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ABSTRACT: There is an increasing need for comparable and harmonized retention times (tg) in liquid chromatography among
different laboratories, to provide supplementary evidence for the identity of compounds in high resolution mass spectrometry (HRMS)
based suspect and non-target screening investigations. In this study, a rigorously tested, flexible and less system-dependent unified
retention time index (RTI) approach for LC is presented, based on the calibration of the elution pattern. Two sets of 18 calibrants
were selected for each of ESI+ and ESI- based on the maximum overlap with the retention times and chemical similarity indices from
a total set of 2123 compounds. The resulting calibration set, with RTI set to range between 1 and 1000, was proposed as the most
appropriate RTI system after rigorous evaluation, coordinated by the NORMAN network. The validation of the proposed RTI system
was done externally on different instrumentation and LC conditions. The RTI can also be used to check the reproducibility and quality
of LC conditions. Two QSRR based models were built based on the developed RTI systems, which assist in the removal of false
positive annotations. The applicability domains of the QSRR models allowed completing the identification process with higher con-
fidence for substances within the domain, while indicating those substances for which results should be treated with caution. The
proposed RTI system was used to improve confidence in suspect and non-target screening and increase the comparability between
laboratories as demonstrated for two examples. All RTI related calculations can be performed online at http://rti.chem.uoa.gr/.

INTRODUCTION Identification workflows in gas chromatography (GC) routinely

- . . include chromatographic elution information. The Kovats’ reten-
Liquid chromatography (LC) coupled to high resolution mass tion index (KRI)15 play a major role during identification, enabling

spectrometry (HRMS) has been widely used to analyze complex cross checking KRI of a tentatively identified compound with a li-

samples containing thousands of substances with widely varying b £ KRIs. This and other RI i 16 and Lee RI'7) mak.
physicochemical properties. LC-HRMS has a high separation rary o s. This and other RIs (e.g. linear “ and Lee ) make

power and increased sensitivity for the measurement of compounds
at low concentrations' over alternative methods. One of the major
bottlenecks in non-target LC-HRMS is to identify the true positive
compounds among the pools of plausible candidates with the same
molecular formula.? This frequently happens in suspect and non-

it possible to compare tg values for most GC systems. Despite KRI
being long established, a reliable retention index does not exist for
LC-based identification workflows, for many reasons including
larger differences of LC methods among laboratories. There is also
lack of experimental information about the elution of various com-
. . . s pounds covering a large chemical space under different LC condi-
target screening woFkﬂows, where the tas3k is to identify the un- tions. There is also not yet sufficient agreement on potential cali-
knowns with a certain level of goqﬁd;nce. Thereff)re, conﬁr.mlng brants for LC unlike, for instance, the alkane series used for the
a structure becomes a task of eliminating false positive candidates KRI

based on the available experimental information such as MS frag-
mentation pattern, retention time (tr), ionization behavior and other
evidence.*® Prediction of ty for candidate substances can signifi-
cantly decrease the number of false positive candidates.*’* Nev-
ertheless, it is often neglected due to the difficulties of accurately
predicting and mapping it between different LC conditions.

Since the variety of chemicals amenable to LC methods (and
thus the functional groups and properties involved) is large, simple
calibrants that would be analogous to the linear alkanes (KRI) or
PAHs (Lee RI) used for GC are not applicable. According to Stan-
strup and coworkers,'® most compounds conserve their elution or-
ders for similar LC systems (reversed phase, using a C;g column)



while this could be extremely variable for different types of chro-
matographic columns (e.g., hydrophilic interaction liquid chroma-
tography; HILIC). However, PredRet approach'® introduced the
strategy of directly mapping tg in various LC conditions, to share
tg information and include it during identification.'® This approach,
however, requires many compounds with measured tg to project the
tg information with high accuracy. Hall and co-workers also devel-
oped an RTI system for non-targeted metabolomics, similar to KRI,
using n-nitroalkanes."® This approach requires detailed descriptions
for analyzing the reproducibility of RTI system under different LC
conditions (different gradient elution program, mobile phase com-
positions and stationary phase). The use of a logarithmic scale for
the retention times and also an additive function for the number of
carbon atoms remain problematic since the number of carbon atoms
is not solely, directly and equally correlated to the polarity in
LC.2**' Moreover, the RTI system was proposed only for a struc-
turally diverse group of 411 small molecules, consisting of endog-
enous and drug metabolites, which limits its use in environmental
analysis. Compounds chosen to test this system were limited to the
set of biological elements (C, H, N, O, S, and P) and contained at
least one atom capable of accepting protons to facilitate their de-
tection in mass spectrometry. However, there is a limitation in us-
ing n-nitroalkanes as calibrants in the electrospray ionization mode
(ESI) in MS, as they are not ionized properly at reasonable concen-
tration range.

Li and coworkers® established a tg calibration method for
metabolomics studies, which was based on amino acid standards
and a chemical labeling strategy. The tg values acquired under dif-
ferent LC conditions (with similar mobile phase composition)
showed high correlation. However, different columns would re-
quire different series of calibrants. In addition, it was necessary to
apply dansylation labeling on the samples and individual standards
to establish the library. The chemical labeling was extensively used
in metabolomics to label metabolites that carried the same moiety
to increase their ionization efficiency and LC separation in RPLC. %
Recently, another RTI approach was developed based on chemical
labeling reactions for carboxylated and amine metabolites.** In this
approach, a series of 2-dimethylaminoethylamine (DMED)-labeled
fatty acids were used as calibrants to create an RTI system for
DMED-labeled carboxylated compounds. However, the variation
of tg values between different LC setting was still inevitable. It
would be difficult to apply these RTI standards in generalized MS-
based screening because of the lack of sufficient homologues in the
series and low MS instrumental response factors. It would not be
practical in the cases of environmental samples to apply dansyla-
tion or other chemically labeling protocol due to the existence of
many classes of emerging pollutants and the lack of a similar chem-
ical labeling strategy. In addition, structural differences between
chemically-labelled-RTI standards and screened or detected com-
pounds also could lead to errors and false positive results.

