Charged Aerosol Detector Performance Evaluation and
Development of Optimization Strategies for the Analysis of

Amino Acids

Dissertation zur Erlangung des naturwissenschaftlichen Doktorgrades der

Julius-Maximilians-Universitat Wirzburg

vorgelegt von

Ruben Pawellek

aus Marktheidenfeld

Wurzburg 2021






Charged Aerosol Detector Performance Evaluation and
Development of Optimization Strategies for the Analysis of

Amino Acids

Dissertation zur Erlangung des naturwissenschaftlichen Doktorgrades der

Julius-Maximilians-Universitat Wirzburg

vorgelegt von

Ruben Pawellek

aus Marktheidenfeld

Wurzburg 2021



Eingereicht bei der Fakultat fir Chemie und Pharmazie am

Gutachter der Dissertation

1. Gutachter:

2. Gutachter:

Prifer des 6ffentlichen Promotionskolloquiums

1. Prifer:

2. Prufer:

3. Prufer:

Tag des offentlichen Promotionskolloquiums

Doktorurkunde ausgehandigt am




"A certain type of perfection can only be realized through a limitless

accumulation of the imperfect."

Haruki Murakami, Kafka On The Shore.

Meiner Familie



Danksagung

Die vorliegende Arbeit entstand am Institut fir Pharmazie und Lebensmittelchemie der Julius-

Maximilians-Universitat Wirzburg auf Anregung und unter Anleitung von
Frau Prof. Dr. Ulrike Holzgrabe

Ich méchte mich an dieser Stelle fir die freundliche Aufnahme in den Arbeitskreis, das in mich
gesetzte Vertrauen, die Unterstiitzung in allen Phasen der Promotion und die Méglichkeit zum

selbststandigen und eigenverantwortlichen Verfassen der Dissertation bedanken.

Herzlichen Dank auch an alle Kolleginnen und Kollegen des AK Holzgrabe fur ihre

Hilfsbereitschaft und die angenehme Zeit auf und neben der Arbeit:

Adrian, Alex, Anja, Antonio, Christiane, Christine E., Christine H., Cristian, Curd, Daniela,
Emilie, Flo, Jens, Jonas U., Jonas W., Joseph, Joshi, Klaus, Laura, Lina, Liling, Lu, Lukas,
Markus, Mohamed, Nelson, Niclas, Nic, Nina, Patrick, Paul, Rasmus, Sebastian, Sylvia,

Theresa, sowie auch Frau Ebner, Frau Méhler und Frau Weidinger.

Weiterer Dank gilt den Kooperationspartnern von Thermo Fisher Scientific fur die stets

unkomplizierte und produktive Zusammenarbeit:

Dr. Paul Gamache, Dr. Frank Steiner, Dr. Tibor Mullner, Dr. Katherine Lovejoy, Dr. Benjamin

Eggart, Dr. Susanne Fabel und Sylvia Grosse.
Ich danke Prof. Dr. Oliver Scherf-Clavel fur seine Hilfe bei analytischen Fragestellungen.

Danke auch an die Assistenten des 1. und 2. Semesters fir die unterhaltsame und

reibungslose Praktikumsbetreuung.

“Hvala” an die serbischen Kolleginnen Jovana, Nevena und Ana fir die erfolgreiche

Kooperation.

Danke Max fur den gemeinsamen Weg vom Studium bis zur Promotion.









TABLE OF CONTENTS I

Table of contents

LIST OF ABBREVIATIONS.........coc oottt ssssss s s ssss s s s smmnnn s e ]|
1. INTRODUCTION ......cuiiiiiiiiiiissssrrr s sssssns s e s s ssmn s n e e s s s s s s s mmmnn e e e e e s s n s nnnnnnnnnns 1
1.1. Charged aerosol detection ...........coooriiiiiiiiii i 2
1.2. Performance characteristics of the CAD...........ccooiiiiiiiiiiiiiiiccrrecreeeeree e 3
I T U T o] 4 1 1 3T N 3
I =Y =3 11 Y7 3 5
1.2.3. LiN@aArity....cciiiiiiieiiiei i 7
1.3. Liquid chromatography techniques for the separation of small polar

L0 301 o o T U1 s Lo £= 8
R e O | = SR 9
R 7 1 1 O 10
R O o | |0 11
1.4. Hyphenated detection techniques with CAD ............ccoorrrirriie e 12
1.5. Challenges in the analysis of amino acids and related compounds................... 13
T (Y = =1 o o - 14
2. AIM OF THE THESIS. ... ssnssssssss s sssssss s s s sssss s s s s s sssssssnnnns 27
B R £ = U IR 29

3.1. Influence of Charged Aerosol Detector instrument settings on the
ultra-high-performance liquid chromatography analysis of
fatty acids in polysorbate 80 ..........ccccceiiiiiiiiiii e ——— 29

3.2. Charged Aerosol Detector response modeling for fatty acids
based on experimental settings and molecular features:
a machine learning approach............ccciiir e e 51

3.3.  Power function setting in charged aerosol detection for the
linearization of detector response — optimization strategies
and their application ...........ooo oo 77

3.4. Performance evaluation of IPC and HILIC coupled to charged aerosol
detection for the analysis of underivatized amino acids...........coocevimmmiemmimeenennneees 98

3.5. Influence of the mobile phase composition on hyphenated
ultraviolet and charged aerosol detection for the impurity profiling
Of VIgabatrin ... ———— 128

3.6. Impurity profiling of L-aspartic acid and glycine using
high-performance liquid chromatography coupled with

charged aerosol and ultraviolet detection ...........cccccviiiiiiiiiiiiine 148
4. FINAL DISCUSSION.. ...ttt is st s s ress s s rre s s s s em s s e s mm s s e e mmss s e e mnssssremnssnsrnnn 171
41. Performance evaluation of the CAD ... e 171
4.1.1. UNiformity ..o ——————— 171
4.1.2. SeNSIHtIVItY ..o ————————— 172
g . R [ 1 4T 1 174
4.2. Influence of IPC, MMC, and HILIC on the CAD performance.........ccccccccccccceerennns 175

4.3. Hyphenated UV-CAD ........ccccoiiiiiiiieenrrr s ssssssssssss s s s ssssssssssss s s 177



Il TABLE OF CONTENTS

4.4. Charged aerosol detection in pharmaceutical analysis ...........cccceevveeviieeieeenenn, 177
T 3 N 07 o Y 1o 11T oY o 179
4.6. REFEreNCEeS ......eeeeiiiiiiicccrr e —————— 180
5. SUMMARY ......ciiiiiiiiriiiser s sssss e s ssssne s s s s s ns e s s s s s mn e s s s s smn e s s s s sann e e sasssnneeeassnnnnsssssnnnnnsns 182
6. ZUSAMMENFASSUNG .......coooiicireiriscnrr e ssssnrs e s s s s s s s ssse e s s s ssne e s ssssnnn e s ssssnnnesssssnnnensnns 185
A N o o =1\ 188
7.1.  List of publications............rrrrrrr 188
7.2. Conference contributions..........ccccciiiiiiiiiiiirir e 189

7.3. Documentation of auUthOrship ... 189



LIST OF ABBREVIATIONS

List of abbreviations

AAA
ACN
Ala
ANN
API
Asn
Asp
BCAA
CAD
CCD
CE
CNLSD
Cys
DoE
EDQM
ELSD
EtOH
FA
FAME
FFD
FIA
FID
GBT
GC
Glu
Gly

GMP

amino acid analyzer

acetonitrile

L-alanine

artificial neural network

active pharmaceutical ingredient
L-asparagine

L-aspartic acid

branched-chain amino acid

charged aerosol detector

central composite design

capillary electrophoresis
condensation nucleation light scattering detector
L-cysteine

design of experiments

European Directorate for the Quality of Medicines & HealthCare
evaporative light scattering detector
ethanol

formic acid

fatty acid methyl ester

fractional factorial design

flow injection analysis

flame ionization detector

gradient boosted trees

gas chromatography

L-glutamic acid

glycine

good manufacturing practice



v LIST OF ABBREVIATIONS

HFBA heptafluorobutyric acid

HILIC hydrophilic interaction chromatography

HPLC high performance liquid chromatography

ICH International Conference on Harmonisation of Technical Requirements for

Registration of Pharmaceuticals for Human Use

ID internal diameter

IEX/IEC ion exchange

lle L-isoleucine

IPC ion pair chromatography
Leu L-leucine

LOD limit of detection

LOQ limit of quantitation

MeOH methanol

Met L-methionine

MLA machine learning algorithm
MMC mixed-mode chromatography
MS mass spectrometry

MTBE tert-butyl methyl ether

MW molecular weight

NFPA nonafluoropentanoic acid
NP normal phase

PEG polyethylene glycol

PFCA perfluorinated carboxylic acid
PFPA pentafluoropropionic acid
PFV power function value

Ph. Eur. European Pharmacopoeia
Phe L-phenylalanine

Pro L-proline

QSPR quantitative structure-property relationship



LIST OF ABBREVIATIONS

R? coefficient of determination
REML restricted maximum likelihood analysis
RI refractive index

RMSE root mean squared error

RP reversed-phase

RPC reversed-phase chromatography
RSD relative standard deviation

RSM response surface methodology
S/IN signal-to-noise ratio

Sar sarcosine

SCX strong cation exchange

Ser L-serine

SMD Sauter mean diameter

R-Ala beta-alanine

TDFHA tridecafluoroheptanoic acid

TFA trifluoroacetic acid

Tyr L-tyrosine

UHPLC ultra high performance liquid chromatography
USP United States Pharmacopoeia
uv ultraviolet

UVNVIS ultraviolet/visible

Val L-valine






INTRODUCTION 1

1. Introduction

Pharmaceutical analysis is of utmost importance for the quality control in the pharmaceutical
industry, since it comprises the qualitative and quantitative assessment of drug substances
and drug products [1]. Among the analytical techniques available, high performance liquid
chromatography (HPLC) [2, 3] stands out due to its high efficiency and robustness. Thus,
HPLC is predominantly employed for the impurity analysis of drugs in the regulated
environment [2, 4], e.g. pharmacopoeial procedures. The vast majority of the compendial
methods in the European Pharmacopoeia (Ph. Eur.) [5] and the United States Pharmacopoeia
(USP) [6] utilize HPLC coupled to a UV/VIS detector for the detection and quantitation of the
impurities in active pharmaceutical ingredients (APIs). HPLC-UV is well suited for routine
analysis purposes [7, 8] considering its broad linear range, the adequate sensitivity, and the
convenient handling. However, the detection technique may suffer from poor sensitivity toward
analytes without a decent chromophore. In addition, the sensitivity is highly dependent on the
physico-chemical properties of the analyte, e.g. the respective molar extinction coefficient
[9, 10].

Techniques with a more universal detection scope may offer a solution to the limitations of
UV/VIS as their response is almost independent of the analyte properties and roughly uniform
at constant experimental conditions, though they all have their own specific drawbacks [8].
Besides the refractive index (RI) detector [11] and the mass spectrometer (MS) [12], the
aerosol-based evaporative light scattering (ELS) [13] and condensation nucleation light
scattering (CNLS) [14] detectors provide a quasi-universal response for nonvolatile analytes.
The most recent representative of the aerosol-based detectors is the charged aerosol detector
(CAD) [15, 16]. The older CAD models, however, suffer from less sensitivity and a limited
linearity. The current models can, to some extent, provide an improvement in case of proper
adjustment of the instrumental settings. Moreover, the hyphenation of UV-CAD techniques
further extends the detection scope which enables the analysis of challenging impurity profiles

in one single chromatographic run.

The aim of this thesis is to evaluate the performance characteristics of the latest CAD model.
Based on the obtained results, optimization strategies were developed which can serve as
basis for the development of sensitive, robust, and straightforward methods for the impurity
analysis of challenging amino acids and their derivatives for an intended compendial

application.



2 INTRODUCTION

1.1. Charged aerosol detection

Charged aerosol detection is a universal detection technique for quantitative analysis
employed in liquid chromatography [17]. Since its commercial introduction in 2005 [18], the
technology and instrumentation has evolved resulting in the implementation of a heated
evaporation tube and a power function algorithm for signal linearization. The detection process

is depicted in Fig. 1.

In brief, the solute containing column effluent is nebulized by a nitrogen stream to form a
primary aerosol (1). The aerosol then passes an impactor, where droplets above a specific deut
are directed to the waste upon impaction, while the remaining droplets form the secondary
aerosol, which enters an evaporation tube (2). The aerosol droplets are spray-dried to form a
residue consisting of the nonvolatile analyte and mobile phase impurity particles (3). A
separate nitrogen stream is ionized by corona discharge and collides with the opposing stream
of residue particles in a mixing chamber, thereby transferring positive charge to the latter (4).
Subsequent to the removal of excess charge by an ion trap, the particles charge is measured

by a sensitive electrometer (5).
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Figure 1. Detection scheme of the Vanquish CAD. Modified with permission from [19].

CAD has been employed to solve analytical challenges in various application areas, e.g. the
quality control of drugs [20], the analysis of lipids [21] and carbohydrates [22], and the
assessment of natural products [23]. A comprehensive overview of the CAD applications areas
is provided in Ref. [17].
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1.2. Performance characteristics of the CAD
1.2.1. Uniformity

Uniformity refers to a steady response/amount relationship for different analytes in the
following context. Consequently, the signal of a detector with truly uniform response would be
independent of the chemical structure or physicochemical properties of an analyte [24].
Uniform response is highly desirable for impurity profiling applications when the impurities are
quantified relative to a single calibrator or when unknown impurities are to be determined
[17, 25]. The response uniformity of the common aerosol-based detectors, which are often
referred to as mass-dependent detectors [26, 27], is mainly affected by solvent gradients,
analyte volatility and salt formation, analyte density, and the particle material of the
residue [17].

The processes leading to the formation of residue particles are basically the same for all
evaporative aerosol-based detectors [28, 29]. The initial diameter of a spherical droplet in the
primary aerosol after nebulization (Sauter mean diameter, SMD) is described by the

Nukiyama-Tanasawa [17, 30] equation:

585405 n 1045 o\"°

where o is the surface tension, p is the density, and n the dynamic viscosity of the effluent.
The liquid flow rate of the effluent is represented by Q; whereas the gas flow rate is Qg. The
axial liquid and gas velocities, viand v, are defined by the respective flow rates and the
nebulizer specifications. Since droplets above a specific de,t are removed to the waste upon
impaction of the primary aerosol, it follows that the effluent composition is crucial for the
formation of analyte particles and thus response. Organic solvents such as acetonitrile exhibit
lower viscosities and surface tensions compared to aqueous solvent, consequently they
produce droplets of smaller size according to Eq. 1. Moreover, highly organic droplets are more
susceptible to pre-impactor evaporation, which is also beneficial for the aerosol transport as
droplets above dq.t are not removed by impaction when their size is previously reduced [17].
Due to the more efficient nebulization and aerosol transport processes for organic solvents, a
higher proportion of the analyte enters the evaporation tube leading to an increased response,

e.g. when an aqueous-organic gradient is applied.
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The relationship between the diameter d, of a dried residue particle and the analyte

concentration C is nonlinear according to Eq. Il [29, 31]:

c\3
d, = dg <—> Eq. (Il)
Pp

where dyis the diameter of the initial primary aerosol droplet and p,is the density of the analyte.
It should be mentioned that both C and p, may include nonvolatile impurities, which also
contribute to the dried particle size [29]. The nonlinear relationship evident from Eq. Il directly
affects the aerosol-based detectors performance as will be further discussed in paragraph
1.2.3. From Eq. 2 it follows that the size of the dried particle and, thus, the response is also

dependent on the density of the analyte [32, 33].

