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HIGHLIGHTS

e Al assistance for chemical analysis and
monitoring of PPCPs is reviewed.

e Typical ANNs are still dominant for
retention time prediction of PPCPs.

e Spectroscopy and image processing
need improvements for PPCPs real-time
monitoring.

e Al-assisted CCS models can be applied
for metabolites and transformation
products.

e Data processing Al methods have sig-
nificant potential for interpreting
monitoring.
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ABSTRACT

Specifying and interpreting the occurrence of emerging pollutants is essential for assessing treatment processes
and plants, conducting wastewater-based epidemiology, and advancing environmental toxicology research. In
recent years, artificial intelligence (AI) has been increasingly applied to enhance chemical analysis and moni-
toring of contaminants in environmental water and wastewater. However, their specific roles targeting phar-
maceuticals and personal care products (PPCPs) have not been reviewed sufficiently. This review aims to narrow
the gap by highlighting, scoping, and discussing the incorporation of Al during the detection and quantification
of PPCPs when utilising chemical analysis equipment and interpreting their monitoring data for the first time.

In the chemical analysis of PPCPs, Al-assisted prediction of chromatographic retention times and collision
cross-sections (CCS) in suspect and non-target screenings using high-resolution mass spectrometry (HRMS) en-
hances detection confidence, reduces analysis time, and lowers costs. Al also aids in interpreting spectroscopic
analysis results. However, this approach still cannot be applied in all matrices, as it offers lower sensitivity than
liquid chromatography coupled with tandem or HRMS.
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For the interpretation of monitoring of PPCPs, unsupervised AI methods have recently presented the capacity
to survey regional or national community health and socioeconomic factors. Nevertheless, as a challenge, long-
term monitoring data sources are not given in the literature, and more comparative Al studies are needed for
both chemical analysis and monitoring. Finally, Al assistance anticipates more frequent applications of CCS
prediction to enhance detection confidence and the use of Al methods in data processing for wastewater-based
epidemiology and community health surveillance.

Abbreviations
Al Artificial intelligence
ANFIS  Adaptive Neuro Fuzzy Inference System

ANN Artificial neural network

BRANN Bayesian regularised artificial neural network

BRR Bayesian ridge regression

CatBoost Categorical Boosting

CCD-RSM Central composite design-response surface methodology
CCS Collision cross-section

CNN Convolutional neural network
DLM Deep learning regression model
DNN Deep neural network

DOC Dissolved organic carbon

DOE Design of experiment

ELM Extreme learning machine

EPs Emerging pollutants

FFNN Feedforward neural network
FTIR Fourier transform infrared

GA Genetic algorithm

GNN Graph neural network
GRNN  Generalised regression neural network
HCA Hierarchical cluster analysis

HILIC Hydrophilic interaction liquid chromatography
HPLC High-performance liquid chromatography
HRMS  High-resolution mass spectrometry

KNN k-nearest neighbourhood

Kow Octanol-water partition coefficient

LC Liquid chromatography

LC-MS  Liquid chromatography-mass spectrometry
LC-MS/MS Liquid chromatography-tandem mass spectrometry
LC-QToF Liquid chromatography Quadrupole time of flight
LIRFS Laser-induced Raman and fluorescence spectroscopy
MAE Mean absolute error

MARS  Multiple adaptive regression splines
MLP Multi-layer perceptron

MLR Multi-linear regression

MSE Average mean square error

OLS Ordinary least square

PCA Principal component analysis

PLS Partial least square

PNN Probabilistic neural network

POCIS  Polar organic chemical integrative passive sampler
PPCPs  Pharmaceuticals and personal care products
QSRR Quantitative Structure Retention Relationships
RBF Radial basis function

RF Random forest

RMSE Root mean square error

RPLC Reversed-phase liquid chromatography

RT Retention time

SDG Sustainable development goals

SMILES Simplified Molecular Input Line Entry System
SVM Support vector machine

WBE Wastewater-based epidemiology
WQI Water quality indicators

WWTP  Wastewater treatment plant
XGBoost Extreme Gradient Boosting

1. Introduction

Pharmaceuticals and personal care products (PPCPs) have un-
doubtedly improved human well-being through direct consumption in
agriculture or daily medical purposes (Lindim et al., 2016). However,
they are categorised as emerging pollutants (EPs), contaminants of
emerging concern, or environmental micro-pollutants (Cai et al., 2015).
These pollutants are widespread in the environment, found in ground-
water, surface water, wastewater treatment plants (WWTP) within both
the influent and effluent and even in tap water and drinking water (Fick
et al., 2009; Hapeshi et al., 2015). Recently, studies revealed that the
presence of pharmaceutical pollution in rivers poses a global threat to
the environment and human health (Wilkinson et al., 2022). For
example, fish toxicity at effluent concentrations of Diclofenac found in
wastewater treatment plants (WWTP) (Schwaiger et al., 2004). Addi-
tionally, the presence of pharmaceuticals, specifically antibiotics, can
adversely affect bacteria related to activated sludge and nitrifying pro-
cesses (Kim and Aga, 2007), algal biomass and community structures
(Wilson et al., 2003), and some bacteria in the food chain (Oaks et al.,
2004). Furthermore, the serious threats of antimicrobial resistance and
endocrine disruption to humans provide better insight into the impli-
cations of environmental contamination (Murray et al., 2022; Puri et al.,
2022), which are expected to be documented and periodically updated

in a new database (The PREMIER Project, 2024). Since WWTPs are not
primarily designed to remove EPs (Patel et al., 2019), effluent discharges
are the main pathway of PPCP residues into the environment. This issue
can be intensified, especially during heavy rain and combined sewage
overflows (Munro et al., 2019; Yun et al., 2023). Subsequently, updated
watchlists, monitoring campaigns and chemical investigation programs
are needed to reach regulations for mitigating the implications (Gardner
et al., 2022).

Regarding the contexts of chemical analysis of PPCPs, reliable
equipment is essential for detecting and quantifying PPCPs in complex
water and wastewater environmental samples. Although there have
been breakthroughs in developing sensors for selective detection and
quantification of PPCPs (Mao et al., 2021), chromatography coupled
with mass spectrometry is the dominant approach, followed by spec-
troscopy analysers (Hameedat et al., 2022; Mohammadpoor et al.,
2019). To be more specific, the most reliable analyses can be carried out
via liquid chromatography coupled with tandem mass spectrometry
(LC-MS/MS), including Triple Quadrupole for targeted analysis with the
utmost sensitivity and high-resolution mass spectrometry (HRMS), such
as Quadrupole time-of-flight (LC-QToF) or LC-MS Orbitrap for targeted,
suspect, non-targeted, and retrospective analyses of compounds (Belay
et al., 2022; Egli et al., 2023; Gomez-Canela et al., 2021; Van Hoi et al.,
2021).

From a broader perspective, monitoring PPCPs, their metabolites,
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transport or degradation byproducts in the environment and waste-
water, and analysing and interpreting the monitoring data form the basis
of various research areas. These directions include environmental toxi-
cology and risk assessment, defining chemical prioritisation or bio-
markers, sewage leak detection, wastewater-based epidemiology (WBE),
and studies on drugs of abuse for community consumption, as well as
spatial and temporal contamination analyses (Herndandez et al., 2018;
Kasprzyk-Hordern et al., 2023a; Tran et al., 2019; Wu et al., 2023).

