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Abstract

Solubility is a property of a substance, a solute, to dissolve in a solvent. It is measured
at equilibrium. It is defined as the maximum amount of solute that can be dissolved in a
solvent at a given temperature. Solubility till now has always been physically computed.
Various results are already available for the solubility of compounds. These results stand
to vary as the results never show what experimental conditions were used. Value of
solubility will vary even with the type of water(distilled/pH-buffered water) used in the
experiment.

Its area of application vary from drug designing, predicting the purification of salt, when
will a solute form a precipitate, in qualitative analysis, in calculating remaining concen-
tration after precipitation etc.

This research deals with predicting the solubility of compounds using their physio chem-
ical properties. SMILES and InChl structures have been chosen to train the data. Quan-
titative structure activity relationship models (QSAR models) have been used to study
the relationship between the structure and the parameter of solubility. Various machine
learning models were tuned and analysed. Top six models of machine learning were taken
and ensembled. The best ensemble model was taken. The best outfit demonstrate was
taken. K-fold cross-validation was utilized to check the power of the best model.

The results show that, ensemble approaches can be successfully used for predicting the
solubility. This research has the potential to reduce the burden on the pharmacologists
by assisting them to calculate the solubility computationally.

Keywords: Solubility Prediction, Ensembled Approach, QSAR Models, K-fold Cross-
Validation, Machine Learning Models.
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Chapter 1

Introduction

Solubility of a substance is measured as the amount of solute dissolved in a solvent at a
given temperature(equilibrium). The amount of solute dissolved will vary with change in
temperature. It is efficient to predict the solubility of a substance given the temperature
and physical availability of the solute. Solubility is such a property that it can get af-
fected by the solution, strange, but it is true, pH of a solution can affect the solubility of
a solvent. Moreover, intrinsic solubility of a solute is measured at equilibrium by taking
a solid drug in its neutral form as the concentration of saturated solution. Predicting
the solubility is an important property. One of the reasons for this can be thought of
as the absence of data set of high-quality containing reliable and reproducible solubility
measurements. Discovery and need for new pharmaceutical is an evolving process. Solu-
bility has a basic thumb rule, i.e., Like dissolves like. To elaborate more on this, a polar
substance will dissolve in a polar solvent and a non-polar solvent will dissolve in a nonpo-
lar solvent. Why does this happen, this is because a polar substance shows a particular
interaction with a polar substance and a nonpolar substance shows a interaction with a
non-polar substance. Further its not just about the type of substance(polar/nonpolar)
that determines the solubility, indeed its further the interaction between the two that
determines the solubility.

For a drug to reach its target receptors, it needs a medium to reach the receptor. Medium
in our body is nothing but biological fluids. We just can not stop this gradual process.
One of the requirements for disclosure is the recognizable proof of top notch drug ap-
plicants with suitable physicochemical properties. Orally controlled medications should
be bioavailable in this way they are required to be water dissolvable. Some conspicuous
insoluble(in water) drug atom can’t be tried in organic measures since they have poor
pharmacological profiles. Because of this, they can leave arrangement under capacity
conditions.

There is something which plays an important role in availability(bio) of oral drug formu-
lation and that is aqueous solubility. The biopharmaceutical classification system (BCS)
is a classification system, which divides drugs into four classes based on their solubility
and permeability. Class I drugs are orally available, these are soluble and permeable
drug. There oral bioavailability is marked by their ability to reach the absorption sites.
The drugs permeable through gastrointestinal tract(GI) which are poor at solubility,
have limited drug solubility due to their dissolution rate. Next category, where the oral
bioavailability is limited by GI tract because of the barrier properties, constitutes the
class III of drugs which are soluble and poorly permeable. Finally the last category,
drugs have the limitations held by classes II and III, these are low on solubility and
poorly permeable. In a nutshell, drugs of class I show the best solubility, class II drugs
can be improved by design improvements.
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There are many ways of improving the solubility of a poor drug. Various methods in-
clude crystal engineering techniques, salt formation; and using cosolvents, complexing
compounds to the solution. To increase aqueous solubility, an alternative method is the
preparation of soluble pro-drugs.

Several factors affect the clinical research. It is well understandable that poor solubil-
ity characteristics and precipitation will surely result in toxicity such as crystalluria and
several side-effects such as hemolysis and phlebitis. Also if care is not taken, poor phar-
macokinetics or solubility under physiological condition will result in failure in later stage
which will increase the expense.

1.1 Factors affecting Solubility

Solubility of a solute is affected by three factors: Polarity of the solvent Temperature Pressure

1.1.1 Polarity of the Solvent

Polarity of the Solvent: Molecule being polar or nonpolar has as ardent effect on its
physical properties(like melting point, boiling point, solubility). Intermolecular force of
attraction and its strength is determined by the polarity of a substance. This strength
help us determine the melting and the boiling points of substances. Solutions follow a
rule, i.e., Like dissolves like, implying a polar solvent has a more affinity for a polar solute
resulting in high solubility. To determine the polarity, three steps are to be followed:
starting with drawing a Lewis structure as shown in figure 1.1, then identify the bond
polarities and finally add them together. It is easier to add sub totals(by taking two
bonds at an instant) to get the sum of the whole molecule. If sum(Bond Polarities) =
0, then the molecule is non-polar implying substance will be more soluble in nonpolar
solvents such as hexane. Also the molecule will be having relatively low melting and
boiling points.

Figure 1.1: Lewis Structure for OH−1

1.1.2 Temperature

Temperature has a peculiar relationship with solubility. Upon dissolving a solid into a
liquid, a change of state occurs(analogous to melting point). Change in state can occur
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when the bonds holding the molecules break. Breaking of bonds require heat and upon
formation of a new solute, heat is released. Figure 1.2 shows the Solubility curve, that
shows the dependence of solubility on temperature. Cases related with temperature and
solubility are:

Figure 1.2: Solubility Curve

Decrease in solubility with temperature:

It can be stated that, with increase in temperature, the average kinetic energy of the
molecules that constitute the solution also increases. This increased kinetic energy gives
the molecules more scope to efficiently break apart the inter molecular forces of attraction
that held them together.

Increase in solubility with temperature:

The solid state is destabilized with the increase in average kinetic energy. The increased
rate of vibration, makes the molecules to be less able to hold themselves together, thus
they will dissolve more rapidly. This type of dependence is sometimes referred to as
retrograde or inverse solubility. This inverse solubility can be explained according to Le
Chateliers principle. In case of an exothermic reaction, equilibrium will shift towards the
reactants due to the extra heat.

