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Abstract

Charged Aerosol Detector (CAD) is growing in popularity due to its ability to detect non- or
semi-volatile compounds, including those that do not have any UV-chromophores, therefore
invisible to a UV/Vis detector. For CAD, the detection is based on the formation of aerosols
and the response signal is found to be non-linear. Although the detector is designed for (Ultra)
High Performance Liquid Chromatography ((U)HPLC), it has been successfully implemented
in the Supercritical Fluid Chromatography (SFC) system. Due to the non-linear response of
this detector, this study aimed to evaluate various analysis parameters and physichochemical
characteristics of a wide range of compounds, to see what causes this non-linearity and if it's
consistent.

Analyses were performed using a Waters Acquity UPC2r . Instead of a chromatography column,
a static mixer �lled with beads was used, providing turbulent �ow and e�cient mixing of
the SFC mobile phase, CO2, modi�er and an analyte solution. 34 compounds with di�erent
physicochemical properties were used in the study.

The physicochemical properties evaluated were cLogP, number of aliphatic and aromatic hy-
droxyl groups, number of rings within a molecule, number of amine substituents and number
of hydrogen donors and acceptors. The analytical parameters studied were choice of modi�er
(MeOH, EtOH, IPA), modi�er percentage (5, 15, 25, 40%), choice of make-up solvent (MeOH,
EtOH, ACN) and volumetric �ow rate of the make-up (0.5, 1.0, 1.5 mL/min). Design of Exper-
iments (DOE) was used to exclude some of the aforementioned parameters, based on the results
for two test compounds. Excluded were EtOH as a modi�er and make-up and volumetric �ow
rates higher than 0.5 mL/min. Concentration span of analytes was 0.4-21 mM for test com-
pounds and 0.5-25 mM for the remaining ones. Data collection for CAD response signal peak
area was performed using Empowerr 3 and the analysis in terms of correlation evaluation and
orthogonality was performed in Python. Python has also been utilised to compute structural
descriptors. Visualisation was performed with Python, MODDEr 13 and Excel.

To assess linearity, the coe�cient of determination, R2, was used. Detailed investigation was
carried out for compounds and methods with R2<0.8. The in�uence of combined analytical
parameters was also performed. The contribution coming from solvents used to dissolve analytes
was considered as well.

Good linearity was observed for methods where 40% MeOH as modi�er was combined with
MeOH and ACN as make-up and for 40% and 25% IPA as modi�er combined with MeOH as
make-up. Computed structural descriptors for which the CAD response signal showed to be
linear are high number of aliphatic hydroxyl groups, high number of rings within a molecule as
well as either high or low number of hydrogen donors and acceptors. These observations likely
correlate with the analytes' solubilities in the mobile phase.



Keywords: Supercritical Fluid Chromatography, Charged Aerosol Detector, Pharmaceutical In-
dustry, Linearity, Data Modeling
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1 Introduction

This section will start with a broad introduction where the importance of separation and de-
tection in analytical chemistry will be described. Short presentation about SFC and diverse
SFC-compatible detectors will be included followed by reasons for having such variety. In this
section it will also be possible to read about the place where the experimental part of this study
was carried out, as well as about the study's aim and objectives.

With each published article or book, our knowledge and understanding of the world around
us and the phenomena that we observe every day grows [1]. One of the �elds that contributes
to this understanding is analytical chemistry, which uses various analytical instruments and
methods that allow for separation and detection of matter [2]. The reason why these analytical
techniques are important is that they enable qualitative and quantitative analysis. An impor-
tant group of analytical methods is chromatography, which allows for separation of a mixture
into their individual constituents. While detection can be performed without separation, suc-
cessful separation cannot be recognised without detection. That is why it is essential to realise
the importance of detection in analytical chemistry [3].

The most common detectors used in liquid chromatography are UV/Vis Detector, Refractive
Index (RI) Detector, Fluorescence Detector (FLD) and Mass Spectrometry (MS) [4, 5]. How-
ever, detectors that have become more popular are aerosol detectors like CAD and Evaporative
Light Scattering Detector (ELSD). Both are considered near-universal detectors for the detec-
tion of volatile and also semi-volatile solutes [6]. The reason why these novel detectors have
grown in popularity is that they can detect analytes that do not contain chromophores, so called
non-UV absorbers. The ability to detect non-UV absorbers is also becoming more important
as more substances appear on the market with low or no UV-absorption, examples of which
are lipids or the boronic acid-based inhibitorarginase, which was used for research in cancer
immunotherapy [7].

SFC is a liquid chromatography (LC) technique that uses supercritical CO2 (main mobile
phase), mixed with organic co-solvents [8]. One of the strengths of SFC is the nature of
this eluent which makes the SFC compatible with most detectors on the market [4]. This
compatibility also applies to CAD and the interest to understand the SFC-CAD combination
in more detail is growing, an example of which being a recently published article about a
quanti�cation strategy performed with CAD coupled to SFC [9]. The SFC-CAD combination
has not been thoroughly explored as most approaches on CAD have been performed using
either HPLC or UHPLC [10,11]. One of the aspects that has not been discussed in detail so far
is the linearity of the CAD signal. What has been observed is that the response of this detector
generally results in an overall concave-shaped signal-response curve but it also exhibits a wide
concentration range over which it might be approximated as linear [12].

The experimental part of this study was carried out at the Separation Science Laboratory (SSL),
one of the groups at the AstraZeneca Research and Development (R&D) site in Göteborg. On
a daily basis, SSL works with puri�cation in mg to kg scale, where analytical instruments like
(U)HPLC or SFC are utilised during method development, characterisation and analysis of the
target compounds [13]. One of many detectors used by SSL is the CAD, which might be used
for purity analysis of non-UV absorbers, which SSL would be particularly interested in.
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1.1 Aim and objectives

The aim of this study was to evaluate the linearity of the signal from CAD coupled to SFC, for a
wide range of compounds in order to �nd trends in the operating parameters and/or structural
characteristics of a molecule that a�ect the linearity of the signal. Finding these trends would
make the CAD response signal better understood and could lead to a way of predicting the
response of compounds whose characteristic features would be similar to those analysed in this
study.

The aim of this study was achieved with the help of the following objectives:

ˆ Select operational parameters and compounds, including concentrations.

ˆ Test and evaluate all operational parameters (full factorial design of experiments) for a
selection of compounds (two).

ˆ Test the remaining compounds (34) on a number of operational parameters, selected
based on the results for the initial screen, using full factorial design of experiments.

ˆ Evaluate the results based on CAD signal, including linearity and solvent contribution.

ˆ Correlate CAD signal to method parameters and/or analyte structure.

In the future, CAD could be used more e�ectively for analysing various types of compounds, and
above all, non-UV absorbers. The results could also help to predict what analysis parameters
would lead to a linear signal, and at the same time to the accurate quanti�cation of an analyte.
The �ndings of this study could be used for more e�ective detection at SSL in AstraZeneca
when using CAD.
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2 Background

This section will start with the presentation of AstraZeneca followed by a literature review
covering topics like SFC, detectors compatible with SFC, as well as detailed explanation about
working principles of CAD. Also included in this section is a brief description of the multivariate
data analysis used.

2.1 AstraZeneca

AstraZeneca is a multinational pharmaceutical company with subsidiaries in many countries
[13]. In Sweden, such sites are located in Göteborg (R&D centre) and Södertälje (production
site). Some of the company's main research areas are oncology, rare diseases and biopharma-
ceuticals. The company employs over 83,000 people world-wide, including about 2,500 at the
site in Göteborg. As one of the leading pharmaceutical companies, AstraZeneca wants the
medicines they create to be of the highest quality for the well-being of patients [13]. That
is why it is so important for this company to be able to detect and quantify the compounds
synthesised. There are many departments within AstraZeneca, one of which is Early Chemical
Development (ECD), which is further subdivided into smaller groups. One such group is the
SSL, where separation and puri�cation of candidate drugs, intermediates, and test compounds
synthesised by chemistry departments within AstraZeneca is performed. SSL also collaborates
with data science in order to handle, process and evaluate obtained chromatographic data.

2.2 Supercritical Fluid Chromatography - SFC

SFC is an LC technique in which the mobile phase used is in a supercritical state [14]. SFC
is said to exhibit both gas chromatography (GC) and LC behaviour [15] due to the nature of
the mobile phase used. The phase diagram of the most commonly used mobile phase, CO2, is
presented in Figure 1.

Figure 1: Phase diagram of CO2 [16].

