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Accurate assessment of novel aviation fuels requires detailed insight about structural differences relative to
conventional jet fuels. To support compositional characterization, retention behavior of cycloalkanes needs to be
investigated further to evaluate fuels on an isomeric level. Current available literature models for the prediction

Isomer_s of saturated cyclic retention indices (RI) are limited in carbon range or by neglection of stereo isomeric effects.
Stereoisomers . . s s .
Cycloalkanes This study addresses the challenge of comprehensive RI prediction of mono-cycloalkanes by utilizing available

retention data from the NIST23 database and the combination of descriptors from PaDEL, Mordred and RDKit.
Multiple model approaches (extreme gradient boosting, multi-layer perceptron regression, support vector
regression and ridge regression) were tested via repeated k-fold cross-validation to evaluate robustness and
reliability in prediction. As the available literature data was skewed, model tests were run for data up to carbon
number C13 and the whole dataset to C20 individually. Cross-validation results showed the best error metrics for
the validation sets with ridge regression (e.g. C13-models mean absolute error: MAE = 11.01 + 1.32 RI; C20-
model MAE = 13.68 + 1.67 RI). Correct stereo sensitive retention of diastereomeric structures was achieved
in 78 %, with cis/trans differentiation being the best represented stereo effect. These advancements will enable a
more detailed characterization of compositional differences and will subsequently enhance evaluation of novel
fuel production paths.

Fuel assessment
QSPR / QSRR modelling
GCxGC Fuel Analysis

1. Introduction usually by GCxGC, which serves as input for fuel property predictions to

ensure the allowed specification limits of the SAF product. This is

Sustainable aviation fuels (SAF) can reduce climate impact from
aviation, targeting both carbon footprint and non-CO; effect reduction
[1-3]. It is referred to as the most-ready technology in contrast to
alternative propulsion system ideas in aviation based on hydrogen or
battery. Currently, it is considered to be the most viable solution for the
foreseeable future, particularly for long-haul flights [4-6]. The use of
SAF percentages is becoming mandatory in accordance to EU regula-
tions. To meet the necessary capacities of SAF, research on novel pro-
duction routes of SAF is ongoing. These developments are costly and
time-consuming, and require early feedback to allow for fast adjust-
ments to the design of compliant SAF products. For process development
and fuel formulation the precise, detailed knowledge of the fuels mo-
lecular composition is crucial. Without abundant volumes the evalua-
tion of novel candidates is usually done by the so-called prescreening
procedure [7-9]. As a first step, the fuel is analyzed on its composition,
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especially crucial since SAF is generally narrowly regulated compared to
conventional jet fuels.

Regarding the chemical composition, jet fuels commonly include
compounds into the carbon range of up to C20 with n-/isoparaffins,
mono-cycloalkanes and monoaromatics as major chemical classes. The
latest CRC fuel survey even indicates mono-cycloalkanes to have the
highest median concentration (29.80 mass%) in jet fuel [10-12].
Established SAF/SBCs (synthetic blending components) production
routes like Fischer-Tropsch, hydroprocessed esters and fatty acids
(HEFA) or alcohol to jet (ATJ) often consist mainly of isoalkanes. The
resulting products are therefore often also referred as synthetic paraf-
finic kerosene (SPK). Novel procedures are starting to explore cyclo-
alkanes as substitute for aromatics due to their potential for non-CO5
effect reduction whilst maintaining fuel handling relevant properties
like o-ring swelling [13-18]. Due to the complex composition of most
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fuels, a determination of the exact molecular composition is not
possible, even for the rather simple isoalkanic SBCs (e.g. FT, HEFA). The
state-of the-art evaluation of fuel compositions by GCxGC provide car-
bon number vs group-type (GT) quantifications only [19-21]. It has
been shown by Liidtke et al. that the isomeric distribution of isoalkanes
can be determined beyond the conventional GT-analysis. Especially for
novel fuel candidates the composition contains varying degrees of
structural isomeric diversity [22]. If the isomer distribution is noticeably
different from conventional fuel compositions, fuel prediction models
can struggle to properly portray the effect on physical properties (such
as distillation behavior, viscosity or cetane number). Depending on the
model implementation and the observed fuel property, property varia-
tion from isomeric structures can directly impact fuel predictions. It has
been shown before, that the model evaluation can be improved by
implementation of the specific isomeric detail [9,23]. To improve gen-
eral fuel evaluation and support development of novel SAF routes, better
understanding of specific fuel components and their influence on fuel
properties is needed. The investigation on the saturated
mono-cycloalkanes is targeted in this work.

For the determination of fuel compositions, GCxGC is typically
coupled with mass spectrometry [19-21]. While mass spectrometry can
help to a certain degree with identification of group-types it can obtain
nearly identical spectra for structurally similar compounds. Limitation
of relative amount of database entries reduces certainty of discrimina-
tion. These identification uncertainties can be mitigated by retention
index (RI) differences, which usually delivers no unique identification
but can provide additional context [24]. As retention behavior within
hydrocarbon classes correlates with certain properties its implementa-
tion for fuel analyses can help understand fuel property changes due to
isomeric differences. Increased certainty on the isomeric distribution
can eliminate the inclusion of unlikely structures in fuel property pre-
dictions, enhancing their precision [9,22,23].

Available reference data usually includes more RI data than mass
spectral entries. Nevertheless, in contrast to the number of possible
isomers, the relative availability can still be insufficient for complex
separation problems. To address this issue, an abundance of varying
regression or computational approaches for predictive retention models
is available in chromatographic literature. Thereby a common technique
is application of the quantitative structure-property relationships
(QSPR), which is also known as QSRR if the property of interest is the
retention. There, certain functionalities of molecular structures are
mathematically described, ranging from simple molecular weight to
more complex definitions of topological connectivity or shape-
dependent parameters [25-27]. Using the combination of several mo-
lecular descriptors, various computational approaches can build con-
nections with physical properties like the RI. Neural networks have
gained popularity in recent literature, but typically require representa-
tive and comprehensive datasets to prevent overfitting [26-30]. Multi
linear regressions have long been successfully used for QSPR and QSRR
models, but linearity might not always provide the optimal fit. To cap-
ture complex non-linear relationships, tree based models like random
forest and extreme gradient boosting (XGB) or kernel based methods like
the support vector regression (SVR) are commonly considered tech-
niques for property regression tasks [26,27,30-32]. The literature pro-
vides a multitude of RI models that are considering alkanes, alkenes,
aromatics, heteroatom containing hydrocarbons [22,33-40]. Several
studies also investigated general hydrocarbon mixtures, including sub-
sets of cycloalkane structures [28,29,41-45]. Comprehensive analyses
on cycloalkane retention behavior that include the carbon range (C20)
necessary for jet fuel evaluations remain scarce. Farkas et al. have
pointed out that the possible degrees of molecular complexity within
saturated cyclic hydrocarbons are by factors higher to straight chain
saturates, making the RI prediction in combination difficult [46].
Additionally, full stereo isomeric sensitivity was usually only imple-
mented into literature RI models, when relying on availability of other
physical properties [43,47]. A detailed description of a selection of
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available literature models with included mono-cycloalkanes is pro-
vided in comparison to the present approach in the discussion section. In
the following, the generation and evaluation of a comprehensive and
reliable method to predict retention of jet-fuel relevant and
stereo-sensitive mono-cyclic components will be presented by using
molecular descriptors only.

Due to the complex possibilities in the isomerism of mono-
cycloalkanes, a short introduction to structural diversity and corre-
sponding isomeric effects on RI of mono-cycloalkanes are explained
subsequently. Examples for C9 mono-cycloalkanes isomers are illus-
trated by Fig. 1.