Studies published to date on the tg prediction in LC can be di-
vided into two types: (i) direct experimental t, mapping,'®*>*
which can be used irrespective of the specific LC condition, and (ii)
tg models established by quantitative structure-retention relation-
ship (QSRR) approach, which works locally for specific LC condi-
tions.®'*12?"? The common strategy to predict tx of any com-
pound focuses primarily on exploring the set of physicochemical
descriptors (such as hydrophilicity, polarizability, electronegativity
etc.), which yield insight into mechanisms of the elution (interpret-
ability) in contrast to the projection of tg. The correlation between
hydrophobicity and tg is generally the first step towards under-
standing the elution of a compound in reversed phase liquid chro-
matography (RPLC).*?® These QSRR models, however, rely on tg
information for a large number of compounds to offer an interpret-
able elution mechanism and correct prediction results.®'* The mod-
els can be overfitted, or only applicable for specific groups of com-
pounds within the training set.”?® The cause for overfitting is often

an inadequate number of compounds used as training dataset to de-
fine the chemical space boundaries during the QSRR modelling, a
desire to have a more specific model for a specific set of substances,
or uncertainties in the calculation of molecular descriptors.30 The
development of large tg databases and addressing the uncertainty
in tg prediction results would increase the reliability and usability
of the models.>" Specifically for the high throughput screening,
e.g., of environmental or exposome samples, method covering a
broad chemical application domain (AD) are required as effectively
all substance classes amenable to LC-MS can be expected. Re-
cently, a QSRR workflow was developed, which includes an AD
function to estimate whether the predicted tg should be accepted or
rejected for a plausible candidate.”® In addition to the accuracy and
interpretability offered by this QSRR model, the approach needed
to be extended and coupled to tg projection strategies to be appli-
cable under various LC conditions, with the objective of develop-
ing a broadly-applicable RTI in LC to facilitate the screening and
control LC quality.

This work presents the development and validation of a new RTI
system in reversed-phase liquid chromatography (RPLC) that is
based on the calibration of the elution patterns demonstrated using
two sets of 18 substances (one set for +ESI and one another set for
-ESI) selected from 2123 chemicals of emerging contaminants con-
cern (ECs) (303 and 1820 compounds for -ESI and +ESI, respec-
tively). The applicability of this approach is demonstrated in an in-
terlaboratory comparison to harmonize the tg information in HRMS
screening efforts, predict tg across different LC conditions and
make tg information more useful in suspect and non-target screen-
ing workflows.

EXPERIMENTAL SECTION

Materials for Core Laboratory (National Kapodistrian Uni-
versity of Athens (NKUA)); Chemicals. Reference standards for
pesticides were donated to the NKUA laboratory by Bruker Dal-
tonics (Bremen, Germany) at a concentration of 1 mg L™ in meth-
anol. The rest of the major classes of emerging contaminants in-
cluded in the study were purchased from Sigma—Aldrich. Individ-
ual stock solutions of these compounds were prepared in methanol
at a concentration of 1 g L™ and stored at -20°C. Working solutions
were prepared in methanol at a concentration of 1 mg L. Alist of
these chemicals can be found in ’ and SIF Table S1 and S2 (the
supplementary Excel file accompanying this manuscript). LC-MS
grade acetonitrile (ACN) and methanol (MeOH) were purchased
from Merck, whereas LC-MS grade 2-propanol was purchased
from Fisher Scientific. Sodium hydroxide monohydrate (NaOH)
for trace analysis >99.9995%, ammonium acetate, ammonium for-
mate and formic acid, all LC-MS grade, were purchased from
Fluka, Sigma—Aldrich. Distilled water used for LC-MS analysis
was provided by a Milli-Q purification apparatus (Millipore Direct-
Q UV). Regenerated cellulose (RC) syringe filters (15 mm diame-
ter, 0.22 um pore size) were provided from Phenomenex.

Materials for Core Laboratory (National Kapodistrian Uni-
versity of Athens (NKUA)); Instrumentation and Procedure.
An ultrahigh-performance liquid chromatography (UHPLC) sys-
tem with a LPG-3400 pump (Dionex UltiMate 3000 RSLC,
Thermo Fisher Scientific), interfaced to a Quadrupole Time of
Flight (Q-ToF) mass spectrometer (Maxis Impact, Bruker Dalton-
ics) was used for the screening analyses. The same chromato-
graphic and instrumental conditions described previously*® were
used to record tg on a RPLC platform for numerous ECs. More de-
tails about the instrumental and chromatographic conditions are de-
scribed in the SIF SI-A 1.1.



Development of Retention Time Indices. The aim was to select
the most appropriate set of calibrants from a ty dataset of 2123 com-
pounds (303 and 1820 compounds for -ESI and +ESI, respectively),
considering the tg distribution and the chemical similarity of the se-
lected calibrants with the rest of the compounds in the chemical
space. This process included seven steps. First, two datasets devel-
oped for -ESI and +ESI modes were processed separately to calcu-
late the molecular descriptors.” These molecular descriptors were
calculated using Padel’” and E-DRAGON™ on the final lowest en-
ergy 3D conformer of standardized structures achieved by Balloon.
* In addition, ChemAxon® was used to calculate logD* at the pH
of the LC mobile phases, which was 3.6 (+ESI) and 6.2 (-ESI). In
total, 3200 molecular descriptors were calculated for each com-
pound, representing the constitutional, topological, geometric,
electrostatic, hydrophobicity, steric effect, quantum related chemi-
cal descriptors, chemical fingerprints (PubChem chemical finger-
print’”) and various 3D molecular descriptors.***° Constant and
near constant molecular descriptors were removed from each da-
taset. The remaining datasets, consisting of 303 (-ESI) and 1820
compounds (+ESI), were further processed with collinearity re-
moval. First, a threshold for the collinearity removal was set to 0.9,
where the molecular descriptor that correlated less with the reten-
tion time was removed while its collinear pair was retained. This
yielded 545 and 607 molecular descriptors for positive and negative
ESI, respectively. Second, principal component analysis (PCA)
was performed on the retained molecular descriptors (excluding re-
tention time) to project the chemical properties of the compounds
based on their covariance in three principal components (PCs, ex-
plained variance was over 75%). Third, a matrix containing reten-
tion time information and the three PCs was prepared separately for
each ESI as input for identifying the potential RTI calibrants. tg
information along with PCs are the most representative data to ad-
dress the similarity between compounds as well as the elution in
LC. Fourth, several subsets of compounds were created and the
overlap of normal distribution (objective function) between these
subsets of compounds (RTI calibrants) and the rest of the com-
pounds were calculated at predefined desired number of calibrants
for each subset. Fifth, the algorithm seeks to detect the potential
subsets of compounds that would increase the overlap of normal
distribution of RTI calibrants and the rest of the chemical space.
The sixth step combines all compounds between subsets to maxim-
ize the objective function. In the seventh step, the prediction accu-
racy of models are evaluated for a test set. Creating the large num-
ber of population of compounds and seeding the subsets of com-
pounds and their combinations required a dynamic algorithm to
train itself for selecting the best couple of compounds as calibrants.
For such a case, a nature-inspired optimization algorithms was
found to be helpful.*' Here, the Ant Colony Optimization (ACO)
4243 technique was used to select the optimal number of compounds
by testing sets of 5, 8, 10, 12, 15, 18, 20, 22 and 25 compounds as
LC calibrants . The optimum number of 18 compounds out of the
tested was found for both ESI modes by comparing their overlap
values. The external prediction accuracy of the RTI system was
evaluated by 30 (+ESI) and 15 (-ESI) external compounds (also se-
lected by ACO-SI). More details about the ACO approach can be
found in SI 1.2 (SI-A).