Analysing Figure 1 it can be seen that CO2 can be in a solid, liquid or gaseous as well as
supercritical state [16]. The reason it is called supercritical is that it is above its critical point
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where it does not longer exist in gaseous or liquid form but it behaves similar to both states
simultaneously. The supercritical state is reached for CO2 at relatively low temperature and
pressure, 30.98� C and 72.79 atm. In order to increase the polarity of the SFC mobile phase,
co-solvents are used, which may also contain alkaline or acidic additives. SFC usually operates
under normal-phase retention mechanism, which means that the stationary phase is more polar
than the mobile phase.

Using CO2 in SFC leads to many advantages such as being compatible for the analysis of non-
polar compounds [14]. High solubilisation power, low viscosity and high di�usivity in the SFC
mobile phase allows for a high �ow rate which makes it possible to perform analysis faster
than in LC, and also improves column e�ciency [17]. The advantage over GC is that it can
successfully separate compounds showing thermal instability [14]. The disadvantage is that the
mobile phase used is highly non-polar and even with the addition of co-solvent, the analysis of
highly polar compounds is di�cult because they might not be soluble in the supercritical �uid
[17].

SSL favours the use of SFC over other chromatography techniques because it is a more 'green'
alternative due to the usage of CO2 mixed with organic co-solvents as mobile phase. The CO2

that is used for all systems at SSL is a waste product from other industries in the Göteborg area.
Furthermore, the CO2 used in preparative scale is automatically recycled within the systems.
The use of CO2 is also dictated by health precautions, where exposure to more hazardous apolar
solvents used in normal phase LC systems is decreased.

2.3 Detectors

2.3.1 Charged Aerosol Detector - CAD

CAD, an aerosol-based detector, allows allows for detection of non- or semi-volatile compounds
[4,10]. The working principles of CAD are presented in Figure 2.

Figure 2: Working principles of the Charged Aerosol Detector [18].

Aerosol production begins with nebulisation in thespray chamber, where the SFC eluent is
mixed with the nebulising gas, which is usually N2 [10,18]. At the nebuliser tip, the infusion of
the eluent and the nebulising gas occurs, resulting in the formation of aerosols of various sizes.
Larger aerosol droplets condense, and are then removed from the system. Smaller ones, on the
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other hand, travel along with the stream of N2 to the heated evaporation tube, where volatile
species are evaporated, including any volatile solvent present in the sample. In this way, the
dried aerosol particles enter themixing chamber, where the surface di�usional charging process
takes place. Positive charges obtained from secondary nitrogen stream by a corona discharge
needle attach to the surface of the dried aerosol particles, thus not causing the dried aerosol
particles to become ions. Charged in this way, dried particles travel to theion trap where fast
mobile particles, e.g. free ions, are collected and removed from the system. Then, the dried
aerosol particles go to thecharge collector, which is a sensitiveelectrometer, where the charges
previously attached to the surface of the dried aerosol particles are counted. The amount of
these charges is proportional to the surface area of the dried aerosol particles, which is directly
proportional to the amount of an analyte injected.

The response from CAD is generally non-linear over wide concentration ranges [12,19] and an
example is presented in Figure 3.

Figure 3: CAD response curves for di�erent amounts of MeOH in mobile phase [19].

There might be several reasons why the CAD response curve exhibits an overall concave shape
and why it might di�er depending on the analytical parameters applied. One aspect that may
in�uence the signal is the diameter of the created dried particles which depends on aerosol
droplet diameter (related to density and viscosity of the mobile phase), density of the particle
and concentration of the analyte [6]. Therefore aerosol creation might be either encouraged
or suppressed leading to di�erences in the response curve of CAD, as can be seen in Figure 3
where the curves do not align with each other for di�erent percentages of the modi�er.

A possible explanation to the overall concave shaped response curve might be saturation of the
detector, which means that no more than a certain amount of aerosol particles can be formed
and detected [20]. At high analyte concentration, there is more of the analyte than there is
of the solvent. In that case, interactions between the analyte molecules might be stronger
than between the analyte and the solvent, which may result in partial particle agglomeration.
This could cause aerosols to form in a wide distribution of sizes. Bigger droplets could then
condense in thespray chamberand be removed and only smaller ones are detected. Higher
sample concentration could also result in precipitation of an analyte in the system and therefore
suppressed detection [21].
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CAD has both advantages and disadvantages [4]. One of the biggest advantages marketed
is that the detection ability is independent of chemical properties of an analyte. Another
advantage, primarily over ELSD, is that it has broader dynamic response range where low (ng)
and high (� g) amounts of analyte can be detected with high sensitivity [6]. Another, more
obvious, advantage over UV is that solutes without chromophores can be detected, since CAD
is not an absorption based technique.

Despite how it is marketed, one of CAD's main drawbacks, is the non-linear signal like the
one presented in Figure 3, which can lead to inaccurate quanti�cation if the limits where this
linearity is exceeded have not been carefully investigated and de�ned. Another disadvantage is
the variation of the response with mobile phase composition [6] which also makes it challenging
to foresee the signal linearity.

2.4 Data evaluation

Given the scale of the project presented in this study, one should take into account the amount
of information obtained after all the analyses were performed. Therefore, multivariate data
analysis (MVA) software, such as Python was used to analyse obtained data. Python is the
programming language that was utilised when using the internal web development environment,
JupyterHub [22]. For DOE, MODDEr 13 (Sartorius AG, Göttingen, Germany) was used
because it allows for successful prediction of the impact of many factors on a given observable.
MODDE is also capable of creating response contour plots by �tting either Multiple Linear
Regression (MLR) or Partial Least Square (PLS) models into obtained data [23].

MVA is a statistical tool that involves a study of two or more variables in a data set [24]. These
variables can be operating parameters or other factors that are compared to the component
of the experiment under control. In this way it is possible to identify trends and other events
found in the data. MVA can be used to systematically analyse large chromatographic data,
for example to predict purity and/or yield from input raw material or to model a detector
response through regression analysis [25]. Multivariate regression analysis is an analysis in
which multiple simple straight line models are compiled. Examples of multivariate regression
models are MLR, PLS and Principal Component Analysis (PCA).

MLR or PLS can be used as tools for method development in analytical chromatography as
they have been considered to be highly predictive quantitative structure-activity relationship
(QSAR) models [26]. QSAR models have become more popular as the amount of obtained
and processed data for large sets of molecules grew in recent years. Moreover, comparison of
obtained data to physicochemical and structural parameters of the analytes have became more
important.

In this study, an MLR model was used to create response contour plots of the response (peak
area) as they visualise and predict the joint in�uence of more than one variable on the observ-
able. The �t of the model into the data is described by the validation metrics, R2 and Q2, also
called 'goodness of �t' and 'goodness of prediction', respectively [27]. The �t of the model is
considered ideal when these values are close to each other and close to one.
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3 Methodology

In this section, the methodology used in this study will be presented. It will also contain a
detailed description of the experimental setup used during the analysis of compounds, with the
distinction of constant and variable parameters. The next part of the methodology section will
present the experimental design in which the variable parameters of the analysis will be speci�ed
as well as all analysed compounds including sample preparation prior to the analysis. This
section will end with a description of data analysis, where the types of data collected and the
ways of their processing will be speci�ed.

3.1 Experimental setup

The analytical instrument used during laboratory work was an Acquity UPC2r (WatersTM ,
Milford, USA) equipped with a binary solvent manager supplying the mobile phase and co-
solvent; a sample manager with a 10� L loop and two 48 position sample trays; a convergence
manager which monitors and regulates the incoming �ow rate and pressure of CO2 into the
system ; a column manager with 8 chromatography column positions, one position being re-
placed by a static mixer �lled with beads (250� L, internally provided) to suit the wide range
of analysed compounds and provide good miscibility of eluent with co-solvents and analyte so-
lution; a Photodiode Array (PDA) detector (range 210-400 nm); a Single Quadrupole Detector
(SQD). Additionally, the system was equipped with an Adjustable LC-MS Post-Column Flow
Splitter (MilliporeSigma, Massachusetts,USA) and Thermo Scienti�cTM DionexTM CoronaTM

VeoTM CAD, (ThermoFisher Scienti�cTM , Massachusetts, USA). The settings of the CAD are
presented in Table 1.

Table 1: Settings applied to CAD.

