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INTRODUCTION

Understanding the physical and chemical foundation of the world is driving expo-
nential technological progress in the modern human era. In this technological
progress, computers are multiplying human creativity and discovery capabilities
at an accelerating pace. Thus, in silico approaches, such as qualitative and quan-
titative structure-property relationships (QSPRs) help to accumulate knowledge
by harnessing the processing power of computers. In this regard, the widespread
application of artificial intelligence and machine learning methods within the
frame of QSPR approach enables modern research in understanding the physico-
chemical properties of materials and substances. One such class of substances is
ionic liquids (ILs) defined as organic salts, i.e., liquids at ambient conditions.
Understanding and predicting the distribution properties of solutes in the IL
provides a basis for the exploration and development of such application-oriented
chemical media.

As potential environmentally safer alternatives to traditional volatile organic
solvents, ILs are an important subject of research. Their versatility has led to
numerous applications as solvents and extraction media in synthesis, catalysis,
electrochemistry, separation and extraction chemistry, and material and bio-
chemical engineering. Despite the unique, and tunable properties of ILs, com-
paratively few studies have been conducted on their structure-property relation-
ships. Systematic studies have generated experimental data necessary for the
development of large-scale generic data-driven models that can be used to
provide a better mechanistic understanding of chemical interactions in ionic
liquid properties of interest. For example, the large and diverse data set covering
the complex interaction system of organic solutes, cations, and anions in ILs
requires the development of novel methodological solutions.

The aim of research conducted in this thesis was to investigate the relation-
ships between the gas-ionic liquid partition coefficient (log K) and the structure
of organic solutes and the ionic components of ILs using cheminformatics ap-
proaches, in order to develop efficient models for predicting log K of chemically
multicomponent systems, and to describe the possible interactions occurring in
such molecular systems. This involves use of theoretical molecular descriptors
and advanced machine learning methods to model and uncover the interaction
mechanisms based on the structure of the solute and the IL that govern the
partitioning behaviour of the solute depending on the structural features of each
component. The hypotheses of this research are (i) that the structural properties
of both anions and cations of the ionic liquid significantly affect gas—IL parti-
tioning of organic solutes; (ii) that integrated multicomponent models that include
molecular descriptors of solutes, cations, and anions can provide competitive
predictive accuracy for log K; (iii) and finally, that both linear and non-linear
advanced machine learning approaches through molecular descriptors success-
fully shed light on the intermolecular forces underlying their distribution
behaviour, such as dispersion, Coulomb and dipolar interactions, and hydrogen
bonding.



CHAPTER 1. LITERATURE REVIEW

1.1 lonic Liquids and Applications

Ionic liquids are a unique class of compounds generally defined as organic salts
with a low melting point, many of which retain liquid state at room temperature.’
They are composed entirely of ions, typically organic quaternary ammonium,
sulfonium, phosphonium, pyrrolidinium, imidazolium, or pyridinium cations of
low charge density, combined with diffusely charged, bulky, water-stable anions,
which hinder packing in the crystal lattice because of the mismatched ion sizes
and shapes.? These structural intricacies, suppressing the strong electrostatic
Coulombic attraction between the counterions, are the reason for low melting
points and negligible vapor pressures of ILs.? In addition, ILs display low visco-
sity, wide liquid range, high polarity, good electrical conductance, and high
thermal stability, setting them apart from molecular solvents and motivating their
use in a wide range of applications across various fields.>?

ILs are often sub-categorized by their chemical structure or functionality.
Based on structure, they can be classified as protic, chiral, magnetic, polymeric,
polyionic, chelating, fluorous, oxidative, monovalent, and dicationic.” As dis-
cussed by Singh and Savoy (2020)°, their purity depends to a significant extent
on their synthesis strategy, and a low impact on the environment is also important,
as in the case of multi-step synthesis methods based on microwave irradiation
and ultrasound-assisted reactions. High purity ionic liquids are required for
reliable results in scientific research, but depending on the ionic liquid, they can
be difficult to purify. The extremely low vapor pressure inherent to ILs compli-
cates the purification through common distillation methods. Nevertheless, most
impurities in ionic liquids can still be removed by distillation and the degree of
purity can be increased by slow crystallization.®

ILs have been widely studied as solvents and electrolytes in catalysis’ ',
electrochemistry'>”"’, extraction and separation chemistry'®?!, synthesis***’, and
numerous other industrial and research applications.”® *? They are increasingly
used as an alternative to volatile organic solvents, mineral acids, bases, solid acids
and many other compounds.® The main reason here is the very low vapor pressure
of ionic liquids. The potential environmental benefit is an important driving force
in the research and application of ILs.**> Another remarkable property is their
adaptability; the properties of ILs can be fine-tuned by slightly altering their
cation or anion components, which has led to the concept of "designer solvents",
where ILs can be designed for a specific application.>® However, many commonly
used ILs exhibit some degree of toxicity, as demonstrated by toxicological data
collected from evaluating their effects on various organisms.’’ Despite this
circumstance, being designer solvents, ILs have opened a window to design safer,
biodegradable ILs with properties similar to those of the commonly used solvents
enhanced by the low volatility, high thermal and chemical stability, and low
flammability of ILs.*” Beyond these advantages, ILs are good solvents for both
organic and inorganic substances, which is why they can be used, for example, to
bring different reactants into the same phase.'®* Their good dissolving properties



are also used in various syntheses, materials processing, biomass processing,
extraction and gas separation.”® Electrochemical stability in addition to unique
solvent properties provides a good basis for the use of ILs for the separation of
rare earth metal salts and the electrochemical deposition of pure earth metal.”’
Low melting point and good solubility allow ILs to be used as chemical enhancers
in drugs to ensure effective drug delivery.*’ Finally, the ability of ILs to solubilize
and stabilize enzymes, proteins, DNA, and RNA is an exceptionally valuable
property for biotechnological applications.*

As ILs continue to gain increasing popularity in various applications, the need
to understand and predict their properties becomes increasingly important. In the
last two decades, the number of scientific reports on ILs research has increased
exponentially, and the continuous development and synthesis of new ILs neces-
sitate efficient methods for evaluating their suitability for specific purposes.*' The
amount of physicochemical characteristics data of ILs such as density, melting
point, thermal stability, conductivity, solubility, viscosity, surface tension,
polarity, vapor pressure, and miscibility among others has seen a quick rise.*!