1.1.3 Pressure

For solids and liquids there is no change in solubility based on pressure change.
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1.2 Methods to determine Solubility

Using experimental methods, we can determine the solubility of compounds using two
methods, namely, thermodynamic and kinetic solubility determination method. In recent
times, there has been a rapid demand for efficient solubility determination methods. Since
majority of the drugs are deliberate for oral administration, for this high bioavailability
factor is a must. To have high bioavailability factors, the aqueous solubility is vital. If we
are able to determine solubility characteristics at a proportionate rate, we will be able to
identify the soluble and more efficient drug candidates. This rate is not just affected by
the cost of investigation indeed there are other critical constraints such as time, quantity
of sample and other resources that affect this rate. Both thermodynamic solubility and
kinetic solubility methods have their own pros and cons. Thermodynamic methods are not
attainable in early phase of drug discovery because of the requirement of large samples,
laboratory based sample preparation and low throughput levels. On the other hand,
though kinetic solubility methods can be used as a substitute at this stage however this
method cannot completely substitute method of thermodynamic determination. Kinetic
method involves the drug to be dissolved in dimethyl sulfoxide(DMSO). Upon dissolving,
the drug tends to lose its lattice energy and the polymorphic forms of the drug. For this
reason, thermodynamic methods are more suitable for drug development stage and for
drug discovery, kinetic methods perform well.

Let us study some methods for determining Thermodynamic solubility and kinetic solu-
bility.

1.2.1 Shake-Flask Method

Higuchi and connors[1] proposed shake-flask method. It is most authentic and extensively
used thermodynamic method. It follows five steps,

1. Preparation of sample

2. Equilibrium

3. Phases separation

4. Analysis of saturated solution and the excess solid

5. Data Analysis

Preparation of Sample

An excess amount of drug is added to the solubility medium. The amount should be
added carefully in a way to make the solution saturated at equilibrium with the solid
phase. There is a special case for drugs which are acidic or basic in nature. Since real
excess of these drugs will result in change in pH of the solution further affecting the
solubility of the drug.

Equilibrium
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Equilibrium is affected by the dissolution rate and the type of agitation. For any drug,
maximum window to reach equilibrium is 24 hours. Dissolution profile of the drug is
important for equation. For solubility, both the factors need to be considered, any notable
difference should be observed.

Phases Separation

For phase separation two popularly used methods are centrifugation and filtration. For
filtration, problem pops up when sorption of the solute particles occur on a filter pa-
per. To avoid such a situation it is advisable, to pre-rinse the filter with saturated
solution. Centrifugation is used in some cases. A combination of the two can also be
preferred[2].

Analysis of saturated solution and the excess solid

For solubility determination, UV spectrophotometric analysis is an easy analytical method.
Other than this, high-performance liquid chromatography(HPLC) acts in isocratic and
gradient elution mode. If highly selective method is used it can also help and identify
any possible impurities.

Data Analysis

This is a very important step. Solubility is a very sensitive property. It will get affected
by any uncalibrated instrument, any temperature variation etc will result in unusual
solubility value for a given drug for a given solvent at a given temperature.

1.2.2 Kinetic Solubility determination

Here if we remember, we dissolve some amount of solute in DMSO solvent. For determin-
ing the Kinetic Solubility, we take this concentration of solute and add it to a dissolution
media and precipitation is detected by nephelometric method[3]. The edge in using ki-
netic methods is the small quantity of drug required and the speed. The prominent of all
being the fact that here the estimations are same as those used in biological assays. The
darker side of this method is that not many drug candidates get dissolved in DMSO.

Here if we remember, we dissolve some amount of solute in DMSO solvent. For determin-
ing the Kinetic Solubility, we take this concentration of solute and add it to a dissolution
media and precipitation is detected by nephelometric method[3]or turbidimetric [4]. The
first method goes with taking 10mM DMSO solution which is diluted in phosphate-
buffered saline(PSB)at pH 7.4. This solution is then diluted 10 times across a 96-well
plate with PBS containing 5% DMSO. A laser light source at 633 nm is used to detect the
concentration at which the compound precipitates. For second method, aliquot of 1 µL of
a 10 µg/µL DMSO solution are added at 1 min intervals to a phosphate buffer (pH 7.0)
at room temperature. Precipitation is detected by an increase in UV absorbance from
light scattering at 660820 nm. A total of 14 dilutions are made, resulting in a solubility
range of 456 µ g/mL. The edge in using kinetic methods is the small quantity of drug
required and the speed. The prominent of all being the fact that here the estimations are
same as those used in biological assays. The darker side of this method is that not many
drug candidates get dissolved in DMSO. A flow injection analysis (FIA) was also reported
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in the literature[5], this can be accounted as a semithermodynamic method in which a
predissolved drug is poised for problems with phosphate buffer (pH 6.5) overnight prior
to the analysis.

1.3 Cosolvency Models

Till now we have studied the solubility of compounds in water-cosolvent mixtures. Apart
from these, many mathematical models have the ability to describe the solubility in mixed
solvents. Mathematical models take decisions based either on the theoretical inspection or
thermodynamics on how the constituent molecules interact in fluid solution or solid state,
or they can be empirical in nature. Theoretical models are better off at giving solubility
for drug candidates in cosolvents, on the other hand, empirical approaches are very useful
for establishing association between experimental solubilities and variables such as volume
fraction of the cosolvent. These models can be categorized into two groups, correlative
equations and predictive models. The correlative equation uses curve-fitting, we have to
take a set of experiments of mixed solvents to train the model. Practically, a model with
minimum curve-fitting parameters is the best model for cosolvency. Predictive methods
on the other hand do not use any experimental data points. Finally we need to develop
cosolvency equations as it helps the researchers to predict the solubility of the solute in
mixed solvents using minimum number of experiments and in fact without experimental
data too. Predicting the solubility of solutes with actual experimental data appears to
be low on accuracy.