The initial mono-cycloalkane definition is given by the general
chemical formula C,Hy, and the presence of a given (single) ring
structure. The so-called constitutional isomers are distinguishable by
order of connection. This affects the size of the ring structure, number,
type and position of connected sidechains (see methylcyclooctane or
propylcyclohexane, Fig. 1). With higher number of substituted positions
on a cycloalkane ring the chance of configurational isomers increases. A
carbon atom bonded to four distinct substituents is defined as a chiral
center. When a compound exhibits multiple chiral centers, the relative
orientations of the side chains to one another can cause spatial in-
teractions, possibly influencing the physical properties of a molecule. In
cases of high molecular symmetry, cycloalkanes with multiple side
chains (e.g., 1,4-dimethylcyclohexane or 1,3,5-trimethylcyclohexane)
can also have stereo isomeric diversity even in the absence of chiral
centers. Compound pairs with same constitution but different spatial
arrangements of the substituents and are termed diastereomers [49].
The spatial orientation is usually portrayed as dashed bond lines for
substituents that project backwards from the plane (p herein), while
substituents pointing forward out of the plane are illustrated as wedged
bonds (a herein; see 1,2,4-trimethylcyclohexanes in Fig. 1). When those
bonded substituents are facing towards the same direction it is defined
as the cis-isomer, opposite directions are defined as trans-isomer. With
more than two sidechains, the nomenclature becomes more complex.
The effect of diastereomeric differences on the retention heavily de-
pends on the structure. Some examples show differences of over 50 RI
towards another (e.g. 1-ethyl-2,3-dimethylcyclopentane diastereomers;
aco: 902 RI and offo: 851 RI [48]), while other cases have barely any
reported distinction. If a molecule has chiral centers at the same carbon
positions but the spatial arrangement of substituents differs (R/S
configuration), the resulting structures can be non-superimposable
mirror images and are not identical. Those isomeric pairs are called
enantiomers (see fax and afp in Fig. 1). Enantiomers rotate the plane of
polarized light in different directions, but exhibit identical physical
properties in achiral settings. This is usually the case for common gas
chromatography columns and consequently enantiomers are not
considered as relevant isomers herein. Only if the molecules interact
with other chiral environments or modified chiral columns, significant
differences can be identified (e. g. physiologic impact on organisms) [50,
51]. The impact on structural diversity of the respective isomerism can
be seen in Table 1. By constitutional isomers alone, the jet fuel relevant
range (until C20) of possible structures contains several million possi-
bilities. Although the total amount of theoretic isomers doesn’t generally
represent the total number of potentially relevant structures, it serves as
illustration of the increased complexity within samples that contain
higher boiling mono-cycloalkane fractions. As an example, almost half
of the theoretically calculated structures up to C20 are represented by
isomers with ring sizes of three or four atoms. These structures would
have to be questioned in relevance for fuel analyses due to their high
ring strains.

Dicycloalkanes structures were excluded from consideration herein as
they show an even higher complexity regarding isomeric diversity (>
2.000.000 constitutional isomers until C16 calculated with MOLGEN [52])
than mono-cycloalkanes and would include additional property effects
from steric configuration only of H-atoms (e.g. at the dicyclic bridge of
cis-/trans-decalin [53]). Since poly-cycloalkanes are also less prominent in
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Fig. 1. Illustration of possible isomeric differences and the corresponding retention effect in mono-cycloalkanes. Examples provided for C9, one structure for all four
possible diastereomer pairs of 1,2,4-trimethylcyclohexane is shown. One enantiomer pair (afp & foa) is exemplary selected. RI taken from NIST23 [48].

Table 1
The possible mono-cycloalkane C,Hj, structures and the available stereo sen-
sitive retention index (RI) data up to CooHgo.™

nC Constitutional Total stereo Stereo isomers RI RI
isomers isomers without (distinct
enantiomer stereo)
repetition

3 1 1 1 1 0

4 2 2 2 2 0

5 7 6 2

6 12 18 14 9 2

7 29 58 41 25 12
8 73 173 112 30 19
9 185 546 331 92 68
10 475 1,693 977 58 37
11 1,231 5,334 2,975 22 10
12 3,232 16,724 9,097 12 7
13 8,506 52,725 28,158 16 8
14 22,565 166,133 87,668 3 0
15 60,077 524,644 274,203 2 0
16 160,629 1,658,075 861,539 7 0
17 430,724 5,247,658 2,713,112 8 2
18 1,158,502 16,624,945 8,567,302 7 0
19 3,122,949 52,731,978 27,099,092 7 0
20 8,437,289 167,431,350 85,876,656 2 0
Total 13,406,486 244,462,064 125,521,286 309 167

@ constitutional isomers were calculated with MOLGEN 5.0 and enu. Stereo-

isomers were calculated with enu. Retention index (RI) data listed was gathered
from literature measurements on semi-standard non-polar columns and curated
in the NIST 23 database [48,52,54].

jet fuels [10] this study focusses only on the investigation of saturated
monocyclic hydrocarbons and there complex isomeric diversity.

2. Methods
2.1. Collection of available RI data

Since commercially available reference standards are limited, a more
comprehensive retention data set of mono-cycloalkanes was collected
from the curated NIST23 (National Institute of Standards and Technol-
ogy) retention database [48]. The goal was to utilize only data with
correct illustration of stereo variability. The most commonly used col-
umn setup for reported retention data was the semi-standard non-polar
(357 up to C20). This includes columns like DB-5, BPX-5 and Squalane.
RI data on non-polar columns was limited (150 up to C20) and mainly
available for the same isomers as semi-standard. Small polarity effects
were noticed on mono-cycloalkane RI. Due to observed inconsistencies
in retention behavior among isomers, no general inclusion of non-polar
data points was applied.

While the isoalkane isomers are usually reported with constitutional
isomer detail, the mono-cycloalkanes are often listed by steric differ-
entiation. Structures with one or no sidechains or structures with two
sidechains at the same ring position have no RI relevant stereo structure

variations. These constitutional structures are included in the herein
used dataset (e.g. 1,1-dimethylcyclohexane, cyclooctane or pentylcy-
clopentane). To ensure accurate representation of stereochemical
sensitivity, retention index entries for isomers missing configurational
information were removed (e.g. 1,4-dimethylcyclohexane without cis/
trans information). This reduced the dataset from C3-C20 mono-cyclo-
alkanes to 309 unique datapoints with the applied filter for stereo
sensitivity. Depending on the abundance of literature sources per
structure, uncertainties were given as standard deviation. Uncertainties
were available for 207/309 isomers (mean A = 3.7 RI, median A = 3.0
RI). Despite looking into stereo effects from ring connected substituents,
stereo effects can also be present in complex sidechain substitutions.
Some studies have shown this effect to be relevant for long chain isomers
[55-57]. This is rarely considered in databases and therefore difficult to
assess individually. Ring structure effects like the distinction between
the chair- or boat conformation of cyclohexanes are not represented by
the data and believed to be within an equilibrium-averaged molecule as
conformation changes are rapid and need low activation energy [58]

The final available data included 309 RIs, 142 of those entries only
included constitutional differences. Zero or only one sidechain was
present in 109/142 cases, while also including more complex sub-
stituents like isopropy! or tert-butyl functionalities. Among the 18 out of
142 constitutional structures with two sidechains, the maximum num-
ber of chiral centers was one, due to both sidechains being attached to
the same ring position not resulting in diastereomeric differences. For
the remaining 15/142 even three or four sidechains were connected, but
the connections again allowed a maximum of one chiral center so no
further diastereomeric diversity was present. Within the stereo sensitive
data (167/309 data points, see Tab. 1), the main steric effects were
described by a simple cis/trans related distinction (123/167). This
translated to 58 available diastereomeric data pairs and seven structures
without a reported stereo partner. In 53/58 of the cis-trans pairs only two
sidechains were present. The other five examples had three sidechains (3
pairs) or four sidechains (2 pairs) with only two diastereomeric options
due to multiple substitutions on the same ring position. In contrast,
stereo isomeric groups with higher diversity were rarely reported in the
database and not always included all possible diastereomers. The data-
set included nine constitutional isomer groups with three sidechains,
creating multiple diastereomers (37/167). One example is 1,2,4-trime-
thylcyclohexane, with four possible diastereomeric structures (4 enan-
tiomeric pairs, see Fig. 1). The NIST database included only one example
with multiple entries for a complex diastereomeric diversity of four
sidechains (1,2,3,4-tetramethylcyclopentane). For this constitutional
isomer, 8 diastereomer pairs are possible, but only five unique RI values
are given plus one pair of enantiomeric data (7/167). Deviating enan-
tiomeric entries were found in seven stereo cases. Since no definite
quality evaluation was possible, all 14 datapoints were kept and used
with the given uncertainty. The total used dataset up to carbon number
C20 is listed in Tab. 1.