Other contexts involving PPCPs but possibly relying on their chem-
ical analysis and monitoring can include antimicrobial resistance in
water and wastewater (Foroughi et al., 2024), water treatment
(Chowdhury and Karanfil, 2024; Li et al., 2021), wastewater treatment
(Zhang et al., 2023), and advanced treatment processes to remove
pharmaceuticals (Serna-Carrizales et al., 2024). Al can optimise pro-
cesses, model removal efficiencies, and predict outcomes in various
treatment processes, such as ozonation (Heidari et al., 2022; Pelalak
et al., 2020), photodegradation (Deylami et al., 2023; Hosseini et al.,
2022; Sheydaei et al., 2022), electrochemical oxidation (Arab et al.,
2022; Gholami Shirkoohi et al., 2022), Fenton-like process (Salari et al.,
2022), biological degradation (Fu et al., 2023; Mojiri et al., 2022), and,
more dominantly, adsorption (Abbasi et al., 2022; Ahmadi Azghandi
et al., 2022; Alam et al., 2022; Gholami et al., 2023, 2024; Naderi et al.,
2022; Salehi Nasab et al., 2024). Greener treatment technologies can
also offer a context for Al assistance. These technologies can include
optimising the physico-chemical processes for sludge extract reuse
(Badawi and Hassan, 2024), using agriculture waste-based adsorbents in
treatment (Afolabi et al., 2020; Badawi et al., 2024a), eco-friendly
filtration of greywater (Hassan et al., 2024), and optimising the
coagulation-flocculation processes of slaughterhouse wastewater
(Badawi et al., 2024b).

There are some reviews carried out recently for the contexts of
identifying and monitoring PPCPs in water and wastewater. For
example, Singh et al. (2023) recently compiled methodological features
for Al applications in chromatography, though the specific matrices and
types of analytes were not clearly defined, and the review was not
tailored to any specific group of pollutants. Haddad et al. (2021) pro-
vided a comprehensive review of retention time (RT) prediction meth-
odologies in liquid chromatography (LC), but with limited AI
applications and their analyses. Notably, since Barron and McEneff
(2016) who examined the methodology of the RT of EPs using artificial
neural network (ANN) with a clear classification of EPs and the matrix of
the samples, there is no review available for the Al-assisted chemical
analysis of PPCPs. Therefore, the recent Al applications when using
other chemical analysers and the progression of Al assistance for RT
prediction or other parameters in suspect and non-targeted screening
have remained unreviewed. The research gap widens further in the
context of Al-assisted interpretation of environmental monitoring for
PPCPs, as no reviews exist in this area, to the best of the authors’
knowledge. Accordingly, studying where (the contexts) and how (the
roles) of typical and more advanced Al methods have been implemented
over the past decade in both interconnected areas -chemical analysis of
PPCPs and their monitoring in water and wastewater matrices- can
significantly bridge the identified gaps.

This review highlights, scopes and discusses the contexts and roles of
Al techniques implemented in the chemical analysis and interpretation
of the monitoring of PPCPs in environmental water and wastewater over
the past decade. After conducting a concise, systematic scientometric
analysis to capture trends and variations in Al methods, the contribu-
tions of Al in the chemical analysis of PPCPs are reviewed and
comparatively analysed. The key research questions addressed are how
Al has been applied for chromatographic condition optimisation and
spectroscopic analyses, and whether they apply to all occurrence levels
of PPCPs; how Al-driven models for the prediction of RT and collision
cross-section (CCS) are developed and evolved for suspect and non-
targeted screenings of PPCPs, followed by a comparative discussion on
their reliability and challenges. The reviewed material in the monitoring
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of PPCPs focuses on feasibility studies for real-time monitoring, pre-
diction of the occurrence, and classification and interpretation of
monitoring data applicable to environmental, health, and WBE in-
vestigations. Finally, the future research perspectives on applying Al for
chemical analysis and monitoring of PPCPs are presented.

2. Research design, bibliometrics and trends

This research is based on peer-reviewed scientific papers from the
last decade (2014-2024) that study, implement, integrate, or cite Al
methods for PPCPs in wastewater, water, aqueous, or lab samples,
focusing solely on the chemical analysis and monitoring of PPCPs. Ap-
plications of Al in other domains, such as the treatment of PPCPs, are not
within the scope of this study. However, the chemical analysis and
monitoring of these compounds can be employed to assess the perfor-
mance of treatment processes and new technologies for removing
PPCPs.

Fig. 1 shows the flow diagram illustrating the search and screening of
references. The research works were initially reviewed using the Scopus
database search engine, following the guidelines suggested by (Moher
et al., 2009). As illustrated in Fig. 1 in the second step (S2), the broader
term EP was added to the search criteria to ensure that related papers
that did not include the term “PPCPs” in their keywords, titles, or ab-
stracts were not overlooked while searching “water” and “wastewater”
only in the title of references modified the screening in S2. The inves-
tigation for Al methods included keywords such as artificial, learning,
neural, mining, and statistical through the titles, abstracts, or keywords
of the journal papers, representing Al, ML, neural networks, data min-
ing, or statistical methods with the potential of coupling with Al

Following language refinement and publication period adjustments,
a more comprehensive review was conducted through the third step
(S3). This involved mannually examining more recent papers that cited
the key references from the early stage of the time span, such as Bade
et al. (2015a) and Barron and McEneff (2016). After an in-depth review
and selection of papers on both chemical analysis and monitoring as-
pects in S4 and S5, the contributing keywords were extracted, as shown
in Fig. 1. These keywords provide insights for further studies aligned
with this work.

2.1. Bibliometric analysis

A bibliometric analysis, shown in Fig. 2, examined the geographical
distribution of case studies, clustering, and keyword timelines. The re-
sults highlight that 18 countries, led by China and the UK, are active in
Al-based research on EPs. Despite the global importance of addressing
EPs, particularly in Europe, the Americas, Australia, and Asia (Beek
et al., 2016; Hawash et al., 2023), Al applications for predicting con-
centration, RT, or monitoring systems remain in the early stages. This
emerging field offers significant potential, with room for further
exploration in response to the cross-boundary challenges posed by EPs.
Researchers and monitoring campaigns should embrace AI's trans-
formative capabilities to accelerate progress.

The bibliometric analysis, illustrated in Fig. 2c-d, was conducted
using VOSviewer based on the co-occurrence of key terms in keywords,
titles, and abstracts. This approach reveals the interconnectedness of
keywords and identifies core research themes. Cluster analysis (Fig. 2c)
groups keywords into classes, with node size indicating co-occurrence
frequency, links representing co-reference, and colors marking clus-
ters. Three main clusters are identified: (1) Model inputs (red) — includes
EP types and high-performance liquid chromatography (HPLC) data; (2)
Al-based data processing (green) — focuses on environmental data pro-
cessing using techniques like PLS, OLS, and KNN; (3) Al-based modelling
(blue) — links ANNs and ML models to outputs like concentration pre-
diction and RT forecasting.

Fig. 2d presents a timeline analysis that maps keywords over the past
decade, revealing emerging trends and shifts in key areas. Most topics in
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\
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Wastewater based epidemiology
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Pharmaceutical consumption
Drug abuse
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Selected

publications
85

U

Selected

publications
24

Fig. 1. Flow diagram of searching and screening of the key references.

this field are relatively recent, reflecting its dynamic nature with
potentially more focus in the future. Environmental monitoring of
pharmaceuticals and micropollutants has become a topical subject,
emphasising the need to specify the occurrence of PPCPs in environ-
mental water and wastewater matrices. Additionally, the growing focus
on advanced ML techniques signals a shift toward more sophisticated
algorithms or approaches in the chemical analysis, detection, and
monitoring of PPCPs.

2.2. Modelling trends

Fig. 3 presents a scientometric analysis of Al research trends. As
shown in Fig. 3a, Al-driven chemical analysis and prediction for PPCPs
began around 2015, with environmental monitoring of pharmaceuticals
documented from 2019. The growing interest in the studies focused on
chemical analysis of real environmental samples highlights a growing
interest in wastewater and surface water monitoring campaigns and case
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studies. This might suggest more available monitoring data and a larger
size of the datasets to interpret monitoring data for upcoming
endeavours.

