝑒𝑟 𝑠𝑎𝑚𝑝𝑙𝑒) 

∑ 𝐵𝑉 % 𝑖𝑛 𝑁𝑃
× 100 Equation 4.3 

where BV10% is the 10% breakthrough bed volumes of each MP on each adsorbent in each water 

matrix. We selected  BV10% as the metric to evaluate fouling based on previous research87,146. 

4.2.5 Analytical methods 

The quantification of analytes was performed by means of HPLC-MS/MS (QExactive, 

ThermoFisher Scientific). The analytical method is described in Appendix C and analytical details 

used for the detection and quantification of each analyte can be found in Table C4 of Appendix 

C.  
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4.3 Results and Discussion 

4.3.1 Water characterization 

The six real water samples were selected for their diverse matrix compositions and their 

relevance for water and wastewater treatment or remediation. Each water sample was characterized 

for general water quality parameters including pH, DOM, conductivity, TDS, and the 

concentrations of several target inorganic ions. All water characterization data are provided in 

Table 4.1.  

The pH of the six water samples was all between 8.1 and 8.3, which is consistent with pH 

measurements of water samples from the same region reported in previous research145. Due to the 

minor pH differences among these water samples, no further insights can be achieved into the 

impacts of pH on MP removal by CCAC and CDP adsorbents in these water samples. However, it 

is worth noting that MP removal by CDP can be enhanced at lower pH values105, which suggests 

that a less negative surface charge is preferred for CDP when it is used as a broad spectrum 

adsorbent and/or that neutral and cationic MPs are better adsorbates for CDP. The conductivity 

and TDS measurements generally demonstrate increasing ionic strength from the relatively clean 

groundwater matrices to the more complex surface water and wastewater effluent matrices. The 

concentration of several target inorganic ions also demonstrate an expected increase from 

groundwater to wastewater, with a couple of notable exceptions; the nitrate (NO3
-) concentration 

was highest in GW2 and sulfate (SO4
2-), magnesium (Mg2+), and calcium (Ca2+) concentrations 

were more uniform across the water samples.  

The remaining data in Table 4.1 provide the characterization results of the DOM MW 

distributions for each water sample. The concentrations of DOM (i.e., unfractionated water 

samples) in all water samples fit well into the respective typical ranges of DOM in groundwater, 
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surface water, and wastewater effluent102,154,155 with one exception; the DOM concentration in 

SW2 was anomalously high. We note that the water collected from this stagnant pond was also 

rather turbid and appeared to contain algae and other planktonic organisms. The lowest DOM 

concentrations were measured in the groundwater samples and higher concentrations were 

measured in surface water and wastewater effluent. Similar trends were noted among the 

concentrations of DOM fractions with different MW; L-DOM, M-DOM, and H-DOM represent 

the DOM fractions with MW less than 600 Da, between 600 and 1000 Da, and over 1000 Da, 

Table 4.1. Water characterization results of six water matrices. 
Parameters GW1 GW2 SW1 SW2 WW1 WW2 

pH 8.22 8.31 8.21 8.12 8.31 8.23 
DOMa 1.46 1.22 4.64 42.22 7.56 4.32 
L-DOMb 0.36 0.43 0.58 0.33 1.37 1.00 
M-DOMb 0.40 0.36 0.70 2.73 2.17 1.79 
LM-DOMc 0.76 0.79 1.28 3.06 3.54 2.79 
H-DOMb 0.36 0.43 3.56 54.62 3.46 1.37 
Sum-DOMd 1.12 1.22 4.84 57.68 7.02 4.16 
Conductivitye 272 343 334 432 780 616 
TDSf 137 171 169 216 387 309 
F-g 0.11 0.00 0.00 0.00 0.00 0.00 
Cl-g 8.91 11.22 53.62 33.39 174.52 115.21 
NO3

-g 0.02 19.62 2.66 0.99 1.61 2.81 
SO4

-2g 18.72 11.01 20.13 7.90 23.65 22.56 
Li+g 0.04 0.03 0.03 0.03 0.03 0.03 
Na+g 23.20 5.09 40.08 23.11 122.45 83.42 
NH4

+g 0.00 0.00 0.00 0.00 15.87 0.21 
K+g 1.16 0.78 2.81 2.49 9.19 5.08 
Mg2+g 7.76 13.20 10.66 6.95 11.31 12.76 
Ca2+g 26.82 47.21 24.75 21.25 16.50 32.56 

aThe DOM levels (mg L-1) presented in this row are the overall DOM concentrations measured 
with unfractionated water samples; bThe DOM levels (mg L-1) presented in these rows are the 
DOM concentrations of Low MW fraction, Medium MW fraction, and High MW fraction, 
respectively; cThe DOM levels (mg L-1) presented in this row are the sum of L-DOM, M-DOM; 
dThe DOM levels (mg L-1) presented in this row are the sum of L-DOM, M-DOM, and 
H-DOM, which is another measurement of the overall DOM concentration in each water 
sample; e, fThe TDS and conductivity of each water sample was measured with Fisher Accumet 
AP74 meter. The units of TDS and conductivity are ppm and µS, respectively; dThe inorganic 
ions in each water sample were measured with Thermo DIONEX ICS-2100 Ion 
Chromatography system with the reference standards of all anions and cations reported in the 
above table used for the determination of retention time and quantification. The unit of each 
ion is mg L-1. 
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respectively. It is worth noting that much of the DOM measured in SW2 is contained in the largest 

H-DOM size bin, and that SW2 actually had the lowest L-DOM concentration (0.33 mg L-1) among 

the water samples. Finally, the sum of the three DOM concentrations measured for the three size 

bins is mostly consistent with the DOM concentrations measured in the original water samples, 

demonstrating the robustness and reliability of the HPSEC method employed in this study. 

4.3.2 Batch experiments 

Of the 90 MPs employed in the batch experiments, eleven responded erratically to either 

the experimental (poor repeatability) or analytical conditions (poor limits of quantification). 

Therefore, we report data from the batch experiments for 79 of the 90 MPs. We first calculated the 

removal of each MP (RMP) on each adsorbent in each water sample after 1 hour of contact time. 

We selected 1 hour of contact time because a short hydraulic retention time is preferred in practical 

BA-UF processes to increase treatment efficiency20,33, and because the adsorption equilibrium of 

CDP adsorbents can be achieved for all MPs within 45 mins103. The RMP on each adsorbent in each 

water sample was determined as described in Equation 4.1. The data are provided in Tables C5 

and C6 and the results are summarized in Figure 4.1, which provides plots of RMP on each 

adsorbent in each real water sample versus the RMP on each adsorbent in nanopure. Data for CCAC 

are provided in Figure 4.1A for groundwater, Figure 4.1C for surface water, and Figure 4.1E for 

wastewater effluent. Analogous plots for CDP are provided in Figures 4.1B, 4.1D, and 4.1F. 

MP removal on CCAC was generally good after 1 hour of contact time, but was inhibited 

in real water matrices relative to nanopure; the degree to which RMP was inhibited increased from 

groundwater to surface water to wastewater effluent. Whereas 75 (in GW1) and 74 MPs (in GW2) 

exhibited more than 50% removal in groundwater, only 11 (in WW1) and 2 MPs (in WW2) 

exhibited more than 50% removal in wastewater effluent, respectively. Among groups of MPs 
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Figure 4.1. Comparison of the removal of each MPs: by CCAC in NP and GW (A), in NP and 
SW (C), in NP and WW (E); by CDP in NP and GW (B), in NP and SW (D), in NP and WW 
(F). Colors indicate the charge state of the MP at pH 7.4. 
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delineated by their charge, matrix constituents had the largest effect on the RMP of anionic MPs 

but effected MPs in other charge groups to varying extents regardless of their charge.  

MP removal on CDP was more variable than on CCAC after 1 hour of contact time, 

reflecting the greater selectivity of adsorption on CDP. Nevertheless, RMP was also inhibited for 

CDP in real water matrices relative to nanopure. Of the 45 MPs that were removed to greater than 

20% by CDP in nanopure, 34 (in GW1) and 33 (in GW2), 30 (in SW1) and 40 (in SW2), and 21 

(in WW1) and 28 (in WW2) were removed to greater than 20% in groundwater, surface water, and 

wastewater effluent, respectively. These data demonstrate that the extent of adsorption inhibition 

exhibited by MPs that are adequately removed by CDP is not as dependent on the water matrix as 

was observed for CCAC. It is also clear from the data in Figure 4.1 that the adsorption of cationic 

and zwitterionic MPs on CDP is selectively inhibited in the real water samples; the adsorption of 

neutral MPs is not inhibited in groundwater or surface water and only to a limited extent in 

wastewater effluent whereas anionic MPs exhibit low affinity for CDP in all water matrices 

including nanopure. To explore the selective adsorption inhibition of cationic MPs further, we 

calculated the fraction of the adsorption affinity (KD values) that could be explained by electrostatic 

interactions by using the coefficients of our previously described QSAR model37. We found a 

significant positive association (Permutation Test, p<0.01) between the extent of adsorption 

inhibition for each cationic MP and the fraction of its adsorption affinity attributed to electrostatic 

interactions. For example, the KD values for morphine and albuterol on CDP are almost entirely 

explained by molecular descriptions that relate to electrostatic interactions, and these two MPs 

exhibit the greatest adsorption inhibition in these experiments. In contrast, acebutolol and 

erythromycin are cationic MPs with KD values that rely more on molecular descriptors related to 
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hydrophobic interactions and these two MPs exhibit the least amount of adsorption inhibition in 

these experiments. 

4.3.3 RSSCT experiments – breakthrough curves 

We selected 15 MPs (5 cationic, 5 anionic, and 5 neutral) from among the 90 MPs studied 

in the batch experiments to evaluate MP removal and breakthrough in RSSCT experiments 

designed to simulate a pilot-scale PBF with an EBCT of 9.6 minutes. We performed the RSSCT 

experiments with all six real water samples for CDP@CMC and with GW1, SW1, and WW1 for 

CCAC. Breakthrough curves for all 15 MPs for all RSSCT experiments are provided in Figures 

C3 through C8 of Appendix C, and for representative anionic (naproxen), cationic (venlafaxine), 

and neutral (acetochlor) MPs in Figure 4.2. Data for CCAC are provided in Figures 4.2A, 4.2C, 

and 4.2E and data for CDP@CMC are provided in Figures 4.2B, 4.2D, and 4.2F. 

All three MPs exhibit gradual breakthrough on CCAC in all three water matrices, and the 

shapes of the breakthrough curves for each MP in each water matrix are similar. This observation 

corroborates previous findings that MP uptake on CCAC is relatively slow and non-selective103. 

Specifically, each MP exhibits slowly and continuously increasing breakthrough in GW1 and SW1 

until about 50% breakthrough is achieved after 120 hours. Complete breakthrough is observed 

relatively quickly for each MP in WW1, with over 80% breakthrough observed in less than 20 

hours. The similar shapes of the breakthrough curves in GW1 and SW1 suggest kinetic limitations 

to the fouling observed in the batch experiments; the differences in fouling achieved after 1 hour 

of contact time in batch experiments with GW1 and SW1 were not replicated after 9 seconds of 

contact time in the RSSCT experiments. However, the rapid breakthrough of each MP in the WW1 
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experiments demonstrate that the fouling caused by the WW1 matrix can play a role even in PBF 

systems with relatively short contact times.  

In contrast to the RSSCT experiments with CCAC, all MPs exhibited steep breakthrough 

in the RSSCT experiments conducted with CDP@CMC. Steep breakthrough curves in PBF 

processes are a general indication of rapid adsorption kinetics, which is a known feature of MP 

adsorption on CDP and CDP@CMC66,103. Importantly, these data demonstrate that rapid 

adsorption kinetics are preserved in column experiments and in the presence of matrix constituents. 

Rapid adsorption kinetics can be leveraged in PBF processes to increase the throughput of water 

treatment and the volume of water treated per day. Further, rapid adsorption translates to narrow 

 

Figure 4.2. Breakthrough curves of three example MPs with different charge states: (A) and 
(B) breakthrough curves of naproxen (the example of anions) on CCAC and CDP@CMC; (C) 
and (D) breakthrough curves of venlafaxine (the example of cations) on CCAC and 
CDP@CMC; (E) and (F) breakthrough curves of acetochlor (the example of neutral MPs) on 
CCAC and CDP@CMC. Missing data in breakthrough curves: all RSSCTs were run 
continuously for several days, during which no sample was collected from 12 pm to 7 am. 
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mass transfer zones within the PBF process, implying that only small fractions of unused adsorbent 

will be wasted when a process reaches its treatment capacity. The data in Figure 4.2 also show 

that the breakthrough time for each of the three MPs is shorter in the wastewater effluent matrices 

than in the groundwater and surface water matrices. This effect is most pronounced for the cationic 

MP (Figure 4.2D), in agreement with observations in batch experiments. 

4.3.4 RSSCT experiments – treatment capacity 

The treatment capacity of an adsorbent in a PBF process is typically evaluated based on 

the number of bed volumes treated before a certain level of contaminant breakthrough35,87,146. In 

this study, we used the breakthrough curves to calculate the number of bed volumes treated before 

10% contaminant breakthrough (BV10%) as has been done before in evaluating MP removal in 

RSSCT experiments87,146. The BV10% of each MP on each adsorbent in each water sample is 

provided in Table C9 and is summarized in Figure 4.3.  

The BV10% of all 15 MPs on CCAC were over 60000 bed volumes in nanopure, but 

decreased substantially in real water matrices; the degree of BV10% reduction increased from 

groundwater to surface water to wastewater effluent, in agreement with observations in batch 

experiments. Though 10 MPs exhibited BV10% more than 5000 bed volumes in GW1, no MP 

exhibited BV10% more than 5000 bed volumes in WW1. In addition, the BV10% of anionic MPs was 

affected to the greatest extent, whereas cationic and neutral MPs exhibited varying degrees of 

reduction regardless of their charge. These data are consistent with our observations in batch 

experiments. 

In contrast to the uniformly high BV10% of all MPs on CCAC in nanopure, MP BV10% on 

CDP@CMC was more variable due to the selective adsorption on CDP; all 5 cationic MPs  

exhibited high BV10% over 60000 bed volumes in nanopure, which we attribute to the negative 
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surface charge of CDP facilitating the adsorption of cationic MPs through electrostatic 

interactions37,128, whereas anionic and neutral MPs exhibited varying treatment capacity. 

Interestingly, three anionic MPs (diclofenac, gemfibrozil and naproxen) and one neutral MP 

(isoproturon), which were poorly removed by CDP in batch experiments, show high BV10% over 

55000 bed volumes on CDP@CMC in nanopure. This could be attributed to differences between 

CDP and CDP@CMC and/or the distinct hydraulic conditions in batch and RSSCT experiments. 

The inhibition of MP adsorption on CDP@CMC was also observed in real water matrices; of the 

10 MPs that exhibited BV10% over 10000 in nanopore, 7, 7 and 5 MPs show BV10% over 10000 in 

GW1, SW1, and WW1, respectively. These data corroborate our observations in batch experiments 

that the extent of MP adsorption inhibition on CDP adsorbents is not as relevant to the complexity 

 

Figure 4.3. Comparison of the 10% breakthrough bed volumes of 5 anionic MPs, 5 cationic 
MPs and 5 neutral MPs in GW1, SW1, and WW1 on CCAC and CDP. Colors indicate the 
charge state of the MP at pH 7.4. 
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of the water matrix as that on CCAC, demonstrating the greater resistance to fouling of CDP 

relative to CCAC. As clearly presented in Figure 4.3 and Table C9, the adsorption of cationic 

MPs on CDP@CMC is selectively inhibited in real water matrices; the adsorption of neural MPs 

generally exhibited limited inhibition whereas the adsorption of three anionic MPs, of which the 

BV10% is over 55000, is inhibited to great extent in real water matrices. These findings agree with 

observations in batch experiments with the exception of anionic MPs; all anionic MPs were poorly 

removed in batch experiments with all water matrices including nanopure such that limited insights 

can be achieved into the extent of their adsorption inhibition in real water matrices. 

4.3.5 Factors contributing to adsorbent fouling 

The overall extent to which an adsorbent is fouled is generally determined by the 

composition of matrix constituents in real water matrices. To enable further insights on the fouling 

mechanisms of CCAC and CDP, we used the RMP data and the BV10% to calculate the FSI for each 

adsorbent in each water sample as described in Equations 4.2 and 4.3 for batch and RSSCT 

experiments, respectively. Due to the selective adsorption inhibition depending on the charge state 

of MPs observed for both adsorbents, not only was the FSI calculated with all MPs but was also 

calculated with groups of MPs delineated with charge states. The FSI of each adsorbent in each 

water sample for batch and RSSCT experiments are summarized in Tables C8 and C9, 

respectively. To quantitatively interpret fouling mechanisms on both adsorbents, we then 

investigated the associations between the FSIs calculated with MPs in different charge groups and 

all collected water quality parameters by means of Pearson correlation, of which results are 

summarized in Table C10. 

The FSIs of CCAC confirm that the overall extent to which CCAC is fouled increases with 

the increasing complexity of water matrices and that the extent of fouling is greatest for anionic 
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MPs, regardless of the types of adsorption processes. CCAC has a pHzpc of 9.8 and its surfaces are 

positively charged at the pH of the water samples collected for this study42. Therefore, we attribute 

the biased adsorption inhibition of anionic MPs to direct site competition with negatively charged 

DOM147,156 and/or to an overall decrease in the positive surface charge of CCAC resulting from 

localized charge neutralization in water samples with a higher ionic strength limiting the influence 

of electrostatic interactions148,157. The results of Pearson correlation support the proposed fouling 

mechanisms on CCAC. The FSI calculated with the group of anionic MPs exhibited a strong 

positive correlation (0.85) with the concentrations of LM-DOM (i.e., DOM with MW less than 

1000 Da), indicating that LM-DOM could be a major contributor to the biased adsorption 

inhibition of anionic MPs on CCAC. Considering LM-DOM mostly bears negative charges and is 

similar in size to MPs, it can directly compete with anionic MPs for the same adsorption sites (e.g., 

positively charged functional groups). Additionally, we noted the strong positive correlation 

between the FSI calculated with anionic MPs and ionic strength (i.e., TDS and conductivity). This 

high correlation coefficient (0.74) corroborates our proposed fouling mechanisms that a high ionic 

strength could decrease the positive surface charge of CCAC through localized charge 

neutralization thereby limiting its electrostatic interactions with anionic MPs148,157. It is worth 

noting that other groups of MPs (i.e., all MPs, neutral MPs and cationic MPs) also exhibit strong 

positive correlations with the concentrations of LM-DOM suggesting that LM-DOM could be a 

major contributor to the overall fouling of CCAC. As is known, the adsorption of CCAC primarily 

relies on its hydrophobic surface. LM-DOM, similar to MPs in size, can direct compete with MPs 

for the hydrophobic surface of CCAC thereby decreasing the overall adsorption capacity of CCAC 

for MPs. Further, all FSIs exhibit weak correlations with the concentrations of H-DOM, indicating 

the minor contributions of DOM with MW over 1000 Da to the fouling of CCAC. These results 
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agree with observations in previous research that DOM with MW less than 1000 Da inhibits MP 

adsorption on AC adsorbents to a much greater extent relative to DOM with MW more than 1000 

Da87,146.  

The FSIs of CDP and CDP@CMC confirm the greater resistance to fouling of CDP 

adsorbents relative to CCAC, the selective adsorption inhibition of cationic MPs, and the limited 

adsorption inhibition of neutral MPs. Due to the phenolation of surface resulting from side 

reactions during polymerization128, the surface of CDP adsorbents are negatively charged at the 

pH of the water samples collected for this study. Therefore, the selective adsorption inhibition of 

cationic MPs could be attributed to a reduction in the negative surface charge of CDP adsorbents 

in real water samples resulting from shielding effects in water samples with a higher ionic strength 

limiting the complemetary electrostatic interactions148,157. Among different groups of MPs, the FSI 

calculated with cationic MPs exhibits the strongest positive correlation with ionic strength with a 

correlation coefficient as high as 0.88. This corroborates the proposed fouling mechanisms of 

localized charge neutralization and indicates that ionic strength could be a major contributor to the 

biased adsorption inhibition of cationic MPs. The limited adsorption inhibition of neutral MPs 

could be attributed to the unique adsorption mechanism of CDP adsorbents; MP adsorption on 

CDP primarily relies on the formation of host-guest complex in the cavity of β-cyclodextrin, 

whereas the negative surface charge can facilitate the adsorption of cationic molecules and inhibit 

the adsorption of anionic molecules through electrostatic interactions. Despite the presence of L-

DOM in all water samples that could compete with MPs for binding in the interior cavity of β-

cyclodextrin, most L-DOM bear negative charges rendering their much lower adsorption affinity 

relative to neutral MPs to CDP adsorbents. Therefore, the adsorption of neutral MPs is not 

inhibited to great extents in real water samples. However, as the complexity of water matrix 
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increases, the adsorption of neutral MPs can be further inhibited due to the elevated ionic strength 

and L-DOM level; a high ionic strength could decrease the negative surface charge of CDP thereby 

increasing the adsorption affinity of negatively charged L-DOM to CDP adsorbents, while an 

elevated L-DOM level can result in more competition with neutral MPs for the cavity of β-

cyclodextrins on CDP. The FSI calculated with neutral MPs exhibit strong positive correlations 

with ionic strength (0.78 for CDP and 0.74 for CDP@CMC) and the concentrations of L-DOM 

(0.94 for CDP and 0.91 for CDP@CMC), providing quantitative support for the proposed fouling 

mechanisms. Further, all FSIs of CDP and CDP@CMC calculated with different groups of MPs 

exhibit weak or even negative correlations with the concentrations of M-DOM and H-DOM, 

agreeing with our expectations that large molecules cannot bind to CDP due to the size-exclusion 

mechanism37,89,103.  

