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Preface

This dissertation is presented for the partial fulfillment of the degree of Master of Pharmacy in
Pharmaceutical Technology. The presented work is spanned over one year. The present study has
been executed by developing in silico predictive models in the quantitative structure-property
relationship (QSPR) paradigm. We have considered power conversion efficiency (PCE)
endpoints of organic dyes in dye-sensitized solar cells for the development of the predictive

models.

In the recent past, the over-expansion of population led to an increase in the usage of fossil fuels
to meet the increasing energy demand. This overuse of fossil fuels is the main reason behind
global warming and climate change. Renewable energy source is the main important alternative
to the fossil fuel which is a never-ending eco-friendly source of energy. There are various forms
of renewable energy present in nature like solar energy, wind energy, tidal energy, geothermal
energy, etc. One of the important sources of renewable energy is solar energy where energy
coming from the sun in the form of heat and solar radiation is converted to electrical energy. The
photovoltaic (PV) solar cell converts solar radiation into electrical energy when an incoming
photon strikes the solar cell. The dye-sensitized solar cells (DSSCs) are the third-generation solar
cell that contain dye molecules as photosensitizers for the generation of electron. The main
advantages of the DSSCs compared to the previous solar cells are eco-friendly, cost
effectiveness, easy to manufacture, flexible, etc. Extensive research is going on to find out new
dye molecules with better power conversion efficiency. The development of a new dye molecule
through experimental methods requires a lot of resources, money and time, but the success rate
of getting a better dye molecule is uncertain. To reduce the cost of failure and resources,
different computational methods are used for the development of new dyes even before the

synthesis.

The application of various computational approaches for the prediction of properties of chemical
substances has been an effective alternative to experimental methods. QSPR is a statistical
method widely used for prediction purposes of different property-based endpoints. Read-Across
(RA) is a similarity-based approach used for predictions and data gap filling. It does not involve
the development of a mathematical model, and thus, is not a statistical technique. It simply



generates the consensus-based predictions of the query compounds. Recently, the concepts of
quantitative structure-property relationship (QSPR) and read-across (RA) methods were merged
to develop a new emerging chemoinformatic tool: read-across structure-property relationship
(RASPR).

In this present study, we have modeled the power conversion efficiency (PCE) of organic dyes
used in dye-sensitized solar cells (DSSCs) by employing the q-RASPR method. The developed
models have shown acceptable statistical significance. The models developed were validated
rigorously based on various internal and external validation metrics. The following analyses have

been performed in this dissertation:

Study 1: Machine learning - based g-RASPR modeling of power conversion efficiency of

organic dyes in dye-sensitized solar cells.

Study 2: Application of machine learning-based read-across structure-property relationship
(RASPR) as a new tool for predictive modelling: Prediction of power conversion efficiency

(PCE) for selected classes of organic dyes in dye-sensitized solar cells (DSSCs).

The accomplished work has been presented in this dissertation under the following sections:
Chapter 1: Introduction

Chapter 2: Present Work

Chapter 3: Materials and Methods

Chapter 4: Results and Discussion

Chapter 5: Conclusion

Chapter 6: References

Appendix: Reprints
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Chapter 1 Introduction

1.INTRODUCTION

1.1 Solar energy

The rapid expansion of population and technological advancements has led to an exponential
increase in fossil fuel usage to meet the increasing energy demand. This rapid usage of fossil
fuels has a significant impact on the environment, which is the main reason for global warming
and climate change [1, 2]. Therefore, extensive research is going on to find out different methods
to reduce or replace the usage of fossil fuels. There are various approaches used to reduce the
usage of fossil fuels, like — (a) by increasing the efficiency of the conventional power conversion
device through waste heat recovery;[3, 4] (b) by developing a power conversion device that is
eco-friendly;[5, 6] (c) by using renewable energy source which has no or minimal effect on the
environment [7-9]. A renewable energy source (RES) is most attractive due to their significantly
low cost of generation, ease to access, inexhaustible and environment friendliness. The main

sources of RES include solar energy, wind energy, tidal energy, etc., as shown in the Figure 1.1.

Renewable
Energy
Source

Figure 1.1: Different sources of renewable energy

One of the most important sources of renewable energy is solar energy in which energy coming
from the sun is converted into electrical energy. From the sun, energy is coming in the form of

heat and radiation which can initiate photochemical or photoelectrical reactions [10-12]. The

1|Page



Chapter 1 Introduction

total solar energy incident on Earth is far greater than the global energy needs at the moment and

in the future. This highly diffused source might be able to supply all future energy needs if
properly utilized [10]. Due to its limitless supply and lack of pollution, solar energy is predicted
to become a more appealing renewable energy source in the future than the finite fossil fuels
coal, petroleum, and natural gas [13]. The utilization of solar energy has gained significant
attention in recent years due to its potential to address the growing concerns of climate change

and the need for sustainable energy options.

Even though the sun is a very potent energy source and sunlight is by far the most abundant
energy source that Earth receives, the intensity of sunlight at the planet's surface is actually rather
low. This happens because of the enormous radial spreading of radiation and additional loss is
occur due to the scattering and absorption of radiation in the Earth’s atmosphere and clouds [14].
The earth receives approximately 174 petawatts (PW) of incoming solar radiation at the upper
atmosphere but 30 percent of this radiation got reflected to space and the rest 70 percent is
absorbed by clouds, oceans, and lands. At Earth's surface, the sun's radiation is divided roughly
equally between 3 to 5 percent UV (below 400 nm), 42 to 43 percent visible (400 to 700 nm),
and 52 to 55 percent infrared (above 700 nm), as shown in Figure 1.2. At the top of the
atmosphere, sunlight is about thirty percent more intense and contains 8% more ultraviolet (UV),

the majority of which is short-wave ultraviolet, which is biologically harmful [15].

'y N
() Composition of Solar Energy
3%
m Infrared
= Visible
uv
(b)
100 nmn 280nm 315nm 380 nm 700 nm 1400 nm 3000 nm 1 mm
Ivve | vve | uvva | Visible I mnfrared-a | Infravea-Bl 1frarea-c |
! Y J Radiation 1 Y J
UV Radiation Infrared Radiation
e vy

Figure 1.2: Composition of solar radiation coming to the earth.
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Chapter 1 Introduction

Even though solar energy is free in itself, the high expense of collecting, converting, and storing

it prevents widespread use of it. Solar radiation can be converted either into thermal energy
(heat) or into electrical energy, though the former is easier to achieve [16]. One of the primary
methods of harnessing solar energy is through the use of photovoltaic (PV) cells, also known as
solar panels. These panels convert sunlight directly into electricity by utilizing the photovoltaic
effect. When sunlight strikes the PV cells, electrons in the cells are excited, creating an electric
current. This electricity can be used to power homes, businesses, and even entire communities
[17]. Solar energy can also be harnessed using solar thermal systems. These systems use the
sun's heat to generate electricity or provide hot water for domestic and industrial purposes.
Concentrated Solar Power (CSP) plants use mirrors or lenses to focus sunlight onto a receiver,
which in turn heats a fluid to produce steam. The steam is then used to drive a turbine and

generate electricity [18].

The advantages of solar energy are numerous. First and foremost, solar energy is renewable and
abundant. The sun provides an inexhaustible supply of energy, making solar power a sustainable
alternative to fossil fuels. Additionally, solar energy production does not produce greenhouse gas
emissions, helping to mitigate climate change [19]. Solar panels can be installed on rooftops,
reducing the need for large land areas, and can even be integrated into building materials, such as
solar windows or solar tiles. Another benefit of solar energy is its potential for decentralization.
Unlike centralized power plants, solar energy systems can be installed at the point of
consumption, allowing individuals and communities to generate their electricity. This can lead to
energy independence, reduced reliance on the grid, and lower electricity bills [20]. Despite its
advantages, solar energy does face some challenges. The intermittent nature of sunlight means
that solar power generation is dependent on weather conditions and time of day. Energy storage
technologies, such as batteries, are being developed to address this issue and ensure a constant
supply of electricity. The initial cost of installing solar panels can also be a barrier for some,

although the long-term savings on energy bills can offset this investment [19].

1.2 Solar cells
The sun sends huge amounts of energy every day, in the form of heat and radiation which is
known as solar energy and it is available at no cost [21, 22]. The main advantage of solar energy

over other conventional power generation method is that sunlight can be directly harvested into
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Chapter 1 Introduction

solar energy by using small photovoltaic (PV) solar cells [23, 24]. The PV solar cells convert the

solar radiations into electrical energy by the method known as photovoltaic effect, where
electrons or other charge carriers are excited to higher energy state upon absorption of photons
[25]. The photovoltaic effect was first observed by Alexandre-Edmond Becquerel in 1839 [26].
After that Charles Fritts experimented with the first solar cell in 1884, which was made of a
layer of selenium covered in a thin coating of gold, but it had a very poor efficacy [27]. The first
modern solar cell made of silicon was invented by Russel Ohl in 1946 [28]. Previously
photovoltaic solar cells are made up with thin silicon wafers which convert solar energy into
electrical energy. The modern Photovoltaic cells are composed of two layers of semiconductor
material (p-type and n-type) that create electron holes when they are exposed to light. In this
structure, an electron is ejected from one layer to another when a photon of sufficient energy
strikes the junction between the n-type and p-type layers. During this process, an electron and a
hole are created, and electrical power is generated [29]. There are various materials which are
used for the construction of the PV solar cell, on the basis of these material solar cells are

categorized into different groups which are discussed below (also shown in Figure 1.3).

PHOTOVOLTAIC
SOLAR CELLS
I 1 1 I 1
Silicon Based Thin Film Solar Sensitized Solar Organic Solar Pervoskite Solar
Solar Cell Cell cell Cell Cell
Quantum dot .
Eryl\;[::‘ 'lllti.ne J A';?lggfl::“s ] sensitized solar Bi l"i:ls"lm Lead based
GENERATIONS cell

Cadmium Telluride, s "
Poly C rystnlline} Copper indium Gallium ] Dy:ﬂi::‘::ﬁea } Mo nul::zlelr sola r] W lﬂll::; ;‘:I{ead ]
‘ Selenide |

Tandem solar
cell

3 generation

* Organic and Inorganic Sensitized Solar Cells
A_ " PR

v = rge — i, ic und ient ii. Simple ing
= Di — power i flicie is fow

5

N S/

Figure 1.3: Classification of different type photovoltaic solar cells.
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Chapter 1 Introduction

1.2.1 First generation solar cells

This is the oldest and most popular PV solar cell due to its high-power conversion efficiency and
it is produced by using silicon wafers [30, 31]. This PV solar cell can be further categorized into

two subgroups namely —

i.  Single or Mono-crystalline silicon solar cell
ii. Poly or Multi-crystalline silicon solar cell

1.2.1.1 Single or mono-crystalline silicon solar cells

Mono-crystalline solar cell, as the name suggests, it is manufactured from single crystals of
silicon by a process called Czochralski process [32]. During the manufacturing process, Si
crystals are produced from the big sized crystals by slicing. These large single crystal
productions require precise processing which make the process more expensive and multi

process. The efficiency of mono-crystalline silicon solar cells lies between 17% - 18% [33].

1.2.1.2 Poly or multi-crystalline silicon solar cells

Poly-crystalline silicon solar cells composed of number of different crystals, coupled to one
another to develop a single solar cell. The polycrystalline Si solar cells, which are created by
cooling a graphite mould filled with molten silicon, are more cost-effective. Presently
polycrystalline Si solar cells are the most popular solar cells. Although these solar cells are
slightly cheaper to fabricate compared to mono-crystalline silicon solar panels, they are less
efficient ~12% - 14% [34].

1.2.2 Second generation solar cells

Most second-generation solar cells, including a-Si and thin film solar cells, are more cost-
effective than first generation silicon wafer solar cells. Silicon-wafer cells have light absorbing
layers up to 350 um thick, while thin-film solar cells have very thin light absorbing layers,
generally of the order of 1 um thickness [35]. Second generation solar cells are generally

classified based on their composition, such as.

i.  Amorphous Silicon Thin Film (a-Si) Solar Cell
ii. Cadmium Telluride (CdTe) Thin Film Solar Cell
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Chapter 1 Introduction

1.2.2.1 Amorphous silicon thin film (a-Si) solar cells

The earliest solar cells to be produced industrially were amorphous Si (a-Si) PV solar cells. Low
processing temperatures make amorphous (a-Si) solar cells manufacturable, enabling the use of a
variety of inexpensive, flexible substrates made of polymers and other materials. These
substrates process more efficiently with less energy, which make amorphous Si solar cell cheaper
and widely available [36]. The term "amorphous" denotes that the silicon material that makes up
the cell lacks a clear arrangement of atoms in the lattice, is not crystalline, or is not highly
organized. These are created by covering the substrate/glass plate with a doped silicon substance
[37].

The main problem of a-Si solar cell is the poor and almost unstable efficiency. Currently, the
efficiencies of a-Si solar cell vary in the range of 4% - 8%. They can be easily operated at
elevated temperatures and are suitable for the changing climatic conditions where sun shines for
few hours [38].

1.2.2.2 Cadmium telluride (CdTe) thin film solar cells

Cadmium telluride (CdTe) is the first low-cost PV technology and one of the top candidates for
the creation of more affordable, commercially viable photovoltaic (PV) devices among thin-film
solar cells. It is usually constructed by sandwiching between layers of cadmium sulphide to
create a p-n junction diode. CdTe has high chemical stability as well as high optical absorption
coefficient and it also has low band gap. These properties make CdTe more attractive material
for thin film based solar cell. The efficiency of this type of solar cells usually operates in the
range 9% to 11% [39, 40].

There are various environmental issues with this type of solar cells that limit its widespread
application. Cadmium is recognized as a heavy metal and potentially dangerous substance that
can accumulate in the bodies of people, animals, and plants. The recycling and disposal of
dangerous Cd-based materials have the potential to be very expensive and harmful to society and
the environment. Therefore, the primary problems with this CdTe technology are a limited

supply of cadmium and the environmental risk connected with its use [41].
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Chapter 1 Introduction

1.2.3 Third generation solar cells

The 3™ generation solar cell is the newer promising solar cell technology, but these are not
commercially developed technologies. The 3" generation solar cells have lots of advantage over
other solar cells, like it is flexible, environment friendly, easy to manufacture and cost effective.
Although these solar cells have lots of advantages, it is not used widely because of its poor
power conversion efficiency compared with silicon based solar cells [42, 43]. The 3™ generation
solar cells are generally categorized into different groups based on their composition and power

generation mechanism which are:

I. Sensitized Solar Cell
ii. Organic Solar Cell

iii. Perovskite Solar Cell

1.2.3.1 Sensitized solar cells
Sensitized solar cells are one of the most important types of third generation solar cell which are
easy to manufacture and cost effective but have poor power conversion efficiency. The sensitized

solar cells are classified into two main groups which are,

i. Quantum-dot-sensitized solar cells (QDSCs)
ii. Dye sensitized solar cells (DSSCs)
Although the mechanism of power generation is same, but they have different composition and

structure of solar cell.

1.2.3.1.1 Quantum-dot-sensitized solar cells (QDSCs)

QDSCs are the most promising low-cost alternative of the other existing solar technologies like
silicon based solar cell and thin film based solar cell. QDSCs utilize quantum dots (QDs) as
light-absorbing materials for generation of solar energies. Quantum dots are nanometre-sized
semiconductor particles that exhibit unique electronic and optical properties due to quantum
confinement effects [44, 45]. These properties allow QDSSCs to overcome some of the
limitations of traditional solar cells, such as low light absorption efficiency and high production
costs [44].

The development of QDSCs originated from the pioneering work of Grétzel and O'Regan in

1991, who introduced the concept of dye-sensitized solar cells (DSSCs) [46]. Since then,
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extensive research has been conducted to enhance the performance of DSSCs, and the utilization

of quantum dots as sensitizers has proven to be a significant breakthrough. The ability to tune the
bandgap of quantum dots by controlling their size and composition allows for the efficient
harvesting of a broad spectrum of light, including visible and infrared regions, which results in

improved overall energy conversion efficiency [47, 48].

Quantum Dot Sensitized Solar Cells (QDSCs) generate power through a process that involves
light absorption by quantum dots, creating electron-hole pairs. These pairs are separated, and the
electrons flow through a semiconductor film to generate an electric current. Redox mediators
regenerate the quantum dots, enhancing overall efficiency [48]. QDSCs offer higher light
absorption and improved energy conversion, promising a greener and more efficient solar energy
future [44].

1.2.3.1.2 Dye sensitized solar cells (DSSCs)

Dye-sensitized solar cells (DSSCs) represent a breakthrough technology in the field of
photovoltaics, offering a cost-effective and efficient alternative to traditional silicon-based solar
cells [49]. Conceived in the early 1990s by Michael Grétzel and Brian O'Regan, DSSCs are
characterized by their innovative design, utilizing organic dyes to absorb sunlight and convert it
into electricity [46]. The unique architecture and fundamental principles of DSSCs have sparked

intense research interest and significant advancements in recent years.

DSSCs harness the principles of light absorption and electron transfer to generate electrical
power. The core component of a DSSC is a mesoporous semiconductor film, typically composed
of titanium dioxide (TiO2), which acts as an anchoring surface for the light-absorbing dye
molecules. These dyes capture photons from sunlight across a wide range of wavelengths,
converting the light energy into excited electrons [50]. The process of charge separation occurs
when the excited electrons in the dye are injected into the conduction band of the semiconductor
material. Simultaneously, the dye cations (positively charged dye molecules) leave behind holes
in the valence band, generating electron-hole pairs. Electrons then flow through the
semiconductor material to an electrode, creating an electric current. In contrast, the dye cations
are regenerated by electron donation from an electrolyte solution, thus closing the circuit and
completing the energy conversion cycle [51]. The architecture of DSSCs and material used for

its construction is discussed in detail in the section 1.3.
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The distinguishing features of DSSCs lie in their low-cost fabrication, ease of manufacturing,

and their ability to perform efficiently even under low-light conditions. Additionally, the wide
variety of dyes available allows for tuning the absorption spectrum, expanding their applications
in different environmental settings, and integrating them into flexible and transparent modules
[52].

1.2.3.2 Organic solar cells

Organic solar cells come in various types, each utilizing unique materials and architectures to
convert sunlight into electricity. Organic photovoltaic cells (OPVs) are generally formed by
using thin film of polymers, small molecules or both fabricated by very simple and cost-efficient
techniques like spin coating, spray deposition and printing [53]. This type of solar cells is very
flexible which allow them to use in different shapes with large surface area. OPVs are generally
categorized under small molecule and polymer solar cells [54]. Although these types of solar
cells are easy to fabricate, cost effective but still these solar cells have poor efficiencies
(approximately 10%) [55].

Organic photovoltaic solar cells are generally comprised of at least 4 layers and also a
transparent substrate which is made up with glass, polyesters or any other transparent materials
[56]. In some OPVs stainless steel is used as transparent material but, in that case, transparent
substrate is designed as backside of the cell. The next layer is comprised of a transparent
conductive oxide (TCO) layer which is made up with indium tin oxide (ITO) and it is coated on
glass or polyethyleneteraphthalate (PET) material. These two has a dual purpose: it acts as a
transparent window for incoming layer and act as an anode to collect the generated holes [55,
56]. The main component of the OPVs is the active layer which contain donor and acceptor
organic molecules for the generation of electron-hole pair. The active layer is either applied in
layer-by-layer geometry (planar or bilayer heterojunction) or mixed to create blend (bulk
heterojunction) [57, 58]. It has been found that the components of the anode get diffused into the
active layer and cause its degradation due to the formation of charge trap centres. Another
problem arises due to the active layer is in contact with both anode and cathode which may cause
flow of electron and hole to the same electrode and cause reduction of the performance of the
solar cell [55, 59-61]. A protective layer is used between the active layer and the anode to

overcome this problem, this protective layer is made up with poly(3,4-ethylenedioxythiophene)
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poly(styrenesulfonate) (PEDOT:PSS). Here, PEDOT:PSS acts as an electron-blocking layer and

it also helps to assisting the efficient transfer of photo-generated holes to the anode [62]. The last
layer of organic solar cell is the cathode which is generally aluminium, copper, or any other
metal which can achieve better electron transport [55].

Here are some notable types of organic solar cells used for power generation:

Single-layer organic solar cells: Single-layer organic solar cells, also known as bulk
heterojunction solar cells, are among the earliest and most widely studied organic photovoltaic
devices. These cells typically consist of a single layer of an organic semiconductor blend, where
donor and acceptor materials are mixed to facilitate efficient charge separation and transport
[63].

Bi-layer organic solar cells: Acceptor and donor are brought into close proximity in a bilayer
solar cell by subsequent deposition of the two layers. To achieve an ohmic contact to the
acceptor and donor, the bilayers are sandwiched between two electrodes. The cathode, which is
located on the donor side, should be transparent and have a high work function (ITO is one of the
best options). On the acceptor side, the other electrode (anode) with a low work function is
deposited. Light penetrates the heterojunction through the transparent cathode [55].

Tandem organic solar cells: Tandem organic solar cells employ a stacked configuration of
multiple sub cells with complementary absorption spectra to enhance light harvesting efficiency.
This architecture allows the absorption of a broader range of solar wavelengths, boosting overall
power conversion efficiency. Tandem structures often use different organic materials in each sub

cell to optimize light absorption and electron-hole separation [64-66].