Fig. 3b provides insights into the intensity of different Al tools used
over the years. ML programming emerges as a major research focus,
with simple feedforward neural network (FFNN) models prioritised, as
also illustrated in Fig. 3c. This observation indicates that the application
of Al in this context predominantly relies on simpler models, high-
lighting a research gap in employing advanced models, such as recurrent
or graph neural networks (GNN) or physics-informed modelling (Li
etal., 2021; Ye et al., 2022). This is further supported by examining deep
learning usage, revealing that only 2% of the selected papers applied
models such as convolutional neural networks (CNNs). However, recent
trends, as highlighted in Fig. 3b, indicate a shift from ML models to-
wards data mining applications, with a focus on ensemble models
employing various techniques such as random forest (RF) and support
vector machines (SVM).

In terms of optimisation tools, the prevalent use of Genetic Algorithm
(GA) for model tuning suggests the potential for exploring other nature-
based techniques, especially to enhance model accuracy or reduce
required data types and quantities. Fig. 3 also highlights data mining
techniques led by SVM, KNN, and Hierarchical Cluster Analysis (HCA),
recently applied for data preprocessing tasks such as data classification
or relationship analysis. There is considerable scope for incorporating
additional models in this context, especially for using ensemble
modelling of weak learners or more advanced ANN models such as
GRNN, ANFIS and ELM Net.

3. Chemical analysis of PPCPs in water and wastewater

Al assistance can be applied to finding the optimised

chromatographic conditions, such as the suitable mobile phase and its
content, buffer content, and the pH of the mobile phase to improve the
signal-to-noise ratio and quantification. In practice, such methods can be
applied for limited and specific PPCPs when the superior equipment in
sensitivity and resolution, i.e. LC-MS/MS and LC-HRMS, are not avail-
able (Abba et al., 2020; Haddad et al., 2021; Taraji et al., 2017).
Furthermore, Al assistance can be used for the quantitative concentra-
tion measurement of PPCPs via spectroscopy (Mohammadpoor et al.,
2019; Quintelas et al., 2020).

Nevertheless, the majority of Al-assisted studies for the chemical
analysis of PPCPs focus on the Quantitative Structure-Retention Re-
lationships (QSRR) modelling approach to enhance the confidence of the
detection and save time and financial resources. It should be noted that
the other mathematical QSRR methodologies are comprehensively
reviewed by Haddad et al. (2021).

According to the benchmark of confidence for HRMS (Schymanski
et al., 2014), the critical step in suspect or non-targeted analysis is to
tentatively yet reliably ascertain the existence of compounds using
HRMS after matching the exact mass =+ tolerance and the fragmentation
with spectral libraries. Ideally, the detection can then be confirmed by
comparing the results of the HRMS for the water sample with the
reference standard substance of each compound.

However, challenges arise when the matrix of the water sample is
complex, which is the case for environmental water and wastewater.
This leads to many peaks on the chromatogram, which requires
spending a lot of time matching the fragmentations of the candidate
chemicals with close mass. Also, when reference materials are not
readily available, especially in the case of transformation or degradation
products or when it is not financially feasible to purchase pure chemicals
for many compounds in the first place. Al applications for the prediction
of RT and CCS (Mollerup et al.,, 2018) can significantly bolster
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confidence in the analysis and address the mentioned challenges (Bade
et al., 2015a). It should be mentioned that the time and financial re-
sources saved due to Al-assisted models can be per case and is dependent
on the list of chemicals for the detection, the user-friendliness of the
software tools of the analysers and the performance of their operators.
The Network of Reference Laboratories, Research Centres and Related
Organisations for Monitoring of Emerging Environmental Substances
(NORMAN) has recently published valuable guidelines (Dulio et al.,
2024; Hollender et al., 2023) and databases (Norman, 2024) applicable
to environmental screenings. Table 1 shows the characteristics of the
reviewed models for the chemical analysis of PPCP in water and
wastewater, which are scoped, highlighted and discussed in the
following subsections.

3.1. Quantification of PPCPs

As discussed earlier, LC-Triple Quad MS is the most reliable device
for quantifying PPCPs in targeted analysis, in which analytes are
selected, and their standard reference materials are readily available.
However, when other types of analysers are employed or to optimise the
chromatography conditions, Al assistance can contribute to quantifying
the occurrence of PPCPs in water and wastewater samples.

Al methods can facilitate the systematic optimisation of chroma-
tography (Abbasi et al., 2022) to achieve better resolution, consume less
material, and run analyses faster with fewer trial-and-error attempts
(Haddad et al., 2021). In this regard, Taraji et al. (2017) developed a
hybrid statistical-AI QSRR model for achieving optimised pH, mobile
phase (acetonitrile content), and salt concentration by Hydrophilic
interaction liquid chromatography (HILIC) for analysing different
groups of compounds.

This model was applied to 3 groups of pharmaceuticals: p-adrenergic
agonists, benzoic acids, and nucleocides by 17 experiments designed by

Central Composite Design — Response Surface Methodology (CCD-RSM).
For descriptor selection, a new clustering method was developed based
on compound classification and structural similarities, followed by the
GA-PLS method to predict RTs and evaluate the chromatography
selectivity factor as the index of desirability (<1.15), with the dataset
sizes provided in Table 1.

A Monte Carlo simulation assessed the risk of prediction uncertainty
based on the selectivity factor, allowing the model to identify different
optimal conditions for the 3 types of pharmaceuticals. For example,
B-adrenergic agonists had better RT predictions at medium pH and the
highest acetonitrile content in the buffer. This methodology can be
implemented to find optimised conditions for analysers when examining
groups of PPCPs.

Another combined statistical-AI model was developed by Carabajal
et al. (2021) to optimise LC conditions and quantify 6 veterinary drugs
from kennel effluent water. The fractional factorial design method was
used to specify significant factors, followed by CCD with statistical least
squares and ANN to optimise the conditions, as detailed in Table 1.
While several drugs were not detected, likely due to the sensitivity of the
LC (LOD at 2-8.5 ng/mL), the results suggested deviations from legal
environmental thresholds for several compounds. This study has po-
tential applications for quantifying PPCPs with high occurrence levels in
wastewater when the analyser is not as sensitive as tandem MS.

According to Abba et al. (2020), most methods for optimising
chromatography conditions revolve around ANN with traditional FFNN
and classic multi-linear regression (MLR). However, the enhancement of
the Adaptive Neuro-Fuzzy Inference System (ANFIS) was studied for the
first time to optimise the response surface modelling of the retention
factor (Inés Toral et al., 2002) of HPLC for pharmaceuticals: methyclo-
thiazide and amiloride, by considering the mobile phase (methanol)
content and pH of the separation to achieve the desired retention factor
(>2 and < 10). The results showed that ANFIS was slightly more



Table 1
Reviewed models and their features for chemical analysis of PPCPs for/in water and wastewater.
Method Analyser Datasets details Models/layers Applied for Output Selected Input Sampling External Validation External validation Reference
Country Matrix Analytes

Agilent HPLC- 1051 RF, XGBoost, Prediction RT 10 descriptors China WWTP 70 Pharmaceuticals Song et al. (2024)
QToF SVR, ANN

Theoretical 490 optimised to 391 MLR, SVM, DNN Prediction Relative RT 10 descriptors NA NA NA (Q. He et al., 2022)

Waters UPLC-IMS- 477 RPLC"/169 MARS Prediction RT and CCS 10 descriptors for RT NA Reference standard 25 EPs (5 PPCPs) Celma et al. (2022)
QToF RPLC™ /249 sodium 7 for CCS + ionisation material

adducts 10 for CSS
Agilent HPLC-DAD 20 experiments DOE (CCD-RSM) Optimisation Max extraction 3 chromatographic Argentina Wetland 6 Veterinary drugs Carabajal et al.
+ ANN-RBF recovery of conditions (2 solvents (2021)
analytes volume + vortex time)

Theoretical 80038 METLIN (SMRT)  GNN Prediction RT 48 molecular graph data NA NA 100 for model comparison  Yang et al. (2021b)

databank

Agilent LC-QToF 70:15:15 MLP-ANN Prediction RT 16 descriptors UK Surface water 8 metabolites, 34 Pharma Richardson et al.