1.2 Partition Coefficient

Partitioning is the distribution of molecules between two immiscible solvents.*>*

This is quantitatively characterized by the partition coefficient, i.e., the ratio of
compound concentrations in immiscible solvents in an equilibrium.** The parti-
tion coefficient is useful in estimating the distribution of chemicals in any
system.* In natural environments, a hydrophobic chemical with a high octanol-
water partition coefficient is distributed mainly in hydrophobic areas of the eco-
system.** In contrast, a hydrophilic chemical with a low octanol-water partition
coefficient is found primarily in wet areas such as marshes, ponds, rivers, and
lakes.* The partition coefficient is also used in the development of drugs to mea-
sure the hydrophobicity of the solute and, based on this, to determine the
permeability of the drug through the membrane.* If one of the solvents is a gas
and the other a liquid, the distribution of the solute between these phases is
characterized by the gas-liquid partition coefficient.*

Gas-Ionic Liquid Partition Coefficient

The gas—ionic liquid partition coefficient (K) quantifies the distribution of a
solute between a gas phase and an IL:*

ciL
K=—

5
CGAS

where c;; is the concentration of the solute in the IL phase, and cg;y4s is its con-
centration in the gas phase (illustrated in Figure 1).* The partition coefficient is
often expressed in logarithmic form, log K, to facilitate data handling and ana-
lysis. K can be found by calculations from the results of isothermal GLC mea-
surements.*** The log K is found as the ratio of the volume of the carrier gas
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required to elute the solute to the volume of the stationary liquid phase.**
Experimental determination of log K can be labor-intensive, time-consuming,
and costly, because the methods require significant amounts of pure compounds
and extensive laboratory work, making them impractical for screening large
numbers of solute—anion—cation combinations. Therefore, it is necessary to
understand the effects of molecular (including ionic) structures and develop
predictive models that can accurately and efficiently predict IL properties. Com-
putational approaches, such as QSPRs, offer a viable solution by correlating
molecular structures with their properties using mathematical models.***’

Figure 1. Solute molecules are distributed between a gas and an ionic liquid, for example
benzene partitioned between 1-butyl-1-methylpyrrolidinium tricyanomethanide and
carrier gas (e.g., helium).

1.3 Quantitative Structure-Property Relationships

QSPRs* represent a family of in silico modelling approaches used to correlate
molecular structure with their physicochemical, biological, or other properties by
means of mathematical models. The underlying assumption is that structurally
similar compounds tend to exhibit similar behaviours or properties. Con-
sequently, QSPR methods hold both descriptive and predictive power, enabling,
for instance, the estimation of a compound’s biological effect prior to experi-
mental testing or the identification of structural features that most strongly
influence a target property.*34

In a typical QSPR workflow®, data is gathered regarding the chemical or
physical property of interest. The gathered data are then carefully curated®® to
eliminate poor-quality or erroneous measurements in ensuring data quality and
consistency. Next, information about each compound’s structure is transformed
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into numerical parameters known as molecular descriptors, which can be derived
experimentally or through computational methods based on molecular structure.”'
As described by Cronin®, it is widely accepted that at least 5-10 compounds are
required per descriptor in a QSPR. But a simpler model with a minimal number
of descriptors per compound is preferred for transparency, interpretability, and
mechanistic understanding. Before forming descriptor-property relationships,
pre-processing is sometimes required to remove uninformative or redundant
descriptors, because QSPR modelling may involve very large sets of descriptors.
Following this step, the data set is split into a training set used to build or “train”
the model and a test set used to validate the model’s performance.*®

A variety of algorithms, ranging from multiple linear regression to random
forests, artificial neural networks, or support vector machines, may be employed
to build a QSPR model.* During model building, “hyperparameters” that control
the learning process of the chosen algorithm are also optimized, and the most
relevant subset of descriptors is selected.” Finally, the trained model’s accuracy
is measured on the test set (sometimes via n-fold cross-validation) to ensure its
robustness and avoid overfitting.**** In many QSPR studies, additional external
validation criteria are used to further confirm the model’s predictive ability on
data it has never encountered.’* >’

1.3.1 Molecular Descriptor Selection

Molecular descriptors are parameters derived experimentally or calculated from
chemical structure and serve as input variables in QSPR models.****** These
descriptors can be broadly classified by their dimensionality—O0D (e.g., elemental
composition), 1D (e.g., molecular formula), 2D (e.g., topological descriptors),
and 3D (e.g., surface areas, volumes, quantum chemical descriptors)—or by the
field or method used to derive them (e.g., topological, geometric, quantum-
chemical, or thermodynamic).”® The number of potential descriptors can be very
large: commercial software such as DRAGON 6 provides up to 4885 descriptors,
whereas open-source libraries (e.g., Mold2, Mordred) offer hundreds or thou-
sands of descriptors.>¢6!

Including too many descriptors can harm the model in several ways.’® Unin-
formative or constant descriptors add noise without offering predictive insight,
while redundant descriptors are often correlated with each other, which can lead
to multicollinearity and overfitting.”® Finally, large descriptor sets can increase
computational complexity and reduce interpretability.**® Thus, descriptor selec-
tion methods aim to strike a balance between model accuracy and describability;
keeping only enough descriptors to capture the essential variation in the data
without compromising external predictivity or interpretability.**4°

Common selection strategies include forward selection, which sequentially
adds the descriptor that provides the greatest improvement; backward elimina-
tion, which starts with all descriptors and prunes them iteratively; and embedded
methods that perform descriptor selection as part of the modelling process (e.g.,
regularization-based approaches, genetic algorithms, or methods integrated with
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machine learning models).”® While linear and nonlinear techniques often select
different descriptors due to their inherent assumptions about data structure, they
share a common goal of maximizing a model’s predictive performance while
preserving interpretability.**->¢

Among the various descriptor selection methods, Orthogonal Matching Pur-
suit (OMP) offers a practical solution for iteratively choosing descriptors that are
minimally correlated with each other while strongly correlated with the target
property.>® OMP was originally developed in the signal processing domain but
has proven useful in QSPR when a linear model is assumed.®* The core idea
behind OMP® is to start with an empty set of descriptors and select one descriptor
at a time by looking at which candidate has the highest correlation with the
current residual i.e., the difference between the experimental property values and
the model’s predicted values at each iteration. Once the most informative
descriptor is found, it is included in a linear regression model, and the predictions
are updated. The algorithm then computes a new residual by subtracting these
updated predictions from the experimental values. The procedure repeats until a
predefined number of descriptors (or another stopping criterion) is reached.®

OMP focuses on the largest residual correlation at each step® and thereby
tends to pick descriptors that are (a) highly relevant to the property being
modelled, and (b) less redundant with already chosen descriptors. Compared to
forward or backward selection methods, OMP often converges faster and is
relatively straightforward to implement. However, it still relies on the assumption
of linearity and can miss important descriptors if the relationship with the target
property is highly nonlinear. Nonetheless, OMP’s computational simplicity and
interpretability make it a solid choice for QSPR descriptor selection as a linear
approach.®%%