The RTI systems (one for +ESI and one for -ESI) were proposed
considering the minimum and maximum elution that was observed
for a generic RPLC method and scaled to 1000. This scale system
between 1 and 1000 was set to have large RTI units between com-
pounds that elute differently and compare the error more realisti-
cally. The RTI system proposed here was formulated as below:

(tR x —tr min)

RTI = x1000 — RTI = a(tz,) +C Eq.1

(tR max — LR min)

where tg , and ty . are the tg observed for the calibrants and a
compound, respectively, tg min and tg pq, are the minimum and
maximum tg observed for the calibrants, respectively. This is
needed to define the elution segment for the calibrants in proportion
to minimum and maximum ty values seen for the calibrants in a LC
setting. Once the RTI unit is established, they are set as global val-
ues and linear calibration curve was established to get use of these
RTI values for a new LC setting. @ and C are the slope and the
intercept at 99% confidence intervals (Cls). The linear correlation
forms the RTI calibration equation and is used to transform any
experimental tg in one system into the RTI for that compound. The
RTI values can be used afterwards to harmonize the elution of com-
pounds in various LCs. This could also facilitate the evaluation of
LC quality in case of multiclass LC method according to the degree
of deviation from linearity (or use of lack-of-fit to examine the re-
siduals after calibration curve development) for RTI calibrants.

Stability test of RTI calibrants. Four mixtures (separate mix-
tures of 18 compounds as the RTI calibrants set for each ESI mode
to be tested at two different temperatures) were prepared at a con-
centration of 2 mg L™ in pure methanol (at a final volume of 250
uL). 2-hydroxy-simazine was prepared in methanol: phosphoric
acid (99:1, v/v) and vancomycin was prepared in MeOH:H,0
(90:10, v/v) to enhance the solubility. Moreover, guanylurea and
coumaphos were soluble in methanol at room temperature, under
ultrasonic irradiation for 15 min. The stability test was performed
by analyzing each mixture at 0, 6, 18, 24, 36 and 48 hours of storage
time at two different temperatures (-18 and +2 °C). The mixtures
were returned to the refrigerator and freezer after each analysis time
point and stored for the next injection.

Internal validation. An intra-laboratory evaluation followed
considering various C;g columns (Acclaim RSLC Cyg, Atlantis T3
C,g, XBridge C;3 Waters, and Acquity UPLC BEH Cg column),
mobile phase compositions (MeOH, H,O and ACN with and with-
out buffer system) and elution gradient. In addition to our previous
method®, two other gradient elution program were adopted from
literature'** to evaluate the reproducibility of the proposed RTI
system. More details about the instrumental and chromatographic
conditions are described in the SIF SI-A 1.3.1 and SI-B Table S3.
The performance of the proposed RTI systems was studied in terms
of root mean square error (RMSE), square correlation coefficient
(Rz), distribution of residuals derived from both experimental and
predicted RTI/tg and the true positive harmonization rate of the elu-
tion of compounds in different LC conditions. The true positive
harmonization rate (TPHR) is derived by the following equation:

No.True Harmonised RTIs within 99% CIs

TPHR =
No.detected compounds

x100 Eq.2

TPHR indicates the percentage of RTI values for the compounds
that have the overlap with the experimental RTIs/its 99% CI under
various LC conditions in contrast to the RTI values derived from
the main LC condition. TPHR was also visualized as a cloud plot
using multiple comparison procedures. In this cloud plot, the bub-
ble size is proportional to the CIs of the experimental RTI (at 99%
CI from calibration curve) in which the overlap between these bub-
bles correspond to the successful harmonization of elution of com-
pounds from one LC condition to another. To compare the LC con-
ditions based on experimental tz and RTI values statistically, the
student t-test was used.

External validation; Reference Laboratories for Initial Eval-
uation. In addition, inter-laboratory comparisons were organized
with the aim of evaluating the accuracy of the RTI system from one
lab to another with completely different instrumentation. The pro-
posed RTI system was evaluated initially by three laboratories (the



Swiss Federal Institute for Aquatic Science and Technology (Ea-
wag), the Helmholtz Centre for Environmental Research (UFZ) and
the University of Jaume I (UJI)). Eawag used LC condition re-
ported in ! UFZ conducted the evaluation under the LC condition
reported in ** and UJI applied the LC condition reported in *° to
evaluate the RTI system. More details about the instrumental and
chromatographic conditions for all the participants are described in
the SI-A 1.3.2. The tg information for the calibrants as well as a list
of compounds as a blind set (for evaluating the external prediction
capability of proposed RTI system) were reported by each labora-

tory.