Collectively, the general fouling of CCAC increases with the increasing complexity of 

water matrices and can be primarily attributed to the presence of LM-DOM; the biased adsorption 

inhibition of anionic MPs could be attributed to direct site competition with negatively charged 

LM-DOM and/or an overall decrease in the positive surface charge of CCAC through shielding 

effects148,157. CDP and CDP@CMC show greater resistance to fouling in complex water matrices 

(i.e., surface water and wastewater effluent) compared to CCAC. The fouling of CDP and 

CDP@CMC significantly affect the adsorption of cationic MPs, which could be attributed to an 

overall decrease in the negative surface charge of CDP adsorbents resulting from localized charge 

neutralization through shielding effects148,157. The adsorption inhibition of neutral MPs on CDP 

adsorbents is generally limited and is mostly attributed to L-DOM, though a high ionic strength 
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could increase the affinity of L-DOM to CDP adsorbent thereby exaggerating the fouling. These 

findings agree with our previous interpretation of the adsorption mechanism of CCAC and CDP37. 

4.3.6 Implications for water treatment 

With the rising concerns regarding the presence of MPs in natural waters, cost-effective 

and sustainable technologies are urgently needed to efficiently remove MPs during water and 

wastewater treatment. AC adsorption has been reported to show great efficiency for the removal 

of MPs in BA-UF and PBF processes, though they are limited by relatively slow adsorption 

kinetics, limited treatment capacity, and fouling by DOM and other matrix constituents. Our results 

suggest that CDP adsorbents could be an effective alternative adsorbent that exhibits rapid 

adsorption kinetics, high treatment capacity, and lower degrees of fouling in real water matrices. 

With PBF as an example, the rapid adsorption kinetics, translating to steep breakthrough curves, 

can be leveraged to increase the throughput of water treatment and maximize the treatment 

capacity of CDP adsorbents when the regulatory limits of targeting contaminants are low. This 

feature coupled with greater resistance to fouling of CDP adsorbents could result in their higher 

treatment capacity relative to CCAC for a variety of MPs in relatively complex water matrices 

such as surface water or wastewater effluents. Further, a specific water quality parameter – ionic 

strength has been successfully determined as the primary cause of the biased adsorption inhibition 

of cationic MPs on CDP adsorbents, which could also be a major contributor to the adsorption 

inhibition of neutral MPs. Not only does this discovery reveal the fouling mechanisms on CDP 

adsorbents, but it also enables the future prediction of the performance of CDP adsorbents in 

practical implementation and the selections of upstream processes (i.e., cation exchange) that 

further increase the treatment capacity of CDP adsorbents by removing inorganic cations which 

contribute significantly to localized charge neutralization156. Together, these findings demonstrate 
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that CDP adsorbents are promising candidates for the removal of MPs in both BA-UF and PBF 

processes. 
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CHAPTER 5 – Summary, Conclusions, and Future Work 

The research work presented in this dissertation accomplished a systematic evaluation of   

a porous β-cyclodextrin polymer (P-CDP) as a next-generation adsorbent to replace or complement 

activated carbon (AC) adsorption for the removal of micropollutants (MPs) during water and 

wastewater treatment. Such a comprehensive evaluation enables the further development of P-

CDP adsorbents from lab research towards practical implementation, and the determination of the 

most appropriate scenarios where P-CDP adsorbents should be implemented. This dissertation also 

serves as a roadmap for the characterization and evaluation of novel adsorbents in the future. In 

particular, this research demonstrates the superiority of P-CDP over AC with respect to MP 

adsorption kinetics, MP treatment capacity, and resistance to fouling by common matrix 

constituents. This research further reveals the dominant adsorption mechanisms that determine the 

affinity of diverse groups of MPs for AC and P-CDP, and the importance of crosslinker chemistry 

on the adsorption affinity and fouling of P-CDP adsorbents. 

5.1 MP adsorption and fouling of P-CDP 

P-CDP adsorbents are mesoporous materials comprised of β-cyclodextrin monomers that 

are polymerized with a rigid aromatic crosslinker (tetrafluoroterephthalonitrile, TFN). Due to the 

hydrophobic cavity and cup-like shape of β-cyclodextrin, P-CDP can adsorb MPs through the 

formation of host-guest complexes in the interior cavity of β-cyclodextrin monomers. The pore 

size distribution of P-CDP provided in Chapter 2 indicates a uniform mesoporous structure of P-

CDP with a high pore volume distributed over the range of pore width from 15 to 25 Å. This 

uniform mesoporous structure enables nearly instantaneous accessibility of the binding sites in the 

cavity of β-cyclodextrin. Therefore, P-CDP adsorbents exhibit rapid adsorption kinetics for all 

MPs, regardless of their physicochemical properties and in the absence or presence of DOM. The 
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rapid adsorption kinetics is a great advantage in practical implementation, which can be leveraged 

in batch adsorption followed by ultrafiltration (BA-UF) and packed bed filtration (PBF) processes 

to increase treatment efficiency (i.e., the throughput of water treatment) and decrease energy 

consumption and cost. 

While the adsorption kinetics on P-CDP adsorbents are generally rapid for all MPs, the 

adsorption affinity to P-CDP appears to be a function of specific physicochemical properties of 

the MPs. In Chapter 2, the results of batch and flow-through experiments indicate the selective 

adsorption of P-CDP favoring MPs with molecular sizes over a certain cutoff (i.e., McGowan 

volume of 1.7 (cm3 mol−1)/100) and with positive charges. In Chapter 3, the mechanistic 

interpretations achieved through quantitative structure-activity relationships (QSAR) modelling 

again demonstrate the importance of molecular size and charge state as major determinants of MP 

adsorption affinity for P-CDP adsorbents. Because host-guest complex formation requires that 

adsorbates fit into the interior cavity of β-cyclodextrin, it is sensible that the molecular size of MPs 

plays a critical role in the selective adsorption of P-CDP adsorbents. However, the influence of 

charge state on MP adsorption affinity was unexpected. Through complementary studies that were 

outside the scope of this dissertation, we found that some fluorine atoms in the crosslinker can be 

substituted with hydroxide due to side reactions that occur during the polymerization of P-CDP128. 

This results in phenolation of the surface, and imparts a negative charge to P-CDP adsorbents, 

which is schematically presented in Figure 5.1. The specific role that localized negative charges 

on the surface of P-CDP play in MP adsorption is unknown, though several mechanisms can be 

hypothesized based on the results and observations in this research. The most likely mechanism is 

that the negative surface charge can facilitate the transport of cationic MPs towards the binding 

sites in the cavity of β-cyclodextrin and increase the binding strength of cationic MPs through 
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complementary electrostatic interactions. However, we cannot exclude the possibility that the 

localized negative charges by themselves can function as adsorption sites for cationic MPs. Further, 

the crosslinker chemistry also plays an important role in the fouling of P-CDP adsorbents. In 

Chapter 4, the biased adsorption inhibition of cationic MPs was observed in both simulated BA-

UF and PBF processes with real water samples, whereas the adsorption inhibition of neutral MPs 

on P-CDP adsorbents is generally limited. The selective adsorption inhibition of cationic MPs 

could be attributed to an overall decrease in the negative surface charge of P-CDP adsorbents 

resulting from localized charge neutralization in water samples with a high ionic strength limiting 

the complementary electrostatic interactions148,157, which is schematically presented in Figure 5.1. 

The limited adsorption inhibition of neutral MPs could be linked to the negative surface charge 

which can inhibit the adsorption of anionic molecules through repulsive electrostatic interactions. 

Despite the presence of low molar weight (MW) dissolved organic matters (DOM) in all water 

samples that could compete with MPs for binding in the interior cavity of β-cyclodextrin, most 

DOM bear negative charges rendering their much lower adsorption affinity relative to neutral MPs 

to P-CDP adsorbents. Therefore, the adsorption of neutral MPs is not inhibited to great extents in 

 

Figure 5.1. The uniform mesoporous structure of P-CDP with a negatively charged surface in 
nanopure water (left) and in natural water matrix (right).  
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real water samples. These results demonstrate that MP adsorption on P-CDP relies on the 

formation of host-guest complexes in the interior cavity of β-CD and that crosslinker chemistry is 

a complementary, yet important driver of MP adsorption affinity to P-CDP adsorbents. 

Overall, the presented research demonstrates the advantageous features of P-CDP 

adsorbents as alternatives to AC adsorbents, interprets the adsorption and fouling mechanisms on 

P-CDP, and reveals the important role that crosslinker chemistry plays in the adsorption and 

fouling of P-CDP. The well-demonstrated adsorption and fouling mechanisms enable the 

identification of organic molecules that favorably or unfavorably bind to P-CDP and the prediction 

of P-CDP performance in a variety of water matrices. Therefore, the performance of P-CDP can 

be maximized by determining the most appropriate scenarios where P-CDP can be implemented. 

For example, in PBF processes, the rapid adsorption kinetics, translating to steep breakthrough 

curves, coupled with the great resistance to fouling of P-CDP adsorbents could result in their higher 

MP treatment efficiency and capacity relative to AC in relatively complex water matrices such as 

surface water or wastewater effluents. Further, the identification of ionic strength as the primary 

cause of the biased adsorption inhibition of cationic MPs enables the selections of upstream 

processes such as cation exchange that further increase the treatment capacity of CDP adsorbents 

by removing inorganic cations which contribute significantly to the neutralization of negative 

surface charges156.  

5.2 Novel adsorbents characterization design 

Anthropogenic activities increasingly contribute to the contamination of natural water 

systems, raising concerns about human and ecological health among the public. To address this 

issue, significant research efforts have focused on developing sustainable treatment technologies 

to remove water contaminants like MPs during water and wastewater treatment. Due to the 
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demonstrated potential of adsorption as a cost-effective and sustainable treatment technology, 

thousands of papers about the synthesis and evaluation of novel adsorbents have been published 

in recent decades158. Despite the significantly expanded adsorbent inventory, very few of these 

novel adsorbents have been successfully pushed from lab research to practical implementation. 

While many novel adsorbents exhibit promising removal of targeted contaminants in lab research, 

most of them don’t work as expected under practical treatment conditions. In most research, the 

experimental conditions were either over-simplified or irrelevant to practical treatment conditions 

and the novel adsorbent was compared to existing alternatives, characterized with different 

experimental setups or under different conditions158. Therefore, the efficacy of novel adsorbents is 

generally overestimated in laboratory-scale experiments. Further, due to the lack of rational 

characterization, limited insights can be achieved into the adsorption and fouling mechanism of 

novel adsorbents. To target this problem, this dissertation provides a roadmap which can function 

as guidance for the systematic characterization and evaluation of future adsorbents that could result 

in more efficient translation from laboratory research to field implementation. 

Based on experiences gained during the development of this dissertation, there are three 

steps that future researchers could follow when evaluating a novel adsorbent. By following these 

steps, researchers can more efficiently translate novel adsorption technologies to field-scale 

implementation. The characterization of a novel adsorbent should start from investigating 

adsorption kinetics and equilibrium removal of targeted contaminants at environmentally relevant 

concentrations in a clean matrix. Benchmarking the adsorption kinetics of a novel adsorbent and 

well-characterized existing adsorbents often enables insights on the adsorption mechanisms and 

the microstructure of an adsorbents. Further, adsorption kinetics and equilibrium removal of 

targeted contaminants are two major determinants of the feasibility of a novel adsorbent because 
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of their associations with the treatment efficiency and capacity as demonstrated in Chapter 4. To 

achieve a robust characterization of the adsorption kinetics for a novel adsorbent, several important 

things are worth noting. First, it is necessary to measure the adsorption kinetics at concentrations 

of targeted contaminants that are typical in the practical treatment. Due to the great influence of 

adsorbate concentrations on its uptake rate, the adsorption kinetics, measured at adsorbate 

concentrations that are irrelevant to the real conditions, can be misleading. Second, the adsorption 

kinetics between two different adsorbents are comparable only if they were measured under 

exactly the same experimental setup and conditions. Besides the adsorbate concentration, many 

other parameters can also affect the adsorption kinetics such as the adsorbent concentration, pH, 

mixing patterns, temperature, and the openness to the atmosphere. Therefore, instead of comparing 

the measured kinetics of a novel adsorbent to the published data of an existing alternative, it is 

encouraged to perform kinetic experiments under the same conditions for both adsorbents then 

benchmark the results of the novel adsorbent against the existing alternative. Finally, it is critical 

to select the appropriate kinetic model to fit the adsorption data. For example, the pseudo second 

order model65, employed in Chapter 2, is recommended for adsorbents like ion-exchange resins 

and P-CDP, on which the adsorption relies on specific active sites. 

The thermodynamics of adsorption is also an essential component of a systematic 

characterization of an adsorbent. Combined with QSAR modelling, the characterized 

thermodynamics can substantially further the understanding of adsorption mechanisms on a novel 

adsorbent and enable the evaluation of its adsorption capacity for targeting contaminants. In most 

research, the adsorption thermodynamics of a novel adsorbent was generally measured at a set of 

high concentrations of targeted contaminants (> mg L-1) so the maximum adsorption capacity 

(Qmax) could be determined through isotherm model fitting159. However, a high Qmax doesn’t 
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necessarily translate into great removal in practical treatment. For example, though P-CDP has a 

high Qmax for bisphenol A (BPA), the removal of BPA at low concentrations is limited due to the 

relatively low adsorption affinity of BPA to P-CDP64. Therefore, similar to adsorption kinetics, it 

is necessary to determine the concentration range of targeted contaminants in thermodynamic 

experiments based on their environmentally relevant concentrations. For example, the 

thermodynamics of P-CDP adsorption (i.e., adsorption affinity) was measured under conditions of 

infinite dilution of MPs because the typical levels of MPs are generally low in the environment. 

As a result, the QSAR resulting from these thermodynamic data can be employed to predict the 

adsorption capacity of P-CDP for thousands of MPs when they are present in environmental 

systems at low concentrations. In addition, for a novel adsorbent targeting a broad spectrum of 

contaminants with diverse physicochemical properties, it might be worth the efforts to develop 

QSAR models based on the thermodynamic data to achieve quantitative insights on the adsorption 

mechanisms. While the model development requires expertise in statistics, the model-selection 

workflow presented in Chapter 3 is fully adaptable and can be used to generate mechanistically 

meaningful QSARs for novel adsorbents. 

If a novel material has been demonstrated as a promising adsorbent with respect to 

adsorption kinetics and thermodynamics, the characterization of its fouling in bench-scale 

simulations of BA-UF and PBF processes with environmentally derived water samples can be the 

final step before pushing its development from lab research to practical implementation. In Chapter 

4, the design of bench-scale BA-UF and rapid small scale column test (RSSCT) was provided and 

can be employed as templates for the experimental design for evaluating future novel adsorbents. 

Several things are worth noting for the determination of operational parameters for RSSCT 

experiments. First, to avoid the effects of channeling and wall effects, the ratio of column diameter 



 

93 
 

to adsorbent diameter should be greater than 50151. Second, due to high hydraulic loadings 

employed in RSSCT experiments, the variance among the size and shape of adsorbents should be 

well controlled to avoid undesired high back pressure. Third, two sets of scaling functions, based 

on the assumption of constant diffusivity and proportional diffusivity, respectively, could be 

employed to determine the empty bed contact time of RSSCT experiments. If it is assumed that 

the intraparticle diffusivities do not change with adsorbent size, the scaling function of constant 

diffusivity should be employed. If it is assumed that the intraparticle diffusivity is proportional to 

particle size, then the other set of scaling function should be employed152. For example, in this 

research, the scaling function of constant diffusivity was employed for the design of RSSCT 

experiments for both CCAC and CDP@CMC based on previous studies about MP breakthrough 

on AC adsorbents150,153 and the uniform mesoporous structure and rapid adsorption kinetics of P-

CDP, respectively. To evaluate the interference resulting from different water matrix constituents, 

it is essential to perform adsorption experiments with varying water samples collected from diverse 

sources (e.g., groundwater, surface water, wastewater, and wastewater effluent) and fully 

characterize each water sample for water quality parameters that may impact adsorption processes 

(e.g., pH, DOM, ionic strength, and inorganic ions). The statistical analysis can then be performed 

to identify the major drivers of the fouling among all measured water quality parameters as 

demonstrated in Chapter 4. However, further controlled fouling experiments with the identified 

water quality parameters could be required to verify the conclusions achieved through statistical 

analysis due to the strong correlations among most water quality parameters. 

5.3 Outlook 

The research presented in this dissertation achieves a comprehensive characterization of 

P-CDP as promising adsorbents for the removal of a broad spectrum of MPs during water and 
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wastewater treatment and discovers the important role crosslinker chemistry plays in both 

adsorption and fouling mechanisms on P-CDP adsorbents. In Project A, I identified the much faster 

but more selective MP uptake on P-CDP relative to CCAC; P-CDP favors the adsorption of 

cationic MPs revealing the potential role that crosslinker chemistry plays in the selective 

adsorption of P-CDP. In Project B, I developed the first QSAR model for P-CDP which performs 

reliable predictions of adsorption affinity for thousands of MPs, and furthers the understanding of 

adsorption mechanisms on P-CDP; the size and charge state are the major determinants of MP 

adsorption affinity to P-CDP. In Project C, I demonstrated the superiority of P-CDP over CCAC 

in practical implementation with respect to adsorption kinetics, MP treatment capacity, and 

resistance to fouling by common matrix constituents, and identified ionic strength as the primary 

determinant of the fouling of P-CDP. 

These project outcomes demonstrate the efficacy of P-CDP for the removal of a broad 

spectrum of MPs in both BA-UF and PBF processes, and enable the prediction of P-CDP 

performance for a variety of organic contaminants under a wide range of environmentally relevant 

scenarios. Therefore, suggestions can be made to help determine how P-CDP adsorbents should 

be implemented under specific scenarios to optimize their performance. Though the 

characterization of P-CDP adsorbents described in this dissertation is comprehensive, it would be 

beneficial to complement this research with several additional studies proposed as follows. First, 

controlled fouling experiments can be designed and performed across gradients of low MW DOM 

(i.e., fulvic acids) and divalent inorganic cations (i.e., Ca2+ and Mg2+) to further the understanding 

of fouling mechanisms on P-CDP. In Chapter 4, the adsorption inhibition of cationic MPs and 

neutral MPs was primarily attributed to ionic strength and low MW DOM, respectively, which 

corroborate our expectations that P-CDP adsorption relies on the formation of host-guest 
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complexes in the interior cavity of β-CD and that crosslinker chemistry is a complementary, yet 

important driver of MP adsorption affinity to P-CDP adsorbents. While these results are sufficient 

for the estimation of P-CDP performance in practical implementation, controlled fouling 

experiments could enable further insights on the individual contribution of low MW DOM and 

different inorganic cations. The fully illustrated fouling mechanisms on P-CDP can help with the 

selection of upstream processes that maximize the potential of P-CDP by removing matrix 

constituents that contribute most to the fouling. Second, the regeneration of P-CDP adsorbents 

should be investigated to determine the optimized in situ regeneration conditions. The presented 

research demonstrates that P-CDP adsorption relies on the formation of host-guest complexes in 

the cavity of β-CD, suggesting the potential in situ regeneration of used P-CDP adsorbents due to 

the reversiable complexation in β-CD55,97. However, the complementary electrostatic interactions 

resulting from the crosslinker chemistry should be considered because they could affect the 

regeneration conditions for the decomplexation of cationic MPs. For example, though P-CDP 

saturated by BPA (neutral compound at pH 7) in clean matrix can be easily regenerated by rinsing 

it with a small amount of methanol64, the methanol amended with CaCl2 was required to effectively 

recover cationic MPs extracted by P-CDP which was employed as a solid-phase extraction material 

in wastewater-impacted surface water105. To target effective and efficient in situ regeneration of 

P-CDP, it is necessary to systematically investigate the regeneration of P-CDP adsorbents 

employed in BA-UF and PBF processes with varying water matrices. Therefore, as the scenario 

where P-CDP adsorbents are employed varies, the regeneration conditions can be optimized 

accordingly. Finally, other techniques like algination can be investigated as alternatives to the 

grafting method to adjust the size and shape of P-CDP adsorbents. In Chapter 4, CDP@CMC 

yielded from the grafting method exhibits satisfactory MP treatment capacity in simulated PBF 
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processes, however, the characterization of CDP@CMC indicates the formation of P-CDP as an 

extremely thin coating around the cellulose microcrystal66. Specifically, the compositional analysis 

demonstrates that CDP@CMC only contains approximately 21.4 wt % of P-CDP with the 

remaining 78.6 wt % is just cellulose66. The low content of P-CDP in CDP@CMC could 

substantially constrain the treatment capacity of CDP@CMC in practical implementation. 

Therefore, alternative particle-size-increasing techniques are required to increase the content of P-

CDP in the product adsorbents thereby maximizing the treatment capacity of P-CDP adsorbents 

during water and wastewater treatment. 

