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Abstract

Quantitative structure-activity relationship (QSAR) models are tools for linking chemical
activities with molecular structures and compositions. Due to the concern about the proliferating
number of disinfection byproducts (DBPs) in water and the associated financial and technical
burden, researchers have recently begun to develop QSAR models to investigate the toxicity,
formation, property, and removal of DBPs. However, there are no standard procedures or best
practices regarding how to develop QSAR models, which potentially limit their wide acceptance.
In order to facilitate more frequent use of QSAR models in future DBP research, this article
reviews the processes required for QSAR model development, summarizes recent trends in
QSAR-DBP studies, and shares some important resources for QSAR development (e.g., free
databases and QSAR programs). The paper follows the four steps of QSAR model development,
1.e., data collection, descriptor filtration, algorithm selection, and model validation; and finishes
by highlighting several research needs. Because QSAR models may have an important role in
progressing our understanding of DBP issues, it is hoped that this paper will encourage their

future use for this application.

Key Words: disinfection byproduct; QSAR/QSPR/QSTR/LFER; descriptor filtration; algorithm

selection; model validation.
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Abbreviation list

AD
ANN
CA
DBP
DBPFP
DOC
EU

Enomo

Erumo
FS

GA

HAcAm
HAN
HK
HM
HNM
kNN
LFER
LogP, Kow
LMO
LOO
MLP
MLR
MW
MX
NIST
n-PLS
OECD
PCA
PCR
pKa
PLS
QSAR
QSPR
QSTR

Applicability domain

Artificial neural network

Correlation analysis

Disinfection byproduct

DBP formation potential

Dissolved organic carbon

European Union

Energy of highest occupied molecular orbital

Energy of lowest unoccupied molecular orbital

Forward selection

Genetic algorithm

Halogenated acetaldehyde

Haloacetic acid

Haloacetamide

Haloacetonitrile

Haloketone

Halomethane

Halonitromethane

k-nearest neighbors

The linear free energy relationship

Octanol-water partition coefficient, in decadic logarithm form
Leave many out, equivalent to leave N out (LNO)

Leave one out

Machine learning process

Multiple linear regression

Molecular weight
3-chloro-4-(dichloromethyl)-5-hydroxyl-2(5H)-furanone
National Institute of Standards and Technology
Nonlinear PLS

Organization for Economic Cooperation and Development
Principal component analysis

Principal component regression

Acid dissociation constant, in negative decadic logarithm form
Partial least square

Quantitative structure-activity relationship

Quantitative structure-property relationship

Quantitative structure-toxicity relationship
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RM
SDR
SLR
SVM
THM
TOX
USA
WOK

Replacement method
Standardized residual
Single linear regression
Support vector machine
Trihalomethane

Total organic halogen
United States of America
Web of knowledge
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Symbol list

Iy hydrolysis rate of the reactant, d¢/d;

Ky hydrolysis rate constant

C Concentration

Ka, Kn, ko the rate constants at acidic, neutral, and basic conditions, respectively

ky T hydrolysis rate constant at specific temperature

Ea Arrhenius activation energy

T absolute temperature

R gas constant (1.987 cal/degree-mole)

Y activity of a compound

c electronic effect constant

o* aliphatic inductive effect

Om meta-substituted constant

Cp para-substituted constant

Es steric effect constant

T hydrophobic effect constant and sometimes described as LogP

) steric effect coefficient

p electronic effect coefficient

k, k’ coefficients of hydrophobic effect

Xa descriptor value

n number of observations

b descriptor coefficient

m, m’ slopes obtained by predicted data versus experimental data with and without
a y-intercept, respectively

R, R¢’ determination coefficients obtained by predicted data versus experimental
data with and without a y-intercept, respectively

a, B,y Power factors in nonlinear regression equation
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Introduction

1.1 Disinfection byproducts (DBPs)

In water and wastewater engineering systems, DBPs are formed by reactions between
disinfectant(s) and organic precursors, both in the presence and absence of bromide and iodide [1,
2]. Chloroform and other trihalomethane (THM) species were the first DBPs identified in the
1970s [3]. Since then, epidemiological studies have consistently shown an association between
long-term exposure to chlorinated drinking water and an enhanced risk of developing bladder
cancer [4]. Other suspected public health impacts over shorter time scales, including disruption
of in utero development and adverse birth outcomes, have also been reported [5, 6].
Consequently, four chloro- and/or bromo- THMs are currently regulated in the United States of
America (USA) and European Union (EU), while five haloacetic acids (HAAs) are also

regulated in the USA.