The decisive step in the detection process, which differs among the aerosol-based detectors
and results in a more uniform CAD response, is the measurement of the dried particles.
Charging of the dried aerosol particles by unipolar diffusion processes is almost independent
on the residue particle material, e.g. the analyte properties [17, 18, 27, 34, 35], while the light
scattering detection mechanisms of the ELSD [13, 36, 37] and the CNLSD [38] are more
influenced by specific analyte characteristics, e.g. the refractive index. Consequently, a
superior uniformity of response of the CAD has been demonstrated in numerous studies
[39- 46] (Fig. 2).

CAD response to 0.5 pg by flow injection
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Figure 2. Uniform CAD response obtained by flow injection analysis for diverse nonvolatile compounds.

Reprinted with permission from [24].
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In general, the volatility of an analyte is the most influential characteristic toward the CAD
responsiveness [18, 27]. Although the volatility of a compound can be estimated by its vapor
pressure or boiling point, there are no distinct boundaries between nonvolatile and semivolatile
compounds; therefore, the classification requires experimental verification. While the salt
formation of mobile phase additives with ionized nonvolatile analytes can negatively affect the
response uniformity due to an increased response of the latter [47], the same effect improves
the sensitivity for semivolatile analytes [48]. Low molecular mass mobile phase additives

produce a more uniform response compared to higher mass additives [47, 49].

Several approaches exist to address a nonuniform CAD response. The most common
approach to obtain a uniform response in gradient elution mode is the application of a gradient
compensation technique [27, 50-54]. A second pump delivers an inverse gradient to the
separation gradient resulting in a constant mobile phase composition, which significantly
improves the uniformity of response. Different approaches aimed at establishing a CAD
response model accounting for experimental variables and molecular properties of the
analytes in order to predict the CAD response for varying conditions. Hutchinson et al. [34]
constructed a three-dimensional model relating the CAD response to the analyte concentration
and the mobile phase composition. The model allows, with some limitations, the quantitation
of unknown nonvolatile analytes without using calibration standards. Robinson et al. [33]
correlated the estimated relative surface area of the dried analyte particles to the CAD
response instead of the injected mass, thereby improving the error of quantification for 50
compounds with varying properties. The suggested surface area dependent response of the
CAD is in accordance with the detection principle of the CAD [20] and further supported by
incorporation of a molecular descriptor into a QSPR model [55], which could adequately
predict the CAD response of aminoglycoside antibiotics and sugars. A comprehensive QSPR
model relating the CAD response to the molecular descriptors of diverse compound classes
would be highly desirable. Machine learning algorithms are beneficial tools for the
establishment of these rather complex models and are likely to be employed more frequently

in the future.
1.2.2. Sensitivity

The comparison of the aerosol-based detectors sensitivity has been the subject to numerous
studies. In most cases, the CAD provided lower sensitivity limits than the ELSD [25, 39, 41,
42, 56-59]. Few studies compared the CAD’s sensitivity to the CNLSD, with divergent results
[28, 29, 48, 60, 61]. However, the comparison studies were performed with the legacy cross-
flow design CAD models providing lower sensitivity compared to the recent concentric design
models [17].
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As it is the case for all universal detectors, the mobile phase composition is a crucial factor for
the sensitivity of a method. Besides the aforementioned response dependency on aqueous-
organic gradients, the purity of the mobile phase is a highly contributing factor toward sensitivity
[17, 62-64], e.g. the concentration of present nonvolatile and semivolatile impurities. This also
includes the applied mobile phase additives [26, 65], which need to be sufficiently volatile and

of high purity.

With the Corona Veo charged aerosol detector model introduced in 2015, the temperature of
the evaporation tube can be adjusted. The evaporation temperature setting has a direct impact
on the response of the analyte as well on the background noise of the CAD (Fig. 3). The optimal
evaporation temperature is obtained for the best compromise of both, which depends on the
analyte’s volatility and on the nature and concentration of the present mobile phase impurities.
Thus, the optimal setting requires experimental verification because the response of the
analytes is not always predictable solely based on their physicochemical properties [17, 33].
Figures 3a. and 3b. illustrate the influence of the evaporation temperature on the CAD

performance for two general cases.

4.00 4 35 OC

CAD response [pA]
o
8

T T T T T T - T T )
0.0 2.0 4.0 6.0 8.0 10.0 12.0 14.0 16.0 18.0 20.0
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Figure 3a. Influence of an elevated evaporation temperature (70 °C) on the response of nonvolatile

analytes and on the the background noise.
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Figure 3b. Influence of a low evaporation temperature (30 °C) on the response of a semivolatile

analyte.
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A good practice is to choose the lowest evaporation temperature possible that still produces
the required sensitivity [17], since a more uniform response is obtained here in most cases. In
contrast, many compound classes behave as semivolatiles at elevated evaporation
temperatures [47]. However, polar nonvolatile analytes often produce a constant response
even at elevated temperatures, thus their signal-to-noise ratio (S/N) can be improved by

increasing the evaporation temperature.
1.2.3. Linearity

Due to its principle of detection, the CAD’s response is inherently nonlinear, analogously to the
other aerosol-based detectors. Two processes are predominantly contributing to the observed
nonlinear response [17]. As described previously, the concentration of the nonvolatile residue
after evaporation is proportional to the cubic root of the dried particle diameter (Eq. Il). The
second process with a substantial impact on the shape of the response curve is the charging
of the dried residue particles. The mean charge per particle transferred by unipolar diffusion
processes depends on the particle diameter d [16, 66-68] and is proportional to d''33 for

d>9 nm, while the exponent is d225 for d<9 nm.
The shape of the response curve can be described by Eq. Il [17]:
A = a(my,;)? Eq. (Il

where A is the peak area, a is sensitivity coefficient, mj,; the injected mass, and b a power law
exponent derived from the two subprocesses described above. The a and b variables depend
on the analyte properties and the experimental conditions. For b=1, a linear response is
observed, whereas b>1 indicates supralinear response and b<1 sublinear response,
respectively. It should be noted that the CAD response is often quasi-linear over concentration
ranges up to two orders of magnitude [69-74], while a nonlinear response is observed for
broader concentration ranges. Compared to the ELSD, the CAD’s power law exponent b
deviates less from 1 due to the higher influence of the light scattering mechanisms (mean
charge per particle proportional to ~d?-d®) involved in the particle measurement of the ELSD
[13, 75].

A common linearization approach [34, 39, 76, 77] is the double-logarithmic transformation of

Eq. lll resulting in Eq. IV:
log(A) = b x log(my,;) + log(a) Eq. (IV)

where the power law b becomes the slope of the response curve and the coefficient a becomes
the y-intercept. The double logarithmic transformation and other mathematical fitting options
share one drawback. They require the subsequent manipulation of original calibration data

which can be an issue in GMP regulated environment [78].
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A relatively new linearization approach makes use of the built-in power function value (PFV)
setting of the recent CAD models [79]. The PFV is basically a correction factor to the power
law exponent b of Eq. lll [17], which directly alters the signal output of the CAD to improve the
detector’s linearity in the desired range. Since this approach does not require a subsequent
manipulation of data, it is of relevance for the regulated environment. Consequently, an
increasing number of publications relies on the PFV optimization [44, 51, 52, 78, 80-84] to
compensate the nonlinear CAD response.

L)
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Figure 4. A nonlinear response of an analyte as indicated by the trend in the residual plot can be
linearized either applying a double logarithmic transformation or a PFV of 1.25.

1.3. Liquid chromatography techniques for the separation of small

polar compounds

High-performance liquid chromatography using a reversed-phase column (RP-HPLC) is a
robust and powerful separation technique for a wide variety of compound types [85]. However,
the technique only weakly retains small hydrophilic compounds in most cases [86].
Additionally, numerous small polar compounds, e.g. amino acids and sugars, do not possess
a suitable chromophore for the routinely applied UV detection. Pre-column [87-89] and post-
column [90-92] derivatization techniques can help to overcome the separation issues and
improve the detectability of weakly-chromophoric compounds by introduction of an UV- or
fluorescence responsive group, however, they share several drawbacks such as unwanted
side products of the derivatization reaction [93] and blindness to compounds without
derivatizable group.
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lon pair chromatography (IPC), mixed-mode chromatography (MMC), and hydrophilic
interaction chromatography (HILIC) represent more straightforward alternatives to the
derivatization methods and will be described in more detail in the following also regarding their
impact on the CAD performance. It should be mentioned that they usually comprise vastly
different proportions of organic modifier and mobile phase additives, especially for IPC.
Characteristic parameters of the separation techniques and their assumed influence on the

CAD performance are illustrated in Table 1.

Table 1. IPC, MMC, and HILIC characteristics and their assumed impact on the CAD response (+) and

background current (*).

Characteristic  Parameter IPC MMC HILIC
mobile phase  organic lowP low-high high
composition?  percentage (+) (+—+++) (+++)
mobile volatile ion-pairing volatile buffers/ pH volatile buffers/ pH
phase reagents modifiers modifiers
additives (***) () ()
stationary column RP columns, e.g. bimodal/trimodal polar columns, e.g.
phase material C18 functionalized silica-based
columns, e.g. amino/amide/diol
RP/IEX columns
column low low-high high
bleed (*) (*_***) (***)
MS low high high
compatibility
sample aqueous/organic aqueous/organic = 50% organic
solvent

selected CAD

applications

amino acid
analysis [69, 94,
95], gentamicin
[96], streptomycin
[97]

carbocisteine [98],
aspartate [77],
methionine and

arginine [99]

amino acid analysis
[100, 101],
glucosamine [73],
apramycin [57],
gabapentin [102]

2When used with CAD.

b With respect to the other separation techniques.

1.3.1. IPC

In IPC, the retention of ionized compounds on RP columns is increased by using ion-pairing
reagents of opposite charge to form ion pairs. The structure of an ion-pairing reagent contains
a lipophilic group, which interacts with the stationary phase and an ionizable moiety for the
interaction with the analyte. Since multiple mechanisms contribute to the observed retention,
the discussed theoretical retention models tend to be rather sophisticated [103, 104]. Key
aspects of simplified models include the dynamic modification of the surface of the RP column
by adsorption of the ion-pairing reagent, thereby creating ion exchange sites, the formation of

neutral ion pairs able to partition into the hydrophobic stationary phase, and a combination of
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both mechanisms [103]. IPC comes along with some drawbacks. RP columns used with ion-
pairing reagents should be dedicated to IPC applications due to the potential irreversible
adsorption of the applied reagent. Further consequences of the adsorption mechanism are the
relatively slow column equilibration [105, 106] and the time-consuming re-equilibration in
methods with gradient elution. Perfluorinated carboxylic acids (PFCAs), which are widely
employed as ion-pairing reagents, are environmentally persistent [107] and potentially
toxic [108].

The preferred mobile phase for IPC is a water-rich eluent, because analyte retention decreases
with increasing proportion of the organic modifier [103]. Thus, a lower CAD response is to be
expected compared to highly organic mobile phases [109]. Furthermore, the salt formation of
the applied ion-pairing reagent with the analyte as well with present mobile phase impurities
has a direct impact on the analyte signal [47] and the background noise [24], respectively. With
CAD, volatile ion-pairing reagents are required, i.e. PFCAs [94, 95, 97] for basic analytes and

substituted alkylamines [48, 110, 111] for acidic analytes.
1.3.2. MMC

Some IPC related shortcomings can be avoided by using MMC instead. In MMC, the employed
stationary phases are functionalized to have multiple retention mechanisms [112], e.g. RP and
ion exchange (IEC). They can be classified [113] in accordance with the respective retention
modes into RPC/HILIC, RPC/IEC, HILIC/IEC, and others, e.g. with a ternary retention mode.
As different interactions contribute to the retention of the analytes, the simultaneous analysis
of charged and neutral compounds becomes feasible without the usage of ion-pairing
reagents. A wide variety of columns with diverse column chemistries and unique selectivities
are commercially available [114]. The mobile phase composition is a more critical factor
compared to RPC, because the type and the proportion of the organic modifier, the type of the
mobile phase additive, the pH, and the ionic strength have a substantial impact on the
chromatographic performance and retention of the analytes due to the concurrent separation
mechanisms [115]. It was demonstrated [116] that the loading capacity for ionized bases is
higher for MMC columns compared to RPC columns, which is of particular importance for
impurity profiling methods, where concentrated samples have to be injected. However, the
method development is less straightforward compared to RPC due to the multiple interactions
involved between the analytes and the multimodal stationary phase, which requires a greater
extent of optimization of the chromatographic conditions [114]. Moreover, the MMC columns
lack of standardization due to the proprietary functionalization procedures, which means that
even columns with identical functionalities from different manufacturers might not provide a

comparable selectivity. However, some MMC columns are listed in the USP [6].
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Since MMC columns can be operated in the RPC mode as well as in the HILIC mode [114],
the organic proportion in the mobile phase, and thus the CAD response, varies in dependence
of the elution mode and the applied mobile phase additive. Typically, the mobile phases
comprise a buffer or acidic modifier. However, the use of long chain ion-pairing reagents is not
necessary due to the additional retention mode. Thus, the impact of the mobile phase additive
on the analyte signal and the background noise of the CAD is presumably less pronounced
compared to IPC. Column bleed is a relevant factor for the development of MMC-CAD methods

in particular when a HILIC retention mode is involved [117].
1.3.3. HILIC

HILIC comprises polar stationary phases and highly organic mobile phases. It can be
characterized as the chromatographic technique using a normal phase (NP) stationary phase,
e.g. bare silica, neutral polar chemical bonded (amino, amide, diol, etc.), ion exchange, and
zwitterionic stationary phases, in combination with a RP mobile phase, containing more than
50% organic solvent in water [86]. According to present theory, retention in HILIC is mainly
caused by partitioning of the analytes between the acetonitrile-rich mobile phase and a water-
enriched layer adsorbed onto the hydrophilic stationary phase. Electrostatic interaction and
hydrogen bonding effects may also play a role [118, 119]. While the initial method development
was solely based on univariate approaches [120], chemometric-assisted method development
including quantitative structure-retention relationship models and computer-aided column
classification could further facilitate the application of HILIC [121]. HILIC is well-suited for the
separation of small polar compounds [122]; thus, it represents an alternative to IPC with a
complementary selectivity. An increased sample loading capacity for HILIC compared to RPC
has been reported [123]. Similar to MMC, the standardization of HILIC columns is not as far
advanced as for RPC. However, HILIC columns are also listed in the USP [6]. A prerequisite
for satisfactory chromatographic performance in HILIC is the solubility of the sample in highly
organic diluent. For impurity profiling purposes, where the injection of highly concentrated

samples of the main substance is inevitable, this represents a serious limitation.

Due to the highly organic mobile phases employed in HILIC, the CAD response is significantly
increased compared to the RPC conditions [109]. Volatile buffers such as ammonium formate
and ammonium acetate are typically applied as mobile phase additives. The mobile phase
requirements are identical to those of a mass spectrometer, enabling a straightforward method
transfer of a HILIC-CAD method to MS. A HILIC-associated issue with an impact on the CAD
performance is column bleed. As universal detector, the CAD is sensitive towards nonvolatile
mobile phase impurities which may arise from dissolution of silica-based HILIC columns [124].

Consequently, significant levels of column bleed have been reported for several HILIC-CAD
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applications [102, 125, 126]. Polymer-based [127] as well as coated silica [128] stationary

phases show significantly less column bleed and might thus provide a solution.
1.4. Hyphenated detection techniques with CAD

The CAD is often referred to as universal detector, however, this holds true only for nonvolatile
compounds. Thus, the hyphenation of detection techniques can be a great asset to extend the
detection scope and to obtain complementary and comprehensive information on the
challenging impurity profile of APIs. One promising strategy for the impurity profiling of drugs
is the hyphenation of CAD and MS, which can easily be done, as the detectors share the same
mobile phase requirements. Due to their destructive detection principle, flow splitting of the
column effluent [129] or the usage of separate HPLC systems [101] is required. While the
CAD’s almost uniform response for nonvolatile analytes allows the quantitation of unknown
impurities without using a reference standard, the hyphenated MS detection provides structural

information on unknown compounds [97, 130-132].