These proposed studies can serve as great complements to the systematic characterization 

of P-CDP presented in this dissertation, which will enable further understanding of the fouling 

mechanism on P-CDP, the determination of optimized regeneration conditions, and the further 

enhancement of the treatment capacity of P-CDP adsorbents in practical implementation. Based 

on the expanded characterization results, the design of P-CDP adsorption processes can be further 

rationalized to maximize the performance of P-CDP for MP removal and minimize the cost and 

energy consumption in the practical implementation. 
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APPENDIX A – Benchmarking Micropollutant Removal by 

Activated Carbon and Porous β‑Cyclodextrin Polymers 

under Environmentally Relevant Scenarios 

 

A.1 Schematic of porous β-cyclodextrin polymer 

 

 

Figure A1. β-CD polymers derived from nucleophilic aromatic substitution reactions. The 
reaction of β-CD with tetrafluoroterephthalonitrile in THF at 80 ℃ provides a porous β-CD 
polymer (P-CDP).
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A.2 Chemicals and reagents 

Table A1: Data for all micropollutants included in the study. 
Compound Name CAS # Supplier Chemical Formula McG Vola pKab logKow

c Charged 
2,4-D 94-75-7 Aldrich C8H6Cl2O3 1.4 3.0±0.1 2.50 - 
Abacavir 136470-78-5 Aldrich C14H18N6O 2.1 14.9±0.1 0.39 n 
Acebutolol 37517-30-9 Aldrich C18H28N2O4 2.8 13.8±0.2 1.53 + 
Acetaminophen 103-90-2 USP C8H9NO2 1.2 9.9±0.1 0.91 n 
Acetochlor 34256-82-1 Aldrich C14H20ClNO2 2.1 1.3±0.5 3.50 n 
Albuterol 18559-94-9 Aldrich C13H21NO3 2.0 10.0±0.3 0.34 + 
Allopurinol 315-30-0 Aldrich C5H4N4O 0.9 9.2±0.5 0.35 n 
Amphetamine 300-62-9 Aldrich C9H13N 1.2 9.9±0.1 1.80 + 
Atenolol 29122-68-7 Aldrich C14H22N2O3 2.2 13.9±0.2 0.43 + 
Atenolol Acid 56392-14-4 Aldrich C14H21N1O4 2.1 4.4±0.1 -1.24 z 
Atrazine 1912-24-9 Aldrich C8H14Cl1N5 1.6 2.3±0.1 1.76 n 
Benzotriazole-methyl-1H 136-85-6 Aldrich C7H7N3 1.0 8.7±0.4 1.81 n 
Bromacil 314-40-9 Aldrich C9H13BrN2O2 1.6 8.8±0.4 1.69 z 
Bupropion 34841-39-9 Cerilliant C13H18ClNO 1.9 N/A 3.27 + 
Caffeine 58-08-2 USP C8H10N4O2 1.4 0.5±0.7 -0.55 n 
Carbamazepine 298-46-4 Aldrich C15H12N2O 1.8 13.9±0.2 2.77 n 
Carbaryl 63-25-2 Aldrich C12H11NO2 1.5 12.0±0.5 2.96 n 
Carbofuran 1563-66-2 Aldrich C12H15NO3 1.7 12.3±0.5 1.30 n 
Chloridazon 1698-60-8 Aldrich C10H8Cl1N3O1 1.5 0.7±0.2 1.11 n 
Chloroxylenol 88-04-0 Aldrich C8H9ClO 1.2 9.8±0.2 3.30 n 
Cimetidine 51481-61-9 Aldrich C10H16N6S 2.0 14.1±0.1 -0.29 n 
Clofibric Acid 882-09-7 Aldrich C10H11ClO3 1.5 3.2±0.1 2.90 - 
Codeine 76-57-3 Cerilliant C18H21NO3 2.2 13.4±0.2 1.34 + 
Cotinine 486-56-6 Cerilliant C10H12N2O 1.4 4.7±0.1 0.21 n 
DEET 134-62-3 Aldrich C12H17NO 1.7 -1.4±0.7 2.50 n 
Diazinon 333-41-5 Aldrich C12H21N2O3P1S1 2.3 1.2±0.3 4.19 n 
Diclofenac 15307-86-5 Aldrich C14H11Cl2N1O2 2.0 4.2±0.1 4.60 - 
Dimethoate 60-51-5 Aldrich C5H12NO3PS2 1.6 14.4±0.5 -1.48 n 
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Diuron 330-54-1 Aldrich C9H10Cl2N2O1 1.6 13.6±0.7 2.30 n 
Efavirenz 154598-52-4 Aldrich C14H9ClF3NO2 1.9 10.2±0.4 5.15 n 
Erythromycin 114-07-8 Aldrich C37H67NO13 5.8 13.1±0.7 2.60 + 
Estrone 53-16-7 Aldrich C18H22O2 2.2 10.3±0.4 4.31 n 
Famotidine 76824-35-6 Aldrich C8H15N7O2S3 2.3 7.5±0.4 -1.95 + 
Fluconazole 86386-73-4 Aldrich C13H12F2N6O 2.0 11.0±0.3 0.56 n 
Fluoxetine 54910-89-3 Aldrich C17H18F3NO 2.2 10.1±0.1 4.17 + 
Gemfibrozil 25812-30-0 Aldrich C15H22O3 2.1 4.8± 0.5 4.39 - 
Hydrocodone 125-29-1 Cerilliant C18H21NO3 2.2 8.5±0.2 1.96 + 
Ibuprofen 15687-27-1 Arcos Organics C13H18O2 1.8 4.4±0.1 3.84 - 
Imidacloprid 138261-41-3 Aldrich C9H10ClN5O2 1.7 7.2±0.2 -0.59 z 
Iopromid 73334-07-3 Aldrich C18H24I3N3O8 3.8 10.6±0.7 -0.44 z 
Ioxynil 1689-83-4 Aldrich C7H3I2NO 1.4 5.0±0.2 3.38 - 
Isoproturon 34123-59-6 Aldrich C12H18N2O1 1.8 15.1±0.7 2.57 n 
Ketoprofen 22071-15-4 Aldrich C16H14O3 2.0 4.2±0.1 3.61 - 
Linuron 330-55-2 Aldrich C9H10Cl2N2O2 1.7 12.1±0.7 2.30 n 
Malaoxon 1634-78-2 Aldrich C10H19O7PS 2.2 N.A 0.97 n 
MCPA 94-74-6 Aldrich C9H9ClO3 1.4 3.1±0.1 2.41 - 
Mecoprop 93-65-2 Aldrich C10H11ClO3 1.5 3.2±0.1 2.98 - 
Meprobamate 57-53-4 Cerilliant C9H18N2O4 1.7 13.1±0.5 0.93 n 
Methomyl 16752-77-5 Aldrich C5H10N2O2S 1.2 13.3±0.5 0.72 n 
Metolachlor 51218-45-2 Aldrich C15H22ClNO2 2.3 1.5±0.5 3.45 n 
Metoprolol 37350-58-6 Aldrich C15H25NO3 2.3 13.9±0.2 1.76 + 
Metribuzin 21087-64-9 Aldrich C8H14N4O1S1 1.6 -0.2±0.2 1.96 n 
Molinate 2212-67-1 Aldrich C9H17NOS 1.5 -1.2±0.2 2.34 n 
Morphine 57-27-2 Cerilliant C17H19O3 2.1 9.5±0.4 0.90 + 
Nadolol 42200-33-9 Aldrich C17H27NO4 2.5 13.9±0.2 0.87 + 
Naproxen 22204-53-1 Aldrich C14H14O3 1.8 4.8±0.3 2.99 - 
Oxcarbazepine 28721-07-5 Aldrich C15H12N2O2 1.9 13.7±0.2 1.82 n 
Oxybenzone 131-57-7 Aldrich C14H12O3 1.7 7.6±0.4 3.62 - 
Paraxanthine 611-59-6 Aldrich C7H8N4O2 1.2 8.5±0.5 0.09 n 
Penciclovir 39809-25-1 Aldrich C10H15N5O3 1.8 14.4±0.1 -1.69 n 
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Pentoxyfylline 6493-05-6 Aldrich C13H18N4O3 2.1 0.5±0.7 0.23 n 
Perfluorobutanoic acid 375-22-4 Aldrich C4HF7O2 0.9 0.4±0.1 2.31 - 
Perfluorooctanoic acid 335-67-1 Aldrich C8HF15O2 1.6 0.5±0.1 5.11 - 
Phenytoin 57-41-0 Aldrich C15H12N2O2 1.9 8.3±0.1 3.40 z 
Progesterone 57-83-0 Aldrich C21H30O2 2.6 N.A 4.15 n 
Prometon 1610-18-0 Aldrich C10H19N5O 1.8 4.4±0.41 1.75 n 
Propachlor 1918-16-7 Aldrich C11H14ClNO 1.7 0.3±0.5 2.39 n 
Ranitidine 66357-35-5 USP C13H22N4O3S 2.4 8.4±0.3 0.99 z 
Siduron 1982-49-6 Aldrich C14H20N2O 2.0 12.4±0.4 3.27 n 
Simazine 122-34-9 Aldrich C7H12ClN5 1.5 2.7±0.1 0.63 n 
Sitagliptin 486460-32-6 Aldrich C16H15F6N5O 2.4 7.2±0.1 1.26 + 
Sucralose 56038-13-2 Aldrich C12H19Cl3O8 2.4 12.5±0.7 -0.47 n 
Sulfamethoxazole 723-46-6 Aldrich C10H11N3O3S 1.7 5.8±0.5 0.79 - 
Sulfathiazole 72-14-0 Aldrich C9H9N3O2S2 1.7 7.2±0.1 0.98 - 
TCEP 115-96-8 Aldrich C6H12Cl3O4P 1.8 N.A 2.11 n 
Testosterone 58-22-0 Aldrich C19H28O2 2.4 15.1±0.6 3.37 n 
Tramadol 27203-92-5 Cerilliant C16H25NO2 2.2 14.5±0.4 2.45 + 
Tributyl Phosphate 126-73-8 Aldrich C12H27O4P 2.2 N.A 4.09 n 
Triclosan 3380-34-5 Aldrich C12H7Cl3O2 1.8 7.8±0.4 4.98 n 
Trimethoprim 738-70-5 Aldrich C14H18N4O3 2.2 7.0±0.1 0.89 + 
Valsartan 137862-53-4 USP C24H29N5O3 3.4 3.6±0.1 5.27 - 
Venlafaxine 93413-69-5 USP C17H27NO2 2.4 14.8±0.2 2.74 + 
Warfarin 81-81-2 Aldrich C19H16O4 2.3 4.5±1.0 3.52 - 
Aldicarbe 116-06-3 Aldrich C7H14O2N2S1 1.5 13.8±0.5 1.28 n 
Bentazone 25057-89-0 Aldrich C10H12N2O3S 1.7 3.3±0.7 0.76 - 
Beta-Estradiole 50-28-2 Aldrich C18H24O2 2.2 10.3±0.6 3.75 n 
Dextromethorphane 125-71-3 Aldrich C18H25NO 2.2 9.1±0.2 3.49 + 
Estriole 50-27-1 Aldrich C18H24O3 2.3 10.3±0.7 2.67 n 
Ethynylestradiole 57-63-6 Aldrich C20H24O2 2.4 10.2±0.6 3.90 n 
Glyphosatee 1071-83-6 Aldrich C3H8NO5P 1.1 1.2±0.1 -3.10 z 

aMcGowan volume calculated using the PaDEL software; bpKa was found on SciFinder. N.A. means that no pKa was reported; clog 𝐾  are 
estimated values obtained from Marvin from ChemAxon; dcharge state was predicted by Marvin from ChemAxon at pH = 7.4 and represents the 
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dominant species at that pH (n=neutral, +=positive charge, -=negative charge, z=zwitterionic); eMP had erratic response to experimental or 
analytical conditions and was excluded from further analysis. 
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A.3 Adsorbents 

Surface area measurements were conducted on a Micromeritics ASAP 2020 Accelerated Surface 

Area and Porosimetry Analyzer. Each sample (25-50 mg) was degassed at 90 °C for 24 h and then 

backfilled with N2. N2 adsorption isotherms were generated by incremental exposure to ultrahigh-

purity nitrogen up to 1 atm in a liquid nitrogen (77 K) bath, and surface parameters were 

determined using BET adsorption models included in the instrument software (Micromeritics 

ASAP 2020 V4.00). 

 

Figure A2: N2 adsorption (blue circles) and desorption (red squares) isotherms of CCAC. The 
solid line is a guide to the eye. SBET (m2 g-1) is the Brunauer-Emmett-Teller (BET) surface area (m2 

g-1) of CCAC calculated from the N2 adsorption isotherm, and P and P0 are the equilibrium and 
saturation pressures of N2 at 77 K, respectively.  
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Figure A3: The incremental pore volume of CCAC obtained by Non-Local Density Functional 
Theory analysis. NLDFT calculations applied to the N2 adsorption isotherms indicate a high pore 
volume distributed over the range of pore width from 15 to 25 Å, suggesting a mesoporous 
structure.  
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Figure A4: N2 adsorption (blue circles) and desorption (red squares) isotherms of P-CDP. The 
solid line is a guide to the eye. SBET (m2 g-1) is the Brunauer–Emmett–Teller surface area (of m2 g-

1) of P-CDP calculated from the N2 adsorption isotherm, and P and P0 are the equilibrium and 
saturation pressures of N2 at 77 K, respectively. N2 porosimetry of P-CDP provided type II 
isotherms indicative of mesoporosity.  
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Figure A5: The incremental pore volume of P-CDP obtained by Non-Local Density Functional 
Theory analysis. NLDFT calculations applied to the N2 adsorption isotherms present the pore 
volume distributed over a broad range of pore width from 15 to 80 Å. 
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A.4 Analytical methods. 

Table A2: Analytical data for the 83 micropollutants included in the analysis.  

Compound Name Adduct 
Exact Mass of 

the Adduct 
Ionization Modea Product 

ion 
Retention 

Timeb LOQc 

2,4-D [M-H]- 218.9610 negative 160.9556 14.0 10 
Abacavir [M+H]+ 287.1621 positive 191.1041 9.3 1 
Acebutolol [M+H]+ 337.2128 positive 319.2014 10.1 1 
Acetaminophen [M+H]+ 152.0707 positive 110.0602 8.3 10 
Acetochlor [M+H]+ 270.1256 positive 162.1278 16.2 10 
Albuterol [M+H]+ 240.1600 positive 148.0758 8.1 1 
Allopurinol [M+H]+ 137.0464 positive 90.9480 7.3 200 
Amphetamine [M+H]+ 136.1127 positive 91.0545 9.3 1 
Atenolol [M+H]+ 267.1704 positive 190.0863 8.2 1 
Atenolol Acid [M+H]+ 268.1550 positive 191.0705 9.2 1 
Atrazine [M+H]+ 216.1011 positive 174.0542 13.2 1 
Benzotriazole-methyl-1H [M+H]+ 134.0714 positive 106.0652 11.1 1 
Bromacil [M+H]+ 261.0234 positive 204.9610 12.0 10 
Bupropion [M+H]+ 240.1156 positive 166.0420 10.9 1 
Caffeine [M+H]+ 195.0877 positive N/A 9.4 1 
Carbamazepine [M+H]+ 237.1023 positive 194.0966 12.5 1 
Carbaryl [M+H]+ 202.0874 positive N/A 12.5 10 
Carbofuran [M+H]+ 222.1136 positive 165.0912 12.0 1 
Chloridazon [M+H]+ 222.0429 positive 128.9851 10.6 1 
Chloroxylenol [M-H]- 157.0421 negative N/A 15.3 200 
Cimetidine [M+H]+ 253.1236 positive 159.0700 8.3 1 
Clofibric Acid [M-H]- 213.0312 negative 126.9944 14.7 10 
Codeine [M+H]+ 300.1600 positive 215.1068 8.5 10 
Cotinine [M+H]+ 177.1029 positive 146.0602 6.9 50 
DEET [M+H]+ 192.1384 positive 119.0492 13.3 1 
Diazinon [M+H]+ 305.1084 positive 169.0795 17.5 1 
Diclofenac [M+H]+ 296.0240 positive 215.0498 17.4 10 
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Dimethoate [M+H]+ 230.0081 positive 142.9928 10.5 1 
Diuron [M+H]+ 233.0244 positive 159.9717 13.9 10 
Efavirenz [M+H]+ 316.0353 positive 244.0137 17.4 10 
Erythromycin [M+H]+ 734.4686 positive 576.3745 13.2 200 
Estrone [M+H]+ 271.1699 positive 157.0648 11.7 1 
Famotidine [M+H]+ 338.0528 positive 189.0264 8.3 10 
Fluconazole [M+H]+ 307.1114 positive 220.0681 10.4 50 
Fluoxetine [M+H]+ 310.1414 positive 265.1587 14.1 10 
Gemfibrozil [M+H]+ 251.1642 positive 161.9684 19.3 10 
Hydrocodone [M+H]+ 300.1600 positive 199.0754 8.8 1 
Ibuprofen [M+Na]+ 229.1199 positive 181.9883 17.8 10 
Imidacloprid [M+H]+ 256.0602 positive 175.0980 10.1 1 
Iopromid [M+H]+ 791.8771 positive 572.9014 8.4 1 
Ioxynil [M-H]- 369.8220 negative 230.9186 14.3 1 
Isoproturon [M+H]+ 207.1493 positive 134.0965 13.6 1 
Ketoprofen [M+H]+ 255.1016 positive 209.0962 14.3 10 
Linuron [M+H]+ 249.0193 positive 159.9717 14.9 10 
Malaoxon [M+H]+ 315.0668 positive 255.0682 12.1 1 
MCPA [M-H]- 199.0156 negative 141.0099 14.4 1 
Mecoprop [M-H]- 213.0312 negative 141.0101 15.6 1 
Meprobamate [M+H]+ 219.1346 positive 203.1429 11.3 10 
Methomyl [M+H]+ 163.0542 positive 102.9699 9.2 1 
Metolachlor [M+H]+ 284.1413 positive 252.1151 16.4 1 
Metoprolol [M+H]+ 268.1908 positive 159.0806 10.2 1 
Metribuzin [M+H]+ 215.0962 positive 187.1011 12.0 1 
Molinate [M+H]+ 188.1110 positive 126.0914 15.4 1 
Morphine [M+H]+ 286.1438 positive 201.0911 7.5 10 
Nadolol [M+H]+ 310.2014 positive 254.1388 9.4 1 
Naproxen [M+H]+ 231.1016 positive 185.0963 14.8 1 
Oxcarbazepine [M+H]+ 253.0978 positive 208.0749 11.6 10 
Oxybenzone [M+H]+ 229.0860 positive 151.0391 16.7 50 
Paraxanthine [M+H]+ 181.0726 positive 124.0507 8.8 10 
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Penciclovir [M+H]+ 254.1254 positive 152.0568 8.3 1 
Pentoxyfylline [M+H]+ 279.1458 positive 181.0722 10.5 1 
PFBA [M-H]- 212.9791 negative 168.9885 10.7 10 
PFOA [M-H]- 412.9664 negative 218.9857 17.0 1 
Phenytoin [M+H]+ 253.0978 positive 182.0966 12.4 1 
Progesterone [M+H]+ 315.2325 positive 297.2211 17.3 10 
Prometon [M+H]+ 226.1663 positive 142.0725 11.6 1 
Propachlor [M+H]+ 212.0837 positive 170.0368 13.4 1 
Ranitidine [M+H]+ 315.1486 positive 176.0490 8.2 10 
Siduron [M+H]+ 233.1655 positive 137.0711 14.8 10 
Simazine [M+H]+ 202.0855 positive 132.0324 11.9 1 
Sitagliptin [M+H]+ 408.1260 positive 235.0802 10.4 10 
Sucralose [M-H]- 395.0067 negative 278.1482 9.9 1 
Sulfamethoxazole [M+H]+ 254.0595 positive 156.0114 10.0 10 
Sulfathiazole [M+H]+ 256.0210 positive 156.0114 8.6 10 
TCEP [M+H]+ 284.9618 positive 160.9766 12.2 1 
Testosterone [M+H]+ 289.2168 positive 253.1953 15.4 1 
Tramadol [M+H]+ 264.1964 positive 201.1278 10.1 1 
Tributyl Phosphate [M+H]+ 267.1726 positive 155.0468 18.9 1 
Triclosan [M-H]- 286.9427 negative 165.8927 19.4 10 
Trimethoprim [M+H]+ 291.1452 positive 245.1035 9.2 1 
Valsartan [M+H]+ 436.2349 positive 235.0985 15.6 10 
Venlafaxine [M+H]+ 278.2115 positive 215.1431 11.3 10 
Warfarin [M+H]+ 309.1122 positive 251.0705 15.3 1 

aThe major ionization mode of the respective MP after electrospray ionization (ESI); bThe retention time of the respective MP (in minutes); cThe 
limit of quantification of the respective MP (ng L-1). 
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A.5 Data from batch experiments 

Table A3: Results of batch experiments.  
Compound 

Name kobs, [g mg-1 min-1]a Removal: 5 min, [%]b Removal: 30 min, [%]b 

 
CCAC 

(10 mg L-1) 
P-CDP 

(10 mg L-1) 
P-CDP 

(50 mg L-1) 
CCAC 

(10 mg L-1) 
P-CDP 

(10 mg L-1) 
P-CDP 

(50 mg L-1) 
CCAC 

(10 mg L-1) 
P-CDP 

(10 mg L-1) 
P-CDP 

(50 mg L-1) 

2,4-D 11.0 
0.0  

(72.9) 
0.0  

(-1717.8) 
43.3±3.4 2.2±5.0 7.4±4.9 76.8±1.6 4.7±3.0 4.2±3.0 

Abacavir 14.0 141.8 2850.5 56.2±2.7 90.4±3.9 97.9±0.7 88.1±1.9 94.6±0.3 98.5±0.3 

Acebutolol 1.9 586.88 10331.8 61.2±4.4 64.1±16 99.5±10 97±0.6 82.6±10 99.9±10 

Acetaminophen 13.9 
0.0 

(-772.6) 
0.0  

(-1046.2) 
32.4±7.6 6.8±2.8 12.4±2.7 56.1±6.9 0.6±1.8 13.3±1.8 

Acetochlor 13.0 61.9 517.2 59.7±4.5 51.7±4.1 79±2.5 90.9±0.8 59.3±2.1 87.9±2.1 

Albuterol 
0.0  

(-1775.1) 
151.0 1124.0 0.0±9.0 74.2±3.9 90±1.6 0.2±6.1 79.2±4.3 93.4±4.3 

Allopurinol 26.4 37.3 
0.0  

(-221.0) 
32.9±11 1.1±13.1 12.1±12 47.5±4.8 6.3±3.6 16.0±3.6 

Amphetamine 
0.0  

(-4485.5) 
73712.2 1928.2 0±7.1 75.5±16 95.8±5.3 0±11.2 72.4±9.9 97.1±9.9 

Atenolol 5.0 182.8 1928.5 16.7±8.1 83.3±6.6 96.3±1.9 45.2±4.3 88.5±2.1 97.5±2.1 

Atenolol Acid 16.3 85.7 1786.5 34.6±1.5 76.4±3.9 91.5±1.4 57.8±3.6 82.3±2.0 91.7±2.0 