Although chlorine is the most common water disinfectant used globally, alternative disinfectants
such as ozone, chlorine dioxide and chloramines are increasingly employed, and each has its own
characteristic reactivity with organic compounds precursors in drinking water [7, 8]. Furthermore,
organic precursors originate from a variety of sources, including decaying vegetation, soil,
intracellular and extracellular algal organic matter, agricultural runoff (e.g. pesticides and
herbicides), and municipal wastewater (including nitrogenous compounds, pharmaceuticals and
endocrine disrupting chemicals) [9, 10]. With these diverse types of disinfectants and precursors,
it is apparent that many types of DBPs can be formed. In fact, approximately 700 DBP species
have been reported [2, 7], but the sum of them still accounts for less than half of the total organic
halogen (TOX) according to the surveys undertaken in the USA [2, 8, 11]. Together with

advances in analytical methods [12], the number of detectable DBPs is expected to proliferate
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continuously. For example, there have been recent concerns about unregulated nitrogenous [2, 13]
and iodinated DBPs [14-16] due to their relatively high genotoxicity and cytotoxicity [17-21],
which has expanded the pool of DBPs. Unfortunately, the diversity and quantity of DBPs poses
daunting challenges to researchers, regulators, and water suppliers to fully understand their
analysis, occurrence, toxicity, property, formation, degradation, and removal, not to mention
overwhelmingly financial burdens. Therefore, it is beneficial to find effective ways to streamline
and prioritize future DBP research, which potentially includes an increasing deployment of

quantitative structure-activity relationship (QSAR) models.

1.2 Quantitative structure-activity relationships (QSARs)

QSARs are a suite of tools used to link chemical activities with molecular structure and
composition. QSAR techniques are well suited to deal with large quantities of data, which allows
researchers to discern trends in existing data with environmental relevance and then extrapolate
trends to untested compounds. For example, an early study developed a QSAR model for DBP
hydrolysis from existing data and then applied the model to predict the half-life of triiodoacetic
acid in water [22], which is shorter than 4 hrs. Consequently, in order to avoid decomposition,

samples were extracted and methylated within 4 h before analysis [23].

The use of QSAR techniques is based upon two underlying principles: 1) structurally similar
compounds behave comparably under similar environmental conditions, and 2) behavioral
differences among compounds are linked to structural and compositional variations. The
predictor variables are usually described as “descriptors™ (or features, attributes, independent
variables, structural/compositional components, etc.), and the resultant response variables (e.g.,

reactivity, toxicity or bioactivity) are termed as “activities” (or endpoints, dependent variables,
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etc.). Alternative names for QSAR models are recognized in other research fields. In particular,
the term quantitative structure property relationship (QSPR) is sometimes used to emphasize
compound properties [24, 25], quantitative structure toxicity relationship (QSTR) is sometimes
used in toxicity studies [26], while linear free-energy relationship (LFER) is accepted in some
degradation studies [27]. Regardless of the name, these studies always correlate descriptor(s)

with activities, and therefore follow common QSAR principles.

1.3 History and status of QSARs in environmental and DBP studies

The concept of using QSARs to link structure and activity was introduced over 100 years ago
and subsequently widely used in medical and biological research [28, 29]. In 1975, Veith and
Konasewich introduced QSAR models into environmental research [30]. Soon after, a book
edited by Lyman [31] in 1982 evaluated the environmental behaviors of halogenated compounds
using QSAR models, which included some DBPs even though these models were not designed
specifically for DBPs. The first integration of DBPs and QSAR research occurred in 1991 when

Tuppurainen and colleagues developed a QSAR model especially for DBP toxicity [32].

To better understand the status of QSAR models in DBP and, more broadly, environmental
research, we undertook a literature search using two academic databases, Web of Knowledge
(WOK) and Scopus. The keywords used for topic search were QSAR OR QSPR OR QSTR OR
LFER, and the results were limited to the Environmental Sciences Ecology scope. This search
returned over 1400 references; however, when the additional term “DBP” or “disinfection
byproduct” or “disinfection by-product’ was included, fewer than 12 references were identified.
Consequently, we conducted an additional search in Google Scholar with the keywords “QSAR

OR QSPR OR QSTR OR LFER AND DBP”, followed by manual exclusion of unrelated
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literature. Through this effort, ten studies on toxicity, five studies on formation, eight studies on
transformation, and eight studies on properties were identified (Table 1), all showing reasonable
goodness of fit (R?> 0.7) between modeled data and experimental data. Figure 1 shows temporal
trends in the frequency of references identified in both environmental and DBP studies until the
middle of 2014. The increasing number of studies indicates the growing acceptance of QSAR
methods in environmental science, with over 100 references in recent years. By comparison, the
number of QSAR-DBP studies is limited (i.e., <4/year), implying that DBP research is only a
small portion of environmental research and QSAR techniques remain underutilized by DBP
researchers. The reasons of such underutilization are confounding but may include: 1) the
chemical structures of natural organic matter (NOM) as DBP precursors are not well understood,
which makes it difficult to predict DBP formation; 2) only a small portion (<100) of the DBPs
identified (~700) have been tested for toxicity so far, while most QSARs are based on training

sets of chemicals that do not include any/many DBPs.