(2021)
Shimadzu HPLC 16 experiments SVM, HW, MLP, Optimisation Max RT+ 3 chromatographic NA Reference standard mixtures of a drug (alti- Ghali et al. (2020)
SVM-E, SAE Resolution conditions: material Alzheimer) and its
Mobile phase (2 solvent) derivatives
Column temperature

Shimadzu UHPLC 435 KNN-OLS, KNN- Prediction Concentration (varied for each pollutant) Portugal WWTP 8 EPs (7 pharmaceuticals) Quintelas et al.
ABB FTIR PLS 4 to 10 components of (2020)
spectrometer absorbance curve at 200-

14000 cm-1
Waters HPLC 15 experiments ANN, ANFIS, prediction/ Retention factor Mobile phase content, pH NA Reference standard 2 pharmaceuticals Abba et al. (2020)
MLR Optimisation material (Amiloride
Methyclothiazide)

Varian Cary 14:3:3 BRANN Prediction Concentration 6 components of absorbance ~ NA Reference standard 3 Pharmaceuticals Mohammadpoor
UV-Vis curves at 350-750 nm material et al. (2019)
Spectrometer

Thermo Fisher GA-MLR, GA- Prediction RT 5 descriptors for RPLC+ Greece WWTP influent 10 Ozonation byproducts Aalizadeh et al.
UHPLC 1830 for RPLC" SVM 8 for RPLC-7 for HILIC+ effluent and sludge 28 biocides (21 PPCPs) (2019)

QToF (Bruker) 308 for RPLC™
682 for HILIC™

Waters UHPLC- 225:48:48 MLP-ANN Prediction RT and CCS 24 descriptors NA Reference standard 36 pharmaceuticals Mollerup et al.
QToF material (2018)

Waters
UHPLC-IMS
QToF

Agilent HPLC-DAD 9 drug impurities GA + PS-ANN Prediction RT 5 descriptors NA pharmaceutical 12 new impurities of Mizera et al. (2017)
-QToF SPS-ANN (industry) another drug in the same

group

POCIS passive 45:14:14 MLP-GA, MLP- Prediction Sampling rate ANN 21 descriptors NA Reference standard 6 Pharmaceuticals Miller et al. (2016)
sampling ANN GA 24 descriptors material

Thermo Fisher 646 (17 condition x 50  DOE (CCD-RSM) Optimisation RT Mobile phase content, pH, NA Reference standard 12 pharmaceuticals Taraji et al. (2017)
HPLC Pharma) + (GA - PLS) buffer content material

Thermo Fisher 528 positive mode 298 ~ KNN-GA-SVM, Prediction RT 7 descriptors NA Reference standard 100 pharmaceuticals Aalizadeh et al.
UHPLC negative mode KNN-GA-MLR, material (2016)

QToF (Bruker) KNN-GA-ANN

Waters UHPLC- 344:100:100 MLP-ANN Prediction RT 16 descriptors Colombia WWTP and surface 26 Pharmaceuticals Bade et al. (2015a)
QToF water (including 9 metabolites)

Thermo Fisher 166 GRNN Prediction RT 17 descriptors UK WWTP 37 pharmaceuticals Munro et al. (2015)
UHPLC -

Qrbitrap

Waters UHPLC- 625 chemicals (over Linear regression Prediction RT Kow Spain, WWTP and surface 30 EPs (16 Pharma 3 Bade et al. (2015a)

QToF 200 pharmaceuticals) Germany, water drugs of abuse)
Colombia

‘D 32 unodupiavy] g
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accurate than ANN, but both were superior to MLR, especially for
amiloride.

For the assessment of ensemble AI methods, Ghali et al. (2020)
investigated a more advanced AI methodology for optimising HPLC
mobile phase content (2 solvents) and column temperature to achieve
the best resolution and maximum RT for an anti-Alzheimer drug and its
derivatives. The study applied multi-layer perceptron (MLP),
Hammerstein-Wiener (HW), and SVM, as well as double ensemble
methods: simple average ensemble (SAE) and non-linear ensemble SVM.
These methods aimed to address overfitting and enhance the general-
isation of AI methods by combining the outputs of SVM, HW and MLP
models. The comparative performance showed SVM > MLP > HW in
both resolution and RTmax predictions, with the ensemble methods
achieving more accuracy than the individual AI methods. This research
may also be noteworthy for analysing water samples for drugs and their
partially degraded forms or metabolites analogous to drug derivatives.

Commonly ultraviolet-visible (UV-Vis) spectrometry Al-assisted
modelling (Benjathapanun et al., 1998; Guo et al., 2020) is used for
analysing conventional water quality parameters with some restrictions
for the simultaneous detection of overlapping analytes. Nevertheless,
Mohammadpoor et al. (2019) assessed the applicability of Al for the
simultaneous detection and quantification of Loratadine, Naproxen and
Diclofenac in pure water. They developed a Bayesian regularised ANN
(BRANN) using Principal Component Analysis (PCA) to characterise
inputs, as shown in Table 1. The model outperformed ANNs with
Levenberg-Marquardt, scaled conjugate gradient, and resilient
back-propagation techniques.

Quintelas et al. (2020) utilised Fourier transform infrared (FTIR)
spectroscopy to analyse 8 EPs, including ibuprofen, carbamazepine,
sulfamethoxazole, desloratadine, paracetamol, as well as p-estradiol and
ethynylestradiol hormones, using samples from a WWTP spiked with
pollutant-rich solutions. For dataset creation, 4 FTIR preprocessing
methods and a single without preprocessing (raw) were used, generating
5 datasets for each pollutant. This resulted in 5 wavelength-absorbance
curves indicating concentration. The KNN, followed by PLS and OLS,
were developed for predicting the concentrations. The results showed
relatively similar performance for PLS and OLS.

3.2. Tentative detection of PPCPs in suspect and non-targeted analyses

3.2.1. Overview of modelling procedure

The process of Al-assisted predictive modelling of RT and CCS for
suspect and non-targeted screenings is demonstrated in Fig. 4. The initial
step involves selecting a comprehensive dataset of PPCPs along with
their reported measured RT or CCS values, such as the METLIN small
molecule dataset for machine learning RT  predictions
(Domingo-Almenara et al., 2019). After obtaining the line notation of
compounds, commonly using the simplified molecular-input line-entry

Model dataset
(list of co:_npounds) \ Chemical Y
A )| representor strings /\
experimental RT (by SMILES, InChl) |V
and/or CCS #
values

P
[ Performance =
assessment of the <:j £ -
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[ Reference standard material |
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system (SMILES), the molecular attributes of the compounds, including
shape, size, geometry, class, and toxicity, can be calculated using various
platforms such as RDKit: Open-source cheminformatics, Mordred
(Moriwaki et al., 2018) or VCCLab (Tetko et al., 2005; VCCLAB, 2005).