Atrazine 14.7 177.1 1052.6 44.6±1.5 17.6±4.8 55.5±4 75.7±1.7 22.2±4.9 56.7±4.9 

Benzotriazole-
methyl-1H 

21.0 281.1 4009.8 60.4±1.8 15.5±2.1 48.1±1.8 82.9±1.0 18.2±5.0 48.7±5.0 

Bromacil 16.9 612.7 1961.4 39.4±2.6 8.7±4.3 33.7±4 64.2±2.8 8.8±6.07 34.4±6.1 
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Bupropion 3.1 5184.7 39699.4 20.7±2.6 59.6±13 99.8±9.3 67.0±6.4 71.6±4.1 99.9±4.1 

Caffeine 13.0 207.9 1549.7 44.7±19 0.7±6.7 15±6.3 77.5±3.4 5.5±6.5 17.9±6.5 

Carbamazepine 13.0 335.1 697.6 56.2±5.4 15.1±2.9 47±2.5 86.3±1.4 18.0±3.6 49.6±3.6 

Carbaryl 16.8 1485.8 1071.0 49.0±1.8 11.3±3.9 41.5±3.5 77.2±1.5 12.7±6.3 40.9±6.3 

Carbofuran 15.2 
0.0  

(-980.1) 
0.0 

(-11876) 
40.3±1.9 4.8±1.6 27.7±1.6 67.3±2.2 3.2±5.6 27.0±5.6 

Chloridazon 14.3 364.9 946.2 56.6±5.7 23.9±2.6 59.1±2.1 86.3±1.6 25.4±2.9 59.5±2.9 

Chloroxylenol 10.6 52.8 594.2 47.4±4.9 10.1±15 8.8±13.9 77.9±1.0 19±16.4 10.5±16 

Cimetidine 18.7 100.9 2288.5 58.8±6.9 86.5±5.3 96.2±1.2 85.5±1.3 92.4±0.5 97.7±0.5 

Clofibric Acid 16.8 
0.0  

(-112.9) 
2721.8 36.8±3.1 2.5±5.6 22.6±5.6 60.4±0.5 4.5±7.3 19.3±7.3 

Codeine 19.8 1501.2 10768.2 22.2±6.9 90.6±12 99.2±2.3 59.8±4.2 94.3±1.3 99.6±1.3 

Cotinine 17.8 239.3 563.5 32.1±9.5 26.8±5.1 35.3±3.9 50.3±1.7 25.2±4.0 41.3±4.0 

DEET 16.8 577.9 868.3 39.0±1.1 12.1±2.8 40.7±2.6 66.7±3.1 13±2.9 45.6±2.9 

Diazinon 26.3 194.7 3441.0 72.5±1.4 90.3±5.3 98.1±1.2 96.8±0.0 94.6±0.9 99.3±0.9 

Diclofenac 6.4 46.4 191.8 48.0±3.7 32.4±4.4 55±3.3 88.1±1.5 40.4±2.8 62.4±2.8 

Dimethoate 11.1 
0.0  

(-248.1) 
0.0 

(-733.3) 
21.5±22 7.0±4.4 21.3±4.1 55.6±8.5 4.9±8.2 20.8±8.2 

Diuron 21.8 122.4 2215.3 75.9±2.0 81.6±3.5 96.4±1.1 96.7±0.3 86.8±1.0 97.6±1.0 
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Efavirenz 25.1 170.6 3166.9 65.2±4.3 82.0±6.0 97.4±2 95.7±0.4 87.9±1.0 99.1±1.0 

Erythromycin 14.4 171.9 16772.6 39.1±8.2 60.6±13 61.1±9.9 92.6±2.8 79.4±3.7 100.0±3 

Estrone 16.8 67.4 1254.2 66.2±2.9 55.5±5.3 85.3±2.7 96.2±0.5 64.9±4.1 89.0±4.1 

Famotidine 26.1 107.4 1966.1 74.2±4.0 87.4±6.2 97±1.3 95.5±0.3 93.1±0.7 98.4±0.7 

Fluconazole 11.8 329.4 3370.8 43.5±2.4 6.5±4.7 30.9±4.4 74.3±1.7 7.8±2.7 38.9±2.7 

Fluoxetine 2563.0 137.0 4931.0 12.3±37 46.8±10 98±8.8 71.2±7.7 66.3±6.4 99.5±6.4 

Gemfibrozil 8.1 143.0 19249.5 54.6±4.3 76.1±7.7 99.7±3.2 93.9±1.3 79.2±5.4 99.8±5.4 

Hydrocodone 16.7 1506.9 10768.2 22.2±6.9 89.8±14 99.2±2.9 59.8±4.2 94.1±1.7 99.6±1.7 

Ibuprofen 2.9 43.7 4175.5 20.9±4.1 9.1±7.5 75.8±6.8 62.5±3.9 25.5±10 76.4±10 

Imidacloprid 15.1 224.8 1275.6 56.8±1.6 26.9±3.3 63.6±2.5 85.8±1.6 29.3±2.6 62.6±2.6 

Iopromid 5.0 73.9 694.4 32.0±10 6.9±6.5 18.6±6.2 72.4±7.7 7.7±7.3 31.3±7.3 

Ioxynil 6.8 9915.0 677.8 47.2±4.7 7.3±4.8 31.7±4.4 85.9±0.2 8.2±3.4 25.9±3.4 

Isoproturon 15.3 84.6 989.5 55.9±3.4 61.0±4.1 87.5±2.1 86.1±1.5 67.9±2.1 90.5±2.1 

Ketoprofen 8.6 268.7 428.4 49.8±5.1 23.8±2.9 48.7±2.4 87.2±1.3 25.3±4.5 45.9±4.5 

Linuron 24.4 143.3 2866.8 77.3±3.7 89.0±4.1 98±0.9 97.5±0.1 93.4±0.7 98.8±0.6 

Malaoxon 12.7 359.4 1017.5 46.8±1.9 24.4±3.0 62.1±2.4 78.0±2.2 25.6±3.9 72.5±3.9 
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MCPA 11.9 
0.0 

(255.6) 
0.0  

(-6644.9) 
43.8±2.6 0.0±4.6 5.5±4.5 74.8±0.9 1.2±5.6 4.9±5.6 

Mecoprop 11.2 
0.0 

(1997.2) 
1718.3 38.8±1.2 0.0±2.3 20.1±2.3 74.0±1.6 0.0±7.0 20.0±7.0 

Meprobamate 15.9 
0.0  

(-405.0) 
0.0 

(6865.6) 
34.9±4.7 5.1±6.1 7.9±5.8 57.5±2.2 2.2±4.3 4.3±4.3 

Methomyl 17.6 
0.0  

(-98.6) 
0.0 

(-5520.4) 
24.7±7.6 0.0±10.3 15.4±11 47.1±6.3 0.0±11.4 12.3±11 

Metolachlor 11.9 59.5 546.8 58.6±2.9 56.7±4.6 81.7±2.6 91.1±1.2 64.3±2.2 90.8±2.2 

Metoprolol 1.7 1633.2 6408.4 40.0±3.9 85.8±20 99.3±5.1 83.3±3.1 91.1±2.8 99.8±2.8 

Metribuzin 18.8 435.3 1079.2 36.8±0.9 12.7±3.2 40.7±2.8 58.9±2.5 13.6±4.5 41.2±4.5 

Molinate 15.5 212.6 652.6 52.7±2.5 32.4±2.8 66.3±2 79.3±1.8 35.9±3.4 67.4±3.4 

Morphine 3.1 162.1 2307.9 15.2±13 80.5±5.2 96.2±1.7 41.8±3.0 86.3±2.9 98.2±2.9 

Nadolol 2.2 197.6 1821.5 31.1±1.8 85.9±7.8 97.2±2.1 69.5±5.0 91.4±2.0 98.7±2.0 

Naproxen 10.5 57.3 623.9 52.5±4.0 41.0±6.1 83.1±4.3 89.2±1.0 51.7±7.0 84.1±7.0 

Oxcarbazepine 14.5 60.3 1122.3 59.9±4.5 12.1±11 37.6±10 90.3±5.0 20.8±2.6 36.2±2.6 

Oxybenzone 116.1 927.3 7457.3 91.5±2.3 94.7±15 98.1±2 99.4±0.0 92.8±6.8 98.1±6.8 

Paraxanthine 15.3 
0.0  

(60.9) 
0.0 

(-1185.8) 
47.5±8.0 0.1±5.2 13.1±5.1 71.8±4.7 2.4±7.1 12.2±7.1 

Penciclovir 16.3 102.7 12811.6 57.8±6.9 87.4±4.9 94±1.1 88.2±2.9 92.8±0.6 94.6±0.6 

Pentoxyfylline 13.7 1780.0 651.8 62.4±6.9 25.6±2.4 58.7±1.9 94.7±0.4 23.8±3.9 59.3±3.9 
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Perfluorobutanoic 
acid 

29.0 
0.0 

(6538.3) 
0.0  

(-5384.3) 
20.5±5.9 0.0±5.3 11.9±5.4 32.3±4.4 0.3±7.8 17.0±7.8 

Perfluorooctanoic 
acid 

9.9 
0.0 

(-10733) 
31.3 39.0±5.5 0.0±6.3 4.2±6.6 71.5±1.1 0.0±4.0 8.8±4.0 

Phenytoin 11.0 244.0 339.1 44.4±12 19.2±6.2 45.5±5.2 78.9±2.5 22.1±5.8 36.2±5.8 

Progesterone 43.7 222.3 3688.8 84.7±1.7 94.1±3.8 98.2±0.6 99.3±0.1 97.0±0.1 99.3±0.1 

Prometon 14.4 179.5 3554.3 40.4±2.5 91.5±4.0 97.7±0.8 73.0±1.8 95.1±1.1 98.6±1.0 

Propachlor 17.0 2055.4 978.6 43.6±1.3 14.4±4.0 43.8±3.4 70.2±1.8 16.0±2.9 47.8±2.9 

Ranitidine 16.5 9346.4 154494.1 41.5±4.5 71.2±3.6 90.2±1.1 84.4±4.2 72.0±0.3 90.6±0.2 

Siduron 14.3 73.7 860.8 63.2±3.4 62.6±3.2 89±1.6 92.5±0.9 70.2±1.9 92.2±1.9 

Simazine 18.3 1477.0 1071.0 68.6±3.7 11.3±3.9 41.5±3.5 95.0±0.5 12.7±6.3 40.9±6.3 

Sitagliptin 2.0 1538.2 21755.0 53.6±3.6 62.6±12 99.7±7.2 93.7±1.2 72.5±2.5 99.9±2.5 

Sucralose 10.3 114.0 67.9 38.6±18 13.9±11 16.9±9.2 74.5±2.7 14.1±10 14.4±10 

Sulfamethoxazole 10.0 341.5 2326.6 35.9±14 25.7±3.6 52.1±2.7 71.1±4.1 26.9±3.8 51.7±3.7 

Sulfathiazole 10.4 1097.2 1559.3 50.7±7.7 14.3±4.6 39±4 83.2±2.8 15.9±2.7 38.7±2.7 

TCEP 15.1 240.2 1481.6 41.2±0.5 10.9±2.7 35.7±2.5 66.9±2.4 12.8±3.5 34.5±3.5 

Testosterone 16.5 74.3 1210.6 71.1±2.9 79.5±4.2 93.7±1.4 98.4±0.2 86.4±1.3 96.8±1.3 

Tramadol 5.1 5239.8 33486.8 11.5±1.8 66.6±12 99.9±7.3 46.5±6.4 81.0±6.7 100.0±6 
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Tributyl 
Phosphate 

12.1 55.6 453.7 60.2±3.1 61.4±5.7 84.6±3.1 92.6±1.2 70.5±2.1 96.5±2.1 

Triclosan 264.0 753.4 4234.9 92±2.3 92.3±7.1 99.3±1.2 99.5±0.0 95.3±0.8 99.1±0.8 

Trimethoprim 14.3 898.8 8092.4 55.5±2.5 95.1±10 99.4±1.2 90.9±1.5 97.9±0.3 99.7±0.3 

Valsartan 3.8 87.2 19.2 28.5±2.1 12.5±3.1 21.2±2.8 73.7±0.8 18.0±5.1 43.8±5.1 

Venlafaxine 5.5 5259.9 90891.0 13.9±2.5 59.8±17 99.9±11 51.8±6.3 72.9±5.2 100.0±5 

Warfarin 6.3 35.5 345.4 41.9±4.0 46.5±3.6 74.4±2.3 84.3±1.7 58.2±2.9 81.3±2.9 
akobs (g mg-1 min-1) was calculated with Ho and McKay pseudo second model; bR represents average percent removal relative to control 
experiments. 
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Figure A6. Experimental data (shape) and fit of the pseudo-second order model from Ho and 
McKay (line) for four representative MPs onto P-CDP. 
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Figure A7. Representative kinetic data from batch experiments for a random MP from each 
removal group. 
.
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A.6 Data from flow-through experiments 

Table A4: Results of flow-through experiments.  
Compound Name CCAC – 1 mg P-CDP – 1 mg P-CDP – 5 mg 

 NPa SSWb NP SSW NP SSW 
2,4-D 32.0±3.2 30.1±4.4 10.0±1.5 41.6±2.4 26.1±5.6 52.2±5.5 
Abacavir 66.5±0.1 78.2±0.4 98.5±0.2 98.9±0.1 99.9±0.1 99.6±0.3 
Acebutolol 80.4±0.1 83.5±1.2 99.9±0.1 97.1±0.5 99.9±0.2 97.0±0.2 
Acetaminophen 68.2±11.9 47.4±5.9 21.6±5.6 38.7±3.4 50.0±6.0 68.4±1.1 
Acetochlor 71.5±4.3 25.1±3.4 79.3±1.7 88.9±2.0 98.0±1.2 99.1±0.2 
Albuterol 72.6±3.0 70.6±5.4 90.0±2.4 91.7±0.8 99.0±1.5 99.3±0.2 
Allopurinol 52.3±5.0 36.0±2.2 11.0±2.2 15.5±75.4 19.7±8.0 24.7±9.0 
Amphetamine 89.4±0.8 88.4±1.1 93.7±2.2 97.2±0.5 99.5±0.6 100.0±0.6 
Atenolol 86.9±0.7 81.5±3.9 96.3±1.3 99.0±0.2 99.8±0.4 99.8±0.5 
Atenolol Acid 60.2±0.9 67.8±1.1 94.1±0.9 90.2±1.1 99.8±0.4 99.8±0.2 
Atrazine 60.4±10.8 19.5±5.2 44.0±5.6 57.3±4.3 90.5±4.8 97.7±1.6 
Benzotriazole-methyl-1H 74.1±13.2 67.3±1.5 52.2±2.6 78.9±2.3 92.2±4.4 99.0±0.7 
Bromacil 59.5±11.3 38.2±0.5 21.7±3.9 52.0±2.0 74.3±5.6 92.2±2.6 
Bupropion 84.5±0.1 76.8±1.1 99.8±0.1 99.2±0.2 99.8±0.1 99.6±0.2 
Caffeine 68.9±6.5 51.5±2.6 12.3±7.4 37.1±3.2 51.1±5.5 67.9±1.6 
Carbamazepine 71.2±10.5 17.3±3.0 51.4±3.3 54.1±4.3 89.5±4.0 96.6±1.9 
Carbaryl 67.5±11.9 43.7±0.5 41.8±1.1 59.2±2.5 89.2±4.3 97.3±1.7 
Carbofuran 62.4±8.9 18.3±1.9 22.7±3.6 37.5±1.6 70.8±5.3 86.7±3.6 
Chloridazon 73.8±9.7 28.8±4.3 59.1±0.9 64.7±3.8 94.8±3.2 98.7±1.0 
Chloroxylenol 12.0±20.7 6.1±4.4 35.1±12.6 43.0±4.7 47.0±9.6 56.1±12.7 
Cimetidine 83.2±0.3 85.2±2.7 98.4±0.7 99.3±0.2 99.9±0.1 99.7±0.2 
Clofibric Acid 19.3±4.6 40.6±5.5 12.0±3.7 47.7±2.9 28.9±1.5 68.4±3.1 
Codeine 78.1±0.2 75.0±3.4 98.8±0.6 99.0±0.2 99.8±0.2 99.7±0.1 
Cotinine 59.9±12 56.5±5 69.7±3.5 48.0±4.8 95.6±3.9 93.9±1.9 
DEET 62.5±11.3 10.5±3.3 40.2±4.9 40.0±7.0 86.5±4.7 95.3±2.6 
Diazinon 69.4±0.1 20.6±7.9 98.5±0.1 98.7±0.5 99.9±0.2 99.8±0.1 
Diclofenac 45.5±3.9 6.5±2.4 84.2±1.7 72.5±3.6 99.2±0.6 98.9±0.5 



 

141 
 

Dimethoate 60.0±19.4 9.0±4.2 32.8±7.4 32.4±4.0 71.9±8.7 88.6±4.4 
Diuron 77.5±1.3 60.5±1.1 93.8±1.1 99.4±0.2 99.7±0.3 99.9±0.2 
Efavirenz 71.8±1.2 49.1±3.8 94.7±1.7 99.3±0.2 99.8±0.3 99.7±0.2 
Erythromycin 64.9±2.3 11.6±9.7 97.0±6.0 92.4±0.4 95.6±0.2 93.4±0.6 
Estrone 69.1±6.2 64.8±4.1 79.7±1.5 96.9±1.1 97.5±1.7 98.7±0.3 
Famotidine 81.2±0.1 96.2±0.4 99.3±0.2 98.6±0.2 99.9±0 99.3±0.1 
Fluconazole 60.2±12.3 52.2±1.5 7.7±5.5 52.1±2.6 65.8±5.0 82.1±0.5 
Fluoxetine 97.1±0.2 64.3±0.1 89.0±1.2 87.5±0.1 97.0±0.3 79.8±0.2 
Gemfibrozil 49.3±0.4 28.1±4.4 96.6±1.2 98.3±0.7 100.0±0.2 97.8±1.9 
Hydrocodone 78.1±0.2 75.0±3.4 98.8±0.6 99.0±0.2 99.8±0.2 99.7±0.1 
Ibuprofen 12.8±12.2 22.1±9.2 3.6±7.3 42.0±4.5 94.5±3.5 98.1±1.3 
Imidacloprid 67.9±11.4 61.5±3.1 67.3±1.2 87.0±2.2 95.0±3.3 99.3±0.3 
Iopromid 52.3±6.4 5.0±17.5 10.0±7.1 10.0±13.6 60.0±21.7 33.9±17.9 
Ioxynil 44.9±7.8 85.7±0.9 69.3±1.3 92.7±0.8 96.7±2.2 99.8±0.2 
Isoproturon 69.6±4.7 22.9±1.5 83.2±0.7 93.5±2.0 98.6±1.4 99.8±0.2 
Ketoprofen 46.1±6.1 29.5±2.6 76.0±3.4 71.8±2.9 95.8±1.9 98.8±0.3 
Linuron 77.2±0.5 63.3±1.8 96.9±0.8 99.7±0.1 99.8±0.2 99.9±0.2 
Malaoxon 64.0±8.5 39.0±0.1 62.4±3.0 77.1±2.8 94.8±3.2 98.9±0.8 
MCPA 29.5±3.8 33.2±4.5 0.4±2.5 44.2±2.7 45.5±6.5 72.3±3.1 
Mecoprop 26.2±6.7 34.5±3.8 22.0±4.5 37.7±2.8 37.2±7.0 67.7±3.5 
Meprobamate 61.0±5.3 34.5±3 17.8±2.6 43.9±2.4 46.2±3.5 69.0±0.4 
Methomyl 64.8±21.4 49.4±5.6 18.1±10.7 38.5±11.0 36.2±13.5 71.7±1.0 
Metolachlor 71.3±4.2 18.2±2.2 84.3±0.6 90.8±2.2 98.3±1.2 99.6±0.2 
Metoprolol 82.8±0.1 85.3±0.7 99.6±0.1 99.4±0.2 99.9±0.2 99.7±0.3 
Metribuzin 55.5±12.2 18.6±0.7 32.9±2.2 55.6±2.1 81.9±5.7 95.8±2.3 
Molinate 69.9±8.0 28.8±4.2 68.9±1.8 69.2±1.9 96.5±2.2 95.0±0.4 
Morphine 74.2±1.4 73.9±1.8 93.5±0.7 96.5±0.6 99.1±0.1 98.6±0.1 
Nadolol 78.8±0.3 81.6±0.8 95.9±1.0 99.1±0.1 99.8±0.3 99.9±0.2 
Naproxen 34.7±1.3 17.7±4.3 86.0±2.3 88.0±2.3 98.9±0.5 97.0±0.3 
Oxcarbazepine 66.7±10.3 39.0±3.3 42.9±1.2 64.5±1.6 84.9±5.0 96.8±1.7 
Oxybenzone 91.6±5.2 83±11.4 100.0±0.1 100.0±0.4 100.0±4.8 100.0±9.8 
Paraxanthine 73.5±13.5 56.5±5.6 5.6±9.8 28.7±8.5 26.0±12.3 50.7±3.3 
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Penciclovir 66.4±12.7 88.9±2.1 99.1±3.0 99.1±2.3 21.5±7.5 50.9±5.2 
Pentoxyfylline 67.6±13.3 54.4±3.1 57.1±2.8 81.2±2.4 93.5±3.9 99.0±0.7 
Perfluorobutanoic acid 20.1±5.4 61.3±3.6 9.6±1.7 61.1±3.8 14.4±4.1 59.5±5.5 
Perfluorooctanoic acid 23.8±2.9 27.7±10.2 20.0±6.5 32.3±3.4 7.4±3.3 61.1±7.7 
Phenytoin 47.6±11.4 51.7±0.6 52.0±2.4 78.4±1.9 91.4±2.5 94.5±2.0 
Progesterone 84.4±0.1 78.8±0.7 99.0±0.3 98.8±0.1 99.9±0.2 98.9±0.2 
Prometon 58.7±0.1 27.3±3.3 99.5±0.1 96.9±1.0 99.9±0.3 99.9±0.1 
Propachlor 60.5±10.1 14.5±2.1 41.6±2.7 47.8±4.7 87.5±4.5 96.5±2.5 
Ranitidine 76.8±0.2 87.0±1.2 99.6±0.0 98.8±0.3 99.4±0.1 97.7±0.1 
Siduron 69.9±4.2 20.7±6.2 83.6±2.0 93.9±1.6 98.6±1.3 99.8±0.1 
Simazine 61.1±11.9 32.7±0.3 30.2±1.1 51.1±2.5 87.0±4.3 96.7±1.7 
Sitagliptin 69.2±5.0 83.0±1.9 100.0±10.4 98.5±0.3 99.6±0.2 98.8±0.3 
Sucralose 4.3±28.7 1.2±20.2 15.2±14.4 21.3±153.7 17.5±12.3 19.3±45.6 
Sulfamethoxazole 42.9±14.0 54.7±4 71.6±5.3 86.8±1.3 94.6±3.6 99.5±0.5 
Sulfathiazole 62.9±19.6 37.1±10.3 60.3±5.8 68.2±2.0 88.3±5.0 98.5±1.9 
TCEP 64.2±10.8 37.9±4.0 41.4±3.8 60.8±2.6 85.2±5.2 96.3±1.6 
Testosterone 74.6±1.9 55.0±1.5 9.03±1.1 98.5±0.4 99.5±0.4 100.0±0.1 
Tramadol 83.2±0.1 71.1±1.5 100.0±0.1 99.8±0.1 100.0±0.2 99.9±0.1 
Tributyl Phosphate 51.1±5.7 33.9±4.8 70.0±0.1 75.5±3.8 73.5±2.6 96.2±4.6 
Triclosan 80.2±0.8 61.1±3.4 100.0±0.7 100.0±0.2 99.8±0.3 95.3±0.2 
Trimethoprim 67.5±0.3 86.1±0.7 100.0±0.1 96.3±0.6 99.9±0.1 97.5±0.2 
Valsartan 9.4±4.2 10.0±2.5 57.2±1.5 19.5±2.4 97.0±0.9 94.7±1.8 
Venlafaxine 83.7±3.3 65.9±2.0 99.9±0.2 99.2±0.1 99.0±0.1 99.7±0.1 
Warfarin 50.2±5.1 17.2±2.4 79.7±1.6 83.4±2.8 98.2±1.2 99.4±0.4 

aThe experiments were performed in nanopure water; bThe experiments were performed in nanopure water + humic acid (20 mg L-1) + sodium 
chloride (200 mg L-1) to simulate surface water; Data provided as average percent removal plus/minus standard deviation of five replicates.
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Figure A8. Comparison of the percent removal of each micropollutant after 5 min contact time in 
batch experiments and from flow-through experiments conducted with P-CDP on (A) an 
equivalent mass basis; and (B) and equivalent surface area basis. Error bars in each panel represent 
the standard deviation of five measurements. 
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Figure A9. Comparison of the percent removal of each micropollutant after 5 min contact time in 
batch experiments and from flow-through experiments conducted with CCAC. Error bars represent 
the standard deviation of five measurements. 
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Figure A10. Comparison of the percent removal of each micropollutant in flow-through 
experiments conducted with P-CDP in the presence of (A) a gradient of NaCl ranging from 2 mg 
L-1 to 2000 mg L-1; (B) a gradient of pH ranging from 6 to 8; and (C) a gradient of humic acid 
ranging from 2 mg L-1 to 200 mg L-1. Error bars represent the standard deviation of three 
measurements. 
 