1.3.1 Hilderbrand Solubility Approach

A solution obeying Raoults law is known as an ideal solution and enthalpy of fusion of
solute (∆Hf

m ) and ∆CP (the difference of the heat capacities of this solid and its super-
cooled liquid) can give its solubility using the Hildebrand and Scott equation expressed
as

logX = −
∆Hf

m

4.575
(
Tm − T

T.Tm

) +
∆CP

4.575
(
Tm − T

T
)−

∆CP

1.987
log(

Tm

T
) (1.1)

Where

X = mole fraction solubility at temperature T

Tm = melting point of the solute

∆CP = C1
p Cs

P , where C1
p = molal heat capacities of the liquid and

Cs
P = molal heat capacities of the solid forms, respectively

For regular solutions, the equation was modified as

logX = −
∆Hf

m

4.575
(
Tm − T

T.Tm

) +
∆CP

4.575
(
Tm − T

T
)−

∆CP

1.987
log(

Tm

T
)−

Vsϕm

4.575T
(δm − δs)

2 (1.2)
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in which

Vs is the molar volume of the solute

ϕm is the volume fraction of the solvent

δm and δs are the solubility parameters of the solvent and the solute, respectively

Hildebrand has restricted the application of the model to non-polar solvents, Chertkoff
and Martin[6] used the model for calculating the solubility of benzoic acid in binary
mixtures of hexane, ethyl acetate, ethanol and water.

1.3.2 Solubility Dielectric Constant Relationship Model

Paruta and coworkers[7] tried to correlate the solubility of salicylic acid as a function
of dielectric constant(ǫ) of the solvent mixture where ǫ values were determined using a
resonance method.

For a given ǫ value, different solubilities were observed; and the model predicts the max-
imum solubility of solute in a binary solvents. This points out that effects of solubility of
solutes cannot be adequately represented by dielectric constant. The approach was fur-
ther changed and it was deduced that the approach can be further applied as a polynomial
of ǫm values to correlate the logarithm in mixed solvents[8].

f1.ǫ1 + f2.ǫ2 was used to calculate the numerical values of the ǫm[9], but these are incorrect
calculations as there is a nonlinear relationship between experimental ǫm and f1 values
as was shown in a paper[10].

However, the main reason for the accurate correlation of the logXm using the ǫm poly-
nomial is that the polynomial could be arranged as a polynomial of f1 values by simple
algebraic manipulations[11].

1.4 Research Motivation

As discussed, Solubility is a critical factor. It is required to predict the purification of
salt, when a solute will form a precipitate, in qualitative analysis, in calculating remain-
ing concentration after precipitation etc. These applications mentioned does not just
end here but are primary to many other industries. All this makes solubility a robust
parameter.

For calculating solubility, many physical methods have been devised. These methods
follow strict process, consisting many steps. The pharmacologist is expected to perform
the analysis with utmost patience and accuracy. Besides, any error in the procedure pops
at a later stage. This makes it equivalent to a nightmare.

Technology today is progress at an exponential rate. It is really important to realise the
power of the weapons(in form of technology) we have and apply it to ease the work in
other fields of science and life. These gaps in the pharmacological industry prompted us
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to delve into machine learning and bring something that will revolutionise the process of
finding solubility.

1.5 Thesis Organization

The thesis is organized into 7 chapters. A brief outline is given below: Chapter 1: This chapter introduces the basics of solubility and then describes dif-
ferent factors that affect the solubility of compounds. Further this chapter discuss
about Cosolvency Models which enables researchers to predict the solubility of so-
lute even without experimental data. This chapter also discusses different cosolvent
models that have successfully been used to achieve results. Chapter 2: This chapter presents literature review of available work which has
been already done in the domain of finding solubility. This chapter discusses various
developed approaches to find solubility using machine learning approaches. Also
Some light has been thrown onto computational chemistry. Further this chapter
discusses various machine learning approaches. Chapter 3: This chapter defines the research problem. Further it discusses what
are current gaps in the domain of research are and then it discusses what are
objectives of this thesis. Chapter 4: This chapter discusses about the dataset. This chapter gives details
about the dataset. It tries to explain meaning of the complete dataset by describing
about the features of compounds used in the dataset. Chapter 5: This chapter discuss about methodology followed and models used.
This chapter has detailed discussion about what was the methodology which we used
and further this chapter discusses about evaluation parameters used to conclude our
work. Also this chapter contains details of various machine learning models used. Chapter 6: In this chapter results of our research are discussed. Various models are
compared in this chapter and to verify robustness of our model we have performed
cross validation and the result of cross validation is also presented in this chapter.
Further, our results are also discussed in this chapter. Chapter 7: This chapter summarizes the key findings and main contributions of
the thesis and lists the possible future research directions.
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Chapter 2

Literature Review

2.1 Solubility Challenge

Kennedy and coworkers[12] suggested that bad pharmacokinetics with poor physiological
conditions will result in expensive later-stage failure in drug discovery. According to
them, on an estimate about 40% of the drug discovery programs are abandoned due
to issues in pharmacokinetics of lead compounds. The solubility of compounds have
decreased over the years with the emergence of techniques of testing and high-throughput
synthesis[13].

Lipinskis Rule of Five,[4, 14], a drug development project, gave us empirical rules which
has not solved the problem though they have somewhat came to our rescue. A cosolvent
such as DMSO is often used to allow the in vitro testing of low solubility drugs. But this
has its own problem, though it will facilitate the dissolution of compound but it affects the
biochemical assays severely and major drawback, allows the introduction of low solubility
compounds in development. Such drawbacks will lead to unexpected results because of
inconsistent methods in problem formulation and delivery. To validate this, take an
example of a salt which may get precipitated when injected due to lower solubility of free
acid or free base that forms physiological pH even though the salt might have high aqueous
solubility. Methotrexate may face similar issues. Its renal toxicity is related to its high
precipitation on renal tubules and the collecting ducts. Levels in excess of 1mM−1 exceed
the solubility of methotrexate at pH 5.0. A compound may have different solubilities if
it exist in different polymorphs. Norvir, a protease inhibitor from Abbott Laboratories,
had to be reformulated in 1998 after the emergence of a polymorph, which halved the
bioavailability. FDA will require expensive stability and additional bioequivalence studies,
whenever a substance is known to have low solubility or to show polymorphism. Many
computational models are known in literature for predicting the solubility of drug like
molecules, but they have an uncertainty of an order of magnitude. Any aqueous solubility
prediction method producing standard errors of estimate 0.4-0.5 log unit for a diverse
data set is probably overfitting the data[15]. This is because poor quality data is used
to generate the models. This data is collected under various experimental conditions.
Also, there are many definitions for solubility and its never clear that which has been
followed. For example, Kinetic solubilities may have been mistaken for thermodynamic
values. Values taken in distilled water and pH-buffered water will be drastically different.
The variation and size of data set have a great impact on models that may only have
some restricted applications.