In case of well-known impurity profiles and for routine analysis purposes, hyphenation of UV-
CAD is sufficient to benefit from the complementary detection techniques when dealing with a
set of physico-chemical diverse analytes, e.g. volatile and weakly chromophoric impurities
(Fig. 5). Hyphenation can easily be achieved by connecting the outlet of the non-destructive
UV detector to the CAD and represents a robust and straightforward application. Thus, there
is an increasing number of publications where UV-CAD [71, 133-137] was employed for a
comprehensive analysis. UV-CAD coupled to HPLC analysis has also been introduced into the
Ph. Eur. for the test of related substances of the drug vigabatrin [138]. However, the mobile
phase composition is a crucial factor for the development of sensitive methods with
hyphenated detection because the CAD is limited to volatile mobile phases, while the UV

detector requires non-absorbing organic modifiers and mobile phase additives.
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Figure 5. Comprehensive impurity profiling of non-chromophoric and volatile compounds by hyphenated

UV-CAD techniques. Here, the impurity profiling of vigabatrin is displayed.
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1.5. Challenges in the analysis of amino acids and related

compounds

There are two main challenges in the analysis of amino acids and their derivatives using HPLC.
One challenge is the separation of these small polar compounds. Due to their zwitterionic
properties (pKcoon ~2, pKamino ~9) they are permanently charged in aqueous solution; thus,
RPC is not feasible in most cases. For impurity profiling purposes, potential impurities, e.g.
organic acids, must be considered as well. The previously discussed IPC, MMC, and HILIC
techniques are viable options. However, the selection of the most appropriate separation
technique depends on the individual impurity profile of the API and on its physicochemical
properties. Although HILIC is perfectly suited for the separation of small polar analytes, it is
limited to applications where a concentrated solution of the API is soluble in highly organic
(>50%, v/v) solvent. MMC columns with RP/SCX functionalities are a good choice for the
separation of amino acids, however, they lack separation power towards organic acids without
basic moiety. In IPC methods, the retention and selectivity must be optimized by the selection
of the applied ion-pairing reagent(s). Consequently, the initial method development requires
extensive experimentation, e.g. the screening of diverse separation techniques and column

chemistries.

Besides the challenging separation of the amino acids and their possible impurities, the
coverage of the entire impurity profile in one single chromatographic run is not easily
accomplished as well. Most of the amino acids do not possess an UV absorbing structural
feature with the carboxylic moiety being the sole weak chromophore at short wavelength UV
(<210 nm). In contrast, the CAD provides a reliable and sensitive detection of the nonvolatile
amino acids. However, the impurity profile of the respective amino acid may not only contain
weakly chromophoric compounds, but also volatile impurities not accessible with CAD. In this

case, hyphenated UV-CAD can be employed to expand the detection scope.

In this thesis, RPC, IPC, MMC, and HILIC methods for the impurity profiling of amino acids
and their derivatives were elaborated (Table 2). The separation techniques were coupled to
CAD or UV-CAD where appropriate.
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Table 2. Selected compounds for the development and validation of impurity profiling methods.

Compound Structure logD? Impurity Analysis
(pH 5.5) profile® method
L-aspartic acid -4.30 semivolatile IPC-UV-
and weakly- CAD
chromophoric
NH2
gabapentin -1.45 volatile, RPC-UV-
semivolatile, CAD
OH and weakly-
chromophoric
glycine -3.20 volatile and IPC-UV-
weakly- CAD
chromophoric

L-valine -2.16 weakly- HILIC-CAD
OH chromophoric
vigabatrin -2.74 volatile and MMC-UV-
weakly- CAD
OH chromophoric

@ Predicted by ACD labs software version 2020.2.0 (ACD Labs, Toronto, Canada).
b With respect to the Ph. Eur. 10 [5].
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2. Aim of the thesis

As a relatively new detection technique in liquid chromatography, charged aerosol detection is
still evolving, which is reflected by the implementation of additional instrumental settings and
the increasing use of CAD in hyphenated detection setups. Independently, novel
chromatographic techniques for the separation of small polar molecules such as MMC and
HILIC have been established over the last decade. The present doctoral thesis aimed at
combining both developments for an optimized analysis of the challenging amino acids and
their derivatives. It can be divided into two main objectives, which are of fundamental and

applied nature, respectively, and build on one another.

The first main objective aimed at exploring the basic detector capabilities and their potential
optimization. As fundamental aspects of the CAD technique, the performance characteristics
uniformity, sensitivity, and linearity were evaluated and optimized considering the influence of
the recently introduced CAD settings evaporation temperature and power function value (PFV).
Another essential research topic was the systematic comparison of the impact of diverse
chromatographic separation techniques accompanied by their individual mobile phase
compositions on the CAD performance. Additionally, the applicability of hyphenated UV-CAD

was investigated.

The second main objective was the development of CAD methods for the impurity profiling of
amino acids and amino acid-like APIs suited for a compendial application. Optimization
procedures derived from the previously conducted performance evaluation served as basis for
the method development to achieve the required sensitivity and linearity. The methods should
represent more selective and straightforward alternatives to the derivatization and multi-
method approaches of the Ph. Eur. Each method was validated with respect to ICH guideline

Q2(R1) to meet the compendial requirements.
The main objectives can be subdivided into the following projects:

o Uniformity: Investigation of significant chromatographic and molecular features towards
the observed nonuniform CAD response for fatty acids ranging from C12 to C18 and
accurate prediction of the CAD response by a machine learning approach; Evaluation
of the influence of the CAD’s evaporation temperature setting on the response
uniformity for fatty acids (C12 to C18) representing semivolatile and nonvolatile
compounds.

o Sensitivity: Performance evaluation of IPC and HILIC coupled to the CAD by a
response surface methodology approach and comparison of the sensitivity of IPC and

HILIC methods for the impurity profiling of branched-chain amino acids; Studies on the
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influence of the evaporation temperature setting and the filter constant setting on the
response and limits of quantitation of semivolatile fatty acids.

Linearity: Comparison of double logarithmic transformation and experimental power
function optimization as linearization procedures for the CAD response of fatty acids;
Comparison of empirical and mathematical power function optimization strategies for
the linearization of the CAD response for gabapentin and its impurities.

Hyphenation of UV-CAD: Studies on the influence of the mobile phase composition on
the hyphenated detection for the impurity analysis of vigabatrin.

Development and validation of a method for the impurity analysis of gabapentin by
RPC-UV-CAD.

Development of a generic method for the impurity analysis of branched-chain amino
acids by IPC-CAD and HILIC-CAD, respectively, and validation of the HILIC method
for L-valine.

Development and validation of a method for the impurity analysis of vigabatrin by MMC-
UV-CAD.

Development and validation of methods for the impurity analysis of L-aspartic acid and

glycine by IPC-UV-CAD, respectively.
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Abstract

The analysis of polysorbate 80 is a challenge because all components lack a chromophore.
Here, an ultra-high-performance liquid chromatography system equipped with a charged
aerosol detector (UHPLC-CAD) was used to study the effect of systematic variation of the CAD
settings, namely evaporation temperature, filter constant and power function value (PFV), on
the detector response of fatty acid standards and manufacturing batches of polysorbate.
Evaporation temperature and filter constant strongly affect the detection limits described by
signal-to-noise (S/N) ratios. Although evaporation temperature can be increased to improve
signal to noise ratios, analyte volatility at higher temperatures is an important limiting factor.
The PFV was found to be a strong tool for optimizing response linearity, but the optimal PFV
differed depending on analyte volatility. Because PFV optimization required some additional
measurement time and because double-logarithmic transformation at the default PFV of 1.0
yielded satisfying universal results with less measurement time over a range of two orders of
magnitude for every homologue fatty acid from C14 to C18, use of the log-log transformation
is the favored linearization strategy. Possible optimization procedures for semi volatile
substances are presented. Overall, this new UHPLC method offers improved detection limits,
as well as time savings of over 75% and eluent savings of more than 40% compared to the

previously published HPLC-CAD method for polysorbate analysis.
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1. Introduction

Fatty acids play an important role in the pharmaceutical and cosmetic field as excipients [1].
They are present in various diverse substance classes as emulsifiers [2]. Polysorbates are
esterified with a sorbitan backbone together with polyethylene glycols (PEGs) [3]. Furthermore,
esters of fatty acids with fatty alcohols yield waxes and esters of fatty acids with glycerin form
triglycerides which, as well as the free fatty acids themselves, are commonly used in

dermatological formulations [4].

An in-depth comparison of currently applied methods for the analysis of fatty acids was given
by Wu et al. [5], elaborating on advantages and disadvantages of the respective methods. Due
to their physicochemical properties, fatty acids are mainly assessed by means of gas
chromatography (GC) after derivatization with methanol to fatty acid methyl esters (FAMES)
[6, 7] as also described in the Ph. Eur. [8]. The most common approach involves a flame
ionization detector (FID), whereas GC-mass-spectrometry (MS) can be used for more
selective and sensitive analysis [9]. Analytical methods such as capillary electrophoresis (CE)
with indirect UV detection [10] or tedious pre-column derivatization with e.g. naphthoy! chloride
and coupling to HPLC [11] have been described but rarely used. More recently, near-infrared
spectroscopy [12] and NMR [13-15] as non-destructive methods of analysis have been
reported; however, model establishment for NIR is tedious and both methods lack sensitivity
[56]. HPLC-MS methods are accessible without derivatization procedures [16], yet are very

costly [5].

Furthermore, aerosol-based detection methods utilizing either evaporative light scattering
detection (ELSD) or charged aerosol detection (CAD) combined with HPLC have been
reported [5, 17-20]. They are rather easy-to-use, cheap in comparison to MS analytics and not
dependent on chromophores. The aerosol based detection of CAD and ELSD relies on
nebulization of the effluent which, by evaporation of the solvent, forms particles [21]. These
particles are then detected by measuring electrical charge that was transferred to the particles
by a nitrogen stream passing a corona needle in case of the CAD. Alternatively, in case of the
ELSD, the particles pass a light beam and the combined angular light-scattering in the
detection flow path is analyzed. Thus, analytes do not need to possess a chromophore — as it
is the case for fatty acids — but only need to be sufficiently non-volatile in order to ensure
acceptable signals [21]. The ELSD is known to be inferior when it comes to dynamic range,
sensitivity and signal irregularities when highly concentrated samples have to be used [22] as
is the case for impurity profiling. This leaves the CAD as the more reliable and more suitable
of the two quasi-universal aerosol detectors because it possesses a greater linear and dynamic
range [23, 24]. llko et al. [25] presented a HPLC-CAD method for the analysis of free fatty acids
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in polysorbate 80 batches after liquid-liquid extraction and for the fatty acid composition after

hydrolysis and liquid-liquid extraction.

To the best of our knowledge, no UHPLC-CAD method benefiting from the time and eluent
saving and the capabilities of modern CAD detection for fatty acids has been established.
Interestingly, although the semi-volatile character of the fatty acids significantly affects the
detector signal, no systematic study of the settings of CAD parameters and their impact on the
signal intensity of these homologues has been undertaken. The UHPLC method development
is described shortly and a focus on the systematic evaluation of CAD settings is presented in

this article.
2. Experimental
2.1. Chemicals and reagents

Octanoic acid, decanoic acid, lauric acid, myristic acid, palmitic acid, petroselinic acid, oleic
acid, linoleic acid, alpha-linolenic acid, stearic acid, HPLC grade acetonitrile, potassium
hydroxide, tert.-butyl methyl ether (MTBE), HPLC grade methanol, HPLC grade 50% formic
acid and 100% formic acid were purchased from Sigma-Aldrich Chemie GmbH (Steinheim,
Germany). Margaric acid was purchased from VWR international (Darmstadt, Germany). All
chemicals used were of analytical grade unless otherwise stated. Ultrapure water was
produced by a water purification system from Merck Millipore (Schwalbach, Germany)
specified at a resistivity of 18.2 MQ-cm. The polysorbate batches were from NOF (Tokyo,
Japan), Kolb (Hedingen, Switzerland), Merck (Darmstadt, Germany) and Croda (East
Yorkshire, UK). The batch coding does not necessarily match with the presented manufacturer

order.

2.2. Apparatus

The UHPLC-CAD experiments were performed on a Thermo Scientific™ Vanquish™ Flex
modular chromatographic system consisting of a binary flex pump with online degasser, a
thermostatted split sampler, a thermostatted column compartment with integrated pre-heater,
a variable wavelength detector and a Vanquish Horizon charged aerosol detector (Thermo
Fisher Scientific, Germering, Germany). The charged aerosol detector was supplied with
nitrogen gas from an ESA nitrogen generator (Thermo Fisher Scientific, Germering, Germany)
connected to the in-house compressed air system. The instrument was controlled and runs
were processed using the Chromeleon® Data System Version 7.2.6 software program (Thermo

Fisher Scientific).
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2.3. Chromatographic procedure

A core-shell octadecylsilyl (C18) Kinetex column (100 x 2.1 mm i.d., with a particle size of
2.6 um and pore size of 100 A) (Phenomenex, Aschaffenburg, Germany) was used as
stationary phase. The chromatographic system was operated using gradient elution at a
column compartment temperature of 25 °C ran in still air mode. Mobile phase A consisted of
an aqueous 0.05% (v/v) formic acid solution, whereas mobile phase B was acetonitrile with
addition of 0.05% (v/v) formic acid.

The final gradient runs at a flow rate of 1.5 mL/min and utilizes 75% B from 0 to 0.8 min, linearly
increases to 85% B within 1.7 min and holds at 85% B for 0.5 min, followed by a re-equilibration
with a gradient to 75% B within 0.5 min and a 1 min hold, resulting in a total run time of 4.5 min.

The injection volume was 10 pL.

Detection was performed by means of the Vanquish® CAD with the evaporation temperature
set to 30 °C, a power function value of 1.0, a filter constant of 1 s, a data collection rate of

10 Hz and a gas inlet pressure of 56.4 psi unless specified otherwise.

2.4. Preparation of solutions

The stock solutions for the respective fatty acids were prepared by exactly weighing 10.0 mg
of the fatty acid and dissolving in 10.0 mL of methanol. These stock solutions were stored in a
freezer at -20 °C and diluted with a mixture of acetonitrile 75% and water 25% (v/v) to the
appropriate concentration on a daily basis. The procedures for the preparation of the sample
solutions were adopted from llko et al. [25] who modified a saponification process from Hu et

al. [26] and a liquid-liquid extraction from Matyash et al. [27].

2.4.1. Preparation of the sample solutions for the determination of the fatty acid

composition in batches of polysorbate 80

15.0 mg of the polysorbate was exactly weighed and dissolved in 1 M potassium hydroxide
solution containing 10% (v/v) methanol and made up to 10.0 mL. Saponification was achieved

after incubation at 40 °C for a minimum of 6 hours.

50 pL of 100% formic acid was added to 250 yL of the solution after saponification in a glass
centrifuge tube (VWR International, Darmstadt, Germany). After addition of 500 uL of MTBE
the mixture was vortexed and centrifuged at 2700 rpm (EBA 20 centrifuge, Hettich, Tuttlingen,
Germany) for 5 min. The entire organic phase was collected in a vial, dried under a gentle
nitrogen gas stream and the residue reconstituted in 1000 yL of a mixture of acetonitrile
75%/water 25% (v/v).

Quantitative analysis of the fatty acid composition was performed using external standards and

double logarithmic calibration curves for each individual fatty acid.
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2.4.2. Preparation of the sample and reference solutions for the determination of the

free fatty acids in batches of polysorbate 80

100.0 mg of the polysorbate was exactly weighed in a 10.0 mL volumetric flask. After addition
of 500 pL of the 1 mg/mL methanolic margaric acid stock solution as internal standard, the
analyte was dissolved and made up to 10.0 mL with water. The internal standard is added in
a concentration of about 0.5% (m/m). The exact concentration of the internal standard needs

to be calculated referring to the sample weight.