External validation; External Application and Validation
through Collaborative Trials. Four laboratories evaluated the
proposed RTI system externally47 within the NORMAN network in
addition to the core laboratories. These external laboratories were
the United States Environmental Protection Agency (EPA), the
Swedish University of Agricultural Sciences (SLU),*® the Univer-
sity of Antwerp and the University of California (UC Davis)*’. The
details about the LC conditions can be found in Table S4 (SI-B).
This was done over a four-years-period during various joint collab-
orative trials such as analysis of indoor house dust initiatives *’ and
EPA’s ongoing Non-Targeted Analysis Collaborative Trial
(ENTACT). *°

Uncertainty estimation and modelling. The modelling work-
flow introduced in our previous study’ was applied to predict and
model RTI values. The details about each step of the modelling
workflow can be found in SI 1.4 (SI-A).

There were two layers of uncertainties, one arising from the
QSRR models and one from the calibration curve of RTI versus tg.
Compounds falling within the 99% CI of the experimental RTI ac-
curacy among different LC conditions were considered to be iden-
tical throughout the various LC conditions. Rigorous statistical
comparisons included the student t-test, ANOVA, least significant
difference (LSD)’' and multiple comparison procedures.’>> For
single RTI values between two labs, lower and upper Cls from the
calibration curve were used to perform these tests and thus the dif-
ference between two experimental RTIs measured for a compound
by two labs is significant when

Rl — RTLapa| = ¢ x 52( + ) Ee.3
| lab1 lab2| N-k1-5 m K

where t

« is the critical student t value at N—k degrees of
2

freedom for a significance level set to a. N is the total number of
observations, k is the number of labs and S? is the estimation of
the variance within the labs.

To represent the uncertainty in prediction results via the QSRR
method, leverage, standardized residuals (relative tg error window)
and normalized mean distance were combined into a single 3D bub-
ble plot, the so called OTrAMS.® This is a method based on QSRR
error diagnosis to decrease the chance of false positives in those
cases where several plausible candidates were present for a single
tg/RTI value. For a compound without an experimental tg/RTI
measured, the only way to address the applicability domain of the
QSRR is to use the chemical space boundaries. Therefore, if the
error is the function of chemical space failure, warning leverage
values versus normalized mean distance can be used to define the
applicability domain.”* These two methods (OTrAMS and chemi-
cal space boundaries) were used here during RTI modelling and
applied across the prediction results of RTI in the inter-laboratory
study. The details about OTrAMS and chemical space boundaries
can be found in SI 1.5 (SI-A).

N-k,1—

Suspect and Non-target Screening with the DSFP. In contrast
to retention time prediction, matches between experimental reten-
tion time indices is a valuable indicator for a candidate to be true
positive.” This is done more routinely for GC platforms and only
recently in LC-HRMS.*

The NORMAN Digital Sample Freezing Platform (DSFP) was
used to demonstrate the application of the RTI system in suspect
and non-target screening.”® NORMAN DSFP is a digital archive
for environmental samples that accepts chromatograms as mzML
files accompanied by the appropriate metadata (contributor details,
instrumental settings, matrix-specific metadata and the retention
time of the calibrant substances). The system contains an integrated
workflow for generation of the component list (list of m/z of all
detected compounds) and the experimental RTI of all features, cal-
culated using the experimental retention time of the components
via Eq. 1. A query for the investigation of the occurrence of any
substance in digitally archived LC-HRMS/MS data involves the
match of (i) the accurate mass of the selected adduct and the exper-
imental m/z of the component list, (ii) the plausibility of the reten-
tion time based on the observed and predicted RTI (in case the com-
pound has proven to be inside the applicability domain of the RTI
models), (iii) isotopic fit and (iv) the presence of fragment ions.

LC-HRMS data from two laboratories equipped with LC-
Orbitrap and LC-QTOF (Laboratory A and B, respectively) were
used. The instrumental setup for the laboratories is provided in Ta-
ble S5. The candidate substances were retrieved from PubChem
compound database®’ via MetFrag, once identifications reached the
level of unequivocal molecular formula. MetFrag was used to frag-
ment the candidate structures.”® RTI was predicted for the candi-
date structures and a RTI score was derived using the error between
predicted and experimental RTI values (1000 minus error between
predicted and experimental RTIs divided by 1000 where 1000 is
the RTI range). The sum of the fragmentation score and the RTI
score was used to rank the candidate substances.

RTI platform. All RTI related calculations of suspected com-
pounds were performed using the online tool ‘Development and
Prediction of Retention Time Indices for LC-HRMS’, accessible at
http://rti.chem.uoa.gr/. The tool is provided with a detailed user
guide and describes how to submit suspect lists in the required for-
mat, the procedure for establishment of the calibration curve for
RTI calibrants, the RTI prediction and multiple comparison proce-
dure for the experimental RTIs.

RESULTS AND DISCUSSION

Selection of RTI calibrants. Figure S1 (SI-A) shows the final
overlap that is achieved based on 18 RTI calibrants (18 set of com-
pounds for +ESI and another 18 compounds for -ESI), shown sep-
arately for experimental tg and chemical space. The optimal num-
ber of calibrants was achieved using the lowest residuals derived
between the predicted and experimental RTI and tg for 30 and 15
external compounds as validation set in positive and negative ESI,
respectively. These compounds were selected with the same algo-
rithm as the calibrants, using ACO-SI. The errors observed for
these compounds, after using various number of calibrants, are
shown in Figure S2 (SI-A).

Table 1. Prediction performance of RTI models.

Training Test

R*  RMSE Q% R*  RMSE
RTI for (—ESI):
ACO-MLR 0.835 89.221 0.827 0.801  84.606
ACO-SVM  0.984 27.709 0.813 0.833  75.703
RTI for (+ESI):
ACO-MLR 0.847 89.187 0.846 0.835  92.630
ACO-SVM  0.945 53.605  0.864 0.868  82.642




The lowest distribution of error (between +1) is derived using 18
calibrants (in both +ESI and -ESI). However, a lower error is ob-
served for +ESI due to the larger data set available (1820 vs 303
compounds). The stability test of each individual calibrant in the
prepared mixture is provided in Figure S3 (SI-A). The RTI cali-
brants are stable within 48 hours of consecutive analysis, in the
worst case, a drop in their response factor up to 60% is observed
for some individual calibrants.