For P-CDP, there is no significant influence of NaCl on MP uptake in the range of 2 mg L-1 to 200 

mg L-1. However, some MPs that are removed well at lower salt concentrations exhibit poorer 

removal at 2000 mg L-1. These include nine positively charged MP, four neutral MPs, one 

negatively charged MP, and one zwitterionic MP. The skew towards positively charged MPs 

suggests that sodium cations are the dominant interfering constituent, though other positively 

charged MPs are not influenced at all by the presence of even 2000 mg L-1 of NaCl. Despite the 

strong affinity of the P-CDP for positively charged compounds, there is no discernable general 

influence of pH on the removal of the 83 MPs included in this study in the pH range of 6-8. This 

is likely because the majority of the weak bases included in the compound set have pKa values 

greater than 9 or lower than 5 (see data in Table A1), meaning they are either already positively 

charged at all of the pH values investigated or would only be positively charged at a much lower 

(and not environmentally relevant) pH. There were two MPs that were removed to significantly 

lower extents at pH 8 relative to pH 7 and two MPs that were removed to significantly greater 

extents at pH 6 relative to pH 7. However, this behavior cannot be explained by their charge state 

or their pKa values, which are well outside the range of the pH values studied.  Finally, there is no 
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significant influence of NOM on MP uptake in the range of 2 mg L-1 to 20 mg L-1, and only a few 

MPs were removed to lower extents in the presence of 200 mg L-1 of NOM. These included three 

negatively charged MPs and one neutral MP, though it is not clear why these substances in 

particular were influenced by high concentrations of NOM.  
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Figure A11. Comparison of the percent removal of each micropollutant in flow-through 
experiments conducted with CCAC in the presence of (A) a gradient of NaCl ranging from 2 mg 
L-1 to 2000 mg L-1; (B) a gradient of pH ranging from 6 to 8; and (C) a gradient of humic acid 
ranging from 2 mg/L to 200 mg L-1. Error bars represent the standard deviation of three 
measurements. 
 
For CCAC, there was a significant influence of NaCl on MP uptake in the range of 20 mg L-1 to 

2000 mg L-1, relative to 2 mg L-1. This was expected, as previous studies have also reported on the 

influence of ionic strength on MP uptake on CCAC. There was no significant influence of pH on 

the uptake of MPs on CCAC. There was a very significant influence of NOM on the uptake of 

MPs on CCAC. Even 2 mg L-1 of NOM negatively affects the uptake of MPs on CCAC, and 

increasing the concentration of NOM leads to greater and greater affects. This was also expected, 

because fouling of CCAC by NOM is one of the main deficiencies of activated carbon-based 

adsorbents. 
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APPENDIX B – QSARs to Predict Adsorption Affinity of 

Organic Micropollutants for Activated Carbon and 

β-cyclodextrin Polymer Adsorbents 

 

B.1 Chemicals and reagents 

Table B1: List of 200 micropollutants, 2D structures, KD values, and charge state at pH 6.6.  

Micropollutant Structurea 
CCAC  
logKD

b Usec P-CDP  
logKD

d Usee Chargef 

10,11-
dihydrocarbamazepine 

 

2.78 T 0.86 T n 

2,4-D 

 

2.99 V -0.2 T - 

2,6-
dichlorobenzamide 

 

2.22 T -0.29 T n 

2,6-dimethoxyphenol 

 

2.7 T 0.74 T n 

2-aminobenzimidazole 
 

2.6 T 2.28 T + 

2-ethyl-2-phenyl-
malonamide 

 

1.79 T -0.34 V n 

2-methylisothiazolin-
3-one (MI) 

 
n/a -- n/a -- n 

6-benzylaminopurine 

 

3.77 T 2.46 T n 

CH3

O

HO

O

CH3
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Micropollutant Structurea 
CCAC  
logKD

b Usec P-CDP  
logKD

d Usee Chargef 

Abacavir 

 

2.96 T 2.83 T n 

Abscisic Acid 

 

2.5 T 0.32 T - 

Acebutolol 

 

3.34 V 3.48 T + 

Acephate 
 

0.86 -- n/a -- n 

Acesulfame 
 

n/a -- n/a -- - 

Acetaminophen 

 

2.75 T 0.28 T n 

Acetamiprid 

 

2.92 T 1.2 T n 

Acetazolamide 

 

2.82 V 0.74 T n 

Acetochlor 

 

3.01 T 1.85 T n 

N
N

NN

HO

NH 2

HN

CH3

OHN

N

N

S

S

O

O

NH 2
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Micropollutant Structurea 
CCAC  
logKD

b Usec P-CDP  
logKD

d Usee Chargef 

Adrenalone 

 

3.13 -- 2.22 -- + 

Adrenosterone 

 

3.49 T 2 V n 

Alachlor 

 

3.01 T 1.85 V n 

Albuterol 

 

1.3 T 1.93 V + 

Amcinonide 

 

3.39 T 2.66 T n 

Amisulpride 

 

3.32 T 2.7 V + 

Amitriptyline 

 

n/a -- 3.29 T + 

Amphetamine 

 

1.43 T 1.98 T + 

Ampicillin 

 

2.27 T 0.45 T z 

Arecoline 

 

n/a -- 1.94 T + 

CH3

H 3C

CH3

HN

OH OH

HO
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Micropollutant Structurea 
CCAC  
logKD

b Usec P-CDP  
logKD

d Usee Chargef 

Atenolol 

 

2.36 T 2.36 V + 

Atenolol Acid 

 

2.25 T 2.16 T z 

Atomoxetine 

 

2.62 T 3.44 T + 

Atorvastatin 

 

3.4 T 2.4 T - 

Atrazine 

 

2.65 T 0.98 T n 

Atrazine-2-hydroxy 

 

2.37 V 1.81 V n 

Atrazine-desethyl 

 

2.25 V -0.01 V n 

Atrazine-desethyl-
desisopropyl 

 

n/a -- -0.1 T n 

Atropine 

 

1.87 T 2.98 T + 

Azoxystrobin 

 

3.76 T 2.88 T n 
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Micropollutant Structurea 
CCAC  
logKD

b Usec P-CDP  
logKD

d Usee Chargef 

Baclofen 

 

2.03 T 1.06 T z 

Bendiocarb 

 

2.36 V 0.48 V n 

Bentazon 

 

n/a -- n/a -- - 

Benzisothiazolin-3-
one (BIT) 

 
2.93 T 0.42 T n 

Benzophenone 

 

4.01 T 2.29 T n 

Benzotriazole 
 

2.57 T 0.01 T n 

Benzotriazole-methyl-
1H  

2.91 T 0.83 V n 

Benzoylecgonine 

 

2.34 T 1.4 T z 

Bromacil 

 

2.38 T 0.47 T n 

Bupropion 

 

2.35 T 3.36 T + 

Butalbital 

 

2.37 T 0.5 T n 

Caffeine 

 

2.78 V 0.08 T n 



 

153 
 

Micropollutant Structurea 
CCAC  
logKD

b Usec P-CDP  
logKD

d Usee Chargef 

Candesartan 

 

3.35 T 2.17 T - 

Carbamazepine 

 

2.7 T 1.08 V n 

Carbamazepine-10,11-
epoxide 

 

3.47 T 0.5 T n 

Carbaryl 

 

n/a -- 1.78 V n 

Carbendazim 
 

3.25 V 2.1 T n 

Carbofuran 

 

2.4 T 0.32 T n 

Carisoprodol 

 

2.55 V 0.88 T n 

Celecoxib 

 

3.11 T 1.12 T n 

Chloridazon 

 

3.04 T 1.13 V n 

Cimetidine 
 

2.9 T 2.41 T + 

Ciprofloxacin 

 

n/a -- n/a -- z 
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Micropollutant Structurea 
CCAC  
logKD

b Usec P-CDP  
logKD

d Usee Chargef 

cis-Diltiazem 

 

3.07 T 3.42 T + 

Citalopram 

 

n/a -- n/a -- + 

Clarithromycin 

 

2.82 T 3.3 T + 

Climbazole 

 

3.35 T 3.21 T + 

Clofibric Acid 

 

2.49 T -0.07 T - 

Codeine 

 

2.23 T 2.62 T + 

Corticosterone 

 

3.73 T 1.93 T n 

Cotinine 
 

2 T 0.82 T n 

Coumarin 
 

3.28 T 0.9 V n 

Cyanazine 

 

2.76 V 1.09 T n 
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Micropollutant Structurea 
CCAC  
logKD

b Usec P-CDP  
logKD

d Usee Chargef 

Cyflufenamid 

 

3.44 T 2.67 T n 

DEET 

 

2.35 T 0.76 T n 

Dehydroacetic Acid 

 

2.92 T 0.04 T n 

Desvenlafaxine 

 

1.48 T 2.17 T + 

Dexamethasone 

 

3.15 T 1.8 T n 

Dextromethorphan 

 

n/a -- n/a -- + 

Diazinon 

 

3.41 V 2.93 T n 

Diclofenac 

 

3.42 T 1.9 T - 

Dikegulac 

 

2.2 -- -0.39 -- - 

Diethyl phthalate 

 

n/a -- 1.61 T n 

CH3

OO

O

OH3C

OH

OH

N

CH3

H3C
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Micropollutant Structurea 
CCAC  
logKD

b Usec P-CDP  
logKD

d Usee Chargef 

Dimethachlor 

 

2.69 T 1.17 T n 

Dimethoate 

 

2.31 V 0.37 T n 

Diphenhydramine 

 

n/a -- n/a -- + 

Diuron 

 

3.71 V 2.48 T n 

Efavirenz 

 

3.4 T 2.42 T n 

Estrone 

 

3.48 V 2.05 T n 

Ethofumesate 

 

3.22 V 2.19 T n 

Ethyl 
butylacetylaminopropi

onate  

2.45 T 0.63 T n 

Famciclovir 

 

3.25 T 2.42 V n 

Famotidine 
 

3.57 T 2.36 T + 

H3C
N

CH3

N

Cl

Cl

OH
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Micropollutant Structurea 
CCAC  
logKD

b Usec P-CDP  
logKD

d Usee Chargef 

Fexofenadine 

 

n/a -- 3.32 V z 

Fluconazole 

 

2.76 V 0.15 T n 

Flucytosine 

 

2.37 T -0.13 T n 

Fluoxetine 

 

n/a -- 3.32 T + 

Folic Acid 2.97 -- 0.5 -- - 

Furosemid 

 

3.63 T 1.28 T - 

Gabapentin 

 

0.79 T 0.3 T z 

Gemfibrozil 

 

2.89 T 2.2 V - 

N N

OH

H2N

F
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Micropollutant Structurea 
CCAC  
logKD

b Usec P-CDP  
logKD

d Usee Chargef 

Gibberellic Acid 

 

1.81 T 0.18 T - 

Hexamethylphosphora
mide 

 

0.71 V -0.05 1.52 n 

Hexazinone 

 

2.24 T 1.17 T n 

Hydrochlorothiazide 

 

n/a -- n/a -- n 

Hydrocodone 

 

2.43 T 2.85 V + 

Hydrocortisone 

 

3.17 T 1.36 V n 

Ibuprofen 

 

3.2 T 1.34 T - 

Imidacloprid 

 

3.01 T 1.11 T z 

Iodocarb 

 

3.2 T 1.43 T n 

Iopromide 

 

n/a -- 0.76 T n 
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Micropollutant Structurea 
CCAC  
logKD

b Usec P-CDP  
logKD

d Usee Chargef 

Ioxynil 

 

3.44 T 1.02 T - 

Irbesartan 

 

3.52 T 3.88 V - 

Isophorone 
Diisocyanate 

 

2.96 T 0.68 V n 

Isoproturon 

 

2.93 T 1.97 T n 

Ketamine 

 

2.01 T 2.62 T + 

Ketoprofen 

 

3.37 T 1.5 V - 

Lamotrigine 

 

2.53 T 2.46 T n 

Levetiracetam 

 

1.73 T -0.69 T n 

Lidocaine 

 

2.35 T 2.84 T + 

Linuron 

 

3.7 T 2.98 T n 

H3C

O

O

OH
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Micropollutant Structurea 
CCAC  
logKD

b Usec P-CDP  
logKD

d Usee Chargef 

Losartan 

 

3.63 T 3.05 T - 

Mabuterol 

 

1.78 -- 3.05 -- + 

Malaoxon 

 

2.67 V 1.2 V n 

MCPA 

 

2.91 T -0.11 V - 

Mecoprop 

 

2.89 T 0.12 T - 

Melamine 

 

1.77 T 0.48 T + 

Meprobamate 

 

2.21 T 0.07 T - 

Metalaxyl 

 

2.68 T 1.15 T - 

Metamitron 

 

3.21 V 1.29 T - 

H3C

NH3C

OO

CH3

O

O

CH3

CH 3



 

161 
 

Micropollutant Structurea 
CCAC  
logKD

b Usec P-CDP  
logKD

d Usee Chargef 

Metaxalone 

 

3.09 T 1.68 T n 

Metformin 
 

n/a -- 1.18 T + 

Methadone 

 

n/a -- 3.23 V + 

Methocarbamol 

 

2.87 T 0.43 V n 

Methomyl 

 

2.18 T 0.66 V n 

Metolachlor 

 

3 V 1.89 T n 

Metolachlor-ESA 

 

2.8 T -0.01 T - 

Metoprolol 

 

2.73 T 3.16 T + 

Metribuzin 

 

2.19 T 0.83 T n 

Metsulfuron-methyl 

 

3.11 T 1.12 T - 

H3C

O

NH

O

O

CH3
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Micropollutant Structurea 
CCAC  
logKD

b Usec P-CDP  
logKD

d Usee Chargef 

Molinate 

 

2.72 T 1.36 T n 

Morphine 

 

2 T 2.17 V + 

N,N-didesmethyl 
venlafaxine 

 

1.9 T 2.73 T + 

N4-
acetylsulfamethoxazol

e 

 

3.06 T 1.42 T - 

Nadolol 

 

2.34 T 2.68 T + 

Naproxen 

 

3.42 T 2.0 T - 

Nicotine 
 

n/a -- n/a -- + 

Norfloxacin 

 

n/a -- n/a -- z 

Ofloxacin 

 

n/a -- 2.18 T z 

H3C

O

N

O

N

N

CH3

F

O OH
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Micropollutant Structurea 
CCAC  
logKD

b Usec P-CDP  
logKD

d Usee Chargef 

Oxazepam 

 

2.9 T 1.36 T n 

Oxcarbazepine 

 

2.63 T 0.79 V n 

Oxybenzone 

 

3.49 T 2.59 T n 

Paraxanthine 

 

2.63 V -0.55 T n 

Penciclovir 

 

n/a -- n/a -- n 

Pentoxyfylline 

 

3.12 V 1.15 T n 

Perfluorobutanoic 
Acid (PFBA) 

 

1.56 V 0.16 V - 

Perfluorooctanoic 
Acid (PFOA) 

 

2.63 T -0.1 T - 

Phenobarbital 

 

2.49 T 0.72 V n 

Phenytoin 

 

2.67 T 1.01 T n 

O

F
F

FF

FF

FF

FF

FF

FF

F
HO

CH3

N

O

N

HO OH
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Micropollutant Structurea 
CCAC  
logKD

b Usec P-CDP  
logKD

d Usee Chargef 

Pirimicarb 

 

2.87 V 2.87 T n 

Pirimiphos-ethyl 

 

n/a -- 2.63 T n 

Primidone 

 

2.12 V 0.53 T n 

Progesterone 

 

3.82 T 2.65 T n 

Prohexadione 

 

2.67 T -0.56 T - 

Prometon 

 

2.58 T 2.46 V n 

Propachlor 

 

2.38 V 0.86 T n 

Propachlor-ESA 

 

2.49 V -0.65 T - 

Propachlor-OXA 

 

2.11 T -0.24 T - 

Propazine 

 

2.59 V 1.05 T n 

CH3

NH3C

NN

O

PS

O

CH3

O

H3C

CH3
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Micropollutant Structurea 
CCAC  
logKD

b Usec P-CDP  
logKD

d Usee Chargef 

Propoxur 

 

2.34 T 0.56 T n 

Propranolol 

 

3.02 T 2.65 T + 

Propyzamide 

 

3.2 T 1.77 T n 

Pseudoephedrine 

 

1.22 T 1.85 T + 

Pyrazophos 

 

4.1 T 2.33 T n 

Ranitidine 

 

2.86 T 2.75 T z 

Ritalinic Acid 

 

1.31 T 1.08 V z 

Serotonin 

 

1.98 
Vali
dati
on 

0.79 T + 

Sertraline 

 

n/a -- 2.85 T + 

Siduron 

 

3.22 T 2.03 T n CH3

HN

OHN
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Micropollutant Structurea 
CCAC  
logKD

b Usec P-CDP  
logKD

d Usee Chargef 

Simazine 

 

2.67 T 0.72 T n 

Sitagliptin 

 

3.07 V 3.2 T + 

Sucralose 

 

2.51 T 0.07 T n 

Sulfadimethoxine 

 

3.38 T 1.95 T n 

Sulfamethazine 

 

2.81 T 0.54 T n 

Sulfamethoxazole 

 

2.88 T 1.07 T n 

Sulfathiazole 

 

3.26 T 0.77 T n 

TDCPP 

 

3.08 T 2.12 T n 

Temazepam 

 

2.95 V 1.8 T n 

H3C
O

N

N

O
H3C

NH

SO O

NH 2
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Micropollutant Structurea 
CCAC  
logKD

b Usec P-CDP  
logKD

d Usee Chargef 

Terbutylazine 

 

2.59 T 1.6 T n 

Testosterone 

 

3.78 T 2.41 V n 

Theophylline 

 

2.63 T n/a -- n 

Thiabendazole 
 

3.91 T 2.59 V n 

Tramadol 

 

1.48 V 2.71 T + 

Triamterene 

 

n/a -- n/a -- n 

Tributyl-phosphate 

 

3.05 T 2.01 T n 

Triclosan 

 

3.64 T 2.54 T n 

Trimethoprim 

 

2.89 V 3.28 T + 

Trinexapac-ethyl 

 

3.15 T 1.15 V - 

Tris(2-
chloroethyl)phosphate 

 

2.02 T 0.69 T n 
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Micropollutant Structurea 
CCAC  
logKD

b Usec P-CDP  
logKD

d Usee Chargef 

Valsartan 

 

3.15 T 1.73 T - 

Venlafaxine 

 

2.02 T 3.8 T + 

Verapamil n/a -- n/a -- + 

Warfarin 

 

3.15 T 2.04 T - 

aThe 2D structures of 200 MPs were obtained from ChemAxon (http://www.chemaxon.com); bThe 
values of logKD of 175 MPs were calculated for CCAC from batch experiments, the unit of KD is 
L/g; cThere are 169 MPs which were used in the model building for CCAC (136 of them were 
used for model training represented as “T” and the other 33 were used as external validation 
represented as “V”); dThe values of logKD of 186 MPs were calculated for P-CDP from batch 
experiments, the unit of KD is L/g; eThere are 181 MPs which were used in the model building for 
P-CDP (145 of them were used for model training represented as “T” and the other 36 were used 
as external validation represented as “V”); fThe charge state of major microspecies at pH 6.6 are 
predicted by Marvin from ChemAxon (“+” represents cations, “-” represents anions, “n” represents 
neutral species and “z” represents zwitterions).