100 pL of 100% formic acid was added to 1000 yL of the polysorbate and internal standard
solution in a glass centrifuge tube. After addition of 1000 pL of MTBE the mixture was vortexed
and centrifuged at 2700 rpm for 45 min. 500 uL of the organic phase was collected, dried under
a gentle nitrogen gas stream and the residue reconstituted in 500 yL of a mixture of acetonitrile
75%/water 25% (v/v).

The reference solution consisted of margaric acid and oleic acid at a concentration of 50 ug/mL
each. It was obtained by diluting the respective stock solutions with a mixture of acetonitrile
75%/water 25% (v/v). For the evaluation of the free fatty acids, the peak area ratio of this

reference solution was determined and used in the batch analysis with the internal standard.

3. Results and discussion
3.1. UHPLC method optimization

The initial LC method employing a conventional HPLC instrument reported by llko et al. [25]
used a core-shell octadecylsilyl (C18) Kinetex (Phenomenex, Aschaffenburg, Germany)
column in the dimensions 100 x 3.0 mm with 2.6 uym particles. The mobile phase flow-rate was
set at 0.6 mL/min and a gradient method with a run time of 15 min consisting of an initial hold
at 75% B for 5 min and a linear 10 min gradient step to 85% B was applied. Mobile phase A
was aqueous 0.05% (v/v) formic acid, while mobile phase B consisted of acetonitrile with
addition of 0.05% (v/v) formic acid.

To keep the column’s selectivity and chemistry as close as possible to the original method, a
Kinetex C18 column, was chosen for the method optimization to UHPLC as well. The standard
Kinetex columns (i.d. 3.0 mm) are stable up to a backpressure of 600 bar, whereas the
columns with an internal diameter of 2.1 mm are stable up to a backpressure of 1000 bar and
thus suitable for UHPLC applications. Hence, a 100 x 2.1 mm column of the same chemistry

and particle size was chosen.

Since the smaller diameter column and the UHPLC system are capable of withstanding higher
backpressure, it was the ultimate goal to save time and eluent consumption after the

optimization. Because all column parameters aside from the i.d. are the same for both columns,
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their correlation in column volume can be narrowed down to the formula shown in

equation 1 [8]:
. ID
Ratioy, = (ﬁ)2 (1)
V¢ : column volume; ID : internal diameter

Using the resulting factor of 2, the mobile phases and percentage gradient levels were initially
used according to llko et al. [25] as mentioned at the beginning of this section. In order to
evaluate which flow-rate would be the most appropriate, flow-rates between 0.6 and
1.5 mL/min were screened. A mixture of the main fatty acid, namely oleic acid, and the internal
standard, namely margaric acid, was used. Additionally, a batch of polysorbate 80 was
analyzed for its free fatty acids. The initial method screening was performed with the default
CAD settings of 35 °C evaporation temperature, a power function value (PFV) of 1.0 and a
filter constant of 1 s. Upon method development, variations in the gradient steps and levels
were examined as well. Since a decrease of mobile phase B to 70% resulted in a slightly better
separation but inferior signal intensities, increased analysis time and increased backpressure,

a gradient of initial 75% of mobile phase B up to 85% was considered more appropriate.

Figure S1 illustrates the chromatograms of the reference solution containing 50 ug/mL of oleic
acid (65-88% purity) and margaric acid in addition to the impurities of linoleic acid, palmitic
acid, petroselinic acid and stearic acid at different flow rates. The injection volume was

maintained to be 10 pL since no indicators of overloading of the column occurred.

The final optimized method utilized a flow-rate of 1.5 mL/min with an initial hold at 75% B for
0.8 min and a linear gradient to 85% B within 1.7 min. Resulting in a separation time lower
than 3 minutes, with no backpressure problems. Reequilibration starting with 85% B for
0.5 min, back to 75% B in 0.5 min, followed by 1 min of 75% B was found to be sufficient,
resulting in a total run time of 4.5 min compared to the 19 min of the HPLC method when
reequilibration is also considered. The time reduction of over 75% and an eluent consumption
reduction of more than 40% compared to the HPLC method of llko et al. [25] underlines the
superiority of the UHPLC method.

The optimized CAD parameters used in batch analysis were: 30 °C evaporation temperature,
a power function value of 1.0, a gas inlet pressure of 56.4 psi, a filter constant of 1 s and a
data collection rate of 10 Hz. Double logarithmic transformation was applied to the calibration
curves of the fatty acids. The optimization of the CAD instrument settings is presented in detail
in section 3.2. Example chromatograms of a batch analysis with regard to its fatty acid

composition and of injections near the LOQ are presented in Figure 1.
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Fig. 1. (a) Chromatogram of the fatty acid composition of batch D1. Linoleic acid, palmitic and stearic
acid are present besides the main component oleic acid. Percentage contents (% m/m) are listed in
Table 3, for chromatographic conditions: see section 2.3.; (b) Chromatogram of 5 ng on column of
myristic acid, palmitic acid, oleic acid, petroselinic acid and margaric acid for LOQ determination.
Linoleic acid and stearic acid were injected separately (chromatograms not shown), for chromatographic

conditions: see section 2.3.
3.2. Evaluation of CAD parameters for the detection of fatty acids

Since CAD detection is based on the formation of analyte particles, non-volatility is crucial for
the response of a substance [29]. Fatty acids show different volatilities depending on the chain
length. The main fatty acid present in polysorbate 80 is oleic acid (C1s:1) together with others
ranging from C14 (myristic acid) to C+s (stearic acid). To include a broader range of fatty acids
and to evaluate the CADs limits in this mobile phase composition, a selection of shorter chain
length fatty acids was added. The fatty acids from Cg to C4s were chosen in an initial screening
at the default CAD settings of 35 °C evaporation temperature, a PFV of 1.0 and a filter constant
of 1 s at a concentration of 50 ug/mL. No peaks due to caprylic acid and capric acid could be
detected using these conditions. Only fatty acids of C12 or longer are sufficiently non-volatile
to give a measurable detector response at lower concentration levels. Additionally, fatty acids
shorter than C42 are not well retained. Because of these two factors, this method is most

applicable for analysis of C12 (lauric acid) and longer fatty acids.

3.2.1. Evaluation of evaporation temperature based on sensitivity

The evaporation temperature setting controls the temperature of the thermostatted evaporation
tube in which, ideally, the mobile phase is quickly and completely evaporated. After eluent
evaporation, the condensed phase analyte particles that remain undergo unipolar diffusion

charging and produce a signal in the form of a current. The evaporation temperature setting
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controls the relative solute partitioning between gas and condensed phases and is therefore
of utmost importance for detection selectivity [30]. Whereas the evaporation tube temperature
of the 2005 ESA Corona CAD cannot vary from ambient temperature, the evaporation tube
temperature of the CAD used here can set anywhere between ambient temperature and
100 °C. Since particle formation is based on the volatility, a higher temperature generally leads
to a decrease of the signal intensity for semivolatile substances [31]. Figure 2 shows the
correlation of peak height and the variation of evaporation temperature settings exemplarily for
the series of saturated fatty acids and for the non-saturated C1s.1 oleic acid for evaporation
temperature settings between 25°C and 50 °C. As expected, the signals decrease
substantially upon raising the evaporation temperature. Temperatures higher than 50 °C do

not give analyzable results, especially for the more volatile shorter chain length fatty acids.
25
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Fig. 2. Peak height at different evaporation temperatures of injections of 10 ng on column of the

respective fatty acid; for chromatographic parameters see section 2.3.

For non-volatile analytes, the signal is depending on the size distribution of the dried aerosols.
While this size distribution does vary with the cube root of the particle density, this effect is
only minor in nature. In conjunction with the unipolar charging process which is virtually
independent from the analytes’ physicochemical properties the charged aerosol detector
shows a highly similar response for all analytes. This behavior is often referred to as uniformity
of response [29]. This is in contrast to ELSD, where a significant influence on the materials’
properties, like density, refractive index, absorption and fluorescence have been suggested
and verified by experiments [32]. The mobile phase composition on the other hand has been
found to have a severe impact on the generated aerosol, thus the uniformity of response can
only be observed when the mobile phase composition entering the detector is constant, i.e.
during isocratic elution or by utilizing an inverse gradient setup. With the non-compensated
gradient elution described here, we expect an increased signal for later eluting peaks, as the

signal intensity increases with higher acetonitrile content in acetonitrile-water mixtures. Even
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with this consideration, the significantly reduced signal intensity for the shorter chain length
lauric and myristic acid is more than would be expected due to the varying acetonitrile content

and confirms that they possess a significantly higher volatility than the longer fatty acids.

One may suggest that increasing the evaporation temperature does not bring any positive
effects, but the opposite is the case. Sensitivity can be improved drastically by optimization.
Detection limits as per definition of the ICH guidelines [28] are usually assessed through the
S/N approach. The baseline noise mainly depends on the mass concentration of nonvolatile
and semivolatile impurities in the effluent, which can be minimized by using ultra-pure solvents
and additives but cannot be completely eliminated. If the impurities have a higher volatility than
the analytes of interest, a modest increase in temperature can shift the ratio of analyte amount
vs. impurities in the condensed phase and thus improve the observed S/N ratios. Lowest
detection limits are therefore obtained at the best compromise between decreasing baseline

noise and maintaining sufficient analyte signal.

Figure 3 shows the correlation of the S/N-ratios for the same data shown in Figure 2
representatively for myristic acid as a saturated short fatty acid (C14), margaric acid as a
saturated long fatty acid (C+7) and oleic acid as an unsaturated long fatty acid (Cis1). A
maximum of S/N ratio could be identified at 30 °C for most of the analytes when injected at low

level concentrations that are slightly above the LOQs of the original method.

myristic margaric oleic

80

Signal-to-noise ratio
= ] [¥%) = (9] a |
= = = = (=] = =

o

H25°C m28°C 30°C m32°C m35°C 38°C m40°C m42°C m45°C m48°C m50°C

Fig. 3. S/N ratios at different evaporation temperatures of injections of 10 ng on column of the respective

fatty acid; for chromatographic parameters see section 2.3.

The experimental LOQs were determined using the S/N approach according to the ICH
guideline [28] and injecting 1 ng, 5 ng and 10 ng on column. Table 1 displays the comparison
of the LOQs obtained with the original HPLC method coupled to the “older” CAD [25] with the
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UHPLC method. The superiority of detection for every analyte with the exception of the most
volatile, myristic acid, using the CAD parameter optimized UHPLC-method can be clearly
seen. RSD values calculated for 5 ng on column injections (n = 4) ranged from 0.84 to 1.82 %,
except for myristic acid (9.17 %) where 5 ng on column is below its LOQ. The superiority of
the LOQ for myristic acid in the previous method can be traced down to the ambient
evaporation temperature of the older CAD used. Myristic acid showed improved S/N-ratios at

lower temperatures in our measurements as well (see Figure 3).

Table 1. LOQs of the transferred UHPLC-CAD method with optimized evaporation temperature at 30 °C
compared to the HPLC method with the old CAD of llko et al. [25].

Analyte LOQ [ng on column] of [25] LOQ [ng on column] of
using HPLC-CAD optimized UHPLC-CAD

Myristic acid (C14H2802) 6.1 8.1

Palmitic acid (C16H3202) 4.0 2.2

Stearic acid (C1sH3602) 3.4 1.3

Linoleic acid (C1sH3202) 3.0 1.8

Oleic acid (C1sH3402) 3.9 2.1

Petroselinic acid (C1sH3402) 3.2 1.4

3.2.2. Evaluation of sensitivity in dependence on filter constant setting

The filter constant has significant impact on the baseline noise and thus on the detection limits
of a method. It is applied to the output current of the detector and affects the collection of the
raw data and the data collection rate. Generally, a higher filter constant results in smoothed

baseline, whereas a lower filter constant does not remove a lot or any baseline noise at all [33].

This was confirmed by examining injections of 10 ng on column of a mixture of myristic acid,
palmitic acid, oleic acid, petroselinic acid and margaric acid at different filter constant settings
of 0.1 seconds (s), 1s, 3.6, 5s and 10 s with an evaporation temperature of 30, 35 and
40 °C. An evaluation of the S/N-ratios for an evaporation temperature of 30 °C is shown in
Figure 4. The trend was also analogous for the other evaporation temperatures (data not
shown).

Although these plain data show a significant baseline smoothing resulting from an increased
filter constant and a tremendous gain in S/N-ratio obtained, it was no option to choose this filter
setting from chromatographic point of view due to the loss of resolution by peak broadening
effects. This makes the enormous S/N-ratio obtained with the higher filter constants less
appealing when the separation efficiency is taken into consideration. Thus, a filter constant of

1 s was chosen because best resolution was achieved.
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Fig. 4. S/N ratios and resolution of the critical peak pair oleic acid - petroselinic acid, 10 ng on column

of the mixture of the fatty acids at varied filter settings; for chromatographic parameters see section 2.3.
3.2.3. Evaluation of power function value

Similar to all aerosol-based detectors, the CAD is a non-linear detector and response can be

described by a power law function equation [34] as shown in equation 2:
A = a(my;)? (2)

A linear response can be observed when b equals 1.0 and the sensitivity coefficient a then is
the slope of the ratio of peak area/mass injected. With b > 1, the shape of the response curve
is supralinear. Sublinear response is indicated by b < 1. Although CAD response is typically
quasi-linear over about two orders of magnitude [34], it is advisable to have a closer look at
the curve fit, especially for the lower calibration levels. By itself, a coefficient of determination
close to 1 does not necessarily indicate good linearity over the whole range investigated [35].
In order to extend the quasi-linear dynamic range of the detector, newer CAD instruments
allow for an alteration of the power function value in the range of 0.7-2.0, which affects signal

output.

To evaluate the optimal power function value for each analyte, calibration curves were
established covering concentration levels of 1 yg/mL, 25 pg/mL, 50 pg/mL, 75 pg/mL and
100 pg/mL at power function values ranging from 0.8 to 1.6. All measurements were performed
at 30 °C, 35 °C and 40 °C evaporation temperature. The R2-values were established by means
of linear regression (Table 2, values for evaporation temperature of 30 °C). Double logarithmic
transformation was performed at the default PFV of 1.0. For a better estimation of linearity, the
response factor (peak area/mass injected) was plotted against the respective concentration
level (Fig. 5, shown for the example of palmitic acid). Response linearity is represented by the
slope of the resulting regression line. The optimal power function value would then have a

slope of zero [36]. The obtained regression lines either show a negative slope indicating
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sublinear response, or a positive slope indicating supralinear response. The optimal power
function value of the examined levels was determined by comparing the relative standard
deviation of the response factors of each analyte for every power function as shown in Figure

6. The lowest RSD indicates the best linearity of response [36].

Table 2. Coefficients of determination obtained at 30 °C evaporation temperature; PFV 1.0 with Ig-Ig

transformation was used for batch testing.

Analyte/ myristic palmitic margaric stearic oleic petrosel-  linoleic Iizlop|2:;c

PFV acid acid acid acid acid inic acid acid acid

0.8 0.9999 0.9909 0.9891 0.9994 0.9876 0.9836 0.9994 0.9994
0.9 0.9605 0.9935 0.9897 0.9883 0.9891 0.9861 0.9873 0.9955
1.0 0.9981 0.9972 0.9947 0.9914 0.9937 0.9922 0.9929 0.9988
1.1 0.997 0.999 0.9977 0.9979 0.9996 0.9973 0.9978 0.9975
1.2 0.9938 0.9983 0.9994 0.9993 0.9993 0.9991 0.9994 0.9985
1.3 0.9902 0.9983 0.9994 0.9996 0.9992 0.9999 0.9997 0.9942
1.4 0.9804 0.995 0.9976 0.9979 0.9981 0.9994 0.9985 0.9936
1.5 0.9782 0.9928 0.9947 0.9921 0.9953 0.9976 0.9949 0.9876
1.6 0.9664 0.9878 0.9921 0.9906 0.9914 0.9949 0.9919 0.9843

1.0 Ig-lg 0.9998 0.9998 0.9995 0.9993 0.9994 0.9993 0.9995 0.9995
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Fig. 5. Response factor versus analyte concentration plot for palmitic acid exemplarily at 30 °C

evaporation temperature for power function values 0.8-1.6.
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Fig. 6. RSD of the response factors [%] at evaporation temperature 30 °C (n=5).