The distribution of retention data over the separation space is further
illustrated in Fig. 2. The retention index data for mono-cycloalkanes is
mainly available until around 1200 RI (C10). After the carbon number
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Fig. 2. Illustration of retention index (RI) distribution over the retention space.
Constitutional isomers without stereo diversity (142/309) in black and stereo
sensitive diastereomers (167/309) in orange.

C13 the amount of datapoints is very scarce and strongly influenced by a
few individual structures. The retention data for high carbon range is
mainly build from non-stereo containing structures with only one stereo
sensitive pair with two substituents, while the rest only consists of large
rings without any sidechains or one sidechain structures. The limited
availability of structural diversity above C13 is expected to lead to
higher uncertainty in prediction attempts for the higher carbon ranges.
To achieve optimal fits and minimize bias from the limited number of
heavy molecules, modelling is performed on the well-represented
dataset up to C13 (273/309) individually. For the prediction of higher
carbon numbers, the full dataset (C20) is used, since no reliable C14+
model is feasible from only 36/309 available RI in that range.

2.2. Generation of molecular structures and descriptors

To accomplish stereo-sensitivity in QSPR models, molecular descriptors
must capture stereo-specific structural features and spatial differences of
isomers accordingly. The creation of 3D coordinates and structure data
files (SDF) for molecular structures was explored. RDKit, Open Babel and
PaDEL tools as well as the webtool of the CAAD Group of the National
Cancer Institute (NCI; running on CACTVS and CORINA) [59-66] were
tested based on structure generation from SMILES (simplified
molecular-input line-entry system) keys. The SMILES notation is as a
natural grammar for chemical structure specifications, which was designed
to improve interpretability for both humans and computers [67]. A SMILES
code is explicit for one structure, but the same isomer could be described
by different grammar. Surprisingly, most tools generated partly varying
molecule coordinates with repeated test runs, independent of the allowed
iteration count for geometric optimization. It was found that only the NCI
tool was able to reproduce structures repeatedly when given the identical
SMILES input. For consistency over the whole dataset, the
three-dimensional SDFs were generated by the NCI tool and provided as
input for the molecular descriptors. Descriptors were calculated with the
python modules of PaDELPy, RDKit and Mordred [59,60,68]. Internal
coordinate adjustments or optimizations were disabled for PaDELPy and
RDKit. Some of the generated descriptors are given by multiple descriptor
tools, but overall, a quantity of around 2500 descriptors was generated for
the available dataset molecules. Duplicated descriptors were detected by
name and value repetitions.

2.3. Selection of molecular descriptors

In order to make a selection of suitable molecular descriptors (i.e.
molecular features) for RI prediction, the descriptors were first prepared
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by robust scaling. Descriptors with zero or low variance were excluded
directly. The remaining descriptors were tested on the full RI dataset, as
well as on different subsets. This evaluation process of RI subsets
involved the individual assessment of carbon numbers, as well as
constitutional and stereo-specific isomer sets. Additionally, the data
subsets were assessed individually using only 2D, only 3D or only de-
scriptors originating from one specific tool (PaDELPy, RDKit or Mor-
dred). Metrics to evaluate descriptors were feature importance scores
from Spearman rank [69] and Pearson [70] correlations with the target
variable, as well as random forest and gradient boosting rankings [71,
72]. Different test runs were conducted with and without allowance of
co-correlating features above |R?| > 0.8. Through this prefiltering a
reduced list of 84 features was generated with the ability to describe
both, general retention, as well as constitutional or stereo specific
retention effects. The reduced feature matrix was tested again against
the full constitutional, and stereo including data subsets. The descriptors
with highest scores within Pearson correlation, Spearman correlation,
random forest or gradient boosting were kept and extended by some
already reported features from literature [47,73,74]. From the remain-
ing 40 descriptors different regression models were tested with varying
feature combinations. The descriptor sets used for model comparison
(described in chapter 2.4) included 15 descriptors for C13 and C20 test
cases (see Tab. S1). Following the initial model comparisons, the
descriptor sets of the best-performing model architecture was further
evaluated using bootstrap resampling (described in chapter 2.5) for each
carbon range (final descriptors listed and described in chapter 3.1.4 in
the results section).

2.4. Examination of model types

To evaluate the predictive performance of the chosen feature
matrices (Tab. S1) across the C13 and C20 datasets, a selection of
modelling approaches was examined. The compared models were
extreme gradient boost (XGB), support vector regression (SVR) with two
different kernels (linear and radial basis function; rbf), a neural network
(NN), as well as the ridge cross validation (RidgeCV). Scikit-learn (1.4.2)
[71,72] python module was used for SVR, NN (multi-layer perceptron
regressor) and RidgeCV, while XGB tests were conducted with the py-
thon module xgboost 3.0.2 [75]. XGB is not affected by scaling factors,
but RidgeCV, SVR and NN models need scaled input data. The data
preparation was implemented consistently before every model approach
test. The descriptor array was scaled using the standard scaler, which
transforms the data to have a mean value of zero and a standard devi-
ation of one. A hold-out test selection of 20% was randomly sampled
from the respective RI datasets (C13: 55/273; C20: 62/309). Hyper-
parameters were optimized for SVR, NN and XGB with a GridSearchCV
on the remaining 80% of training data (C13: 218/273; C20: 247/309).
This way, a five-fold cross validation was performed on all possible
parameter combinations within the given grid, targeting the lowest
possible mean squared error (MSE) of prediction (resulting parameters
see Tab. S2).

The five model architectures were then evaluated with the opti-
mized hyperparameters on the training data. To reduce the depen-
dence of performance metrics on a single random seed, a five-fold
cross-validation was performed with 10 random seeds, resulting in 50
unique training (C13: 175/218; C20: 198/247) and validation folds
(C13: 43/218; C20: 49/247). This way, the model stability could be
assessed on average performance and standard deviations across all 50
folds. The training metrics reflect how well the respective model can fit
the given data. Validation metrics help to detect overfitting as they
assess the model’s generalization ability on data not used during the
training phase within each cross-validation fold. As individual error
metrics can provide different insights into the predictive capabilities of
a model, each model was evaluated on multiple metrics. The evaluated
error metrics were the mean squared errors (MSE; penalizes outliers),
mean absolute errors (MAE; rates errors linearly), median absolute
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Table 2
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Performance metrics of the five compared model approaches are listed. Training (train) and validation (val) set metrics are given with standard deviation and derived
from repeated k-fold cross validation on 80% of the dataset until C13 (218/273). MSE: mean squared error, MAE: mean absolute error, MedAE: median absolute error,

MRE: mean relative error.