Modeling Retention Time Indices. Two models were built, af-
ter calibrating the tg values of large number of emerging contami-
nants to RTI (+ESI) values, using ACO to select the most repre-
sentative molecular descriptors and Support Vector Machine
(ACO-SVM) to non-linearly correlate these molecular descriptors
with RTI. The performance of the models for the proposed RTI
system can be found in Table 1. Both models show high correlation
coefficients and leave one out cross-validation with low root-mean-
square-error (RMSE). The linear models (ACO-Multiple Linear
Regression), however, showed less prediction accuracy than ACO-
SVM. It is important to note that although the compounds detecting
in -ESI mode have often unique chemical structure and may have
distinct and different elution pattern than rest of chemical space,
the models developed here for two ESI modes are irrespective their
detection mode and mainly due to small changes in the LC setting
of -ESI mode.

The main molecular descriptor used in the RTI model (for —ESI)
was logD (pH=6.2) (with a relative importance of 67.7%). LogD
(the pH-dependent partition coefficient of all forms of a compound
(both neutral and ionized) in each of two phases, generally octanol
and water) is a parameterized representation of the hydrophobicity
displayed in chromatography. Further descriptors were the largest
absolute eigenvalue of Burden modified matrix - n4 /weighted by
relative mass (SpMax4_Bhm, which is eigenvalues of a modified
connectivity matrix and can represent the steric effect in the chem-
ical graph) (with an importance of 19.6%), electronic profile of the
molecule relative to molecular size (ETA_BetaP) (with an im-
portance of 4.5%) and the chemical fingerprint of atom paired (C-
S) (with an importance of 8.2%). The linear equation to derive ex-
perimental RTIs from the tg values of calibrants as well as QSRR-
based predicted RTIs in —ESI are formulated below:

Exp. RTI_ggy = 76.90 (iO.lZO)tR(_ESI)

—128.2 (£0.015) Eq.4

Pred.RTI_gsp = + 90.268 (+ 78.778)
+ 68.692 (+ 2.955) 10gD =6
+173.29 (4 20.568) SpMax4gnm
— 264.78 (4 46.864) ETAgerap
—97.937 (+ 14.594) PubchemFP293[C
-] Eq.5

For +ESI, the descriptors used to model the RTI were
LogD(pH=3.6) (with a relative importance of 68.3%), and the
charged partial surface area (THSA)*? with a relative importance of
22.0% (which is sum of solvent accessible surface areas of atoms
with absolute value of partial charges less than 0.2), 3D topological
distance-based autocorrelation lag 5 / weighted by covalent radius
(TDBS5r) with a relative importance of 7.9% and hybridization ratio
(HybRatio) with a relative importance of 1.8%. The linear equation
to derive experimental RTIs from tg values of calibrants as well as
QSRR based predicted RTIs in +ESI are formulated below:

Exp. RTl(ygsp) = 76.38 (£0.012)tg, 5o,y
—99.91 (+0.100) Eq.6

Pred.RTI(,psy = — 57.003 (+ 19.619)
+70.903 (4 1.119) logDpy=36
+159.88 (+ 11.555) HybRatio
+62.219 (+ 10.285) TDBSr
+0.5516 (& 0.0226) THSA Eq.7

The experimental and predicted RTIs for £ESI modes can be
found in Table S1 and S2 (SI-B). Figure S4 A&B (SI-A) show the
results of OTrAMS for the predicted RTI using Eq. 5 and 7. All
the compounds are within the acceptance threshold of +3SR
(Standardized Residuals, box3) and within the chemical space
boundaries (Figure S4 C&D (SI-A)). This helps to identify the po-
tential source of inaccuracies in the prediction of RTI when the er-
ror is the subject of chemical space failure.

Intra-laboratory accuracy of RTI. The tz values observed in
+ESI for RTI calibrants in each LC condition described in SI-A
1.3.1 can be found in Table S6. The internal and external perfor-
mance of the proposed RTI system in +ESI can be found in Table
2. The RTI proposed for +ESI generally has better outcomes in con-
trast to RTI for —ESI. The internal and external accuracy of the pro-
posed RTI system in +ESI is found to be reliable and work well in
a mobile phase composition of MeOH:H,O, performed with any
column type and gradient elution program, with a TPHR of 100%,
as shown in Figure 1A. The result of the multiple comparison pro-
cedure for evaluating the internal accuracy of RTI in +ESI can be
found in Table S7 (SI-B). The proposed RTI system was evaluated
internally at four different LC conditions, changing the mobile
phase composition, gradient elution program and column type. The
retention time values observed for RTI calibrants in -ESI and each
LC condition described in SI-A 1.3.1 can be found in Table S8.
Dinoterb and valproic acid were outside the prediction limits while
building the RTI calibration equation in LC condition 4. LC condi-
tion 4 remained less accurate than the other LC conditions because
ACN:H,0 was used as

Table 2. RTI and tg linear equations for (+ESI) in different LC conditions

LC conditions RTI versus tg equation Standard Error

Internal accuracy External accuracy (n=30)

Intercept: £10.21

LC1 RTI =72.40(tg) — 98.67 Slope: +1.151
- _ Intercept: £20.82
LC2 RTI=59.60(tg) — 66.91 Slope: £2.020
— _ Intercept: £19.04
LC3 RTI=60.02(tg) —47.39 Slope: £1.909
LC4 RTI = 35.62(tg) + 12.29 Intercept: £29.74

Slope: £1.942

R?=0.960, RMSE=46.61,

2_
R=0.996 TPHR = 100%
2
2 R%*=0.930, RMSE=63.78,
R=0.982 TPHR = 100%
2
2 R%*=0.930, RMSE=64.78,
R=0.984 TPHR = 100%
R’=0952 R?=0.779, RMSE=119.59