The same experiments were performed at evaporation temperatures of 35 and 40 °C and used
to assess power function values ranging from 0.8 to 1.6 in steps of 0.1 units (Supplementary
material: Fig S2). The optimal power function value was then determined for each analyte as

described above.

After identifying a suitable power function value, different evaporation temperatures were
evaluated. The evaluation was equivalent to the determination of the optimal power function
value. Response factor versus concentration plots were obtained for evaporation temperatures
of 30 °C, 35 °C and 40 °C at the same PFV. The optimal evaporation temperature for a given
PFV was determined by comparison of the slopes of the regression lines as well as of the
relative standard deviations of the corresponding response factors (Figure 7, restricted to five
analytes for better readability). With exception of myristic acid, all fatty acids followed the same
trend. Although the optimal power function value slightly differed for each analyte, a PFV of
1.1 turned out to be beneficial in terms of linearity of response and coefficient of determination

compared to the standard value of 1.0 (see Fig. 6).
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Fig. 7. A: Slope of the response factors versus evaporation temperature plot for PFV 1.1; B: RSD of

the response factors versus evaporation temperature plot for PFV 1.1 (n = 5).

Of note, myristic acid, the most volatile fatty acid, did not follow that trend. Being a rather
volatile compound, the best results are expected at a PFV <1.0 [37]. In accordance with this,
optimal results for this analyte were found at a PFV of 0.8. For all fatty acids, response linearity
at 30 °C and 35 °C was similar when maintaining a PFV of 1.1 (median RSD 5.21 % t0 6.50 %),
whereas response linearity at 40 °C and a PFV of 1.1 was not optimal (median RSD 15.37 %).
For partially volatile analytes such as the fatty acids, it can therefore be concluded that an
optimal PFV determined at a given temperature is no longer valid when evaporation

temperature is changed (Figure 7).

An alternative to using the power function value is a double logarithmic transformation of the
calibration curve. The quality of the linear fit for every analyte, expressed as the coefficient of
determination achieved by the double logarithmic transformation, was R? > 0.999.
Furthermore, the obtained residuals for the calibration levels showed very satisfying results,
even at low concentrations (Supplementary material: Fig S3), whereas residuals, especially at
the lowest concentrations, varied drastically with changes in PFV. This shows that, for a
multiple analyte mixture, it can be sufficient to use the default PFV of 1.0 and log-log
transformation to achieve a linear fit of the response, rather than to apply a more complex

fitting model.

In many cases the application’s goal is to obtain satisfactory and low LOQs. Thus, for partially
volatile analytes, it seems most appropriate to evaluate the optimal evaporation temperature
before determining the best power function value to receive an appropriate fit. This conclusion
arises from the facts that evaporation temperature strongly affects sensitivity (Fig. 3) and that
the ideal PFV changes when altering evaporation temperature (Fig. 7). This is in contrast to
the common approach of determining PFV before evaporation temperature for non-volatiles
[34].
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3.3. Validation and application of the optimized method
3.3.1. Method validation

The method was validated with regard to ICH guideline Q2(R1) [28]. Hereby, specificity,
linearity and range, accuracy, precision, limit of quantitation (LOQ) and robustness were

assessed.

Specificity could be demonstrated by individual analysis and analysis of mixtures of reference
standards of all possible sample compounds. Separation of the fatty acids from each other
was achieved and the extraction procedure did not interfere with any peaks needed for

quantitation as confirmed with the analysis of blank extractions.

Linearity was shown by establishing calibration curves over a range of two orders of magnitude
at concentration levels of 1, 25, 50, 75 and 100 ug/ml covering the estimated analyte amount
of the sample. Application of linear regression after double logarithmic transformation of
concentration and peak area resulted in coefficients of determination (R?) higher than 0.999

for each analyte over the investigated range (Table 2).

For demonstration of accuracy, recovery rates were calculated at 1, 25 and 100 pg/mL
concentration levels for each fatty acid standard (n = 3) using calibration curves. Quantification
was done by linear regression after double logarithmic transformation of concentration and

peak area. The mean recoveries were satisfactory with values ranging from 94.3 to 107.1 %.

Precision was assessed by injections of fatty acid standards in triplicate at concentration levels
of 1, 25 and 100 pg/mL. RSD values ranging from 0.07 to 2.52 % were obtained indicating
good precision with exception of the 1 ug/ml level of myristic acid showing an increased RSD
of 6.61 %. Since myristic acid was not present in the current investigation and the method was

still capable of meeting the requirements set by the Ph. Eur. (limit of 5 %), this was accepted.

LOQs of the fatty acids were determined with respect to the S/N approach according to ICH
guideline Q2(R1) [28]. A S/N ratio of 10, derived from analyte signal compared to a blank, was
hereby defined as the LOQ. For linear extrapolation, standard solutions at 0.1, 0.5 and
1.0 ug/mL concentration level were used. Ranging from 1.3 to 8.1 ng on column (Table 1), the
LOQs were significantly affected by the chain length of the fatty acid as further elaborated in

section 3.2.

Robustness in terms of CAD parameter settings could be evaluated with regard to the
systematic variations of the method optimization procedure and is elaborated in-depth in
section 3.2., here especially evaporation temperature was found to be critical.
Chromatographic robustness in general was evaluated for the following variations: column

temperature * 2.5 °C, initial percentage of mobile phase B + 1 %, final percentage of mobile
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phase B £ 1 % and flow rate + 0.06 mL/min. Robustness is sufficient with recovery rates
ranging from 96 to 102 % for all substances with exception of myristic acid having recovery
rates between 103 and 110 % (Supplementary material: Table S1) which was acceptable due
to its absence within the current batch analysis (Table 3). Separation was maintained for all

examined variations.

3.3.2. Polysorbate 80 batch analysis

16 batches of polysorbate 80 analyzed by llko et al. [25] were subjected to analysis applying
the optimized UHPLC method. The findings indicate sufficient stability of polysorbate 80 when

stored at room temperature for four years with only rare exposure to light (Table 3).

Table 3. Percentage (% m/m) content of fatty acids in polysorbate 80 batches, average of n=2
extractions shown with standard error; n/a= error not available because only n=1 was evaluated. Values

in brackets indicate the percentage change after four years of storage.

Alpha- Myristic Palmito- Linoleic Palmitic Oleic acid  Petrose- Stearic Free fatty
linolenic acid leic acid acid acid linic acid acid acids
acid
Al - - - 16.5£0.25 4.9+0.16 75.8£0.74  1.5+0.02 1.4£0.35 0.7+0.02
(-0.8) (+9.9) (-0.5) (-9.4) (+0.7) (+0.2) (+0.1)
A2 - - - 19.2+0.06  4.8+0.09 72.7£0.33  1.8+0.00 1.6£0.30 0.8+0.07
(-0.8) (+9.6) (-0.6) (-9.2) (+0.6) (+0.2) (+0.2)
A3 - - - 18.710.54  4.4+0.08 74.4£0.77  1.7£0.09 0.9+0.05 0.8 n/a
(-0.8) (+8.6) (-1.4) (-6.2) (+0.7) (-0.8) (-0.4)
A4 - - - 14.910.81 4.2+0.12 78.4£0.58 1.7+0.05 0.8+0.07 1.1n/a
(-0.8) (+8.1) (-1.6) (-5.7) (+0.5) (-0.8) (+0.5)
B1 - - - 100+0.00 - - 0.3+0.00
(-0.8) (+3.3) (-0.4) (+0.3)
B2 - - - - - 100+0.00 - - 0.2+0.00
(-1.0) (+3.6) (-0.5) (+0.2)
B3 - - - - - 100+0.00 - - 0.1+0.03
(-0.6) (-0.7) (+4.7) (-0.4) (+0.1)
c1 - - - 15.7¢0.02 9.4+0.12 72.7+0.11  1.0£0.21 1.1£0.04 0.4+0.00
(-0.5) (+6.3) (-2.8) (-1.3) () (-1.6) (-0.3)
c2 - - - 15.21¢0.26  9.5+0.23 72.3:t0.41  1.0%0.01 2.0+0.06 0.4+0.01
(-0.7) (+8.1) (-1.1) (-5.7) (+0.1) (-0.9) -)
Cc3 - - - 16.0£0.19  11.4+ 67.24¢0.14  3.3%0.06 2.0+0.03 0.3 n/a
(+5.3) 0.07 (-3.2) (-0.6) (+0.7) (-1.6) -)
D1 - - - 17.4+0.88 6.5+0.31 75.1+0.73 - 1.0+0.46 0.5+0.06
(-0.2) (+6.1) (-1.8) (-2.6) (-0.3) (1.0) (+0.1)
D2 - - 16.910.22  6.2+0.37 75.5£0.49 - 1.4£0.10 0.4+0.00
(-0.1) (+5.3) (-1.3) (-2.7) (-0.3) (-0.5) (+0.1)
D3 - - - 18.5+0.07  6.0+0.02 74.4£0.10 - 1.1£0.04 0.4+0.01
(+6.7) (-1.4) (-3.7) (-0.3) (-0.9) (+0.1)
E1 - - - 10.0+0.15  1.6+0.01 85.4+0.03 1.6+0.08 1.4£0.19 0.1£0.01
(+8.9) (-0.9) (-7.0) (+0.4) (-1.3) (+0.1)
E2 - - - 8.5+0.13 2.1+0.10 86.1£0.12  1.6+0.18 1.6£0.10 0.1+0.00
(+8.5) (-0.9) (-6.1) (+0.6) (-1.5) (+0.1)
E3 - 3.4+0.05 93.9+0.25 0.84£0.25 1.9+0.23 0.8+0.05
(-1.0) (+1.6) (-0.2) (-0.9) (+0.8)

Of note, the analysis of the fatty acid composition revealed an increase in linoleic acid for all
batches except for the ones of manufacturer B and batch E3. Since linoleic acid is a double
unsaturated fatty acid that can originate from oxidation of oleic acid, oxidative degradation
during storage can be suggested because the increase in linoleic acid occurred upon a
decrease of oleic acid content only. Batch E3 was stored in a brown glass bottle, which should
prevent photo oxidation. Consequently, no formation of linoleic acid was observed in this batch,

supporting the suggested degradation pathway.
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Only three batches, namely A2, A3 and D3, were no longer within the specifications of the
European Pharmacopoeia (Ph. Eur.) due to an excessive content of linoleic acid greater than
18 % (m/m).

4. Conclusion

An UHPLC method for the analysis of polysorbate 80 was successfully optimized for use with
the newest generation CAD resulting in time savings of over 75% and eluent consumption
savings of more than 40%, respectively, while achieving superior LOQs when compared to a
former method run on a conventional HPLC-CAD system. Moreover, the dependence of
detector response on CAD settings was assessed in a systematic approach for a series of
homologous fatty acids ranging from Ci4 to Cqs. It could be verified that the evaporation
temperature of the detector has a significant impact on sensitivity. Furthermore, S/N ratios can
be optimized by the choice of an appropriate evaporation temperature. Modern CAD detectors
allow for the use of an integrated power function value which was evaluated here. Use of the
power function value can drastically improve linearity of response, especially at the lower levels
of the calibration curve. However, a double-logarithmic transformation proved to be superior
and less time consuming for the investigated two order concentration range of rather volatile
analytes. It was shown that linearity of response and limit of quantification vary greatly with
different PFV and evaporation temperature settings. Thus, these two parameters should be
chosen and optimized based on an application’s individual goal and depending on volatility of

the analytes.
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Supplementary material

Table S1. Robustness of the UHPLC method. Percentage recovery rates of a 100 ug/mL solution for

different chromatographic variations.

No variation Temperature (°C ) Flow rate (ml/min) % Mobile Phase B at start % Mobile Phase B at end
225 275 1.44 1.56 74 76 84 86
% Recovery
Alpha-linolenic 100 99 99 101 92 28 98 100 98
Myristic 100 108 109 110 103 104 105 107 110
Linoleic 100 100 101 102 98 102 98 929 100
Palmitic 100 99 97 102 96 98 97 96 96
Oleic 100 99 26 98 9 100 98 929 929
Petroselinic 100 101 97 99 96 96 96 98 98
Stearic 100 100 99 98 97 99 100 97 97
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Fig. S1. Chromatograms and resulting maximum backpressure for variation of flow rate while adjusting

hold and gradient time by the ratio of flow rates; 10 pL injection of a 50 ug/mL oleic acid (65 88% purity)

and margaric acid solution; elution order: 1: linoleic acid, 2: palmitic acid, 3: oleic acid, 4: petroselinic

acid, 5: margaric acid, 6: stearic acid.

60

w B u
=] =] =]

RSD response factor [%]
[
(=]

10

0.7

e
L]
L)
a
. ®
] ° [
o ]
® - ol
® ®
L ]
. ® ] ™
[ ] ° []
° 4 °
o . L 8
. [ ]
e e
0.8 0.9 1 G Bl L 1.2 1.3 1.4 15 1.6

power function value

@ myristic acid

® oleic acid

@ palmitic acid

petroselinic acid

margaric acid

@ linoleic acid

@ stearic acid

@ alpha-linolenic acid
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Fig. S3. Residual plot of the relative amount deviation for each calibration level for Ig-lg transformation
at 30 °C evaporation temperature and a PFV of 1.0 (n = 5).
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Abstract

The charged aerosol detector (CAD) is the latest representative of aerosol-based detectors
that generate a response independent of the analytes’ chemical structure. This study was
aimed at accurately predicting the CAD response of homologous fatty acids under varying
experimental conditions. Fatty acids from C12 to C18 were used as model substances due to
semivolatile characterics that caused non-uniform CAD behaviour.

Considering both experimental conditions and moleculardescriptors, a mixed Quantitative
Structure-Property Relationship (QSPR) modeling was performed using Gradient Boosted
Trees (GBT). The ensemble of 10 decisions trees (learning rate set at 0.55, the maximal depth
set at 5, and the sample rate set at 1.0) was able to explain approximately 99% (Q2 0.987,
RMSE: 0.051) of the observed variance in CAD responses. Validation using an external test
compound confirmed the high predictive ability of the model established (R?: 0.990, RMSEP:
0.050). With respect to the intrinsic attribute selection strategy, GBT used almost all
independent variables during model building. Finally, it attributed the highest importance to the
power function value, the flow rate of the mobile phase, evaporation temperature, the content
of the organic solvent in the mobile phase and the molecular descriptors such as molecular
weight (MW), Radial Distribution Function - 080/weighted by mass (RDF080m) and average
coefficient of the last eigenvector from distance/detour matrix (Ve2_D/Dt).