Setting Value
Power function 1
Data collection rate 100 Hz
Filter constant 5.0 s
Evaporation temperature Low (35� C) � 5 � C

For all runs, isocratic conditions have been used with a sample injection volume of 5� L and
time of analysis being either 0.6 or 1 min. Each sample concentration has been injected twice
for statistical purposes. As a main mobile phase for the SFC system CO2 was used, which was
then mixed with di�erent organic co-solvents. These organic co-solvents were a combination of
a modi�er and NH3 as an additive, with a ratio of 100/20 mM. The total volumetric �ow rate
of the mobile phase was set to be constant at 3.5 mL/min. The temperature was set to 40� C.
Automated back pressure regulator was set to 120 bar. Additional solvent �ow, calledmake-up
�ow has been utilised during the analysis, in order to obtain a stable base line and prevent
condensation and loss of solutes that could occur in the transfer line between ABPR and CAD
[9]. Splitting ratio of the adjustable post-column �ow splitter (Analyical Scienti�c Instruments
Richmond, USA) was 20:1 (CAD:MS). Acquisition and processing of the UV, MS and CAD
data was performed using Empowerr 3 (Waters, Milford, USA) software. A schematic over the
experimental con�guration used in this study is presented in Figure 4.
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Figure 4: Schematic of the analytical setup for SFC-UV/MS/CAD experiments.

Parameters likemodi�er and make-upas well as the percentage of modi�er and volumetric �ow
of the make-up are considered as independentvariables.

3.2 Design of experiment

3.2.1 Variable selection

The initial selection of analytical parameters was based on commonly used solvents and condi-
tions when using the SFC system. These variables are presented in Table 2.

Table 2: Initial analysis parameters for SFC-UV/MS/CAD experiments.

Variable Descriptor
Modi�er MeOH, EtOH, IPA
Modi�er [%] 5, 15, 25, 40
Make-up �ow MeOH, EtOH, ACN
Flow rate of make-up [ml/min] 0.5, 1.0, 1.5
Sample concentration [mM] 0.4, 1.7, 8.3, 15, 17, 21

With the help of MODDE a full factorial design of experiments using the variables, modi�er
choice, amount of modi�er, make-up �ow rate and make-up solvent, have been randomised and
combined into 108 uniquemethodsapplied to each sample concentration. The methods were
denoted as follows:

modi�er_ %modi�er_ make-up_ volumetric �ow of make-up
example: MeOH_5_muMeOH_05

Due to the large number of selected analytical parameters, presented in Table 2, the exclusion of
some of them was considered. To be able to do that, it was necessary to assess the signi�cance
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of these parameters' in�uence on the CAD signal. This assessment was made with the help
of MODDE, by analysing coe�cient plots where all parameters presented in Table 2, and
combinations thereof, were included. To create such a plot, the MLR model was �tted into
the data obtained with Empower. Two compounds,ketoprofenand lidocaine, were used as test
substances, and the obtained coe�cient plots are presented as attachments in Appendix A.

The decision to exclude a parameter was based on various factors. When analysing the impact
of the di�erent modi�ers, MeOH, EtOH and IPA, it was decided that because their impact
is similar, the factors deciding about the exclusion of one of them will be their molecular
structure and their elution strength. EtOH, a structurally related solvent and with a weaker
elution strength than MeOH [28], was excluded. Similar reasoning was applied when excluding
EtOH as make-up. The impact of percentage modi�er was varied, so none of them was excluded.
The in�uence of volumetric �ow of make-up was close to zero or negative, therefore 1.0 and 1.5
ml/min volumetric �ows were excluded.

After the exclusion, the number of methods studied had decreased to 16. Analytical parameters
that were used in further SFC-MS/UV/CAD experiments are shown in Table 3.

Table 3: Analysis parameters after variable exclusion based on MODDE coe�cient plots for
ketoprofenand lidocaine.

Factor Variable
Modi�er MeOH, IPA
Modi�er [%] 5, 15, 25, 40
Make-up �ow MeOH, ACN
Flow rate of make-up [ml/min] 0.5
Sample concentration [mM] 0.50, 6.63, 12.8, 18.9, 25.0
Notation for sample concentration c1, c2, c3, c4, c5

For the lowest concentration ofketoprofen, 0.4 mM, no signal could be detected, meaning that
the concentration was below the limit of detection. Therefore the lowest concentration has been
amended to be 0.5 mM. Obtained CAD peak areas for bothketoprofenand lidocaine resulted
in linear signal, which means that the linearity limit for these test compound has not been
reached. As the aim of this study was to investigate linearity and concentration ranges where
this linearity is exceeded, also the highest concentration was increased to be 25 mM.

3.2.2 Chemical space

The solvents used in this study like methanol (MeOH), ethanol (EtOH), isopropanol (IPA),
acetonitrile (ACN) and dimethyl sulfoxide (DMSO) have been purchased from MilliporeSigma
(Massachusetts, USA), diethylamine (DEA) from Thermo Scienti�cTM Chemicals (former Alfa
Aestar, Massachusetts, USA). Mobile phase used for SFC (CO2) was supplied by Linde Gas AB
(former AGA, Solna, Sweden). NH3, the basic additive, has been purchased from Thermo Sci-
enti�c Chemicals (Massachusetts, USA) as 2M in MeOH solution. The compounds used in this
study as analytes, are commercially available and the supplier list is provided in Appendix B.
The full list of the compounds, their chemical structures and acronyms used throughout this
study as well as solvents used for dissolving them, are presented in Table 4.
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Table 4: Compounds, their labels, chemical structures and solvents used for dissolving them.
Chemical structures are taken from PubChem database [29]. The ratio of MeOH:DEA or
DMSO:DEA was 19:1 for all amino acids exceptL-isoleucine, for which this ratio was 13:1.

Amino acids

Chemical
structure

Name L-Serine L-Proline L-Isoleucine L-Leucine
Label Ser Pro Iso Leu

Solvent MeOH:DEA MeOH MeOH:DEA MeOH:DEA

Chemical
structure

Name L-Glutamic acid L-Methionine L-Tryptophan L-Thyroxine
Label Glu Met Try Trx

Solvent DMSO:DEA MeOH:DEA MeOH:DEA DMSO
Antibiotics

Chemical
structure

Name Metronidazole Trimethoprim Ampicillin Amoxicillin
Label Metro Tri Amp Amo

Solvent MeOH DMSO MeOH DMSO

Chemical
structure

Name Penicillin G K Doxycycline Tetracycline Azithromycin
Label PenG Dox Tet Azi

Solvent MeOH MeOH MeOH MeOH
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Table 5: Continuation of Table 4.

Antiviral Nucleosides

Chemical
structure

Name Acyclovir Cytidine Uridine Adenosine
Label Acy Cyd Uri Ade

Solvent DMSO DMSO DMSO DMSO
Lipids

Chemical
structure

Name MC3 DOPE DSPC
Label MC3 DOPE DSPC

Solvent MeOH EtOH EtOH
Pain relievers

Chemical
structure

Name Ibuprofen Naproxen Diclofenac acid
Label Ibu Nap Dic

Solvent MeOH MeOH MeOH
Steroids

Chemical
structure

Name Estradiol Testosterone Cholesterol Budesonide
Label Est Tes Cho Bud

Solvent MeOH MeOH EtOH MeOH
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Table 6: Continuation of Table 4.

Vitamins

Chemical
structure

Name Nicotinamide Nicotinic acid Ascorbic acid Thiamine HCl
Label NAm Nic Asc Thi

Solvent MeOH DMSO MeOH DMSO

Selected physicochemical properties of the analytes has been calculated with RDKit Open-
Source Cheminformatics Software [30], using the internal web development environment, Jupyter-
Hub [22], which utilises the Python programming language. All calculated properties are pre-
sented in Table 7. One of the physicochemical properties,cLogP, is the logarithm of n-octanol's
and water's partition coe�cient, log(coctanol =cwater ), and it is considered to be a measure of
compound's hydrophilicity [31]. PresentedcLogP values are not experimentally measured, but
calculated, where di�erent functional groups are taken into account [32]. The contribution
of di�erent functional groups is not strictly additive, which is why even individual functional
groups have been considered.
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Table 7: Selected physicochemical properties of analysed compounds.Molecular weightsare
taken from PubChem database [29].Rings denotes number of rings within a molecule,aliphatic
-OH groups- number of aliphatic hydroxy groups,-H donors- number of hydrogen bond donors,
-H acceptors- number of hydrogen bond acceptors,NR3 - number of tertiary amino groups,
R-NH2 - number of primary amino groups.Number of ringsdoes not distinguish between 5-
or 6-member rings or whether they have saturated or unsaturated bonds.