C13 models Unit RidgeCV SVR lin SVR rbf NN XGB

MSE train R 167.39 + 10.84 176.09 + 11.93 162.50 + 7.96 228.92 + 151.51 1501.05 + 91.46
MAE train RI 10.05 + 0.35 9.77 £ 0. 35 10.60 + 0.32 11.09 + 3.56 20.77 £ 0.43
MedAE train RI 7.88 + 0.39 7.12 £ 0.52 9.66 + 0.63 8.76 + 3.23 12.50 + 0.65

MRE train % 1.13 + 0.04 1.09 + 0.04 1.22 + 0.04 1.29 + 0.41 2.65 £+ 0.09

MSE val R 210.13 + 46.53 219.49 + 53.35 242.18 + 66.20 416.68 + 214.64 2062.58 + 1244.48
MAE val RI 11.24 +1.35 11.41 +1.37 12.00 +1.73 15.29 + 3.40 26.26 + 6.39
MedAE val RI 8.99 £ 1.61 9.02 +£1.48 9.64 £ 1.96 12.36 + 3.36 16.47 + 3.07

MRE val % 1.29 +0.18 1.29 £ 0.17 1.39 +0.23 1.80 + 0.38 3.32+£1.19

error (MedAE; non-responsive to outliers; indicates symmetry of error
distribution in context to MAE) and mean relative error (MRE; scale
independent) from the predicted value to the experimental/literature
RI. The model comparisons for the C13- and C20-dataset are discussed
subsequently below.

2.5. Bootstrapping and final optimization of selected models

Among the models evaluated, the one with the highest performance
on the predefined descriptor set was selected for further analysis in each
carbon range. Initial descriptor significance and 95% confidence in-
tervals (CI; using the 2.5th and 97.5th percentile) for model coefficients
were assessed for the selected models, using bootstrap resampling (n =
5000) [76,77]. Based on these results, descriptors deemed statistically
insignificant were removed to optimize the descriptor subsets. The
cross-validation procedure described in chapter 2.4 was then applied to
these optimized descriptor subsets to reevaluate model stability for each
carbon range. The models derived from full training sets were subse-
quently evaluated on the independent hold-out datasets to assess its
external performance and measure the predictive ability on unseen data.
Due to data scarcity, all final model fitting and repeated bootstrap
resampling (n = 5000) were conducted on the complete respective
datasets without further splitting. Final parameter uncertainty was re-
ported with mean values and 95% Cls. Additionally, mean RI and their
corresponding 95% CI and were derived for each compound were
derived from the out-of-bag (OOB) predictions generated during boot-
strap resampling iterations [78].

2.6. investigation of applicability domain (AD)

The theoretical chemical space of possible mono-cycloalkane iso-
mers is extensive, yet the available dataset is limited in comparison. The
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applicability domain (AD) was defined using the leverage method,
identifying potential extrapolation issues where new compounds would
exceed the structural range of the training data [79,80]. Williams plots
were generated by plotting the standardized prediction residuals of the
available data against the leverage (h) values both model ranges and the
combined model set. This visualization characterizes response outliers
(i.e. > + 3 standard residuals) and assesses the structural proximity of
each isomer relative to the centroid of the training descriptor space. The
leverage threshold is defined as h* = 3(p + 1)/n, with p being the
number of selected descriptors and n representing the number of data-
points. Since experimental RI values are unavailable for the theoretically
enumerated stereo isomers, these compounds cannot be included in the
Williams plot. As an estimate of descriptor-space extrapolation, leverage
values were computed for of all theoretically enumerated stereoisomers
from C3-C12 (24,820 isomers) and compared with the applicability
domain threshold (h*) of the C13 model.

3. Results
3.1. General model performance comparison

The following subsections detail the performance of the different
model architectures across the tested data splits, concluding with the
final model specifications.

3.1.1. Evaluation of model performances up to carbon number C13

The RidgeCV model slightly outperformed the linear SVR model on
the average validation set in the cross-validation procedure of the small
dataset (C13 see Tab. 2). Both SVR models had good training metrics but
marginally worse performances on the validation sets. When using the
linear kernel approach for SVR, better results were achieved consistently
than with the non-linear rbf kernel. The non-linear approaches were less
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Fig. 3. Illustration of predicted retention indices against the experimental database retention indices for the dataset up to the carbon number C13. Results for

RidgeCV and SVR (linear). Unity Line given in blue.
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Table 3
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Performance metrics of the five compared model approaches are listed. Training (train) and validation (val) set metrics are given with standard deviation and derived
from repeated k-fold cross validation on 80% of the full dataset to C20 (247/309). MSE: mean squared error, MAE: mean absolute error, MedAE: median absolute error,

MRE: mean relative error.

C20 models Unit RidgeCV SVR lin SVR rbf NN XGB

MSE train RI? 280.30 + 30.00 324.04 + 32.37 348.73 + 37.57 346.13 + 257.74 2818.73 + 105.13
MAE train RI 12.45 + 0.58 12.67 + 0.43 13.03 + 0.44 13.41 + 4.08 29.99 + 0.56
MedAE train RI 10.14 + 0.64 9.57 + 0.56 9.10 £ 0.65 10.61 + 3.55 18.21 £1.13

MRE train % 1.31 £ 0.05 1.32 + 0.04 1.32 + 0.04 1.43 £ 0.46 3.53 £ 0.09

MSE val RI? 444.87 + 307.48 492.96 + 281.25 491.03 + 215.18 717.43 + 469.20 3973.20 + 1952.14
MAE val RI 14.00 + 1.95 14.78 + 2.10 15.08 + 1.96 18.43 + 4.50 36.73 £ 7.24
MedAE val RI 10.92 £+ 1.32 11.18 £ 1.61 11.07 +£ 1.77 14.26 + 3.62 21.51 + 3.40

MRE val % 1.45 + 0.16 1.52 + 0.17 1.50 + 0.15 1.95 + 0.47 4.11 £1.10

accurate overall, as the NN and XGB models could not achieve compa-
rable metrics to RidgeCV and SVR (linear), especially for the validation
set. The XGB metrics were noticeably worse than all alternative model
architectures. NN was consistently less accurate than SVR (rbf). Stan-
dard deviations for NN and XGB further indicated that performances
were highly affected by the cross-validation splits. The standard de-
viations for RidgeCV and SVR models were generally comparable, but
dependent on the observed individual metric. Both linear approaches
were noticeably more stable than the SVR with rbf kernel as well and
showed good functionality over the prediction range (see Fig. 3). In
summary, the multi-linear model architectures showed better ability of
generalization, while also providing the most stable metrics. The
RidgeCV model demonstrated slightly improved performances in terms
of accuracy and standard deviation of the MSE and MAE for the vali-
dation set, when compared to the linear SVR.

3.1.2. Evaluation of model performances up to carbon number C20

In general, the inclusion of the data points above the carbon number
of C13 negatively affected all assessed error metrics noticeably (see Tab.
3). Not only the absolute metrics number deteriorated, but also the
standard deviation within the cross validation increased. The MSE of the
validation was affected the most in relation to C13. The high standard
deviation demonstrates difficulties from the inclusion of some heavy
structures, when they were not considered in training data of the
respective cross-validation fold. The standard deviation of the other
metrics in contrast are not affected as strongly, suggesting the MSE
change to be mainly affected by individual outliers. The advantages of
the RidgeCV over the competing models are more pronounced across
almost all validation metrics and are further supported by the standard
deviations, indicating greater generalization and robustness indepen-
dent of cross-validation folds. For the SVR models the choice of the
kernel was almost irrelevant, only showing noticeable differences for the
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MAE metric in preference of the linear SVR. The NN and XGB ap-
proaches demonstrated no suitability again, with less precision on both
the training and validation data, indicating difficulties for complex ar-
chitectures with limited datasets. Fig. 4 illustrates that despite accept-
able overall performance metrics, both linear models struggled to
properly implement the sparse additional data of heavy molecules. For
the linear SVR model this was apparent by the loss in linearity and
monotony represented by almost horizontal step-like patterns in the
prediction above RI’s of 1500. This indicated a lack of predictive reso-
lution for heavier molecules within the SVR framework. RidgeCV also
showed higher difficulties in precisely modelling the heavy molecules,
but recreated the general tendencies found in the experimental RIs more
accurately.