Next, molecular descriptors are assessed and prioritised based on
their impact and significance on RT or CSS using various statistical or Al
methods such as MLR (Q. He et al., 2022), ANN (Barron and McEneff,
2016) and GA (Aalizadeh et al., 2019). The selected descriptors may
vary between models. For example, He et al. (2022) identified lip-
ophilicity, fractional polar, and negative van der Waals surface areas as
the most essential descriptors, while (Barron and McEneff, 2016) high-
lighted lipophilicity, especially logD, and the number of oxygen and
carbon atoms by analysing 10 different models. Therefore, the chosen
descriptors, serving as inputs for the AI models, depend heavily on the
selected dataset of PPCPs and their molecular characteristics. During
descriptor selection and Al-model development and validation steps,
various splitting techniques can be applied for training, testing, and
validating the suitable predictive algorithms (Haddad et al., 2021), such
as random splitting (Miller et al., 2013; Mollerup et al., 2018; Munro
et al., 2015; Richardson et al., 2021; Yang et al. et al., 2021), k-fold
cross-validation (Abba et al., 2020; Celma et al., 2022; Ghali et al.,
2020), or PCA and kNN (Aalizadeh et al., 2016, 2019).

As shown in Fig. 4, a crucial evaluation step is the external validation
and assessment of the predictive models with new PPCPs not included in
the initial step, using analysers equipped with HRMS. This can be done
by comparing predicted and measured RT and CCS values using refer-
ence standard materials of PPCPs in water or wastewater, preferably
with real water and wastewater samples and a selection of standard
materials. Thus, when a model demonstrates robustness and high per-
formance in external tests, in addition to the initial training and testing,
it can be used with higher confidence for suspect and non-targeted
screenings.

A common approach is to exclude outlier compounds to enhance the
robustness of the models. This can be done by considering a percentile of
RT error, such as the 75th percentile (Munro et al.,, 2015), or by
excluding the highest and lowest, e.g. 10% of compounds based on the
median error (Barron and McEneff, 2016). While this method reduces
the size of the datasets, it boosts the model’s confidence. He et al. (2022)
used Cook’s distance method for detecting the outliers, and Aalizadeh
et al. (2016, 2019) proposed a novel graphical visualisation of outliers
for understanding the applicability domain of predictions. This method
was modified based on the Monte Carlo sampling method in 2019, with
open-source codes using LC-QToF for a large number of EPs.

3.2.2. ANN assistance progression

In the simplest form, Bade et al. (2015a) proposed a statistical linear
regression RT prediction based only on the octanol-water partition co-
efficient (Kow) using a dataset of over 200 pharmaceuticals. The model

Most relevant

calculation descriptors to RT and/or

(by RDKit, Mordred, ) ccs ‘se!ection
ChemDes, Mold2, ...) (by statistical or Al
\ ’ ’ ] methods)

!

" AI Model development \
and validation
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\
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Fig. 4. Simplified schematic procedure of Al-assisted QSRR modelling for RT and/or CCS prediction.
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was externally validated with real water and wastewater treatment
samples, as shown in Table 1. It achieved 70% accuracy within a +2 min
tolerance for RT. In the same year, Bade et al. (2015a) published one of
the most impactful studies to date on EPs in water and surface waters,
including metabolites, transformation, and biodegradation products for
the first time. They used a descriptor selection method originally
developed for analysing doping drugs for the London Olympics 2012;
Miller et al. (2013) with a large dataset of 544 compounds exhibiting
diverse physicochemical properties. As summarised in Table 1, their
16-19-9-1 MLP model was more accurate than generalised regression
neural networks (GRNN), RBFs, linear neural networks, and probabi-
listic neural networks (PNN). Of the 26 compounds tested, 23 could be
screened without requiring analysis of the fragmented peaks, all peaking
within +2 min of the predicted RT.

Using a similar methodology, Munro et al. (2015) suggested that
GRNN was more accurate than MLP and RBF for a dataset of 166 com-
pounds externally validated against influent and effluent wastewater
samples in the UK. Their study reported a matrix effect with a maximum
shift of 1 min among 37 externally tested compounds, achieving success
rates of 83% and 73% in identifying compounds in influent and effluent,
respectively, and quickly eliminating up to 44% of the suspect list. These
metrics provide a pragmatic performance evaluation of models for
environmental suspect screenings. The same methodology was applied
in a versatile monitoring programme (Richardson et al., 2021) in Lon-
don rivers, using MLP-ANN. This model facilitated the tentative detec-
tion of 9 new EPs, including 7 new pharmaceuticals for the first time in
rivers, and helped discard approximately 33% of false positive peaks.

Yang et al. (2021a, 2021b) proposed a new methodology using GNN
for RT prediction without the need for molecular descriptors, utilising
open-source code. Their approach involved creating molecular graphs
from the METLIN small molecule retention time (SMRT) databank,
which contains over 80,000 compounds. The simplified steps include
obtaining molecular graphs from databanks using open-source chemical
identifiers, updating subgraphs using GNN to generate new molecular
data vectors, and summing the subgraphs in the last layer. The
GNN-assisted method is robust and can be customised for other small
datasets and chromatographic systems by keeping and freezing the
hidden layers while modifying others. GNN outperformed RF, Bayesian
ridge regression (BRR), CNN, and deep learning regression model (DLM)
in RT prediction by at least 30%. However, applying this open-access
GNN methodology for customised datasets of PPCPs needs further
evaluation.

He et al. (2022) predicted relative RT by a deep neural network
(DNN) exclusively for EPs. Initially considering 490 Eps, they stream-
lined the dataset to 391 compounds using a non-linearity function
(ReLU) activation connected to the output singular layer, as described in
Table 1. The linear type SVM was the best for training datasets, out-
performing polynomial, radial basis or sigmoid SVM. The DNN model
marginally outperformed MLR and SVM on the test dataset.

3.2.3. GA-integrated models

The Al-assisted models were sometimes integrated with GA as an
evolutionary optimisation algorithm for fine-tuning within the training
step of Al development. Miller et al. (2016) employed non-linear
Al-assisted QSRR models to predict the sampling flow rate of a polar
organic chemical integrative passive sampler (POCIS), thereby facili-
tating better chemical analysis of EPs. Their model was developed using
a dataset of 73 compounds, and a GA was applied to select 24 descriptors
coupled with an MLP model. Its performance was compared with a
previously developed MLP-ANN model for RT predictions. The MLP was
chosen based on its superior performance to RBF and GRNNs. Both
models were trained using back-propagation and conjugate gradient
descent algorithms. For training and verification, both models showed
similar precision. For blind testing datasets, the GA-incorporated
method (R? = 0.8) outperformed the ANN (R? = 0.64). However, for
externally tested compounds, the absolute average error of ANN-MLP
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was about 4 times more accurate than the GA-incorporated method.
This result highlights the importance of the external validation of
models, preferably using environmental samples, as outcomes can differ
significantly from blind testing when comparing multiple algorithms.
Additionally, an Al-assisted molecular descriptor-based model devel-
oped for a single output, such as RT, can be assessed and applied to other
outputs not necessarily limited to passive sampler flow rate. This is a
successful example regarding the potential generalisability of
Al-assisted QSRR models beyond the prediction of RT.

In a study relevant to the pharmaceutical industry with potential
applications for PPCPs in water and wastewater, Mizera et al. (2017)
integrated GA for descriptor ranking and selection, coupled with
higher-order ANNs: pi-sigma (PS-ANN) and sigma-pi-sigma (SPS-ANN),
as detailed in Table 1. PS-ANN showed higher robustness than SPS,
although SPS outperformed in blind tests. The research suggested
PS-ANN as a strong candidate for QSRR models developed with small
datasets.