1.4 Criterion in selecting QSAR-DBP studies

The limited number of QSAR-DBP studies may be partly attributed to the strict screening criteria
applied, which excluded 1) literature appearing twice in different formats; for example, once in a
journal and again in a dissertation or thesis [24, 33]. In such cases, the journal article was
selected because it is peer-reviewed and more accessible; 2) those using qualitative analysis [34]
rather than QSAR analysis; 3) studies applying previously-developed QSAR models rather than
developing novel models [35-37], because the focus of this article is to help understand the
development process; and 4) articles applying non-structural and non-compositional bulk
parameters, such as dissolved organic carbon (DOC), pH, and temperature, in models [38, 39]

because these do not comply strictly with QSAR principles. Although there are various empirical
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models correlating DBP formation with DOC and ultraviolet absorbance (UVj3s4nm) [40], they
usually regard organic matter as a single, unified entity and therefore lacked mechanistic insights
into the structural and compositional characteristics of DBP precursors. In addition, most
empirical QSARs that have been developed for DBP formation only work within the single water

supply system they were developed on, but do not extrapolate well to other waters.

1.5 Purpose of this article

Notwithstanding the strict search criteria used, it is evident that there is a paucity of research in
deploying QSAR methods to investigate DBP behaviors. The purpose of this study is to fill the
gap by reviewing and critiquing existing QSAR-DBP studies, identifying trends and limitations,
and therefore facilitating better understanding of the QSAR model development process. This
study does not restate or justify modeling results presented in literature, but rather summarizes
typical approaches used for QSAR model development. This article also does not provide
mathematical details of algorithms and descriptor calculation methods. However, to encourage
acceptance and increased use of QSAR analysis, a list of resources that may facilitate
QSAR-DBP studies is provided. Finally, we present several knowledge gaps that may merit

additional QSAR-DBP study in the future.

2. Discussion

2.1 Data Collection

2.1.1 Introduction to activity data

Figure 2 presents a flow chart of QSAR model development. The first step is data collection,
which involves collating activity and descriptor information while ensuring the data are as

thorough and reliable as possible. Often, two databases are established in this process, one for

10
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activity and another for descriptors. No matter which activities or descriptors are selected, there
are three ways to obtain data: 1) experimentation 2) literature, i.e. academic journals, reports,
websites, dissertations and theses; and 3) computer programs or databases, either online or
off-line. A database contains experimental activity data and/or descriptor values collected from
academic publications, whereas a computer program usually yields values from existing,

embedded models.

The preferred data source varies among researchers. Sometimes, experimental results are
regarded as the most authentic option, and the ideal data for QSAR model development are
considered to be those derived from the same laboratory and by the same analyst(s) [41]. By
contrast, literature data are often difficult to obtain and less reliable when they are collated from
multiple resources. The main problem of using various data sources for generating a training set
is that false negatives or false positives (essentially inaccurate data) may lead to a poor model
and inconsistencies. Conversely, literature-based models may sometimes be considered more
robust and useful than models derived from a single laboratory because they incorporate data
from multiple sources and diverse types of compounds. Similarly, data from computer programs
have their own limitations; if a program produces data by an embedded model, the data are
unsuitable for the development of a new QSAR model because it risks circular reasoning.
However, if the program is a collection of experimental and literature results, it is essentially a

literature resource and its use should be encouraged.

2.1.2  Existing activity data collection approaches
Regardless of data source, obtaining reliable and standardized data is critical to develop robust

models. Table 1 summarizes existing QSAR-DBP literature identified in this study. The majority

11
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of studies (26 out of 38) collected data from literature and databases. Twelve cases utilized their
own experimental results, which mainly fell in the area of DBP toxicity and transformation. The
total number of information sources (38) exceeds the number of studies (31), because some
literature used data from multiple sources. Only one study employed activity data from an
existing model [42]. Although the study showed good fitting, the use of modeled data to develop
new QSAR model is prone to risk of circular reasoning, and therefore should be avoided in

future study.

Data pretreatment usually takes a lot of time and effort. When activity information is available
from multiple sources, a common approach is to use average data rather than all data [22, 33] to
avoid the bias of diverse sources and to offer improved goodness-of-fit between predicted and
measured data. Another issue in data pretreatment is to unify various sources of data with
different units or experimental conditions. For example, short-term DBP formation potentials
(DBPFPs) in water were converted to long-term DBPFP by a correcting factor [43]; and the
hydrolysis kinetics of DBPs were standardized by either a pH-dependent equation (Equation 1)

or the Arrhenius equation (Equation 2) [22].

ry=-ky X [C]=-[C]*(k,*[H T+k,+ky*[OH]) Equation 1
baury _Ea (11 :
lnﬁ == (T2 - T1) Equation 2

Note: see symbol descriptions in symbol table

2.1.3  Resources for activity data

12
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Other than common academic databases, such as WOK, Scopus, Pubmed, Sciencedirect,
Springer, and Taylor & Francis, professional websites, software, and programs are also important
resources for collecting activity data; and many of these are free and publically accessible (Table
2). In DBP research, toxicity data resources are the most abundant followed by chemical
properties and DBP transformation data; DBP formation data are the most limited (Table 2).
Because many dedicated toxicity programs, such as TOPKAT, Derek, and MultiCase [44-47] are
readily available already, the need of developing new QSAR models to estimate DBP toxicity is
perhaps not as urgent as other activities. These tools can play an important role to prioritize
DBPs in future research, as limited experimental toxicity data is currently available for many

species.