Label Molecular cLogP Rings Aliphatic -H -H NR3 R-NH2

weight -OH acceptor donor
[g/mol] group

Ser 105.1 -1.609 0 1 3 3 0 1
Pro 115.1 -0.1770 1 0 2 2 0 0
Iso 131.2 0.4444 0 0 2 1 0 1
Leu 131.2 0.4444 0 0 2 2 0 1
Glu 147.1 -0.7369 0 0 3 3 0 1
Met 149.2 0.1514 0 0 3 2 0 1
Try 204.2 1.122 2 0 2 3 0 1
Trx 776.9 4.557 0 0 4 3 0 1

Metro 171.2 0.09202 1 1 5 1 3 0
Tri 290.3 1.258 2 0 7 2 2 2

Amp 349.4 0.02370 3 0 6 4 1 1
Amo 365.4 0.02370 3 0 6 4 1 1
PenG 372.5 -3.470 3 0 5 1 1 0
Dox 444.4 -0.5042 4 4 9 6 1 1
Tet 444.4 -0.3710 4 4 9 6 1 1
Azi 749.0 1.901 1 5 14 5 2 0
Acy 225.2 -1.332 2 1 7 3 3 1
Cyd 243.2 -2.563 2 3 8 4 2 1
Uri 244.2 -2.852 2 3 7 4 1 0
Ade 267.2 -1.980 3 3 9 4 4 1
MC3 642.1 13.65 0 0 3 0 1 0

DOPE 744.0 11.61 0 0 8 2 0 1
DSPC 790.1 12.17 0 0 8 0 1 0

Ibu 206.3 3.073 1 0 1 1 0 0
Nap 230.3 3.037 2 0 2 1 0 0
Dic 296.1 4.364 2 0 2 2 0 0
Est 272.4 3.609 4 1 2 2 0 0
Tes 288.4 3.879 4 1 2 1 0 0
Cho 386.7 7.389 4 1 1 1 0 0
Bud 430.5 2.717 5 2 6 2 0 0
NAm 122.1 0.1805 1 0 2 1 1 1
Nic 123.1 0.7798 1 0 2 1 1 0
Asc 176.1 -1.407 1 4 6 4 0 0
Thi 337.3 -1.967 2 1 5 2 3 1

3.2.3 Sample preparation

All compounds were dissolved in appropriate solvents, presented in Table 4. Stock solutions
of each analyte were prepared with concentrations equal to or above 25 mM. Dilution of the
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stock solutions to obtainc1-c5 was performed with TECAN Automated Liquid Handler (Tecan
Group Ltd., Männedorf, Switzerland).

3.3 Data analysis

Empower allowed for data export in a form of the text �le (.txt). The exported variables and
observations as well as their categorisations are presented in Table 8.

Table 8: Empower output information categorised into variables, constants and observations.
Acq Method Setdenotes methods applied to all analysed compounds,Injection Number denotes
�rst or second injection of the same concentration.

Variable Constant Observation
Categorical Numeric

Nominal Ordinal Continuous Discrete Quantitative
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Linearity evaluation of signal obtained with the CAD was carried out by using Python. Average
values of the surface area between two injections of each concentration have been calculated.
These average values were used to create signal-response curves. A signal-response curve was
obtained for each method for each analyte (16 methods * 34 compounds), where the average
surface area was plotted against sample concentration. A linear regression was then �tted
to the signal-response curve using thescikit-learn module and thelinear_model class, which
enables machine learning with the use of linear models [33]. These linear regressions were then
used to obtain the coe�cients of determination, R2. The R2 coe�cients were then used as the
factors determining the linearity of a signal for a given method. Calculated R2 values were also
compared with the physicochemical descriptors of the analytes in order to categorise them as
well as to determine the trends of the CAD signal.

Average area values were also used in MODDE, where MLR was �tted in order to create response
contour plots, one for each of the analysed compounds. The validation metrics de�ning the �t
and prediction of the model, R2 and Q2 [34], were then used to estimate whether the �tted
model and response contour plots could be e�ectively used to predict in�uence of two or more
variables on the CAD signal response.
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4 Results & discussion

In this section, general characterisation of the chemical space analysed in this study will be
presented. The linearity of the signal coming from CAD will be discussed in detail, considering
which compounds and which methods lead to linearity. The signal strength for the classes of
compounds will also be presented and discussed. In addition, with the help of physicochemical
descriptors, an attempt will be made to �nd trends that lead to linearity of the signal. Sub-
sequently, cases resulting in low linearity will be investigated in more detail. In the next part
response contour plots will be discussed as a method to see the e�ect of the interaction of two
variables in the CAD signal. There will also be a discussion on the solvents used to dissolve
the tested chemicals in and their possible impact on the CAD signal.

4.1 Chemical space characterisation

Characterizing the compounds in the chemical space will facilitate interpretation of the ob-
servations in this study. By plotting the cLogP against the analytes' molecular weights, the
diversity of the chemical space can be overviewed. The nature of the compounds (hydrophilic
or hydrophobic) [30] and the relationships between di�erent classes of compounds is presented
in Figure 5.

Figure 5: Scatter plot of the cLogP values of the 34 analytes making up the chemical space
plotted against their molecular weights. Compounds have been assigned to their classes as
presented in Table 4.

The �rst thing that can be seen in Figure 5 is the fact that the analytes in this study make
up a diverse chemical space. A wide range of molecular weights can be observed, with larger
grouping between 100-400 g/mol, where a group classi�ed as small molecules can be identi�ed.
The analytes whose molecular weight is much higher, are primarily lipids, but alsoL-thyroxine
and azithromycin. Considering the location on the chemical map, it can be seen that those
belonging to the same class, are rather close to each other, especially amino acids (except
L-thyroxine), steroids, vitamins, painkillers, nucleosides and lipids. Antibiotics, on the other
hand, are more spread out, due to their structural diversity, as can be seen in Table 4.

Considering hydrophilicity, it can be seen in Figure 5 that a large portion of the analytes (12
out of 34) are polar (cLogP<0), while the rest are rather hydrophobic, e.g the lipids but also
the steroidal analyte,cholesterol. This categorisation suggests that the hydrophobic group of
analysed compounds will be compatible with the SFC system, where non-polar mobile phase
is used. The fact that modi�ers (MeOH, IPA) and basic additive, NH3, were combined with
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CO2 in the mobile phase suggests that also hydrophilic compounds can be successfully analysed
with the set-up utilised in this study.

4.2 Linearity evaluation

The area under the curve of the CAD signal was the only result evaluated for the linearity
analysis. The reason why the signal intensity, i.e. the height of the peak, was not considered
is due to the fact that when analysing the test compounds,ketoprofen presented split peak
behaviour instead of a single peak, likelidocaine did. A comparison of the chromatograms for
both test compounds is presented in Appendix C.

The reason for the split peak behaviour was not considered in detail, besides resulting in the
exclusion of peak height as a response value. What was considered, however, was the way
of integrating such chromatograms. Since only a static mixer was used in the set-up and no
chromatography column, no chromatographic separation should be occurring. In addition, only
analytes with a high purity were analysed. Therefore, the signal coming from the CAD had
to re�ect what was injected into the system. This fact resulted in the decision to include the
area under the front peak when performing integration. This action was also applied during
the integration of all CAD responses for which split peak could be observed.

4.2.1 General observations

As a �rst attempt to categorise the analysed compounds, a comparison of the coe�cient of
determination values, R2, were made for each of them. Such comparison is presented in Figure 6.
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Figure 6: R2 values plotted for each of 34 compounds. Each data point for a compound
corresponds to one analytical method.

Figure 6 shows that not all methods for all of the analytes showed a linear CAD response signal
(R2>0.8). Most of the amino acids showed non-linear behaviour. Other polar analytes can also
be included in this category, such asacyclovir, an antiviral. Among the vitamins, antibiotics,
lipids and nucleosides, there are several compounds that yielded R>0.8. Compounds belonging
to the groups of pain relievers and steroids showed a linear behaviour for all methods.

Considering the behaviour of the di�erent constitutional isomers analysed,L-isoleucine, L-
leucine and doxycycline, tetracycline, it can be seen from Figure 6 that the results were not
always similar. While the linearity results for isomeric antibiotics were consistent, amino acids
showed that minor di�erences in molecular structure can lead to diversity in CAD response
signal.

What is also worth noting is that pain relievers and steroids, which showed linear behaviour, are
hydrophobic analytes (cLogP>0). This con�rms earlier hypothesis that compounds with these
characteristics are more soluble in the CO2 used in the SFC system. However, the possibility
of analysing hydrophilic compounds should not be completely ruled out. Two of the analysed
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nucleosides,adenosineand uridine, also showed linearity of the signal, and it should be noted
that, based on clogP values, they are hydrophilic.Penicil lin G K , having the lowest cLogP of the
compounds tested, also showed linear behaviour for all but one method (MeOH_40_muACN).
These results tell us that just looking at analyte clogP is not enough to predict whether a signal
will be linear or not. A heatmap with the R2 values for each method and each analyte with
concentrationsc1-c5 is presented in Figure 7.