Aalizadeh et al. (2019, 2016) made significant contributions to the
suspect and non-targeted screening of EPs by developing and testing
Al-assisted models for RT prediction for different types of
Reversed-Phase Liquid Chromatography (RPLC) in positive and negative
ionisation modes and for HILIC in positive mode. Initially, they used a
dataset of 550 compounds, extending to more than 2800 in 2019. In
2016, they used KNN machine learning and PCA statistical methods to
split datasets and prevent bias. They compared stepwise statistical
methods and GA for selecting descriptors, then correlated the de-
scriptors and experimental retention data using MLR, ANN, and SVM.
They proposed new model applicability methodologies and protocols to
improve confidence through outlier identification. Their results showed
better performance of KNN over PCA and GA compared to the stepwise
statistical method. The KNN-GA-SVM ranked marginally the best, fol-
lowed by KNN-GA-MLR and KNN-GA-ANN, with high accuracy and
enhanced confidence from 100 externally tested compounds. In 2019,
the GA-MLR and GA-SVM models were re-developed with larger data-
sets and externally validated with real wastewater and sludge to detect
21 PPCPs and lab-generated ozonation byproducts, showing that
GA-SVM was more accurate.

3.2.4. Collision cross section prediction

Integrating LC-HRMS with ion mobility separation (IMS) has
recently demonstrated significant capabilities to increase the confidence
of detection for suspect and non-targeted screenings (Celma et al., 2020,
2022; Mollerup et al., 2018). This is achieved by considering CCS values,
which, in contrast with RT, are regarded as system- and
matrix-independent parameters (Gabelica and Marklund, 2018; Lee,
2017) and have the potential to replace complementary identification
metrics such as ion fragmentation matching (Regueiro et al., 2017).

Mollerup et al. (2018) developed a combined double-output RT-CCS
prediction model incorporating ANN and compared it with single-output
RT and CCS models for the first time. The overall methodology of using
Al was similar to Bade et al. (2015a) and Barron and McEnef (2016). The
initial dataset included 827 RTs and 357 CCSs for pharmaceuticals,
illicit drugs, and their metabolites. The most important descriptors for
the RT models were logD, atomic logP, and the number of carbons and
oxygens, while for the RT-CCS model, molecular weight, logD, and
compound logP were crucial. The combined model (MLP-ANN) required
more descriptors (24 inputs) compared to the RT model (MLP-ANN) and
the CCS model (MLP-ANN). By defining performance metrics of 5%
relative CCS error and 95th prediction error percentile for RT, the results
showed around 92% of compounds (328 out of 357) met both accuracy
thresholds. The combo model was accurate for internal and external
testing over 36 reference materials. However, the research suggested
using real samples and more external validation compounds to assess the
model’s performance in predicting true positives and eliminating false
positives in suspect and non-targeted analyses.

Celma et al. (2022) proposed a method using the same instrument to
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offset possible uncertainties due to utilising double analysers done by
Mollerup et al. (2018). They used a larger dataset of 477 protonated
molecules (positive ionisation mode), 169 deprotonated molecules, and
249 sodium adducts for CCS. By analysing the consistency of RT and CSS
and the low correlation between these parameters, they suggested that
combined prediction was unnecessary. Instead, they developed 3
models: RT, CSS for protonated and deprotonated molecules (CCS-H),
and CSS for sodium adducts (CSS-Na) and considered 10, 7, and 10
different descriptors for these models, respectively (26 unshared in
total). The RT prediction model had R? = 0.85 and showed +2.3 min
accuracy for a 95% confidence interval. The CCS models had an R? =
0.96 with +6 % accuracy for 95% of the cases. These models were more
accurate than the previously mentioned ANN-based model by about
13% for RT £2 min for 95% of compounds and up to 2% for CSS, likely
due to larger datasets and the better controllability of fitting methods.
The use of Al to predict CCS has proven its applicability for wide-scope
screening of PPCPs in the Amazon River, leading to the detection of 51
PPCPs and their metabolites (Fabregat-Safont et al., 2021).

3.3. Comparative analysis on AI modelling

The selection of the dataset (first step in Fig. 4) to develop RT or CCS
predictive models is crucial for the performance and applicability of the
models. Almost all the reviewed models have considered EPs rather than
PPCPs, and only a few references specified the performance of the
models according to the type of chemicals during external validation
(Song et al., 2024). This seems to be a challenge for assessing the fairness
of the models and their generalisability for PPCPs. When the datasets are
for a larger group of compounds, the prioritised descriptors selected
through feature selection (step 4 in Fig. 4) might differ when the dataset
is only for PPCPs. This can impact the precision and accuracy of the
model as the most important factor in data quality. This can lead to
algorithmic bias in supervised Al model development step (step 5 in
Fig. 4) regardless of the effectiveness of the common cross-validation
methods for splitting the dataset during training or considering inno-
vative outlier eliminations. Thus, it is recommended that predictive
models be developed exclusively for PPCPs or that their performance be
reported according to the type of EPs. Also, more research is needed to
confirm the performance of advanced Al-assisted models for RT and CCS
prediction derived from very large datasets of compounds, such as those
studied by (Yang et al., 2021a; 2021b). Therefore, models exclusively
developed for contaminants of emerging concern or PPCPs, with smaller
datasets and external validation, are potentially more reliable for the
tentative detection of PPCPs.

For RT prediction, the credibility of test dataset validation success
has been suggested based on an acceptable error within a time window
of 11% of the entire duration of the chromatography (Song et al., 2024).
This criterion is more practical than relying solely on the mathematical
accuracy of the models (Rz, RMSE, and MAE). The percentage of false
negatives within the time window for blind test and external validation
datasets can complement the reliability assessment of future RT models.
While the variety of applied algorithms in chemical analysis is not
diverse, weak learner models - SVM, GRNN, MLP - are used for data
mining and classification. ML models, focusing on ANFIS and DNN, have
outperformed other methods (Abba et al., 2020; Ghali et al., 2020; He
et al., 2022). Additionally, GA’s feature selection capability has proven
to be a powerful tool for enhancing RT model prediction for detecting
PPCPs in water and wastewater (Aalizadeh et al., 2016). However, im-
provements via ensemble Al techniques need further investigation
(Abbasi et al., 2022).

Regarding the inputs of the RT and CCS models, the performance of
models with more molecular descriptors is not necessarily superior to
models with fewer inputs. Increasing the number of inputs can lead to
challenges due to the non-availability of the inputs in databases or
excessive calculations (Parinet et al., 2024), adding unnecessary
complexity to the models and undermining their robustness (Barnard
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et al., 2020). The most important RT and CCS model inputs are logP and
logD, followed by the number of atoms or the count of basic groups in
the compounds. However, the models may select different inputs ac-
cording to Al or statistical feature selection and the dataset of com-
pounds used for model development. For a better comparison of
Al-assisted models and the significance of molecular descriptors, a
strategy similar to that devised for pesticides (Parinet, 2021a, 2021b)
can be applied to PPCPs. This involves considering a unique dataset of
PPCPs over the reviewed models and their inputs, including GA and
CNN-optimised modifications, followed by experimental validation of
new PPCPs.

Overall, the positives of spectroscopy include simplicity, rapidness,
and cost-effectiveness compared to sophisticated tandem LC-MS. How-
ever, due to the lower sensitivity of spectroscopic analysis, the simul-
taneous and non-selective detection and quantification of PPCPs in
complex water and wastewater samples at ng/L to pg/L levels
(Hernandez-Tenorio et al., 2022) present substantial challenges. Sig-
nificant further modifications in methodologies and spectroscopy ana-
lyser technologies may be required. Nevertheless, Al-assisted
spectroscopy can be viable for the rapid quantification or near real-time
monitoring of selected PPCPs with relatively high concentrations in
WWTPs.

4. Al assistance for monitoring of PPCPs

The reviewed methods for monitoring PPCPs, as detailed in Table 2,
are generally proposed in 3 directions: feasibility studies for real-time
monitoring, prediction of spatial or temporal occurrence, and classifi-
cation and interpretation of monitoring data. The latter can be termed
post-monitoring analysis, applicable for further environmental, health,
and WBE investigations. As seen in Table 2, all the references are very
recent, indicating that the application of Al for monitoring PPCPs is in its
infancy but has a promising perspective. Kasprzyk-Hordern et al. (2022)
have also highlighted the potential of Al and ML for data processing,
interpretation, hazard modelling, and visualisation of community
health.