The TOXNET website is probably the largest resource for chemical toxicity in the world as it
integrates several other toxicity databases. The EU-sponsored report by Serafimova et al. [48] is
a useful summary of QSAR toxicity models, and additional information regarding toxicity
prediction is available from literature [49]. Furthermore, computer programs like EPI Suite,
SPARC, and ACD/Lab and online databases like Chemspider provide many physical and
chemical properties that may assist in the development of QSAR models for DBP properties.
Regarding DBP removal, the National Institute of Standards and Technology (NIST) chemical
kinetics database includes kinetic data, for example, on the ozonation of DBPs, which can be
used to develop QSAR models for DBP reactivity. In addition, DBP biodegradability has been

previously examined in a series of QSAR models [50]

2.1.4 Introduction to descriptors

13
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Descriptors represent the structure and functionality of selected chemicals. With the advent of
computer technology, thousands of descriptors are now available [28]. The descriptors can be
classified into various groups, including 1) compositional descriptors (e.g., molecular weight
[MW], type of halogen); 2) topological descriptors (e.g., Wiener index, Randic index); 3)
quantum descriptors (e.g., energy of highest occupied molecular orbital [Egomo], energy of
lowest unoccupied molecular orbital [Erymo]); 4) electronic parameters (e.g., local charge,
polarity index, Hammett and Taft o constants); 5) geometric parameters (e.g., steric constant Es
and electric constant 6), molecular volume, solvent contact surface area). Descriptors can also be
classified as integral, such as Eyyvmo and MW, which represent the whole compound, or
substitutional, such as Eg and o, which refer to specific substituent or functional group. Integral
descriptor value can only be used for a specific compound, while substitutional descriptor values
are applicable to multiple compounds; e.g., trichloromethane and trichloroacetic acid both have

the same ¢ and E, values for chlorine.

2.1.5 Existing descriptor data trends

To date, most QSAR-DBP studies have employed data from literature rather than from
calculations (Table 1). The most commonly used descriptors are the compositional descriptors ¢
and Es, which were used 22 times. Their widespread acceptance can be attributed to their ease of
interpretation and robustness in modeling. A few studies used certain chemical properties such as
octanol-water partition coefficient (LogP) [51-53] and acid dissociation constant (pK,) [52, 54,
55] as descriptors, indicating that an experimental property or activity was also used as a
descriptor. This approach may be termed a property-property relationship rather than a
structure-property relationship. Quantum descriptors like Erumo and Epomo were the second

most frequently used descriptors, which is likely due to the gradual recognition of quantum

14
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chemistry in recent decades. The most common programs used for quantum descriptor
calculations were Spartan (4 times), AMPAC (3 times), e-Dragon (twice) and CLOGP (twice) (as

shown on Table 1).

Via this review, several interesting practices were noticed in the use of substitutional descriptors.
The first issue is associated with the type and number of substituents in DBPs. Often, activity
changes were correlated with the changes in the number of different type of halogens (X,
including F, CI, Br, and I) [22] but rarely with the changes in functional groups (e.g., -COOH
and -NO;) or chain groups (e.g., -CH,- and -CH,-CH,-). This phenomenon suggests that early
studies often examined only one group of DBPs at one time rather than considering multiple
types together. A careful balance of specificity and generality of DBPs may need to be
considered in the future [56]. The second interesting practice was the additivity methods that
were used in descriptor calculations. Some researchers calculated the ¢ value of trichloro-
compounds by simply tripling the ¢ value of a single chlorine [22, 57, 58]; but other researchers
introduced correction factors [27]. A third observation relates to the choice of descriptor values.
Sometimes multiple options are available for just one type of descriptor, and the optimal
selection is uncertain [59]. For example, one study reported 0.45, 0.42, 0.45, and 0.42 [57] as the
o values for F, Cl, Br, and I, respectively, while another selected different values, i.e., 0.50, 0.47,
0.45, and 0.38, respectively, for the same descriptors [22]. In addition, compounds with ionizable
substituents, such as —COOH (e.g. in the HAAs) may exist in either ionized or non-ionized
forms with different electronic and steric values [59]. However, existing literature has only
applied the non-charged form, even though HAAs are anions under typical pH conditions (pH
7-9) in drinking water treatment. Although these practices work well in a specific case, such

inconsistencies may confuse those who are critical or less well versed in QSAR methodologies.

15
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For this reason, caution should be exercised when making these decisions to optimize modeling

outcomes, and protocols are needed to compare results from different scholars [60].

2.1.6  Resources for descriptors

Descriptor information is present in the scholarly literature, on websites, and in computer
programs. Several classic handbooks list typical descriptor values for thousands of compounds
[59, 61], and some literature use programs to compute descriptors [31, 62, 63]. Table 3
summarizes these resources. Of these, Dragon is perhaps the most popular software, which
contains more than 5,000 molecular descriptors within 20 categories. For those who cannot
afford the commercial product, a free online version of Dragon, called e-Dragon, allows the
calculation of over 1,600 descriptors. In addition, the descriptor values of some compounds can
be downloaded from an old Dragon version (version 5.4) at
www.moleculardescriptors.eu/dataset/dataset.htm. For DBP scientists interested in the use of
compositional descriptors, a series of functional group descriptor values for regulated and
emerging DBPs, including carboxyl, carbonyl, nitrile, and halogens, are provided in Table 4,

with more information available in the original references [59, 61].