Also, many measurements of solubility are reported with no reference to the state of
the material under study.It can either be crystalline or amorphous. Crystalline and
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amorphous solubilities can differ largely[16]. Differences can also come up in different
polymorphs[17]]. The observed pharmacokinetics of formulation can bear significant dif-
ferences.

Yalkowskiss General Solubility Equation(GSE) was used in the early attempts of predict-
ing the solid phase models. GSE includes the melting point the the compound[18] Even
the recent work try to derive melting point for getting included in modeified GSEs[19]
Besides all these researches, its been found that without adequate description of lattice
energy[20], prediction of solubilities will be limited [21]. Only after several cycles, switch-
ing back and forth between a supersaturated and a subsaturated solution, the Chasing
Equilibrium technique(CheqSol)[22, 23] produces precipitate.

2.2 QSAR-based solubility model for drug-like com-

pounds

Rafael and others[24] used FDAMDD and PHYSPROP databases to select the properties
of compounds that can help them predict if a given compound is drug-like or not. About
1174 chemicals fulfilling these criteria and with experimental solubility information avail-
able at 25 Degree C were retained. After collecting such data, several QSAR solubility
models were developed. Based on the accuracy of correct classifications, the best one
was selected. But this approach was confined to drug-like molecules. Further validation
of the model was performed with a set of 102 drugs for which experimental solubility
data have been recently reported. A good agreement between the predictions and the
experimental values confirmed the reliability of the QSAR model.

2.3 Computational Chemistry

Theoretical chemistry can be defined as a mathematical description of chemistry. On
the other hand, computational chemistry is used when a mathematical method is suffi-
ciently well developed such that it can be automated for implementation on a computer.
In, Theoretical chemistry, chemists, mathematicians develop new algorithms to predict
molecular and atomic properties. In contrast, computational chemists simply apply exist-
ing algorithms and methodologies to specific chemical questions. There are two different
aspects to computational chemistry: Computational studies tries to find the beginning
point for a laboratory synthesis, or to help in understanding the experimental data. It
used to predict the possibility of till now unknown molecule or explore reaction mecha-
nisms not readily studied via experiments. Thus, computational chemistry can assist as
well as challenge the experimental chemist to find an entirely new chemical objects.

Several major areas may be distinguished within computational chemistry:

The prediction of the molecular structure of molecules by the use of the simulation of
forces, or more accurate quantum chemical methods, to find stationary points on the
energy surface as the position of the nuclei is varied. Storing and searching for data
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on chemical entities (see chemical databases). Identifying correlations between chemical
structures and properties (see quantitative structureproperty relationship (QSPR) and
quantitative structureactivity relationship (QSAR)). Computational approaches to help
in the efficient synthesis of compounds. Computational approaches to design molecules
that interact in specific ways with other molecules (e.g. drug design and catalysis).

2.4 Machine Learning and Solubility

Timon[25] investigated different machine Learning models for their uses to construct
models for aqueous solubility. Models were based on 4000 compounds, including an in-
house set of 632 drug discovery molecules of bayer schering pharma. Their aim was to
predict the domain of applicability for ML QSAR models. They used the method of
error bars using Bayesian modelling approach, an ensemble approach and distance based
approaches.

2.5 Machine Learning Approaches

Machine Learning is the new hype of our tech world today. Computers started from being
a machine that could help us calculate faster. There on it took up many roles like being
a machine that can do much more than just computing. It does help us Build softwares Easily fulfill our business needs

Now this has gone to another level By not just saving our data safely but to being our
advisors in all the matters. Yes now our machines have become so much intelligent that
they do understand us. Understand our business. Advice us in our high and low times.
Like humans, machines have started to learn or better we have started teaching them.
With this we are taming our machines to act alike us and serve us better. This is actually
a new dimension to everything.

In the nineteenth century when computer was invented it had never been thought that
this could ever happen. But see it is more than a dream come true. Today while we are
in twenty first century we probably just can not predict what next two-three centuries
are to bring for us. But who has time to wait for the next era to take on. Let’s just take
out the most on our time.

This is the era of machine learning. In other words, machines are ready to learn or better
to say we are making the machines smart. Having said that, i would like to take you to
the see what wave this little phrase ”Machine Learning” can or has started to bring in
our lives.

Applications of machine learning includes natural language processing, speech recogni-
tion. marketing, user behaviour analytics, game playing, medical diagnostic software,
adaptive websites etc.

11



Now the question is what is behind the scenes. How making the machines learn has
become such an efficient process. The backbone of this success lies in the approach
followed. It has taken its roots from pattern recognition and theory that we do not always
need algorithms to perform specific task. Yes you read it right, no algorithms. Let me tell
you how our brain learns. Our brain consists of special cells called neurons. These neurons
are connected by dentrites. These dendrites are connected with one another at contact
points called synapses. With recursive reading/learning, these dendrites grow in size and
we tend to remember things upon repetition. The Machine learning, likewise takes help of
other fields such as human psychology, modeling of brain and statistic together to impart
that intelligence to the machine. It is a theory with an idea that we can yield some
interesting information about a set of data using some generic algorithms. A 2-year old
kid is able to figure out different colors in his surroundings because of something called
neural networks in his brain. Same approach has been used in bucking up for machine
learning. It actually contains an array of algorithms that can be applied to different
categories of data. Depending upon the type of data, we choose an algorithm and derive
our result. With the types of data varying vastly, the learning that can be derived have
efficiently been categorized in two major categories, these are: Supervised Learning and
Unsupervised Learning. To explain these two categories, a simple explanation on this
can be, whenever we know what can be possible output(like answers to these situation:
’Will it rain today?’, ’What is the average height of student’). For the cases when we
do not know what will be the target category(like answers to these situation ’What all
things are present in this image?’) then it is an unsupervised learning. Now depending
upon the target we choose a genetic algorithm for the same. Analysis of data for building
models, statistics are used as base for many machine learning algorithms. The data taken
in by analytical model is not in a raw format but is formatted in a pre-requisite format.
Further, in this era of big data we actually know the truth behind the quality of data
available. Its just a common sense that if we want our child to learn something, we shall
provide him/her with the most accurate data sources to learn from. This fact validates
the idea that the data we should feed into our model show be clean and accurate for
accurate result. The process of data cleaning in itself is a separate lesson to learn.

Learning is nothing but inferring knowledge from the information we gathered in past.
In humans learning starts from the minute we are born and this process of learning
continues till the end of life and in this duration humans try to gather as much knowledge
as possible and then try to learn from that knowledge which was gained from various
experiences.