1.3.2 Model Validation

Model validation is regarded as a crucial step to verify a model’s predictiveness
and to define the chemical space in which its predictions are reliable as per
Tropsha et al.>* Furthermore, internal validation strategies used in model training
commonly adopt cross-validation (CV) methods, which split the dataset into
multiple training and validation folds to check if the model maintains consistent
performance when confronted with data not used in its development. For
medium- to large-sized datasets, 5-fold or 10-fold CV is often chosen, whereas
for smaller datasets typically leave-one-out (LOO) CV is used to include the
maximal amount of the limited training data in each split. In external validation,
a holdout subset of data is separated and entirely unseen during model construc-
tion, thus serving as a test of real-world applicability.*®

Model performance is reported with various metrics and statistics such as the
coefficient of determination 72, the concordance correlation coefficient CCC?’,
and the root mean squared error RMSE>?. The coefficient of determination:*
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52
r2 — 1 _ Z(yi_yi)
Si-y)?

quantifies the proportion of variance in the observed data explained by the model,
where y;denotes the experimental value, y; the predicted value, and y; the mean
of the experimental values.”> The CCC is used to measure both precision and
accuracy relative to the line of identity and can be expressed as

2YPi-NWi—y)
ccc = - _
@i H+I@i-9)24+n@-9)?

where ¥ is the mean of predicted values.”” Meanwhile, the RMSE:

1
RMSE = = (= 9)*.
offers a measure of expected prediction error.>

1.3.3 Applicability Domain

The model AD characterizes the space of chemical structures and descriptor
values used in building the model where predictions are meaningful.** In linear
models, leverage analysis derived from the hat matrix H is widely employed for
identifying data points that exert a disproportionate influence on the regression
parameters.®” The leverage of each observation is calculated as

h'l' = x;r(XTX)_lxi,

where x; is the descriptor vector of the i-th compound, and X is the design matrix
of all selected descriptors typically augmented by a constant column for the linear
model intercept. Observations with leverage beyond critical thresholds:*

2(k+1)

h; = ——,
n

« _ 3(k+1)

3 = n °’

calculated from the number of model parameters k + 1 and sample size n, can
have an outsized impact on model coefficients and therefore require closer

inspection. Standardized residuals 7; are used to detect data points with unusually
large prediction errors:%

ro = Yi— Vi
LT - hy
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where & is the mean squared error of the linear regression model. Typical
thresholds are r; > 2 for medium and r; > 3 to flag large residuals. Proportional
to both standardized residuals and leverage values, Cook’s distance:®’

D. = i —y@)?
i —
p - MSE

further quantifies how removing a given observation { influences the fitted model,
with y(;) denoting the predicted value when observation i is omitted, p the
number of predictors, and MSE the mean squared error. An influence plot or
Cook’s plot graphs standardized residuals against leverage values where data
point sizes are often scaled proportional to Cook’s distances.®” The Cook’s plot
provides visualization of influential data points with the most influential outliers
typically largest on the plot and positioned furthest from the origin point. Data
points with values exceeding 0.5 or 1.0 Cook’s distance are considered influential
and should be examined in detail to determine whether specific chemical features
or measurement issues might have led to their disproportionate impact.®’

Non-linear models typically require alternative approaches to analyse their
AD. One such measure is the distance in the descriptor space, Mahalanobis
distance:®®

D = (x; — W)X (x; — ),

where x; is the descriptor vector of the compound in question, u is the mean
descriptor vector of the training set, and X' is the empirical covariance matrix.
Points that exhibit both a large Mahalanobis distance and a high standardized
residual are considered likely to fall outside the reliable prediction region of the
model.®® Other methods for non-linear model AD analysis include k-nearest
neighbours and kernel density estimation.®”!

1.4 Machine Learning Methods

Machine learning is widely considered a set of modelling methods part of
artificial intelligence, but it has grown out into a discipline on its own’?, where
computer algorithms take some data and parameters as input, and the algorithm
learns from the data in a process called “training” with the goal of generalizing
to perform tasks on unseen data.”> Machine learning methods applied to labelled
data is called supervised learning and sub-categorized as classification and
regression.”* In QSPR regression analysis, the goal is to find the relationship
between molecular descriptors and the property of interest.”” The choice of
algorithm and molecular descriptor set is often grounded on the quantity and
quality of available data, as well as the model’s desired predictive accuracy and
explainability.”
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1.4.1 Multiple Linear Regression

MLR is a linear approach to relate log K to a linear combination of descriptors:’®

Y =PBo+ B X1+ + BrXy

In the MLR equation, Bo, B, ..., Pk represent the regression coefficients, while X,
Xa, ..., Xk denote the selected molecular descriptors.76

The OLS method is regularly used to minimize the residual sum of squares
between the predictions and target experimental log K values:”

B =XTX)"1xTy,

where X is the matrix of descriptor values and y is the vector of log K values.
Other methods such as weighted least squares and robust regression offer alter-
natives to handle specific challenges, such as heteroscedasticity or the presence
of outliers, respectively.”” OLS results are easily interpretable, making it a pre-
ferred choice for studies emphasizing explainability.”

Regression coefficients calculated from raw descriptor values are scaled by
the mean and standard deviation of the descriptor values. Dormann et al.”® discuss
the use of standardized regression coefficients to compare the relative importance
of descriptors after scaling by mean and standard deviation. For comparing
coefficients in the regression model, the data can be standardized by subtracting
the mean and dividing by standard deviation to achieve standardized regression
coefficients with 0.0 mean and 1.0 standard deviation. After standardization, the
standardized coefficients allow evaluating the relationship of each molecular
descriptor to the property based on the sign and size of the coefficient.

Consequently, MLR offers a tool to find relevant descriptors, quantify their
importance and relationship to the property, and predict property values of new
compounds as per Todeschini and Consonni.’’ They further outline that this
method offers good results, especially if the relationship between the descriptors
and the property is highly linear. However, the results of MLR analysis depend
on the quantity and quality of data, and non-linear relationships require the use
of non-linear machine learning methods.