2.2 Descriptor Filtration

2.2.1 Introduction to descriptor filtration

The purpose of descriptor filtration is to select appropriate and interpretable descriptors from the
vast number of available options by either empirical judgment or computational analysis. This
process is sometimes omitted in simple models. However, for more sophisticated computations,
model development is more transparent if the descriptor filtration process is included. Because

not all descriptors are useful in QSAR modeling and many descriptors often exhibit poor

16
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correlation with activity or collinearity with other descriptors, using a descriptor filtration
process can help reduce the complexity in dealing with too many descriptors and can lower the

risk of over-training (i.e., spending excessive efforts to make negligible improvements) [64].

The most commonly used filtration processes include filter methods (e.g., factor analysis, Fisher
score), wrapper methods (e.g., k-nearest neighbors [kKNN], stepwise regression, replacement
method [RM]), and hybrid methods. Filter methods are based on empirical judgment and
relatively simple correlation analysis and can be further divided into two approaches: 1) internal
filtration, which screens descriptors by collinearity of descriptors only without use of activity
data; and 2) external filtration, which prioritizes descriptors using activity data. In contrast,
wrapper methods entail a relatively complicated machine learning process (MLP) that requires
trial-and-error iterations to filter out unnecessary descriptors [65]. To date, there are no protocols
or standard practices regulating the descriptor filtration process; but in general, we believe that
the following guidelines can be formulated:

1. The descriptors should be clearly informative of activity, and the definitions of descriptors
should be as simple as possible. This guideline generally complies with the Organization for
Economic Cooperation and Development (OECD) instruction to determine a “defined
endpoint” [65].

2. The descriptor values should exhibit a reasonable trend for compounds with a range of
chemical structures and/or composition. For example, descending ¢ values of halogens (e.g.,
0.50, 0.47, 0.45, and 0.38 for F, Cl, Br, and I, respectively) are preferable than inconsistent
sequence of halogen values (e.g., 0.45, 0.42, 0.45, and 0.42 for F, Cl, Br, and I, respectively)

[66] although they can derive from the same data source [59].

17
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3. The descriptors should be independent of each other or should exhibit no collinearity at a
reasonable level to reduce information redundancy [41, 60]. For the multiple linear
regression (MLR) algorithm, descriptors are expected to be linearly related to activity data
(e.g., p<0.05); but for principal component regression (PCR), partial least square (PLS), and
artificial neural network (ANN) algorithms, seemingly irrelevant descriptors may ultimately
be chosen in final model because a combination of descriptors sometimes outperforms single
descriptor in fitting results. As such, this rule is not always followed.

4. The number of descriptors should be as small as possible, with the number of descriptors
usually < 5 or < 1/5 of the number of activity data in a MLR model [67, 68]. Although the
number of descriptors is unlimited for the PLS algorithm, a concise model is always

preferred, no matter the conditions.

2.2.2  Existing descriptor filtration methods

Overall, 17 identified studies applied descriptor filtration methods in the development of QSAR
models, whereas 14 references chose descriptors simply by experience. Nine studies applied
filter methods, nine employed wrapper methods, and one used both filter and wrapper methods
(note: the sum is greater than 17 because one literature applied both methods). The DBP
transformation studies often lacked descriptor filtration processes, probably because they
employed less activity data than other studies (Table 1). In contrast, research on DBP properties
and toxicity often included filtration processes, with correlation analysis (CA) and principal

component analysis (PCA) methods preferred.

The programs used to implement descriptor filtration included Microsoft Excel, statistical

software (e.g., SPSS, Minitab), commercial QSAR programs (e.g., CODESSA), and
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programming packages (e.g., FORTRAN) (Table 1). Nonetheless, descriptor filtration processes

are seldom fully described in the literature, thus making the filtration process difficult to repeat.

2.2.3  Resources for descriptor filtration

Many articles describe descriptor filtration methods in detail [64, 65, 69]. These are not repeated
here. Instead, the functionalities of programs commonly used for descriptor filtration are listed
(Table 5). Statistical software (e.g., Minitab, SPSS, and SAS) encompass modules for descriptor
filtration, such as enter-MLR, forward selection (FS), and backward elimination. It is noteworthy
that SAS has nine descriptor filtration methods in additional to the maximum correlation and
minimum correlation methods. Commercial QSAR programs have similar functionality to the
statistical programs. For instance, CODESSA includes heuristic and best multi-linear regression
methods for descriptor filtration. The online software OCHEM is equipped with PCA, CA, and
FS processes [70]. Data-mining software such as Rapidminer also has descriptor filtration
features like FS, backward elimination, and optimizing selection processes. These programs

hence provide a diverse source of choices for descriptor filtration practices.