H3C
N

CH3

O
H3C

HO
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B.2 QSAR modeling for CCAC 

Table B2: The fitting summary of the final Dragon model for CCAC 
Predictor 
Variables 

Para-
metersa 

Std. 
Errorb t valuec Pr(>|t|)d Physicochemical Interpretation 

(Intercept) 1.98 0.26 7.54 9.53E-12 NA 

GATS1s -0.59 0.11 -5.25 6.63E-07 Positive charge potential 

CATS2D_03_NL -0.16 0.03 -4.88 3.28E-06 Hydrophilicity 

CATS2D_04_DL -0.06 0.01 -4.75 5.56E-06 Hydrogen donating capacity 

CATS3D_11_PL 0.63 0.20 3.25 1.51E-03 Lipophilicity 

TDB07v 0.30 0.04 7.64 5.59E-12 
3D TDB – lag 7 weighted by vdW 
volumes 

SPH 1.16 0.17 7.02 1.40E-10 Sphericity 

TDB04v 0.40 0.07 5.57 1.55E-07 
3D TDB – lag 4 weighted by vdW 
volumes 

TDB09m 0.03 0.01 2.36 2.00E-02 
3D TDB – lag 9 weighted by molar 
mass 

Chi_Dt -3.81 0.51 -7.44 1.65E-11 
Extent of branching of carbon-atom 
skeleton of saturated hydrocarbons 

B05[C-N] -0.30 0.06 -5.09 1.33E-06 
Presence of C-N bond at topological 
distance 5 

H-046 0.03 0.01 4.90 2.95E-06 
H attached to sp3 C no X attached to 
next C 

nRNR2 -0.36 0.08 -4.44 2.02E-05 Number of tertiary amines 

B02[N-N] 0.22 0.05 4.02 1.01E-04 
Presence of N-N bond at topological 
distance 2 

nOxiranes 0.71 0.27 2.62 1.00E-03 Number of Oxiranes 

aRegression parameters represent the mean change in the response variable (log 𝐾 ) for one unit 
of change in the variable while holding other variables as constants; bThe standard error is an 
estimate of the standard deviation of respective regression parameter; cThe t value is the parameter 
divided by its standard error; dThe p-value is determined by comparing the t value to the respective 
t distribution and small p-value indicates high significance of the regression parameter. 
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Table B3: ANOVA analysis of the final Dragon model for CCAC 
Predictor 
Variables Dfa Sum Sqb Mean Sqc F valued Pr(>F)e 

GATS1s 1 3.32 3.32 49.91 1.11E-10 
CATS2D_03_NL 1 1.56 1.56 23.51 3.74E-06 
CATS2D_04_DL 1 3.01 3.01 45.37 5.84E-10 
CATS3D_11_PL 1 0.70 0.70 10.55 0.001506 
TDB07v 1 2.17 2.17 32.61 8.19E-08 
SPH 1 7.86 7.86 118.29 1.24E-19 
TDB04v 1 5.30 5.30 79.79 5.59E-15 
TDB09m 1 4.11 4.11 61.91 1.71E-12 
Chi_Dt 1 9.24 9.24 139.05 7.76E-22 
B05[C-N] 1 1.63 1.63 24.55 2.38E-06 
H-046 1 2.31 2.31 34.76 3.46E-08 
nRNR2 1 2.37 2.37 35.61 2.46E-08 
B02[N-N] 1 0.23 0.23 3.53 0.062615 
nOxiranes 1 0.36 0.36 5.36 0.022253 
Residuals 121 8.04 0.07 NA NA 

aThe degree of freedom of the respective variable; bThe sum of square indicates the variation 
attributed to the respective variable; cThe mean of square is the sum of square divided by the degree 
of freedom of the respective variable; dThe F value is the mean of square of the variable divided 
by that of the residuals; eThe p-value is determined by comparing the F value to the respective F 
distribution and small p-value indicates high influence of the variable. 
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Table B4: The fitting summary of the final PaDEL model for CCAC 
Predictor 
Variables Identifiera 

Para-
metersb 

Std. 
Errorc t valued Pr(>|t|)e Physicochemical Interpretation 

(Intercept)  3.78 0.22 17.54 8.72E-35 NA 
pKb CP-C1a -0.08 0.01 -11.23 2.16E-20 Positive charge potential 
JGI3 CP-C1b -8.81 1.86 -4.75 5.75E-06 Mean topological charge index of order 3 
AATSC4e CP-C1c 5.95 1.15 5.18 9.29E-07 BM autocorrelation – lag 4 weighted by electronegativities 
JGI10 CP-C1d 15.86 6.90 2.30 2.33E-02 Mean topological charge index of order 10 
ETA_Beta_ns_d CP-C1e 0.19 0.05 4.23 4.69E-05 A measure of lone electrons entering into resonance 
minHBa CP-C2a 0.09 0.01 8.99 4.71E-15 Hydrogen accepting capacity 
MLFER_A CP-C2b -0.33 0.06 -5.22 7.65E-07 Hydrogen donating capacity 
GATS1m CP-C3a -1.56 0.18 -8.74 1.76E-14 Geary autocorrelation – lag 1 weighted by molar mass 
AATSC5v CP-C3b 0.01 0.00 3.48 6.91E-04 BM autocorrelation – lag 5 weighted by vdW volumes 
topoRadius CP-C3c 0.06 0.03 1.83 6.96E-02 Tological Radius 
C1SP3 CP-C4a 0.05 0.01 3.72 3.09E-04 Singly bound carbon bound to one other carbon 
piPC9 CP-C4b 0.05 0.01 3.79 2.36E-04 Conventional bond order ID number of order 9 (ln(1+x) 
SRW5 CP-C4c 0.07 0.02 3.32 1.20E-03 Self-returning walk count of order 5 (ln(1+x) 
nF7Ring CP-C5a -0.41 0.11 -3.82 2.12E-04 Number of 7-membered fused rings 
naaS CP-C5b 0.61 0.19 3.26 1.47E-03 Count of atom-type E-State: aSa 
nS CP-C5c 0.22 0.07 3.09 2.46E-03 Number of sulphur atoms 

aThe identifiers for the selected predictor variables: CP denotes CCAC and PaDEL descriptors; C# denotes the categories to which the 
descriptors belong; and the letter is the index of this descriptor in the QSAR model; bRegression parameters represent the mean change 
in the response variable (log 𝐾 ) for one unit of change in the variable while holding other variables as constants; cThe standard error is 
an estimate of the standard deviation of respective regression parameter; dThe t value is the parameter divided by its standard error; eThe 
p-value is determined by comparing the t value to the respective t distribution and small p-value indicates high significance of the 
regression parameter. 
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Figure B1: QSAR model building with PaDEL descriptors for CCAC: (A) comparison of the 
experimental log KD values and the predicted log KD values with the QSAR model containing 25 
descriptors selected by the hybrid EN-both direction stepwise regression - the solid black line is 
the best prediction line and the blue and red dashed lines represent 0.5 and one log unit deviation, 
respectively; (B) the bar and line plots show the adjusted R2 and the Q2 of best APR models with 
10 to 25 descriptors respectively; (C) comparison of the experimental log KD values and the 
predicted log KD values with the final QSAR model of 16 descriptors - the solid black line is the 
best prediction line and the blue and red dashed lines represent 0.5 and one log unit deviation, 
respectively; (D) the bar and line plots show the importance (measured as the decrease of 
𝑅 when the respective predictor variable is removed from the QSAR) and the significance 
(measured by taking negative log10 of the p-value of the t-test for each predictor variable) of each 
descriptor in the final QSAR model. 
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B.3 QSAR modeling for P-CDP 

Table B5: Summary table of the final Dragon model for P-CDP 
Predictor 
Variables 

Para-
metersa 

Std. 
Errorb t valuec Pr(>|t|)d Physicochemical Interpretation 

(Intercept) 7.61 1.13 6.75 3.94E-10 NA 

qpmax 4.92 0.57 8.59 1.84E-14 Total positive charge 

Psi_e_A -0.96 0.14 -6.73 4.44E-10 Electron donating capacity 

SpMin5_Bh(s) 1.76 0.22 7.87 9.83E-13 Positive charge potential 

P_VSA_ppp_A -0.01 0.00 -4.92 2.43E-06 Hydrogen accepting capacity 

TDB06v 0.51 0.08 6.27 4.52E-09 vdW volume 

HATS6u -1.06 0.21 -5.03 1.53E-06 
Leverage-weighted autocorrelation – 
lag 6 unweighted 

T(S..F) -0.09 0.02 -4.11 6.68E-05 
Sum of topological distance between 
S..F 

F06[N-Cl] 0.67 0.15 4.45 1.78E-05 
Frequency of N-Cl at tolological 
distance 6 

aRegression parameters represent the mean change in the response variable (log 𝐾 ) for one unit 
of change in the variable while holding other variables as constants; bThe standard error is an 
estimate of the standard deviation of respective regression parameter; cThe t value is the parameter 
divided by its standard error; dThe p-value is determined by comparing the t value to the respective 
t distribution and small p-value indicates high significance of the regression parameter. 
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Table B6: ANOVA of the final Dragon model for P-CDP 
Predictor 
Variables Dfa Sum Sqb Mean Sqc F valued Pr(>F)e 

qpmax 1 24.08 24.08 84.42 6E-16 
Psi_e_A 1 52.17 52.17 182.87 6.13E-27 
SpMin5_Bh(s) 1 15.52 15.52 54.41 1.45E-11 
P_VSA_ppp_A 1 3.38 3.38 11.83 0.000773 
TDB06v 1 25.97 25.97 91.03 7.85E-17 
HATS6u 1 5.65 5.65 19.80 1.78E-05 
T(S..F) 1 5.02 5.02 17.59 4.91E-05 
F06[N-Cl] 1 5.65 5.65 19.79 1.78E-05 
Residuals 136 38.80 0.29 NA NA 

aThe degree of freedom of the respective variable; bThe sum of square indicates the variation 
attributed to the respective variable; cThe mean of square is the sum of square divided by the degree 
of freedom of the respective variable; dThe F value is the mean of square of the variable divided 
by that of the residuals; eThe p-value is determined by comparing the F value to the respective F 
distribution and small p-value indicates high influence of the variable. 
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Table B7: Summary of the statistical analysis of the final PaDEL model for P-CDP 
Predictor 
Variables Identifiera 

Para-
metersb 

Std. 
Errorc t valued Pr(>|t|)e Physicochemical Interpretation 

(Intercept) 
 

-1.48 0.18 -8.32 8.31E-14 NA 

pKb 
PP-C1a 

0.11 0.01 9.79 1.99E-17 Positive charge potential 

ATSC7e 
PP-C1b 

0.16 0.03 5.01 1.70E-06 Positive charge potential 

SpMin5_Bhs 
PP-C1c 

0.81 0.20 4.13 6.34E-05 Positive charge potential 

SpMin6_Bhi 
PP-C1d 

0.93 0.22 4.23 4.29E-05 Ionization potential 

MLFER_A 
PP-C2a 

-0.57 0.12 -4.64 8.19E-06 Hydrogen donating capacity 

AATS6v PP-C3a 0.01 0.00 6.90 1.87E-10 BM autocorrelation – lag 6 weighted by vdW volumes 

topoRadius 
PP-C3b 

0.15 0.05 2.76 6.63E-03 Topological Radius 

MDEO.11 PP-C4a -0.71 0.09 -8.28 1.07E-13 Molecular distance edge between all primary oxygens 

MDEN.23 PP-C4b -0.44 0.09 -4.98 1.87E-06 
Molecular distance edge between all secondary and tertiary 
nitrogens 

aThe identifiers for the selected predictor variables: PP denotes P-CDP and PaDEL descriptors; C# denotes the categories to which the 
descriptors belong; and the letter is the index of this descriptor in the QSAR model; bRegression parameters represent the mean change 
in the response variable (log 𝐾 ) for one unit of change in the variable while holding other variables as constants; cThe standard error is 
an estimate of the standard deviation of respective regression parameter; dThe t value is the parameter divided by its standard error; eThe 
p-value is determined by comparing the t value to the respective t distribution and small p-value indicates high significance of the 
regression parameter.
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Figure B2: QSAR model building with PaDEL descriptors for P-CDP: (A) comparison of the 
experimental log KD values and the predicted log KD values with the QSAR model containing 25 
descriptors selected by the hybrid EN-both direction stepwise regression - the solid black line is 
the best prediction line and the blue and red dashed lines represent 0.75 and 1.5 log unit deviation, 
respectively; (B) the bar and line plots show the adjusted R2 and the Q2 of best APR models with 
8 to 25 descriptors respectively; (C) comparison of the experimental values of log KD and the 
predicted values of log KD with the final QSAR model of 9 descriptors - the solid black line is the 
best prediction line and the blue and red dashed lines represent 0.75 and 1.5 log unit deviation, 
respectively; (D) the bar and line plots show the importance (measured as the decrease of 
𝑅 when the respective predictor variable is removed from the QSAR) and the significance 
(measured by taking negative log10 of the p-value of the t-test for each predictor variable) of each 
descriptor in the final QSAR model. 
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B.4 Applicability Domain 

 

 

Figure B3: The descriptor space of the final QSAR model for CCAC defined with the most 
significant three descriptors in the final QSAR. 
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Figure B4: Applicability domain of the final QSAR model for CCAC, where the Euclidean 
distance of a MP is the distance between the location of the MP in the descriptor space and the 
center of the space of which the coordinates are the average values of the three descriptors (Chi_Dt: 
0.19, SPH: 0.75, TDB07v: 1.91); the boundary value of the Euclidean distance for this QSAR is 
1.95. 
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Figure B5: The descriptor space of the final QSAR model for P-CDP defined with the most 
significant three descriptors in the final QSAR. 
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Figure B6: Applicability domain of the final QSAR model for P-CDP, where the Euclidean 
distance of a MP is the distance between the location of the MP in the descriptor space and the 
center of the space of which the coordinates are the average values of the three descriptors (qpmax: 
0.18, SpMin5_Bhs: 0.38, TDB06v: 1.99); the boundary value of the Euclidean distance for this 
QSAR is 2.04.
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APPENDIX C – Evaluating the Effects of Water Matrix 

Constituents on Micropollutant Removal by Activated 

Carbon and β-cyclodextrin Polymer Adsorbents 

 

C.1 Chemicals and reagents 

Table C1: List of 90 micropollutants, LogKD for CDP, LogKD for CCAC, and charge state. 
Micropollutant LogKD

a LogKD
b Chargec RSSCT 

2,4-D 1.4 3.0 - Yes 
Abacavir 2.1 3.0 n No 
Acebutolol 2.8 3.0 + No 
Acetaminophen 1.2 2.8 n No 
Acetochlor 2.1 3.0 n Yes 
Albuterol 2.0 1.3 + No 
Amphetamine 1.2 1.4 + No 
Atenolol 2.2 2.4 + Yes 
Atenolol Acid 2.1 2.3 z No 
Atrazine 1.6 2.7 n Yes 
Benzotriazole-methyl-1H 1.0 2.9 n No 
Bromacil 1.6 2.4 z No 
Bupropion 1.9 2.4 + No 
Caffeine 1.4 2.8 n No 
Carbamazepine 1.8 2.7 n No 
Carbaryl 1.5 2.6 n No 
Carbofuran 1.7 2.4 n Yes 
Chloridazon 1.5 3.0 n No 
Cimetidine 2.0 2.9 n No 
Clofibric Acid 1.5 2.5 - No 
Codeine 2.2 2.2 + Yes 
Cotinine 1.4 2.0 n No 
DEET 1.7 2.4 n No 
Diazinon 2.3 3.4 n No 
Diclofenac 2.0 3.4 - Yes 
Dimethoate 1.6 2.3 n Yes 
Diuron 1.6 3.7 n No 
Efavirenz 1.9 3.4 n No 
Erythromycin 5.8 3.3 + No 
Estrone 2.2 3.5 n No 
Famotidine 2.3 3.6 + No 
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Fluconazole 2.0 2.8 n No 
Gemfibrozil 2.1 2.9 - Yes 
Hydrocodone 2.2 2.4 + No 
Ibuprofen 1.8 3.2 - No 
Imidacloprid 1.7 3.0 z No 
Iopromid 3.8 3.4 z No 
Ioxynil 1.4 2.9 - No 
Isoproturon 1.8 3.4 n Yes 
Ketoprofen 2.0 3.7 - No 
Linuron 1.7 2.7 n No 
Malaoxon 2.2 2.9 n No 
MCPA 1.4 2.9 - No 
Mecoprop 1.5 2.2 - No 
Meprobamate 1.7 2.2 n No 
Methomyl 1.2 3.0 n No 
Metolachlor 2.3 2.7 n No 
Metoprolol 2.3 2.2 + Yes 
Metribuzin 1.6 2.7 n No 
Molinate 1.5 2.0 n No 
Morphine 2.1 2.3 + No 
Nadolol 2.5 3.4 + No 
Naproxen 1.8 2.6 - Yes 
Oxcarbazepine 1.9 3.5 n No 
Oxybenzone 1.7 2.6 - No 
Paraxanthine 1.2 2.2 n No 
Penciclovir 1.8 3.1 n No 
Pentoxyfylline 2.1 1.6 n No 
Perfluorobutanoic acid 0.9 2.6 - No 
Perfluorooctanoic acid 1.6 2.7 - No 
Phenytoin 1.9 3.8 z No 
Progesterone 2.6 2.6 n No 
Prometon 1.8 2.4 n No 
Propachlor 1.7 2.9 n No 
Ranitidine 2.4 3.2 z No 
Siduron 2.0 2.7 n No 
Simazine 1.5 3.1 n No 
Sitagliptin 2.4 2.5 + No 
Sucralose 2.4 2.9 n No 
Sulfamethoxazole 1.7 3.3 - Yes 
Sulfathiazole 1.7 2.0 - No 
TCEP 1.8 3.8 n No 
Testosterone 2.4 1.5 n No 
Tramadol 2.2 3.1 + No 
Tributyl Phosphate 2.2 3.6 n No 
Triclosan 1.8 2.9 n No 
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Trimethoprim 2.2 3.2 + Yes 
Valsartan 3.4 2.0 - No 
Venlafaxine 2.4 3.2 + Yes 
Warfarin 2.3 3.0 - No 
Aldicarbe 1.5 3.0 n No 
Allopurinole 0.9 3.0 n No 
Bentazone 1.7 2.8 - No 
Beta-Estradiole 2.2 3.0 n No 
Chloroxylenole 1.2 1.3 n No 
Dextromethorphane 2.2 1.4 + No 
Estriole 2.3 2.4 n No 
Ethynylestradiole 2.4 2.3 n No 
Fluoxetinee 2.2 2.7 + No 
Glyphosatee 1.1 2.9 z No 

aThe values of LogKD of each MP for CDP; bThe values of LogKD of each MP for CCAC; cThe 
values of log 𝐾  are estimated values obtained from ChemAxon (http://www.chemaxon.com); 
dcharge state was predicted by Marvin from ChemAxon at pH = 7.4 and represents the dominant 
species at that pH; eMP had erratic response to experimental or analytical conditions and was 
excluded from further analysis. 
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Table C2: Information on 44 isotope labeled internal standards (ILIS). 
Internal Standard CAS No. Supplier 

2-methyl-3-isothiazolinone-d3 HCl 1329509-49-0 TRC 
Acetaminophen-ring-d4 64315-36-2 Aldrich 
Allopurinol-d2 916979-34-5 TRC 
Atenolol-d7 1202864-50-3 Aldrich 
Atrazine-d5 163165-75-1 Aldrich 
Azoxystrobin-d4 1346606-39-0 TRC 
Caffeine-13C3 200-659-6 Aldrich 
Carbamazepine-13C6 Not available Aldrich 
Carbaryl-d7 362049-56-7 TRC 
Carbofuran-d3 1007459-98-4 Aldrich 
Celecoxib-d4 544686-20-6 TRC 
Cimetidine-d3 1185237-29-9 TRC 
Citalopram-d6 1246819-94-2 TRC 
Dextromethorphan-d3 524713-56-2 TRC 

Diclofenac-(acetophenyl ring-13C6) 1261393-73-0 Aldrich 

Diltiazem-d4 HCl Not available TRC 
Dimethoate-d6 1219794-81-6 TRC 
rac-Efavirenz-d4 1246812-58-7 TRC 
Erythromycin-13C,d3 959119-26-7 TRC 
Estrone-d2 56588-58-0 TRC 
Fexofenadine-d6 548783-71-7 TRC 
Fluoxetine-d5 1173020-43-3 Aldrich 
Gemfibrozil-d6 Not available TRC 
Ibuprofen-d3, ≥ 98% 121662-14-4 Aldrich 
Imidacloprid-d4 1015855-75-0 Aldrich 
Iodocarb-d9 1246815-08-6 TRC 
Iopromide-d3 1189947-73-6 TRC 
Isoproturon-d6 217487-17-7 Aldrich 
Mecoprop-d3 352431-15-3 TRC 
Metformin-d6 HCl 1185166-01-1 TRC 
Metoprolol Acid-d5 Not available TRC 
Morphine-d3 118357-24-7 Aldrich 
Naproxen-(methoxy)-d3 958293-79-3 Fluka 
Oxybenzone-d3 Not available TRC 
Pirimicarb-d6 1015854-66-6 Aldrich 
Ranitidine-d6 1185238-09-8 TRC 
Sucralose-d6 Not available TRC 
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Sulfadimethoxine-d6, 99.4% 73068-02-7 Aldrich 
Sulfamethoxazole-(phenyl-13C6), 99.5% 1196157-90-0 Aldrich 
Thiabendazole-d4 1190007-20-5 TRC 
Triclosan-d3 1020719-98-5 TRC 
Trimethoprim-d9, 99.9% 1189460-62-5 Aldrich 
Tris(2-chloroethyl)phosphate-d12 1276500-47-0 TRC 
Venlafaxine-D6 HCl 1062606-12-5 Aldrich 
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C.2 The fractionation of DOM. 