1.4.2 Random Forest Regression

RF” regression is a non-linear modelling algorithm, which trains an ensemble of
models called regression trees. For new data points, the random forest model
prediction is the arithmetic mean of the predicted values of the regression trees.
A regression tree (Figure 2, top) is a hierarchical model consisting of regression
nodes Sy, Sy, ... , S, with a tree-like structure.*® In the regression tree prediction,
starting from the initial node, each subsequent node is selected based on the
values of the descriptors, until the “leaf” node is reached. Each leaf node has been
assigned a log K value in model training, which is the predicted value of the
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regression tree. Each regression tree is trained on a randomly sampled batch of
the training data, due to which each regression tree structure in the random forest
(Figure 2, bottom) can have a varying number of differently attributed nodes.™

Regression tree

X505, N\ex;£0.5

xzsulz/ \K2>0-2 =

y=n V=¥
$; ... 85 —hodes

Xy, %, - descriptorvalues
¥ - predicted value

Random forest

Input x4, ..., x,, into each regression tree

O Q
Y\ Y\ "
p\O O p\ © /O\
o Q0 O O
OIN®) OIN®)
{ 4 &
le sz JA’Rm

m

.1 Z A

y= m YR,
m=1

Figure 2. Regression tree (top) and random forest (bottom) model structure and working
principle. As an example, starting from hypothetical descriptor values x; = 0.4 and x, =
0.2, the regression tree (top) nodes traversed based on descriptor values are s; > s, =
S4, and the predicted value is §; = f(xq, x5).

The RF algorithm depends on many hyperparameters that affect the resulting
individual regression trees and the entire random forest.*® The most important
parameters are the number of regression trees, the maximum height of the tree,
i.e., the maximum number of layers of tree nodes, the maximum number of leaf
nodes and the minimum number of data points in a node to create child nodes.
Another hyperparameter is the choice of whether each regression tree is given all
training data or a randomized subsample of training data. The use of the random
variant is called bootstrap aggregating or bagging, where some data points occur
multiple times and a subset of the data points are left out. If certain data points
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are omitted in each tree, it is also possible to use them as an out-of-bag test
estimate. Another important parameter is the number of features to choose from
when splitting a node into two sub nodes in the regression tree. Common choices
are either all descriptors n or a random sample of v/n descriptors.*

Reasons to use RF for QSPR is mainly due to resilience to overfitting, ease of
use, generalizability of ensemble methods, and decent interpretability.®® RF is
easy to use with the default hyperparameters out-of-the-box and generalizes well
over large amounts of data and noisy target variables. With a large number of
trees and nodes, the relationship between the input and the targets can be gauged
by calculating descriptor importance values.® It should also be noted that RF is
unable to predict a value outside the range of values in the model training data,
which sets an applicability restriction on extrapolation. Overall, the RF model
structure is straightforward in mechanism and modern software libraries do
provide descriptor importance scores, quantifying the proportion that each
descriptor contributes in the model to help with interpreting the final model.”

1.4.3 Support Vector Regression

The SVR model algorithm solves an optimization problem to find a set of training
points called the support vectors, the regression coefficients, and the intercept of
the SVR model.®' Support vectors are training data points at least a tolerance
distance € from the calculated regression line (Figure 3). Training points within
distance ¢ form a space called the “e-insensitive tube” around the regression line.
Points outside the tube are penalized in the optimization expression in model
training.®!

P input

Figure 3. Support vector regression model regression line, the e-insensitive tube, training
points inside the tube (grey) and support vector points (blue).

The SVR model can account for non-linearity with respect to the descriptor inputs
due to input transformation through the kernel function.®' As further described by
Scholkopf and Smola®, the chosen kernel function maps training points into
higher dimensional space, characterizing the similarity between two data points.
The linear, polynomial, radial basis function (RBF), and sigmoid kernel are some
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of the regularly applied kernels. Other than the kernel function hyperparameters,
the SVR algorithm also involves hyperparameters C and &, which influence the
optimization expression. The error penalization term C should be configured with
attention to the input data, as it influences how much the errors penalize the opti-
mization expression and in turn deviate the regression line.*' The chosen kernel
function may contain additional hyperparameters, for example the RBF function
can be adjusted by changing a scale coefficient y.”
The model prediction for a molecule with descriptors x is:

Y = Yiesv @; k(x;,x) + b,

where «; are the regression coefficients of the support vector training points, x;
are descriptor values for the i-th support vector, k is the kernel function, and b is
the intercept.’!

The SVR method offers flexible non-linear modelling on small to medium-
sized data sets with controlled model complexity via hyperparameters and a solid
history of application in the space of machine learning methods.®'*? It should be
noted that the method works well on moderate data set sizes, but training time
and memory can become demanding for larger modelling tasks due to task time
scaling in n3 with respect to training set size n, although there are approximate
methods available.®' SVR solution depends on only a subset of training points
(the support vectors), which can be beneficial for interpretability in some cases.®'
The kernel maps data into high-dimensional spaces capturing complex non-linear
relationships, but does not explicitly calculate the intermediate mathematical
transforms, making the resulting function less interpretable directly.*’ However,
model descriptor interpretation can be aided by other metrics such as calculating
the descriptor permutation importance®’, where a descriptor is randomly shuffled
and re-scored to determine the effect it has on the model.

1.4.4 Gaussian Process Regression

In the GPR model, a distribution over functions is defined using the training data,
a covariance function, and the target log K values.** The predictions from the
fitted GPR model form a full predictive distribution with a mean and standard
deviation (Figure 4) over the entire input space.** The predicted distribution for
new data points X,; is calculated from the mean f, and the covariance matrix

VAL
fo =KX, KX Xy,
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where X is the training descriptor matrix, X, is the validation descriptor matrix,
y is the vector of training log K values, and K (X, X) is the n x n covariance matrix
computed by applying the kernel to all pairs of training data points.

target
A —— predictive mean O
O Training data
Confidence interval (+20) O

@) input

»

Figure 4. Example gaussian process regressor predicted mean line trained on sample data
(grey points). Functions sampled from the distribution are shown in various colors. The
kernel used for this example was constant - RBF.

Kernels used in constructing the GPR model have a large effect on the derived
space of functions. Rasmussen and Williams discuss commonly applied kernels
including the constant, white noise, dot product, polynomial, RBF kernel, and
combinations.* Models benefit from an explicit WhiteKernel to capture small-
scale measurement variability not explained by other parts of the kernel. The
DotProduct kernel allows modelling direct linear relations between the descriptor
and log K efficiently. The RBF kernel can represent a broad class of smooth
functions, allowing the model to discover subtle, highly complex relationships
based on the similarity of the descriptor inputs.