1.2.3.3 Perovskite solar cells:

This type of solar cells contains perovskite structure compound, most commonly hybrid organic-
inorganic lead or tin halide-based compounds which act as active layer for light absorption [67].
The perovskites are compounds which are indicated by the formula ABX3 where X represent
any halogen (I-, Br-, Cl-) and A B represent the two different cations of different size [68]. In
this type of solar cell compound like methylammonium lead halide are used because it is cheap
and easy to synthesize. Efficiencies of this type of solar cells which contain this type of

perovskite compound have increased from 3.8% in 2009 to 22.7% in 2017; make these fastest
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growing solar technologies [69]. This type of solar cells can achieve even higher power

generation efficiencies with low production cost. However, the main problem with perovskite
solar cell is their stability and durability. The material used for its construction is moisture and
oxygen sensitive which leads to its degradation over time and reduce the efficiencies of the solar
cell [70]. Researchers are actively working on developing encapsulation techniques and more
stable perovskite material to overcome this issue [71, 72]. Another concern of perovskite solar
cell is its toxicity, some of the early perovskite materials contain lead which is regarded as heavy
metal and cause different disease by accumulating in the human body. While efforts have been
made to reduce or eliminate toxic components, ensuring the environmental safety of perovskite

solar cells remains a priority for further development [73-75].

1.3 Dye sensitized solar cells (DSSCs)

Dye-Sensitized Solar Cells (DSSC) represent one of the important types of 3™ generation PV
solar cells in which different types of organic dyes are used as photosensitizers. Recently, DSSCs
have gained considerable amount of attraction due to its advantages over silicon based solar
cells, for having limiting weight, low cost of production and environment friendliness [76]. The
dye is the main photoactive component of the DSSCs, which generate electrons from photons
through series of electrochemical reaction [77, 78]. The DSSCs are prepared by coating the dye
molecules onto a wide bandgap semi-conductive oxide substance [79]. The dye is the most

important part of the DSSCs because it controls photon harvesting and electron generation [78].

The basic architecture of DSSCs is shown in Figure 1.4a. It consists of 7 layers namely a
transparent substance (mainly glass or polymer), a transparent conductive oxide (TCO) layer
(mainly Fluorine doped tin oxide (FTO), an Indium doped tin oxide (ITO) are used), a blocking
layer (ZnO, In203, MgO, etc.), a semi-conductive oxide (SCO) layer (mainly TiO2) coated with
photoactive dye, electrolyte solution and a counter electrode (Pt). In DSSCs, transparent
substance - TCO layer — blocking layer — SCO layer — dye together form a photoanode (PA), and
counter electrode — TCO layer — transparent substance is united to form the cathode. Electrolytes
like iodide/triiodide (17/137) solution is used for the preparation of DSSCs, where the electrolytes
play an important role in the regeneration of dye by redox reaction [77]. A detailed description of
all the layers and their functions is represented in the Table 1.1 [80-84]. In DSSCs, the electrons
are generated when the dye undergoes photoexcitation by absorbing radiation coming from the
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sun. The electrons are excited to the lowest unoccupied molecular orbital (LUMO) from the

highest occupied molecular orbital (HOMO), and subsequently, electrons are transported to the

TCO layer by the conduction band of the nanostructured SCO layer.

From the TCO layer, the

electrons flow through the external circuit and get collected at the platinum counter electrode

site. The electrons are then transferred to the HOMO of dyes for their regeneration by the redox

reaction of electrolytes which is catalyzed by a platinum counter electrode [77, 78]. The whole

process for the generation of electrons is shown in Figure 1.4b.

(@)

Transparent substrate (glass or polymer)

Transparent Conductive Oxide (TCO) layer
Platinum Counter Electrode

Electrolyte Solution

Blocking layer

@ EXTERNAL CIRCUIT

SCO layer

ELECTROLYTE

LUMO
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Figure 1.4: (a) Basic structure of Dye-Sensitized Solar cells (DSSCs) (b) Mechanism of

electron generation in DSSCs
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Table 1.1: Description of all the layers of DSSCs and their functions

Layers of DSSCs

Composition

Function

Transparent Substance [80]

Soda-lime glasses
. Polymer-based substance
(Polyethylene
terephthalate (PET) and
polyethylene naphthalate
(PEN))

. PET/Polyamide mesh

v. Metal foil-based material

Transparent conductive oxide

(TCO) layer [81]

Blocking layer (BL) [82]

(Ti, SS, Zn, W, Fe, Ni)

Fluorine-doped tin oxide
(FTO)
Indium-doped tin oxide
(ITO)
Aluminium doped ZnO
(AZO)

dioxide,
Nickel

oxide, Zinc oxide, Niobium

Titanium

Magnesium  oxide,

pentoxide, and Indium oxide

Act as a transparent window

for the incident solar

radiation which helps to

transfer radiation in the form

of visible, infrared and
ultraviolet lights to the
photochemical  cells  for

maximum participation in
photoexcitation.

It helps in a significant
amount of electron
collection, extremely optical
the

transmittance  within

visible and infrared solar

spectrum for photo

participation at Dye, and
supports SCO mechanically,
chemically, and electrically.

It also serves the need for

excellent  adhesion  with
transparent  substrate and
SCO layer.

It provides adhesion between
the SCO layer and TCO layer
without affecting

transmittance and prevents
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recombination of electrons

with oxide electrolyte.

It acts as an anchoring

surface for the photoactive

dye. It also helps to improve

by originating superior light
) _ ~ 1. Nano-structured Titanium Y g : p .g

Semi-conductive oxide o ) harvesting  ability,  light
dioxide (TiO2) ) . .

(SCO) layer [83] N scattering  ability,  wide
il.  Zn0O, SnO2, MoS; ) o

optical bandgap, efficient

electron transport pathway

towards TCO, greater charge

recombination resistance, etc.

Electrolyte  performs the
leading protagonist in dye
regeneration by transporting
electrons from CE to
Electrolyte [83] lodide-triiodide system oxidized dye for making it
neutral through redox
reaction under optimum light

absorption.

It completes the power
generation cycle by
collecting electrons from the
Counter electrode [84] ) o )
Platinum (Pt) external circuit and quickly
transmitting to the electrolyte
through a catalytic reduction

reaction.
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In DSSCs, the dye is the key element for the generation of solar power, because it controls

photon harvesting and electron generation [78]. The dyes used in DSSCs can be classified into
two groups namely metal-based inorganic dyes and metal-free organic dyes. The latter types are
preferred due to having a low production cost, synthetically feasible, environment friendly, and
easy to modify structure [85]. Most of the metal-free organic dyes have Donor — & — Acceptor
(D-m-A) type structural configuration in which conjugated =m-systems like polyenes and
oligothiophenes act as m spacers and have a rod-like configuration for the effective
intramolecular charge transfer (ICT) by photoexcitation. The molecular arrangement of these
dyes and moieties present in the dye is shown in Figure 1.5. The donor units are generally
composed of different aromatic moieties like coumarins, triphenylamines, and porphyrins while
the acceptor end contains structures like carboxylic acids and cyanoacrylic acids [78, 85]. The
organic dyes have lower solar power conversion efficiency (PCE) as compared to the metal-
based inorganic dyes due to the poor absorption at red and near-infrared spectrum of solar
radiation, charge recombination at semi-conductive oxide layer surface, and aggregation of dyes
[85]. In the recent past, different types of structural modifications have been performed to
increase the absorption of solar radiation and PCE, like increasing the electron-donating ability
of the donor and m-spacer by introducing an electron-donating group or increasing the electron-
accepting ability of the acceptor by introducing the electron-withdrawing group or increasing the
length of m-spacer [86]. Therefore, by altering the structures, it is possible to generate new dyes
with higher PCE values while maintaining the same properties for all other performance-
controlling factors. For designing a new dye molecule, a well-known scheme should be
developed and checked before the synthesis of the molecule. Different in-silico methods are used
in the field of material science for designing new dye materials having higher power conversion
efficiency compared to the already existing dyes. The in-silico methods used for designing new

dyes are discussed in detail in the following section.

15|Page



Chapter 1 Introduction

f(a) 7 7

T Y d ™~

> .

PHENOTHIAZINE PORPHVRIN W CYANOACRYLIC
POLYENE ACID

CARBOXYLIC
Q” ) )
~,
DIPHENYLAMINE \ /
/ \ N
W

@‘\/\1\ [ & \?_/ / PYRIDINE
CARBAZ()LE 8 N \
COUMA RIN & PHOSPHONIC ACID

Q ’C\ OLIGOTHIOPHENE /N
. \ / -

TRIPHENYLAMINE INDOLINE
HYDROXYQUINONE

(b)

Semi
Conductive
Oxide
(SCQ)
layer

. J

Figure 1.5: (a) Organic moieties present in the structure of the dye (b) Arrangement of the

donor, acceptor, and m-spacer moieties in the dye.

1.4 In-silico methods used in the field of materials science

In the recent past, there has been a rise in various in-silico methods due to the advancements in
computational power and the availability of various software tools. Researchers in the field of
materials science have increasingly relied on various computational methods due to the high cost
of synthesis of the materials and poor success rate [87]. Materials informatics (Ml), a new branch
of materials science, has emerged as a result of collaboration between materials science and

information science, and this field is expanding with the rapid growth of computer technology
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and advancements in mathematical algorithms [88]. MI is a multidisciplinary field that also

requires knowledge from various other fields including physics, chemistry, and mathematics.
The major goal of MI is to develop a relationship between the properties of materials and
molecular structures [89]. One of the prime advantages of MI is the availability of publicly
accessible databases that contain information about the properties of materials. By analyzing
large databases of material properties, MI researchers try to identify patterns and correlations that
can be used to develop predictive models for the behaviour of new materials [90]. MI has the
potential to shift the discovery, design, and development of novel materials with defined features
for use in several applications, including energy storage [91-94], catalysis [95, 96], and
electronics [97, 98]. The traditional methods for materials development involve a lot of trial and
error making them time-consuming and expensive. With MI, one can predict the properties of
new materials even before their synthesis, which reduces the cost of experimental trials. This not
only accelerates the process of discovery and development of materials but also saves time, and
resources, and reduces waste [99]. There is a wide array of applications of MlI, ranging from
improving the property of existing materials to the development of novel materials. Presently,
different data-driven methods quantitative structure-property relationship (QSPR), read-across
(RA), with or without involvement of machine learning (ML), etc. are being adopted in Ml to
analyze experimental data and build predictive models. These methods are discussed in detail in

the next following section.

1.4.1 Quantitative structure-property relationship (QSPR)

Most molecular discoveries today are the results of an iterative, three-phase cycle of design,
synthesis, and testing. Analysis of the results from one phase provides knowledge that enables
the next cycle of discovery to be initiated and further improvement to be achieved. A common
feature of this analysis stage is the construction of some form of model that enables the observed
activity or properties to be related to the molecular structure. Such models are often referred to as

Quantitative Structure-Activity Relationships.

The Quantitative Structure-Activity Relationship (QSAR) paradigm is based on the hypothesis
that there is a fundamental relationship between the molecular structure and biological activity.
On this assumption, QSAR attempts to establish a correlation between various molecular

properties of a set of molecules with their experimentally known biological activity. According
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to the type of response, or "endpoint,” there are three main classes of studies: quantitative
structure-property/activity/toxicity relationship (QSPR/QSAR/QSTR) studies that take into

account the modeling of physicochemical property, biological activity, and toxicological data,
respectively [100]. However, the term QSAR can be used in general to denote all these three
studies. The QSPR [101] study deals with the molecular features governing their
physicochemical properties. The descriptors measure the properties of the molecules that include
their hydrophobic, steric, and electronic features in addition to the various structural patterns.
The QSTR [102] technique determines the structural attributes of the molecules responsible for
their toxicity profile. The pharmacophoric features and descriptors obtained from the developed
QSAR models may also be utilized for virtual screening [103] of large numbers of diverse
compounds for a definite response parameter. Besides this, the identification of the prime
features providing improved activity to the molecules under a particular study facilitates the in-
silico design of new molecules with enhanced potency. Thus, a focused library [103] may be

developed by compiling the newly designed molecules with a specific response.

This kind of relationship between molecular structures and changes in their property developed
on a quantitative basis is the centre of focus for the field of quantitative relationship-based
studies. Such correlation represents predictive models derived from the application of statistical
tools correlating response data of molecules (including therapeutic activity, property, and
toxicity) of chemicals with descriptors representative of molecular structure and/or property
[104]. These correlations may be qualitative (simple SAR) or quantitative (QSAR). This
quantitative technique of analyzing the structure-based analysis of molecules enables us to
identify the structure-property relationships of molecules in a precise way. QSAR analysis is
based on the notion that activity (A) depends on structure (C) and physicochemical properties (P)

of the molecules:

Chemical Response (Chemical attributes) =f (Chemical attributes) = f (Structure, Property)
(1.1)

The fact that a molecular structure determines its physicochemical properties is well imitated
from Mendeleev’s periodic table. The advent of QSAR can be dated back to the era of Hansch
when Hansch and co-workers correlated the plant growth regulatory activity of phenoxyacetic

acids to Hammett constants and partition coefficient [105]. They showed that biological activity

18|Page



Chapter 1 Introduction

could be correlated linearly with free-energy-related terms [105], a model referred to as the

Linear Free Energy Relationship (LFER) model. The introduction of Hansch’s linear and
parabolic models made a considerable impact on the understanding of how chemical structures
influenced biological activity. The Free-Wilson approach determined the contributions made by
various structural fragments to the overall biological activity [106] of the molecules. Hansch and
Free-Wilson analyses thus proposed the concepts of classical QSAR involving structure-activity
relationships in terms of physicochemical parameters, steric properties, and certain structural
features. Later, Fujita-Ban [107] modified the approach of the Free-Wilson model and proposed
a substituent-based structure-activity relationship that determines the type and position of the
substituents exerting the prime influence on the which activity profile of these molecules. QSAR
models are essentially pattern recognition models that identify trends in structural features
correlating with the experimental property. QSAR models are useful in several cases like
suggesting structural modifications to enhance molecular property. Such quantitative approaches
are being applied in many disciplines like risk assessment, toxicity prediction, and regulatory
decisions [108] apart from drug discovery and lead optimization [109]. In *80s, several 3D (three
dimensional) quantitative relationship approaches like molecular shape analysis (MSA), distance
geometry, comparative molecular field analysis (CoMFA) comparative molecular similarity
indices analysis (CoMSIA), hypothetical active site lattice (HASL), receptor surface analysis
(RSA), molecular similarity matrices, comparative binding energy (COMBINE) have emerged
[109].

Quantitative structure-property relationships (QSPRs) studies undeniably are of great importance
in the field of materials science. Quantitative structure—property relationship (QSPR) models are
quantitative regression methods that endeavor to relate chemical structure to property.
Quantitative structure—property relationship and related methods have been applied extensively
in a wide range of scientific disciplines, including material informatics, drug discovery, chemical
property prediction, etc. [110]. QSPR models are now regarded as scientifically credible tools for
predicting and classifying the properties of untested chemicals. QSPR method has become
inevitably an essential tool in different industries, from the discovery of new material with
desired properties to the development of that material [111-113]. For example, a growing trend is
to use QSPR early in the material development process as a screening and enrichment tool to
eliminate from further development those chemicals lacking desired properties or those
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chemicals predicted to have poor outcomes. The generalized workflow for the development of
the QSPR model is shown in Figure 1.6.
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Figure 1.6: General workflow of the QSPR modeling.

1.4.1.1 Objectives of QSPR
The principal objectives of QSPR analysis are:

1. Prediction of new analogues of compounds with better property

2. Better understanding and exploration of the effect of molecular structure on material property
3. Optimization of the chemical structure to get the desired property.

4. Reduction of cost, time, and manpower requirement by the development of more effective

compounds using a scientifically less exhaustive approach.
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To achieve the aforementioned objectives, it is necessary to have a detailed knowledge of the

following aspects:
(i) Various factors controlling the experimental condition of the molecules.

(if) A thorough examination of molecular structures and their properties. Quantitative structure-
property relationship is an interdisciplinary study of chemistry, statistics, and computer science.
By the prediction of the essential structural requirements needed for obtaining a molecule with
optimized properties, QSPR analysis provides a good platform for the synthesis of a relatively

lower number of chemicals with an improved property of interest.

1.4.1.2 Descriptors

Molecular descriptors are terms that characterize specific information about a studied molecule.
They are the “numerical values associated with the chemical constitution for correlation of
chemical structure with various physical properties, chemical reactivity, or biological activity”
[114, 115]. In other words, the modeled property is represented as a function of quantitative
values of structural features or properties that are termed descriptors for a QSPR model.
Cheminformatics methods depend on the generation of chemical reference spaces into which
new chemical entities are predictable by the developed QSPR model. The definition of chemical
spaces significantly depends on the use of computational descriptors of studied molecular

structure, physical or chemical properties, or specific features.

Response (property) = f (information in the form of chemical structure or property) = f
(descriptors) (1.2)

The type of descriptors used and the extent to which they can encode the structural features of
the molecules that are correlated to the property, are critical determinants of the quality of any
QSPR model. The descriptors may be physicochemical (hydrophobic, steric, or electronic),
structural (based on the frequency of occurrence of a substructure), topological, electronic (based
on molecular orbital calculations), geometric (based on a molecular surface area calculation), or

simple indicator parameters (dummy variables).

It is interesting to point out that the efficacy of a descriptor can rely heavily on the problem being

considered. More precisely, certain endpoints may need to take into account exact molecular
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features. The best possible features that make a descriptor ideal for the construction of a QSPR

model are summarized here:

1. A descriptor must be correlated with the structural features for a specific endpoint and show

negligible correlation with other descriptors.
2. A descriptor should apply to a broad class of compounds.

3. A descriptor that can be calculated rapidly and does not depend on experimental properties can
be considered more suitable than one that is computationally exhaustive and relies heavily on

experimental results.

4. A descriptor should generate dissimilar values for structurally different molecules, even if the
structural differences are small. This means that the descriptor should show minimal degeneracy.
In addition to degeneracy, a descriptor should be continuous. It signifies that small structural

changes should lead to small changes in the value of the descriptor.

5. It is always important that the descriptor has some form of physical interpretability to encode

the query features of the studied molecules.

6. Another significant aspect is the ability to map descriptor values back to the structure for
visualization purposes [116]. These visualizations are sensible only when descriptor values can

be associated with structural features.

1.4.2 Read-Across (RA)

Among the various in-silico approaches, the QSPR method is one of the most popular methods
for the development of predictive models. QSPR is a statistical model-building approach that
requires a significant amount of data points to build a meaningful model. In addition, the whole

dataset needs to be divided into training and test set for validation purpose in order to full fill the

requirements as recommended by OECD guideline (https://www.oecd.org/chemicalsafety/risk-
assessment/validationofgsarmodels.htm) [117]. Thus, a part of the dataset is kept aside for model

validation that cannot be used for model building. In the case of small datasets, this type of loss
of data may lead to the development of a statistically unreliable model due to lower degrees of
freedom. In such cases, different similarity-based approaches are used for prediction that
involves simple algebraic operations, and no data points are wasted [118].

22|Page


https://www.oecd.org/chemicalsafety/risk-assessment/validationofqsarmodels.htm
https://www.oecd.org/chemicalsafety/risk-assessment/validationofqsarmodels.htm

Chapter 1 Introduction

Read-across is a similarity-based grouping technique that involves simple algebraic operations

and uses similarity between two chemical compounds to make predictions [119]. It is a non-
experimental data gap-filling method that provide information for the property of a target
compound derived from known property data of source compounds with a similar chemical
profile. It is one of the most important in-silico methods used for data generation, data ,gap-
filling and regulatory decision-making [120]. Read-across method can be classified into two
groups, one is qualitative read-across and the other is quantitative read-across [121]. The target
compounds are generally known as query chemicals and structural analogues which have known
property data are known as source compounds. The predictions from this method are generally
obtained by either analogue or category approach. The analogue approach considers only one
source compound but in the category approach multiple close source compounds are considered
depending on the availability of data which makes it more reliable and robust [122]. Although
this method involves only simple algebraic calculations, the algorithm becomes computationally
inexpensive and can be used for small datasets. The read-across prediction of a compound can be
calculated in different ways one of the methods is by taking the similarity weightage of the
response value of the close source compound [118], which is calculated by using the following

equation:

Weighted Average Prediction = % (1.3)

W; = weightage of i source compounds which is calculated based on the similarity with the

target compound, Y; = property value of the i source compound

1.4.3 Read-across structure-property relationship (RASPR)

Although the read-across method is useful for the dataset with a limited number of data points
with experimental data, the main disadvantage of this method is that it does not provide any kind
of information on the quantitative contribution of each descriptor. Another similarity-based
approach like the read-across structure-property relationship (RASPR) — similar to the read-
across structure-activity relationship (RASAR), generates a mathematical model using the
similarity and error-based measures as descriptors and has been used for predictive modeling.
The RASAR method was first introduced by Luechtefeld et al. [123] who developed the

classification-based RASAR models whereas Banerjee and Roy [124] were the first to develop
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the regression-based quantitative RASAR (g-RASAR) models. The RASPR method is a

combined method of read-across and QSPR that encapsulates the advantages of both of these

methods and generates enhance predictivity. In this method, selected structural and
physicochemical descriptors are used to generate different similarity and error-based measures
(known as RASPR descriptors) from the similarity-based read-across approach [125]. These
measures are merged with the initial structural and physicochemical descriptors and further
feature selection algorithms are employed to develop RASPR models. The description of the
RASPR descriptors is shown in Table 1.2 and the general working process behind the RASPR is

shown in Figure 1.7.

Table 1.2: Definition of RASPR descriptors

Descriptors Description Mathematical equation
RA function It is a read-across weighted . Yiz1 WiX;
RA function = —/——
average prediction value for a 21 Wi
Si

target compound that is Wi =
13 n

. T " S

obtained based on the similarity =1+

between selected close source w; = weightage given to individually

compounds and the target (or selected close source compounds

query) compound. S;= Similarity between individual
selected close source compounds and
target compounds
x;=0bserved response value of the

selected close source compounds

SD Activity It is the standard deviation of n N
_ D=1 (Xi = Xyyea)?
(Sweighted) the observed response values of Sweighted = nw
the selected close source n
compounds for each query % n—1
compound. _ i1 WiX;
Xwtd = ~S5n oo
i=1 Wi

n = effective number of selected close

source compound
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w; = weightage given to individual

selected close source compounds

SE

It is the standard error of the
observed response value of the
selected close source
compounds for each query

compound.