The identification of the factors most relevant to the CAD responsiveness has contributed to a
better understanding of the underlying mechanisms of signal generation. An increased CAD
response that was obtained for acetone as organic modifier demonstrated its potential to

replace the more expensive and environmentally harmful acetonitrile.
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1. Introduction

Among the various detectors used in high-performance liquid chromatography (HPLC), the UV
detector is frequently referred to as the workhorse, being predominantly employed for quality
control purposes and routine analysis. Though characterized by high a sensitivity, a broad
linear dynamic range, and a user-friendly application, the prerequisite for the usage of the
detector is the existence of UV absorbing structural features of the analytes known as
chromophores, such as aromatic ring systems or conjugated double bonds. Thus, the detector
suffers from poor sensitivity toward analytes lacking suitable chromophores like fatty acids and
sugars. This shortcoming can be addressed by using universal detection techniques instead,
e.g. aerosol-based detection techniques [1]. The most recent aerosol-based detector, the
charged aerosol detector (CAD), stands out in terms of response uniformity due to its unique
principle of detection. In contrast to the other aerosol-based detectors, the analyte particles
obtained from evaporation of aerosol droplets that were previously generated by nebulization
of the mobile phase, are charged by diffusion processes independent of the particle
characteristics [2]. In comparison, the refractive index and thus the analyte characteristics
comprising the dried particle is critical for the measurement of the light dispersion in
evaporative light scattering detection (ELSD). This difference results in higher uniformity in
CAD response compared to ELSD [3,4]. Condensation nucleation light scattering detection
(CNLSD) dependence on particle characteristics is even more pronounced, further reducing
response uniformity [5,3]. However, the response of the CAD is not truly uniform, as a mobile
phase gradient, the analyte volatility, salt formation, and the analyte density also have an
impact on signal generation [2]. Thus, the molecular properties of the analytes as well as the
chromatographic conditions must be considered when developing methods to achieve uniform
response of the analytes. Several approaches have been reported aimed at generating uniform
CAD response, including the application of inverse gradient programs [6] and the
establishment of models describing the influence of experimental parameters [7]. However,
there is little evidence on the predominant analyte-related and experimental factors influencing

CAD response when investigating a set of structurally similar analytes of varying volatility.

In this study, a homologous series of chromophore-deficient fatty acids (Fig. 1) was selected
to evaluate the influence of experimental parameters and molecular properties on the CAD
response. Despite their similar structure, the molecular properties of the fatty acids, e.g. the
volatility, vary as a function of chain length (Fig. 1). Thus, a comprehensive model accurately
describing the influence of the chain length of the fatty acids on the CAD signal would
contribute to a better understanding of the underlying mechanisms of signal generation. Such
a mathematical tool could reliably estimate the most significant molecular characteristics
contributing to the higher CAD responsiveness. To enable drawing valid conclusion on the

influence of the experimental and molecular parameters on CAD response of the selected fatty



RESULTS - QSPR 53

acids, a Mixed Quantitative Structure-Property Relationship (QSPR) approach was applied.
The QSPR model was built with the aid of a Gradient Boosted Trees (GBT) machine learning
algorithm (MLA). GBT algorithms combine predictors in a sophisticated manner that can reveal
complex patterns that other techniques may miss. GBT utilizes boosting as a technique of
building predictive models of elevated complexity that can be superior to other MLAs such as
Artificial Neural Networks (ANNSs) that were used in similar QSPR studies [8]. Thus, a mixed
GBT-QSPR model was employed to accurately describe the influence of experimental
parameters and molecular properties on the CAD response. The most significant factors were
then evaluated comparing their individual impact on the CAD response. Special emphasis was
placed on the environmentally friendly alternatives, acetone and ethanol (EtOH), to the more
commonly used organic solvents acetonitrile (ACN) and methanol (MeOH). By validating the
effectiveness of green solvents, CAD’s potential to be employed in green chromatography [9]

could be demonstrated.

Vapor Pressure: 7.22e-07 mmHg
Vapor Pressure: 1.60e-05 mmHg Boliling Point: 383.0°C
Boliling Point: 298.9°C

o o}

Ho)k/\/\/\/\/\cr—g Ho)k/\/\/\/\/\/\/\/\u-g

Lauric acid

Vapor Pressure: 1.40e-06 mmHg
Boliling Point: 326.2°C

(o}
HO)J\/\/\/\/\/\/\CH3

Myristic acid

Vapor Pressure: 3.80e-07 mmHg
Boliling Point: 351.5°C

HOJ\/\/\/\/\/\/\/\%

Palmitic acid

Vapor Pressure: 6.23e-08 mmHg
Boliling Point: 363.8°C

Margaric acid

Fig. 1. Structural formulas of the seven fatty acids utilized as model substances, with the corresponding

vapor pressure and boiling point values.
2. Materials and methods

2.1. Chemicals and reagents

Lauric acid (98%), linoleic acid (= 99%), margaric acid (= 98%), myristic acid (= 99%), oleic

acid (2 99%), palmitic acid (= 99%), and stearic acid (= 98.5%) as well as formic acid (98-
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100%), HPLC plus grade acetone, HPLC gradient grade acetonitrile (ACN), HPLC grade
ethanol (EtOH), and HPLC gradient grade methanol (MeOH) were purchased from Sigma
Aldrich (Steinheim, Germany). Ultra-pure deionized (DI) water was delivered by a Milli-Q®

system (Merck, Darmstadt, Germany).

2.2. Instrumentation

The experiments were performed on a Thermo Scientific Vanquish™ Flex modular
chromatographic system (Thermo Fisher Scientific, Germering, Germany) consisting of a
binary pump with online degasser, a thermostatted split sampler, a thermostatted column
compartment with passive pre-heater, and a variable wavelength detector in-line with a
Vanquish™ Horizon CAD. The CAD was supplied with nitrogen gas from an ESA nitrogen
generator (Thermo Fisher Scientific) connected to the in-house compressed air system. The
HPLC instrument was controlled and runs were processed using the Chromeleon® Data

System Version 7.2.6 software program (Thermo Fisher Scientific).
2.3. Preparation of solutions

Stock solutions of the fatty acid standards were prepared by accurately weighing 5.0 mg of the
respective fatty acid and dissolving in acetone, ACN, EtOH, and MeOH, respectively. The stock
solutions were diluted to a concentration of 50 ug/mL with a mixture of DI water and organic
solvent in proportions equivalent to the mobile phase composition used according to the

experimental plan in each case (Table S1, hosted by figshare [10]).
2.4. Flow injection analysis (FIA)

The outlet capillary of the Vanquish™ sytem’s injection valve was linked to the inlet capillary
of the UV detector by a connector (Viper™ union, Thermo Fisher Scientific) to perform the FIA
at sufficient back pressure. Isocratic runs with a runtime of 2 min, an injection volume of 10 ul,
and flow rates of 0.5 mL/min, 1.0 mL/min, and 1.5 mL/min, respectively, were carried out. The
temperature of the column chamber was held constant at 25 °C, while the mobile phase
consisted of 0.1% (v/v) formic acid in DI water and 0.1% (v/v) formic acid in either acetone,
ACN, MeOH, or EtOH in various proportions (75%, 82.5%, 90% (v/v) organic solvent)
according to the experimental plan (Table S1, hosted by figshare [10]. Prior to each new run,
the system was equilibrated for 5 min at the upcoming mobile phase conditions. When
switching the organic solvent, the system was flushed for at least 30 min at the upcoming
mobile phase conditions until a stable baseline was obtained. CAD was employed for the
detection of the fatty acids with the instrumental settings evaporation temperature (24 °C,
36 °C, 48 °C) and power function value (PFV) (0.8, 1.2, 1.6) being altered according to the

experimental plan (Table S1 [10]), whereas the filter constant was maintained at 1.0 s.
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2.5. Selection of the experimental variables and their design levels

To evaluate the influence of various experimental parameters on the CAD response, screening
experiments by FIA based on a 2°~! fractional factorial design (FFD) were performed. The
selected factors and their corresponding ranges were as follows: the organic solvent’s content
in the mobile phase (70% — 90%, v/v), the flow rate of the mobile phase (0.5 mL/min —
1.5 mL/min), the evaporation temperature (24 °C — 48 °C), the PFV (0.8 — 1.6), and the filter
constant (1 s — 5 s). The FIA experiments were conducted with four different organic solvents,
namely ACN, MeOH, acetone and EtOH. In order to estimate the experimental error,
4 additional runs at the central point of the experimental domain were included in the FFD plan.
With lauric acid, palmitic acid, and stearic acid representing the low, medium, and high levels
of the set of analytes investigated, 20 experiments with 4 different solvents were performed in
a randomized order for each fatty acid. The significance of the examined factors’ influence was

assessed using Student’s t-tests and Pareto diagrams.

Response surface methodology (RSM) was subsequently employed for the thorough
description of the experimental domain. The selection of parameters investigated with their
respective ranges was based on the results of the screening phase, except for the content of
the organic solvents. Their low levels were increased from 70% to 75% v/v, respectively, due
to the insufficient solubility of stearic acid in higher aqueous proportion. The statistically
significant factors derived from the screening experiments were varied according to the
experimental plan created by Central Composite Design (CCD). Within the experimental plan,
the type of the organic solvent used was coded by assigning the numbers 1-4 to ACN, MeOH,
acetone and EtOH, respectively. The plan of the CCD is depicted in Table S1 of the
Supplemental Material [10]. The filter constant was maintained at 1 s, since it did not
significantly influence the CAD response. The RSM experiments were carried out in random

order. The magnitude of the CAD response was studied as the system’s response.

Design-Expert 7.0.0. (Stat-Ease, Inc., Minneapolis, USA) was used to construct the 25~ FFD

and the CCD experimental plans.

2.6. Computation of the molecular descriptors

The chemical structures of lauric acid, myristic acid, palmitic acid, margaric acid, stearic acid,
oleic acid, and linoleic acid were sketched in ChemDraw Ultra 8.0 software (PerkinElmer,
Massachusetts, USA). Each structure was subjected to geometry optimization using the semi-
empirical MOPAC/PM3 method in Chem 3D® Ultra 8.0 (Cambridge Soft Corporation,
Cambridge, USA). The compounds’ conformations with the minimum energy were used to
calculate physico-chemical, topological, geometrical, and spatial structural descriptors in

Dragon 6.0.7. software (Talete srl, Milano, ltaly). To prevent potential correlation issues,
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descriptors that were strongly correlated to the other descriptors (using a correlation coefficient
|r| > 0.90), descriptors with constant values (RSD <5%), i.e. descriptors that were not
available for all analytes were excluded. After this step, the set of several thousand descriptors

originally calculated was reduced to 60 molecular descriptors.

2.7. Exploratory analyses

Basic statistics (mean, min, max, etc.) of each feature are described in Table S2 of the
Supplemental Material. The range (max - min) for the experimental factors was chosen to
ensure the satisfactory CAD response of the tested compounds. Due to the DoE approach
used and symmetrical placement of -1 and +1 levels around nominal (0) level, the mean and
median were exactly the same for these attributes. As for other attributes (molecular
descriptors), descriptive statistics was determined by the structure of the analytes. For
instance, the higher representation of C18 than C12-C13 fatty acids in the dataset caused the
MW descriptor to have a greater median than the mean. In the same way, other reported

statistics was as expected. Also, no missing data were observed.

2.8. Calculation of the skewness coefficients

Skewness coefficients were obtained from the SKEW function in Excel 2010 (Microsoft Office,
Redmond, Washington, USA). By the means of the SKEW function, skewness G, of sample S

containing n number of random variables x is estimated as follows (Eq. 1):

Gy =y ()3 (1)

T -2~ s

In Eq. 1, s is the standard deviation of a data set S, while x is the mean. It should be applied
only if n >2. The skewness coefficients were calculated separately for the training and the test
data.

2.9. GBT algorithm

Decision tree (DT) is a machine learning algorithm that splits a feature space by which objects
are described, into several different and mutually excluded subspaces by a recursive
partitioning method [11,12]. It is usual accompanied by a tree-like diagram that displays
different outcomes from a series of decisions. Among the available range of techniques utilized
for real-world data, DT is favored for its easiness of interpretation and elegant ability to work
with missing values [13-15]. Additionally, DT is capable of dealing with extensive datasets and

neglecting redundant descriptors, which makes it quite useful in QSPR model building [16].

On the other hand, DTs are characterized as weak learners. Additionally, even a slight change
within the training set could lead to a major change in the algorithm topology, making DTs

unstable classifiers. Therefore, a concept of building additive tree structures based on
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ensemble learning has been adopted [16,17]. Ensembles that probably achieve better
predictive performance than individual constituent (base) algorithms are typically generated by
using boosting and bagging techniques. GBT utilize boosting as a technique of building
predictive models of elevated complexity. Boosting is regarded as one of the most powerful
ideas introduced in the last few decades within the machine learning domain [18]. Within
particular concept, the individual (base) algorithms are combined in a sequence in order to
provide a solution to a demanding computational problem. Prevention of mutual correlations
between trees, induced by the engagement of the same training set, is managed using certain
“penalties”. These penalties, by repeatedly modifying original data, put emphasis on the errors
made by the previous algorithms and, consequently, facilitate the process of learning for the
currently added tree. At each step, the model employs the algorithm that best fits the current
residuals. This process is usually repeated many times. During each step, parameters of
existing trees are kept unchanged, giving rise to so-called stage-wise additive modeling. The

purpose of this approach is to reduce the risk of overfitting.

In order to detect the residuals, a loss function is used. GBT sequentially combines DTs in way
that each new added instance minimizes arbitrarily chosen, differentiable loss functions in
descent gradient fashion. In terms of mathematical principles, GBT model can be presented

using Eq. 2:

fix) = fii1() + vw;Gi(x); 0<v<1 (2)

In the Eq. 2 fi(x) and f;_;(x) are models constructed at iteration i and i — 1, respectively.
The term denoted as w; represents weight (“penalty”) while v is a regularization parameter —
shrinkage or learning rate. The lower the learning rate, the slower the model learns. At the
same time, it achieves better performance in terms of accuracy. However, if the learning rate is
low, more trees are needed to be included in the ensemble. Engagement of too many trees
indicates a high risk of overfitting. The identification of G;(x) required to be added to the model

is the primary optimization problem.
2.10. Predictive modeling workflow

A QSPR modeling workflow was created using the Rapidminer Studio 9.1.000 (RapidMiner,
Boston, MA, USA) software. The data related to margaric acid were excluded from the primary
set and used as external test set. The remaining data were divided into 10 subsets of equal
size by the Cross Validation Operator. This is a nested Operator that has two subprocesses.
Inside the first subprocess of the Cross Validation Operator, the GBT algorithm was trained on
9 of the 10 subsets. The trained model was then applied in the second subprocess where its
performance was measured. The omitted subset was used as an input of the testing stage.

This procedure was repeated 10 times, so that each subset was used one time as a test set.
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The overall model's performance was estimated by averaging the results (cross-validation
correlation coefficient, Q% and root mean squared error, RMSE) from 10 iterations. The subsets

used in the Cross Validation procedure were made by shuffled sampling.

After being trained and tested, the GBT-based QSPR model was applied to the external
validation test set of the margaric acid data using the Apply model operator. The actual
predictive power of a given model was quantified in terms of root mean squared error of
prediction (RMSEP) and R?. The RMSEP and R? estimates were obtained from the
Performance operator. The detailed Rapidminer workflow is available as part of the
supplementary material. The optimal performance of the model was achieved by grid tuning of
hyperparameters, namely the learning rate (0.1 - 1.0, 30 steps); maximum depth (5-10, 6 steps)
and sample rate (0.1 - 1, 9 steps). The number of decision trees (4-20, 9 steps) was adjusted
by a trial-and-error approach. The number of trees was chosen to prevent overfitting. All

hyperparmaters were adjusted to reduce the RMSEP.
3. Results and disscussion
3.1. Selection of the fatty acids investigated

The uniform response of the CAD for non-volatile analytes has been demonstrated in multiple
studies [19,7,20]. Thus, the selection of semi-volatile and non-volatile fatty acids that are
structural homologues but differ significantly in their response was essential to develop a
model that could accurately predict the CAD response based on a mixed model including the
response-determining molecular descriptors. Previous studies on the CAD response of fatty
acids revealed a pronounced decline in the response of myristic acid (C14) compared to its
structural homologue palmitic acid (C16) [21]. With respect to this preliminary observation, fatty
acids ranging from lauric acid (C12) to stearic acid (C18) were selected as test substances
due to their estimated differences in CAD response. The differences in response were evident
when comparing the average response values obtained for each fatty acid from the CCD based
FIA runs as depicted in Table S1 [10]. Going from lauric acid (C12) to stearic acid (C18), the
CAD response increased with the chain length of the fatty acids (Fig. 2).