TPHR = 84.61%

LC1: Atlantis T3 C18; Mobile Phase: H20/MeOH with 5 mM ammonium acetate and 0.01% formic acid; Flow rate: multi-flow-rate gradient; Run time: 15

min

LC2: Acclaim RSLC C18; Mobile Phase: H20/MeOH with 0.1% formic acid; Flow rate: 0.200 mL/min; Run time: 25 min
LC3: Acquity UPLC BEH C18; Mobile Phase: H20/MeOH with 0.1% formic acid; Flow rate: 0.200 mL/min; Run time: 25 min
LC4: Acquity UPLC BEH C18; Mobile Phase: H2O/ACN with 0.1% formic acid; Flow rate: 0.300 mL/min; Run time: 25 min



mobile phase and the LC method was not optimized considering
the gradient time and column particle size after method transfer.
Nevertheless, the use of quality parameters associated with the RTI
calibration curve could be an added value during the quality control
of LC setting for a multi-group ECs LC-MS method. The outcomes
of evaluating the internal and external accuracy for the proposed
RTI system in —ESI can be found in Table 3. The cloud plot of the
experimental RTIs for the —ESI platform is shown in Figure 1B.
The result of multiple comparison procedure for evaluating the in-
ternal accuracy of RTI for the —ESI platform can be found in Table
S9 (SI-B). Overall, the internal and external accuracy of the pro-
posed RTI system in —ESI was found to be reliable and work well
in mobile phase composition of MeOH:H,0O with a TPHR of 100%.
Table S10 (SI-B) shows the results of the student t-test between

main LC condition and the LC 4 condition (as the most diverse LC
setting). The student t-test indicates that two LC conditions are
identical at 99% CIs based on experimental RTI values, whereas
they are significantly different based on tg values. For instance,
CP47.497 gives a tg value of 13.24 min (LC main) and 24.29 min
(LC 4) while the RTI values are steady (RTI value in LC
main=869.18 and LC 4= 868.04). Despite the error observed for
LC4, the harmonization of ty values was achieved for over 30 com-
pounds, indicating the use of this approach in most difficult scenar-
ios. Overall, the proposed RTI system can harmonize the tg infor-
mation throughout different LC conditions in the +ESI mode better
than the -ESI mode. The plot of experimental versus predicted RTI
based on QSRR models for these four LC conditions are presented
in Figure S5 (SI-A).
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Figure 1. The cloud plot of experimental RTIs measured in various LC conditions with their acceptance Cls in (A) +ESI and (B) -ESI

Table 3. RTI and t calibration curve for (—~ESI) under different LC conditions

LC conditions RTI versus tg equation Standard Error

Internal accuracy External accuracy (n=15)

Intercept: £5.800

LCl RTI =73.12 (tz) —121.6 Slope: £0.6835
- B Intercept: +£9.424
LC2 RTI = 79.50 (tz) =30.98 Slope: +1.386
- Intercept: +21.16
LC3 RTI = 58.15 (tg) + 67.66 Slope: +2.698
Lea RTI = 32.42(tg) + 67.00 Intercept: £29.33

Slope: £2.056

R?=0.970, RMSE= 36.26,

2_

R™=0.999 TPHR= 100%
R?=0.953, RMSE=50.14

2_ 5 )

R™=0.995 TPHR= 100 %
2

2 R*=0.932, RMSE=54.74,
R™=0.967 TPHR= 100 %
R?=0.947 R?=0.872, RMSE=110.608,

TPHR= 66.66 %

LC1: Atlantis T3 C18; Mobile Phase: H20/MeOH with 5 mM ammonium acetate; Flow rate: multi-flow-rate gradient; Run time: 15 min
LC2: Acclaim RSLC C18; Mobile Phase: H20/MeOH with 5 mM ammonium acetate; Flow rate: 0.200 mL/min; Run time: 25 min
LC3: XBridge C18; Mobile Phase: H20/MeOH with 5 mM ammonium acetate; Flow rate: 0.200 mL/min; Run time: 25 min

LC4: XBridge C18; Mobile Phase: H20 (with 5 mM ammonium acetate)/ACN; Flow rate: 0.300 mL/min; Run time: 25 min

2 Dinoterb and Valproic acid were outside of the prediction limit



External Accuracy of RTI; Evaluation of RTI proposed in
+ESI. All seven labs showed the internal accuracy for the RTI cal-
ibration curve with R? above 0.95 for +ESI. For the external accu-
racy; TPHR values were above 89% for all the labs and R* was
greater than 0.820. The data from EPA, SLU and UC Davis, which
used completely different elution gradient programs and mobile
phases, showed similar internal and external accuracy results in
contrast to the LC settings used by NKUA, Eawag, UJI and UFZ.
The results from the University of Antwerp, which used a different
stationary phase chemistry (Kinetex Biphenyl core-shell particle
rather than Cg), show that the RTI calibrants still follow the elution
order pattern initially designed for C;g columns. Only small and
negligible deviations (within 99% Cls) were observed for three
non-polar compounds (Tylosin, TCMTB and Rifaximin) in the cal-
ibration curve. The results are shown in Table 4. UFZ and EPA
evaluated the external accuracy with a set of 607 and 443 com-
pounds, respectively. Among these compounds, 100 and 85 com-
pounds were matched to the NKUA +ESI database and TPHR val-
ues were calculated. 93 (for UFZ, TPHR= 93%) and 76 (for EPA,
TPHR= 89%) compounds overlapped and fell inside the RTI ClIs.
Other labs also showed high TPHR values (from 89% to 100%) for
the range of 29-44 compounds. More details about the multiple
comparison process of individual compounds in each lab can be
found in Table S11.