Figure 7: Heat map comparing values of R2 for all analysed compounds as well as for all
methods. Compounds are ordered alphabetically.

Focusing on the analysis of the methods used, it is possible, based on the heat map presented
in Figure 7, to identify those that resulted in linearity of the signal. The methods that mainly
contributed to low linearity results were those where only 5% of modi�er was used. Among these
methods, however, it can be distinguished that the use of MeOH as make-up resulted in more
cases of lower linearity than when ACN was used as make-up. 15% IPA as modi�er resulted
in lower linearity more often than 15% of MeOH did. For higher percentages of modi�ers, low
linearity was observed in single cases. Some methods showed linearity for all compounds and
these methods were IPA_25_muMeOH, MeOH_40_muMeOH and IPA_40_muMeOH.
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A general trend observed was that a higher percentage of modi�er correlated with linarity f
the CAD signal. This proves that for most methods, where 40% of the modi�er was used, the
saturation limit of the CAD was not reached in the tested concentration range,c1-c5. This
suggests that by using higher amounts of modi�er, compounds with similar characteristics to
those analysed in this study could also result in a linear signal of the CAD.

To better understand how strong of a signal that was detected by CAD, a comparison of the
peak area and the R2 values of all analytes was plotted and is presented in Figure 8.

Figure 8: Maximum area of the CAD signal plotted against R2 of each method for 34 analysed
compounds.

What can be seen from Figure 8 is that the CAD signal varies from around 100s of millions
to over 4 billion aA*sec (10� 18 Ampere * seconds). The signal for amino acids, vitamins, pain
relievers and the antiviral, classi�ed as small molecules, ranged from the lowest to 45% of the
highest overall value. The steroid and antibiotic groups resulted in slightly higher values, up
to about 80% of the overall highest value. The largest peak areas were observed for lipids.

Given the way the CAD works and how the signal is measured, the results presented in Figure 8
were in line with expectations. Compounds in the group of 'larger compounds', i.e. with a
higher molecular weight, should result in dried aerosol particles of larger areas. Larger area
means that more positive charges produced in the CAD can be attached, thus allowing a larger
signal to be received. Although only the largest peak area obtained for a given method was
included in Figure 8 above, it should be mentioned that this doesn't mean that it corresponds
to the highest concentration of an analyte. Therefore, it is di�cult to draw more conclusions
at this stage.

A more detailed visualisation of all peak areas is presented as a heat map in Appendix D.
From there it can be found that there is no method that always resulted in high peak area,
which leads to an interpretation that the CAD response peak area is highly compound speci�c.
However, the high CAD response peak area for the lipidsDOPE and DSPC suggests that
they could be successfully analysed at concentrations lower than 0.5 mM and still be detected,
especially using methods with a high percentage of modi�er. This leads to the suggestion that
the CAD response peak area is in fact in�uenced by the method parameters, as indicated in
Figure 3.
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4.2.2 Observations based on physicochemical properties

The �rst physicochemical descriptor analysed was cLogP, which has been plotted against the
R2 values of each method, as presented in Figure 9.

Figure 9: Plot of cLogP vs R2 for all methods applied to 34 compounds.

The results presented in Figure 9 do not clearly explain the di�erence in signal linearity of
the CAD for di�erent compounds. The hydrophobicity of an analyte was not a good indicator
of whether or not the results would be linear. However, this reasoning has been drawn based
on the results obtained under supercritical conditions, while cLogP has been calculated under
atmospheric conditions. It is therefore hard to decide whether cLogP should be used for such
comparison or if another descriptor could be more appropriate.

Two structural descriptors, the number of aliphatic hydroxyl groups and the number of rings
within a molecule, have been compared to the R2 values for the tested analytes and the results
are presented in Figure 10.

Figure 10: Plots showing number of the aliphatic -OH groups (left) and the number of rings
(right) within each of the analysed molecules vs R2 of each method.

By analysing Figure 10, general trends leading to signal linearity could be found. The presented
comparison of the number of aliphatic hydroxyl groups allows to hypothesise that the greater
number of these groups leads to higher linearity of the signal (higher R2 values). Among
analysed compounds, the highest number of aliphatic hydroxyl groups is attributed to the
antibiotic azithromycin, which showed not only signal linearity but also a large signal peak
area, as presented in Appendix D. To explain the observed situation, one can look for the
compatibility of a large number of aliphatic hydroxyl groups with the modi�ers used, MeOH
and IPA. Since a large number of hydroxyl groups in a given compound makes it more soluble
in highly polar solvents [35], MeOH and IPA modi�ers with an elution strength higher than
that of the supercritical CO2 [28] would result in a good dissolution of a substance. In this way,
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it can be indicated that a greater number of hydroxyl groups increases the chance of obtaining
a linear CAD signal response, especially when using high amounts of modi�er.

The number of rings in a molecule may also lead to greater linearity of the CAD signal, as
can be seen in Figure 10. In this case, the analysed compounds with a large number of rings
are primarily steroids, but also antibiotics. Compounds with more than three rings had a
linear CAD response. A large number of rings in a given molecule might lead to its increased
hydrophobic character and reduced solubility in polar solvents [36]. The reason why a large
number of rings leads to a linearity of the CAD signal might be that in the study, the mobile
phase had a high percentage of supercritical CO2, which is non-polar, therefore increasing
solubility of compounds with hydrophobic character.

Other structural descriptors presented in Table 7 are the number of tertiary and primary
amino group in a molecule. Plots with the aforementioned descriptors compared to R2 values
are presented in Figure 11.

Figure 11: Plots showing number of tertiary (left) and primary (right) amines vs R2 values.

From Figure 11 no clear trends are observed that relate the signal linearity to the number of
tertiary amino groups. Tertiary amines are hydrogen bond acceptors and they can only form
hydrogen bonds with a solvent in the surrounding if it has hydrogen donor ability [37]. The
reason why the ability to form hydrogen bonds is so important is that they help to create stable
interactions between the solvent and analyte [38]. Therefore, a large number of tertiary amino
groups may be used to create many hydrogen bonds with used modi�ers, which could allow
the analyte to stay dissolved and not precipitate in the system and then reach the detector. It
seems that the high amount of tertiary amines correlates with signal linearity but there might
be also other factors that in�uence the signal, e.g size of the analytes. Small size of solutes
might lead to more e�ective aerosol creation and therefore positively contribute to the signal
linearity. This is the likely reason whyadenosine(4 tertiary amino groups) andthiamine HCl
(3 tertiary amino groups) showed high signal linearity.Acyclovir, also having three tertiary
amino groups, however, did not show a similar behaviour, which means that the number of
tertiary amines in a molecule may not be a good indicator of linearity of the CAD signal by
itself.

Considering the number of primary amino groups, it can be seen in Figure 11 that the majority
of the analysed compounds for which low linearity has been obtained, contain one such group.
Analysed compounds without any primary amino group showed somewhat more linear results
than for cases when one primary amino group was present.Trimethoprim has two primary
amino groups, yet it presented linear behaviour. This implies that either the presence of
primary amines are non-related to the signal linearity of CAD, or that they a�ect it negatively
but other structural elements oftrimethoprim compensate for it.

The analysis of the number of secondary amines as well as aromatic hydroxyl groups were omit-

21



ted in this study, because the analytes had either none or one such group and the contribution
to the results could not be included in a trend.

The last two structural descriptors chosen in order to �nd trends in the CAD signal are the
number of hydrogen donors and acceptors. The results of comparing these values with the
values of R2 are presented in Figure 12.

Figure 12: Plots showing the number of hydrogen bond acceptors (left) and donors (right) vs
R2 values.

In Figure 12 it can be observed that both a high number of hydrogen donors and acceptors could
be related to a higher linearity of the CAD signal. Analytes with a high number of hydrogen
donors and acceptors and which also showed linearity of the signal are some of the antibiotics,
azithromycin, doxycycline, tetracycline, and the nucleoside,adenosine. This might be attributed
to the analytes' abilities to form hydrogen bonds with the solvent. Thus, it can be expected
that due to these interactions, analytes can remain dissolved during analysis when including a
modi�er with the supercritical CO 2. Keeping analytes dissolved and avoiding precipitation in
the system is important for the linearity sake. Precipitation is more likely to occur for higher
concentrations of analyte, as there is less solvent that could positively contribute to the analyte
solubilisation by creation of hydrogen bonds. Precipitated analyte will not reach the detector
leading to decreased detected amount and thus, a non-linear signal response being observed.