Reasons to use GPR for QSPR are many, with high accuracy in early-stage
research on limited data, uncertainty quantification, and non-linear flexibility
based on assumptions about the derived function space, as outlined by Rasmussen
and Williams®. They add that method works best with small to medium-sized
data sets, due to time scaling in n3 with respect to training set size n, similar to
SVR. Calculating the descriptor permutation importance, similar as for SVR, aids
in interpreting the relative impact of each descriptor in the final model. Overall,
GPR is more complex in mechanism and to interpret, but it provides a powerful
tool to model any function.
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1.5 Previous Modelling of log K

Initial QSPR approaches to model log K were based primarily on linear modelling
methods, such as MLR.***** A prominent example is the Abraham solvation
model, which uses a linear combination of solute descriptors (excess molar re-
fractivity, dipolarity/polarizability, hydrogen-bond acidity and basicity, and
solute size) combined with solvent-specific coefficients to predict properties like
gas—IL partitioning.®* This approach assigns interaction parameters as coeffi-
cients of the IL-specific Abraham model and the parameter values reflect parti-
cular solute-solvent interactions that correspond to chemical properties of the IL
phase, while the researchers also note that attributing specific interactions to the
cationic or anionic part of the IL could allow obtaining maximum application-
specific performance.®**® Calculating log K for a new solute requires determining
solute descriptors, which in turn requires sufficient experimental data or the use
of commercial software to estimate the descriptor values.®®

QSPR methodologies based on purely theoretical descriptors calculated from
molecular structures allowed research efforts to develop effective QSPR models
for partitioning properties of solutes eliminating the need for solute descriptor
data collection.”® For example, eight QSPR models were developed for the
water-IL partition coefficients of solutes, where each model was based on MLR
through 30-60 experimental data points and the molecular descriptors calculated
from geometry optimized structures.” Calculating the descriptors solely from the
structures of molecules makes it possible to apply the models to unavailable or
unknown solutes.

Recent research efforts have increasingly incorporated molecular descriptors
of the IL ionic components separately, acknowledging the important role of both
the cation and anion in influencing solute distribution. Advanced modelling
studies, such as those employing ion-specific and group contribution linear
solvation energy relationships, have separated the Abraham model coefficients
into ionic counterparts and further into contribution coefficients of the structure
fragments in the cation and anion of the ionic liquid.”*'®® These improvements
emphasize the significant impact of IL ionic composition on solute distribution
behaviour.

While conventional linear approaches remain informative, the complexity and
non-linearity inherent in IL systems have increasingly driven the adoption of
more advanced machine learning techniques, such as SVR applied by Dashtbo-
zorgi et al.'” and Khooshechin et al.''’, in modelling the log K of a series of
organic solutes with a constant IL.'""!''° Moreover, various other ML methods
such as the artificial neural network, random forest, genetic algorithms, and many
others have been successfully used in modelling IL properties.''" Their success
shows that the machine learning domain is promising for gathering further in-
sights about solute partitioning. Application of ML methods to model and
describe the effects of each component of the solute-cation-anion multicompo-
nent system and the development of a general model can provide mechanistic
understanding and enable the design of more selective and efficient IL media for
targeted applications.
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CHAPTER 2. DATA AND METHODS

Experimental data sets of gas—ionic liquid partition coefficients (K) at 298.15 K
were compiled from various literature sources by Prof. William E. Acree
(University of North Texas). The data consisted of log K value series for varying
ranges of solutes in diverse ionic liquids. Specifically, the data set includes 6,531
log K values, involving 170 distinct solutes and 138 ionic liquids comprising 79
unique cations and 19 unique anions. log K values span from —1.63 to 11.03, and
the structural diversity of both solutes and ionic liquids reflects a broad spectrum
of solute-solvent interactions. The original data was organized resulting in a table
of solutes in columns and ILs in rows for the purposes of preparation, organizing,
visualization, overview, and analysis. To ensure consistency, the entire data set was
extensively curated for standardizing the naming format of the solutes and ILs.

2.1 Case 1: log K as a function of the solute component

Driven by the overall aim of the study and the first hypothesis, the data matrix
was analysed to find the data series, where the structural variation of one of the
three components (solute) is the largest. The first set of three data series was for
the case where the solute structure is changing and the IL remains constant, the
so-called typical case in modelling properties of IL-s (article I). The data series
included both saturated and unsaturated aliphatic, and aromatic organic com-
pounds, mostly mono- or non-functional common organic solvents. The ILs were
selected to have a common anion, [FAP], in one pair and a common cation,
[BMPyrr], in another pair to compare the effect of switching the cation or the
anion. The data processing followed a typical workflow depicted in Figure 5,
explained in detail in the text of article I. Starting from the names of the organic
solute components and their log K values, the preparation concluded with a data
matrix consisting of ~1170 pre-processed molecular descriptors per solute
molecule acting as the modelling parameters and corresponding log K values
acting as the model output. The data were split into subsets to prepare for model
training and validation by 5-fold cross-validation.

The machine learning methods used to derive the relationships between solute
structure and log K were MLR and RF. The Sklearn library implementations
RandomForestRegressor and MLR''"? were used. In both methods, descriptor
selection stopped at four descriptors since the addition of a 5th descriptor did not
significantly improve the common training evaluation metric of 12,5 for 5-fold
cross-validation. MLR models descriptor selection followed a custom bottom-up
scheme, detailed in article I, based on the highest 15,5 using OMP'"? for which
the descriptor values were first also standardized to a mean of 0.0 and a standard
deviation of 1.0. In the RF model development, descriptors were selected based
on the highest 14,5 in a custom bottom-up scheme (article I). The resulting RF
models for each solute series were optimized with a two-step hyperparameter
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tuning. The AD of the linear models was analysed using a Cook’s influence plot
of leverage vs standardized residual values.

Descriptor Calculation
Data Curation Compute 2D descriptors
IL-Solute log K Data Table Solute, Cation, Anion descriptors Sort by Log K
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Figure 5. Five-step data processing workflow diagram for modelling of log K.

2.2 Case 2: modelling log K of solutes based on the IL cation

Due to lack of data in the literature, modelling of log K of solutes based on the
structure of IL components is less common. Since there are two ionic parts in an
IL, this offers the opportunity for non-typical modelling tasks based on the
structure of the ion. Therefore, a second set of data series was constructed based
on the data matrix where the structure of the cation of the ionic liquid changes,
while the anion remains constant. The constant anion was chosen as [Tf;N]™
because it had the largest number of experimental log K values in the full data
set. The cationic components of the data sets were diverse in their molecular
structure, covering different cation families, functional groups, aliphatic or
aromatic rings, branching and length of the aliphatic chain. Three solute data sets
were selected for the comparison, hexane, cyclohexane, and benzene, with each
solute-cation series having a size of ~60 data points. Data processing followed
the same general workflow as depicted in Figure S, resulting in 1180 cation
descriptors in each solute data matrix. A 10-fold CV scheme distributed partition
coefficient values evenly into each fold. The detailed data and methods are
available in the article II text.