Overall, RidgeCV was determined to demonstrate the most consis-
tent modelling outcomes within the established error metrics and their
variability for the present dataset. This model was selected as the
preferred approach for both datasets (C13 & C20) and will be used for
further subsequent discussions.

3.1.3. RidgeCV model optimization and final performances on hold-out test

Cross-validation demonstrated that RidgeCV outperformed all other
models on both datasets (C13 and C20). Bootstrap-based uncertainty
analysis indicated that the descriptors FNSA2, JGT10, MDEC-33 and Vu
did not significantly contribute to the C13 model as their coefficient
confidence intervals included zero. Consistent with this, individual
feature elimination tests confirmed that these descriptors could be
excluded without compromising model performance. For the C20
model, the descriptors WTPT-1 and FMF were similarly found to be non-
essential within RidgeCV, as their removal did not decrease predictive
accuracy. The final optimized RidgeCV model results are presented in
Tab. 4.

The corresponding hold-out test sets were used for final evaluation
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Fig. 4. Illustration of predicted retention indices against the experimental database retention indices for the dataset up to the carbon number C20. Results for

RidgeCV and SVR (linear). Unity Line given in blue.
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Table 4

Performance metrics of the adjusted RidgeCV models after bootstrapping.
Training (train) and validation (val) set metrics are given with standard devia-
tion and derived from repeated k-fold cross validation on 80% of the dataset
until C13 (218/273) or the full dataset to C20 (247/309). Hold-out test metrics
of the RidgeCV models are listed below (C13: 55/273; C20: 62/309).

Optimized Models Unit RidgeCV (C13) RidgeCV (C20)
MSE train RIZ 174.06 + 11.84 278.40 + 25.42
MAE train RI 10.15 + 0.36 12.47 +£ 0.41
MedAE train RI 7.85 £+ 0.40 10.23 + 0.42
MRE train % 1.14 £ 0.04 1.31 + 0.04
MSE val RIZ 204.81 + 49.28 366.72 + 145.62
MAE val RI 11.01 +£1.32 13.68 + 1.67
MedAE val RI 8.87 +1.62 11.02 + 1.55
MRE val % 1.25 £ 0.17 1.44 £ 0.15
Hold-out test

MSE RI? 154.84 225.57

MAE RI 9.31 11.52

MedAE RI 7.39 10.58

MRE % 1.13 1.26

on external data excluded during optimization (see Tab. 4 and Fig. S1).
Results demonstrate strong performance on unseen data, consistent with
cross-validation metrics. This indicates sufficient capability of general-
ization by both models. The C13 model again exhibited lower overall
errors. When applying the C20 model function only on the hold-out test
molecules C13 and below the test metrics (MSE: 238.58 RIZ, MAE: 11.91
RI, MedAE: 10.63 RI, MRE: 1.33 %) were found to be worse than for the
individual C13 model fit as well. It suggests that the C13 model is better
at recreation of small steric differences that weren’t met as effectively by
the full model. Thus, it is proposed to apply the RidgeCV (C20) model
only for structures above the carbon number C13 and use the C13 model
for more detailed small structure evaluations.

3.1.4. final model formulas (RidgeCV)

For the reported model functions, the full respective datasets were
used as training set for the RidgeCV model approaches. Model functions
were generated with scaled datasets. Coefficients are presented in scaled
form for importance evaluation as well as in rescaled form to allow
direct application without the need for descriptor scaling. Descriptor set
optimization reduced the C13 model to 11 descriptors, whereas 13 de-
scriptors were retained in the C20 model. Features within both sets
overlapped substantially, giving a total of 16 relevant descriptors across
both models. The descriptors are listed with coefficients in Tab. 5. The
lists partially include co-correlated features. Yet, it was found that
especially the 3D descriptors could provide varying individual differ-
entiation of stereoisomeric separation. Thus, they were used as com-
bined input data to help fitting stereo isomeric effects. The bootstrap-
based 95% confidence interval results for the coefficients are

Table 5
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presented within Tab. S3 in the supplement.

Stereospecific distinction was mainly provided by the 3-dimensional
descriptor class of differently weighted (W) or fractionated (F) positively
(P) or negatively (N) ‘charged partial (S) surface areas (A)’ (WNSA,
FPSA, FNSA), developed by Stanton and Jurs who already used them for
modeling of different physical properties [73]. Molecular distance edge
vector descriptors (MDEC) have been previously reported for the esti-
mation of boiling points by Liu et al. [74]. They describe the proximity of
carbons with specific substitution levels to one another. Global de-
scriptions of molecule structure are further provided by the total walk
counts (TWC) and additional assignment of weightings for specific bond
types (WTPT-1) [25,81]. Retention is naturally calibrated by molecular
weights (MW) but impact of ring size and number of branches
([CX4H3]) on physical properties was also already reported elsewhere
[46,82]. Platts et al. proposed a structural group combination approach
to create molecular linear free energy relation descriptors (MLFER L)
[83]. It was found to be highly correlated to the overall retention
behavior but only roughly differentiates between constitutional isomers.
The ‘AATSC3i’ descriptor is an average Broto-Moreau autocorrelation
index that considers the topological distances of the third order in the
molecular graph, weighted by the ionization potential [25,60]. The FMF
descriptor was developed by Yang et al. and describes the molecules
complexity based on the size of the molecules framework weighted by
the total molecular size [84,85]. Further details about individual de-
scriptors can be found in the respective publications and descriptor
calculation software packages [59,60,68]. The list of included stereo
isomers is available in the supplementary information along with C13-
and C20 model predictions as well as descriptor values and boot-
strapping results.

3.2. Evaluation of model sensitivity on stereo isomerism

As the declared objective was to correctly map stereoisomeric effect
on retention, stereo containing retention data was analyzed indepen-
dently from the total model performance. In general, stereo specific
retention data in the NIST database was mainly reported for the C13
model range (165/167). The stereo-specific compounds (34/55) within
the hold-out test of the RidgeCV (C13; 165/273) model exhibited the
error metrics MSE: 180.10 Rlz; MAE: 9.92 RI; MedAE: 7.58 RI; MRE:
1.23 %. For the model up to C20 data only two new stereo specific
structures (1-decyl-2-methyl-cyclohexane; cis/trans) were available, so
the relative amount of stereo sensitive data was decreased (167/309).
The stereo-specific hold-out test set compounds (33/62) of the C20
model exhibited the error metrics MSE: 233.66 RI?, MAE: 12.05 RI,
MedAE: 11.55 RI, MRE: 1.38 %.

For both model ranges the respective error metrics slightly worsened
in contrast to the total hold-out set. Yet, the errors are still in good
comparison to the validation metrics and show that the overall

Descriptor coefficients for the RidgeCV models in C13 and C20 range. Respective software packages for calculation were PadelPy®, Mordred™ and RDKit™. All
descriptors exhibiting 3-dimensional distinction are marked with an asterisk (*) [59,60,68].

C13 model RidgeCV Scaled RidgeCV Rescaled C20 model RidgeCV Scaled RidgeCV Rescaled
*WNSA3™: 5.66949E+01 1.77773e+02 *FPSA2™: —1.64728E+03 —1.08327E+04
MLFER_L®: —1.24105E+03 —1.37281e+03 MW®: 5.08889E+03 1.16188E+02
*FPSA2™: —2.48010E+-02 —2.92925e+03 MDEC-22®: —1.26152E+02 —1.71539E+01
MW®: 1.48264E+03 5.85249e+01 MLFER_L®: —2.81984E+03 —1.76198E+03
WTPT-1®: 2.56670E+02 7.00941e+01 *FPSA4™: —9.90124E+01 —1.47615E+05
*FPSA4™: —8.72197E+01 —1.47523e+05 *FNSA2™: 1.94343E+02 1.04581E+04
*FNSA3™: 7.02486E+01 5.08634e+04 *FNSA3™: 6.51186E+01 4.05156E+04
ring size®™: —3.72677E+01 —2.10471e+01 *WNSA3™: 5.35718E+01 1.04462E+02
[CX4H3]®: —3.34953E+02 —3.62193e+02 TWC®: —5.24569E+01 —6.29301E+00
FMF®: 2.59291E+01 4.30180e+02 [CX4H3]™: —5.12552E+-02 —5.54674E4-02
AATSC3i®: 6.95432E+00 4.31795e+01 ring size®™: 2.39079E+01 1.28278E+01
Intercept: 9.11158E+02 2.73340E+03 MDEC-12(: —~1.12778E+01 —8.71893E+00

MDEC-23®: —1.22640E+01 —4.89675E+00

Intercept: 1.01002E+03 2.95132E+03




Table 6

Selection of available literature models considering cycloalkanes within their prediction. Utilized data, descriptors and model techniques are described. Reported original errors were copied from references in column 5.