Artificial Intelligence(AI) tries to simulate process of learning which happens in not only
humans but also in other living things, in lifeless machine. Artificial Intelligence enables
the machines to perform the task with highest amount of precision as well as accuracy
given to them without needing human interference.

Machine learning is a subfield of AI and the main area in which machine learning works
is to develop new algorithms and as well as understand and evaluate algorithms which
enable the machine to learn. These days in industries, machine learning is one of the
most popular area of interest/work. Machine learning tries to bring other fields like
brain modeling,human psychology and statistics together to build an intelligent system.
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Neural network which are inspired from working of brain are used widely in machine
learning for learning from data. Machine learning uses analysis of data and machine
learning algorithms too use analysis skills, thus statistics plays a very important part
in machine learning. When a computer is used to solve or deal with a particular task
is then that task is known as task domain or sometimes also referred to as knowledge
base. Information that is produced by or gotten from the task constitutes its knowledge
base. To represent knowledge base we use numerical, discrete value, relational literals
and Boolean or sometimes their combination is also used. Input-output pairs are used to
represent knowledge base, here input given to task is input and results which we get frrom
that task is output. Knowledge base’s data can be used to classify output for a given
input. Knowledge base is not enough to know the internal working of a task but it is
enough for classifying a given input to some output. As when we have a lot of information
it is next to impossible for humans to get information from it, machine learning, on the
other hand can easily do this. With the help of more data a computational model is
made which can represent that task with significant accuracy without knowing internal
working of that task. An algorithm can use computational model to predict output for
some unabsorbed input for that particular task. The computational model can be of
any type it can be simply some rules, a formula, or some mathematical operations which
when applied to input give an output.

Every machine learning algorithm uses different technique to make computational model
from knowledge base but goal of every machine learning algorithm is to infer knowledge
from knowledge base.

To learn about a process, machine learning algorithms need dataset. Dataset have data
regarding, which outputs was given for a particular input Each input has some attributes
in it, which tell us about properties of that particular input, an input can have two
attribute or sometimes, there can be thousands of such attributes. An attribute can
either be continuous or discrete. Discrete attributes as the name implies have distinct
values such as shape of an object can either be square, rectangle etc; on the other hand
continuous have numeric values such as area of shape. Every dataset has some input
and some output attribute. Input is basically given to the learning algorithm and the
goal of learning algorithm is to map the given input to the output corresponding to that
particular task.

It is assumed in machine learning that values of input and output are inter-dependent.
Input attributes given in dataset are known as features in machine learning. The com-
putational model can also be thought as of a function which simply maps our input to
an output.

Machine learning has many applications these days, for example, we can train a computa-
tional model from emails such that computation model can learn to distinguish between
important and spam email. Once a computational model is trained, then that model can
be used to keep important mails in one folder and spam on other.

Figure 2.1 shows the categorization of machine learning approaches. It is divided into
two categories, i.e., supervised learning and unsupervised learning. Supervised learning
is classified into (i) Classification - predict discrete valued output (ii) Regression - predict
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Figure 2.1: Machine learning categorization

continuous valued output. Clustering is unsupervised learning. In supervised learning a
computational model is trained to map input given in knowledge base to corresponding
output. In supervised learning labels are given along data, on other hand, in unsupervised
learning we are not given labels along with input. An example of supervised learning is to
classify whether an email is important or not or for predicting how many runs a cricketer
will make in his next match and examples on unsupervised learning includes clustering
of documents.

Classification algorithms are those which are used to classify in which class a given input
belongs to. Here classes are discrete in nature and some set of rules or a model can
be made to classify a given input to a particular class. Input given to a classification
algorithm can be either discrete or it can be continuous, but there are some algorithms
which only take input in form of discrete attributes but output of such algorithms are
always discrete.

Regression algorithms create predictions based on some mathematical operations or some
equation creates a model which gives a continuous value as output while taking some
input. Here input can either be discrete or continuous.

Table 2.1 shows the recently developed classification and regression models. Implemen-
tation of all these models is available in R.

Table 2.1: Machine learning models

S.No Model Model Type Method Package Tuning Parameter

1 ada Classification ada ada maxdepth, iter, nu
2 avNNet Dual Use avNNet caret decay, size, bag
3 bag Dual Use bag caret vars
4 bdk Dual Use bdk kohonen xweight,topo,xdim,ydim
5 blackboost Dual Use blackboost mboost maxdepth, mstop
6 Boruta Dual Use Boruta Boruta mtry
7 bstTree Dual Use bstTree bst maxdepth, nu, mstop
8 C5.0 Classification C5.0 C50 winnow, trials, model
9 cforest Dual Use cforest party mtry
10 ctree Dual Use ctree party mincriterion

to be cont’d on next page
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Table 2.1: Machine learning models (cont.)

S.No Model Model Type Method Package Tuning Parameter

11 cubist Regression cubist Cubist committees, neighbors
12 enet Regression enet elasticnet lambda, fraction
13 foba Regression foba foba lambda, k
14 GAMens Classification GAMens GAMens fusion, iter, rsm size
15 gamLoess Dual Use gamLoess gam degree,span
16 gbm Dual Use gbm gbm trees, shrinkage,depth
17 gcvEarth Dual Use gcvEarth earth degree
18 glm Dual Use glm stats None
19 icr Regression icr caret n.comp
20 J48 Classification J48 RWeka C
21 JRip Classification JRip RWeka NumOpt
22 knn Dual Use knn caret k
23 lars Regression lars lars fraction
24 lda Classification lda MASS None
25 leapSeq Regression leapSeq leaps nvmax
26 Linda Classification Linda rrcov None
27 lm Regression lm stats None
28 logforest Classification logforest LogForest None
29 M5 Regression M5 RWeka smoothed,pruned,rules
30 nb Classification nb klaR usekernel, fL
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Chapter 3

Description of the problem

Drugs are compounds formed by dissolving various solutes and solvents together. Differ-
ent molecules with their action mechanism makes the use of drugs as indispensable part
of our lives. Drugs not just help preventing diseases but are a source of new life and also
help in improving the quality of life. Pharmaceutical industry is an obligatory part of
our society. This industry caters to all needs of our internal system. Depending upon
the target of course of action, various solvents are chosen for the requisite solutes. This
choice of solutes is not just dependent on the course of action but also on the basis that if
the solute will dissolve in solvent appropriately. Of all the methods, oral ingestion is the
most convenient route of drug delivery. Ease of administration, cost effectiveness, lower
level of sterility constraints, high patient compliance rate and the flexibility in the design
of dosage form paves the way for orally ingestible products. For an oral drug, it is very
important that the drug is easily dissolvable in our body system. The main problem with
design of oral drugs lies in their bioavailability. This bioavailability is further dependent
on many factors like, drug permeability, dissolution rate, aqueous solubility, presystemic
metabolism, first-pass metabolism etc. Low permeability and poor solubility are recur-
rent attributes of low bioavailability. Thus, knowing the solubility of the compounds is
an important aspect for process of drug formulation too. Solubility is affected by many
factors: Polarity Temperature Pressure

Till now solubility has always been predicted based upon kinetic and thermodynamic
methods. These methods in themselves take highly accurate measurements. As de-
scribed in section 1.2, the thermodynamic and kinetic methods follow different steps. A
mistake at any step will enlarge the errors at later stages. This concludes that having
accurate measures of solubility is a long process. This process requires great accuracy
and precision.