For rapid and cost-effective real-time monitoring of PPCPs in
wastewater, Post et al. (2022) and Yu et al. (2023) studied the feasibility
of laser-induced Raman and fluorescence spectroscopy (LIRFS) and
fluorescence image processing techniques, respectively. In the latter
study, the method was developed by 45 experiments with 9 different
oxytetracycline concentrations from 1 pM (0.44 mg/L) to 7 pM (3.11
mg/L) and tested with mixtures at 1-12 uM. The fluorescence response
of luminescent metal-organic framework (MOF) material with tetracy-
cline was captured using red, green, and blue (RGB) image saturation as
inputs, followed by k-means and HCA and machine learning MLR. Only
the red and blue variables showed higher importance with R? ~ 0.96.
However, the model was not validated with real sewage samples and
was only assessed by adding other substances as interferences to ensure
satisfactory selectivity.

In addition, the model does not apply to other PPCPs and tetracy-
clines whose colour responses were not as notable as oxytetracycline.
The results indicate that significant modifications are required for this
method to enable real-time monitoring of multiple tetracyclines and, by
inference, even more for other PPCPs present at lower concentrations in
wastewater.

Post et al. (2022) employed spectroscopy at below 270 nm wave-
lengths for Raman and above 270 nm for fluorescence, integrated with
CNN to classify the spectra and subsequently quantify conventional
parameters such as nitrate and dissolved organic carbon (DOC), as well
as concentrations of 7 pharmaceuticals, shown in Table 2, at WWTPs in
Germany. The CNN had the same architecture suggested by Liu et al.
(2017) with LeNet having pyramid-shaped convolutional layers and
double fully connected classification layers with 23 substances with the
Adam optimiser. The results showed that while the method effectively
detected changes in nitrate and DOC, it lacked the precision to
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Table 2
Al-based methods for monitoring and post-monitoring of PPCPs in water and wastewater.
Application Method Dataset Input Output Pollutants Monitoring Reference
Location
Correlating community K-means, NA 41 factors among Concentration 31 PPCPs 171 WWTPs, (He et al.,
status and well-being to statistical birth control, disease China 2024)
PPCPs burden,
socioeconomic
Community status and RF, NA 10 factors among Daily mass load per 31 PPCPs in 7 groups 82 WWTPs, Chen et al.
well-being factors dueto ~ XGBoost, Economic, WWT capita China (2024)
PPCPs CatBoost efficiency,
population
Fluorescence imaging for K-means, 45:9 fluorescence image Concentration Oxytetracycline Lab tests Yu et al.
tetracycline real-time HCA + RGB (2023)
monitoring in sewage MLP
finding patterns of EP HCA +PLS NA Dynamic Cluster patterns 11 Most persistent among 253 Urban Yun et al.
variations during storm concentrations EPs monitored catchment, (2023)
events + Hyro- South Korea
meteorological
factors
Online monitoring of CNN 1700:566 fluorescence Raman Wastewater Metformin, Carbamazepine, WWTPs, Post et al.
pharmaceuticals in (LeNet) spectrum concentration Hydrochlorothiazide, Germany (2022)
WWTPs Acetaminophen, Naproxen,
Diclofenac and Tryptophan
EPs prediction by Hybrid ANN, RF 366 7 water quality Concentration Bisphenol A (BPA), Tropical urban Tong et al.
methods for spatial indicators N, N-diethyltoluamide (DEET) reservoir, (2022)
analyses Singapore
Correlating co-occurrence Statistical NA Concentration Drug groups 68 PPCPs 15 WWTPs, Bodik et al.
of drug groups correlation Slovak Republic ~ (2021)
Mapping and prediction of =~ ELMNet NA WWTP effluent Concentration in Carbamazepine, Diclofenac Spain Gonzalez
the uptake of concentration crops Garcia et al.
pharmaceuticals in (2019)
lettuce irrigated by
reclaimed water
Location-wise patterns of PCA + +16000 Concentrations and Location-wise 249 EPs Lake, River, Houtman
EPs in surface and HCA (from 229 locations clustering and EP reclaimed land et al. (2019)
drinking waters samples) distinction of area,

locations

Netherlands

accurately identify individual substances. Instead, it classified groups of
compounds based on their characteristic wavelengths.

The detection ranges of the pharmaceuticals, spanning from pg/L for
carbamazepine, naproxen, and tryptophan to g/L for metformin, un-
derscore an important observation: although the method demonstrates
efficacy for certain pharmaceuticals, it lacks the robustness required for
comprehensive monitoring in WWTPs.

For environmental prediction and monitoring of PPCPs, though not
specifically in water and wastewater matrices, the accumulations of
carbamazepine and diclofenac in lettuce crops irrigated with reclaimed
effluent from 10 WWTPs in Spain were studied. The effluent had diverse
concentrations of 12-14100 ng/L and 11-530 ng/L for carbamazepine
and diclofenac, respectively (Gonzalez Garcia et al., 2019). These ac-
cumulations were predicted and regionally mapped using the extreme
learning machine (ELM) algorithm with linear kernels. The accuracy of
the models for both pharmaceuticals was high, with R? values between
0.96 and 0.98 for both training and testing datasets. Carbamazepine
levels in the crops were found to be 106-180 ng/g, not harmful for
human consumption, and diclofenac levels were below the lower
detection limit, indicating the overall healthiness of the crops based on
human daily intake standards. The method has the potential to be
generalised for other crops and PPCPs.

In another study, Tong et al. (2022) demonstrated that hybrid
modelling of rigorous fate and transport finite volume process-based
models (Delft 3D suite models) with Al can facilitate fast predictions
and early-warning system designs for PPCPs in surface water. Using
monitoring data (You et al., 2015), they evaluated the performances of
RF and ANN for the scenarios: (1) predicting downstream EPs (Bisphenol
A and N, N-diethyltoluamide) using upstream pollutants, (2) predicting
EPs at the same location using water quality indicators (WQIs), and (3)
predicting downstream EPs using upstream EPs and WQIs. Results
revealed that RF was distinctly superior to ANN, suggesting the
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capability of Al methods as effective open-source emulators or surro-
gates for rigorous process-based models.

This study suggests hybrid process-based/Al models should be
implemented when WQIs are used to predict EPs with Al, potentially
becoming a state-of-the-art method for temporal and spatial monitoring
of PPCPs. The results also show that measured WQIs, especially tem-
perature and total nutrient factors, are important for EP prediction by Al
models. It should be highlighted that there is a knowledge gap focusing
on the relationship between WQIs or physicochemical properties of
water and the occurrence of PPCPs (Ohoro et al., 2022).

In the context of interpreting PPCP monitoring data, integrating Al
and ML classifications has considerable potential for identifying the
group-wise co-occurrence of PPCPs in urban wastewater without con-
sumption records or specifying biomarkers, as commonly done in WBE.
Bodik et al. (2021) classified 68 PPCPs in 15 WWTPs in Slovakia ac-
cording to 10 therapeutic groups and geographical information using
statistical methods. As an example, they found a meaningful correlation
between the simultaneous intake of antibiotics and high blood pressure
pharmaceuticals among almost all WWTPs. This study is an example of
community health surveillance that relies only on interpreting the
monitoring of long-term and nationwide occurrence of PPCPs in
wastewater using statistical methods. This approach can be extended to
include demographic factors and Al for the same purpose as suggested
by the authors.