A small number of hydrogen donors and acceptors can lead to linearity of the CAD signal, as is
the case for steroids and pain relievers. Looking for an explanation for the observed situation,
one can come to the previously discussed observation, which is the fact that both groups exhibit
a hydrophobic character (cLogP>0), and therefore are compatible with the mobile phase of the
SFC. This compatibility ensures that they remain dissolved and do not separate from the
solvent leading to precipitation in the system during their analysis.

4.2.3 Investigation of low linearity

Linearity results of R2<0.8 was observed for 16 out of the 34 analysed compounds. Thirteen out
of 16 methods were associated with lower linearity of these 16 analytes. Appendix E presents
the CAD chromatograms obtained for all cases where R2<0.8. In Figure 13, signal-response
curves for each compound and method that contributed to the non-linearity of the CAD signal
were presented.
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Figure 13: Signal-response curves for compounds where applied methods resulted in R2<0.8.
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By �rst analysing the shapes of the curves seen in Figure 13, three types can be distinguished:
concave-increasing, where the area increases with increasing concentration of the substance and
then reaches an almost diminishing plateau;concave-decreasing, where the area �rst increases
with increasing sample concentration, and then decreases after reaching a critical concentration;
convex, where the area �rst decreases and then increases with increasing analyte concentration.
Among the curves presented, it can also be seen that the plot forpenicil lin G K contains a
potential outlier, namely the resulting peak area for concentrationc4. Analysing the corre-
sponding chromatogram presented in Table 22, it can be seen that the low peak area must have
been the result of inaccurate integration of the CAD signal. Therefore, the previously men-
tioned concentration was considered an outlier, and its removal caused the MeOH_40_muACN
method to reach the value R2=0.965.

Analytes with concave-increasing behaviour wereL-isoleucine, amoxicil lin, DSPC, andnicotinic
acid which all belong to di�erent classes. This appearance of the signal-response curves is
typical for CAD and is associated with reaching the limit of saturation in the detector. The
linear signal is detected until it reaches a critical concentration, after which it stops at a plateau
or increases slightly. The reason for this behaviour could be traced to CAD's ability to form
aerosols. Higher analyte concentrations can cause larger aerosol droplets to be formed. Larger
aerosol droplets can condense and then be removed from the system, thus not being detectable.

Compounds that have been observed to exhibit concave-decreasing behaviour includeL-leucine,
L-glutamic acid, L-methionine, L-tryptophan, L-thyrosine, acyclovir, cytidine, DOPE, ascorbic
acid. Among them, many are in the amino acid group and single ones from other classes with
various structural characteristics. The observed shape of the signal-response curve shows that
the amount of compound detected by CAD, after exceeding a certain critical concentration,
drops dramatically. The reason may be similar to the one explained for concave-increasing
behaviour. Considering, however, the methods that contributed to achieving this behaviour, it
can be seen that these are mainly methods where a low percentage of modi�er was used. This
may have caused polar compounds to precipitate in the system and therefore less production of
aerosol. Alternatively, they could form larger agglomerations and thus contribute to the aerosol
with larger droplets. This reasoning can be applied toDOPE, which is prone to create micelles
in the case of insu�cient polar solvent [15] as the interactions between hydrophilic heads of
DOPE and the supercritical CO2 are to be minimised [39].

Convex behaviour has been observed formetronidazoleand nicotinamide. In this case, the
reasons behind this behaviour are only speculation, as no actions were taken in order to investi-
gate it in more detail. The lowest concentration for both compounds could not be identi�ed as
outliers, as the corresponding chromatograms, showed in Appendix E, do not present the signal
being distinctive. A possible explanation for this observation could be di�erent interactions,
e.g between the analytes molecules. At the lowest concentration,c1, these interactions might
have been weaker than at higher concentrations, which could have lead to either more e�ective
aerosol creation or smaller aerosol droplets. This would then result in a larger peak area. An
alternative explanation is the possibility of contaminants that have been detected in the CAD
for this concentration. These contaminants could be possible remnants of analyte that had
precipitated in the system and were eluted in subsequent injections.

A complete list detailing analytes, methods, exact R2<0.8 values and concentration span that
was analysed, is presented in Table 30 in Appendix F. The reason why there is also a concen-
tration range in this table is because some of the analytes have not been tested in the entire
0.5-25 mM range. The incomplete range is a consequence of precipitation of a given compound
during the analysis, which caused clogging of the system and it stopping due to over-pressure.
For a complete list of missing data, see Appendix G. Table 30 includes manually adjusted con-
centration ranges resulting in R2>0.8. This was an attempt in order to determine the linearity
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limits of the CAD signal.

4.2.4 Summary of linearity

A summary of the linearity of the CAD signal is shown in Table 9. As can be seen in Table 9,
there are some methods for which the analysis of the entire concentration span,c1-c5 was not
possible. As mentioned earlier, it was mainly the methods with a low modi�er percentage that
showed lower linearity of the signal. The same methods contributed to the incomplete analysis
of the c1-c5 concentration. This is especially true for amino acids, but also for antibiotics
(metronidazole, amoxicil lin), the antiviral, nucleosides (cytidine), and vitamins. Groups of
compounds that turned out to be compatible with all the methods used are pain relievers and
steroids, the structural characteristics of which have been discussed earlier.

What is also worth noting in Table 9 is the fact that for some compounds the linear signal
could not be achieved at all or it was only related to the span between three concentration
points. Looking more closely at the methods that led to this behaviour, one can point out
those that have the same factor in them. Examples of such methods are MeOH_15_muMeOH-
MeOH_15_muACN and MeOH_25_muMeOH-MeOH_25_muACN used for the analysis ofL-
thyroxine. In this case, it was the 15% and 25% MeOH modi�er that led to the aforementioned
inability to determine the linearity. When analysing the chromatograms corresponding to these
methods, presented in Table 19, pak broadening and tailing can be observed. This is probably
due to L-thyroxine being insoluble in lower amounts of MeOH modi�er. Similar trends can also
be found for other analytes presented in Table 9.
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Table 9: Ranges of linear behaviour of analysed compounds for all investigated methods. Legend:
'
p

' corresponds to linear behaviour (R2>0.8) across a concentration span of 0.5-25 [mM]; displayed
concentration value corresponds to highest analysed concentration with linear behaviour; displayed
concentration value with '*' describes the adjusted value where linear behaviour has been reached;
'x' corresponds to situations where linearity could not be achieved for more than two points. Crossed
out concentration value corresponds to identi�ed outlier.
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4.3 Interaction between variables

The methods used to predict changes in linearity and signal peak area of CAD are 4D (3D for
four conditions) response contour of area plots created in MODDE, to which an MLR model
has been �tted. These charts compare the choice of modi�er and make-up, amount of modi�er
and analyte concentration all at once, while also showing predicted responses [23]. One 4D
response contour plot was created for each compound, in which it was possible to compare all
methods used in this study simultaneously. At this point, however, it should be noted that
none of the acquired peak area data was removed when creating 4D response contour plots. An
example of observed behaviours for various compounds is illustrated in Figure 14.

Figure 14: An example of observed behaviour of 4D response contour of area plots performed
with MODDE. The x-axis shows both solute concentration and modi�er used. The y-axis
shows the percentage of modi�er as well as the make-up solvent used. The colors show the
magnitude of peak area of the CAD signal. Arrows: Pointing up - area is increasing with
increasing percentage modi�er; Pointing down - area is decreasing with increasing percentage
modi�er; Twisted pointing up - area is �rst decreasing and then increasing; Twisted pointing
down - area is �rst increasing and then decreasing. Modi�er nr 1/ nr 2 can be either MeOH or
IPA; make-up nr 1/ nr 2 can be either MeOH or ACN.

Since di�erent behaviours were observed for di�erent compounds, it was also interesting to see
what trends could be observed for di�erent methods. For this purpose, pie-charts were created
in which the analysed compounds were compared with each other, categorising them according
to their increasing or decreasing peak area with the increasing percentage of a modi�er. These
diagrams are presented in Figure 15.
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Figure 15: Pie charts showing trends in peak area behaviour with increasing percentage
modi�er. The charts have been created based on the response contour plots of the peak area
analysis performed with MODDE.

Analysing Figure 15, it can be seen that the largest number of analysed compounds, in which the
response peak area increases with the increasing percentage modi�er, is observed for methods
in which the combination of MeOH (modi�er) and ACN (make-up) was used. The smallest
number showing this behaviour was recorded for the combination of IPA (modi�er) and MeOH
(make-up). The smallest number of analysed compounds for which a decreasing behaviour was
observed, corresponds to the combination of MeOH (modi�er) and ACN (make-up), while the
highest to IPA (modi�er) and MeOH (make-up).