External Accuracy of RTI; Evaluation of RTI proposed in —
ESI. Only five of the labs evaluated the RTI in —ESI mode, as
shown in Table 4. This was partially because during NORMAN
collaborative trials,”’ the screening efforts were allocated mainly to
the evaluation of +ESI mode data, as fewer compounds were ex-
pected to be detected in —ESI. Overall, the internal accuracy in
terms of R? values are above 0.740 in —ESI. The RMSE is also
higher in —ESI mode than +ESI mode. This maximizes the confi-
dence intervals around the RTI calibration curve, with increasing
probabilities for accidental overlap. Although this might cause
some concerns during direct experimental RTI comparison, it could
reflect the LC setting quality and demands for QC evaluation of the

LC setting. For instance, the UC Davis evaluated RTI under two
different LC settings specifically designed for each ESI mode. Un-
der such practice, the mobile phase for -ESI is not fortified with
formic acid in contrast to other labs and the internal accuracy of the
RTI calibration curve is R?=0.948. The fact that the RTI calibrants
in -ESI deviates from linearity when using the common LC setting
for both polarities indicates that distinct groups of chemicals (like
acids, phenols or amines) have different elution patterns due to dif-
ferent speciation under different pH conditions. Therefore, using
the respective LC setting would be the appropriate action to pre-
serve the elution pattern. TPHR values (from 94% to 100%) for a
range of 11-33 compounds are provided for each lab in Table S12.
The evaluation results of the RTI systems in all seven laboratories
are briefly explained in Table S13 (SI-B). This table summarizes
the internal accuracy, external accuracy, application domain for
predicted RTIs and the overlap of the RTI data with NKUA data.
Moreover, the distribution of error is also depicted for each labor-
atory. The error is generally below a value of 180 RTI units (abso-
lute). While this could be a rough threshold for screening work-
flows to adopt in screening workflows, *® the correct RTI uncer-
tainty range can be obtained every time from calibration curve Cls
and QSRR. The pairwise harmonization and overlap of experi-
mental RTI values are also depicted in Table S13. In addition, the
overall harmonization ability of RTI across different LC settings
for matched common compounds is demonstrated in Table S14.
Regardless of the LC conditions used by each laboratory, the RTI
value for each compound are not significantly different, while the
tg values are significantly different. For instance, the University of
Antwerp reported experimental retention time of 21.51 min for tri-
phenyl phosphate whereas other labs reported experimental reten-
tion time ranging from 11.00 to 14.00 mins. However, the experi-
mental RTI values are harmonized between 658 and 808 which are
within the uncertainty of RTI units and matching to the predicted
RTI value (predicted RTI= 741). More examples of harmonization
are provided in Table S14 (SI-B).

Table 4. RTI and tg calibration curve for (+ESI) reported by different laboratories

Labs RTI versus tg equation Standard Error Internal External accuracy
accuracy

For +ESI:
Lab01 RTI=62.17 (ty) —23.53  Intercept: £31.30; Slope: £3.535 R’=0.960 R’=0.846, RMSE=105.8193, TPHR=93.00% (n=100)
Lab02  RTI=60.03 (t) + 18.00  Intercept: +£27.27; Slope: £3.068 R?=0.967 R?=0.884, RMSE=90.4343, TPHR=97.14% (n=35)
Lab03 RTI=63.34 (ty) — 18.72  Intercept: £13.12; Slope: £1.408  R’=0.993 R’=0.876, RMSE=81.8010, TPHR=96.67% (n=30)
Lab04  RTI=66.35 (tg) — 10.65  Intercept: +26.70; Slope: £3.130  R*=0.966 R?=0.831, RMSE=104.64, TPHR= 89.41% (n=85)
Lab05 RTI=63.10 (ty) — 1.460  Intercept: £16.94; Slope: £1.850 R?=0.990 R?=0.879, RMSE=60.79, TPHR= 100% (n=44)
Lab06  RTI=3821 (tg)— 13.25 Intercept: £33.85; Slope: £2.226 R?=0.952 R?=0.821, RMSE=79.87, TPHR= 100% (n=2)
Lab07 RTI = 6434 (ty) —87.53  Intercept: £42.35; Slope: £4.340  R’=0.944 R’=0.862, RMSE=77.72, TPHR= 100% (n=29)

For —ESI:
Lab01 RTI=5428 (t;) —60.61  Intercept: £85.95; Slope: £8.691  R?=0.736 R’=0.710, RMSE=122.405, TPHR= 100 % (n=33)
Lab02 RTI=36.95 (ty) —65.01  Intercept: £86.26; Slope: £5.761  R?=0.760 R?=0.681, RMSE=146.358, TPHR=100 % (n=11)
Lab03 RTI=62.98 (ty) — 124.4  Intercept: £63.13; Slope: £6.310 R?=0.877 R?=0.687, RMSE=123.628, TPHR= 94.12 % (n=17)
Lab04  RTI=65.74 (tg) — 86.49  Intercept: £74.65; Slope: £7.900 R?=0.863 R?=0.862, RMSE=115.690, TPHR= 100% (n=24)
Lab07 RTI=58.07 (tx) —99.31  Intercept: £38.04; Slope: £3.770  R?=0.948 R?=0.882, RMSE=76.0654, TPHR= 100% (n=19)

Lab01: Department Effect-Directed Analysis, Helmholtz-Centre for Environmental Research ~UFZ
Lab02: Swiss Federal Institute for Aquatic Science and Technology (Eawag)
Lab03: Research Institute for Pesticides and Water, University Jaume I (UJI)
Lab04: United States Environmental Protection Agency (EPA)
Lab05: Swedish University of Agricultural Sciences (SLU)

Lab06: University of Antwerp

Lab07: University of California (UC Davis)



Application of RTI in Suspect and Non-target Screening. The
RTI system has undergone rigorous testing within DSFP and is be-
ing used routinely for the reduction of false positive results and to
support suspect screening. As illustrated in Figure S6 (SI-A), the
applicability of the system in suspect screening relies on the fact
that it allows searching for a suspected compound in a specific
chromatographic region, where the compound is expected to elute.
As proof-of-concept example presented in Figure S6 (SI-A), ibu-
profen is retrospectively searched in the data of laboratory A. The
extracted ion chromatogram (EIC) of the [M+H]" adduct (m/z
207.1378 £ 0.002) resulted in four peaks with retention times 9.09,
9.79, 12.21 and 14.02 min. The predicted RTI was estimated to be
718, which is translated to a retention time of 13.34 min for the
laboratory A based on Eq. 1. Therefore, the closest peak (12.21
min) was recognized to be ibuprofen, which was later verified by
HRMS/MS library spectrum match. The peaks eluting at the reten-
tion times of 9.09, 9.79 and 14.02 min corresponded to molecules
with unequivocal molecular formula C3H,30,. However, it was
not possible to propose further tentative structures at the time be-
cause of the high number of candidate substances retrieved from
PubChem. In such cases, extrapolation to tentatively identified
molecules is extremely challenging, despite the exclusion of non-
plausible structures based on the RTI prediction. Continuing com-
munity developments including the development of smaller, rele-
vant databases such as the CompTox Chemicals Dashboard® and
PubChemLite ® will further help reduce the number of candidates
(e.g. 350 and 83 candidates respectively for this formula, compared
with 9608 candidates from PubChem; all numbers calculated via
MetFrag accessed on 16-12-2020).