To enable better comparison, uniform metrics (MAE, MedAE, MRE) were herein recalculated from provided data of the references in column 6.

Reference Dataset Descriptors Model approach  Error metrics reported by New error metrics recalculated from
Reference original data from the references
Dimov et al. 1978 30/30 C5-C9 cycloalkanes -PCI (physico-chemical index): Multilinear variance: no hold-out test
[47] vapor pressure, molecular volume (solute and reference) regression s2=0.97 MAE: 0.88 RI
-structural number: MedAE: 0.6 RI
ring size, number of substituents, side chain length, number of sidechain branches,
number of free ring positions, number of specific cis/trans structures
stereo sensitive due to distinct physical property differences
Bermejo et al. 15/55 C6-C8 cycloalkanes -physical properties: Multilinear standard deviation no hold-out test
1984 [43] boiling point, refractive index, density regression s=4.1 all data:
Linear, branched and cyclic alkanes no report on cyclic only MAE: 3.3 RI
stereo sensitive due to distinct physical property differences errors MRE: 0.49 %
MedAE: 2.8 RI
cyclo only data
MAE: 3.87 RI
MRE: 0.52 %
MedAE: 3.3 RI
Duvenbeck et al. C5-C9 cycloalkanes -number of identical vertices, the atomic level indices, electrotopological state, Multilinear MAE 7.0 - 16.7 RI no hold-out test
1993 [42] 22/217 datapoints bond type indices, ring parameter regression Standard errors: 10.2 — best model

Acyclic- and, cyclic alkanes, alkenes,
alcohols, esters, ketones, ethers

no stereo differentiation; use 2D molecular descriptors only

24.8
no report on cyclic only
errors

cyclo only data
MAE:11.05
MedAE: 7.35
MRE: 1.54 %

Yan et al. 1998
[29]

Cyclic and acyclic alkanes,

Alkenes, alcohols, ethers, ketones,
esters

Cyclo:
20/184
From C5-C9

-physical properties:
boiling point, molecular weight, density

stereo sensitive due to distinct physical property differences

Neural network

“the average relative error
is no more than 2%.”
report only on test set

no report on cyclic only
errors

from hold-out test
MAE: 11.16 RI
MedAE: 8.35 RI
MRE: 1.52 %

4/34 cycloonly hold-out test
MAE: 23.73 RI

MedAE: 24.1 RI

MRE: 3.32 %

Yin et al. 2001
[44]

“55 cyclanes” from C5-C9

Exported from total dataset of 150
hydrocarbons

15-bit numerical code
(partially stereo sensitive)

limited stereo description (only includes bit for if cis/trans is present), use molecular
descriptors only

Multilinear
regression

standard deviation (best
model)

s =20.24

no report on cyclic only
errors

no hold-out test
all data best model
MAE: 15.59 RI
MedAE: 12.3 RI
MRE: 1.95 %

“Cyclanes” only best model
MAE: 16.32 RI

MedAE: 15.38 RI

MRE: 2.04 %

Geer et al. 2024
[41]

Total NIST EI-MS spectral libraries of
standard semi polar columns

Atomic number, formal charge, number of atoms, bond type, bond conjugation,
shortest topological distance along the path, ring descriptors (size, aromaticity)

no stereo differentiation, use 2D molecular descriptors only

Neural network

Reported test set metrics:
MAE: 15.1 RI

MedAE: 8.0 RI
no report on cyclic only
errors

Lit. database C13 (273):
MAE: 12.06 RI

MedAE: 9.30 RI

MRE: 1.34%

Lit. database C20 (309):
MAE:11.51 RI

MedAE: 8.60 RI

MRE: 1.23%

no train/test split known
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performance is not substantially affected by separation problems of
higher complexity. Still, it indicates that there may be marginally higher
uncertainties with stereo effect predictions and better fits to constitu-
tional isomerism.

4. Discussion
4.1. Comparison of model performance to literature

The evaluation of model performances varies strongly depending on
the literature reference. The reported performance metrics are generally
not the same over all references and therefore difficult to compare
against each other. To enable a better comparison to the obtained per-
formance of the presented model herein, MAE, MedAE and MRE were
calculated from the original full data and cycloalkane subsets (see last
column in Tab. 6), when sufficient experimental data was provided by
the literature sources. As not all literature studies have the distinction of
assessing modelling performance on hold-out test sets or by cross-
validation, reported results in the literature may potentially be biased
by the fit to the known training data. Additionally, given performance
metrics often describe the total used dataset which is generally not only
consisting of mono-cycloalkanes. A selection of reported models from
literature can be found in Tab. 6. Mono-cycloalkane specific retention
models are not commonly reported. Only Dimov et al. was found to do
an individual analysis [47]. In other studies, it is typically only a part of
the total dataset with 15-50 considered compounds. As already dis-
cussed in the introduction, cycloalkane modelling has been reported to
be a more complex problem in contrast to other hydrocarbon families
like paraffins, olefins or aromatics [46]. In the Tab. 6 it can be seen that
in contrast to the overall model performance the cycloalkane specific
results tend to show higher error metrics in the respective references.
Throughout the references, the incorporated mono-cycloalkane struc-
ture range is mostly limited to small molecular weights, usually only
going as high as C9 with the majority of data in the smaller carbon
numbers [29,42-44]. Only Geer et al. have incorporated a comprehen-
sive dataset for a wider range of mono-cycloalkanes, using the full
available dataset of NIST libraries [41].