What is also noticeable in Figure 15 is that a large number of compounds exhibiting the
behaviour of the peak area �rst decreasing and then increasing with increasing percentage
modi�er, have been recorded when MeOH is used as make-up. This behaviour counts as well as
an increasing behaviour. When ACN has been used as make-up, a greater number of compounds
with peak area �rst increasing and then decreasing with the amount of used modi�er, could be
observed, and these can be classi�ed as decreasing behaviour.

With the aim of realising which of the analytes contributed to these observations, a comparison
was created detailing the increasing, decreasing and mixed behaviour of the response peak area
from CAD across increasing percentage modi�er. This is presented in Table 10.
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Table 10: Table with observed behaviours from MODDE 4D response contour of area plots
�tted with MLR model.

Behaviour
Increasing Decreasing Mixed
L-Serine Trimethoprim L-Isoleucine
L-Proline Doxycycline Metronidazole
L-Leucine Tetracycline Azithromycin

L-Glutamic acid Uridine Naproxen
L-Methionine Adenosine Diclofenac acid
L-Tryptophan Ibuprofen Estradiol
L-Thyroxine Nicotinic acid Nicotinamide
Ampicillin Thiamine HCl
Amoxicillin

Penicillin G K
Acyclovir
Cytidine

MC3
DOPE
DSPC

Testosterone
Cholesterol
Budesonide

Ascorbic acid

The �rst observation from Table 10 is the fact that the majority of the analytes show an
increase in peak area with both compound concentration and percentage modi�er. The number
for which the response peak area decreased with increasing percentage modi�er is small and
comparable to mixed behaviour. Almost all analytes that presented increasing behaviour were
amino acids, lipids and steroids. Antibiotics, nucleosides and vitamins have shown that their
behaviour varies.Ampicillin , amoxicil lin and penicil lin G K - antibiotics with similar molecular
structures, exhibited the same increasing behaviour. The isomersdoxycyclineand tetracycline
belong to this group as well. This, however, is not the case for other analysed isomers, which
are L-leucine and L-isoleucine, which belong to the increasing and mixed behaviour groups,
respectively. This comparison does not specify any of the modi�ers or make-up, and only
shows general trends. A detailed summary of all observed behaviours for each compound is
presented in Appendix H. Obtained 4D response contour of area plots where mixed behaviour
was observed are presented in Appendix I.

4.3.1 Evaluation of MLR model �tting

Taking a closer look at the values de�ning the �t of the MLR model, R2 and Q2, might help to
better understand the results and evaluate whether the presented grouping is indeed reliable.
A summary of both these values for all analytes is presented in Figure 16.
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Figure 16: Summary of the �ts for MLR model obtained with MODDE.

As can be seen from Figure 16, not all compounds had data that could be modeled with high
R2 and Q2. Reconsidering that a value of 0.8 can be considered as the limit of good model
�t and good model predictability, it can be concluded that predicting combined in�uence of
variables on signal peak area for most compounds may prove challenging. However, the fact
that the MLR model was �tted to all data collected during the SFC-CAD experiments, and to
a partially incomplete data set, it is understandable why the �t is so low. Since the MLR �ts
many linear regressions to the input data, the previously discussed non-linearity seen for some
compounds will also be seen in the �t of this model.

Something that could help to get a better �t and predictability of the MLR models for di�erent
compounds is to exclude data considered as outliers. This could be done only after deeper
data analysis where these outliers could be identi�ed. However, omitting a larger amount of
data collected where non-linearity was observed could result in false conclusions being drawn.
Disregarding the results for high concentrations ofDOPE, for example, implies that the response
peak area would increase as the percentage modi�er increases, which, as previously discussed,
would not be true. Therefore, it was decided not to exclude any of the acquired data, and the
results obtained for each of the analysed compounds are classi�ed as reliable and could be used
when predicting joint-in�uence of more than one variables on the CAD signal response.

4.4 Solvent contribution

Something that has not yet been considered is the possible contribution from the solvents used
to dissolve the analytes. As can be seen in Table 4, di�erent solvents were used, mainly MeOH,
EtOH and DMSO. A possible signal contribution from these solvents has not been subtracted
from the total signal used in the results presented and discussed above. However, in order to
check what impact they might have had on the CAD response peak area, it was decided to
analyse them as well. For this purpose, blank injections of the above-mentioned solvents were
made ten times for each of the 16 methods used in this study. The obtained CAD response
peak areas are presented in Figure 17.
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Figure 17: Comparison of CAD signal average area for solvents used in the study with
displayed error bars. These error bars should be discarded for the method MeOH_25_muACN
as no signal peak could be distinguished for integration.

As can be seen from Figure 17 the solvents used do not exhibit a completely zero signal in
CAD, except for one method. The reason they are still detectable is that in the case of MeOH
or EtOH, they most probably do not evaporate completely in the conditions used in CAD
evaporation tube. The contribution of DMSO, having a high evaporation temperature, can
be attributed most probably to the various sizes of aerosols created out of it, where only the
smaller ones continue their way to the electrometer. The contribution of MeOH and DMSO is
remarkably comparable, while that of EtOH exceeds them for most methods.

However, taking into account that the CAD signal peak areas for the analysed solvents ranges
from undetectable to 100 millions, while the signal for the analysed compounds was much
larger, it can be assumed that the contribution of solvents does not strongly a�ect the obtained
CAD response peak area. It should also be noted that it is not known whether the CAD signal
recorded for the sample blank would be comparable with the signal for the same amount of
solvent in which a substance was dissolved. In this study, however, the di�erence between the
CAD signal for the same analyte in two di�erent solvents was not examined in order to verify
whether the signal would be identical or di�erent.

Another reason why the contribution from the solvent used to dissolve the substance was not
subtracted is the fact that each time a given substance is in a crystal form, it must be dissolved
in order to be analysed in liquid chromatography. Moreover, excluding the solvent contribution
from the obtained CAD results would not a�ect the coe�cient of determination, R2, because a
constant value for each method would be subtracted, resulting in the same spatial position in
calibration curves. An argument against the above reasoning is the fact that not subtracting
the contribution of solvents may contribute to an increased percentage error of the obtained
results.
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4.5 Other sources of error

Since the process that led to the presentation and categorisation of the results consisted of many
steps, possible sources of error could be found in many of them. The automatic integration
made in Empower, although it was thoroughly veri�ed, could be one of the sources of errors.
This was veri�ed for penicil lin G K, for which the MeOH_40_muACN method resulted in
lower linearity, while the chromatogram for this speci�c case showed otherwise. Another source
of error can be found in the way the compounds were tested, namely the injection sequence.
At the very beginning, especially during the analysis of antibiotics, sample blanks with pure
solvent were not used in order to eliminate the risk for carry-over e�ects. In this way, this could
a�ect the signal recorded for subsequent injections. Another source of error could be the fact
that the CAD signal for the blank solvent samples was not subtracted before the analysis and
categorisation of the results for the 34 analysed compounds.

Something that should also be mentioned as a possible source of error is the dilution of analysed
compounds to desired concentrations performed with TECAN. In this instrument, the liquid
that cleans and rinses the needles before and after dilution is DMSO, which could, although
in a rather small amount, contaminate the samples. Even though data obtained with UV/Vis
and MS was not evaluated in this study, it was used as a helping tool in veri�cation whether an
analyte was contaminated and the obtained CAD signal was in fact reliable. For some of the
analytes, the signal157 (m/z) could be seen in MS chromatograms. This signal corresponds
most probably to the ion [2*DMSO+H]+ . This contribution would certainly have an impact
on the results of compounds whose CAD responses turned out to be low.
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5 Conclusions and future work

This part will summarise all �ndings presented in this study and well as possible sources of
error. Improvements as well as things that could be further evaluated in the future will also be
included in this section.

The aim of this study was to investigate the linearity of the signal coming from CAD coupled
to SFC for a wide range of compounds using various analytical conditions. To evaluate the
linearity, the coe�cient of determination, R 2, was used. The results found could help to identify
the analytical conditions that are most conductive in obtaining linearity of CAD signal. Com-
bining the signal linearity with the physicochemical characteristics of a given molecule, would
allow for a more e�ective use of CAD. Due to the large number of analytical conditions varied,
DOE was used, where results of the test compounds,ketoprofen and lidocaine were analysed
and allowed for exclusion of some of the parameters.