2.3 QSAR Models

2.3.1 Introduction of model algorithms

During model selection or formulation process, the task is to design, or more often, to select, an
algorithm to mathematically describe the relations of descriptors and activities. Based on the
level of complexity and the data availability, this process can be either quantitative or qualitative,
with the former being the focus of this article. The classic algorithms used in QSAR models are
the Hammett [71], Taft [72], and Hansch equations [73], which often apply electronic constant,

steric constant, and hydrophobicity constants alone or in concert. As shown below in Equations
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3-6, models can be made by single linear relationship (SLR), MLR, or multiple non-linear

regression equations.

Hammett equation: Log(Y)= p-c + constant Equation 3
Taft equation: Log(Y)=6E + poc + constant Equation 4
Hansch equation: Log(Y)=kmn+ k- + O-Eg + pro + constant Equation 5
Y=b, + b, X{ + bng +..+ b, X! Equation 6

Note: see symbol descriptions in the symbol list

Coupled with certain descriptor filtration processes, conventional MLR models can be upgraded
to more advanced models like PCR, PLS, nonlinear PLS (n-PLS), support vector machine
(SVM), and genetic algorithm (GA). MLR was ranked as the second most frequently used model
in the Environmental Science Ecology area in recent decades due to its ease of use,
understanding, and interpretation [28]. The top-ranked algorithm is PLS, which converts
descriptors into new, latent variables first before applying them to a MLR algorithm. n-PLS,
which modifies PLS to non-linear equation (e.g., Equation 6), is used occasionally [74, 75].
The use of PLS is especially suitable for complicated model development when the number of
descriptors is greater than the number of activity data, such as for 3D-QSAR development with
comparative molecular field analysis [28, 75]. Another popular QSAR method is ANN, which
connects descriptors and activities with hidden neurons (called weighting factors). However,
because no specific algorithm is obtained during the ANN process and it is impossible to explain
the hidden layers explicitly, ANN has not been accepted widely, even though it often achieves

better fitting than other types of algorithms.
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In addition to using conventional MLR algorithms, another feasible option is to formulate new
algorithms for QSAR models based upon Equation 6. Table 6 demonstrates several
transformative algorithms of the general MLR. Although these algorithms have never been

applied in existing DBP-QSAR models, the new options may improve future QSAR models.

2.3.2  Existing QSAR models

As some literature examined multiple types of models, a total of 40 models were investigated in
this study. Most studies applied MLR (23 times) and SLR (8 times) in the QSAR models (Table
1), indicating that MLR is the most popular algorithm in existing QSAR-DBPs studies. By
contrast, five studies used PLS and only two applied ANN and PCR, indicating that these
methods in particular have been underexploited. It is noteworthy that there are two papers
comparing the performance of different algorithms using the same activity data. In one example,
Yoshida et al. used three different modeling methods (PLS, quadratic-PLS, and ANN) to model
boiling points of 48 halomethanes, and identified ANN as the best fitting option [74]. In another
example, Tang and colleagues demonstrated slight advantages of PLS over MLR and PCR [42].
These results thus confirm that PLS and ANN sometimes outperform MLR, even though the

latter is more frequently applied.

The programs used to develop the abovementioned algorithms in existing literature sources were
Excel, FORTRAN, SAS, Minitab, Origin, SPSS, and CODESSA (Table 1). Microsoft Excel
appeared in 8 studies, suggesting that simple models were used in these cases. Dedicated
statistical programs, such as Minitab and SPSS, were the second most popular choice [76, 77].

Two studies did not disclose which QSAR programs were used [78, 79].
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2.3.3  Resources for QSAR modeling

Table 5 lists free and commercial programs for QSAR modeling. In general, the programs can be
divided into three categories: commercial QSAR software, open-source data-mining software,
and statistical analysis software. The commercial QSAR software, such as SYBYL-X,
CODESSA, SciQSAR, and ISIDA/QSPR, are intended specifically for QSAR model
development. These programs are preferred because they can be well integrated with other
descriptor calculation programs. For example, CODESSA III is a state-of-the-art QSAR program
that works directly with AMPAC, Gaussian, or AIMALL to generate models from quantum
chemical, electrostatic, and topological descriptors. However, commercial QSAR software
usually has fewer descriptor filtration options than statistical software. Data-mining programs
such as WEKA, Rapidminer, and KNIME also have many descriptor filtration functions. In
addition, data-mining programs are usually advantageous as their user-friendly, graphical
operators can carry out feature selection, calibration, and validation processes in sequence.
However, like commercial QSAR programs, data-mining programs have less statistical capability

than dedicated statistical programs.

2.4 Model Validation

Validation is an integral part of the QSAR model development process; its purpose is to verify
the predictivity of a model [80]. Validation is accomplished in two steps: data splitting (or
allocation) and statistical analysis (Figure 2). In addition to goodness-of-fit, it is also necessary to
identify the applicability domain (AD) and outliers. Although OECD has issued guidelines and
protocols for statistical analysis [80], no consensus has been reached regarding preferred data

splitting methods. Therefore, some general approaches will be briefly discussed here.
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2.4.1 Data splitting

In this step, a database is typically divided into a training set and an external validation set. The
training set can be further split into a calibration subset and an internal validation subset. The
calibration set serves to calibrate model coefficients with the best statistical performances
(namely, goodness-of-fit). The internal validation set serves to cross-validate the models
developed by the calibration set. Unlike cross-validation, which may employ data derived from
the same source, the external set only employs data never used during model development
process. The importance and necessity of the external subset in the QSAR model development

process have been underscored by the OECD guidelines [80].