Interestingly, a pronounced decline in response could be observed between myristic acid (C14)
and palmitic acid (C16), while the response for fatty acids >C16 did not significantly increase.
Thus, fatty acids <C16 can be considered as semi-volatile compounds. These results strongly
indicated the need for a mixed model as was employed here to include the molecular properties

of the fatty acids in the modeling of the CAD response.
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Fig. 2. Average CAD response for the fatty acids investigated obtained from FIA. The fatty acids are
coded with their respective number of C-atoms. The degree of unsaturation is indicated in brackets

where applicable.
3.2. DoE assisted development of the QSPR dataset

Design of experiments (DoE) is used to test versatile hypotheses in efficient manner. Within
the DoE concept, independent variables (factors) are systematically varied in order to draw
conclusion about factors’ influences toward the target response [22]. In this study, DoE was
utilized with a two-fold purpose. To examine the impact of the five pre-selected experimental
factors and their possible interactions on the response of interest using DoE, it was necessary
to conduct 32 (2°) screening experiments. However, with the general goal of preserving all
possible resources in the first phase, it was decided to fractionalize the experimental plan.
Application of FFD allowed valid conclusions to be drawn with only 16 experiments per
4 different organic solvents. In the screening stage, the CAD responses were measured for
three fatty acids (lauric acid, palmitic acid, and stearic acid). In accordance with their structural
characteristics, lauric, palmitic and stearic acid were the representatives of the tested
compounds. Therefore, in dependence of the fatty acid’'s chain length, estimated CAD
responses could be at low, medium, or high level. According to the applied tests, the most
significant experimental parameters toward CAD response were the type of the organic
solvent, its proportion in the mobile phase, the flow rate of the mobile phase, the evaporation

temperature, and the PFV.

The usage of 2°~! FFD enabled a preliminary assessment of the QSPR model’'s performance
that was subsequently conducted. Namely, if no screening has been carried out and an

insignificant experimental variable (filter constant) had been included in the model
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development, the GBT algorithm would have been loaded with identical cases in the training
phase. The use of identical cases (that is, examples that differ in the values of insignificant
factor) in the learning stage would likely lead to an overestimation of the QSPR model’'s

predictive ability.

In the following CCD experiments, the examined levels of significant factors were retained from
the screening stage along with the obligatory addition of a central level. As an exception, the
low value of the organic solvents’ volume fraction was increased from 70% to 75% (v/v) due
to the precipitation of stearic acid at 70% MeOH (v/v) proportion. The insignificant parameter
filter constant was maintained at 1 s since it was associated with the lowest background noise.
The CCD experiments were carried out in random order to minimize the effects of

uncontrollable variables.

Significant factors and a combination of their values according to CCD are incorporated in

Table S1 [10], together with the results of the experiments.

3.3. Distribution of the outcome variable

Prior to the statistical analysis, the distribution of the experimentally obtained CAD responses
was examined. Therefore, the skewness coefficient of the distribution was calculated in
accordance with Eq. 1. In numerical terms, the skewness of a normal distribution is
approximately zero. If the given coefficient is less than -1 or more than +1, the distribution is
highly skewed, while the distribution is moderately skewed if the coefficient is between -1 and
-1/2 or between +1/2 and +1. Positive coefficients indicate positive skewness and vice versa
[23,24].

From the machine learning perspective, a highly skewed distribution could impair the predictive
performance of the models developed. This claim finds its support in the fact that machine
learning algorithms try to minimize the prediction error by learning to predict the response in
the densest region of endpoints. As an implication of this concept, it is less likely that these
algorithms will successfully predict the response of those endpoints that do not reside in the
densest area. The usual strategy for addressing this issue is the transformation of the skewed

variable, that is, the application of the same function to each of its values [25].

Here, the target variable showed a highly skewed distribution with a skewness coefficient of
+1.8 calculated from Eq. 1 (Fig. S1a of the Supplemental Material). Common transformations
applied to positively skewed data include logarithmic, square-root, and cube-root
transformation [25-29]. Given how logarithmic, square-root, and cube-root transformed data
displayed a skew of -0.70, 0.79, and 0.36, respectively, it was decided to use the latter
transformation in the QSPR model construction. Fig. S1b of the Supplemental Material shows

the distribution of the target response after applying the cube root transformation to each value.
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3.4. QSPR modeling

The aim of this study was to develop a QSPR model that could predict the CAD response of
fatty acids showing different volatility in a certain experimental domain with satisfying accuracy.
In addition, the identification of the most important experimental and response-determining
structural features would contribute to a comprehensive and mechanistic understanding of

signal generation.

The QSPR model was built by linking the molecular descriptors computed for 6 fatty acids
representing semi-volatile and non-volatile compounds to their CAD responses via GBT. The
responses were measured under 25 different experimental conditions for each of the four
organic solvents. As stated in section 3.3, the output values were transformed using the cube-

root (see Table S1 [10]) to remove the skewness from the experimental data.

To demonstrate the validity of the applied modeling approach, a conventional QSPR model
and a RSM model that solely linked the experimental parameters to the transformed CAD
responses were developed simultaneously. The competing models, however, showed poor
predictive performance compared to established mixed QSPR model. These results supported
the assumption that the CAD response depends on both the experimental parameters and the
molecular properties of the tested compounds. Hence, only the inclusion of both independent
variables in the model provided a large rate of explained variance as well as enough

observations that could be used in the process of training a machine-learning algorithm [30,8].

However, before any model can be used in practice, the reliability of its application must be
confirmed by different validation procedures [31]. In this study, the GBT-based mixed model
was validated via 10-fold cross-validation and, in addition, by an external validation set. The
predictive ability of the developed QSPR relationships was evaluated using data related to
margaric acid, which were not employed in the model generation. The test analyte was chosen
with respect to its structural properties at the intermediate level of the fatty acids investigated
and due to its similar distribution of CAD responses compared to the training set. The obtained

responses for margaric acid were also included in Table S1 [10].

GBT was used as model building technique due to beneficial intrinsic attribute selection
strategy and a pronounced ability to predict a target value that was close to the true response
value for the given observations. The GBT-based QSPR model with the learning rate set at
0.55, the maximal depth set at 5, and the sample rate set at 1.0, showed satisfactory
performance in terms of low RMSE, i.e. RMSEP and high Q?, i.e. R? values. By using the
significant experimental parameters and descriptors listed in section 3.5., the ensemble of
10 DTs was capable to explain approximately 99% (Q?: 0.987, RMSE: 0.051) of the observed
variance in CAD responses. Low RMSE values of 0.050 and high R? values of 0.990 for the
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external validation set suggested the high predictive ability of the model developed. The
consistency of the 10-fold CV with the external validation results clearly indicated that no
overfitting occurred in the learning stage. The performance statistics are summarized in Table

S3 of the Supplemental Material.

Considering that the QSPR model development involved cube-root transformed output data, it
was decided to examine whether the model’'s performance was retained for the back
transformed response values. In this regard, the correlation between the measured and the
predicted CAD responses for the validation data set is visualized and presented in Fig. 3a. It
can be noticed that there are few endpoints (with values of CAD response between 6 and 14)
that have been poorly predicted by the GBT-QSPR model. It is possible that an estimation
error occurred due to the utilized set of attributes. In other words, a different set of input
variables might be able to better distinguish responses within the given range. It is equally
probable that GBT did not show the best adaptation to the generated data and that some other
machine learning algorithms could more accurately learn the patterns contained in the
experimental results. Nonetheless, a comprehensive analysis of the observed phenomenon is

going to be the subject of prospective studies.
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Fig. 3a. Regression plot of the optimized GBT-QSPR model. Fig. 3b. Residual plot of the optimized
GBT-QSPR model.
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To provide a more detailed discussion on the predictive performance of the developed model,
the residuals of GBT regression were visually inspected. The residual plot (Fig. 3b) shows the
distribution of overestimated and underestimated CAD responses. Ideally, all residuals should
be small; this would indicate reasonable underlying assumptions and appropriateness of the
fitted model [32]. As can be seen, the predictions met this criterion for low CAD response
values (up to 4). However, as the fitted values increase, the residuals tend to deviate more
from the 0% error line. Due to the investigated ranges of experimental variables, and,
consequently, a much smaller number of observations with larger values of CAD response,

this result was somewhat expected.
3.5. Significant features

In general, the model developed by GBT found non-linear patterns of molecular descriptors
and experimental parameters that predicted the CAD response of the fatty acids investigated
relatively well. However, the provided accuracy came at the cost of low interpretability. In order

to address this issue, the variable importance tool was used.

With the intrinsic strategy of attribute selection, the GBT algorithm makes use of all
independent variables available while forming the model [33]. The attributes with the highest
scaled importance were considered as most relevant toward the CAD response of the fatty
acids investigated. The ten attributes (y-axis) with the highest scaled importance (x-axis) in

descending order are shown in Fig. 4.
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RDF080m
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Evaporation Temperature

Type of the organic solvent
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Fig. 4. The independent variables (y-axis) and their importance (x-axis) toward CAD response.

As it can be seen, GBT assigned great importance to the PFV, the flow rate of the mobile
phase, and the molecular descriptors molecular weight (MW), Radial Distribution Function -
080 / weighted by mass (RDF080m) and average coefficient of the last eigenvector from

distance/detour matrix (Ve2_D/Dt). It should be noted that the signal generation of the CAD
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was also influenced by the CAD’s evaporation temperature and the proportion of the organic
solvent in the mobile phase, but to a much lesser extent. The impact of the significant factors
on the CAD response is addressed thoroughly below, including graphical representations of
the found patterns. The graphs provided are also part of a strategy to increase the

interpretability of the GBT-based model.
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Fig. 5. Graphs showing the relationships between the predicted CAD response and a) flow rate
b) evaporation temperature c) type of organic solvent: 1 — ACN; 2 — MeOH; 3 — Acetone; 4 — EtOH

d) the content of organic solvent in the mobile phase (v/v).

The PFV setting raises the CAD’s raw signal current to a specified power, thereby altering the
signal output of the detector [34,35,2]. PFV other than the default value of 1.0 can be applied
to improve the detector’s linearity in the range of interest [2]. Therefore, its influence on the
CAD’s response is evident (Fig. S2 of the Supplemental Material), as the signal is directly
modified by the respective PFV, which could be confirmed by its scaled importance value of
1.0. Thus, despite no additional information on the underlying mechanisms of signal generation
was obtained here, the result supports the validity of the applied model. The influence of the
flow rate being the most important among the chromatographic parameters toward CAD
response was in line with the principle of function of the detector. Low mobile phase flow rates

produce initial droplets of smaller size; thus, their evaporation is sped-up compared to larger
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droplets, which is beneficial for the subsequent detection process [36,37]. Consequently, the
CAD response of all fatty acids examined increased with flow rate reduction (Fig. 5a). Besides
the two most influential parameters, the evaporation temperature, as one of the adjustable
CAD settings, also had an impact on the CAD response. The evaporation temperature setting
can be altered to adjust the selectivity of the detector toward a certain analyte dependent on
its volatility [2]. Hence, low evaporation temperatures lead to a broader detection range due to
the improved detection of semi-volatile analytes. The optimal evaporation temperature for a
certain analyte requires experimental optimization, as the background noise of the CAD also
changes with evaporation temperature due to enhanced evaporation of mobile phase
impurities. However, at higher evaporation temperatures, analytes with semi-volatile
characteristics, such as the short/medium chain fatty acids lauric acid and myristic acid, are
expected to suffer a substantial loss of response [21]. Therefore, lower evaporation
temperatures are contributing to enhanced CAD response for these fatty acids, and,

consequently, could result in improved S/N (Fig. 5b).

Among the organic solvents commonly used with the CAD, ACN and MeOH are the
predominantly applied solvents. The properties of the organic solvents applicable to the CAD,
e.g. their low surface tension and viscosity, are beneficial for enhancing the detector’s
response due to the more efficient nebulization and aerosol transport processes compared to
aqueous solvent [2]. In the current study, four different solvents were investigated, namely
ACN, MeOH, acetone and EtOH. Fig. 5c illustrates that there were no remarkable differences
toward CAD response obtained with the different solvents. However, slightly higher CAD
responses were obtained with acetone in comparison to the remaining solvents. This
observation is in accordance with the properties of the organic modifier, since acetone has the
lowest viscosity and highest vapor pressure among the organic solvents investigated, which
promotes efficient nebulization and evaporation. The use of inexpensive and environmental
friendly acetone in experiments with CAD (instead of ACN) was previously suggested by
Hutchinson et al. [38]. Apart from the response-enhancing properties of the solvent itself, the
content of the organic solvent in the mobile phase also influences the magnitude of response
generation. The organic solvent content in the mobile phase was varied in a rather small range
from 75% to 90% (v/v) in our experiments due to solubility issues of some fatty acids at higher
aqueous proportions. In addition, the separation of fatty acids is often achieved using mobile
phases with high organic contents on C18 stationary phases [39,21]. The CAD response did
not notably change with organic solvent content, which was somewhat expected. Slightly
higher CAD responses were obtained with 90% (v/v) of organic solvent in the mobile phase
(Fig. 5d), but the investigated range was too narrow for significant results. However, the

influence of the organic content on CAD response has been evaluated in multiple studies and
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can therefore be regarded as evident [38,40,37]. It must be kept in mind, that the variation of

the organic content in the mobile phase is limited due to the separation of analytes.

A significant feature of the so-called universal detectors that justifies their use instead of the
commonly applied UV detector, is the minor influence of the physicochemical properties of the
analytes on the response. In fact, a relatively uniform response for non-volatile analytes has
been demonstrated for the CAD in numerous studies [19,7,20]. However, there might be
analyte-related properties influencing the CAD’s response at constant experimental settings,
such as the density of the compounds, their charge, the hydrogen bond donor capability [41],
and the number of electronegative atoms [8]. Consistent with these assumptions, the results
of the study performed indicate that there are indeed certain molecular properties influencing

the CAD responsiveness.

Among the molecular properties that may have an impact on the response of aerosol-based
detectors, the volatility of a compound, which is often characterized by its vapor pressure or
boiling point, can be regarded as the most significant property toward detector responsiveness
due to the mandatory evaporation step in the detection process of all aerosol-based detectors.
The volatility of an analyte is strongly affected by its molecular weight [2]. Thus, the great
importance attached to the MW descriptor by GBT is in accordance with the volatility
requirements as stated above. However, there are no distinct limits determining the analyte as
volatile, and, additionally, the volatility also depends on the experimental conditions, such as
the CAD’s evaporation temperature or the formation of less volatile salts with mobile phase
additives [2]. While the response for analytes with low molecular weight tends to be decreased
and non-uniform due to their relatively high volatility, the response for analytes with a molecular
mass >300 Da can be regarded as independent of volatility and more uniform [42]. Fig. 6
confirms the positive correlation between molecular weight and CAD response, in case of the
homologous fatty acids. As illustrated, the CAD response increases with chain length and thus

molecular weight of the fatty acids.
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Fig. 6. Effect of the MW of the fatty acids investigated on the CAD response.
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RDF080m, the most significant among the utilized descriptors, belongs to the class of Radial
Distribution Function (RDF) molecular descriptors. It represents a three-dimensional mass
distribution calculated at a radius of 8 A from the center of a geometrical representation of the
molecule. The high importance of this descriptor points out a high contribution of steric factors
at the radius of 8 A from the molecules’ geometrical center to the observed response [43]. The
different distance of the carboxyl groups from the geometrical center of the molecules
investigated is most likely responsible for the distinct differences in CAD response
corresponding to the chain length of the fatty acids. The respective distance of the carboxylic
group from the geometric center of the fatty acids ranges from 4.77 to 10.52 A. Stearic acid
(C18) with a carboxyl group furthest from the geometric center showed the largest CAD
response. It is followed by the response of margaric (C17, 9.36 A) and palmitic acid (C16,

9.28 A). The geometric center and its distance (Du) from the carboxyl group are shown

exemplarily for myristic acid (C14) in Fig.7.