Wide range of compounds analysed in this study, allowed to �nd suggestions for physicochemical
features of a given molecule that might have contributed to a linear CAD signal. These features
were a large number of aliphatic hydroxyl groups, a large number of rings, but also either high
or low number of hydrogen bond donors and acceptors. The reason why these features turned
out to be signi�cant is that they contribute to better solubilisation of the solutes in both CO2

but also in the organic co-solvents, MeOH/NH3 and IPA/NH 3.

Since CO2 was used as the main mobile phase, hydrophobic analytes from the groups of pain
relievers and steroids showed high linearity for each of the methods used, due to their com-
patibility with the supercritical CO 2. Phospholipids with the highest cLogP values, however,
resulted in signal linearity for most methods.DOPE showed linearity only for methods with
higher than 5% of modi�er, while DSPC for all methods except two. Almost all analysed
antibiotics also showed linear CAD signal, which is assigned to the presence of modi�er and
additive. The nucleosides and vitamins analysed in this study showed linearity of the signal for
all methods, except for one, where the percentage modi�er was equal to or higher than 15%.
The presence of the modi�er and additive did not seem to greatly facilitate amino acid and
antiviral analysis, which for the highest and only a few lower percentage modi�ers resulted in
a linear signal (L-glutamic acid being an exception). Four methods, mostly with high amounts
of modi�er, allowed for obtaining a linear signal for the entire chemical space. A compari-
son of lower percentage modi�ers showed that the use of IPA, with a lower elution strength
than MeOH, gave non-linear results. However, comparing the make-up solvents used and their
impact on the CAD response area, they were found similar in the conditions used.

By matching the MLR model to the obtained CAD data, it was possible to create a 4D surface
contour of peak area plots, which would serve as a prediction of the behaviour of combined
in�uence of variables on CAD signal peak area. Fitted MLR models for each of the analysed
compounds showed that a diverse response can be expected when it comes to the obtained
CAD signal peak area itself. Here, however, it was more di�cult to �nd any clear trends apart
from one concerning lipids, which was manifested by the growing CAD area response along
with the increasing percentage modi�er and analyte concentration. A similar trend can be
observed for almost all amino acids analysed, whereL-isoleucine was the one that exhibited
mixed behaviour.

Analysis of the solvent contribution showed that used in this study solvents do not strongly
a�ect the magnitude of compounds' peak areas. The highest solvent peak area of CAD signal
was found for EtOH, while MeOH and DMSO showed to be smaller than for EtOH and similar
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to each other.

As an extension of the knowledge presented in this study and as plans for the future, several
things could be suggested. The �rst is the possibility of using a acidic additive, for example,
formic acid (FA). Due to time constraints of the study, only the one additive was used and it
would be interesting to see if better compatibility of acidic compounds could be observed when
acidic additive is present. In addition, the possibility of a non-neutral make-up, for example
MeOH:FA, can be considered and assessed whether it would a�ect the received CAD signal.
Something that could also be explored more extensively is EtOH, which was excluded at the
very beginning of this study, as a modi�er and make-up. Perhaps the analysis of lipids such as
DOPE or DSPC would be more successful when using EtOH. Considering the analysis of such
a large number of data, one could also be tempted to use supervised machine learning, which is
a combination of machine learning and arti�cial intelligence. In this way, an application could
be created that, based on the data collected in this study, would be able to select those methods
that would lead to a linear CAD signal for other compounds with properties similar to those
analysed. In addition to linearity, CAD signal response area and those methods that allowed
to obtain a high value of it could also be taken into account. What could also be tested in
the future is the behaviour of the tested compounds when using column chromatography and
comparing whether the CAD results are identical or if any correction factor could be identi�ed.
Another improvement could be to compare the signal from the CAD to that from ELSD, which
is also a type of detector in which detection depends on aerosol formation. Comparison of the
signal could be also done with UV and MS, which responses are better known.
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Appendix

A Coe�cients plots made with MODDE full factorial
design

Figure 18: Coe�cient plot for ketoprofen for full factorial design performed with MODDE.
Nonsigni�cant variables has been excluded.Mod describes modi�er,%Mod - modi�er percent-
age,Mu - make-up,MUF - �ow rate of make-up, Con - sample concentration.

Figure 19: Coe�cient plot for lidocaine for full factorial design performed with MODDE.
Nonsigni�cant variables has been excluded.Mod describes modi�er,%Mod - modi�er percent-
age,Mu - make-up,MUF - �ow rate of make-up, Con - sample concentration.
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B Compound suppliers

Table 11: List of suppliers for compounds used in this study. Compounds purity is 99%+,
otherwise stated.

Compound name Supplier Comments
Acyclovir MilliporeSigma
Adenosine MilliporeSigma
Amoxicillin MilliporeSigma
Ampicillin MilliporeSigma

Ascorbic acid Thermo Scienti�cTM L-Ascorbic acid
(former Acros Organics)

Azithromycin dihydrate Fluorochem Calculations omitted water
Budesonide AstraZeneca AB
Cholesterol MilliporeSigma

Cytidine MilliporeSigma
DOPE Internally provided
DSPC Internally provided

Diclofenac acid AstaTech Inc Purity: 97%
Doxycycline Clontech

Estradiol MilliporeSigma
Ibuprofen MilliporeSigma

Ketoprofen MilliporeSigma
Lidocaine MilliporeSigma

L-Glutamic acid MilliporeSigma
L-Isoleucine MilliporeSigma
L-Leucine MilliporeSigma

L-Methionine MilliporeSigma
L-Proline Janssen Chimica
L-Serine MilliporeSigma

L-Thyroxine MilliporeSigma
L-Tryptophan MilliporeSigma

MC3 BLDpharm
Metronidazole Thermo Scienti�cTM

Naproxen MilliporeSigma
Nicotinamide MilliporeSigma
Nicotinic acid FLUKA TM

Penicillin G Potassium FLUKA TM

Testosterone SERVA
Tetracycline HCl CalbiochemTM Calculations omitted hydrochloride

Thiamine HCl MilliporeSigma
Trimethoprim Selleck

Uridine MilliporeSigma
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C Chromatograms of test compounds

Table 12: Ketoprofen chromatogram for concentrations 0.4 mM, 1.7 mM showing presence of
a front peak.

Ketoprofen

IPA_25_muMeOH_05

Table 13: Lidocaine chromatogram for concentrations 0.4 mM, 1.7 mM showing single response
peak.

Lidocaine

IPA_25_muMeOH_05

40



D Heat map of CAD signal response peak area

Figure 20: Heat map comparing values of maximum signal peak area for each method for all
analysed compounds as well as for all methods. Compounds are segregated in alphabetic order
by default. Area displayed in billions [aA*sec].
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E Chromatograms for compounds and methods with R 2<0.8

Table 14: L-Isoleucine chromatogram for a method with R2<0.8.

L-Isoleucine

IPA_5_muMeOH

Table 15: L-Leucine chromatogram for methods with R2<0.8.

L-Leucine

MeOH_5_muMeOH

IPA_15_muMeOH

MeOH_5_muACN

IPA_15_muACN
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Table 16: L-Glutamic acid chromatogram for a method with R2<0.8.

L-Glutamic acid

IPA_40_muACN

Table 17: L-Methionine chromatograms for methods with R2<0.8.

L-Methionine

MeOH_5_muMeOH

IPA_15_muACN

Table 18: L-Tryptophan chromatograms for methods with R2<0.8.

L-Tryptophan

IPA_5_muMeOH

IPA_15_muACN
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Table 19: L-Thyroxine chromatograms for methods with R2<0.8.

L-Thyroxine

MeOH_15_muMeOH

MeOH_25_muMeOH

MeOH_15_muACN

MeOH_25_muACN

Table 20: Metronidazolechromatogram for a method with R2<0.8.

Metronidazole

IPA_5_muMeOH

Table 21: Amoxicil lin chromatogram for a method with R2<0.8.

Amoxicillin

IPA_15_muMeOH
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Table 22: Penicil lin G K chromatogram for a method with R2<0.8.

Penicillin G K

MeOH_40_muACN

Table 23: Acyclovir chromatograms for methods with R2<0.8.

Acyclovir

MeOH_5_muMeOH

IPA_5_muMeOH

IPA_15_muMeOH

IPA_5_muACN

IPA_15_muACN
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Table 24: Cytidine chromatograms for methods with R2<0.8.

Cytidine

MeOH_5_muMeOH

MeOH_5_muACN

Table 25: DOPE chromatograms for methods with R2<0.8.

DOPE

MeOH_5_muMeOH

IPA_5_muMeOH

MeOH_5_muACN

IPA_5_muACN
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