3.1 Problem Statement

For any new research and development process, it has always been advisable to start the
process of taking measurements from scratch. This idea elongates the process of complete
research. With this research of ours, we tried to reduce this duration by computationally
predicting results of solubility. We have taken into consideration the SMILE structure
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and InChl structure for compounds and there by trained model for the dataset. We have
used QSAR models to assist us in predicting solubility of our compounds.

3.2 Research Direction

This section focusses on the research gaps found in literature survey and objectives that
are formulated.

3.2.1 Research Gaps

Following are the gaps that are identified during literature survey.

1. Thermodynamic methods are not attainable in early phase of drug discovery be-
cause of the requirement of large samples, laboratory based sample preparation and
low throughput levels[26].

2. Kinetic solubility methods cannot completely substitute method of thermodynamic
determination. Kinetic method involves the drug to be dissolved in dimethyl
sulfoxide(DMSO)[26]. Upon dissolving, the drug tends to lose its lattice energy
and the polymorphic forms of the drug. For this reason, thermodynamic meth-
ods are more suitable for drug development stage and for drug discovery, kinetic
methods perform well.

3. Rafael and others[24] used QSAR models for drug-like compounds using FDAMDD
and Physprop database. There QSAR model gives the range of solubility and not
the approximate values.

4. Also Rafael and others found the solubility only related to drug-like compounds.

3.2.2 Research Objectives

The following research objectives are formulated.

1. To study the SMILE and InChl structure of compounds. To predict the solubility
of compounds based on these two parameters.

2. Generate an Ensemble model upon studying the parameters.

3. Make the Model generic for all the compounds(not just for drug-like compounds).
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Chapter 4

Dataset

4.1 DataSet Description

Data set consist of 105 entries for chemicals with 5 features listed. The dataset has been
taken from Llins and other paper ”Solubility Challenge: Can You Predict Solubilities of
32 Molecules Using a Database of 100 Reliable Measurements?”[26]. It contains solubility
results for 105 chemicals. This research took this up as base and cross-validated against
the actual results. The features include:

1. Name

2. Assays

3. Kinetic Solubility

4. Standard Deviation of Kinetic Solubility

5. SMILE structure

6. InChl

4.1.1 Name

It is the common name of compound. Example: Alprenolol amantadine amiodarone,
amitryptyline, amodiaquine, etc.

4.1.2 Assay

An assay is a procedure to investigative biology(environment/molecular), pharmacology
and medicines for laboratory to get their quality assessment and quantity estimate of the
amount and functional activity of target entity. The target entity can be a biochemical
substance, an organic sample, a drug or a cell in an organism. The target entity is called
the analyte or the target of the assay. The aim of assay is to measure a property of
target and define it in an appropriate unit of measurement. This unit of measurement
can vary from molarity, functional activity in enzyme, density, etc. Chemical analysis and
titration has similarity to many assays. For any assay, our target is always to calculate
the unknown quantity or quality of the analyte(target) thus whenever an exogenous
reactants is used in the assay, no variation is brought into their quantities such that the
quantity or the quality of the analyte becomes the only restrain factor. After applying this
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constraint, the difference in the assay outcome is used to deduce the quality(or quantity)
of analyte. This is indeed a straightforward approach for the result but predominantly
assays implicate biological material or phenomena which is inherently more complex based
either on the composition or behaviour or both. This is reflective now to believe that
the process of chemical titration is indeed easier to read than reading any assay as it
tends to include great noise and involves great difficulties in interpretation. In contrast,
qualitative assays of older generation, especially bioassays, can be much more overt and
less quantitative(like counting dysfunction of a cell in a population). Assays have become
an established part of pharmaceutical, environment, forensic and many other businesses
that too at various levels like from field level or curbside to industrial. Assays with high
commercial demand have undergone deep scrutiny in research and development sectors
of professional industries, live through batch of refinement and development and have
become copyrighted intellectual properties. Such large scale assays are often done in well
equipped laboratories with a mechanised pattern of procedure from starting an assay to a
pre-analytical sample processing(collection of sample, manipulations such as spinning for
separation or other processes, storage, pipetting etc). Targets are mainly tested in high
throughput AutoAnalyzers and the verification of results is automatic and returned to
end users and ordering service providers. Laboratory informatics system that interfaces
with multiple computer terminals with physical autoanalyser instruments, central servers
and other automata, have made this automation possible.

4.1.3 Kinetic Solubility

It is the concentration of a compound in solution when a fostered precipitate first ap-
pears.

4.1.4 SD of Kinetic Solubility

Standard Deviation is a quantity that gives us the amount of a set of values. A low
standard deviation shows that the data points are close to mean while a high standard
deviation implies data points are scattered over wide range of values.