Some of the reported models incorporated physical properties to
model retention behavior. Common connections for the correlation are
the boiling point and vapor pressure, which are in itself closely related to
retention behavior [29,43,47]. For those model cases, stereo sensitive
results are achievable due to differences already being represented by
the physical properties. Retention predictions from properties are being
reported with high precision and errors as low as MAE < 1 RI [47], but
mainly include small structure ranges (below C9). Yan et al. however
shows that even with property data incorporation the prediction with
complex model approaches like a neural network might be difficult due
to limited data availability (MAE > 20 RI) of cyclic components [29].
Without the availability of property data, models utilized descriptors
mainly referring to two-dimensional structure quantification. Therefore,
the configurational effect of steric sidechain interactions cannot be
represented in the fit, neglecting partially significant differences of
stereo sensitive behavior. Without 3D descriptors some constitutional
isomers might even be equally resolved, when vicinity of structural
differences is not properly quantified. From the three listed models
without property inclusion, only the Yin et al. model incorporated
stereo-specific description [44]. The developed numerical code however
only differentiates if cis or trans is present and disregards more complex
stereo diversity, which sometimes led to equal RI predictions of stereo
isomers. From the models that strictly relied on structure quantification,
the best absolute results were achieved by Duvenbeck et al., where
comparable absolute errors are reported to the herein described per-
formance [42]. Their study however was only trained on a small selec-
tion of light structures and relative RI differences were therefore
noticeably higher. The exclusion of a hold-out test might additionally
present the metrics in a more positive light, as only trained structures are
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predicted. For the present work the model of Geer et al. is possibly the
primary benchmark to compare to, as it incorporated mono-cycloalkane
datasets within their comprehensive database over all chemical func-
tionalities of the NIST-RI database [41]. Reported absolute metrics re-
sults from their hold-out test are comparable to the high carbon models
results, although the higher difference between MAE and MedAE indi-
cate a good general fit but stronger influence of outliers. The C13 model
outperforms the results of Geer et al. on the given metrics. Assessing the
quality of the model from Geer et al. on cycloalkanes structures only is
complicated due to the unknown diversity of chemical functionalities
present in the used test data. By reproducing the procedure published by
Geer at al., predictions for the herein used cycloalkane datasets were
generated and used for the calculated metrics column in Tab. 6. The
indicated performance may be influenced by the neural network’s use of
an extensive training dataset and the unknown nature of the excluded
compounds in the hold-out test set. This raises concerns about the
generalization, as their model may perform well on known cycloalkanes
but its ability to predict unseen structures remain uncertain. The results
in Tab. 2 and Tab. 3 (Chapter 3) already demonstrated that, across all
modeling approaches, training set metrics typically outperformed those
obtained from the validation set. This was especially noticeable for more
complex non-linear architectures. While this may partially explain the
improved predictions for higher carbon ranges with limited data avail-
ability, the overall assessment of the model by Geer et al. remains
challenging due to the possible biases. Despite the questions regarding
the neural network’s generalizability, the C13 model surpassed the
performance of Geer et al. on the assessed metrics. The C20 model’s
results from validation imply less precision on heavy molecules, but the
hold-out test performance from C20 lies well within the neural-networks
range. Due to Geer et al. not incorporating 3-dimensional descriptors,
stereoisomeric effects were completely excluded in their evaluation.

In conclusion, while the herein proposed models do not match the
precision of those using experimental properties as input, they offer a
practical solution in the absence of comprehensive physical data. By
enabling evaluation across a greater carbon range and incorporation of
stereochemical sensitivity, improvements were achieved in comparison
to literature models that rely on molecular descriptors. Although pre-
dictive accuracy decreases for higher carbon numbers, the models still
provide the ability to assess heavier structures within carbon ranges
relevant to jet fuel analytics.

Additional work will be conducted to evaluate the impact of the
herein presented model on fuel analysis through its application to
GCxGC-based subgrouping approaches, analogous to previous studies on
isoalkanes [22]. Further improvements may be achieved through the
inclusion of synthetically generated data points based on homologous
series, thereby extending coverage of the chemical space (e. g. use
cyclooctane, methylcyclooctane and ethylcyclooctane to extrapolate
towards propylcyclooctane). In addition, previous studies have explored
the development of QSRR models for comprehensive two-dimensional
GC [86,87], which may provide improved capabilities for solving
complex separation problems.

4.2. Remaining uncertainties regarding model performance and
applicability domain

As illustrated in Fig. 5, the majority of datapoints from the NIST
database are well represented by the combination of the reported
models (only molecules above C13 were predicted by the C20 model).
The highlighted region with an absolute RI difference (|ARI|) < 20 be-
tween prediction and literature value contains 270,/309 data points. The
Williams plots for each models individual applicability domain are
presented in the supplement (see Fig. S2). By the combination of the
applicability domain 6/309 molecules were detected as response out-
liers (i.e. > + 3 standard residuals), while 11/309 isomers were found
above the respective leverage thresholds (h*). The highest uncertainties
of prediction were found for the C14 (ARI = 74.82) and C16 (ARI =
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Fig. 5. Illustration of prediction residuals against retention index of the herein created models (left). The Williams plot for the applicability domain (right). Leverage
thresholds individually plotted for C13 (h* = 0.132) and C20 (h* = 0.136). RI predictions are combined, taken first from the C13 model (black) and extended towards
the high carbon range by the C20 model (blue). Individual structures are highlighted.

58.38) rings without sidechains. Since all other “full rings” from C3-C13
have a mean |ARI| = 9.23 without the two outliers (mean |ARI| = 18.06
with outliers) these two deviations might have a higher data uncertainty
within the database. Due to the C20 model showing general higher er-
rors this effect might also be partially related to the C20 fit to such in-
dividual structures with no sidechains (total MAE = 28.33 RI; without
outliers MAE C3-C12: 15.93 RI; 21.38 RI with C13). As it can be seen
from the Williams plot (Fig. 5), several ring structures without any
sidechains were found outside of the leverage threshold our residual
boundaries. Larger ring structures were generally underrepresented as
34/36 compounds above C13 were 5- or 6-membered rings, making
them difficult to calibrate sufficiently. In total, only 36/309 of the rep-
resented isomers possessed ring sizes greater then six members,
including the 13 unsubstituted cycloalkanes without side chains. A
similar problem can be discussed in connection to complex sidechains
like tert-butyl. Only 24/309 molecules included internally branched
sidechains, while 48/309 had the ring not connected to the end of a
sidechain (like 1-propylbutyl or 1-ethylmethyl which is a isopropyl rest).
The majority of data points was given with only methyl or other straight
chain alkyl (224/309) ring substituents, possibly explaining better
model generalization on lower complexity structures. Despite the fact
that the cis/trans 1-methyl-4-tertbutylcyclohexanes were both predicted
around 40 RI off, the relative elution effect of their stereo difference was
well represented (Literature: cis 1093 RI, trans 1081 RI; Prediction: cis
1053.3 R, trans 1036.9 RI). Due to both structures beeing only reported
once in literature, the literature RI uncertainty is unknown [88]. For
other compounds literature RI were reported with high given errors
from NIST summarization. The given RI in the database indicated that 1,
2,3,4-tetramethylcyclopentane (aoao; all cis) elutes as earliest stereo
isomer (RI + 23) [48]. Other sources hint that this isomer actually has a
noticably higher boiling point or consequently RI than the cis-trans
mixed isomers [89,90]. The other found 1,2,3,4-tetramethylcyclopen-
tane isomers also have a mean |ARI| = 6.43 between literature and
prediction values. The here shown 1,2,3,4-tetramethylcyclopentane
(o) outlier therefore might have a strong dependency on the re-
ported literature source. Further consideration regarding the quality of
literature values can depend of chromatographic conditions and indi-
vidual sources. RI deviations have previously been linked to variations
in temperature programming [91,92], which may not be consistent
across the dataset compiled by NIST. Additionally, the curation of
literature data by NIST can contain some general reliability questions as
reported by Matyushin et al. [93]. Such RI uncertainties are therefore
automatically included and can influence potential model predictions.
Due to general limitation in availability of data or reference standards it
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still provided the most comprehensive base to gather representative data
for modeling approaches.

Besides the given uncertainties from combined literature sources,
additional uncertainties can be introduced by the descriptor generation.
CORINA based 3D coordinates from the NCI-Webtool were reproducible
with the same input SMILES keys. The reported structure however is not
certainly the most optimized, depending on process to find the energetic
minima. When the enantiomeric smiles key was given, the optimized
coordinates changed. Sometimes they were just inverted, resulting in
identical descriptors. Other times, the descriptors were affected by the
differences in structure optimization. This could lead to enantiomeric
retention differences, which are not physically expected in an achiral
column setup. For the respective stereo sensitive structures herein, that
could have enantiomeric partners (90/309), a mean absolute difference
of 1.09 RI was calculated. Despite in theory beeing physically identical
the seven included enantiomeric literature pairs showed noticable RI
differences. With reported |ARI| between 7 — 39, the accuracy of pre-
diction is difficult to assess without knowing the “correct value”. With
predictions of enantiomers having an neglactable deviation, one of the
literature values was usually well characterized, while the second
showed higher deviations. Due to the given uncertainty, they were not
included in subsequent qualitative discussions.