DOM MW distribution characterization. High-performance size exclusion chromatography 
(HPSEC) was performed for each water sample in this study to isolate the DOM fractions of three 
different MW ranges (i.e., DOM with MW over 1000 Da, DOM with MW between 600 and 1000 
Da, and DOM with MW less than 600 Da). Due to the low concentrations of DOM in most water 
samples, all six water samples were first concentrated 10 times by means of freeze-drying. Briefly, 
a total of 300 mL of each water sample was freeze-dried completely. The remaining solids were 
then dissolved in 30 mL of nanopure water. HPSEC was then performed using a Thermo DINOEX 
high-performance liquid chromatography (HPLC) pump coupled to an Ultimate 3000 RS Variable 
Wavelength Detector and an Automated Fraction Collector. The SEC column employed in this 
study is BioBasic SEC-60 7.8 x 300 mm column (Thermo). Samples were injected at 2 mL 
volumes and were loaded onto the SEC column through the HPLC. The mobile phase containing 
0.0024 M NaHPO4, 0.0016 M Na2HPO4, and 0.025 M NaSO4 was delivered at a constant flow rate 
of 1 mL min-1. The fractionated samples were collected by an Automated Fraction Collector during 
the predetermined time periods as described in the following.  

To determine the time periods for the DOM fraction collection, several calibration reference 
standards were employed including polystyrene sulfonates with MW around 10,000 Da, 
polystyrene sulfonates with MW around 1000 Da, Iopromide with MW at 791 Da, Fexonadine 
with MW at 502 Da, and Catechol with MW at 110 Da. The SEC chromatogram with UV 
adsorption at 254 nm for a wastewater effluent sample (WW1) is provided in Figure C1, where 
the retention time of each reference standard is also marked. Therefore, the time windows of 6 to 
10 min, 10 to 20 min, and 20 to 42 min were determined as the characteristic time periods for the 
collection of DOM with MW over 1000 Da, DOM with MW between 600 and 1000 Da, and DOM 
with MW less than 600 Da, respectively. Because the DOM fractions were diluted by the large 
amount of mobile phase during HPSEC, the collected DOM fractions of each water sample were 
then freeze-dried again to concentrate each fraction to 30 mL for further analysis. 

After HPSEC, the DOM in each water sample was successfully separated into three fractions 
(i.e., fractions with MW over 1000 Da, with MW between 600 and 1000 Da, and with MW less 
than 600 Da). These fractions were then measured with a Shimadzu TOC-L analyzer for the DOC 
concentration. All measurements were performed in duplicate. The results of DOC were then 
divided by the concentration factor of 10 to achieve the original DOC concentration of each 
fraction of each water sample. 
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Figure C1. HPSEC chromatograph at UV 254 nm for WW1 with the retention time of all calibration reference standards marked with 
the blue dash lines. 
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C.3 The design of RSSCT. 

RSSCT design. The design of RSSCT was performed based on the constant diffusivity 
approach151,152. We first determined the configurations of the simulated pilot column based on 
previous research35,152,153. We then used the scaling equation to determine the empty bed contact 
time (EBCT) and hydraulic loading rate of the RSSCT experiments based on the operational 
parameters of the simulated columns as follows:  

𝐸𝐵𝐶𝑇

𝐸𝐵𝐶𝑇
= (

𝑑

𝑑
) =

𝑡

𝑡
 Equation 1 

where EBCTsc, dsc, and tsc are the EBCT, particle diameter, and operation time of the RSSCT 
columns, respectively; EBCTlc, dlc, and tlc are the EBCT, particle diameter, and operation time of 
the simulated pilot columns, respectively. 

The hydraulic loading rate of the RSSCT experiment was calculated based on the following 
equation: 

𝑉

𝑉
=

𝑑

𝑑
×

𝑅 ,

𝑅 ,
 Equation 2 

where the Vsc, and Vlc, are the hydraulic loading rates of RSSCT columns and the simulated pilot 
column, respectively; the Re,sc and Re,lc are the Reynolds numbers of the RSSCT columns and the 
simulated pilot column, respectively. 

Table C3: Design of RSSCT experiments.  
Column parameters Pilot column RSSCT 

Column diameter (cm) 4 0.4 

Column length (cm) 60 1.2 

Particle diameter (mm) 1 0.125 

EBCT (min) 9.6 0.15 

Hydraulic loading (cm/min) 6 8 

Flow rate (mL/min) 62.8 1 

Duration of test (hour) 9600 150 

Bed volume (dimensionless) 60000 60000 
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C.4 Micropollutant quantification and analytical information. 

Micropollutant quantification. We quantified MPs in each sample by means of high-
performance liquid chromatography (HPLC) coupled to a quadrupole-orbitrap mass spectrometer 
(MS) (QExactive, ThermoFisher Scientific). Large volume injection with an EQuan System 
(ThermoFisher Scientific) was employed as previously described103. Briefly, 5 mL of sample was 
injected onto a Hypersil GOLD aQ trap column (2.1 × 20 mm, particle size 12 μm, Thermo Fisher 
Scientific). Elution from the trap column and onto the analytical column (XBridge C18 column; 
2.1 mm × 50 mm; particle size 3.5 µm) was performed using a gradient pump delivering HPLC 
grade water (A) and methanol (B) both amended with 0.1 vol% formic acid using a previously 
reported gradient103. Details on the MS acquisition parameters and quantification procedures are 
provided in Table C4. The MS was operated with electrospray ionization (ESI) in positive and 
negative polarity modes. The MS acquired full-scan MS data within a mass-to-charge range of 
100-1,000 for each sample followed by a data-dependent acquisition of product ion spectra (MS2). 
Analytes in each sample were quantified using isotope-labeled internal reference standards based 
on the ratio of the area responses of the target analyte to the internal standard and by 1/x weighted 
linear least-squares regression. Limits of detection (LODs) for each analyte were determined as 
the lowest point of an external calibration curve in which at least 5 spectra could be observed at a 
certain intensity (greater than 105) with clear isotopic signatures and the most intense MS2 
fragments detected. Exact molecular masses, ionization behavior, retention times, the most intense 
MS/MS fragments, and limits of detection of each analyte are provided in Table C4.
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Table C4: Analytical information for 79 micropollutants. 

Micropollutants 
Exact Mass  

[M] 
Ionization  

Modea 
RTb LODc 

Fragmentd 
Internal Standard 

Mass Formula 

2,4-D 219.9689 Negative 13.74 25 160.9556 C6H3OCl2 Mecoprop-d3 

Abacavir 286.1542 Positive 8.88 5 191.1041 C8H11N6 Sulfamethoxazole-(phenyl-13C6) 

Acebutolol 336.2044 Positive 9.65 5 319.2014 C18H27O3N2 Atenolol-d7 

Acetaminophen 151.0628 Positive 7.95 150 110.0602 C6H8ON Acetaminophen-d4 

Acetochlor 269.1177 Positive 15.90 10 162.1278 C11H16N Celecoxib-d4 

Albuterol 239.1521 Positive 7.68 100 148.0758 C9H10ON Iopromid-d3 

Amphetamine 135.1048 Positive 8.84 50 91.0545 C7H7 Venlafaxine-d6 

Atenolol 266.1625 Positive 7.68 50 190.0863 C11H12O2N Atenolol-d7 

Atenolol Acid 267.1471 Positive 8.80 10 191.0705 C11H11O3 Metoprolol Acid-d5 

Atrazine 215.0932 Positive 12.79 0.5 174.0542 C5H9N5Cl Atrazine-d5 

Benzotriazole-methyl-1H 133.0635 Positive 10.70 5 106.0652 C7H8N Fexofenadine-d6 

Bromacil 260.0155 Positive 11.66 10 204.9610 C5H6O2N2Br Erythromycin-d3 

Bupropion 239.1077 Positive 10.57 100 230.0733 C14H13NCl Citalopram-d6 

Caffeine 194.0798 Positive 9.04 100 138.0664 C6H8ON3 Caffeine-13C3 

Carbamazepine 236.0944 Positive 12.12 5 194.0966 C14H12N Carbamazepine-13C6 

Carbaryl 201.0795 Positive 11.56 5 NA NA Carbaryl-d7 

Carbofuran 221.1057 Positive 11.61 10 165.0912 C10H13O2 Carbofuran-d3 

Chloridazon 221.0350 Positive 10.23 10 128.9851 C4H2ON2Cl Imidacloprid-d4 

Cimetidine 252.1157 Positive 7.83 100 159.0700 C5H11N4S Cimetidine-d3 

Clofibric Acid 214.0391 Negative 14.4 10 126.9944 C6H4OCl Mecoprop-d3 

Codeine 299.1521 Positive 8.03 100 215.1068 C14H15O2 Iopromid-d3 

Cotinine 176.0950 Positive 6.50 50 146.0602 C9H8ON Metformin-d6 

DEET 191.1305 Positive 12.90 0.5 119.0492 C8H7O Fexofenadine-d6 

Diazinon 304.1005 Positive 16.78 10 169.0795 C8H13N2S Diclofenac-(acetophenyl ring-13C6) 

Diclofenac 295.0161 Positive 16.99 10 215.0498 C13H10NCl Diclofenac-(acetophenyl ring-13C6) 
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Dimethoate 229.0002 Positive 10.19 10 142.9928 C2H8O3PS Dimethoate-d6 

Diuron 232.0165 Positive 13.44 10 159.9717 C6H4NCl2 Isoproturon-d6 

Efavirenz 315.0274 Positive 16.99 10 244.0137 C11H6NClF3 Efavirenz-d4 

Erythromycin 733.4607 Positive 12.68 200 576.3745 C29H54O10N Erythromycin-13C, d3 

Estrone 270.1620 Positive 14.57 100 157.0648 C11H9O Estrone-d2 

Famotidine 337.0449 Positive 7.77 100 189.0264 C5H9N4S2 Acetaminophen-d4 

Fluconazole 306.1035 Positive 10.07 5 220.0681 C11H8N3F2 Dimethoate-d6 

Gemfibrozil 250.1563 Positive 18.90 25 83.0859 C6H11 Gemfibrozil-d6 

Hydrocodone 299.1521 Positive 8.36 50 199.0754 C13H11O2 Ranitidine-d6 

Ibuprofen 206.1301 Positive 17.40 10 181.9883 C11H4O2N Ibuprofen-d3 

Imidacloprid 255.0523 Positive 9.69 10 175.0980 C9H11N4 Imidacloprid-d4 

Ioxynil 370.8299 Negative 13.91 5 230.9186 C6H2ONI Mecoprop-d3 

Isoproturon 206.1414 Positive 13.13 5 134.0965 C9H12N Isoproturon-d6 

Ketoprofen 254.0937 Positive 13.91 10 209.0962 C15H13O Carbofuran-d3 

Linuron 248.0114 Positive 14.43 5 159.9717 C6H4NCl2 Isoproturon-d6 

Malaoxon 314.0589 Positive 11.67 50 255.0682 C8H16O7P Carbamazepine-13C6 

MCPA 200.0235 Negative 14.02 10 141.0099 C7H6OCl Mecoprop-d3 

Mecoprop 214.0391 Negative 15.22 10 141.0101 C7H6OCl Mecoprop-d3 

Meprobamate 218.1267 Positive 10.89 25 203.1429 C9H19O3N2 Erythromycin-13C, d3 

Methomyl 162.0463 Positive 8.73 50 102.9699 C2HO2NS Thiabendazole-d4 

Metolachlor 283.1334 Positive 16.01 1 252.1151 C14H19ONCl Azoxystrobin-d4 

Metoprolol 267.1829 Positive 9.75 5 159.0806 C11H11O Metoprolol Acid-d5 

Metribuzin 214.0883 Positive 11.62 5 187.1011 C7H15N4S Carbamazepine-13C6 

Molinate 187.1031 Positive 14.98 5 126.0914 C7H12ON Oxybenzone-d3 

Morphine 285.1359 Positive 7.06 100 201.0911 C13H13O2 Morphine-d3 

Nadolol 309.1935 Positive 9.02 5 254.1388 C13H20O4N Iopromid-d3 

Naproxen 230.0937 Positive 14.44 10 185.0963 C13H13O Naproxen-d3 
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Oxcarbazepine 252.0899 Positive 11.18 5 208.0749 C14H10ON Carbamazepine-13C6 

Oxybenzone 228.0786 Positive 16.33 5 151.0391 C8H7O3 Oxybenzone-d3 

Paraxanthine 180.0647 Positive 8.40 50 124.0507 C5H6ON3 Acetaminophen-d4 

Penciclovir 253.1170 Positive 6.78 200 152.0568 C5H6ON5 Allopurinol-d2 

Pentoxifylline 278.1379 Positive 10.12 5 181.0722 C7H9O2N4 Carbofuran-d3 

PFBA 213.9870 Negative 10.40 10 168.9885 C3F7 Mecoprop-d3 

PFOA 413.9743 Negative 17.00 5 218.9857 C4F9 Triclosan-d3 

Phenytoin 252.0899 Positive 11.95 10 182.0966 C13H12N Carbofuran-d3 

Progesterone 314.2246 Positive 16.92 10 297.2211 C21H29O3 Efavirenz-d4 

Prometon 225.1584 Positive 11.20 0.1 142.0725 C4H8ON5 Carbaryl-d7 

Propachlor 211.0758 Positive 13.00 0.5 170.0368 C8H9ONCl Fexofenadine-d6 

Ranitidine 314.1407 Positive 7.74 100 176.0490 C5H10O2N3S Ranitidine-d6 

Siduron 232.1576 Positive 14.39 5 137.0711 C7H9ON2 Celecoxib-d4 

Simazine 201.0776 Positive 11.56 5 132.0324 C4H7N3Cl Atrazine-d5 

Sitagliptin 407.1181 Positive 9.98 5 235.0802 C8H10ON4F3 Erythromycin-13C, d3 

Sucralose 396.0146 Negative 9.50 100 278.1482 C11H18O8 Sucralose-d6 

Sulfamethoxazole 253.0516 Positive 9.56 10 156.0114 C6H6O2NS Sulfamethoxazole-(phenyl-13C6) 

Sulfathiazole 255.0131 Positive 8.16 100 156.0114 C6H6O2NS Sulfadimethoxine-d6 

TCEP 283.9539 Positive 11.80 5 160.9766 C2H7O4ClP TCEP-d12 

Testosterone 288.2089 Positive 14.95 10 253.1953 C19H25 Isoproturon-d6 

Tramadol 263.1885 Positive 9.70 10 201.1278 C14H17O Sulfamethoxazole-(phenyl-13C6) 

Triamterene 253.1076 Positive 9.49 5 237.0884 C9H8ON5Cl Imidacloprid-d4 

Tributyl phosphate 266.1647 Positive 18.50 10 155.0468 C4H12O4P Gemfibrozil-d6 

Triclosan 287.9506 Negative 18.96 50 165.8927 C5HCl3 Triclosan-d3 

Trimethoprim 290.1373 Positive 8.83 5 245.1035 C12H13O2N4 Trimethoprim-d9 

Valsartan 435.2270 Positive 15.19 10 235.0985 C14H11N4 Isoproturon-d6 

Venlafaxine 277.2036 Positive 10.76 10 215.1431 15H19O Venlafaxine-d6 
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Warfarin 308.1043 Positive 14.86 5 251.0705 C16H11O3 Fexofenadine-d6 
aThe major ionization mode of compounds after electrospray ionization (ESI); bThe retention time with the unit of minute; cThe limit 
of detection with the unit of ng L-1; dThe most intense MS2 fragment used for LOD determination. 
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C.5 Batch experiments 

Table C5: The percent removal of each micropollutant by CCAC in each water matrix.  
Micropollutant NP GW1 GW2 SW1 SW2 WW1 WW2 

2,4-D 84.89±1.63 65.04±2.59 77.62±3.51 21.18±1.04 17.18±2.16 8.64±1.94 11.29±2.58 

Abacavir 95.56±1.64 82.65±1.56 89.90±1.58 43.37±7.41 28.03±2.60 15.09±7.08 37.78±2.77 

Acebutolol 97.56±2.77 93.93±1.07 96.31±0.60 67.32±4.74 81.35±3.42 61.69±3.80 45.61±3.38 

Acetaminophen 84.15±1.37 79.86±2.67 70.12±0.00 79.30±8.81 71.56±16.97 24.09±2.33 19.47±3.80 

Acetochlor 94.68±1.48 76.81±2.56 79.17±3.42 24.05±1.77 19.01±5.90 15.43±2.26 11.00±7.93 

Albuterol 68.61±1.63 59.85±2.18 61.92±3.21 37.23±5.62 45.51±4.00 15.96±2.39 4.35±12.22 

Amphetamine 74.07±1.80 78.57±4.23 78.55±4.92 72.01±2.40 77.12±1.30 56.04±0.34 43.82±4.10 

Atenolol 89.99±1.72 84.57±0.57 87.61±2.24 66.91±5.28 78.24±1.78 43.76±3.27 45.79±2.81 

Atenolol Acid 82.14±1.56 66.14±4.00 71.28±2.01 22.20±1.94 22.04±2.92 0.97±1.03 3.84±3.24 

Atrazine 89.21±1.81 72.96±1.62 80.31±3.00 28.69±0.97 23.71±1.00 14.91±2.54 18.13±1.81 

Benzotriazole-methyl-1H 89.79±1.73 87.30±2.26 90.65±1.52 70.13±2.71 78.12±1.26 49.69±0.39 48.60±3.02 

Bromacil 80.12±1.82 68.60±1.83 69.36±3.81 25.71±3.11 17.51±3.39 6.14±2.94 14.77±2.91 

Bupropion 95.87±4.24 82.83±2.74 85.27±0.82 44.82±0.98 54.13±5.88 32.69±5.92 27.83±6.05 

Caffeine 92.71±1.57 85.21±1.09 92.28±2.06 46.73±6.86 50.80±3.80 29.60±0.94 31.75±1.60 

Carbamazepine 99.24±1.82 98.91±2.16 98.92±4.26 49.30±2.19 42.31±3.50 27.36±1.56 30.66±3.95 

Carbaryl 90.32±1.92 79.88±2.76 84.90±2.57 42.69±2.75 47.76±2.26 22.50±1.88 23.70±4.16 

Carbofuran 86.27±1.83 68.79±2.85 73.53±2.81 20.12±1.57 16.44±1.13 4.32±4.29 13.34±1.48 

Chloridazon 96.35±1.84 87.96±4.86 94.42±1.57 56.61±11.02 68.63±2.39 29.35±2.90 31.45±7.08 

Cimetidine 95.55±1.59 83.60±3.36 89.79±1.02 61.45±4.30 62.98±2.39 36.77±1.32 40.96±2.69 

Clofibric Acid 67.04±1.64 37.75±1.07 44.49±4.52 10.04±0.85 11.00±1.56 2.16±2.68 2.24±3.16 

Codeine 92.35±1.98 80.22±2.77 82.51±1.43 41.87±0.58 45.20±2.09 23.29±1.02 11.30±4.26 

Cotinine 65.68±1.44 73.63±2.84 45.05±3.39 9.37±24.99 16.77±76.95 69.69±1.45 2.70±8.50 
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DEET 82.26±1.81 67.72±1.47 70.82±3.17 23.95±4.63 13.65±3.71 1.54±2.77 16.42±2.82 

Diazinon 96.83±2.82 83.21±9.07 96.52±0.64 19.86±25.94 63.32±11.34 38.48±3.08 22.87±17.36 

Diclofenac 94.35±2.08 72.26±2.89 78.03±2.39 16.79±0.80 11.75±3.63 9.01±0.97 11.06±3.22 

Dimethoate 76.46±1.79 59.53±3.84 68.08±3.42 27.39±4.72 29.57±1.03 14.60±4.04 12.22±1.93 

Diuron 96.82±1.77 92.10±1.37 96.54±0.74 68.08±4.93 73.04±3.18 51.86±2.38 49.46±1.83 

Efavirenz 98.16±2.72 85.53±0.66 90.62±3.01 32.17±8.51 38.89±4.41 34.53±2.18 18.40±16.23 

Erythromycin 99.33±1.45 83.44±1.15 84.38±4.86 16.11±4.61 38.14±28.22 28.89±2.73 6.57±8.25 

Estrone 92.57±1.61 92.46±1.16 90.93±0.00 7.71±24.66 20.50±11.54 43.26±4.38 24.07±24.14 

Famotidine 91.48±1.71 81.42±3.26 85.28±0.00 62.35±5.24 69.64±2.82 33.44±0.97 39.83±4.19 

Fluconazole 91.90±1.59 72.66±2.12 77.24±1.79 21.66±2.77 18.89±1.34 17.37±0.61 13.47±4.38 

Gemfibrozil 94.69±1.53 74.77±6.82 82.31±3.62 16.38±6.10 3.61±3.45 0.42±2.79 6.08±9.40 

Hydrocodone 92.35±1.98 76.28±2.71 79.43±1.36 41.79±2.67 43.46±1.68 26.35±2.65 26.00±0.41 

Ibuprofen 88.17±2.74 53.76±20.65 77.97±1.25 22.04±16.21 45.88±3.15 5.22±1.90 17.91±8.07 

Imidacloprid 95.14±1.59 85.62±2.71 92.68±3.33 58.25±1.40 58.33±3.76 26.48±5.80 31.99±1.55 

Ioxynil 91.53±0.83 76.43±3.99 86.73±1.63 33.48±6.11 15.58±13.28 18.99±3.00 21.36±6.97 

Isoproturon 92.56±1.72 81.87±2.35 88.87±2.27 42.43±1.91 40.59±3.91 29.14±0.97 26.32±1.73 

Ketoprofen 91.94±1.55 75.69±2.49 85.32±2.95 18.11±3.37 14.08±2.60 0.46±0.92 19.34±5.57 

Linuron 97.13±1.72 93.46±1.12 97.23±0.97 69.35±3.52 75.85±3.60 63.42±2.40 50.87±1.10 