The linear model was developed using the Scikit-learn MLR''? class with
OrthogonalMatchingPursuit''? for molecular descriptor selection. A custom
bottom-up scheme was applied until diminishing returns measured by improve-
ment to the 1%,,, when adding a descriptor. SVR and GPR methods were used to
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develop non-linear models. The implementation applied Scikit-learn library
SVR''? class with the RBF kernel and the GaussianProcessRegressor' ' class with
the sum of WhiteKernel, DotProduct, and the RBF kernel from the same library
module. This kernel sum was chosen based on the assumption that, the relation-
ships in the log K model may be explained by a combination of separate trends
or behaviors. In choosing the sum of WhiteKernel, DotProduct, and the RBF
kernel combination, the assumed log K model considers and captures simple
linear trends, allows flexible non-linear corrections and separates out noise. For
SVR and GPR models, a custom bottom-up scheme optimized for the highest
&1 until diminishing returns. The non-linear model development also included
hyperparameter tuning. The AD of the linear models was analyzed based on an
influence plot.

2.3 Case 3: modelling log K of solutes
with the IL anion as a parameter

The third set of data series dealt with the case where only the structure of anion
is variable, and cation and solute remain constant. The availability of data allowed
the compilation of small but structurally representative data series. The nine data
series featured combinations of ethylmethylimidazolium, [EMIm]’, butylmethyl-
imidazolium, [BMIm]", or hexylmethylimidazolium [HMIm]" and one of three
solutes: benzene, cyclohexane, and methanol. The series varied in size (713 data
points) and consisted of diverse anions with distinct molecular structures, in-
cluding ionic counterparts, functional groups, symmetricity, heteroatoms, charge
distribution, size, and shape. Following the generic workflow (Figure 5), the final
data matrices consisted of ~500 standardized descriptors and a corresponding log
K value per anion. LOO CV was chosen to validate the models derived on the
data series because the series contained fewer measurements, so that each data
point served as the test sample in turn. More detailed description of data and
methods is available in the text of article I11.

The choice of MLR''? as the modelling method was guided by the composition
and sizes of the data series. The feature selection process was carried out using
the OrthogonalMatchingPursuit''? class from the Scikit-learn library in a bottom-
up scheme targeting the highest %, ;. The model's AD analysis was carried
through using an influence plot and descriptor box-swarm distribution plots.

2.4 Case 4: log K of solutes as a function of solute, cation,
and anion components

A comprehensive data set with all 6,531 of log K values and the entire range of
solutes, cations, and anions was compiled to develop generalized multi-com-
ponent QSPR models in article IV. The solutes in the dataset cover diverse
chemical structures, from simple hydrocarbons to more diverse halogenated
compounds like 2,2,2-trifluoroethanol and 1,2-dichlorobenzene (article IV, S1).
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On the side of ionic liquids mainly quaternary ammonium and imidazolium ca-
tions are represented, which are common in the ionic liquid research, with the
cation structures ranging from simple alkyl chains to more complex aromatic
moieties (article IV, S2). Anions range from simple halides like hexafluoro-
phosphate to more complex species such as bis(trifluoromethylsulfonyl)imide,
including most of the typical anions used in ionic liquid applications (article 1V,
S3). The general data workflow (Figure 5) was followed, and the final data
matrix consisted of 6531 rows consisting of a total of 3245 descriptor columns
from the solute, cation, and anion molecular structures and the log K column. The
data rows were split into the holdout set and training set, and the training set was
further split into five sets with even partition coefficient distribution in each for
cross-validation.

In model development, MLR''? class from the Sklearn library was used as the
linear implementation accompanied by an iterative bottom-up descriptor selec-
tion based on achieving the highest 74,5. In non-linear modelling, RF''? imple-
mentation from the Sklearn library was used and descriptors were selected in a
similar iterative bottom-up scheme. The AD of optimal linear model was
examined via influence plot analysis, employing DBSCAN'" clustering to group
together points with similar leverage-residual profiles. The AD of the optimal RF
model was similarly investigated by computing Mahalanobis distance. DBSCAN
was again applied to group together and identify points with similar Mahalanobis-
residual profiles.

2.5 Classification of Molecular Descriptors According
to the Solute-Solvent Interactions

In the case of QSPR, one of the central elements is the interpretation and analysis
of the molecular descriptors selected for the model. This is a challenging task
because there are many molecular descriptors and their calculation schemes are
often complex, combining different elements of the chemical structure that
describe their combined effects.

This created the need to find an approach to generalize and classify molecular
descriptors and, if possible, link them to the interactions (Figure 6) occurring in
the gas-IL system. Since the gas-IL system is similar in nature to the gas-liquid
system, the framework for classification is provided by the solvation free energy
that is related to the solubility at equilibrium conditions and constant temperature.
More specifically, the solvation free energy can be divided into components that
express non-specific (i.e., indirect) and specific (i.e., direct) interactions in the
solute-solvent system.''* Non-specific are the interactions caused by electrostatic
i.e., Coulombic and dipolar interactions, dispersion forces, and the occupation of
a space in the solvent, i.e., the creation of a cavity.''>!'® Specific ones are related
to hydrogen bonding interactions.'!*!®
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Figure 6. Solute, cation, and anion in interaction with each component of the system.

Analysis of the computational schemes of molecular descriptors allows to link
the structural contributions used in the calculations with the corresponding solute-
solvent interactions (see for example article IV, Figure 5) and thus, through the
molecular descriptors, it is possible to provide a substantive view of the mecha-
nistic understanding of the derived relationships. More specifically, providing the
space in which the molecule resides is linked (i) to dispersion forces and cavity
formation, related to molecule size, shape, surface area, and polarizability; (ii)
intermolecular electrostatic interaction, associated with Coulombic and dipolar
forces related to polarity and charge distribution, and (iii) the presence of specific
functional groups capable of acting as HB donors or acceptors relates to hydrogen
bonding interaction capability.®

For this purpose, the mathematical formulas of the descriptors were analysed
based on the program code''” and the literature®' and classified according to the
molecular interactions in the solute and solvent systems, which correspond to the
concepts of solvation free energy''*''® and which have also been used else-
where.”>™

2.5 Model Availability and Reporting

For the purpose of ensuring reproducibility and adherence to best practices''™®!!,

the final models and data were stored in PMML'? format suitable for QSPR (e.g.,
QsarDB)"?!'%, Digital object identifiers (DOIs) were assigned to the models, and
all descriptor and model development steps were documented following FAIR'*
principles, allowing future researchers to reuse and test the models.
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CHAPTER 3. RESULTS AND DISCUSSION

3.1 log K models for solute series

The development of three solute log K series models resulted in MLR and RF
models'?*, each consisting of four descriptors (Article I). The evaluation metrics
demonstrated excellent predictive capability for log K, with 12, ranging between
0.88 and 0.94. The RF models offered slight performance gains over the MLR
models for two of the three IL datasets including the highest performing
[BMPyrr] [FAP] -solute series (Figure 7), highlighting non-linear effects in
describing the partition coefficient. However, the MLR approach offered more
straightforward interpretations of how molecular structural factors influence
solute partition coefficients. The AD analysis highlighted some solute categories
for each model that could improve predictive performance if more experimental
data points were introduced.
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Figure 7. Predicted vs. experimental log K scatter plots of the best MLR and RF model
(for CV Fold 1), both relationships of form log Kipypyrri+(rap- = f(solute) with

training set observations in blue and validation set values in orange. Evaluation metrics
(#?, CCC, RMSE) shown were calculated as the arithmetic mean over five validation folds.