The methods for data splitting include random data splitting, stratified random data splitting, and
pseudo-stratified random data splitting [81]. The amount of external validation data usually
accounts for > 30% of the total data [82], and both the calibration set and the internal validation
set should have compounds representing the AD. Operations for data splitting include leave one
out (LOO), leave many out (LMO, i.e., K-fold), and bootstrapping. LOO and LMO refer to a
process of removing one or more data points (e.g., a certain percentage) from a database. The use
of LOO is not preferred for a large pool of data because it may exaggerate the QSAR

performance. By contrast, LMO is more popular because it has lower risk of inappropriate
evaluation [83]. The number of samples included in LMO should be = 2, and preferably large
enough to enable sufficient rounds of training [84]. Bootstrapping offers an alternative allocation
process to randomly group data for validation, and the process is usually repeated many times to

verify the model [85]. Like LMO, bootstrapping is also an appropriate choice for studies with a

large amount of activity data (e.g., >100) [86].
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Another model validation technique is Y-randomization (or Y-scrambling). The process
correlates randomly shuffled activity data with descriptors, and typically obtain lower correlation
performance than the original model. If inappropriate descriptors, outliers, or algorithms are
present, the Y-scrambling results will result in higher statistical performance that invalidates the

model [87].

2.4.2  Statistical indicators

Statistical indicators serve as the criteria for evaluating the performance of a model. Guidelines
available from the OECD can measure goodness-of-fit and predictivity of model in a standard
formatted sheet [80]. The most common indicators include coefficient of determination (i.e., R?),
variance (e.g., RMSE, SD), data similarity (e.g., p value, student-t value), predictivity (i.e., Qz),
AD (e.g., h;), and outlier detection, each of which may be determined by a range of parameters

(Table 7).

With respect to thresholds, both R* and Q* were recommended to be greater than 0.6 [83].
Concordance correlation coefficient (CCC) was proposed to determine the external predictivity,
with a recommended threshold of >0.85 [83]. The slopes k and k’ were suggested to be near 1.0,
and the ratio of (R?-R3)/R7to be close to zero [83, 88]. Standardized residual values were
recommended to be less than 2x [89], 2.5x [90], or 3x [91] of the standard deviation, which are
equivalent to 90%, 95%, or 99% levels of confidence, respectively. Another study suggested that

a model may be considered acceptable if it satisfies the following conditions: R*>0.6, Q*>0.5,

(R?-R3)/R?<0.1 (or (R?-R3)/R?<0.1) and 0.85<m<1.15 (or 0.85<m’<l.15) [88]. In certain
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. . 2 2 . .
circumstances, an adjusted R”, R%,¢4j may be used as an increase of variable numbers always leads

to an increasing R value [80].

2.4.3  Applicability domain (AD) and outliers

AD is defined as the paradigm set by representative compounds for model calibration. The
purpose of AD analysis is to avoid inaccurate predictions for compounds outside the domain.
Four methods are commonly used for identifying the AD [92, 93], with the density
distribution-based method considered the most sophisticated [80]. Compounds with unexpected,
poorly-fitted activity or compounds falling outside the AD in a QSAR model are considered
outliers [94, 95]. The leverage “h” is a measure of the distance of the compound from the
centroid of its training set. If a data point is greater than the warning leverage h*, it can be
considered as either an outlier or an influential point [96]. Cook’s distance and standardized
residual (SDR) are two other statistical methods to detect outliers [33]. Cook's distance measures
how much the total residual would change if a compound is excluded from the calibration. In one
relevant study, the operational thresholds D;> 1 and |[SDR;| > 2.5 were used [33]. Moreover, the
distance-based method using Williams plot, as defined by SDRs versus leverage h, is often

applied to identify outliers and influential points [43, 90].

2.4.4  Existing validation approaches

In Table 1, the column “no. & types of compounds” shows how many and what types of DBPs
were selected for QSAR model development. All selected studies have employed DBPs in their
training sets. The column “data splitting approach” indicates which models/literatures have
applied validation methods and which have not. The criteria regarding if the model is validated

or not is to see if extra data sets are applied to justify the model developed by training set.
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Therefore, if it shows “NA (not available)” in this column, it means that the literature did not
employ or disclose any validation method. From the literature review, we found 12 articles that
apply validation method(s) during QSAR model development. Cross-validation and
bootstrapping were used 14 and 5 times, respectively, with two references applying both. Within
cross-validation methods, the LOO method was applied 8 times, and LMO was applied 6 times.
External validation was implemented in 10 cases. However, there were also some studies that did
not implement any data splitting processes, indicating this phase of method development is not

fully implemented by some researchers.