_ 5D Activity

SE
Vn

CVact (CVactivity)

It is the coefficient of variation
of the observed response (or
activity) values of the selected
close source compounds for

each query compound.

_ Sweighted
CVactivity -

Xwtd

CVsim (CVSimiIarity)

It is the coefficient of variation
of the similarity values of the
selected close source
compounds for each query

compound.

SD Similarity
CVsimilarity = f

f= average similarity value of the

selected close source compounds

MaxPos

Maximum similarity level to
the positive close source
compounds based on the mean
value of training set observed

response.

MaxNeg

Maximum similarity level to
the negative close source
compounds based on the mean
value of training set observed

response.

Abs MaxPos-
MaxNeg (Abs.Diff.)

The absolute difference

between MaxPos and MaxNeg.

AbsDiff = |MaxPos — MaxNeg|

Avg.Sim. (Average
Similarity)

It is the mean of similarity

values of the selected close

i=1fi

Avg.Sim.(f) = —
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source compounds for each

query compound.

fi = similarity values of the selected
close source compounds
n=number of selected close source

compounds

SD Similarity

It is the standard deviation of
the similarity values of selected
close source compounds for

each query compound.

n — )2
SD Similarity = ’%

f= average similarity value of the
selected close source compounds
n=number of selected close source

compounds

gm [Banerjee-Roy
Coefficient]

A novel concordance measure

9Im = (=D)"*|Posfrac — 0.5]

n=1 when MaxPos<MaxNeg
n=2 when MaxPos>=MaxNeg
Posfrac=Fraction of the close source
compounds having a response value
greater than the training set mean

response

gm*Avg.Sim

Product of the values of gm and

Average Similarity

gm*SD Similarity

Product of the values of gm and
SD Similarity

Pos.Avg.Sim

Average similarity value of the
selected positive close source
compounds based on the mean
observed response value of the

training set

Neg.Avg.Sim

Average similarity value of the
selected negative close source

compounds based on the mean
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observed response value of the

training set

Similarity based
Read-across
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@
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Figure 1.7: Schematic representation of the RASPR algorithm

1.4.4 Machine learning (ML)

ML is a part of artificial intelligence (Al) that enables machines to learn from previous data,
improve performance based on previous experiences, and predict new data points. At its core,
ML involves the development of algorithms and models that enable computers to recognize
patterns, make predictions, and make decisions based on data. The process begins with the
collection and preparation of relevant data serving as the foundation for training these
algorithms. Through exposure to this data, ML models can identify underlying patterns and

relationships, allowing them to generalize their understanding and make accurate predictions or
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classifications when tested with new and unseen data [126]. For different types of data problems,

ML relies on different types of algorithms that are classified into three main groups — supervised,
unsupervised, and reinforcement ML algorithms. In the supervised ML algorithm, the labeled
data is used to train the algorithm, whereas, in unsupervised ML, the data is unlabelled. The
reinforcement algorithm is a feedback-based learning method where the learning agent is
rewarded for every right action and gets a penalty for the wrong action [127]. Currently, ML
algorithms have moved beyond purely theoretical applications to practical applications like the
creation of new molecules [128]. ML models and methods have proven to be effective for
solving complicated problems by learning from the data; however, there are also some
disadvantages associated with different ML models including the need for large amounts of high-
quality data, complex algorithms, and difficulty in interpretation of results [127]. Despite these
challenges, ML methods have grown rapidly with more powerful algorithms and techniques.
Currently, the field of “explainable AI” has attracted lots of attention, which helps ML models to
provide interpretable explanations for particular predictions [129]. SHAP or Shapley additive
explanation analysis is one of the important methods used for the interpretation of the ML
models [130].
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2. PRESENT WORK

The limited resources and cost involved in experimentation slow down the process of
development of new chemicals. The development of a dye to be used in a dye-sensitized solar
cell requires lots of trial and error in experimentation resulting in loss of money, effort, and
resources. In this scenario, different molecular modeling techniques are being increasingly used
as an alternative to experimentation where it is possible. In the last 20 years, the advent of
computational tools such as quantitative structure-property relationship (QSPR) has provided
significant insight into materials science [130]. These are simply defined as mathematical
relationships linking a compound's property with its chemical structure in a
qualitative/quantitative manner. All the QSPR models are developed according to the guideline

specified by the Organization for Economic Cooperation and Development (OECD)

(https://www.oecd.org/chemicalsafety/risk-assessment/validationofgsarmodels.htm) [100]. For
small data sets, different similarity-based approaches are used for the development of predictive
models. Read-across is one of the important similarity-based methods used for data generation
and data gap-filling [118]. Another similarity-based approach read-across structure-property
relationship (RASPR) is used for modeling purposes. RASPR is a combination of read-across
and QSPR where read-across-based similarity and error measures are used as descriptors (also
known as RASPR descriptors) [124].

The development of predictive models in the form of RASPR analysis provides a well-validated

rational platform for the determination of properties of all the new chemicals and to fill data

gaps.

In this present study, we have used RASPR descriptors for QSPR modeling of power conversion
efficiency (PCE) of organic dyes used in dye-sensitized solar cells (DSSCs). RASPR descriptors
are similarity-based read-across similarity and error-based measures. This method uses non-
linear similarity functions like Gaussian kernel or Laplacian kernel for the calculation of
similarity between two chemicals [118]. Here, we found that the incorporation of RASPR
descriptors helps to improve the external predictivity of the developed model where internal
validation metrics may or may not improve due to the Leave-same-out (LSO) algorithm of
RASPR.
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2.1 Study 1

The dye-sensitized solar cell (DSSC) is a 3 generation photovoltaic solar cell containing

photoactive dyes that generate electrons when solar radiation is incident on the solar cell. The
dye is the main component of DSSC because it controls photon harvesting and electron

generation that depends on the molecular structure of the dyes [52].

In this study, we have adopted a novel quantitative Read-Across Structure-Property Relationship
(0-RASPR) approach, which is analogous to the Quantitative Read-Across Structure-Activity
Relationship (g-RASAR) first reported by Banerjee and Roy to generate different predictive
models. The RASPR method is used for modeling of the power conversion efficiency (PCE) of
different classes of organic dyes used in DSSCs. Here we have taken a total of 429 organic dyes
distributed across 4 different classes namely — coumarins (56 compounds), diphenylamines (35
compounds), carbazoles (179 compounds), and indolines (159 compounds). The experimental
PCE value of the dyes and descriptor values were collected from the work of Krishna et al.
[131]. In this study, we have maintained the same composition of the training and test sets to
ensure that the chemical compounds span the same chemical space which would help in better

comparison with the previous work.

The collected physicochemical and structural descriptors of the dyes were used for the
calculation of the RASPR descriptor at different hyper-parameter setting which is obtained by
cross-validation of the training set. Compound-specific similarity and error-based measures were
used as RASPR descriptors and combined with the initially selected features to generate different
predictive models. Different ML approaches in the form of Random Forest (RF), Gradient
Boosting (GB), Extreme Gradient Boosting (or XGBoosting), Support Vector Machine (SVM),
Linear Support Vector Machine (Linear SVM), Ridge Regression (RR) and Partial Least Squares
(PLS) models were adopted to predict the PCEs of organic dye based DSSCs. For all the
developed models it was found that the models with RASPR descriptor(s) supersede the
previously developed QSPR model developed using the physicochemical and structural
descriptors.
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2.2 Study 2
In this study, we have used the q-RASPR method for the modeling of PCE of organic dyes for

three relatively large datasets containing different classes of compounds namely -
phenothiazines (215 compounds), porphyrins (300 compounds) and triphenylamines (244
compounds). Here, we have divided the datasets into training and test sets with three different
random combinations and developed QSPR and RASPR models initially with the partial least
squares (PLS) algorithm. These QSPR and RASPR models were used for the prediction of the
test set compounds to show that the external predictivity of the models improves for the RASPR
method compared to the QSPR method. We have further modeled these datasets using different
ML methods like the RF, GB, adaptive boosting (ADB), XGBoosting, linear SVM, SVM, and
RR and compared the performance of the QSPR models with the corresponding RASPR models.

The details of the different datasets are represented in Table 2.3.

Table 2.3: Description of the datasets

Dataset Study Number of PCE range Reference
compounds
Coumarins 56 0.33-7.4
Diphenylamines . 35 0.4-8
Carbazoles 179 0.038-12.5
Indolines 159 0.046-9.2 [131]
Phenothiazines 215 0.12-8.18
Porphyrins 2 300 0.0013-12.5
Triphenylamines 244 0.053-10.1
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3. MATERIALS AND METHODS

The main aim of the present study is the implementation of a transparent methodological

framework for the development of predictive models using RASPR descriptors. We have

endeavored to maintain explicitness for computation of the descriptors, thinning of the variable

matrix, selection of potential features as well as judgment of robustness and predictivity of the

models. The section has been divided in the following parts:

e Details of datasets consisting of PCE data.

e Study wise specific description of methodologies utilized in each study.

3.1 Details of datasets consisting of PCE data

3.1.1 Coumarin dataset (Study 1)

The dataset consists of 56 compounds, among which 42 compounds are present in the training

set and 14 compounds are present in the test set. The detail of this dataset is shows in Table 3.1.

Table 3.1: Details of the coumarin dataset

Serial Compound Experimental
SMILE
Number ID PCE

CCN([C@@H]1C=Cc2c(C1)oc(=0)c(c2)clcec(ccl)clecc(s1)/C

1 1 =C(/[C@H]1SC(=S)N(C1=0)CC(=0)0)\[C@H]1SC(=S)N(C1=0) 1.39
CC(=0)0)CC
CCN(clccc2c(cl)oc(=0)c(c2)clcce(cel)clcec(s1)C/C=C(\C(=

2 2 3.62
0)0)/C#N)CC
CCN(clccc2c(cl)oc(=0)c(c2)clccc(cecl)clcec(ccl)/C=C(\[C@

3 3 H]1SC(=S)N(C1=0)CC(=0)0)/[C@H]1SC(=S)N(C1=0)CC(=0)0 1.77
)cC

A - CCN(c1ccc2c(cl)oc(=0)c(c2)clcce(cel)clcec(ccl)/C=C(/C(=0 -
JO)\C#N)CC '
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5 £ CCN(clccc2c(cl)oc(=0)c(c2)clccc(ccl)/C=C(\[C@H]1SC(=S) 141
N(C1=0)C(=0)0)/[C@H]1SC(=S)N(C1=0)CC(=0)0)CC .

6 5 CCN(clccc2e(cl)oc(=0)c(c2)clccc(ccl)/C=C(\C(=0)0)/C#N)C -
c .

. . OC(=0)C[n+]1c(/C=C/c2cc3ccac5c(c30c2=0)C(C)(C)CCN5CC 11
C4(C)C)sc2clccec2 .

g g 0OC(=0)clcce2c(c1)C(C)(C)C(=[N+]2C)/C=C/clcc2cc3cic(c20oc 06
1=0)C(C)(C)CCN4CcCc3(C)C .

o o OC(=0)CN1C(=S)S/C(=C/c2cc3ccac5¢c(c30c2=0)C(C)(C)CCN5 -
CCC4(C)C)/C1=0 '
0OC(=0)C(=C/C=C/c1cc2cc3c4c(c20c1=0)C(C)(C)CCNACCC3(C

10 10 3.7
)C)C(=0)0
N#C/C(=C/C=C/C=C/clcc2cc3c4c(c20c1=0)C(C)(C)CCN4CCC

11 11 3.5
3(C)C)/c(=0)0
N#C/C(=C/C=C/clcc2cc3clc(c20c1=0)C(C)(C)CCN4ACCC3(C)C

12 12 5.2
)/C(=0)0

13 13* CCN(clccc2c(cl)oc(=0)c(c2)/C=C/C=C(\C(=0)0)/C#N)CC 4.7
N#C/C(=C\c1c(=0)oc2c(c1C(F)(F)F)cclc3c2C(C)(C)CCN3CCCl

14 14 3.1
(C)c)/c(=0)o
N#C/C(=C/clcc2cc3clc(c20c1=0)C(C)(C)CCN4CCC3(C)C)/C(=

15 15 4.1
0)o

16 16 0C(=0)/C=C/c1cc2cc3c4c(c20c1=0)C(C)(C)CCN4ACCC3(C)C 3.4

17 17 0OC(=0)clcc2cc3CCCN4Ac3c(c2o0c1=0)CCC4 0.9
N#C/C(=C\clcec(s1)clec2ec3c4c(c20c1=0)C(C)(C)CCN4CCC3

18 18* 5.8
(C)c)/c(=0)o
N#C/C(=C/clcec(s1)clcec(s1)clcec2cc3cdce(c2oc1=0)C(C)(C)C

19 19 7.4
CN4CCC3(C)c)/c(=0)o
N#C/C(=C/clcec(s1)clcec(s1)clcec(s1)clec2ec3cdc(c2oc1=0

20 20 6.4
)C(C)(C)CCN4CCC3(C)C)/C(=0)0
CCN(clccc2e(c1)oc(=0)c(c2)clcsc(nl)clcec(s1)C=C(C(=0)0)

21 21 4,78
CHN)CC

33|Page




Chapter 3

Materials And Methods

CCN(clccc2c(cl)oc(=0)c(c2)clesc(nl)clcec(s1)/C=C\1/SC(=S

22 22 0.33
JN(C1=0)CC(=0)0)CC
CCN(clccc2c(cl)oc(=0)c(c2)clcec(ccl)cleec(s1)C=C(C(=0)0)

23 23 3.62
C#N)CC
0OC(=0)clccc(ccl)clecccclclcec2cec3cic(c2o0c1=0)C(C)(C)CCN

24 24 1.04
4CCC3(C)C
0OC(=0)clccc(ccl)clecec(cl)clcc2ec3cic(c2o0c1=0)C(C)(C)CC

25 25 2.33
N4CCC3(C)C
OC(=0)clccc(ccl)cleec(ccl)clec2ec3cdc(c2oc1=0)C(C)(C)CC

26 26 2.69
N4CCC3(C)C
N#C/C(=C\clcec(s1)clcec(c2cinsn2)clec2cc3cdc(c2ocl1=0)C

27 27 4.82
(C)(C)CCN4cCcc3(C)C)/c(=0)0
N#C/C(=C\c1sc(c2c10CCO2)clccc(c2cinsn2)clcc2cc3cde(c2

28 28 3.93
0c1=0)C(C)(C)CCN4CCC3(C)C)/Cc(=0)0
N#C/C(=C\c1sc(c2c10CCO2)clccc(s1)clcc2ec3cdc(c2oc1=0)

29 29 6.07
C(C)(C)CCN4CCC3(C)C)/Cc(=0)0
N#C/C(=C\clcecc(ccl)clsc(c2c10CCO2)clccec(s1)clec2cc3cdc

30 30* 3.73
(c20c1=0)C(C)(C)CCN4CCC3(C)C)/Cc(=0)0
N#C/C(=C\clcecc(s1)clsc(c2c10CCO2)clcee(s1)clec2ec3cic(

31 31 4.37
c20c1=0)C(C)(C)CCN4CCC3(C)C)/C(=0)0
N#C/C(=C/clcec(s1)clcec(s1)/C(=C/clec2cc3cdc(c20c1=0)C(

32 32 6.5
C)(C)CCN4CCC3(C)C)/C#N)/C(=0)0
N#C/C(=C\clccc(s1)/C=C/clecc2ce3cdc(c20c1=0)C(C)(C)CCN

33 33 5.8
4CCC3(C)C)/C(=0)0
N#C/C(=C\clccc(s1)/C(=C/clcc2cc3cdc(c20c1=0)C(C)(C)CCN

34 34 5.3
4CCC3(C)C)/CHN)/C(=0)0
N#C/C(=C\1/C=C(/C=C/c2cc3ccdc5¢(c30c2=0)C(C)(C)CCN5C

35 35 6.2
CC4(C)C)CC(C1)(C)C)/C(=0)0
N#C/C(=C/clcec(s1)/C=C/clccc(s1)clcc2ec3cdc(c20c1=0)C(

36 36 5.5
C)(C)CCN4CCC3(C)C)/C(=0)0

37 37 CCCCnlc2ccec(cc2c2clcccc2)clec(c(sl)clec2ec3cdc(c2o0c1=0 5.53
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JC(C)(C)CCN4CCC3(C)C)/C=C(\C(=0)0)/C#N
CCCcci(cccc)c2eceec2c2clcec(ec2)clec(c(s1)clec2cc3C(C)(C

38 38 4.02
JCCN4c3c(c20c1=0)C(C)(C)CC4)/C=C(/C(=0)O)\C#N
N#C/C(=C/clcc(sclclcc2ec3clc(c2oc1=0)C(C)(C)CCNACCC3(

39 39 2.74
C)C)C)/C(=0)0
N#C/C(=C\clccc(s1)clecc(sl)clec2ecc(cc2oc1=0)N(clcceeccl

40 40* 4.59
)Jelccceel)/C(=0)0
N#C/C(=C\clccc(ccl)cleec(sl)clcc2ecc(cc2oc1=0)N(clcceec

41 41* 6.24
1)clcccecl)/C(=0)0

42 42% CCN(clccc2¢(c1)0C(=0)[C@H](C2)C(=0)0)CcC 1.03
N#C/C(=C\clccc(s1)clcc2ecc(cc2oc1=0)N(clcceccl)cleceec

43 43* 3.36
1)/C(=0)0
N#C/C(=C/clcec(s1)clcec(c2clnsn2)C#Cclcec(s1)clec2cec3c

44 44 1.35
4c(c20c1=0)C(C)(C)CCN4CCC3(C)C)/Cc(=0)0
CCN(clccc2c(cl)oc(=0)c(c2)clcec(c(c1)F)/C=C(\C(=0)0)/C#

45 46 5.2
N)CC
CCN(clccc2e(cl)oc(=0)c(c2)clcce(c(c1)Cl)/C=C(\C(=0)0)/C#

46 47 4.1
N)CC
CCN(clccc2e(cl)oc(=0)c(c2)clcec(c(c1)Br)/C=C(\C(=0)0)/C#

47 48* 3.5
N)CC
CCOJSi](c1ccc2c(c1)nc(o2)clcc2cec(cc2oc1=0)N(CC)CC)(OC

48 49* 0.72
Cc)occ
N#CC(=Cclccc(s1)clcc2ecc(cc2oc1=0)N(clcec2c(cl)Celc2cc

49 50 4.7
ccl)clcec2e(c1)Cclc2ecccl)C(=0)0
N#CC(=Cclccc(s1)clcec(s1)clcc2cec(cc2oc1=0)N(clccc2ce(c

50 51* 5.06
1)Cclc2ccccl)clcec2e(cl)Celc2ccecl)C(=0)0
N#CC(=Cclccc(ccl)cleec(s1)clec2cec(cc2oc1=0)N(clcec2c(c

51 52 5.94
1)Cclc2ccccl)clcec2e(c1)Celc2ccecl)C(=0)0

52 53* CCN(clccc2c(cl)oc(=0)c(c2C)CHCC=C(C(=0)O)C#N)CC 2.21
CCCCCCclcc(sclelsc(c(c1)CCCCCC)/C=C/clccc(s1)[Si](OCC)(

53 54 3.5
OCC)OCC)clc(=0)oc2c(c1C)cec(c2)N(CC)CC
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CCCCCCCCCCOclcc2cc(CHCe3ccec(cec3)/C=C(/C(=0)O)\C#N)c(
54 55 2
=0)oc2cc10CCCCCcCCcc

55 56 N#CC(=Cclccc(ccl)CHCclec2ec(0C)c(cc20c1=0)0C)C(=0)0 0.99

N#CC(=Cclccc(ccl)/C=C/clccc(ccl)/C=C/clcc2ec(OC)c(cc20
56 57 1.37
c1=0)0C)C(=0)0

“*> represent the test set compound

3.1.2 Diphenylamine dataset (Study 1)

This dataset consists of 35 compounds, among which 25 compounds are present in the training

set and 10 compounds are present in the test set. The detail of this dataset is shows in Table 3.2.

Table 3.2: Details of the diphenylamine dataset

Serial | Compound Experimental
SMILE
Number ID PCE
N#C/C(=C\clcecc(s1)clecec(s1)clcee(s1)N(clceceecl)cleccecl)/
1 1* 3.75
C(=0)0

CCCCCCOciccec(ccl)N(clnee(s1)clsc2c(cl)clec(sclc(c20CCC
CCC)OCCCCCC)/C=C(/C(=0)O)\C#N)clccc(ccl)OCCCCCC

CCCCCCOciccec(ccl)N(cleee(s1)clsc2c(cl)clec(sclc(c20CCCC
CC)OCCCCCC)/C=C(/C(=0)O)\C#N)clccc(ccl)OCCCCCC

CCCCCCOcicce(cecl)N(clncee(s1)clsc2c(c1)C(clc2sc(c1)/C=C(/
C(=0)0)\C#N)(CCCCCC)CCCCCC)clece(cc1)OCCCCCC

CCCCCCOclcee(cecl)N(cleece(s1)elsc2c(c1)C(cle2sc(cl)/C=C(/
C(=0)0)\C#N)(CCCCCC)CCCCCC)clece(cc1)OCCCCCC

6 6* N#CC(=Cclcnc(ncl)clcee(s1)N(clcceecl)cleccecl)C(=0)0 6.72
N#CC(=Cclcnc(ncl)clcec(s1)N(clcec(cc1)OC)clecc(ccl)OC)C(

7 7 7.05
=0)0
CCCCCCOcicec(ccl)N(cleee(s1)clncc(cn1)C=C(C(=0)O)C#N)c

8 8 7.64
1ccc(ccl)OCccccce

N#C/C(=C\clcccc(cl)CHCelcce2c(c1)C(CC)(CC)elc2eec(c1)N(c
9 o9* 0.61
1cceeel)clcececl)/C(=0)0
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N#C/C(=C\clccc(s1)CH#Cclecc2c(c1)C(CC)(CC)clc2cec(c1)N(cl

10 10 1.99
cccecl)cleccccl)/C(=0)0
CCCCCCN(c1cec(cel)/C=C(/c1ccc(ccl)clcec(ccl)/C=C(\C(=0)

11 11* 0)/C#N)\C#N)clccc(ccl)/C=C(/clccc(ccl)cleec(ccl)/C=C(\C(= 1.02
0)0)/CHN)\C#N
CCCCCCN(clcec(cel)/C=C(/c1ccc(ccl)clcec(ccl)/C=C/1\SC(=S

12 12* JN(C1=0)CC(=0)O)\C#N)clccc(ccl)/C=C(/clccc(ccl)clcec(ccl 0.56
)/C=C\1/SC(=S)N(C1=0)CC(=0)O)\C#N
CCCCCCN(clcec(ccl)/C=C(/clcec(s1)/C=C(/C(=0)O)\CHN)\C#

13 13 3.16
N)clcee(ccl)/C=C(/clcce(s1)/C=C(/C(=0)O)\C#N)\CH#N
N#C/C(=C\clccc(ccl)CHCelcee2c(c1)C(CC)(CC)elc2ecc(c1)N(c

14 14 3
lcceeel)clceececl)/C(=0)0O
CCCCCCCCOc1c(OcceeeecC)e(c2eec(s2)N(c2cceec2)c2cccec?