Both RF and MLR model descriptors included hydrogen bonding, dipolar or
Coulombic interactions, and dispersion-related properties. MLR standardized
regression coefficient analysis revealed that HB, dipolar and Coulombic effects
were more prominent for the organic solute, compared to descriptors related to
dispersion effects. RF model descriptors were more diverse in interaction in-
formation, and therefore, an exact mapping to log K was also more complicated.
It is noteworthy that the adoption of the RF method was new to modelling of log
K, and its success proved to be a good starting point for follow-up studies.
Comparisons of the three ILs indicated that the common [FAP] anion in the
[BMPyrr] [FAP] and [MeoeMPyrr]' [FAP] IL-s produced very high correlation,
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~0.999 between their respective log K data series. By contrast, when the same
cation [BMPyrr]" was paired with two distinct anions in the [BMPyrr] [FAP] and
[BMPyrr] [C(CN)s], the correlation, 0.93, was smaller. This difference suggests
that the choice of anion exerts a larger overall impact on the solute partitioning
behaviour than minor variations in the cation.

3.2 Dependence of log K on cation structure

In article II, all final models'* demonstrated robust predictive performance with
18/10 in the range of 0.71-0.93, indicating that the partition coefficients of
relatively simple hydrocarbons can be accurately modeled through descriptors
encoding cation structure alone. For hexane and cyclohexane, the 74,,, values
approached 0.90 or higher, reflecting the strong influence of cation structural
motifs on non-polar solute solubility. Benzene showed a competitive rZ,,, of
around 0.72-0.85, indicating satisfactory predictive accuracy. In each series, both
linear and non-linear modelling methods yielded similarly high predictive
metrics, but certain data sets showed modest gains in accuracy when non-linear
models such as SVR and GPR were used. Models for log K of hexane (Figure 8)
had the highest prediction performance for every applied ML method. Across
every solute data series, SVR models (Figure 9) had the highest evaluation
metrics compared to the other methods. Model diagnostics confirmed that the
linear and non-linear models remained robust and generalizable, covering a broad
cation structural domain that spans imidazolium, ammonium, pyrrolidinium, and
piperidinium cations. Di-cations, morpholinium, and sulfonium cations were
among the structures that occasionally produced higher leverage or moderate
residuals, reflecting their distinctive molecular features and limited represen-
tation in the data sets.
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Figure 8. Predicted vs. experimental log K scatter plots of the best MLR, SVR, GPR
models (for CV Fold 1). All are relationships of the form log K pexane in [cation]*[Tf,N]~ =

f (cation) with training set observations in blue and validation set values in orange.
Evaluation metrics (72, CCC, RMSE) shown were calculated as the arithmetic mean over
ten validation folds.
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Figure 9. Predicted vs. experimental log K scatter plots (for CV Fold 1) of the best ML
method (SVR) for the hexane, cyclohexane, and benzene series with training set
observations in blue and validation set values in orange. Evaluation metrics (+°, CCC,
RMSE) shown were calculated as the arithmetic mean over ten validation folds.

Interpretation of descriptors highlighted that more lipophilic non-aromatic
cations with larger surface area or extended alkyl chains give higher log K values
for the studied hydrocarbons and cations with strong electronegative moieties
generally lower the partition coefficient. Particularly in the cation series for
benzene, cation descriptors associated with dipolar interactions and hydrogen
bonding capacity gained more importance along size-related properties. This
aligns with the aromatic nature of benzene, which can engage in dipolar inter-
actions depending on the electronic environment of the solute. The solute
competes with the anion-cation interaction in solution, and the anion-cation
interaction could instead be weaker due to lipophilicity and charge shielding of
the cation to produce a higher solubility in the environment for the organic solute.

3.3 Dependence of log K on anion structure

Nine derived two-parameter MLR models'®® with varying anion structures

demonstrated a correlation coefficient, 72, in the range 0.58-0.997 (best models
showcased in Figure 10) and internal validation 17, ¢, up to 0.980 (Article III).
The CCC for models similarly reached values of 0.88—0.98, underscoring that
linear correlations between the descriptors encoding the anion structure and the
measured log K values were reliable. The results confirm the initial hypothesis
and provide valuable information on the role of the structure of the anionic
component in determining the partitioning behavior of organic solutes. Validation
using LOO CV and diagnostic tools like standardized residuals, leverages, and
Cook’s distance helped clarify where the MLR models are robust. Despite occa-
sional outliers, none of the data points severely distorted the derived regressions.
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Figure 10. Predicted vs. experimental log K scatter plots of the best MLR models for
logK = f(anion) with LOO CV values in orange. Evaluation metrics (°, CCC, RMSE)
shown were calculated as the arithmetic mean over all validation folds (orange points on
the figure).

For benzene, the chosen descriptors frequently contained size- and symmetry-
related information consistent with greater dispersion interactions. Alongside
were descriptors that were measures of electronegativity or valence electron
distribution related to increased dipolar or Coulombic interactions in the IL
environment. Cyclohexane models tended to show an even stronger emphasis on
dispersion-related descriptors. The proportionality of these descriptors with the
anion’s overall size and branching signified that purely steric and polarizability
factors dominated the solvation of cyclohexane in these ILs. In contrast,
methanol-based models gave consistently higher importance to descriptors tied
to hydrogen bonding and dipolar-Coulomb interactions, such as the counts of
heteroatoms or hydrogen bond acceptors within the anion. Anion descriptors
related to the dispersion force in the methanol-based models had negative
regression coefficients indicating an inversely proportional relationship between
log K and dispersion force strength.

Taken together, the descriptors selected by the MLR approach can be cate-
gorized similarly to those described in article I and II: dispersion forces remain
relevant for all solutes; dipolar or Coulomb interactions matter particularly for
polar functionalities; and hydrogen bonding has strong effects for polar HB-
capable solutes like methanol. Article III results confirm that anion structure
plays an equally vital role in determining log K in many imidazolium-based
systems.