Malaoxon 90.88±1.73 75.77±1.82 80.73±2.65 13.25±5.72 2.57±3.28 0.01±2.26 18.93±2.88 

MCPA 83.10±1.65 61.85±2.76 73.98±2.68 18.38±1.89 17.57±3.30 4.35±0.93 10.06±0.79 

Mecoprop 82.33±1.72 57.46±3.41 66.95±3.45 14.50±1.03 8.60±1.85 0.06±1.44 6.93±0.81 

Meprobamate 76.12±1.77 57.04±6.47 66.50±2.80 18.76±4.39 4.77±2.98 0.75±0.75 7.34±2.62 

Methomyl 81.69±1.78 69.52±7.49 77.07±2.42 32.82±7.71 39.62±5.15 4.73±3.02 17.05±9.04 

Metolachlor 94.52±1.45 76.46±2.51 77.54±3.37 22.20±0.25 17.09±5.46 1.44±2.28 15.64±7.66 

Metoprolol 96.45±2.39 90.59±1.63 93.58±0.94 70.89±2.45 79.45±0.46 60.40±1.69 45.73±1.95 

Metribuzin 75.96±1.87 64.26±1.68 65.30±3.47 19.84±3.77 22.14±2.87 4.82±2.70 12.63±1.98 
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Molinate 87.28±1.55 74.93±1.48 79.82±3.29 38.12±2.27 39.74±2.56 22.22±4.22 25.26±0.91 

Morphine 87.10±2.10 78.17±4.22 82.47±7.11 39.51±7.82 31.65±1.82 20.22±4.93 22.81±8.97 

Nadolol 95.38±1.54 83.57±3.23 88.24±1.97 47.93±3.02 54.63±1.49 25.53±2.76 22.95±1.27 

Naproxen 92.66±1.69 76.72±2.22 75.38±19.21 29.42±1.88 20.45±4.32 5.94±1.41 13.00±1.58 

Oxcarbazepine 98.79±1.70 85.20±2.24 81.03±2.25 34.04±4.65 15.45±3.78 16.85±3.55 27.59±2.69 

Oxybenzone 96.25±5.95 96.09±7.68 96.43±0.31 82.92±3.51 89.67±1.49 80.51±0.35 68.44±3.99 

Paraxanthine 81.09±1.71 77.29±2.86 82.74±0.16 52.03±7.15 42.26±9.45 37.08±2.19 33.09±4.36 

Penciclovir 97.68±1.60 97.23±0.00 96.62±0.00 73.09±20.08 63.46±29.82 73.91±1.34 33.28±9.67 

Pentoxifylline 98.06±1.63 90.11±1.69 95.14±1.46 42.74±1.62 40.50±3.85 17.91±3.83 30.98±3.11 

PFBA 17.01±2.06 21.33±7.33 6.54±12.34 24.57±7.56 65.64±4.51 17.04±5.47 7.96±9.08 

PFOA 64.70±1.14 42.65±7.51 33.80±4.32 19.42±9.67 5.76±10.55 11.92±5.47 6.46±3.88 

Phenytoin 94.23±1.38 86.03±2.56 82.03±2.10 35.92±24.90 32.70±21.85 23.00±1.54 25.33±4.77 

Progesterone 96.70±3.44 93.22±1.24 95.47±1.33 58.62±4.28 64.68±7.49 52.74±7.52 39.85±4.94 

Prometon 87.57±2.02 70.33±1.83 73.66±3.41 23.35±3.05 19.07±1.93 10.15±4.86 10.45±1.30 

Propachlor 82.17±1.74 65.66±2.42 68.69±3.20 22.74±3.69 15.50±3.04 7.86±3.47 13.23±0.96 

Ranitidine 95.61±2.48 89.84±1.44 93.21±0.84 71.93±3.07 81.60±1.55 56.15±2.64 45.86±2.25 

Siduron 95.12±1.65 85.07±1.93 90.78±1.88 46.21±1.23 46.80±3.84 31.59±1.62 30.09±2.61 

Simazine 90.33±1.92 78.27±2.08 84.67±2.21 37.63±3.45 47.35±2.09 17.16±2.89 23.28±3.45 

Sitagliptin 97.85±2.56 91.32±0.63 95.08±0.69 58.00±3.37 66.75±4.27 42.11±3.71 29.23±3.19 

Sucralose 54.10±3.43 50.69±2.52 43.07±3.50 20.83±4.03 2.55±9.45 6.85±1.21 5.89±5.67 
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Table C6: The percent removal of each MP by CDP in each water matrix.  
Micropollutant NP GW1 GW2 SW1 SW2 WW1 WW2 

2,4-D 3.29±2.71 1.06±3.35 2.51±3.77 4.41±1.90 8.13±3.82 5.33±9.88 18.44±3.73 

Abacavir 76.53±2.73 4.03±11.39 15.47±2.93 17.13±8.34 23.94±5.72 3.14±4.00 40.69±3.80 

Acebutolol 92.52±4.62 91.64±1.20 84.67±2.50 85.10±2.58 88.21±0.85 70.53±3.26 72.39±1.49 

Acetaminophen 7.94±2.28 6.25±0.00 5.08±0.00 18.20±4.93 27.89±7.82 3.98±0.52 3.56±10.12 

Acetochlor 33.32±2.46 31.04±8.15 21.61±4.05 21.76±2.18 31.45±2.22 9.25±2.72 15.29±2.30 

Albuterol 53.80±2.71 0.72±4.86 4.41±9.20 11.61±9.32 8.80±1.35 1.86±2.36 1.80±9.47 

Amphetamine 56.78±2.99 40.08±5.04 42.00±6.09 36.10±3.81 38.44±2.87 19.09±8.72 11.16±2.26 

Atenolol 70.55±2.86 27.48±2.47 31.06±6.26 29.40±4.97 38.11±2.79 13.01±1.31 19.15±3.50 

Atenolol Acid 47.28±2.60 6.46±4.20 3.08±5.19 2.68±5.44 0.41±5.55 1.50±4.13 2.70±3.18 

Atrazine 15.49±3.01 11.47±4.19 5.11±3.28 7.86±2.67 13.05±0.30 6.65±1.14 7.22±0.56 

Benzotriazole-methyl-1H 19.72±2.88 17.61±5.82 4.23±3.48 15.87±6.65 14.88±4.27 6.55±6.26 15.65±2.43 

Bromacil 4.77±3.04 9.22±3.54 4.60±2.60 6.11±6.85 2.35±1.61 6.65±8.43 6.01±1.36 

Bupropion 93.92±7.06 68.09±3.11 59.73±1.36 58.47±0.40 70.25±1.74 43.15±6.48 51.34±6.78 

Caffeine 6.45±2.61 0.47±5.81 9.23±3.36 2.25±2.33 9.04±8.05 7.41±4.30 6.53±1.58 

Carbamazepine 16.33±3.03 19.17±5.87 13.29±4.57 12.64±1.33 18.98±7.02 0.63±2.27 4.72±3.06 

Carbaryl 14.48±3.20 13.61±3.12 0.74±3.11 10.51±4.10 21.63±3.33 2.24±0.18 0.46±0.99 

Carbofuran 3.15±3.05 4.56±3.07 1.40±1.84 4.45±3.88 2.55±1.26 8.10±4.73 1.05±0.72 

Chloridazon 28.01±3.06 11.50±4.80 11.53±7.45 38.41±7.97 31.42±6.61 2.70±8.25 1.34±9.56 

Cimetidine 81.63±2.64 20.22±8.98 21.14±6.06 17.77±2.64 22.99±7.30 20.22±2.00 22.78±4.93 

Clofibric Acid 2.26±2.73 3.07±1.84 0.30±3.18 5.07±3.60 8.71±3.38 12.90±2.23 15.56±2.32 

Codeine 86.78±3.29 34.76±6.30 31.14±3.51 34.64±5.04 42.86±4.02 10.07±1.31 14.73±0.95 

Cotinine 13.96±2.40 40.39±0.00 36.75±0.00 11.12±3.53 3.54±15.51 43.88±6.60 20.00±20.98 

DEET 8.91±3.01 14.35±1.62 6.30±8.72 2.44±4.20 6.60±4.25 11.00±4.25 6.19±3.60 

Diazinon 73.20±4.69 48.07±31.31 76.09±4.62 54.65±11.27 78.93±3.70 46.04±8.26 55.83±3.88 
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Diclofenac 8.03±3.47 3.22±6.04 5.90±5.79 9.04±2.56 11.12±1.18 9.22±2.82 10.06±1.98 

Dimethoate 7.34±2.98 4.40±1.42 1.89±3.25 4.22±0.86 8.43±3.29 9.28±1.86 2.60±4.01 

Diuron 62.72±2.95 69.86±6.23 66.72±0.51 62.62±3.48 68.35±2.14 39.42±9.23 50.13±4.07 

Efavirenz 64.18±4.53 73.94±3.26 62.35±2.66 56.50±0.87 60.43±2.24 44.26±4.23 33.87±3.71 

Erythromycin 99.30±2.41 93.31±1.44 86.17±2.10 88.16±2.42 87.35±2.44 73.77±6.80 64.12±2.67 

Estrone 37.53±2.68 52.37±7.84 39.03±10.38 13.74±18.15 56.24±19.85 6.64±4.34 10.48±13.15 

Famotidine 81.37±2.84 39.19±4.98 37.94±3.37 33.49±12.61 37.66±6.39 20.02±0.02 33.07±4.83 

Fluconazole 8.17±2.65 1.23±1.78 4.90±10.58 0.91±4.04 7.93±7.81 4.80±1.02 9.89±5.32 

Gemfibrozil 53.51±2.55 2.01±6.19 0.87±13.50 3.97±6.28 6.30±2.76 3.57±2.27 4.64±8.89 

Hydrocodone 86.78±3.29 32.39±4.25 29.89±1.92 35.05±2.93 45.83±5.89 8.55±1.81 37.89±1.81 

Ibuprofen 26.78±4.57 8.06±7.27 28.58±12.08 14.98±8.38 45.77±4.02 0.08±3.96 11.85±7.09 

Imidacloprid 21.35±2.65 17.27±4.95 15.92±6.59 18.57±5.06 16.71±5.04 7.16±0.96 9.39±0.96 

Ioxynil 10.16±1.38 0.41±10.76 17.47±3.42 13.14±9.08 4.21±15.16 0.16±1.60 33.38±5.66 

Isoproturon 38.53±2.86 44.00±6.17 36.61±1.04 37.31±0.92 42.40±2.12 15.46±1.57 26.32±2.63 

Ketoprofen 9.46±2.58 1.09±7.17 7.98±6.84 2.30±4.88 2.00±2.64 6.64±2.52 6.79±3.06 

Linuron 72.86±2.87 84.51±1.50 80.12±1.53 74.55±0.13 82.36±0.76 62.19±1.78 67.22±1.39 

Malaoxon 13.17±2.88 19.44±3.34 8.75±5.22 5.70±1.61 11.55±10.53 6.40±1.19 13.36±7.89 

MCPA 4.14±2.75 2.72±1.87 2.32±3.64 3.57±3.14 11.09±3.50 11.05±2.64 18.01±4.23 

Mecoprop 1.31±2.87 1.38±3.74 1.69±3.89 6.27±1.88 5.81±2.75 5.22±2.44 1.29±2.56 

Meprobamate 1.61±2.95 12.38±8.24 3.39±5.98 5.81±4.19 3.74±4.06 2.07±1.27 8.58±1.46 

Methomyl 1.20±2.97 7.23±16.38 9.84±14.18 5.97±2.40 3.18±7.95 0.38±2.29 6.49±8.42 

Metolachlor 39.34±2.42 37.50±4.77 26.60±2.42 27.52±3.77 33.71±1.93 7.27±2.83 22.84±3.19 

Metoprolol 89.29±3.98 83.78±1.41 77.91±2.74 76.20±2.48 80.64±1.83 54.26±6.02 60.03±2.85 

Metribuzin 12.06±3.11 23.50±4.08 8.13±5.98 7.58±1.76 18.23±5.10 1.15±3.37 0.33±5.55 

Molinate 24.98±2.57 23.96±12.78 11.29±3.35 19.44±2.46 27.13±3.83 2.67±3.46 10.43±6.51 

Morphine 76.95±3.49 4.39±6.42 19.44±7.67 3.85±8.10 20.13±11.04 2.24±4.10 10.48±3.24 
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Nadolol 80.53±2.56 37.63±4.91 32.22±0.74 39.27±3.76 38.40±1.16 8.08±9.41 26.59±0.92 

Naproxen 19.99±2.82 7.16±2.34 7.75±3.43 8.21±6.32 15.84±2.76 2.72±2.18 4.53±1.87 

Oxcarbazepine 11.21±2.83 12.45±8.12 6.03±16.52 3.31±7.50 4.17±7.61 9.94±12.74 10.84±13.04 

Oxybenzone 96.25±9.91 96.09±2.19 96.43±1.52 89.52±1.43 91.23±0.63 81.72±2.34 83.24±2.14 

Paraxanthine 2.70±2.84 3.82±6.11 2.03±5.32 1.51±11.21 5.75±4.40 4.87±0.60 0.70±11.17 

Penciclovir 96.64±2.66 34.85±6.05 25.59±4.12 13.79±8.66 18.37±6.22 19.19±9.69 9.11±11.22 

Pentoxifylline 20.44±2.72 21.29±7.24 6.41±4.11 12.98±4.55 16.12±2.97 6.03±2.31 9.10±1.49 

PFBA 5.61±3.44 6.70±6.94 16.79±7.45 18.10±9.60 65.01±6.21 1.43±3.95 9.36±9.92 

PFOA 4.26±1.89 1.34±15.84 12.73±5.48 16.46±8.67 5.43±17.52 6.55±7.30 6.58±3.29 

Phenytoin 43.56±2.30 4.58±7.89 8.07±10.45 36.05±2.89 19.29±1.68 13.02±1.61 12.95±9.28 

Progesterone 83.58±5.72 88.07±2.89 85.91±1.45 83.71±1.28 84.30±2.94 73.33±2.78 74.50±2.13 

Prometon 72.00±3.36 6.39±6.91 5.77±6.44 13.05±6.33 15.14±5.40 2.00±1.62 4.11±4.99 

Propachlor 10.47±2.90 9.58±7.62 5.06±1.11 8.13±2.78 8.07±4.05 3.32±6.56 1.13±5.23 

Ranitidine 92.74±4.13 76.93±4.71 67.09±1.87 65.81±1.66 75.58±0.33 45.72±8.07 57.69±1.37 

Siduron 43.25±2.75 48.66±6.64 40.26±3.89 37.55±1.75 53.47±2.54 26.48±1.66 29.91±2.56 

Simazine 14.47±3.20 11.76±6.84 5.80±4.79 5.10±1.41 22.45±3.12 8.17±2.86 3.98±8.83 

Sitagliptin 93.78±4.25 53.72±2.60 56.00±3.73 55.02±1.12 51.33±0.69 34.83±8.06 32.73±2.68 

Sucralose 0.76±1.89 1.78±4.94 2.56±4.67 13.70±9.23 7.21±19.35 1.16±3.48 1.69±4.65 
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C.6 RSSCT experiments 

Table C7: Breakthrough bed volumes (10%) of 15 MPs on CDP@CMC and CCAC in different water matrix. 

Micropollutants 
CDP@CMC 10% BV CCAC 10% BV 

NP GW 1 GW 2 SW 1 SW 2 WW 1 WW 2 NP GW 1 SW 1 WW 1 

2,4-D 400 800 800 800 800 800 1600 60000 10400 3600 3200 

Diclofenac 56800 6000 10000 13600 16000 13200 13200 60000 2800 2000 2000 

Gemfibrozil 60000 2400 3200 2800 5600 2400 2000 60000 400 400 400 

Naproxen 56800 1600 3200 3200 8000 1200 1600 60000 4000 3600 1200 

Sulfamethoxazole 1200 800 400 1200 400 400 400 60000 2000 2400 1600 

Atenolol 60000 18000 18000 17600 24000 8800 11200 60000 19200 19600 3200 

Codeine 60000 18800 16000 18000 23200 4400 5200 60000 8000 8000 2400 

Metoprolol 60000 27200 28000 23600 26800 17200 19200 60000 16800 20000 4000 

Trimethoprim 60000 26000 20000 28800 32000 17200 21200 60000 14000 11200 3200 

Venlafaxine 60000 30000 28000 27600 30000 14400 20000 60000 6000 3600 2400 

Acetochlor 14400 12000 12000 5200 11600 3200 5200 60000 4000 2800 2000 

Atrazine 4800 6000 6000 3200 5200 3600 4400 60000 10000 3200 2400 

Carbofuran 1600 1200 1600 1600 1200 2800 800 60000 8000 3200 2400 

Dimethoate 4800 4000 6800 4000 5200 5600 2400 60000 10000 4800 2400 

Isoproturon 56800 28000 26000 24000 31600 12000 28000 60000 12000 9600 3200 
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C.7 Fouling scale index and statistical analysis 

Table C8: The FSI of CCAC and CDP in each water matrix for batch experiments.  

Water 
Matrix 

CCAC CDP 

All MPs Anions Cations 
Neutral 

MPs 
Zwitterions All MPs Anions Cations 

Neutral 
MPs 

Zwitterions 

GW1 14.01±3.72 25.14±6.83 11.05±2.43 11.41±3.19 11.47±2.99 33.65±13.97 79.58±37.52 45.29±4.76 15.65±17.89 37.62±8.59 

GW2 9.62±3.08 17.43±5.75 7.60±2.33 7.92±2.48 5.76±2.27 37.15±11.67 58.46±38.80 47.54±4.43 24.91±12.72 46.65±8.46 

SW1 57.71±6.54 75.39±6.04 44.81±3.98 57.63±8.08 44.16±2.35 36.88±11.18 54.88±32.27 46.42±4.51 26.31±13.05 46.05±7.53 

SW2 55.77±6.80 75.99±6.29 38.59±4.46 56.67±8.23 40.65±3.02 23.11±12.04 22.08±33.23 39.69±3.94 9.23±15.45 42.56±6.77 

WW1 71.73±2.99 89.83±3.05 62.33±3.16 69.23±2.86 69.36±3.47 58.38±9.48 75.09±20.12 68.07±4.71 46.69±11.53 66.30±8.15 

WW2 74.11±5.53 87.44±5.95 68.02±4.48 72.08±6.02 70.07±2.58 50.23±11.05 45.80±26.87 59.05±3.84 44.66±15.07 56.76±3.42 
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Table C9: The FSI of CCAC and CDP in each water matrix for RSSCT experiments.  

Water 
Matrix 

CCAC CDP 

All MPs Anions Cations Neutral MPs All MPs Anions Cations Neutral MPs 

GW1 85.82 93.47 78.67 85.33 67.22 93.38 60.00 37.86 

GW2 NA 67.72 89.95 63.33 36.41 

SW1 89.11 96.00 79.20 92.13 68.58 87.67 61.47 53.88 

SW2 NA 60.26 82.42 54.67 33.50 

WW1 96.00 97.20 94.93 95.87 80.77 89.73 79.33 66.99 

WW2 NA 75.54 89.27 74.40 50.49 
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Table C10: The Pearson correlation coefficients between the FSI of each adsorbent and water quality parameters.  

Adsorbent DOM L-DOM M-DOM LM-DOM H-DOM TDS Conductivity Cl- NO3
- SO4

2- Na+ NH4
+ K+ Mg2+ Ca2+ 

CCAC All 0.28 0.70 0.74 0.84 0.20 0.76 0.77 0.81 -0.55 0.48 0.78 0.43 0.78 0.11 -0.61 

CCAC Anions 0.34 0.66 0.77 0.85 0.27 0.74 0.73 0.78 -0.59 0.43 0.75 0.43 0.76 0.03 -0.67 

CCAC Cations 0.12 0.79 0.67 0.81 0.04 0.82 0.82 0.87 -0.51 0.59 0.85 0.47 0.82 0.24 -0.53 

CCAC Neutral 0.31 0.67 0.75 0.84 0.23 0.74 0.74 0.78 -0.55 0.44 0.75 0.41 0.75 0.09 -0.61 

CDP All -0.57 0.95 0.10 0.40 -0.64 0.80 0.80 0.87 -0.05 0.83 0.88 0.73 0.82 0.66 -0.13 

CDP Anions -0.78 0.31 -0.57 -0.36 -0.80 0.04 0.04 0.18 0.02 0.60 0.26 0.45 0.20 0.20 -0.01 

CDP Cations -0.42 0.98 0.26 0.54 -0.50 0.88 0.88 0.92 -0.11 0.77 0.93 0.80 0.90 0.58 -0.23 

CDP Neutral -0.50 0.94 0.17 0.45 -0.58 0.81 0.81 0.87 -0.01 0.78 0.86 0.62 0.80 0.74 -0.06 

CDP@CMC -0.57 0.95 0.09 0.39 -0.65 0.78 0.78 0.87 -0.08 0.85 0.88 0.73 0.83 0.64 -0.16 

CDP@CMC Anions -0.89 0.18 -0.69 -0.50 -0.88 -0.09 -0.09 0.02 0.13 0.56 0.11 0.14 -0.01 0.32 0.28 

CDP@CMC Cations -0.47 0.96 0.22 0.50 -0.54 0.86 0.86 0.90 -0.05 0.77 0.90 0.73 0.85 0.65 -0.13 

CDP@CMC Neutral -0.36 0.91 0.22 0.48 -0.44 0.74 0.74 0.89 -0.31 0.83 0.90 0.78 0.88 0.42 -0.48 
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Figure C2. Breakthrough curves of 5 anions on CCAC in GW1, SW1, and WW1. 
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Figure C3. Breakthrough curves of 5 cations on CCAC in GW1, SW1, and WW1. 
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Figure C4. Breakthrough curves of 5 neutral MPs on CCAC in GW1, SW1, and WW1. 
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Figure C5. Breakthrough curves of 5 anionic MPs on CDP@CMC in six water matrices. 



 

208 
 

 
Figure C6. Breakthrough curves of 5 cationic MPs on CDP@CMC in six water matrices. 



 

209 
 

 
Figure C7. Breakthrough curves of 5 neutral MPs on CDP@CMC in six water matrices 