15 15 6.66
)Je2c(clclcec(ccl)/C=C(\C(=0)0)/C#N)nsn2
CCCCCCCCOc1c(OcceeeecC)e(c2eec(s2)N(c2cceec2)c2cccec?

16 16* 7.16
)Je2c(clclcec(o1)/C=C(\C(=0)O)/C#N)nsn2
CCCCCCCCOc1c(OcceeeecC)e(c2eee(s2)N(c2cceec2)c2cccec?

17 17 6.19
)Je2c(clclcee(s1)/C=C(\C(=0)0)/C#N)nsn2
N#C/C(=C\clcecc(s1)cleec(s1)clcee(s1)N(clccec2clccee2)clce

18 18 3.74
cccl)/C(=0)0
CCCCCCCCCCCCN(c1cec(ec)nic2eec(cc2c2clcec(c2)C(C)(C)C)

19 19 3.52
C(C)(C)C)clcec(ccl)clecce(s1)/C=C(/C(=0)0)\C#N
CCCCCCCCCCCCN(c1cec(ccl)nlc2eec(cc2c2clccc(c2)C(C)(C)C)

20 20 4.1
C(C)(C)C)clcec(ccl)clece(s1)cleec(s1)/C=C(/C(=0)O)\C#N
CCCCCCCCCCCCN(c1cec(ecl)nlc2eec(cc2c2clccc(c2)C(C)(C)C)

21 21 C(C)(C)C)clcec(ecl)clecce(s1)elcee(s1)clecc(s1)/C=C(/C(=0)0 5.12
)\C#N

22 22 N#CC(=Cclccc(ccl)cleec(s1)N(clcceecl)cleccecl)C(=0)0 5.22
CCCCCCN(c1cec(cel)/C=C(/clccc(s1)C=C(C(=0)0)C(=0)0)\C#

23 23 4.1
N)clcec(ccl)/C=C(/clcce(s1)C=C(C(=0)0O)C(=0)0)\C#N

24 24* CCCCclccc(ccl)N(clcec2e(c1)C(clcceecl)(cleccecl)clc2cecc(c 4.26
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1)clcec(ccl)C=C(C(=0)O)C#N)clccc(ccl)CCCC

CCCcccecei(cececcc)c2cec(cec2c2celec(cc2)N(cleec(cc1)CCCC)e
25 25 5.15
1cce(cc1)CCCC)clccec(ccl)C=C(C(=0)0)C#N

CCCCCCOc1cec(ccl)N(clcec(c2cinsn2)clsc2c(c1)C(clc2sc(cl
26 26 7.1
)/C=C(/C(=0)O)\C#N)(CCCCCC)CCCCCC)clccc(ccl)OCCcccc

CCCCccri(ccececi)e2ec(sc2c2cicec(s2)cleec(c2cinsn2)N(clc
27 27 cc(ccl)cleec(cc10CCCC)OCCCC)clcecec(ccl)cleec(cc10CCCC)o 8
CCCC)/C=C(/C(=0)O)\C#N

N#C/C(=C\clccc(01)C1=Nc2c(C1(C)C)cc(cc2)N(clceeccl)clcec
28 28 2.8
cccl)/C(=0)0

N#C/C(=C\clcnc(s1)C1=Nc2c(C1(C)C)cc(cc2)N(clececeel)clcee
29 29 1.99
ccl)/C(=0)0

N#C/C(=C\clcecc(cc1)C1=Nc2c(C1(C)C)cc(cec2)N(clecceel)clce
30 30 3.09
cccl)/C(=0)0

CCCCclccc(ccl)N(clcec2e(c1)Celc2cecc(cl)clcec(ccl)C=C(C(=
31 31 4,62
0)O)C#N)clcec(ccl)CCCC

32 32* CCCCCCCCN(clceceecl)clcee(cc1)C=C1C(=0)NC(=0)NC1=0 1.53

33 33 CCCCCCCCN(clececel)cleec(cecl)C=C1C(=0)NC(=S)NC1=0 0.44

CCCCCCCCC(CC=C(C=C1)NC(=C1C(=0)NC(=0)NC1=0)clccee
34 34 1
¢1)C=C1C(=0)NC(=0)NC1=0

CCCCCCCCN(clece(cc1)C=C1C(=0)NC(=S)NC1=0)clcec(ccl)C
35 35 0.4
=C1C(=0)NC(=S)NC1=0

“*? represent the test set compound

3.1.3 Carbazole dataset (Study 1)

This dataset consists of 179 compounds, among which 125 compounds are present in the training
set and 54 compounds are present in the test set. The detail of this dataset is shows in Table 3.3.

Table 3.3: Details of the carbazole dataset

Serial | Compound Experimental
SMILE
Number ID PCE
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N#C/C(=C\clccc(s1)clecc(sl)cleec(ccl)nlc2cecc(cc2c2clcec(

1 1* 2.48
c2)C(C)(C)C)C(C)(C)C)/C(=0)0
N#C/C(=C/clcce(s1)clecc(ccl)nlc2cec(cc2c2clcec(c2)C(C)(C

i i )O)C(C)(C)C)/C(=0)0 2
N#C/C(=C\clccc(s1)clecc(sl)clcec2c(cl)nlc3cec(cc3c3clc2

° ’ ce(e3)C(C)(C)C)C(C)(C)C)/C(=0)0 >
CCCCCCclcc(sclclsc(c(c1)CCCCCC)/C=C(/C(=0)O)\C#N)clcc

4 4 c2c(c1)nlc3cec(cec3c3clc2cec(c3)C(C)(C)C)C(C)(C)C 285
N#CC(=Cclccc(s1)cleec2c(cl)cleeceecin2clecc2c(c1)C(C)(C)

> > clc2ccccl)C(=0)0 >0z
N#CC(=Cclccc(s1)clcec(s1)clcec2e(cl)cleccccln2clcec2ce(c

° ° 1)C(C)(C)clc2ceccl)C(=0)0 >0
N#CC(=Cclccc(s1)clcec2c(cl)clcecececin2cleec(ccl)C=C(clcc

! ! cccl)clceeecl)C(=0)0 387
N#CC(=Cclccc(s1)C=Cclccc(s1)clcecc2e(cl)clecceccln2clcec

| ° 2¢(c1)C(C)(C)cle2ceecl)C(=0)0 310
CCCCCCCOc1ccc2c(c1)n(CC)clc2cec(ccd)clsc(c(c1)CCCCCC)cl

° ? sc(c(c1)CCCCCC)clsc(c(c1)CCCCCC)/C=C(\C(=0)0)/C#N 48
CCCCCCCOc1ccc2c(c1)n(CC)clc2ec(cecl)clsc(c(c1)CCCCCC)cl

10 10* sc(c(c1)CCCCCC)clsc(c(c1)CCCCCC)clsc(c(cl)CCCccC)/C=C(\ 4.7
C(=0)0)/C#N
CCCCCCclec(sclclsc(c(c1)CCCCCC)elsc(c(cl)ccccee)/c=C(/

- - C(=0)O)\C#N)c1sc(cc1CCCCCC)clecc2e(cl)clcecccin2CC °
OC(=0)CN1C(=S)SC(=Cc2ccc(s2)c2ccec3c(c2)c2ccccc2n3c2cecc

12 12 1.79
3c(c2)C(C)(C)c2c3ccec2)C1=0
OC(=0)CN1C(=S)SC(=Cc2ccc(s2)c2ccc(s2)c2cec3c(c2)c2ccccc

13 13 0.55
2n3c2ccc3c(c2)C(C)(C)c2c3ceec2)C1=0
CCCCCCclcc(sciclsc(c(c1)CCCCCC)C=C(C(=0)0)C#N)clccc2c

1 1 (c1)clcceecin2CC >4
CCCCCCclcc(sciclec(c(s1)C=C(C(=0)O)CHN)CCCCCC)clccc2e

15 15 5.3

(c1)clcccecln2clcececl
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CCCCCCclcc(sclclec(c(s1)C=C(C(=0)0O)C#HN)CCCCCC)clcecc2c

16 16 5.4
(c1)clccceccln2clceec(ccl)OC
N#CC(=Cclccc(s1)cleec(c2clnsn2)clcec(ccl)nlc2ccccc2c2e

17 17 1.56
lcccc2)C(=0)0
N#CC(=Cclccc(s1)clcec(c2clnsn2)clcec2c(cl)cleccceccin2cl

18 18 3.29
cccecl)C(=0)0o
CCCCC(Cnl1c2ccc(cc2c2cicecc2)cleec(c2clnsn2)clcec(sl)C=

19 19 3.8
C(C(=0)0O)C#N)CC
CCCCC(COclcec(ccl)nlc2ccec(cc2c2clcccc2)clccc(c2clnsn2)

20 20 2.36
clcce(s1)C=C(C(=0)0)C#N)CC
N#CC(=Cclccc(s1)clcec(c2cinsn2)clcec2c(cl)n(clceccee)cl

21 21* 1.53
c2ccccl)C(=0)0
CCCCC(COclcec(ccl)nlc2eccec2c2clcec(cc2)clecc(c2clnsn2)

22 22* 1.2
clcce(s1)C=C(C(=0)0)C#N)CC
N#CC(=Cclccc(ccl)nic2cec(cc2c2clecc(c2)C(C)(C)C)C(C)(C)C

23 23* 1.65
)C(=0)0

24 24* N#CC(=Cclccc(ccl)nic2ccccc2c2clcccc2)C(=0)0 2.81
CCCCC(COc1c2c3sc(cec3sc2c2¢(c10CC(CCCC)CC)elsc(ccls2)/

25 25 C=C(\C(=0)0)/C#N)c1ccc(c2cinc(clese(c1)C)c(n2)clecc(s1)C 4.63
Jedcec2c(cl)clcecccc1n2CC(CCCC)CC)CC
CCCCC(COc1c2c3sc(cec3sc2c2¢(c10CC(CCCC)CC)elsc(ccls2)/

26 26 C=C(\C(=0)0)/C#N)ciccc(c2cinsn2)clccc2e(cl)clceccccin2C 5.46
c(ccee)ce)ee
CCCCC(COc1c2c3sc(ce3sc2c2¢(c10CC(CCCC)CC)elsc(ccls2)/
C=C(\C(=0)0)/C#N)clccc2c(c1)n(CC(CCCC)CC)clc2cc(ccl)cl

27 27 5.34
sc2c(c1)sc1c2c(OCC(CCCC)CC)c(OCC(CCCC)CC)c2clsclc2sc(c
1)/C=C(\C(=0)0)/C#N)CC
CCCCCCclcc(sclclsc(c(c1)CCCCCC)elsc(c(c1)ccececee)/c=C(/

28 28 3.4
P(=0)(0)O)\C#N)c1sc(cc1CCCCCC)clccc2ce(cl)cleccecin2CC
CCCCn1c2ccc(cc2c2celcec(c2)/C=C(/C(=0)0)\C#N)/C=C(/C(=

29 29 1.54

0)O)\C#N
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CCCCnlc2ccc(cc2c2clceec(c2)N(clcec(cc1)OC)cleccecl)N(cl

30 30 2.54
ccc(ccl)/C=C(\C(=0)0)/C#N)clccc(ccl)0C
CCCCnlc2ccc(cc2c2clccc(c2)N(cleec(cecl)/C=C(\C(=0)0)/C#

31 31* N)clccc(ccl)OC)N(clcec(ccl)/C=C(\C(=0)0)/C#N)clccc(ccl) 3.23
ocC
N#CC(=Cclccc(ccl)C#HCclcec(ccl)nlc2ccececc2c2clccec2)C(=0

32 32 0.695
)O
CCCCC(COc1c2c3sc(cec3sc2c2c(c10CC(CCCC)CC)clsc(ccls2)/

33 33 4.87
C=C(\C(=0)0)/C#N)c1ccc2c(cl)clceccccIn2CC(CCCC)CC)CC
Ccccecececcccctnic2cecc(ce2c2elcec(c2)cleec(s1)/C=C(/C(=0

34 34 3.64
JO)\C#N)n1c2cce(cec2c2clecc(c2)C(C)(C)C)C(C)(C)C
Ccccceeecccctnic2cecce(cc2c2cicec(c2)nic2ecc(cc2c2clecc(

35 35 4.8
¢2)C(C)(C)C)C(C)(C)C)c1ccc(s1)clcee(s1)/C=C(/C(=0)O)\CH#N
Ccccceeecccctnic2cecce(cc2c2cicec(c2)nic2ecc(cc2c2clecc(

36 36 ¢2)C(C)(C)C)C(C)(C)C)clecc(s1)clcee(s1)clecc(s1)/C=C(/C(=0 5.69
JO)\C#N
CCccceeecccctnic2cecc(cc2c2cicec(c2)nic2ecc(cc2c2cleec(

37 37 ¢2)C(C)(C)C)C(C)(C)C)c1ecc(s1)clcee(s)clecc(cecl)/C=C(/C(= 4.82
0)O)\CHN
N#C/C(=C/clcec(s1)clcec(s1)cleec(s1)cleec(ccl)N(cleec(cc

38 38* 1)n1c2cec(cc2c2clecc(c2)C(C)(C)C)C(C)(C)C)clcec(ccl)nlc2ce 4.62
cc(cc2c2clccec(c2)C(C)(C)C)C(C)(C)C)/C(=0)0
N#CC(=Cclccc(s1)cleec(ccl)N(clcec(ccl)nic2ccccc2c2clcce

39 39 4.3
c2)clcec(ccl)nic2ccccc2c2clcccc2)C(=0)0
N#CC(=Cclccc(s1)C=Cclccc(ccl)nlc2cec(cc2c2clcec(c2)C(C)

40 40 5.22
(C)c)c(c)(C)C)c(=0)o
CCCCCCclcc(sclclsc(c(c1)CCccec)/Cc=C(\C(=0)0)/C#N)clsc

41 41 3.9
(cc1CCCCCC)clcec2c(cl)cleccecin2CC
COCCCCclcc(sclclsc(c(c1)CCCCOC)elsc(c(c1)ccccoc)/c=C(

42 42 2.9
/C(=0)O)\C#N)c1sc(cc1CCCCOC)clcec2c(cl)clcceccln2CC

43 43 CCCCCCclcc(sclclsc(c(c1)CCCcec)/Cc=C(/C(=0)O)\C#N)c1sc 4
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(cc1CCCCOC)c1sc(cc1CCCCOC)clcec2c(cl)clecceccin2CC

CCCCnlc2cc(cecc2c2clcec(cc2)N(cleceecl)cleccecl)clcec(sl)

44 44 5.45
clcce(s1)/C=C(/C(=0)O)\C#N
N#CC(=Cclccc(s1)C#Cclcec(ccl)nlc2ccccc2c2clcccc2)C(=0)

45 45 0.819
0]

CCCCnlc2cc(cecc2c2clcec(cc2)N(cleceecl)cleccecl)clcec(sl)

46 46 6.05
/C=C(/C(=0)O)\C#N

47 47 N#CC(=Cclccc2c(cl)cleccccln2CC)C(=0)0 2.43
CCCCCCn1c2ccc(cc2c2clcec(c2)C=C1SC(=S)N(C1=0)CC(=0)0

48 48 2.81
)C=C1SC(=S)N(C1=0)CC(=0)0
CCCCCCclcc(sc1/C=C(\C(=0)0)/C#N)clsc2c(c1)cinn(nclclc

49 49* 8.07
2sc(c1)clcec2c(c1)n(CC(CCCC)CC)clc2ccccl)CC(CCce)ce
CCCCC(Cn1nc2c(nl)clcc(sclclc2cec(s1)cleec2c(cl)n(CC(CCC

50 50 7.52
C)CC)clc2ccecl)clecc(s1)/C=C(\C(=0)0)/C#N)CC
N#C/C(=C/clcec(ccl)/C=C/clcec2c(cl)clcceccin2clecc(ccl)

51 51* 4.5
C)/C(=0)0
CCCCOCclcc(sclclsc(c(c1)CCCCCC)clsc(c(c1)CCCCce)/c=C(

52 52 4
/C(=0)O)\C#N)c1sc(cc1COCCCC)clcec2c(cl)clecececclin2CC
CCCCn1c2cc(cecec2c2celcc(ce2)/C=C(/C(=0)O)\C#N)nlc2cceec

53 53 0.99
2c2clcccc2
CCCCnlc2cc(cecec2c2clcec(ce2)nlc2eccec2c2clcccc2)clecc(sl)

54 54 4.22
/C=C(/C(=0)O)\C#N
CCCCn1lc2cc(cec2c2cldcec(cc2)nlc2cec(cc2c2clcec(c2)C(C)(C)

55 55 4.95
C)C(C)(C)C)clcce(s1)/C=C(/C(=0)O)\C#N
CCCCnlc2cc(cecec2c2clcc(ce2)nlc2eccec2c2cleccc2)clecec(sl)

56 56 6.04
clcec(s1)/C=C(/C(=0)O)\C#N
CCCCn1lc2cc(cec2c2clcec(cc2)nlc2cec(cc2c2cleec(c2)C(C)(C)

57 57 5.48
C)C(C)(C)C)clcee(s1)clcec(s1)/C=C(/C(=0)O)\CH#N
CCCCCCclcc(sciclsc(c(c1)CCCCCC)clcec2c(cl)clccececin2C

58 58* 7.7
C)c1sc(cc1CCCCCC)clsc(cc1CCCCCC)/C=C(\C(=0)0)/CH#N

59 59* N#C/C(=C/clccc(s1)clcec(sl)clcec(s1)clecc2c(cl)clcececeln 4.8

42| Page




Chapter 3

Materials And Methods

2CC)/c(=0)o

CCCCCCclcc(sclclsc(c(cl)CCccCC)clcec2ce(cl)clcccecln2C

60 60 5.6
C)clsc(cc1CCCCCC)/C=C(\C(=0)0)/C#N
N#CC(=Cclccc(ccl)cleec2e(cl)clecceccin2clcec2c(c1)C(C)(C

61 61* 2.35
)clc2ccec1)C(=0)0
CCnlc2ccc(cc2c2clcec(c2)cleec(s1)cleencel)clcec(sl)clecc

62 62 1.88
(cc1)N(clccc(ecl)cleeesl)cleec(ccl)clceesl
CCCCCCN1c2ccec(cec2Sc2cleec(c2)C=C(C(=0)0)C#N)clcecc(ccl

63 63 )C=C(clccc(ccl)nlc2ccccc2c2cleccc2)cleec(ccl)nlc2ccccc? 5.51
c2clcccc2
CCCCCCn1c2ccc(cc2c2clcec(c2)C=C(C(=0)0O)C#N)clccc(ccl)

64 64* C=C(c1ccc(ccl)nlc2ccccc2c2clcccc2)clecc(ccl)nlc2cceec2c 2.14
2clccec2
CCccceececcctnic2cecc(cc2c2eicec(c2)cleec(c2cinsn2)clcc

65 65 c2¢(c1)n(CCCCCCCCCCCC)clc2cec(ccl)/C=C(/C(=0)0)\C#N)/C 4.35
=C(/C(=0)O)\C#N
CCCCn1c2ccec(cc2c2clcee(c2)/C=C(/C(=0)0)\C#N)clsc(cclcl

66 66 1.44
ccc(cc1)OC)clcecc(cc1)0C
CCCCn1c2cec(cc2c2celcee(c2)clcee(s1)/C=C(/C(=0)O)\C#N)c

67 67 4.57
1cec(s1)clcec(ccl)0C
CCCCn1c2cec(cc2c2celcee(c2)/C=C(/C(=0)O0)\C#N)clcec(sl)c

68 68* 2.52
lccc(cc1)0C
CCCCn1c2cce(cec2c2clcec(c2)clcec(cc1)OC)clecc(s1)/C=C(/C

69 69 4.54
(=0)O)\C#N
CCCCn1c2ccc(cec2c2clcec(c2)/C=C(/C(=0)0)\C#N)clcecc(ccl)

70 70* 1.87
0ocC
N#CC(=Cclccc(s1)cleec(c2cinsn2)clcec2c(cl)clcccccin2cl

71 71* 4.35
ccc2c(c1)C(C)(C)clc2ceccl)C(=0)0
N#CC(=Cclccc(ol)clcec(c2cinsn2)clcec2c(cl)clcccecin2cl

72 72* 4.96
ccc2c(c1)C(C)(C)clc2ceccl)C(=0)0

73 73* N#CC(=Cclccc(ccl)cleec(c2clnsn2)clcec2c(cl)cleccecln2e 4.05
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1ccc2c(c1)C(C)(C)clc2ccecl)C(=0)0