4.1.5 SMILE structure

The term SMILES refers to a line notation for encoding molecular structures and corre-
sponding instances should firmly be called SMILES strings. However, the term SMILES
can variable be used to refer to a single SMILES structure or a group of SMILES struc-
ture, the literal meaning usually depending upon the context. For SMILES string, the
terms canonical and isomeric can be used interchangeably, these do lead to some confu-
sion. Though these terms describe different attributes of a SMILES string, but these are
not mutually exclusive. SMILES stand for simplified molecular-input line-entry system.
It is a specification for describing the structure of chemical species using short ASCII
strings in form of a line notation. SMILES strings can be imported by most molecule
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editors for conversion back into two-dimensional drawings or three-dimensional models of
the molecules. The conversion of SMILES to 2-dimensional representations is done using
Structure Diagram Generation algorithms (Helson, 1999). It must be remembered that
these conversions are not always unambiguous. Conversion to a 3-dimensional represen-
tation is achieved by energy minimization approaches. There are many downloadable
and web-based conversion utilities for this process. Example:

Oc1c(Br)cc(C(O)=O)c(O)c1

Fc1c(=O)[nH]c(=O)[nH]c1

O=C(Nc1ccc(cc1)O)C

S(=O)(=O)(N)c1sc(NC(=O)C)nn1

4.1.6 InChl

InChl stands for International Chemical Identifier. It is an identifier in form of text
for chemical substances, drafted to provide a human-readable way to encode molecular
information which will help to search for such information in databases and on the web.
It was developed by IUPAC and NIST from 2000 to 2005, though the algorithms and
format are non-proprietary. The identifiers carry a lot of information starting from the
atoms, connectivity of their bonds, isotopic and tautomeric information, electronic charge
information, and stereochemistry information. An important part of this description is,
it is not mandatory to have all the layers. Layers can be omitted if that particular
information is either not present or not required. Analogous to InChl, there is another
set of identifier that also has a unique number for every chemical substance described in
open scientific literature, it is known as CAS. Upon comparison of the two, the former
differ from the widely used latter registry numbers in three respects: They are non-
proprietary thus can be easily used; We dont need any particular organisation to assign
these identifiers instead we can construct these by using the structural information; With
practice, most of the information can be interpreted easily without any tool to assist us as
its in human readable form. With all this information at our dispose, we can understand
that InChls are an extremely formalized version of IUPAC names. InChl can help us with
more information than the simpler SMILES notation. Also this uniqueness is important
in database application. Unlike SMILES structure, 3-dimensional atom information is
not represented in InChl. So incase of InChl, a format such as PDB is used for 3-D
information. InChl uses an algorithm to convert the input information into a unique
identifier. The algorithm popularly is a three-step process. First set is the normalization,
redundant information is removed from here. Step two talks of canonicalization, i.e., to
generate a unique number label for each atom. Last step does the serialization to generate
a string of characters. Example:

acetazolamide:

InChI=1/C4H6N4O3S2/c1-2(9)6-3-7-8-4(12-3)13(5,10)11/h1H3,(H2,5,10,11)(H,6,7,9)
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Chapter 5

Methodology and Evaluation

5.1 Methodology

The methodology followed is shown in figure 5.1. The data collected was of 105 chemicals
along with their solubility. The attributes taken were

Figure 5.1: Methodology

1. Substance

2. Temperature

3. Assays

4. Kinetic Solubility(mM)

5. SD of Kinetic Solubility(mM)

6. SMILES

7. InChl

Figure 5.2 explains the preprocessing of data pre-processing, training and ensembling in
detail.
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Figure 5.2: Detailed Methodology

5.1.1 Feature Selection

Of the above attributes, not all were important. As temperature was standard, being
approximately equal to 25 degree Celsius. So we ignored it. All other attributes were of
great significance. Besides feature selection was applied using fscaret package. Order of
attributes was as follows,

InChl >assays >SMILES >SD of Kinetic Solubility >Substance

The percentages were as follows

InChl - 81.36%

Assays - 14.5%

SMILES - 3.05%

SD of Kinetic Solubility - 1.06%

Substance - 0%

As expected the substance name had no significance over the target results.

Besides these observations, there were some other problems too with the data, which
prevented us from starting with the training of data. The data had some values in the
form of text and blank values too, i.e., for the entries whose solubility values were zero(or
better to say, which precipitated in solvent), for them, the values of assays were not
available and indeed some explanation was provided. Since there was no assay value in
turn the value of solubility was also not a number. Thus for this case, NaN values were
first removed from the data.

After data cleansing, about 5 different attributes were left. Then the models were trained
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with 70% of data and remaining was used as test data to check our results.

5.1.2 Training and Testing

We used following models to train and test the data. Different runs of training were
undertaken for same set of training data to avoid any bias. Following Models were
used.

1. brnn

2. svmLinear

3. spls

4. simpls

5. rvmPoly

6. relaxo

7. ppr

8. gam

9. foba

10. earth

Of the above models, top six performers were chosen and taken forward for ensem-
bling.

5.1.3 Ensemble

Ensembling is technique that creates multiple models and then combine them to pro-
duce improved results. It has been seen that seen that ensemble methods produce more
accurate solutions than a single model. Ensemble has two methods. Voting - Applies to problems of classification Averaging - Applies to regression problems

Figure 5.3 shows us the ensembled models used.

Ensemble approach doesn’t always perform better than individual models. Various com-
binations of ensemble were tried to find out the one better than individual performing
models.

Ensemble models formulated are as follows:

1. E1(foba, earth, brnn, simpls, relaxo, svmLinear)

2. E2(m1(foba,earth), m2(brnn,simpls), m3(relaxo,svmLinear))

3. E3(m1(foba,earth,brnn), m2(simpls, relaxo, svmLinear))
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(a) E1 (b) E2

(c) E3 (d) E4

(e) E5

Figure 5.3: Ensembled Models

4. E4(m5(m4(m3(m2(m1(foba,earth), brnn), simpls), relaxo), svmLinear))

5. E5(m1(foba, earth, svmlinear), m2(brnn, simpls, relaxo))

5.2 Model Evaluation

There are many ways by which the performance of prediction can be measured. Some
methods perform better in some application while the others perform better in some
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other application. Thus, depending upon the application method was chosen to evaluate
our prediction. A brief discussion on some of the methods which are used to evaluate
performance of prediction is given below,

5.2.1 RMSE

One of the most popular technique to measure performance of regression model is RMSE(Root
Mean Square Error)[23]. However, this method can be used only when models measuring
the error in same unit are used. To calculate RMSE the following formula is used:

RMSE =

√

Σ(i = 2)n(pi − ai)2

n
(5.1)

where, ai is the actual target pi is predicted target n is the total number of instances.

5.2.2 Correlation (r)

Correlation is a statistic based technique which outlines how much two variable are related
to each other. Using correlation the relation between the predicted and actual values can
be calculated. Rules for correlation are as follows: if value of correlation tends to 1 then two variables are considered as highly corre-

lated and if value of correlation is tending towards 0 then it means there is no relation between
two variables.

Correlation is defined as follows

r =

∑n

i=1(x− x)(y − y)
√

∑n

i=1(x− x)2
∑n

i=1(y − y)2
(5.2)

where x is the actual value, y is the predicted value, x is the mean of the all actual values,
y is the mean of the all predicted values, and n is the number of instances.