Unsupervised clustering Al methods, including HCA and K-means,
and supervised classification methods, such as RF, can be applied for
interpreting PPCP monitoring data (Chen et al., 2024; He et al., 2024).
As reflected in Table 2, very recent studies (Chen et al., 2024; He et al.,
2024) in China have attributed several socioeconomic, disease load,
community health factors, and population metrics to the occurrence of
PPCPs in WWTPs using Al methods, including k-means, decision tree, RF
(showing the best results), XGBoost and CatBoost. RF demonstrated
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higher performance. The findings revealed a moderate correlation
(approximately 26%) between pharmaceutical and personal care prod-
ucts (PPCPs) and socioeconomic factors, and a stronger correlation
(70%) with disease burden. These results suggest the potential for novel
or unexpected trends, such as increased consumption of cardiovascular
medications among younger populations (Chen et al., 2024) and a
notable positive association between the antidepressant fluoxetine and
the rates of abortion and intrauterine device (IUD) surgeries (He et al.,
2024).

More advanced Al algorithms, including DNN, CNN, GNN and ELM,
have demonstrated their applications for monitoring, yet further
implementation and comparisons are needed to assess whether their
performance against other Al methods (Gonzalez Garcia et al., 2019;
Post et al., 2022).

For analysing large monitoring datasets over several years, Houtman
et al. (2019) utilised PCA and HCA (listed in Table 2) to identify which
compounds are most typical for 15 regions in surface water in the
Netherlands. The research highlighted those nearby waterbodies can
have different pollution patterns, indicating that each location may have
specific priority compounds. This might be a remarkable insight for
research and decision-making by including regional causative factors or
industries responsible for such contamination with a river
catchment-based approach (Collins et al., 2020). The approach suggests
integrating and presenting data to have collaborative multilateral
catchment management with the important role of community-based
citizen scientists (Starkey et al., 2017).

For classifying the most persistent EPs and understanding their dy-
namics during stormwater events in a highly urbanised and industri-
alised catchment in South Korea (Yun et al., 2023) HCA and PLS were
used to ascertain decisive hydro-meteorological factors. The results
showed that in the first 30% volume of runoffs, pharmaceuticals such as
metformin and acetaminophen (paracetamol) and pesticides reached
their highest levels (high first flush effect), unlike the moderate varia-
tions of industrial EPs during storm events. The significance of ante-
cedent dry hours for accumulation and storm flow for wash-offs of
pollutants by stormwater was highlighted.

According to the future perspectives of WBE and monitoring of
chemical pollution (Barron et al., 2024; Kasprzyk-Hordern et al., 2022,
2023b, 2023c, 2023d) and the available recent case studies reviewed, it
is foreseeable that Al will have substantial potential in interpreting PPCP
monitoring data in water and wastewater. Applying unsupervised clus-
tering or association-based Al methods can uncover hidden patterns and
reveal anomalies in community health (Chen et al., 2024; He et al.,
2024). However, a major challenge is the lack of long-term monitoring
data in publications, which restricts the reproducibility of in-
terpretations and hinders comparative studies. This also brings imita-
tions for assessing the generalisability of the methods and whether the
clusters and associations identified are biased, signalling the need for
improved accessibility to monitoring data in future research. The anal-
ysis of PPCP data can offer decision-makers valuable insights into
community health, consumption patterns, demographic trends,
stressors, and disparities.

5. Perspective calls for future research

The following points outline potential future research directions for
the chemical analysis and monitoring of PPCPs in water and wastewater:

- There is a wide gap for comparative analysis of Al-integrated
methods versus statistical or mathematical models in both chemi-
cal analysis and monitoring of EPs.

- Al assistance has been more extensively applied in chemical analysis
than in monitoring. However, comprehensive comparative studies,
particularly those involving external validation with wastewater and
environmental samples, are still lacking. Therefore, future research
should focus on analysing key factors affecting matrix effects,
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comparing models using different algorithms comprehensively,
identifying significant descriptors or inputs for models categorised
by class of PPCPs, examining the impact of dataset size and variety,
evaluating the performance of models in HRMS analysers for elimi-
nating false positives or rapidly shortlisting suspects, and assessing
the impact of the models’ accuracy tolerance.

Implementing Al for the prediction of CCS, in addition to RT pre-
diction, combined with routine mass-to-charge and ion fragmenta-
tion matching from databases, can significantly enhance the
confidence in suspected and non-targeted detection of materials.
This approach is particularly beneficial for substances with limited
available reference standard materials, including pharmaceutical
metabolites and their transport, degradation, or treatment byprod-
ucts in the environment and wastewater.

Al can enhance spectroscopy and image processing methods,
enabling rapid and selective chemical analysis or real-time moni-
toring of pharmaceuticals and PPCPs, particularly in wastewater
systems with higher concentrations and better traceability than in
surface waters. These methods still require substantial advancements
to achieve better reliability and robustness in practice.

- Al methods have demonstrated significant versatility in data pro-
cessing, particularly in clustering and classification for monitoring
pharmaceuticals and PPCPs. This suggests a promising role for Al in
decision-making within WBE and community health frameworks,
with ample opportunities at the intersection of social sciences
(Barron et al., 2024). However, the corresponding studies are still
scarce.

Al-assisted anomaly detection and assessing new inputs, including
the side effects of PPCP consumption, industrial activities, and
farming on community health, can be worthwhile for future studies.
Al has the potential to be integrated with rigorous process-based
models for spatiotemporal analyses of pharmaceuticals and PPCPs
in surface waters. These can be hybrid methodologies or surrogate
models for fate and transport mechanisms, helping predict the
occurrence of PPCPs. Successful application requires more extensive
monitoring data and the development or access to rigorous models.
While Al-assisted chemical analysis and monitoring methods show
potential for targeting PPCP metabolites, transformation products, or
degradation products, few studies have focused on these EPs or
biomarkers. Therefore, future research is likely to concentrate on
these compounds increasingly.

Al can assist the selection and optimisation of sampling types and
volumes, sample preparation, chemical analysis methods, costs, en-
ergy and solvent consumption, waste management and sustainabil-
ity, and environmental friendliness, being worthwhile when
evaluating the degradation mechanisms, simulations, and treatment
technologies for future studies.

6. Conclusions

This review examines the roles and contexts of Al in the chemical
analysis, monitoring, and interpretation of PPCPs in water and waste-
water matrices, focusing on studies from the past decade. These Al ap-
plications in environmental chemistry can also be incorporated into
toxicology, environmental risk assessments, treatment evaluations, and
community health surveillance. The trend in recent publications sug-
gests that while the application of sophisticated Al methods for PPCP
analysis and monitoring is still in its early stages, traditional neural
networks have demonstrated robustness in chemical analysis.

Although Al-assisted chemical analysis and near-real-time moni-
toring of PPCPs using spectroscopic analysers have proven feasibility for
a select few compounds with relatively high concentrations in waste-
water, they fall short of the comprehensiveness and precision of chro-
matography combined with tandem and high-resolution mass
spectrometry. Available predictive models for RT and CCS in suspect and
non-targeted analyses of emerging pollutants emphasise the need to
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expand the inclusion of PPCPs in modelling datasets and conduct
external validations, particularly using environmental water samples in
addition to standard reference materials. Group-wise chemical valida-
tion of models developed for EPs is also crucial to assess reliability and
enable comparative studies.

The use of data-driven Al methods for interpreting PPCP monitoring
data, especially in wastewater, shows promise for assessing community
health dynamics and socioeconomic or demographic patterns at regional
or national levels. However, this research direction is still in its infancy.
A major challenge is the lack of long-term monitoring data, which limits
the ability to draw deeper insights from existing datasets or perform
comparative studies using different AI methods. Expanding collabora-
tive efforts for open dissemination of monitoring data could significantly
advance wastewater-based epidemiology and enhance the use of Al in
future decision-making.
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