74

74

N#CC(=Cclccc(ol)clcec2c(cl)clecceccin2clceec2c(c1)C(C)(C)
clc2ccecl)C(=0)0

3.74

75

75*

N#CC(=Cclccc2c(cl)clec(cccin2CC)clcec(ccl)C=C(clcec(ccl
JN(C)C)clccc(ccl)N(C)C)C(=0)0

1.9

76

76

CCCCCCn1lc2ccc(cc2c2clccec(c2)/C=C(/clccc(ccl)clcec(ccl)/
C=C\1/SC(=S)N(C1=0)CC(=0)O)\C#N)C=C(clccc(ccl)clccc(c
c1)/C=C/1\SC(=S)N(C1=0)CC(=0)O)C#N

4.04

77

77

CCCCCCn1c2ccec(cec2c2elcec(c2)/C=C(/c1ccc(ccl)clcec(ccl)/
C=C(\C(=0)0)/C#N)\C#N)C=C(c1ccc(ccl)cleec(cecl)/C=C(\C(
=0)0)/C#N)C#N

2.37

78

78*

CCCcccCCnlc2ccec(cc2c2elcec(c2)clecc(s1)clecc(s1)/C=C(/
C(=0)O)\C#N)clcce(s1)cleec(s1)/C=C(/C(=0)O)\C#N

4.22

79

79

CCCCccCCnlc2cecec(cc2c2elcec(c2)cleec(s1)/C=C(/C(=0)0O)\C
#N)clcce(s1)/C=C(/C(=0)O)\CH#N

4.47

80

80

CCCCCcCCC(n1c2ccec(cc2c2clccec(c2)clsc(cc1CCCCCC)elccec(
s1)/C=C(\C(=0)0)/C#N)c1sc(cc1CCCCCC)clccc(s1)/C=C(\C(=
0)0)/C#N)ccccecececc

2.82

81

81*

CCCCcccCC(n1c2ccec(cc2c2cedccec(c2)cicec(s1)clcec(sl)clecc
(s1)/C=C(/C(=0)O)\C#N)cicce(s1)clcec(s1)cleec(s1)/C=C(\C(
=0)0)/C#N)CCCCCCCC

441

82

82*

CCCccceeC(n1c2ecc(cc2c2ciccec(c2)clcec(sl)cleec(s1)/C=C(
\C(=0)0)/C#N)clccc(s1)clccc(s1)/C=C(\C(=0)0)/C#N)CCCCC
CCC

4.26

83

83*

CCCCCCn1c2ccec(cc2c2elcec(c2)clsc(cc1CCCCCC)clcecec(s)/C
=C(\C(=0)0)/C#N)c1sc(cc1CCCCCC)clcec(s1)/C=C(\C(=0)0)/
CH#N

4.55

84

84*

CCCCCCn1c2ccec(cc2c2elcec(c2)cicec(s1)cleec(s1)clcec(sl)/
C=C(/C(=0)O)\C#N)c1ccc(s1)clcee(s1)clecc(s1)/C=C(\C(=0)
0)/C#N

3.64

85

85*

CCCCCCn1c2ccec(cc2c2elcec(c2)clcec(s1)clecc(s1)/C=C(/C(=

4.82
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0O)O)\C#N)clccc(s1)clcec(s1)/C=C(\C(=0)0)/C#N

N#C/C(=C\clccc(s1)clecc2c(cl)clec(cccln2CC)clecc(ccl)C=

86 86 4
C(clcec(cecl)N(C)C)clcec(ccl)N(C)C)/C(=0)0
N#C/C(=C/clccc2c(cl)clecc(ccin2CC)clccc(sl)cleec(sl)clc

87 87 3
cc(ccl)C=C(clcec(ccl)N(C)C)clcec(ccl)N(C)C)/C(=0)0
N#C/C(=C/clccc2c(cl)clcec(ccin2CC)clcec(sl)clecc(ccl)C=

88 88* 3.1
C(clcec(cecl)N(C)C)clcec(ccl)N(C)C)/C(=0)0
CCCCCCn1lc2ccec(cc2c2clcecc2)cleec(ccl)/C=C/1\SC(=S)N(C1

89 89 1.23
=0)CC(=0)0
CCCCCCn1c2ccc(cec2c2celcecc2)clecc(ccl)/C=C(\C(=0)0)/C#

90 90* 1.94
N
CCCCCCn1c2cec(cc2c2elceec?)/C=C(\clcce(s1)C=C1C(=0)NC

91 91 0.19
(=O)NC1=0)/C#N
CCCCCCnlc2cee(cc2c2elcecc?)/C=C(\clcce(s1)/C=C\1/SC(=S

92 92 0.24
JN(C1=0)CC(=0)0)/C#N
CCCCCCn1c2cec(cc2c2elceec?)/C=C(\clcce(s1)/C=C(/C(=0)

93 93* 3.55
O)\C#N)/C#N
CCCCCCC(Cclcc(sclclsc2c(cl)clnonclclc2sc(cl)clsc(cclCC

94 94 (cccceee)ccecl)eteec2e(cl)elececcln2CC)/C=C(/C(=0)0)\C# 7.33
N)CCcC
CCCCOclcce(cc1)N(cleec2c(cl)n(CCCC)clc2cecec(cl)clcec(s)

95 95 5.76
clcec(s1)/C=C(/C(=0)O)\C#N)clccc(ccl)OCCCC
CCCCn1c2cc(ccc2ec2elcec(cec2)clcee(s1)/C=C(/C(=0)O)\CH#N)N

96 96 1.36
(clccc(cc1)OCCCC)clecc(ccl)OCccc
CCCCCCCC[N+]1=C(/C=C/c2ccc3c(c2)c2cccce2n3CCCCCCn2e

97 97 3cee(ce3c3c2cecc3)/C=C/C2=[N+](CCCCCCCC)c3c(C2(C)C)cc( 0.0538
cc3)C(=0)0)C(c2clcec(c2)C(=0)O)(C)C.[I-].[I-]
CCCCCCCC[N+]1=C(/C=C/c2ccc3c(c2)c2cccec2n3CCCCCC)C(c

98 98 0.0387
2clccc(c2)C(=0)0)(C)C.[I-]
CCCCCCCCOc1ccec(cecl)clc2e3cccece3n(c2c¢(c2c1n(CCCCCCCC)

99 99 7.58

clc2cc(ccl)clceee(s1)/C=C(/C(=0)O)\C#N)clccc(ccl)OCCCCC
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Ccccjccececceccc
CCCCCCCCnlc2ccec(cc2c2cic(cleec(cc1)OCC)clc(c2c2ccec(cc2

100 100 6.98
JOCC)n(c2clcecc2)CCCCCCCC)elcec(s1)/C=C(/C(=0)O)\C#N
CCCCCCCCnlc2ccc(cc2c2cic(cleec(ccl)N(CC)CC)elc(c2c2ccc

101 101 (cc2)N(CC)CC)n(c2clcecc2)CCCCCCCC)elcecec(s1)/C=C(/C(=0) 8.09
O)\C#N
CCCCCCCCnlc2cec(cc2c2cic(cleec(ccl)CC)clc(c2c2cec(cc?)

102 102 6.25
CC)n(c2clcecec2)CCCCCCCC)clecc(s1)/C=C(/C(=0)O)\CHN
CCCCCCCCclcc(sclclcec(s1)clsc(cc1CCCCCCeC)c=C(Cc(=0)0

103 103 7.54
JC#N)clcc2c(c3clccee3)n(clc2ec(OC)cc1)C(CCCcC)ce
CCCCCC(n1c2ccc(cc2c2clciccccelc(c2)clecc(o1)C=C(C(=0)

104 104 6.93
O)C#N)OC)CC
CCCCCC(n1c2ccc(cc2c2clclcecceclc(c2)clecc(s1)C=C(C(=0)0

105 105 6.01
JCH#N)OC)CC

106 106* N#C/C(=C/clcec(ccl)nlc2ceccc2c2clccec?)/C(=0)0 1.77
N#C/C(=C\clcecc(s1)cleec(s1)clcee(s1)nlc2cec(cc2c2celcec(c

107 107* 4.86
2)nl1c2cceec2c2clecce2)nlc2ceccec2c2clcecc?)/C(=0)0
N#C/C(=C\clcec(s1)clcec(s1)cleec(s1)nlc2ceccc2c2clceec?)

108 108 4.3
/C(=0)0

109 109* N#C/C(=C\clcec(s1)clcec(s1)nlc2eccec2c2clcecec?)/C(=0)0 2.94
N#C/C(=C\clcec(s1)clcec(cel)nlc2eccee2c2clcecc?)/C(=0)

110 110 2.74
0]

CCCCCCnlc2ccec(cc2c2clcecc2)clecc(ccl)C=C1C(=0)NC(=S)N

111 111* 0.54
C1=0
CCCCCCn1c2ccc(cc2c2clcccc2)cleec(ccl)C=C1C(=0)NC(=0)

112 112 0.96
NC1=0
CCCCCCn1c2cec(cc2c2clcecc2)clec(sclclsc(c(cl)clecc2c(cl

113 113 )Jelceecc1n2CCCCCC)eleec2e(cl)clcececccln2CCCCCC)/C=C(/C 4.24
(=0)O)\C#N
CCCCn1lc2ccc(cc2c2clcccc2)clecc(sl)clec2e(s1)clc(n2c2ccc

114 114 5.39
3¢(c2)C(CCCC)(CCCC)c2c3ccee2)ec(s1)/C=C(\C(=0)0)/C#N
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CCCCnlc2cc(cecc2c2clec(cc2)N(clcec(ccl)cleec2ce(c1)C(CC)(

115 115 CC)clc2ccecl)cleec(ccl)cleecc2c(c1)C(CC)(CC)clc2ccecl)clc 4.2
cc(s1)clcece(s1)/C=C(/C(=0)O)\C#N
CCCCnlc2cc(cecc2c2clec(cc2)N(cleec(ccl)cleec2e(c1)C(CC)(

116 116 CC)clc2ccccl)cleec(cel)cleec2c(c1)C(CC)(CC)clc2ccecl)clc 1.78
cc(s1)/C=C(/C(=0)O)\C#N
OC(=0)CCCCCCnlc2cc(ccc2c2clec(cc2)N(cleccecl)cleccecl)

117 117* 1.58
clcce(s1)cleneenl
CCCCn1lc2cc(ccc2c2clcec(cc2)N(clcceecl)clcececl)clcec(sl)

118 118 0.89
clcncenl
OC(=0)ccccclnlc2ec(cec2c2clcc(cc2)N(clcececl)clcccecl)

119 119 2.35
clcce(s1)cleenccl
OC(=0)ccccclnlc2ec(cec2c2cicc(cc2)clcenccl)N(clcceecl

120 120* 1.81
)Jcdcccecl
CCCCn1c2cc(cec2c2clcec(cc2)N(clcceccl)clcececl)clcec(s)

121 121* 1.84
clcenecl
clcce(ccl)N(cleec2c(cl)[nH]clc2cece(cl)clcee(s1)cleenecl)c

122 122 1.89
lcccecl

123 123 CCCCn1c2cc(cec2c2cicec(cc2)clecencel)N(clceceecl)clcccecd 1.15

124 124 clccc(ccl)N(cleec2c(cl)[nH]clc2cece(cl)clecenecl)clcccecd 1.04
CCCCn1c2cc(cec2c2clcec(cc2)N(clcceccl)clcececl)clcec(ccl

125 125* 0.97
)C(=0)0
OC(=0)clccc(ccl)clcec2ce(cl)[nH]clc2cec(c1)N(clcececl)clc

126 126 0.91
ccccl
CCCCCCclcc(sclclsc(cc1CCCCCC)elsc(c(c1)ccceee)/c=C(\C

127 127* 3.4
(=0)0)/C#N)c1sc(cc1CCCCCC)clccc2ce(cl)clecceein2CC
CCCCCCn1c2cec(cc2c2clcec(c2)N(clcec(cel)cleec(s)clcec(

128 128* s1)/C=C(/C(=0)O)\C#N)clccc(cc1)OCCCCCC)N(clcee(cel)clc 49
cc(s1)clcee(s1)/C=C(/C(=0)O)\C#N)clccc(ccl)OCCCCCC
CCCCCCCCC(Cn1c2cc(CHCc3ccc(c4c3nsnd)c3cec(cc3)C(=0)0)

129 129* 10.7
c3cdc2c2clec(cleec5e(cl)clcccecIn5CC(CCCCCCCC)Cecececc
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Jclc2c(cdcee3)ceccl)CCCCCC

130

130

CCCCCCCCC(Cnlc2cc(CHCc3ccc(c4c3nsnd)c3cec(cc3)C(=0)0)
c3c4c2c2clec(cleec5e(cl)cleccec1 C5(CC(CCCCCCce)ceecc
C)CC(Ccceececec)cccececc)cic2e(caccece3)eccl)cccccce

9.8

131

131

CCCCCCCCC(Cnlc2cecc3cac2c2clec(CHCclcecc(c5¢clnsn5)clcc
¢(cc1)C(=0)0)clc2c(cdcec3)cecl)CCCCCC

7.6

132

132

CCCCCCclcc(sclclec(c(s1)/C=C(/C(=0O)Nclccc(cc1)[Si](OC)(
OC)OC)\C#N)CCCCCC)clsc(cc1CCCCCC)clsc(cc1CCcccl)cic
cc2c(cl)clcecceccin2CC

12.5

133

133

CCCCCCclce(sclelsc(c(c1)Cccccec)/Cc=C(/C(=0)Nclcec(ccl)
C(=0)O)\C#N)c1sc(cc1CCCCCC)clsc(cc1CCCCCC)elcec2c(cl)
clcceecln2CC

9.32

134

134

CCCCn1c2ccc(cc2c2clcecc(c2)clcec2e(cl)clec(ccc1n2CCCC)c
1sc(c2c10CCO2)/C=C(/C(=0)O)\C#N)clccc2c(cl)clec(cccln
2CCCC)clcec2c(cl)cicecececin2CCCC

6.16

135

135

CCCCn1c2ccc(cc2c2clccc(c2)clcec2e(cl)cleccccln2CCCC)cl
ccc2c(cl)clee(cecc1n2CCCC)elsc(c2c10CCO2)/C=C(/C(=0)0)
\C#N

6.33

136

136*

CCCCn1c2cec(cc2c2clcee(c2)elsc(c2c10CCO2)/C=C(/C(=0)
O)\C#N)clccc2c(cl)cleccccdn2CCCC

5.87

137

137*

N#C/C(=C\clccc2c(nl)cec(c2)nlc2ecc(cc2c2clcec(c2)0C)0C
)/C(=0)O

0.75

138

138

CCCCccececcctnic2ceccec2c2clecc(c2)cinc2cecc(cc2nelclce
c2c(c1)clceceecIn2CCCCCCCCCCCC)clcecc(s1)C=C(C(=0)0)C#
N

2.17

139

139

CCCCCCn1c2cccecc2c2clcec(c2)clnc2ecc(cc2neclclceec2c(cl)c
1ccccc1n2CCCCCC)clecc(s1)C=C(C(=0)0)C#N

3.17

140

140

CCCCnlc2ccc(cc2c2clcccc2)clnc2cec(cce2nelclcec2c(cl)clc
ccccln2CCCC)clcec(s1)C=C(C(=0)0)CHN

4.27

141

141

N#CC(=Cclccc(s1)clcec2c(cl)nc(c(n2)clcecc2e(cl)clcccecln
2CC)clccc2c(cl)clceccccln2CC)C(=0)0

2.58
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CCCCCCCCnlc2cceec2c2clecclc2c2c3cc(cec3n(c2ccl)CCCCC

142 142 3.18
CCC)/C=C(/C(=0)O)\C#N
N#C/C(=C\c1sc2c(c1)C(clc2sc(cl)clcee(s1)nlc2cec(cc2c2cl

143 143* 4,78
cee(c2)C(C)(C)C)C(C)(C)C)(C)C)/C(=0)0
N#C/C(=C\c1sc2c(c1)C(clc2sc(cl)clcee(s1)clecc(sl)nlc2ccc

144 144* 4.33
(cc2c2clcec(c2)C(C)(C)C)C(C)(C)C)(C)C)/C(=0)0
CCCCCCCCclcc(sclclsc2c(c1)C(clc2sc(cl)/C=C(/C(=0)O)\CH

145 145* 3.38
N)(C)C)nlc2ccc(cc2c2clcec(c2)C(C)(C)C)C(C)(C)C
CCCCCCn1c2ccc(cc2c2celcecc2)clc(/C=C(/C(=0)O)\C#N)sc(c

146 146 3.2
1clcee2c(cl)cleccec1n2CCCCCC)/C=C(/C(=0)O)\C#N
N#CC(=Cclccc(ccl)CH#HCclcec2c(cl)n(clcec(ccl)C(F)(F)F)clc2

147 147* 2.45
ccc(cl)nlc2cec(cc2c2clcec(c2)C(C)(C)C)C(C)(C)C)C(=0)0
N#CC(=Cclccc(ccl)CH#Cclcec2c(cl)n(clcec(ccl)C(F)(F)F)clc2

148 148 ccc(cl)CHCclcecec(ccl)nlc2ecc(cc2c2clccc(c2)C(C)(C)C)C(C)(C 2.24
)C)C(=0)0
N#CC(=Cclccc(ccl)CH#Cclcec(s1)clccc(s1)C#Cclecc(ccl)nlc2

149 149* 2.23
ccc(ec2c2celcecec(c2)C(C)(C)C)C(C)(C)C)C(=0)0
N#C/C(=C\clccc2c(c1)clc(n2C)ecc2eclclc3eccee3n(clec2)C)/

150 150 2.49
C(=0)0
CCCCCCn1c2cec(cc2c2elcec(c2)/C=C(/clecc(s1)C=C(C(=0)0)

151 151 47
C(=0)O)\C#N)/C=C(/clccc(s1)C=C(C(=0)0)C(=0)0)\C#N
CCCCn1c2ccc(cc2c2clccec(c2)clcec(s1)clcec(ccl)C(=0)0)clc

152 152 1.37
cc(s1)clcee(ccl)C(=0)0
CCCCn1lc2ccc(cc2c2clcec(c2)clcec(s1)cleencel)clcec(sl)cl

153 153 2.04
ccnecl
CCCCnlc2ccc(cc2c2cidccec(c2)clcec(s1)clecc(c(c1)0)O)clcec(

154 154 0.07
s1)clcec(c(c1)0)O
CCCCn1lc2ccc(cc2c2clccec(c2)clcec(s1)cleencel)clcec(sl)cl

155 155* 151
ccc(ccl)C(=0)0
CCCCnlc2ccc(cc2c2cdccec(c2)clcec(s1)cleencel)cleec(sl)cl

156 156 0.06
ccc(c(c1)0)o
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CCCCnlc2ccc(cc2c2clcecc(c2)N(clcecececl)cleccecl)clecc(c(c

157 157 0.31
1)0)o
CCCCnlc2ccc(cc2c2clcec(c2)N(cleccecl)cleccecl)clcec(sl)

158 158 1.47
clcenccl
CCCCnlc2ccc(cc2c2clcecc(c2)N(clcecececl)cleccecl)clecc(c(c

159 159 1)0)0.CCCCn1c2cec(cc2c2clccc(c2)N(clececcecl)cleccecl)cl 0.21
ccc(s1)clcenccl
CCCCnlc2ccc(cc2c2clccc(c2)clcec(sl)clcenccl)cleec(sl)cl

160 160 ccnecl.CCCCnlc2ccec(cc2c2clcec(c2)N(clcceecl)clcececl)cl 0.34
ccc(c(c1)0)o
N#C/C(=C/clcec(s1)clsce(nl)clcee(ccl)nlc2eccec2c2clecce

161 161* 2.01
2)/C(=0)0
N#C/C(=C/clcec(s1)clsce(n1)clcee(ccl)clcec2c(cl)n(clecce

162 162 4,72
cl)clc2ceecl)/C(=0)0
CCCCn1c2cceec2c2clec(cc2)cleec(ccl)clesc(nl)cleec(s1)/C

163 163 4.47
=C(\C(=0)0)/C#N
CCCCCCOciccc(ccl)cicec2e(cl)clec(ceccin2clecc(ccl)clcec(

164 164 5.31
s1)clcec(s1)C=C(C(=0)0)C#N)clccc(ccl)OCCCCCC
CCCCCCOciccc(ecl)clcec2e(cl)clec(cccin2cleec2ce(c1)C(C)(

165 165 5.41
C)clc2sc(cl)clcee(s1)C=C(C(=0)0)C#N)clcec(ccl)OCCCCCC
CCCCCCOclcc(OCccccl)eccicdecc2e(cl)clec(cccin2clcec?

166 166 ¢(c1)C(C)(C)c1c2sc(cl)cleec(s1)C=C(C(=0)O)C#N)clcec(cclO 5.88
CCcccceyoccecccc
CCCCCCn1c2ccc(cc2c2celcec(c2)clcec(o1)/C=C(\C(=0)0)/C#

167 167 3.2
N)clccc(o1)C=C(C(=0)0O)CHN
CCCCCCn1c2ccec(cec2c2celcec(c2)clcec(s1)/C=C(\C(=0)0)/C#

168 168 3.8
N)clccc(s1)C=C(C(=0)O)C#N
CCCCCCn1c2ccec(cc2c2elcec(c2)clcec(ccl)/C=C(\C(=0)0)/CH

169 169* 3.4
N)clccc(cc1)C=C(C(=0)O)C#N

170 170* CCCCCCn1c2ccc(cc2c2clccec2)clecc(ccl)C=C(C(=0)O)C#N 3.2

171 171 CCCCCCn1c2cec(cc2c2clcccc2)cleec(c(cl)F)C=C(C(=0)0)C# 4
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N

172 172 CCCCCCn1lc2ccc(cc2c2clcccc2)cleec(cclF)C=C(C(=0)0)CHN 2.7
CCCCCCnlc2cec(cc2c2clcecc2)clccc(c(c1F)F)C=C(C(=0)O)C#

173 173 3.5
N
CCCCnlc2ccc(cc2c2clecc(c2)C=C1SC(=0)NC1=0)C=C1SC(=0

174 174* 1.44
JNC1=0
CCCCnlc2ccc(cc2c2clcec(c2)C=C1C(=0)NC(=0)NC1=0)C=C1

175 175* 0.33
C(=0O)NC(=0O)NC1=0

176 176 CCCCnlc2ccc(cc2c2clcccc2)C=C1C(=0)NC(=0)NC1=0 1.26

177 177* CCCCCCnlc2ccc(cc2c2clcccc2)C=C1C(=0)NC(=0)NC1=0 1.47
CCCCCCclcc(sclcleec(ccl)N(clcec2e(cl)clecceccln2clccccc

178 178 1)clcec2c(cl)clecccedn2clceeccl)clsc(cc1CCCCCC)/C=C(\C( 7.43
=0)0)/C#N
CCCCCCclcc(sclcleec(ccl)N(clcec2e(cl)cleccecln2clccecc

179 179 5.31
1)clcec2c(cl)clcecccin2clcccecl)/C=C(\C(=0)0)/C#N

“** represent the test set compound

3.1.4 Indoline dataset (Study 1)

This dataset consists of 159 compounds, among which 121 compounds are present in the training

set and 38 compounds are present in the test set. The detail of this dataset is shows in Table 3.4.