Fig. 7. Geometrical center of the 3D represented myristic acid.

Ve2_ D/Dt is categorized as a 2D matrix-based molecular descriptor. Here, it specifically
defines the average coefficient of the last eigenvector from a distance/detour matrix. Basically,
it indicates that the topological distribution of molecular charge and mass might have some
impact on CAD responsiveness [44]. This descriptor negatively affects the intensity of the CAD

response, according to graph constructed via GBT (Fig. S3 of the Supplemental Material).

4. Conclusions

The influence of the molecular properties and experimental conditions on the observed CAD
response was investigated for a homologous series of fatty acids of varying volatility using a
GBT-QSPR approach. The applicability of the QSPR patterns was studied in a 5-dimensional
experimental space, comprising PFV (0.8 — 1.6), evaporation temperature (24 °C — 48 °C), flow
rate of the mobile phase (0.5 mL/min — 1.5 mL/min), organic solvent (ACN, MeOH, EtOH,

acetone), and content of organic solvent in the mobile phase (70% — 90%, v/v).
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The reliability of the mixed QSPR model was confirmed by the 10-fold cross-validation and the
external validation. The established pattern could explain 99% (Q?: 0.987, RMSE: 0.051) of
the observed variations in CAD responses despite the fatty acids’ significant differences in
volatility, and, thus, response. Low RMSEP values of 0.050 and high R? values of 0.990 for
the external validation set confirmed that the developed model was capable to predict the CAD

response for previously untested structural homologues with satisfying accuracy.

Though the CAD is often referred to as a detector producing a uniform response, the
successfully established mixed model revealed the significance of MW, RDF080m and
Ve2_D/Dt molecular descriptors toward the signal’s magnitude. The joint importance of
molecular weight and evaporation temperature highlighted the dependence of the CAD
response on the volatility of the respective analyte. The high impact assigned to the RDFO80m
descriptor pointed out a significant contribution of steric factors to the generated response.
Due to the importance of the Ve2_D/Dt descriptor, the different CAD response for the fatty

acids can be partially assigned to versatile topological distribution of charge and mass.

The dependence of the CAD response on the operating conditions was once again confirmed.
Thus, an advanced optimization of the corresponding parameters, such as evaporation
temperature and flow rate, is highly recommended. Due to the slightly higher CAD responses
obtained with acetone in comparison to the ACN, MeOH, and EtOH, its usage in CAD methods
could be promising. However, as the elution strength and the background noise also differ
among various organic modifiers, more detailed studies concentrated on method development

are required to make valid conclusions.
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Supplementary material

Table S1. Data table for QSPR model building.
Table S1. is available through Ref [10].

Table S2. Basic statistics of employed features.

First Third

Feature/statistics Min Max Mean Median Quartile Quartile

Organic modifier

content 75.000 90.000 82.500 82.500 75.000 90.000
Flow rate 0.500 1.500 1.000 1.000 0.500 1.500
Evaporation T 24.000 48.000 36.000 36.000 24.000 48.000
Power f 0.800 1.600 1.200 1.200 0.800 1.600
Mw 200.360 284.540 255.470 268.490 228.420 282.520
TIC4 146.692 245.668 191.741 178.274 160.547 240.989
VE2_D/Dt 0.107 0.136 0.118 0.115 0.115 0.117
VE2_B(m) 0.138 0.195 0.170 0.172 0.153 0.190
MATS5m 0.000 0.006 0.003 0.004 0.003 0.004
MATS4v 0.001 0.003 0.002 0.002 0.001 0.003
MATS5v 0.001 0.008 0.003 0.002 0.001 0.003
Eig15_EA(dm) 0.000 0.000 0.000 0.000 0.000 0.000
SPAN 8.800 10.667 9.858 10.087 8.945 10.559
DISPm 13.372 18.961 15.241 14.887 13.492 15.850
DISPv 5.442 7.588 6.923 7.112 6.773 7.510
TDB10m 0.090 0.115 0.106 0.109 0.101 0.114
TDB10v 0.128 0.163 0.151 0.156 0.140 0.162
RDF080m 0.014 1.040 0.498 0.543 0.015 0.832
RDF090m 1.021 3.291 2.285 2.392 1.647 2.970
RDF100m 2.979 7.255 5.352 5.848 3.014 7.166
RDF115m 0.740 2.490 1.476 1.451 0.934 1.788
Mor12u -2.755 -1.421 -2.075 -2.139 -2.344 -1.653
Mor22u 0.885 1.131 1.021 1.023 0.931 1.131
Mor23u -2.589 -2.060 -2.342 -2.328 -2.580 -2.170
Mor26u 0.359 0.530 0.467 0.478 0.440 0.514
Mor32u -0.537 0.283 -0.123 -0.057 -0.486 0.116
Mor10m 0.342 0.749 0.535 0.515 0.489 0.602
Mor15m -0.002 0.173 0.088 0.086 0.048 0.137
Mor24m 0.070 0.258 0.157 0.149 0.142 0.177
Mor29m -0.219 -0.081 -0.139 -0.119 -0.202 -0.093
Mor04v -0.135 1.475 0.490 0.416 0.224 0.546
Mor27v 0.256 0.557 0.480 0.533 0.450 0.554
Mor30v -0.015 0.086 0.033 0.023 -0.001 0.083
Mor08p 0.014 0.176 0.113 0.132 0.076 0.147
Mor11s 0.312 1.379 0.818 0.758 0.562 1.139
Mor22s 2.261 2773 2.558 2.566 2.448 2.735
Mor25s 0.673 2.052 1.169 1.101 0.854 1.234
Mor28s -1.335 -0.925 -1.140 -1.128 -1.321 -1.002
Mor32s -1.578 -0.438 -0.861 -0.811 -0.844 -0.684

G1m 0.147 0.160 0.153 0.153 0.148 0.159
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Table S2. (continued)

G2m 0.169 0.211 0.184 0.181 0.174 0.188
E3m 0.022 0.159 0.075 0.073 0.023 0.104
G2v 0.157 0.200 0.180 0.187 0.163 0.188
G2e 0.156 0.199 0.182 0.182 0.174 0.198
E3e 0.362 0.641 0.480 0.474 0.382 0.549
G2p 0.167 0.310 0.203 0.182 0.174 0.200
G2s 0.148 0.245 0.196 0.203 0.155 0.220
Dv 0.305 0.380 0.337 0.332 0.317 0.357
Dp 0.320 0.387 0.360 0.372 0.335 0.376
Ds 0.472 0.596 0.545 0.548 0.512 0.593
H4u 2.153 3.326 2.717 2.646 2.506 3.023
HATSOv 0.038 0.055 0.047 0.046 0.044 0.052
HATSOp 0.049 0.063 0.056 0.056 0.055 0.060
HATS5p 0.074 0.096 0.084 0.084 0.079 0.086
R1u+ 0.079 0.123 0.103 0.102 0.093 0.119
R3u+ 0.046 0.061 0.052 0.051 0.048 0.055
R4u+ 0.041 0.047 0.045 0.046 0.042 0.046
R5u+ 0.022 0.030 0.026 0.027 0.024 0.028
R4m+ 0.014 0.017 0.015 0.015 0.014 0.015
R1v+ 0.045 0.052 0.049 0.048 0.047 0.052
Rle+ 0.099 0.122 0.111 0.114 0.100 0.116
R3e+ 0.043 0.063 0.052 0.053 0.049 0.054
R7e+ 0.017 0.022 0.019 0.019 0.018 0.019
R1i+ 0.116 0.148 0.136 0.140 0.127 0.144

Table S3. The results of 10-fold CV and external validation

10-fold CV External validation
RMSE 0.051
Q? 0.987
RMSEP 0.050

R? 0.990
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Fig. S1. Distribution of dependent variable a) before cube-root transformation b) after cube-root
transformation.
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Fig. S2. Graph showing the relationships between the predicted CAD response and the PFV.
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Abstract

Charged aerosol detection (CAD) is a universal technique in liquid chromatography that is
increasingly used for the quality control of drugs. Consequently, it has found its way into
compendial monographs promoted by its simple and robust application. However, the
response of CAD is inherently nonlinear due to its principle of function. Thus, easy and rapid
linearization procedures, in particular regarding compendial applications, are highly desirable.
One effective approach to linearize the detector’s signal makes use of the built-in power
function value (PFV) setting of the instrument. The PFV is basically a multiplication factor to
the power law exponent of the equation describing the CAD’s response, thereby altering the
detector's signal output to optimize the quasi-linear range of the response curve. The
experimental optimization of the PFV for a series of analytes is a time-consuming process,
limiting the practicability of this approach.

Here, two independent approaches for the determination of the optimal PFV based on an
empirical model and a mathematical transformation in each case, are evaluated. Both
approaches can be utilized to predict the optimal PFV for each analyte solely based on the
experimental results of a series of calibration standards obtained at a single PFV. The
approaches were applied to the HPLC-UV-CAD impurity analysis of the drug gabapentin to
improve the observed nonlinear response of the impurities in the range of interest. The
predicted optimal PFV of both approaches were in good agreement with the experimentally
obtained optimal PFV of the analytes. As a result, the accuracy of the method was significantly
improved when using the optimal PFV (90 — 105% versus 81 — 115% recovery rate for
quantitation by either single-point calibration or linear regression) for the majority of the
analytes. The final method with a PFV adjusted to 1.30 was validated with respect to ICH
guideline Q2(R1).
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1. Introduction

The charged aerosol detector was commercially introduced in 2005 [1] as an alternative to
other aerosol-based detection techniques in liquid chromatography, e.g. evaporative light
scattering detection (ELSD) [2], or condensation nucleation light scattering detection (CNLSD)
[3]. With its user-friendly application and a comparatively high reproducibility [4-7], the detector
has increasingly found recognition in the field of pharmaceutical quality control [8-13], often
replacing low sensitivity methods for the detection of non-chromophoric analytes (detection
wavelength <200 nm). Consequently, the CAD has been introduced into the European
Pharmacopoeia (Ph. Eur.) for the compendial related substances test of the drugs vigabatrine
and topiramate [14, 15]. One drawback of the detection principle that is shared by all aerosol-
based detectors, is the inherently nonlinear response. Since data integrity has become an
essential element in the highly regulated environment of a quality control lab nowadays, the
subsequent transformation of data for linearization purposes can be troublesome, or even
prohibited. Thus, the calibration model that accurately describes the response—amount
relationship of a certain analyte should preferentially be as simple as possible. A linear
response—amount relationship is of particular importance when the quantitation of an analyte
is done by means of relative quantitation procedures — as it holds true for the impurity analysis
methods of the Ph. Eur. [16]. In many cases, the linearity of the CAD’s response is sufficient
over the range of interest, as the reported quasi-linear range of the detector has typically a
magnitude of 102 [17]. However, there may be applications where the response is nonlinear

even over a narrow range, especially at the lower end of the investigated mass range.

In particular, a nonlinear response was observed when developing an impurity analysis HPLC-
UV-CAD method for the drug gabapentin (Table 1) over a concentration range from 0.03% to
0.24% with respect to the concentration of the main component. With the built-in power function
value (PFV) setting of the recent model Vanquish™ Horizon CAD, there is an efficient way to
linearize the response of the CAD so that no further data processing is required. The PFV is a
correction factor that is applied to the exponent b of the equation describing the CAD’s signal

generation (Eq. 1) [17]. Linear response can be assumed when b = 1.0.
A= a(min]’)b (1)

with A being the peak area, a being an analyte specific sensitivity coefficient, and m; is the
injected mass. For b >1, a supralinear response is observed, whereas b <1 indicates sublinear
response of the detector. Since the response of the recent CAD models is sublinear over
almost their entire dynamic range [17], PFV >1 are usually applied to shift the response curve
to more linear regions. However, there may be cases where a PFV <1 can be beneficial to
linearize the response, e.g. semivolatile compounds that show supralinear response at the low

mass range. The most evident approach to determine the optimal PFV for a particular analyte
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is to conduct a series of linearity experiments at various PFV. The feasibility of this approach
is albeit limited by its time-consuming execution and the inaccurate results when not
investigating sufficiently narrow PFV ranges. Another approach for the optimization of the PFV
is based on an empirically derived equation predicting the CAD’s response at any PFV as
proposed by Ahmad et al. [18] to linearize response for the antibiotic amikacin and the
lysophosphatidylcholine 1-stearoyl-sn-glycero-3-phosphocholine, each of which were
analyzed by different chromatographic methods. Assuming the general validity of the equation,
the established constants can be used to estimate the response for any analyte at any PFV
and any chromatographic method, enabling the subsequent evaluation of linearity. This
approach is elucidated in more detail in section 3.1. Besides the aforementioned optimization
strategies, there is also one based on a mathematical transformation. The CAD’s signal can
be subsequently modified by a feature of the Chromeleon™ software (Thermo Fisher

Scientific), allowing for the interpretation of the linearity data at various PFV.

In this work, the two independent PFV optimization approaches described above were used to
predict the optimal PFV for the impurities of gabapentin. The empirical approach of Ahmad et
al. was validated on the most recent CAD model with data originated from a previously
published method for the quantitation of fatty acids in polysorbate [19] and extended by its
application to semivolatile analytes. Alternatively, the mathematical transformation approach
was evaluated. The results of the two approaches were then compared to the experimentally
obtained optimal PFV. To illustrate the benefit of an optimized PFV setting for the impurity
analysis of gabapentin, the accuracy of a method with optimized PFV was compared to a
method with a default PFV setting using either the compendial-favored single-point calibration
or by linear regression for the quantitation of the impurities. The method containing the
optimized PFV as indicated by both optimization approaches was validated with respect to ICH
guideline Q2(R1) [20]. All compendial impurities [21] were separated and quantified in one

chromatographic run using a C8 reversed phase column and UV-CAD detection.
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Table 1. Impurity profile of gabapentin as depicted in the Ph. Eur. [21].

Gabapentin
[1-(aminomethyl)cyclohexyllacetic acid

NH,

OH

Impurity A (reaction product)
2-azaspiro[4.5]decan-3-one

Impurity B (synthesis by-product)
(1-cyanocyclohexyl)acetic acid

Impurity D (synthesis by-product)
[1-[(3-ox0-2-azaspiro[4.5]dec-2- yl)methyl]
cyclohexyl]-acetic acid

Impurity E (reaction product)
1-(carboxymethyl)cyclohexanecarboxylic acid

Impurity G (synthesis by-product)
[1-(2-aminoethyl)cyclohexyl]acetic acid

OH

OH
(0] OH

NH,

OH

2. Experimental

2.1. Chemicals and reagents

Reference standards of the gabapentin impurities A, B, and D were obtained from the

European Directorate for the Quality of Medicines & HealthCare (EDQM; Stralbourg, France),

whereas the standards of the impurities E and G were purchased from Enamine (Riga, Latvia).

The gabapentin samples were available from Polpharma (Warsaw, Poland), ammonium

formate, formic acid, and the fatty acid standards from Sigma Aldrich (Steinheim, Germany).

Ultra-pure deionized (DI) water was delivered by a Milli-Q® system (Merck, Darmstadt,

Germany). HPLC grade acetonitrile (ACN) was supplied from Sigma Aldrich.
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2.2. Apparatus

The HPLC experiments were performed on a Vanquish™ Flex modular chromatographic
system (Thermo Fisher Scientific, Germering, Germany) consisting of a binary pump with
online degasser, a thermostatted split sampler, a thermostatted column compartment with
passive pre-heater, and a variable wavelength detector in-line with a Vanquish™ Horizon CAD.
The CAD was supplied with nitrogen gas from an ESA nitrogen generator (Thermo Fisher
Scientific) connected to the in-house compressed air system. The instrument was controlled
and runs were processed using the Chromeleon® Chromatography Data System Version 7.2.6
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