3.4 Dependence of log K on the structure
of both the solute, cation, and anion

Modelling the entire data set together, including molecular features describing
the structure of both the solute and the cationic and anionic parts of the ionic
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liquid, gave unexpectedly good results'?” (Article IV). The final MLR model in-
corporated eight solute, one cation, and one anion descriptors, reflecting a
dominance of solute-related structural factors in the linear model. Given the size
of the dataset, the MLR approach yielded a model (Figure 11) with strong
predictive performance, with a cross-validated coefficient of determination (73,5)
of ~0.80. In addition, the RF model (Figure 10) performed excellently, achieving
a predictive power, 13,5, of ~0.97 and a similarly high external validation 72 on
the holdout set. The improvement observed for RF was due to the ability to
capture significant non-linearities associated with IL structural features giving a
more balanced representation of cation and anion descriptors, indicating that
capturing effects by ionic liquid components requires accounting non-linearity in
the modelling. The evaluation of AD for MLR revealed that sparse representation
of complex functionalities in the solute, and hydrophobic or sterically hindered
ions can challenge a strictly linear approach. The RF model derived using descrip-
tors that describe nonlinear structural effects proved to be more robust, but still
showed clusters of outliers, especially for small polar solutes or large alkanes.
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Figure 11. Predicted vs. experimental log K scatter plots of the best MLR and RF model
for log K = f(solute, cation, anion) on the external validation set. Evaluation metrics
(%, RMSE) shown were calculated on the external validation set.

Interpretation of the descriptors indicated that solute structure continues to be the
primary contributor to variability in gas—ionic liquid distribution, consistent with
earlier findings where solute size, polarity, polarizability, and HB were dominant
factors. Nevertheless, the cation and anion descriptors showed a more substantial
effect in the RF model, underlining that these components must be accounted for.
Descriptors representing dispersion interactions, hydrogen bonding, and dipolar
forces appeared consistently, highlighting the multifaceted nature of IL-based
mixtures.
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SUMMARY

The research described in this thesis advances the understanding of log K through
a comprehensive and methodologically diverse exploration of QSPR modelling
approaches. Starting the modelling of the solute—IL system in selected data-series
and moving through the analysis of solute, cation, and anion structures, the work
demonstrates that machine learning methods, especially RF, SVR, and GPR,
often capture solute—IL interactions more effectively than conventional MLR.
Nonetheless, the MLR approach consistently provides valuable interpretative
insight, particularly regarding HB, Coulomb-dipolar interactions, and dispersion
forces. Both linear and non—linear models emphasize the critical impact of cation
and anion composition on solute partitioning, reflecting the complexity of the
solvating environment created by ILs.

Collectively, the findings suggest that common structural elements can syste-
matically strengthen or weaken partitioning, depending on the balance between
dispersion forces, Coulomb—dipolar, and HB interactions. The choice of IL ionic
component is repeatedly shown to be crucial in determining log K. The work
further demonstrates that modelling the entire system by combining descriptors
from solute, cation, and anion improves the predictive performance for large and
chemically diverse datasets, highlighting the importance of multicomponent
approaches. Rigorous curation of experimental data and thorough validation
using cross-validation, holdout test data, and influence analyses reinforce the
reliability and applicability of each model. By examining the influence of each
structural component in the solute—cation—anion system, these studies not only
provide mechanistic insights into intermolecular forces but also enable the design
of more selective and efficient IL media for targeted industrial, environmental,
and research applications.
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SUMMARY IN ESTONIAN

Keemiainformaatika ldhenemised orgaaniliste lahustunud
ainete gaasi-ioonse vedeliku jaotumise analuusis ja
modelleerimisel

Selles dissertatsioonis kirjeldatud andmepohised arvutuslikud uvuringud aitavad
moista orgaaniliste ainete jaotumist ioonvedelikes, seda kirjeldavat gaas-ioon-
vedelik jaotus koefitsienti, rakendades pdhjalikku ja mitmekesist kvantitatiivsete
struktuur-omadus soltuvuste (QSPR) modelleerimis meetodikat. Too kasitleb
orgaaniliste ihendite gaas-ioonvedelik jaotuskoefitsientide ja nendele vastavate
siisteemide modelleerimist valitud andmeseeriates, 14htudes orgaaniliste {ihen-
dite, ja ioonvedelike katioonide ja anioonide struktuurist. Uhe tulemusena niidati,
et masindppe meetodid, eriti juhumets (RF), tugivektor regression (SVR) ja gaus-
sian protsessi regression (GPR), kirjeldavad lahustunud aine ja ioonvedeliku
interaktsioone enamikel juhtudel tShusamalt kui sagedasti kasutatud multi-
lineaarne regressioon (MLR). Sellegipoolest annab MLR-ldhenemine véaértus-
likku tolgenduslikku teavet, eriti vesiniksideme, kuloniliste-dipolaarsete interakt-
sioonide ja dispersiooni joudude osas. Nii lineaarsed kui ka mittelineaarsed
mudelid réhutavad katioonide ja anioonide keemilise struktuuri olulist moju
lahustunud ainete jaotumisele, demonstreerides ioonvedelike loodud lahustava
keskkonna keerukust.

Kokkuvéttes néditavad doktoritod tulemused, et {ihised struktuurielemendid
voivad siistemaatiliselt tugevdada voi norgendada jaotuskoefitsienti, sdltuvalt
dispersioonijoudude, kuloniliste-dipolaarsete interaktsioonide ja vesiniksideme
interaktsioonide tasakaalust. Mitmes publikatsioonis demonstreeriti, et nii ioon-
vedeliku katioonse kui ka anioonse komponendi valik on log K kirjeldamise ja
hindamise osas olulised parameetrid. Uurimistulemused néitavad lisaks, et kogu
siisteemi modelleerimine, kombineerides suure andmehulga korral keemiliselt
mitmekesiste lahustunud aine, katiooni ja aniooni molekulaar-tunnuseid, paran-
dab mudeli ennustusvdimet, mis omakorda rShutab ka mitmekomponentse ldhe-
nemisviisi olulisust. Eksperimentaalsete andmete range kureerimine ja pohjalik
valideerimine, kasutades rist-valideerimist, vélist valideerimist ja mdjuanaliiiisi,
tugevdavad iga mudeli usaldusviarsust ja rakendatavust. Uurides iga struktuurse
komponendi mdju lahustunud aine ja ioonvedeliku mitmekomponentse siisteemi
kontekstis, pakub t66 mehhanistlikku {ilevaadet molekulidevahelistest vastas-
mojudest, ning vdimaldab kujundada sobivama ja tohusama ioonvedelik-kesk-
konna spetsiifiliste todstuslike ja uuringuliste rakenduste jaoks.
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