Table 3.4: Details of the indoline dataset

Serial Compound Experimental
Number SMILE PCE

CCCCCCCCn1c(=0)/c(=c/2\c(=C/c3cce(s3)c3cecdc(c3)C3

1 CCCC3N4c3cccdce(c3)Ce3c4ccee3)\sc(=0)n2CC(=0)0)/sc 5.15
1=C(C#N)C#N
CCCCCCCCn1c(=0)/c(=c/2\c(=C/c3cce(s3)c3cecdc(c3)C3

2 CCCC3N4c3cccdc(c3)C(C)(C)ec3cdccec3)\sc(=0)n2CC(=0) 5.55
0)/sc1=C(C#N)C#N

3 CCCCCCCCn1c(=C(CHN)C#N)s/c(=c\2/c(=C\c3ccc(s3)c3ce 5.34
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c4c(c3)C3CCCC3N4c3cecdc(c3)C(CCCC)(CCCC)c3c4cccec3
)/sc(=0)n2CC(=0)0)/c1=0

CCCCCCCCn1c(=C(CHN)C#N)s/c(=c\2/c(=C\c3ccc(s3)c3cc
c4c(c3)C3CCCC3N4c3cecdc(c3)C(Ccceececc)(cececcecca)
c3cdcccc3)/sc(=0)n2CC(=0)0)/c1=0

4.92

CCCCCCCCN1C(=S)S/C(=c\2/s/c(=C\c3ccclc(c3)C3CCCC3
N4c3cec(ce3)C=C(c3cccece3)c3cecce3)/c(=0)n2CC(=0)0)/
C1=0

4.92

CCCCCCCCn1c(=0)/c(=c/2\c(=Cc3cccdc(c3)C3CCCC3N4c
3cee(ce3)C=C(c3cccce3)c3cecece3)sc(=0)n2CC(=0)0)/scl
=C(CHN)CHN

5.15

CCCCC1(CCCC)c2cc(cecec2c2clceccc2)N1C2CCCC2c2clcec(
c2)clecc(s1)/C=c\1/sc(=0)n(/cl=c/1\sc(=C(CHN)C#N)n(c
1=0)CCCCCCCC(=0)0)CcCc(=0)0

5.19

CCCCCclnc2c3cc(sc3c3c(c2nc1CCCCC)cec(s3)/C=C(/C(=0
JO)\C#N)clccc(c2clnsn2)clecc2¢(c1)C1CCCCIN2clcec(c
cl1)C

7.12

9*

CCCCCCCCn1c(=0)s/c(=C/c2cec(s2)c2cce3c(c2)C2CCCC2
N3c2cce3c¢(c2)C(CCCC)(CCCC)c2c3ccce2)/c/1=c\1/sc(=C(
C#N)C#N)n(c1=0)CCCCCCCC

4.49

10

10

CCCCCCn1c2cec(cc2c2cleccc2)N1c2cec(cc2C2C1CCC2)c
lccc(c2cdnsn2)clcec(s1)/C=C(\C(=0)0O)/C#N

11

11*

CCCccecececci(ceceeccel)c2ec(sc2c2ciec(s2)/C=C(\C(=
0)0)/C#N)clcec(c2clnsn2)clccc2c(c1)C1CCCCIN2clccc
2c(c1)clcecececcin2CCCCCC

7.53

12

13

CCCCCCCCOclcc(OCCcCeccC)eecicieec(ccl)C(=Celecc(
cc1)N1c2cec(cc2C2C1CCC2)clncc(c2cdnc(clcececd)c(n2
Jelcceeel)clecee(s1)/C=C(/C(=0)0)\C#N)clccc(ccl)clece
(cca0ccccececce)ocececceccce

8.43

13

14

CCCCcceeeccClelec(sciclsc2e(cl)sc(c2)/C=C(\C(=0)0)/
C#N)clcee(cc1)N1c2cec(cc2C2C1C1CCC2C1)C=C(clccccc

3.85
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1)clccccecl

14

15*

CCCCCCCCCCCCelcec(sclclsc2c(cl)sc(c2)/C=C(\C(=0)0)/
C#N)clcec(ccl)N1c2cec(cc2C2C1C1CCC2C1)clecesl

4.62

15

16

CCnlo/c(=c/2\c(=Cc3ccc(cec3)c3ceccdc(c3)C3CCCC3N4c3c
ccce3)sc(=0)n2CC(=0)0)/sc1=S

4.07

16

17*

CCCCCCOclcc(OCcCccCC)eecicdcecc(ccl)N1c2eec(cc2C2C
1CCC2)clcec(c2cdnc(clceccecl)c(n2)clccececl)clcecec(sl)/
C=C(/C(=0)0O)\C#N

8.12

17

18

CCCCCCOclcc(OCccccl)eectcedecec(ccl)C(=Celcec(ccl)N
1c2ccc(cc2C2C1CCC2)clcec(c2cdnc(clcecec)c(n2)clcce
ccl)cleec(s1)/C=C(/C(=0)O)\C#N)clccc(ccl)clecc(cclO
Ccccecee)occecececce

7.28

18

19

N#C/C(=C\clcec(s1)cleec(c2cinc(cleccecl)c(n2)clcecce
1)clcec2c(c1)C1CCCCIN2clcec(cel)C)/C(=0)0

7.79

19

20

N#Cclccc(cc1)N1C2CCCC2c2clccec(c2)clccc(ccl)C=clsc(
=0)n(/c/1=c\1/on(c(=S)s1)CC)CC(=0)0

3.34

20

21

Cclcec(cc1)N1c2cec(cc2C2C1CCC2)clecc(c2clnsn2)clcc
c(cc1)C(=0)0

6.12

21

22*

Cclcec(ccl)N1c2ccc(cc2C2C1CCC2)CHCclecc(c2clnsn?)
clcce(ccl)C(=0)0

6.28

22

23*

Cclcec(ccl)N1C2CCCC2c2clcec(c2)clcec(c2clnsn2)CHC
clccc(ccl)C(=0)0

7.13

23

24

N#C/C(=C/clcec(s1)clcec(c2cinc(clceccecl)c(n2)clcecce
1)clcec2c(c1)C1CCCCIN2c1cec(ccl)C)/C(=0)0

9.2

24

25*

CCCCccecea(ceececcc)c2ec(sc2c2ciec(s2)clcec(c2cdn
c(clcccecl)c(n2)cleccecl)cleec2c(c1)C1CCCCIN2cdcec(
cc1)C)/C=C(\C(=0)0)/C#N

25

26

CCnlo/c(=c/2\c(=Cc3cce(ce3)c3cecdc(c3)C3CCCC3N4c3c
cc(cc3)N(C)C)sc(=0)n2CC(=0)0)/sc1=S

0.22

26

28*

COclcecc(cc1)N1C2CCCC2c2clccec(c2)clcec(ccl)C=clsc(=
O)n(/c/1=c\1/on(c(=S)s1)CC)CC(=0)O

4.08
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27

29

CCnlo/c(=c/2\c(=Cc3ccc(cec3)c3ceccdc(c3)C3CCCC3N4c3c
cc(cc3)C(F)(F)F)sc(=0)n2CC(=0)0)/sc1=S

3.58

28

30

CCCCnlc2ccc(cc2c2cdnclcecccln?)/C=C(/C(=0)0)\C#N

0.77

29

31*

CCCCn1lc2ccc(cc2c2cdnclcecccin2)clcec(s1)/C=C(/C(=0
JO)\C#N

3.07

30

32

CCCCnlc2ccc(cc2c2cdnclcecccln2)CCeleec(ccl)/C=C(/
C(=0)O)\C#N

0.63

31

33

CCCCCCCCCCClelec(sclclec2c(s1)cc(s2)/C=C(\C(=0)0)/
C#N)clcec2c(c1)C1C3CCC(CIN2clcec(ccl)C=C(clcceccl)
clcceecl)C3

4.38

32

34

CCCccccCnlnc2c(nl)c(clecce(s1)/C=C(/C(=0)O)\C#N)c1
c(c2c2cce(s2)c2ccec3c2C2C4CCC(C2N3c2ccecc2)C4)nc(c

(n1)clcceecl)clcececcl

2.7

33

35

CCCCCCCCnlnc2c(nl)c(clece(ccl)/C=C(\C(=0)0)/C#N)c
1c(c2c2cec(s2)c2ceecc3c2C2C4CCC(C2N3c2ccecc2)Ca)nc(

c(n1)clcceccl)cleccecl

1.2

34

36

CCCCCCCCnl1nc2c(nl)c(clecec(s1)C(=0)0)cic(c2c2cec(s2
)Jc2ccec3c2C2C4CCC(C2N3c2ccccc2)Ca)ne(c(nl)cleccecl

)Jclcccecl

4.8

35

37*

CCCCCCCCnl1nc2c(nl)c(clececc(ccl)C(=0)0)clc(c2c2ccc(s
2)c2cccc3c2C2CACCC(C2N3c2cccec2)Ca)nc(c(nl)cleeccc

1)clcccecl

2.8

36

38*

CCCCCCCCn1nc2c(nl)c(clcec(s1)/C=C(/C(=0)O)\C#N)c1
c(c2c2ccecec3c2C2CACCC(C2N3c2cccec2)Ca)nc(c(nl)clecc

ccl)clcececd

4.8

37

39

CCCCccCCninc2c(nl)c(clcec(ccl)/C=C(/C(=0)O)\C#N)c
1c(c2c2cccec3c2C2C4CCC(C2N3c2ccccc2)C4)nc(c(nl)clcc

cccl)clcececd

4.4

38

41

CCCCCCCCnlnc2c(nl)c(cicec(s1)/C=C(\C(=0)0)/C#N)c1
c(c2c2cce(s2)c2cec(cc2)N2C3CACCC(C3c3c2cecec3)Ca)nc(

c(n1)clcceecl)clcececl

4.5
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39

42*

CCCCCCCCnl1nc2c(nl)c(clcec(ccl)/C=C(\C(=0)0)/C#N)c
1c(c2c2ccece(s2)c2ceec(cc2)N2C3CACCC(C3c3c2ccec3)C4)n

c(c(n1)clcccecl)clcccecl

3.2

40

43

CCCCCCCCninc2c(nl)c(clcec(s1)C(=0)0)clc(c2c2cec(s2
Jc2cee(cc2)N2C3C4CCC(C3c3c2cccc3)Ca)nc(c(nl)clccccc

1)clccccecl

5.4

41

44

N#CC(=Cclccc(s1)cleec(s1)clcec2c(cl)cc(n2clcec2c(cl)
C(C)(C)clc2ceecl)cleccecl)C(=0)0

6.96

42

45*

CCCCCCclcec(ccl)clec2ce(niclcec3c(c1)C(C)(C)clc3cecc
1)ccc(c2)clcece(s1)cleec(s1)C=C(C(=0)O)C#N

7.18

43

46

N#C/C(=C\c1cc2C3CCCC3N(c2c2clccee2)cleec(ccl)C=C(
clccececl)clceeecl)/C(=0)0

2.15

44

47*

N#C/C(=C\clccc2c(c1)C1CCCCIN2clcec(cecl)C=C(clcecc
c1)clecccecl)/C(=0)O

2.27

45

48

OC(=0)CN1C(=S)S/C(=C\c2cc3C4CCCCAN(c3c3c2cecc3)c
2ccc(cc2)C=C(c2cccee2)c2ceccc?)/C1=0

1.66

46

49

OC(=0)CN1C(=S)S/C(=C\c2ccc3c(c2)C2CCCC2N3c2ccec(cc
2)C=C(c2cccce2)c2ceccc?)/C1=0

3.55

47

50

CCN1C(=S)S/C(=c\2/s/c(=C\c3cc4C5CCCC5N(c4cac3ccec
4)c3ccec(ce3)C=C(c3cccce3)c3ceecc3)/c(=0)n2CC(=0)0)/
C1=0

2.65

48

51

CCCCCCCCCCCCelec(sclclsc2e(c)sc(c2)/C=C(\C(=0)0)/
C#N)clcec(cc1)N1c2cec(cc2C2C1C1CCC2C1)clcec(ccl)O
C

4.24

49

52

CCCCCCCCCCCCelec(sclclsc2e(c)sc(c2)/C=C(\C(=0)0)/
C#N)clccc2c(c1)C1C3CCC(CIN2clcec(ccl)cleces1)C3

4.23

50

53

CCCCCceeeCClelec(sclclec2c(s1)ec(s2)/C=C(\C(=0)0)/
C#N)clccc2c(c1)C1C3CCC(CIN2clcec(ccl)clecc(ccl)OC)
Cc3

2.96

51

54

CCCCCCCCnl1nc2c(nl)c(clccc(ccl)C(=0)0)clc(c2c2ccc(s
2)c2ccc(cc2)N2C3C4CCC(C3c3c2cccec3)Ca)nc(c(nl)clcec

3.1
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ccl)clcececl

52

55

CCCCcCCCninc2c(nl)c(clcec(ccl)N1c3cecec3C3C1CICC
C3C1)clc(c2c2cec(s2)C(=0)0)nc(c(n1)clcccecl)clceccecl

3.9

53

57

CCN1C(=S)S/C(=c\2/s/c(=C\c3cccac(c3)C3CCCC3N4c3cc
c(cc3)C=C(c3ccecce3)c3cceec3)/c(=0)n2CC(=0)0)/C1=0

411

54

58*

N#C/C(=C\clccc(s1)clecc2c(cl)clceceeccinlc2ec2clec(cc
2)C)/C(=0)0

6.22

55

59

N#C/C(=C\clccc(s1)clecc(sl)clcec2c(cl)clecceclnlc2ec
2clcc(cc2)C)/C(=0)0

8.34

56

60

CCN1C(=S)S/C(=c\2/s/c(=c\3/c(=Cc4ccc5¢c(c4)CACCCCAN
5c4ccc(ccd)C=C(c4cccecd)cdeccecd)sc(=0)n3CC(=0)0)/c
(=0)n2€C)/C1=0

3.92

57

61

CCCCCCCCN1/c(=C/2\SC(=S)N(C2=0)CCCCCCCC)/s/c(=c\
2/c(=Cc3cccéc(c3)C3CCCC3N4c3cec(cc3)C=C(c3cccee3)c
3cceec3)sc(=0)n2CC(=0)0)/c1=0

4.36

58

62

CCCCC(Cn1c(=0)/c(=c/2\c(=Cc3ccc4c(c3)C3CCCC3N4c3c
cc(ce3)C=C(c3cceec3)c3ceccee3)sc(=0)n2CC(=0)0)/s/c/1
=C\1/SC(=S)N(C1=0)CC(CCcc)cc)cc

4.12

59

63*

0OC(=0)Cn1c(=0)sc(=Cc2ccc3c(c2)C2CCCC2N3c2ccec(cc2)
C=C(c2ccccc2)c2ccecc?)/c/1=c\1/s/c(=C\2/SC(=S)N(C2=
0O)c2ccccc2)/n(c1=0)clcceecl

4.09

60

64*

CCCCCCCCN1C(=S)S/C(=c\2/s/c(=c\3/c(=Cc4ccc5e(ca)Ca
CCCCANS5c4ccc(ccd)C=C(clcccccd)clceccccd)sc(=0)n3CC(
=0)0)/c(=0)n2c2cccec2)/C1=0

4.35

61

65*

CCCCCCCCn1c(=0)/c(=c/2\c(=Cc3cccic(c3)C3CCCC3N4c
3cee(ce3)C=C(c3cccee3)c3cecce3)sc(=0)n2CC(=0)0)/s/c/
1=C\1/SC(=S)N(C1=0)clcccccl

4.15

62

67

CCCCCCCCCCCClelec(sclclsc(c2c10CC02)/C=C(/C(=0)0
JAC#N)clccc(cc1)N1c2cececec2C2C1C1CCC2CT

5.2

63

69

CCCCCCCCnl1nc2c(nl)c(clcec(ccl)N1c3cceec3C3C1CICC
C3C1)clc(c2c2ccc(cc2)/C=C(/C(=0)O)\C#N)nc(c(n1)clcc

4.1
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cccl)clcececl

64

70

CCCCCCCCnlc(c2cec(cc2)Occceeccl)c(c2eiccec(c2)clcec
c(s1)/C=C(\C(=0)0)/C#N)clc2cc(ccc2n(clclcec(ccl)OCC
CCCCCC)CCCeeeel)clecec(s1)/C=C(\C(=0)0)/CHN

6.05

65

71

CCCCCCCCnlc(c2cec(cc2)Occceeccl)ce(c2eiccec(c2)clcec
c(s1)clcee(s1)/C=C(\C(=0)0)/C#N)clc2cc(ccc2n(clclccc
(cc1)OCCCCeeec)ceeeceel)elecce(s)elecec(s1)/C=C(\C(
=0)0)/C#N

6.54

66

72*

CCCCCCn1c2cec(cc2c2clcicececcl1C2(CCCCCC)cceeci)e
1ccc(ccl)/C=C(/C(=0)O)\C#N

6.29

67

74*

CCCCCCnlc2ccec(cc2c2clcleccecl1C2(CCCCCC)CCCCCC)e
1ccc(ccl)/C=c/1\sc(=C(C#N)C#N)[nH]c1=0

3.6

68

75

CCCCCCnlc2ccec(cc2c2clcleccecl1C2(CCCCCC)CCCCCC)e
1cce(s1)/C=c/1\sc(=C(C#N)C#N)[nH]c1=0

541

69

76*

CCCCCCn1c2cec(cc2c2clcicecccclC2(CCCCCC)ccccce)c
#Cclccc(ccl)/C=C(\C(=0)0)/C#N

5.16

70

7

CCCCCCnlc2cec(cc2c2clciccccclC2(CCCCCe)ccecce)c
#Cclccc(s1)/C=C(/C(=0)O)\C#N

6.86

71

78

CCCCCCn1c2cec(cc2c2clciccccclC2(CCCCCe)cccece)c
#Cclccc(c2clnsn2)clcec(ccl)C(=0)0

7.99

72

79

CCCCceeeeeelnic(cec2cicec(c2)clecec(s1)/C=C(/C(=0)0
J\C#N)c1ccc(s1)/C=C(/C(=0)O)\C#N

4.55

73

80*

CCCccceecceccinic(ce2elecce(c2)clecce(s1)/C=C\1/SC(=S)
N(C1=0)CC(=0)0)clccc(s1)/C=C/1\SC(=S)N(C1=0)CC(=0
)O

5.13

74

81*

CCCCn1c2ccc(cc2c2cdnclcecececin2)CiCeleecc(cl)/C=C(/
C(=0)0)\CEN

0.97

75

82

CCCCn1c2ccc(cc2c2cinclceceec1n2)CHCelecc(s1)/C=C(/C
(=0)O)\C#N

241

76

83*

CCCCn1lc2ccc(cc2c2cdnclcccccin2)C#Celeec(s1)clcec(s
1)/C=C(/C(=0)O)\C#N

2.3
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CCCCCCCCnlc(c2cec(cc2)Occceeccl)ce(c2eciccec(c2)clcec

77 84* c(01)/C=C(\C(=0)0)/C#N)clc2cc(ccc2n(clclcec(ccl)OC 5.87
CCCCCCe)cceececl)ciecc(ol)/C=C(\C(=0)0)/C#N
CCCCCCCCN1C(=0)S/C(=c\2/c(=Cc3cccac(c3)C3CCCC3N

78 85 4c3ccc(ce3)C=C(c3cccec3)c3cccce3)sc(=0)n2CC(=0)0)/C 3.38
1=0
CCN1C(=S)S/C(=c\2/c(=Cc3ccclc(c3)C3CCCC3N4c3ccecc

79 86 4.31
3)sc(=0)n2CC(=0)0)/C1=0
CCN1C(=S)S/C(=c\2/c(=Cc3cccac(c3)C3CCCC3N4c3ccccc

80 87 1.92
3C(=0)0)sc(=0)n2CC)/C1=0
CCN1C(=S)S/C(=c\2/c(=Cc3ccclc(c3)C3CCCC3N4c3ccec(

81 88 1.6
¢3)C(=0)0)sc(=0)n2CC)/C1=0
CCN1C(=S)S/C(=c\2/c(=Cc3ccclc(c3)C3CCCC3N4c3ccc(c

82 89 2.1
¢3)C(=0)0)sc(=0)n2CC)/C1=0
CCN1C(=S)S/C(=c\2/c(=Cc3ccclc(c3)C3CCCC3N4c3ccc(c

83 90* 4,53
¢3)C0)sc(=0)n2CC(=0)0)/C1=0
CCN1C(=S)S/C(=c\2/c(=Cc3ccclc(c3)C3CCCC3N4c3ccc(c