5.2.3 Coefficient of determination (R2)

The coefficient of determination(R2) reviews the explanatory power of model of regression.
R2 can give the fraction of variance of dependent variable as described by regression
model.It has following rules: R2 = 1; regression model is perfect R2 = 0; regression model
is total failure, i.e., regression describes no variance. The Coefficient of Determination is
calculated by taking the square of r (i.e., correlation). It is defined as follows:

R2 = r × r (5.3)
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5.2.4 Accuracy

The accuracy is calculated as a percentage deviation of predicted target with actual target
with acceptable error.

Accuracy = 100
n

∑n

i=1 qi

qi =

{

1 if abs(pi − ai) ≤ err

0 otherwise

(5.4)

where a is actual target, p is predicted target, err is the acceptable error, and n is the
total number of instances.

5.2.5 k fold Cross Validation

To check robustness of our model k-fold cross validation is used. In this technique, dataset
is randomly partitioned into k equal sized samples and out of these k samples, k-1 samples
are used for training and remaining 1 sample is used for testing our result and this process
is repeated k times (the folds) such that each and every k sample is used for testing once.
The k results from the folds then can be averaged (or otherwise combined) to produce a
single estimation. The advantage of this method over repeated random sub-sampling is
that all observations are used for both training and validation, and each observation is
used for validation exactly once.

Figure 5.4: 5 fold cross validation
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Chapter 6

Results and analysis

6.1 Individual Models

This data was divided into testing and training datasets. 70% of data was taken for
training and 30% was left for testing and validation.

The evaluation results for individual models are givenby Table 6.1.

Table 6.1: Results of Individual models

Model Name r R2 RMSE Accuracy

brnn 0.21 0.04 7.94 93.75
svmLinear 0.24 0.06 4.86 93.75

spls 0.24 0.06 4.86 93.75
simpls 0.27 0.07 8.47 90.62
rvnPoly 0.2 0.4 7.94 93.75
relaxo 0.19 0.04 4.76 90.62
ppr 0.03 0 29.54 50
gam 0.42 0.18 18561.07 93.75
foba 0.22 0.04 7.35 93.75
earth 0.21 0.04 7.94 93.75

The graphical representation of the evaluation results is given in figure 6.1a, 6.3b, 6.3c
and 6.3d

6.2 Ensemble

Of these 10 models, top 6 were taken. gam though being a performer, was not taken
because of high root mean square errors. Figure 6.3 shows the plots of five ensemble
models. These are the plots obtained by our experimental analysis of all ensemble models.
The plotted graphs 6.3 show the evaluation parameters.

In this research, we developed a novel combination of different machine learning models
to develop an ensemble machine learning approach. This proposed ensemble model was
developed to determine the solubility of compounds.

The research used six machine learning models to develop ensemble model for detecting
the extent of solubility of solute. On the basis of the accuracy obtained by each model,
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(a) Correlation (b) R2

(c) RMSE (d) Accuracy

Figure 6.1: Evaluation Results for Individual Models

five ensemble models were developed by combining different strategies Ensemble models
are as follows:

1. E1(foba, earth, brnn, simpls, relaxo, svmLinear)

2. E2(m1(foba,earth), m2(brnn,simpls), m3(relaxo,svmLinear))

3. E3(m1(foba,earth,brnn), m2(simpls, relaxo, svmLinear))

4. E4(m5(m4(m3(m2(m1(foba,earth), brnn), simpls), relaxo), svmLinear))

5. E5(m1(foba, earth, svmlinear), m2(brnn, simpls, relaxo))

The table 6.2 shows the evaluation results for ensembled models

Table 6.2: Results of Ensembled models

Model Name Accuracy r R2 RMSE

E1 93.75 0.068 0.004 7.035
E2 93.75 0.094 0.008 1.944
E3 93.75 0.853 0.728 2.820
E4 93.75 0.191 0.036 6.649
E5 96.87 0.258 0.066 2.830
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(a) Correlation (b) R2

(c) RMSE (d) Accuracy

Figure 6.2: Evaluation Results for Ensembled models

6.3 Cross Validation

Of the above ensembled models, E5 gave us the best accuracy. Cross-validation results
are as follows:

This shows that, ensemble model does perform well than the individual models and also
the suggested model is not over-fitted or under-fitted.
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(a) Correlation (b) R2

(c) RMSE (d) Accuracy

Figure 6.3: Evaluation Results for Cross Validation
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Chapter 7

Conclusions and Future Works

This chapter is the concluding part of the thesis and also proposes some suggestions
towards which the present work can be further extended. Section 7.1 brings out the
overall conclusions of the research work carried out in this thesis and in section 7.3
suggestions regarding the future research directions and possible extensions of the work
presented in the thesis are made.

7.1 Conclusion

In this research work, a machine learning approach is provided to predict the solubility of
chemical compounds. Finding solubility using kinetic and thermodynamic methods can
be costly both in terms of time and money. Training some new machine learning model
by using the best models available, the values can be predicted effectively. The work was
undertaken with the InChl and the SMILES structure of compounds. These structures
are unique for every compound and give information about the different features. Existing
QSAR models were applied on the dataset. Upon analysing their performance,the models
were ensembled in different patterns and successfully built a better model. Both cost and
the time factor can be optimised further with this approach of ours. Since this will give
us an idea about the solubility of various compounds based on their structures. For
the belief that result of a computational model cant solely be trusted, this approach at
least gives us an outer edge with helping us with some information rather than having
nothing at hand. This approach is much faster and cheaper when compared to previous
approaches.

7.2 Thesis Contributions In this thesis, a combination of QSAR models and machine learning models is used
on not just the drug-like compounds but on a greater set of compounds. Computationally calculating accuracy has promised us great cost cutting and gross
improvement temporally. The K-fold cross validation methods to check robustness of our models. Research ensembled the best models of machine learning to give a better model for
prediction.
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7.3 Scope for future work

Research is an iterative and continuous procedure. The work presented in the thesis
focuses on predicting solubility of compounds computationally using QSAR models and
machine learning. There are several directions in which this work could be expanded.
Some of the suggestions for future work in this direction are:

1. Efficient modification can be done by taking into consideration other physio chem-
ical properties. These other physio chemical properties can be extracted from
FDAMDD databases.

2. The implementation of existing model on greater dataset and thereby tuning the
parameters will give promising and better results.

3. In this thesis, ten machine learning models are used for protein structure prediction.
New machine learning approaches are available and they need to be explored for
accurate and fast predictions.
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