The most commonly used statistical indicators were R, SD, SE, and F-ratio (Table 1). Q* and
RMSE were the two most popular indicators used for predictivity analysis. Meanwhile, six
references analyzed outliers and the AD, with the distance-based method favored in AD analysis.
The leverage h and SDRs were the two parameters most frequently used to make the Williams
plot. Cook’s distance, D, was applied twice to detect outliers whereas the density-based AD
method was not observed in any literature. In additional to conventional indicators, selected

studies have employed novel methods such as self-organizing map [78] for AD analysis.

2.4.5 Resources for validation

Table 5 lists some software programs (such as SPSS and SAS) that allow statistical analysis of
model performance. These also serve as validation tools when validation is carried out
automatically during modeling. For example, cross-validation and bootstrapping can be carried
out by invoking the “ncvreg” and “bootstrap” modes in the statistical software “R”. Similarly,
Minitab can implement many validation processes. Rapidminer, a data-mining software, also has

validation operators for cross-validation and bootstrapping.
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3. Future needs
In this section, we propose several needs in DBP research that may merit future exploration
through the use of QSAR models. These ideas are intended to stimulate additional research and

should not be deemed exclusive or complete.

The first, and probably the most immediate, need is to develop a DBP information harbor or
platform for data-sharing and accumulation. Currently, activity data are sporadically and sparsely
present in a large pool of sources, which requires intensive time and effort to be spent on data
searching and pretreatment. To attain its important time-saving potential, the harbor should
include not only original data, but also protocols for descriptor filtration and model development,
which are often lacking in existing studies. In addition to encouraging more frequent use of
QSAR techniques to study DBPs, this may also aid researchers to optimize QSAR models in the

future, ultimately leading to better understanding of DBP issues.

The second need concerns the characterization of DBP precursors. To date, abundant information
has been published on the experimental, bulk characteristics of DBP precursors[97], such as UV
and specific UV absorbance (SUVA, an indicator of aromaticity), molecular size (or MW, by
size-exclusion chromatography), polarity (i.e., hydrophobicity by adsorptive resin), functional
groups (e.g., carboxyl group, by fluorescence excitation-emission matrix, nuclear magnetic
resonance, and Fourier transform infrared spectroscopy analyses) [98, 99], and reactivity with
certain disinfectants [100]. However, a QSAR model has not yet been developed to correlate the
functional groups and properties of a comprehensive range of specific precursors or isolates with

DBP formation. The complex and largely unknown identity of NOM makes this inherently
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difficult, but becomes more feasible when considering model compounds, with defined
molecular properties, such as that has already been achieved for chlorine demand [24]. It is
anticipated that such QSAR models will offer more practical and timely recommendations to
water providers by bridging the gap between DBPFP and precursor characteristics. Ideally, the
DBP precursors would not be limited to a small number model compounds (e.g., amino acids)

but would cover diverse and representative types of organic matter.

The third need concerns the stability and degradability of DBPs in order to alleviate the risks of
DBPs to drinking water consumers and aquatic organisms. As discussed, early studies in DBP
transformation often considered only halogens as the descriptors in the QSAR model and rarely
integrated other substituents, such as nitrile (-CN), carboxyl (-COOH) functional group, or
carbon chain, into the models. Although such models are successful for a single class of DBPs,
they lack insights into the behavioral differences among multiple types of DBPs. Therefore, we
suggest that future QSAR studies on DBP degradation incorporate more compounds with various
types and numbers of halogens, functional groups, and chain structures. It is likely that a more

sophisticated approach may lead to a more widely accepted model.

4. Conclusions

In an effort to facilitate greater use of QSAR models in DBP research, we summarized some
trends in 31 studies that developed QSARs for DBP research, including the preferred methods
for activity and descriptor collection, descriptor filtration, model selection, and validation. The
most commonly used descriptors in previous DBP-QSAR studies were compositional and
quantum chemical descriptors; MLR was the main algorithm; and correlation coefficients and

standard deviations were the two most frequently applied statistical indicators. However, a
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review of existing literature also revealed a lack of consensus in methods for handling data,
descriptors, algorithms, and statistical indicators. Additionally, many studies displayed
methodological weaknesses (e.g., the absence of cross-validation) and too narrow a focus (e.g.,
the degradation of a single class of DBPs rather than an ensemble of multiple DBPs), which may
hinder a wide acceptance and holistic view of the DBP behaviors. Researchers should be aware
of the implications and limitations of the decisions in each step of the QSAR development

workflow. Typical concerns regarding QSAR model development processes are listed in Table 8.

Several barriers to the adoption of QSAR models in DBP research were also identified: 1) the
limited availability of DBP data, with intensive effort required to collect limited data from a large
pool of sources; 2) the lack of user-friendly QSAR software, which represents a major barrier to
scientists unfamiliar with the field; and 3) the difficulty of designing QSAR models for DBP
issues. One particular priority to aid future QSAR-DBP studies is to develop a platform for
sharing DBP data and descriptors. In addition, benefits in using QSAR models can potentially be
gained from the characterization of DBP precursors as well as the degradation of DBPs. Overall,
although QSAR models will not replace in situ or laboratory experiments, they could play a more
important role in supplementing, extending, and promoting our future understanding of DBP

1Ssues.
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