84 91 3.43
c3)C0)sc(=0)n2CCC(=0)0)/C1=0
CCN1C(=S)S/C(=c\2/c(=Cc3cccac(c3)C3CCCC3N4c3ccc(c

85 92* 3.69
¢3)C0)sc(=0)n2CCCC(=0)0)/C1=0
CCCCCCn1lcc(c2cleccc2)/C=C(\clcec(s1)/C=C/1\SC(=S)N

86 93 0.35
(C1=0)CC(=0)0)/C#N
N#CC(=Cclccc(s1)cleec(s1)clcc2CCCC3c2c(c1)C(clcec2e

87 94 8.42
(c1)C(C)(C)clc2cececcl)N3clceececl)C(=0)0
N#CC(=Cclccc(s1)cleec(s1)clccc2c3c1CCCC3N(C2clccc

88 95* 6.88
2¢(c1)C(C)(C)c1c2ccecd)cleccecl)C(=0)0
CCCCCCclcc(sclclsc(c(c1)CCCCCC)C=C(C(=0)0)C#N)cic

89 96 3.4
cc2c(c1)C1CCCCIN2clcccecd
N#C/C(=C\clcecc(s1)cleecec2c(c1)CCN2clecc(cecl)C=C(clcc

90 97* 3.94
cccl)clceceecl)/C(=0)0

91 98 N#C/C(=C\clccc2c(cl)nc(s2)clecc2e(c1)CCN2clcec(ccl) 4.02
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C=C(clcccccl)cleececl)/C(=0)0
CCN1C(=S)S/C(=c\2/s/c(=C/c3ccc(s3)c3cccdc(c3)N(CC4A)c

92 99 3ccc(ce3)C=C(c3cceee3)c3cccece3)/c(=0)n2CC(=0)0)/C1= 1.42
0]

CCCCCCnlcc(c2clcccc?)/C=C(\clccc(s1)C=C(C(=0)0)C#

93 100 1.04
N)/C#N
CCN1C(=S)S/C(=c\2/s/c(=C\c3cccac(c3)nc(s4)c3cccdc(c3

94 101 JCCN4c3cec(ce3)C=C(c3ccece3)c3ccecce3)/c(=0)n2CC(=0) 2.91
0)/C1=0
N#CC(=Cclccc2c(cl)[C@@H]1CCC[C@H]1N2c1ccc(ccl)

95 102* 1.79
C)C(=0)0
N#CC(=Cclccc(s1)clcec2c(cl)[C@@H]1CCC[C@H]1IN2c

96 103 4,58
1ccc(cc1)C)C(=0)0
N#CC(=Cclcce(s1)/C=C/clccc2c(cl)[C@@H]1CCC[C@H]

97 104 4.46
1N2clccc(ccl)C)C(=0)0
N#CC(=Cclcce(s1)/C=C/clccc(s1)clecc2e(cl)[C@@H]1C

98 105 2.53
CC[C@H]1N2clcec(cc1)C)C(=0)0
N#C/C(=C\clcec(s1)cleec(c2clnsn2)cleec2c(c1)N(clece

99 106 3.86
(ccl1)C)cac2ccc1)/c(=0)o
CCCCCCclce(sclelcec(s1)/C=C(/C(=0)O)\C#N)clccc(c2c

100 107 7.63
1nsn2)clccc2c(c1)N(clcec(ccl)C)C1C2CCCa
CCCCCCn1lce(c2clecc(c2)0C)/C=C(\clcece(s1)/C=C/1\SC(

101 108 0.046
=5)N(C1=0)CC(=0)0)/C#N
CCCCccci(cccect)e2eceec2c2cleec(c2)N1C2CCCC2c2c

102 110 5.09
lcc(/C=C/clcce(s1)/C=C(/C(=0)O)\C#N)cc2
N#C/C(=C\clccc(s1)/C=C/clccc2c(c1)N(clecc(ccl)C)C1C

103 111* 3.99
2CCC1)/C(=0)0
CCN1C(=S)S/C(=c/2\s/c(=C\c3cccac(c3)N(c3ccc(cec3)C=C

104 112 6.51
(c3cceee3)c3cceec3)C3C4CCC3)/c(=0)n2CC(=0)0)/C1=0
OC(=0)CN1C(=S)S/C(=c/2\s/c(=C\c3cccac(c3)N(c3cec(cc

105 113* 5.5
3)/C=C(\c3cccee3)/C3=CC=CCC3)C3CACCC3)/c(=0)n2CC(
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=0)0)/C1=0

106

114

CCN1C(=S)S/C(=c/2\s/c(=C\c3cccac(c3)N(c3cec(cc3)/C=
C(\c3ccecee3)/C3=CC=CCC3)C3C4CCC3)/c(=0)n2CCC(=0)
0)/C1=0

5.6

107

115

CCN1C(=S)S/C(=c/2\s/c(=c/3\s/c(=C\c4ccc5c(c4)N(cdccc
(cc4)/C=C(\clcccccd)/C4=CC=CCC4)CAC5CCC4)/c(=0)n3
CC(=0)0)/c(=0)n2CC)/C1=0

5.93

108

116

CCCCCCclcc(sclclec(c(s1)C=C(C(=0)0O)C#HN)CCCCCC)clc
cc2¢(c1)C1CCCCIN2clcec(ccl)OC

109

117

CCCCCCclce(sclelsc(c(c1)CCCCCC)clsc(cclCCCccce)/c=
C(/C(=0)O)\C#N)c1sc(cc1CCCCCC)clsc2c(cl)n(clc2ccec
1)CC

110

118

CCCCCCclcc(sclclsc(c(c1)CCCCCC)C=C(C(=0)0)C#N)cic
c2c(s1)clc(n2CC)ccccl

7.4

111

120

CCCCCCnlcc(c2clcec(c2)0C)/C=C(\clcce(s1)/C=N/clccc
(cc1)C(=0)0)/C#N

4.12

112

121

CCCCn1c(/C=C/c2cecc(n2c2ccc(cc2)c2ccc(cec2)N(c2ceccec?
)Je2cceec2)/C=C(\C(=0)0)/C#N)cc2clccc(c2)clece(ccl)N(

clcceecl)clceccecd

431

113

122

CCCCCCn1c2cec(cc2c2elceec?)clecc(ccl)nlc(cccl/C=C(
\C(=0)0)/C#N)/C=C/c1cc2c(n1CCCC)ccc(c2)clccc2e(cl)c
lcceecln2CCCCCC

431

114

123

CCCCCCclcc(sc1/C=C(\C(=0)0)/C#N)clccc(c2cinsn2)cl
ccc2c(c1)C1CCCCIN2clccec(ccl)C

6.85

115

124

CCCCCCclcc(sclcleec2c(c1)C1CCCCIN2clcec(ccl)C)clc
cc(c2clnsn2)clcec(c(s1)/C=C(\C(=0)0)/CHN)CCCCCC

4.64

116

125

CCCCCCclcc(sciclsc(c(c1)CCCCCC)C=C(C(=0)0)C#N)cic
cc2c(c1)C1CCCCIN2CC

3.7

117

126

CCCC1(CCC)c2cec(cc2c2cleccc2)N1C2CCCC2c2clcec(c2)
clcec(c2clnsn2)clcec(s1)/C=C(\C(=0)0)/CHN

6.9

118

127

N#C/C(=C/clcec(s1)clcec(c2cinsn2)clcec2c(c1)C1CCCC

5.87
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1N2clcec(ccl)C(C)(C)C)/C(=0)0
CCCC1(CCC)c2ccc(cc2c2clcececc2)N1C2CCCC2c2clcec(c2)

119 128 6.2
clcce(s1)/C=C(\C(=0)0)/C#N
CCCCCCnlcc(c2clcec(c2)0C)/C=C(\clcec(s1)C=C(C(=0)O

120 129 1.48
JCH#N)/CHN
0OC(=0)clccc2c(c1)C(=0)/C(=C/clcce(s1)clcec3c(c1)C1C

121 130 4.68
CCC1N3clccc3c(c1)C(C)(C)clc3ceccl)/C2=0
CCCCCCclcc(sc1/C=C/1\C(=0)c2c(C1=0)cc(cc2)C(=0)0)

122 131 6.11
clccc2c(c1)C1CCCCIN2cl1cec2c(c1)C(C)(C)clc2ccecl
OC(=0)CN1C(=S)S/C(=C\c2ccc3c(c2)N(c2cce(cec2)C=C(c2

123 132 2.35
cccec2)c2ceccec2)C2C3CCC2)/C1=0
CCCCCCCCN1C(=S)SC(=c2sc(=Cc3ccecéc(c3)C3CCCC3N4c

124 133 5.7
3ccc(ce3)C=C(c3cccec3)c3cccee3)c(=0)n2CC(=0)0)C1=0
N#C/C(=C\clccc(ol)clcec(c2clnon2)clcec2c(c1)C1CCCC

125 134 6.21
1N2clcee(ccl)C)/C(=0)0
CCCCCCclcc(sc1/C=C(/C(=0)O)\C#N)clcecc(c2cinon2)cl

126 135 8.61
ccc2¢(c1)C1CCCCIN2clicec(ccl)C
N#CC(=Cclccc(s1)clcec(s1)clccc2c¢(c1)C1CCCCIN2clcec

127 136* 5.97
(cc1)C)C(=0)0
N#C/C(=C\clcecc(s1)cleec2c(c1)C1CCCCIN2celcec(ccl)C)

128 138 442
/C(=0)0
CCCCCCCCN1C(=0)c2c(C1=0)c(ccc2clcec2c(c1)cicecce

129 139 5.11
N2clcce(cel)C)clecc(s1)/C=C(/C(=0)O)\C#N
COclcce(cc1)N1C2CCCC2c2clecc(c2)/C=C(/C(=0)O)\C#

130 140 4.03
N
CCCCcccCCninc2c(nl)c(ccc2elcec(s1)/C=C(/C(=0)O)\C#

131 141 8.38
N)clccc2c(c1)C1CCCCIN2clccec(ccl)C
N#C/C(=C\clcecc(s1)clsc(c2c10CCO2)clcec2c(c1)C1ccC

132 142 4.45
C1N2clccc(cc1)C)/C(=0)0
CCCCCCOciccec(ccl)N(clcee(cc1)OCCCCCC)clccec(ccl)nl

133 143 7.25
c2cc(sc2c2clec(s2)clecc2ce(c1)C1CCCCIN2cIcec2c(c1)C(
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CCC)(CCC)clc2ceccl)/C=C(/C(=0)O)\CHN

134

144

CCCCCCOc1cec(ccl)N(cleec(cc1)OCCCCCC)cleec(ccl)nl
c2cc(sc2c2clcec(s2)clecc2c(c1)C1CCCCIN2clcec2c(cl)C(
CCC)(CCC)c1c2c2c(c3clclccecec1C3(CCC)CCC)clc(C2(CcC

C)CCC)ccecl)/C=C(/C(=0)O)\C#N

8.78

135

145

CCCCCCN(clcec(ccl)nlc2ec(sc2c2clcec(s2)clccc2e(cl)Cl
CCCC1IN2clccc2c(c1)C(CCC)(CCC)clc2ccccl)/C=C(/C(=0)
O)\C#N)CCceee

7.4

136

146

CCCCCCclcc(sc1/C=C(\C(=0)0)/C#N)c1sc2c(cl)cinn(nc
1clc2sc(cl)clec2c(s1)clc(n2CC(CCCC)CC)ccec1)CC(ccC
C)CC

6.71

137

147

Cclcec(cc1)N1C2CCCC2c2clcec(c2)clecc2c3clccec3c(=
O)n(c2=0)CC(=0)0

1.18

138

148

OC(=0)Cnic(=0)c2ccc(c3c2c(c1=0)ccc3cicec2e(c1)C1cC
CC1N2clcec(ccl)C)eclecc2c(c1)C1CCCCIN2cdcec(ccl)C

2.7

139

149

N#C/C(=C\1/CCCC(=C1)/C=C/clccc2c(c1)C1CCCCIN2clc
cc(cc1)C)/C(=0)0

1.92

140

150

N#CC(=Cclccc(s1)clenc(c2cinsn2)clcec2c(c1)C1CCCCl
N2clcecc(ccl)C)C(=0)0

2.1

141

151*

CCCCc(cca(cc(ceee)cl)e2ec(sc2c2c1ec(s2)cdecc(s1)C=
C(C(=0)0)C#N)clcnc(c2clnsn2)clcec2c(c1)C1CCCCIN2c
1ccc(cc1)C)CC

5.1

142

152

COclcce2c(cl)cee(c2)N1C2CCCC2c2clecc(c2)/C=C/1\SC(
=S)N(C1=0)CC(=0)0

5.5

143

153

COclcce(cecl)N1c2ceec(cc2C2C1CCC2)/C=C/1\SC(=S)N(C1
=0)CC(=0)0

511

144

154

CCCclc(/C=C(/C(=0)O)\C#N)sc2clsc(c2)clccc2c(c1)C1C
CCC1N2clccc2c(c1)C(CCC)(CCC)clc2ccecd

6.95

145

155

CCCCCCOclccec(ccl)N1C2CCCC2c2cicec(c2)clec2e(s)c(
c(s2)/C=C(/C(=0)0)\C#N)CCC

5.61

146

156

CCCclc(/C=C(/C(=0)O)\C#N)sc2clsc(c2)clcec2c(c1)C1C

5.89
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CCC1IN2clcec(cc1)OoC(C)(C)C

147

157

CCCclc(/C=C(/C(=0)O)\C#N)sc2clsc(c2)clccc2c(c1)C1C
CCC1IN2clcec2c(c1)C(CCC)(CCC)clc2c2c(c3clclccccclC
3(CCC)CCC)clc(C2(cce)ccl)ecec

7.08

148

158

N#C/C(=C\clccc(ccl)cleec(c2clnsn2)clecc2c(c1)C1CCC
C1N2clccec(cc1)C)/C(=0)0

53

149

159*

N#C/C(=C\clccc(s1)clecc(c2clnsn2)clcecc2c(c1)C1CCCC
1N2clcec(ccl)C)/C(=0)0

53

150

161

N#C/C(=C/clccc2c(c1)C1CCCCIN2clccec(cecl)C=C(clcecc
c1)clecccecl)/C(=0)O

2.6

151

162

N#C/C(=C/clcec(s1)clecc2c(c1)C1CCCCIN2cicec(ccl)C=
C(clcceecl)cleccecl)/C(=0)0

3.78

152

163*

N#C/C(=C/clcec(s1)clcec(s1)clcec2c(c1)C1CCCCIN2clc
cc(cc1)C=C(clcccecl)clecceel)/C(=0)0

3.19

153

164

N#CC(=Cclccc(s1)clcec(s1)clcec(sl)cleec2c(cl)CiCCCC
1N2clcec(ccl)C=C(clccececl)cleececl)C(=0)0

2.08

154

165

CCCCCCclcc(sclclcec2c(c1)C1CCCCIN2c1cec(ccl)C=C(c
1cceeel)clcececl)/C=C(\C(=0)O)/C#N

3.36

155

166

OC(=0)CN1C(=S)S/C(=C/c2cce(s2)c2cec3c(c2)C2CCCC2N
3c2ccec(cc2)C=C(c2ccecc2)c2cccec?)/C1=0

2.83

156

167

CCN1C(=S)S/C(=c\2/s/c(=C/c3ccc(s3)c3ccedc(c3)C3CCCC
3N4c3ccec(ce3)C=C(c3cceec3)c3cccec3)/c(=0)n2CC(=0)0
)/C1=0

2.35

157

168*

CC(c1cc(cc(c1)C(C)(C)C)CN1C(=S)S/C(=c\2/s/c(=C/c3ccc(
s3)c3cecdc(c3)C3CCCC3N4c3ccec(cc3)C=C(c3ccecece3)c3cc
ccc3)/c(=0)n2CC(=0)0)/C1=0)(C)C

2.45

158

169

0OC(=0)Cn1c(=0)/c(=C\c2ccc(s2)c2cee(s2)c2ecc3c(c2)C2
CCCC2N3c2ccc(cec2)C=C(c2ccecc2)c2eceec?)/s/c/1=C\1/
SC(=S)N(C1=0)Cclcc(cc(c1)C(C)(C)C)C(C)(C)C

1.71

159

170*

0OC(=0)Cn1c(=0)/c(=C\c2ccc(s2)c2cee(s2)c2cec(s2)c2cece
3¢(c2)C2CCCC2N3c2cec(cc2)C=C(c2cccec2)c2eccec?)/s/c

1.36
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/1=C\1/SC(=S)N(C1=0)Cclcc(cc(c1)C(C)(C)C)C(C)(C)C

“*> represent the test set compound

3.1.5 Phenothiazine dataset (Study 2)

This dataset consists of 215 compounds, among which 22 compounds are removed from the

dataset based on leverage value, and the remaining dataset is divided into three training and test

sets with different data combinations. The detail of this dataset is shows in Table 3.5.

Table 3.5: Details of the phenothiazine dataset

Serial | Compound Experimental
Number ID SMILE PCE
N#C/C(=C\clccc2c(c1)Oclc(N2CCCCCCN2c3ceccc30c3c2

! ! ccc(c3)/C=C(/C(=0)0O)\C#N)cccc1)/C(=0)O 2
CCCCN1c2cec(cec2Sc2clcec(c2)clecc(cc10CCCC)OCCCC)c

? ? Lece(s)cleee(s1)/C=C(/C(=0)O)\CHN A
CCCCCCOciccec(cc1)N1c2cecce(cc2Sc2celccece(c2)clcec2e(cl)

3 3 Sclc(N2c2ccc(cc2)OCCCCCC)ecc(cl)/C=C(/C(=0)O)\C#N)c 6.87
1ccc2c(c1)Sclc(N2c2cec(cc2)OCCCCCC)ccccl
CCCCCCOciccc(ccl)N1c2ccece(cc2Sc2clccec2)clecc2ce(cl)S

4 4 c1c(N2c2cce(cc2)OCCCCCC)cee(c1)/C=C(/C(=0)O)\C#N r.78
CCCCCCOclcee(cecl)N1c2ceccee2Sc2clcec(c2)/C=C(/C(=0)

5 5 6.98
O)\C#N
CCCCCCN1c2cec(cec2Sc2clcec(c2)clecc2c(cl)Sclc(N2CCC

6 6 CCC)ccc(cl)/C=C(/C(=0)O)\C#N)clccc2c(c1)Sclc(N2CCCC 5.05
CC)ccecl
CCCCCCN1c2cee(cc2Sc2ciceec2)cleecc2c(c1)Sclc(N2CCCC

! ! CC)cee(c1)/C=C(/C(=0)O)\CH#N >4
N#C/C(=C\clccc2c(c1)Sclc(N2Cc2cec(cc2)CN2c3cccec3Sc

8 8 3c2ccc(c3)/C=C(/C(=0)0)\C#N)ccccl)/C(=0)0 320

o 9 N#C/C(=C\clccc2c(c1)Sclc(N2CCCCN2c3cccee3Sc3c2cec( 413

3)/C=C(/C(=0)O)\C#N)cccc1)/C(=0)0
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CCCC[C@@H](CN1c2ccc(cec2Sc2clceec(c2)clcec(s1)clec(c

10 10 (s1)/C=C(/C(=0)O)\C#N)CCCCCC)clccc(sl)clcc(c(s1)/C=C 6.67
(\C(=0)0)/C#N)ccccee)cce
CCCC[C@@H](CN1c2cce(cc2Sc2celccec(c2)clec(c(s1)/C=C(

11 11 /C(=0)O)\C#N)CCCCCC)clcc(c(s1)/C=C(\C(=0)0)/C#N)CC 6.48
CCcq)cc
CCCC[C@@H](CN1c2cce(cc2Sc2celccc(c2)clcec(s1)/C=C(/

12 12 6.29
C(=0)0)\C#N)clcee(s1)/C=C(\C(=0)0)/CHN)CC
CCCC[C@@H](CN1c2cee(cc2Sc2elcecc2)clccc(s1)/C=C(\

13 13 5.55
C(=0)0)/C#N)CC
CCCCCCCCN1c2ccc(cc2Sc2cicec(c2)clecce(s1)/C=C(/C(=0)

14 14 3.78
O)\C#N)clcce(cel)N(clecc(ec1)OC)clcee(ccl)0C
CCCCCCCCN1c2ccc(cc2Sc2cicec(c2)clecce(s1)/C=C(/C(=0)

15 15 4.41
O)\C#N)clcce(cel)N(clecceel)clcececl
CCCCCCCCN1c2ccc(cc2Sc2cicec(c2)clecce(s1)/C=C(/C(=0)

16 16 2.48
O)\C#N)clcce(cel)C=C(clcececel)clceeccl
N#C/C(=C\clccc2c(c1)Sclc(N2C)cec(cl)clecc(ccl)N(clce

17 17 4.6
cc2clceec?)cleccecl)/C(=0)0
CCCCCCN1c2cec(cec2Sc2clecc(c2)/C=C(/C(=0)O)\C#N)clc

18 18 5.6
cc(ccl)N(clcecec2elccec2)clcccecd
CCCCCCN1c2cec(cec2Sc2cleec(c2)clcec(s1)/C=C(/C(=0)0)

19 19 2.04
\C#N)clccc(cc1)N(clccec2clceccc?)clcecccl
CCCCCCN1c2cec(cc2Sc2clecc(c2)/C=C(\C(=0)0)/C#N)clc

20 20 6.22
cc(s1)clcec(ccl)N(cleccc2clccec2)cleccecl
N#C/C(=C\clccc2c(c1)Sclc(N2c2cec(cc2)C(c2cec(cc2)C)e

21 21 2ccc(cc2)C)ecc(cl)clecc(cel)N(cleccc2eleccc2)cleccecl) 5.22
/C(=0)0
N#C/C(=C\clcecc(s1)cleec2e(c1)Scle(N2c2ccc(cc2)N(c2ce