At last, the applicability on unfamiliar data needs to be addressed.
The available dataset represents only a limited subset of the theoret-
ical possible isomeric diversity of mono-cycloalkanes (see Tab. 1).
Since the total number of possible stereo isomers within jet range is
too extensive, a general estimation of applicability was tested on the
24,820 isomers within the range of C3-C12. The AD included 62.5 % of
all considered theoretical stereo isomers. 37.5 % of the theoretic
structures until C12 exceeded the leverage threshold (h* = 0.132) of
the C13 model (see Fig. S3). The majority of data points that were
found outside of the AD could be assigned to certain structural ele-
ments. Many of those isomers were found to have ring sizes of three or
four carbons (7757/9316; 83.3 %) or be highly branched with five or
more alkyl branches (7162/9316; 76.9 %). On the contrary, the AD
still included 52.7% (8657/16,414) of small ring isomers and 33.7 %
(3633/10,795) of high branched structures (5+ methyl groups).
Leverage is not always an indicator for prediction errors, as illustrated
by the Williams plot in Fig. 5. However, high leverage reveals less
representation by the training set of the model and consequently
higher prediction uncertainty due to extrapolation. Consequently, the
model should be used with caution when applied on isomers that are
structurally distant from the validated descriptor space.
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Fig. 6. Illustration of mean model performance from bootstrapping plus corresponding 95% confidence intervals for stereo isomeric separation examples. Only
structures shown where multiple stereo isomers were available. a) C9-cyclohexanes; 1,2,4-trimethylcyclohexanes highlighted (blue). b) diastereomer pair RI dif-
ferences in literature and prediction; different stereo cases and 1,2,3,4-tetramethylcyclopentane (aaaa) outlier highlighted (red). ¢) C9-cyclopentanes with four
methyl groups; 1,2,3,4-tetramethylcyclopentane (outlier, red) highlighted (orange). d) C10-cyclohexanes with cis/trans isomerism. Enantiomer data excluded due to

uncertainties in literature.

4.3. Assessment of the model’s stereo sensitivity

The majority of available data for relative retention differences
of stereo-isomers was present for C9 and C10 mono-cycloalkanes
(105/167, see also distribution in Fig. 2). Selected examples are
illustrated in Fig. 6.

For each diastereomer the differences for literature and prediction
RIs were calculated with every possible diastereomeric partner. This
usually resulted only in data pairs for cis/trans cases but created a matrix
of stereo pairs for more complex structures (3+ rests). The relative
retention order was generally well recreated by the models. The absolute
retention differences between included stereo data pairs had higher
uncertainties. Predicted RI differences usually were smaller than the
reported stereo effect in the literature (see axes Fig. 6b). Still, in 73/97 of
the available isomeric data pairs the correct relative retention order was
predicted. If only data pairs with RI differences above the average
literature uncertainty (|ARI| = 3.7) are considered the correct relative
order fits in 62/80 cases. This reduced set will be further discussed in the
following paragraph. The bootstrap-derived prediction intervals
(see Fig. 6 and supplementary information) revealed that the majority of
predicted RI differences of stereoisomer pairs statistically exceeded the
half-width of the model’s 95 % confidence intervals (Clyy) for the
respective isomers (59/80). This indicates the model’s capability of
assessing and reflecting the impact from stereochemistry on retention
indices. Especially examples with only two diastereomeric configura-
tions showed well representation by the model and usually reflected the
literature derived elution order. From the final model 40/47 assign-
ments were correct, with 34/40 RI differences above the Clyy. Two
diastereomeric isomers are usually possible, when two sidechains are
not connected to the same ring atom. Additionally, only two structures
might be possible with high molecular symmetry, like for 1,3,5-trime-
thylcyclohexane. There the only valid options are aoa- & aop-
(cis/trans). All isomeric pairs shown in Fig. 6d), like 1,1,3,5-tetramethyl-
cyclohexane or 1-methyl-4-propylcyclohexane only have two viable
options (cis/trans). In contrast, stereo isomeric groups with higher di-
versity showed more uncertainties but still had good success rates
(22/33 total; 18/22 of those above Cly,,). One example illustrated in
Fig. 6a) is 1,2,4-trimethylcyclohexane. It can be observed that one
structure deviated from the trend (faf—1,2,4-trimethylcyclohexane),
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whereas the predicted mean RI of 3/4 of the stereo isomers still follow
the trend reported in the literature. This already resulted in 3/18
incorrect data pairs in the overall evaluation of mean predicted RI due to
a single outlier. For 1,2,3,4-tetramethylcyclopentane (Fig. 6¢), only five
of eight unique RI values could be evaluated. With exception of the
acoa-isomer the relative retention order was again well reproduced by
the model. The uncertainty of this specific literature value was already
discussed above. This however created four added wrong diastereomeric
data pairs due to one outlier.

In general, the model is capable of predicting stereo sensitive
retention behavior. The replication of relative retention order for dia-
stereomeric pairs is accurate for around 78% (62/80) of the evaluable
examples. Due to some diastereomeric pairs eluting closer to one
another the confidence intervals of the individual isomers could over-
lapped occasionally. For 83% (52/62) of the correctly assigned stereo
isomeric pair predictions both the elution order was correct and ARI
exceeded the Cly,, making the result also statistically reliable. In the
remaining 10 examples, the general trend of mean prediction indicated
the correct trend of elution order but size of confidence intervals
included the mean of the isomeric partner (e. g. 1,2,4-trimethylcyclo-
hexanes in Fig. 6a). The overall diversity of stereo sensitive separation
cases though is limited and mainly includes cis/trans compounds. This
makes the overall evaluation and training of complex stereoisomeric
problems difficult and highly influenced by individual data quality.
Facing the isomeric complexity and limited refence data, the models still
reflected well, how significant steric differences can affect the retention
range and in which order stereo sensitive structures are eluted. To date,
it represents the most accurate tool available for determining RI values
for complex cycloalkane isomerism in the carbon range relevant to jet
fuels,

5. Conclusion

The impact of diastereomeric structure differences is known to be
significant on gas chromatographic retention of mono-cycloalkanes.
Available models in literature have commonly only considered cyclo-
alkanes of C9 and below while neglecting steric effects, using physical
properties as features or describing steric diversity incomplete. Herein
retention index modelling was shown for mono-cycloalkanes in the
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carbon range of jet fuels (i.e. C20) with inclusion of stereo isomeric
sensitivity. Due to skewed data availability in the literature, one model
was built from data until C13 with higher precision and one until C20
with slightly lower performance. Together the generation and evalua-
tion of a comprehensive and reliable method to predict retention of jet-
fuel relevant and stereo-sensitive mono-cyclic components was pre-
sented. The models are relying on a combination of multiple 2- and 3-
dimensional descriptors. Although uncertainties arising from structure
optimization procedures and data quality have to be considered, the
given performance metrics showed improved value against varying
literature reports. Especially compounds within the carbon range until
C13 were shown to be reliably predicted. Validation errors from internal
cross validation showed mean absolute errors of MAE (C13): 11.01 +
1.32 RI and MAE (C20): 13.68 + 1.67 RI over 50 iterations, while hold-
out tests were MAE (C13): 9.31 RI and MAE (C20): 11.52 RI
Bootstrapped-derived 95% confidence intervals reflected the combined
model’s stereoisomeric sensitivity, with 65 % of the diastereomeric pairs
predicted in correct elution order and statistically reliable (mean RI 78%
correct). The classification of cis/trans cases was matched best, with 72
% of correct assignments (mean RI 85 % correct). Despite remaining
limitations, the results indicate that the proposed model achieves the
highest accuracy to date predicting RI values of complex cycloalkane
isomers in the carbon range relevant to jet fuels.

Overall, both models produced promising results for the compre-
hension of cycloalkane retention effects. They will be beneficial for
further understanding of fuel differences, fuel property predictions and
the comparison of jet fuel and sustainable aviation fuel compositions.
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