Moreover, the use of the proposed RTI systems has been demon-
strated in non-target screening identification workflows and espe-
cially in ranking candidate compounds. An indicative example is
given in Figure S7 (SI-A), in which an unknown compound was
detected at retention time 15.69 min in data of Laboratory B. The
peak provided a characteristic isotopic pattern indicative of the
presence of a chlorinated atom in its molecular formula. The une-
quivocal molecular formula (C;4H,,CINO,) was obtained based on
the mass accuracy and the necessity to have at least one chlorine in
the molecular formula. The HRMS/MS spectrum yielded four frag-
ment peaks (Figure S7 (SI-A)). 249 candidates were able to ex-
plain the four HRMS/MS fragments based on MetFrag analysis,
and the RTI score provided additional information in ranking the
candidate structures. The top ten ranked compounds are presented
in Table S15 (SI-B). Four out of the top ten ranked compounds
were positional isomers. Finally, the compound was identified at
level 2A (pethoxamid, after matching with reference spectra in
MassBank (AU253506), spectrum similarity score of 0.989 (dot
product)), which was ranked eighth among the top ten candidates.
Many similar examples have demonstrated the utility of the pro-
posed RTI approach in the context of the dust collaborative trial
(DCT) organized by the NORMAN Association.”” In the DCT, 12
out of 21 participants, analyzing the dust samples with LC-HRMS,
utilized the RTI system. Through the RTI system, some compounds
such as diethylene glycol and morphine proved to be false positives
and were excluded from the results.* Some RTI calibrants are not
detected under some LC conditions (such as coumaphos and buto-
carboxim which show a low ionization efficiency), m/z range set-
tings (for instance amitrole m/z 85.05089 will not be detected if
MS operates between m/z 100-1000 Da) or LC condition and void
time (e.g., very polar compound such as guanylurea). Since the
overlap between RTI calibrants and the chemical space of ECs is
high, there are compounds in the calibrants list to compensate the
missing ones and establish calibration curve. The proposed RTI

system is now used by members of the NORMAN Association in
various activities related to suspect and non-target screening.®*

Several tg prediction approaches have recently been evaluated
by Chaker et al.,” including PredRet,'® Retip,'® the present work
and a generic logP model with the aim to incorporate these into
suspect screening and aid identification. Although the RTI was de-
veloped for environmental analysis, in Chaker et al.,'* the utility of
RTI was independently tested in metabolomics. RMSE values were
reported to be 11.5, 12.6 and 13.7% of run time for the RTI models,
Retip and logP model, respectively. This suggests a more precise
prediction of tg values using the RTI model (R*=0.767 for xenobi-
otics (n=99)), than Retip, and the log P model. The PredRet ap-
proach could not be followed, as the number of common com-
pounds required to establish a projection model was insufficient.

The RTI predictions were so far calculated for >65,000 sub-
stances and their transformation products listed in the NORMAN
Substance Database,* using an online tool accessible at
http://rti.chem.uoa.gr/. It is expected that this number will continue
to increase rapidly. In the future, incorporation of the RTI system
in routine analysis could promote the creation of experimental RTI
database based on available reference standards, such as is already
established for GC. This would provide even higher confidence for
feature annotation and compound identification in LC-HRMS. The
RTI system, initially tested within the NORMAN network, is now-
adays being used by a wide scientific community for suspect and
non-target screening of environmental samples involving analysis
of surface, sea, ground, waste or drinking water, sediments, biota
and indoor dust samples.

CONCLUSIONS

In this work, a new approach was proposed to harmonize retention
times (tg) obtained for the same compounds under various liquid
chromatographic (LC) conditions. The harmonization of tg is based
on the calibration of LC methods via 18 calibrants into predefined
retention time indices (RTI: 1-1000). These calibrants were se-
lected from a total set of 2123 compounds (303 and 1820 com-
pounds for -ESI and +ESI, respectively) using ant colony optimi-
zation similarity indices. This method was trained to identify the
potential subsets of compounds in a way that their selection in-
creases the overlap of the normal distribution of calibrants and rest
of chemical space. It dynamically assessed the overlap of normal
distribution of various combinations of compounds (calibrants)
with the rest of the compounds (>2080). Intra- and inter-laboratory
trials rigorously evaluated the harmonization ability of tg in both
+ESI modes. Quality assurance of the proposed RTI system was
assisted by checking the cloud plot, multiple comparison procedure
and confidence intervals for the calibrants. The main use of the RTI
predictions via QSRR models is to reduce potential false positives
resulting from suspect and non-target screening workflows. It has
been demonstrated that the RTI predictions are LC system inde-
pendent and can be applied under any LC condition, showing high
internal accuracy and an acceptable degree of linearity for calibra-
tion curve. The uncertainty of correctly harmonizing the tg values
was found to be lower for +ESI than -ESI. This was partially due
to lack of optimal LC settings for compounds that are being de-
tected in -ESI. The applicability of this study might be limited if
there is a poor linearity observed for the calibrants under the testing
LC setting. In addition, the models are restricted to predict the com-
pounds that fall inside the applicability domain and the predicted
RTI values should be used with caution.
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SI-A: Appendix A, contains a document discussing the description
of LC conditions used in this work as well as the development and
validation of all the QSRR models. SI-B: Appendix B contains a
MS Excel file. The compounds with their corresponding RTI val-
ues and some additional information about the internal and external
evaluations of RTI system are presented.
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