22 22 c(cc2)C)c2cec(cc2)C)ecc(cl)clecc(ccl)N(cleccc2eleccc2)c 4.24
1cccecl)/C(=0)O

23 23 N#C/C(=C\clccc2c(c1)Sclc(N2c2cec(cc2)N(c2cec(cc2)C)e 4.8
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2ccc(cc2)C)eec(cl)cleec(s1)cleec(ccl)N(clccec2clccec?)
clcccecl)/C(=0)0

24 24 CCCCCCN1c2cee(cec2Sc2clcccc?)/C=C(/C(=0)O)\C#N 4.49

25 25 CCCCCCN1c2cee(cc20c2clccec2)/C=C(/C(=0)O)\C#N 3.61

26 26 CCN1c2ccc(cc2Sc2cleccc?)/C=C(/C(=0)0)\C#N 2.91

27 27 N#C/C(=C\clccc(ccl)N1c2cceec2Sc2clcecc?)/C(=0)0 1.83
CCCCN1c2cec(cc2Sc2clccec(c2)cleec(cc10CCCC)OCCCC)c

2 28 1ccc(c2clnsn2)clcec(s1)/C=C(/C(=0)O)\C#N 04
CCCCCCCCclcec(sclclcec(s1)clsc(cc1CCCccece)/c=C(/C(

29 29 =0)O)\C#N)clcc2cc(n3c2c(cl)sclc3ccecel)clecc(ccl)OCC 7.54
CcccC
CCCCCCOciccc(ecl)clec2e3nlclecceclsc3cec(c2)clecc(ol

30 30 5.6
)/C=C(/C(=0)O)\C#N
CCCCCCOciccc(ecl)clec2e3nlclecccclsc3ec(c2)cleec(sl

31 31 6.42
)/C=C(/C(=0)O)\C#N
CCCCCC1c2c(C)c(c(n2[B-

32 32 J(IN+]2=C(C(=C(C12)C)clccc2c(c1)Sclc(N2CCC)ccecl)C)(F 1.23
)F)C)clcec(o1)C=C1SC(=S)N(C1=0)CC(=0)0
CCCCCC1c2c(C)c(c(n2[B-

33 33 I([N+]2=C(C(=C(C12)C)clccc2c(c1)Sclc(N2CCC)ceccl)C)(F 531
)F)C)clccc(o1)/C=C(\C(=0)0)/C#N
CCCCCC1c2c(C)c(c(n2[B-

34 34 I([N+]2=C(C(=C(C12)C)clcecc2c(c1)Sclc(N2CCC)ceccl)C)(F 2.26
)F)C)clecc(s1)C=C1SC(=S)N(C1=0)CC(=0)0
CCCCCC1c2c(C)c(c(n2[B-

35 35 J(IN+]2=C(C(=C(C12)C)clccc2c(c1)Sclc(N2CCC)ccecl)C)(F 4.61
)JF)C)clcec(s1)/C=C(\C(=0)0)/C#N
CCCCC(CN1c2cee(ce2Sc2celceec2)clecc(s1)/C=C(/C(=0)0)

36 36 \CHN)CC 6.82
CCCCCCC(Cclcc(sclclsc2c(cl)clnonclclc2sc(cl)clsc(cc

37 37 1CC(CCCCCC)CCCC)/C=C(/C(=0)0O)\C#N)clccc2c(c1)Sclc( >0
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N2CC)ccccl)CCCC

38

38

CCCCCC1=C2C(=C(C(=[N+]2[B-
J(n2c1c(C)c(c2C)clcec(s1)/C=C(/C(=0)O)\C#N)(F)F)C)clcc
c2¢(c1)Sc1c(N2CCCCCCN2c3cceceec3Sc3c2ccec(c3)C2=C(C)C
3=C(CCCCC)c4n([B-
1([IN+]3=C2C)(F)F)c(c(c4C)/C=C(/C(=0)O)\C#N)C)ccccl)C

4.89

39

39

CCCCCC1=C2C(=C(C(=[N+]2[B-
1(n2c1c(C)c(c2C)/C=C(/C(=0)O)\C#N)(F)F)C)clccc2c(cl)Sc
1c(N2CCCCCCN2c3cceece3Sc3c2ccc(c3)C2=C(C)C3=C(CCCC
C)can([B-
J(IN+]3=C2C)(F)F)c(c(c4C)/C=C(/C(=0)O)\C#N)C)cccc1)C

3.24

40

40

CCCCCC1=C2C(=C(C(=[N+]2[B-
](n2c1c(C)c(c2C)/C=C(/C(=0)O)\C#N)(F)F)C)clccc2c(c1)Sc
1c(N2CCCCCC)ccccl)C

2.28

41

41

CCCCCC1=C2C(=C(C(=[N+]2[B-
](n2c1c(C)c(c2C)/C=C(/C(=0)O)\C#N)(F)F)C)clccc2c(cl)Sc
1c(N2CCC)ccecl)C

2.14

42

42

CCCCCCN1c2cec(cc2Sc2clecc(c2)/C=C(/C(=0)O)\C#N)clc
c2c(s1)clc(n2CCCCCC)cesl

5.8

43

43

CCCCCCOciccc(ecl)nlc2ec(sc2c2clees2)clecc2ce(cl)Sclc(
N2CCCCCC)cec(c1)/C=C(/C(=0)0)\CH#N

5.7

44

44

CCCCCCCCclcc(sclclcec(s1)clsc(cc1CCCCCCee)/Cc=C(\C(
=0)0)/C#N)clccc2c(c1)Sclc(N2CC(CCCC)CC)cee(cl)clcec
(cc1)occce

7.48

45

45

CCCCCCCCclcc(sclclcec(s1)clsc(cc1CCCCCCee)/Cc=C(\C(
=0)0)/C#N)clccc2c(c1)Sclc(N2CC(CCCC)CC)ccecl

6.56

46

46

CCCCC(CN1c2ccc(cec2Sc2clcecec2)clceec(s1)cleec(sl)clecc
(s1)/C=C(\C(=0)0)/C#N)CC

6.14

47

47

CCCCCCN1c2cec(cc2Sc2c1ecc(c2)/C=C(\C(=0)0)/C#N)cln
c(c([nH]1)clcec(cc1)OC)clcec(ccl)0C

5.52

48

48

CCCCCCN1c2cec(cec2Sc2clecc(c2)/C=C(\C(=0)0)/C#N)cln

4.87
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c(c([nH]1)clcceecl)cleceecl
CCCCCCOclcc(OCCCCCC)eeccdinlc2ec(sc2c2clces2)clcec2

49 49 5.75
¢(c1)Sc1c(N2CCCCCC)ccc(cl)/C=C(/C(=0)O)\CH#N
CCCCCCOclcc(OCcceel)ececinlc2cec(sc2c2clec(s2)/C=C(

50 50 1.7
/C(=0)O)\C#N)clccc2c(c1)Sclc(N2CCCCCC)ccecl
CCCCN1c2cec(cec2Sc2clceec?)/C=C/clcec(ccl)/C=C\1/SC(

51 51 2.4
=S)N(C1=0)CC(=0)0
CCCCN1c2cec(cec2Sc2clcecc?)/C=C\1/SC(=S)N(C1=0)CC(=

52 52 1.9
0)0
CCCCN1c2ccc(cc2Sc2clecce2)/C=C/clcec(ccl)/C=C(/C(=0

53 53 4.8
JO)\C#N
CCCC[C@@H](COc1ccc(ccl)cicec2e(c1)Sclc(N2[C@ @H]

54 54 2CC=C(C=C2)c2ccc(cc2)C(=0)0)cecc(c1)clecc(ccl)OC[C@ 0.73
H](CCCC)CC)cC
CCCC[C@@H](COc1ccc(ccl)clcec2e(c1)Sclc(N2c2cec(cc2

55 55 0.99
)C(=0)0)cce(cl)clcec(ccl)OC[C@H](CCCC)CcC)cC
CCCCCCOclcee(cel)N1c2cec(cc2Sc2clecce2)/C=C/C1C/C(

56 56 5.4
=C(/C(=0)0O)\C#N)/CC(C1)(C)C
CCCC[C@@H](CN1c2cee(cec2Sc2elcecc2)/C=C(/C(=0)0)\

57 57 5.6
C#N)CC
CCCCCCnlc(c2cee(cec2)c2ecc3c(c2)Sc2c(N3CCCCCC)eeec?)

58 58 c2¢(c1=0)c(n(c2=0)CCCCCC)clcec(ccl)cleec(ccl)/C=C(/C 4.56
(=0)O)\C#N
CCCC[C@@H](CN1c2cee(cc2Sc2elcec(c2)/C=C\1/SC(=S)N

59 59 1.3
(C1=0)CC(=0)0)/C=C/1\SC(=S)N(C1=0)CC(=0)0)CC
CCCC[C@@H](CN1c2cee(cc2Sc2elcecc?)/C=C\1/SC(=S)N(

60 60 0.4
C1=0)CC(=0)0)CC
CCCC[C@@H](CN1c2cee(cc2Sc2celcec(c2)/C=C(/C(=0)0)\

61 61 6.8
C#N)/C=C(/C(=0)0)\C#N)CC
CCCCCccecccCC@H](CN1c2cec(cec2Sc2clcec(c2)N1CCC

62 62 0.5
C1)/C=C/1\SC(=S)N(C1=0)CC(=0)0)CCCCCCCCCC
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CCcccceccccC[C@H](CN1c2ceec(ce2Sc2clccec(c2)nlc2cec

63 63 ccc2c2clccec2)/C=C/1\SC(=S)N(C1=0)CC(=0)0)ccccccc 1.3
CCC
CCCCCCccccCC[C@H](CN1c2cec(cc2Sc2clcec(c2)N1c2cec

64 64 ccc2Sc2clcccec2)/C=C\1/SC(=S)N(C1=0)CC(=0)0)Ccccccc 1.8
CCcC
CCCCCCN1c2cee(cec2Sc2clcec(c2)/C=C/1\SC(=S)N(C1=0)C

65 65 1.9
C(=0)0)clccc2c(c1)Sclc(N2CCCCCC)ececl
CCCCCCN1c2cec(cc2Sc2clecce(c2)cleec(cecl)C)/C=C/1\SC(

66 66 1.2
=5)N(C1=0)CC(=0)0
CCCCCCCeeCCC[C@H](CN1c2cec(cc2Sc2cleec(c2)C#N)/C

67 67 0.4
=C/1\SC(=S)N(C1=0)CC(=0)0)cccceeeccce
CCCCCCCeeCCC[C@H](CN1c2cec(cc2Sc2clecc(c2)/C=C/1

68 68 0.6
\SC(=S)N(C1=0)CC(=0)0)Br)CCCcccccccc
CCCCCCCCCCCC[C@H](CN1c2ceccec2Sc2clccec(c2)/C=C/1\

69 69 0.7
SC(=S)N(C1=0)CC(=0)0)cccceeccccce
CCCCCCN1c2cec(cc2Sc2cicec(c2)C=C(C(=0)0)C#N)clccc(

70 70 cc1)N(clcee2e(c1)C(CCC)(CCC)eclc2ceccl)clcec2e(c1)C(CC 6.49
C)(CCC)clc2ccccl
CCCCCCN1c2cec(cec2Sc2cicec(c2)C=C(C(=0)O)C#N)N(clc

71 71 6.14
cc(ccl1)C(clcececl)(C)C)clecc(ccl)C(cleccecl)(C)C
CCCCCCN1c2cec(cec2Sc2clcec(c2)C=C(C(=0)0)C#N)clccc2

72 72 7.13
c(c1)clccceccln2CCCCCC

73 73 CCCCCCN1c2cec(cc2Sc2clceec2)C=C(C(=0)0)CHN 6.63
CCCCCCclccc(ccl)N1c2cec(cc2Sc2clceec(c2)clecc(sl)clcec

74 74 c(s1)/C=C(/C(=0)0)\C#N)clccc(s1)clecc(s1)/C=C(\C(=0) 7.3
0)/C#N
CCCCCCclcec(ccl)N1c2ccece(ce2Sc2elcec(c2)clcec(s1)/C=C

75 75 6.04
(\C(=0)0)/C#N)clccc(s1)/C=C(\C(=0)O)/C#N
N#C/C(=C\clcecc(s1)cleecc2c(c1)C(CC)(CC)clc2cecc(c1)Nic

76 76 4.47
2cccecc2Sc2clccec?)/C(=0)0
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CCN1c2ccc(cc2Sc2clecec?)/C=C/clsc(c2c10CC02)/C=C(/

77 77 6.72
C(=0)O)\C#N
CCCCc1(cccl)c2cc(cecec2c2ciec(cc2)clecce(sl)cleec(sl)/C

78 78 =C(/C(=0)O)\C#N)N1c2ccccc2Sc2clcec(c2)C=Clc2ccecc2 2.83
c2clcccc2
CCCCCCnlc(c2cec(cec2)c2cce3c(c2)Sc2c(N3CCCCCC)eeec?)

79 79 c2c(c1=0)c(n(c2=0)CCCCCC)clccc(ccl)/C=C(/C(=0)O)\C# 3.26
N
CCCCCCnlc(c2cec(cc2)c2ceec(ce2)/C=C(/C(=0)0)\C#N)c2c

80 80 (c1=0)c(n(c2=0)CCCCCC)clccc2c(c1)Sclc(N2CCCCCC)cecc 5.16
cl
CCCCCCCCN1c2ccc(cc2Sc2cicec(c2)/C=C\1/SC(=S)N(C1=

81 81 1.74
0)CC(=0)0)C#Cclccc2c3clcecclc3c(cc2)cecl
CCCCCCN1c2cec(cec2Sc2clecc(c2)/C=C(/C(=0)O)\C#N)N(c

82 82 1ccc2c(cl)cleccecdn2CCCCCC)clcec2c(cl)clcceecin2CC 5.93
CCcC
CCCCN1c2cec(cec2Sc2clcec(c2)cinc2c(nlclcccecl)cecc?)

83 83 3.66
clcec(s1)/C=C(/C(=0)O)\C#N
CCCCN1c2cec(cec2Sc2clcec(c2)clnc2c(nlclcccecl)cecc?)

84 84 3.6
clcec(s1)clcec(s1)/C=C(/C(=0)O)\C#N
CCCCN1c2cec(cc2Sc2clcec(c2)clnc2c(nlclcececcl)cecc?)

85 85 3.31
clcec(ccl)/C=C(\C(=0)0)/C#N
CCCCN1c2cec(cec2Sc2clcec(c2)clnc2c(nlclcececcl)cecc?)

86 86 3.24
clcec(s1)clcec(cel)/C=C(\C(=0)0)/C#N
CCCCN1c2ccc(cc2Sc2clecce2)clcec(sl)clecce(s1)/C=C(\C(

87 87 1.63
=0)0)/C#N
CCCCCCOciccec(ccl)N(clcec2ce(cl)clecceccln2CCCCCC)clc

88 88 3.55
cc2c¢(c1)Sc1c(N2CCCCCC)ecc(c1)/C=C(/C(=0)O)\CHN

89 89 CCCCN1c2cec(cc2Sc2clecce2)/C=C(/C(=0)O)\C#N 6.3
CCCCCCN1c2cec(cec2Sc2cicec(c2)C=C1SC(=S)N(C1=0)CC(

90 90 3.31
=0)0O)nlc2ccc(cc2c2cleec(c2)nlc2ceec(cc2c2clcec(c2)C(C
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)(C)C)C(C)(C)C)nlc2cec(cc2c2clcec(c2)C(C)(C)C)C(C)(C)C
CCCCN1c2cec(cc2Sc2clcec(c2)C=C1SC(=S)N(C1=0)CC(=0

91 91 )O)nlc2ccec(cc2c2clcec(c2)nlc2cecc(cc2c2clccc(c2)C(C)(C 3.1
)C)C(C)(C)C)nlc2ccc(cc2c2clcec(c2)C(C)(C)C)C(C)(C)C
CCCCCCN1c2ccec(cec2Sc2cleec(c2)nlc2eec(cc2c2clecc(c2)

92 92 3.58
C(C)(C)C)C(C)(c)Cc)c=C15C(=S)N(C1=0)CC(=0)0
CCCCN1c2cec(cc2Sc2clcec(c2)nlc2cec(cc2c2cleec(c2)C(

93 93 4.38
C)(C)C)C(C)(C)C)C=C15C(=S)N(C1=0)CC(=0)0
CCCCCCN1c2ccc(cc2Sc2clecc(c2)/C=C(/C(=0)O)\C#N)N(c

94 94 3.04
1ccc2c(cl)cleccecdn2CCCCCC)clcec2c(cl)scc2
N#C/C(=C\clcec(s1)clcec(s1)cleec2c(c1)C(CC)(CC)clc2cc

95 95 4.01
c(c1)N1c2cecce2Sc2clccec?)/C(=0)0
CCccci(ccc)c2ec(cee2c2elcec(ce2)cleec(s1)/C=C(/C(=0)

96 96 3.31
O)\C#N)N1c2cceec2Sc2clecc(c2)C=Clc2cccecec2c2clcecc?
N#C/C(=C\clccc2c(c1)Sclc(N2CCCCCCCCCCN2c3cccee3s

97 97 4.03
c3c2ccc(c3)/C=C(/C(=0)O)\C#N)cccc1)/C(=0)0
N#C/C(=C\clcecc(cc1)N(clcee(cel)/C=C(/C(=0)O)\C#N)c1

98 98 2.66
cce(ccl)N1c2ceecc2Sc2cleccee?)/C(=0)0
OC(=0)CN1C(=S)S/C(=C\c2ccc(cc2)N(c2cec(cc2)N2c3ccec

99 99 c3Sc3c2cecc3)c2cec(ce2)/C=C/2\SC(=S)N(C2=0)CC(=0)0) 1.12
/C1=0
CCCCCCSC1=C(SCcccee)SsC(=Ce2ccec(cc2)c2ceec(ce2)c2cecc

100 100 6.59
3¢(c2)N(CCCC)c2c(S3)cec(c2)/C=C(/C(=0)0)\C#N)S1
CCCCCCOclec(cec1C=C1SC(=C(S1)SCCCCCC)SCCCCCC)cle

101 101 5.07
cc2c¢(c1)N(CCCC)clc(S2)cee(c1)/C=C(/C(=0)O)\C#N
CCCCN1c2cc(ccc2Sc2clec(cc2)/C=C(/C(=0)O)\C#N)clccc(

102 102 5.66
cc1F)C=C1SC(=C(S1)SCCCCCC)SCCCCCC
CCCCN1c2cc(ccc2Sc2clec(cc2)/C=C(/C(=0)O)\C#N)clccc(

103 103 4.22
cc1)C=C1SC(=C(S1)SCCCCCC)SCCCCCC
CCCCN1c2cc(cecc2Sc2clec(cc2)/C=C(/C(=0)O)\C#N)C=C1S

104 104 4.56
C(=C(S1)SCCCCCe)sceeece
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105 105 CCCCN1c2cc(cecec2Sc2clcecc?)/C=C(/C(=0)O)\CHN 4.39
N#C/C(=C\clccc2c(c1)Sclc(N2CCCCCCCCN2c3cccee3Sc3c

106 106 4
2ccc(c3)/C=C(/C(=0)O)\C#N)ccccl)/C(=0)0
CCCCN1c2cec(cc2Sc2clcecc2)cleec(sl)clec2e(s1)clc(n2c

107 107 2cce3c¢(c2)C(CCCC)(CCCC)ec2c3ceec2)cec(s1)/C=C(\C(=0)0) 4.87
JCH#N
CCCCCCN1c2cee(cec2Sc2clicec(c2)/C=C(/C(=0)O0)\C#N)C#

108 108 5.24
Cclccc2c3clceclc3c(cc2)cecl
CCCCCCCCN1c2ccc(cc2Sc2clccec(c2)/C=C(/C(=0)O)\C#N)

109 109 7.45
C#Cclccc2c3clecclc3c(cc2)cecl
CCCCCCN1c2cec(cc2Sc2clecc(c2)/C=C\1/SC(=S)N(C1=0)C

110 110 2.57
C(=0)0)C#Cclccc2c3clcecclc3c(cc2)cccl
CCCCCCN1c2cec(cc2Sc2clcec(c2)C=C(CHN)CH#N)C#Cclccc

111 111 0.7
2c3clccclc3c(cc2)cecl
CCCCCCCCN1c2ccc(cc2Sc2clccc(c2)C=C(CH#N)CH#N)CH#Cclc

112 112 1.06
cc2c3clecclc3c(cc2)cccl
N#CC(=Cclccc(s1)clcec2c(c1)Sclc(N2C2CCCCC2)ceecl)C(

113 113 3.2
=0)0

114 114 N#CC(=Cclccc(s1)clcec2c(cl)clccecec1n2CC)C(=0)0 1.12
N#CC(=Cclccc(s1)clcec2c(c1)Sclc(N2CCCCCCn2c3ccc(cc

115 115 1.61
3c3c2cccc3)c2cec(s2)C=C(C(=0)0)C#N)ccccl)C(=0)0
C(#N)/C(/C(=0)0)=C\C=1SC(=CC1)C=1C=CC=2N(C3=CC=C

116 116 4,52
(C=C3s5C2C1)C1=CC=C(C=C1)0C)C1=CC=C(C=C1)0C
CSC1=CC=C(C=C1)C=1C=C25C=3C=C(C=CC3N(C2=CcC1)cC
CCCCOC1=CC=C(C=C1)N1C2=CC=C(C=C25C=2C=C(Cc=CC1
2)C1=CC=C(S1)/C=C(/C(=0)0)\C#N)C1=CC=C(C=C1)0CCC

117 117 6.09
CCCN1C2=CC=C(C=C2SC=2C=C(C=CC12)C=1SC(=CC1)\C=
C(/C#N)\C(=0)0)C1=CC=C(C=C1)SC)C=1SC(=CC1)\C=C(/C
#N)\C(=0)O
COC1=CC=C(C=C1)C=1C=C2SC=3C=C(C=CC3N(C2=CC1)CC

118 118 5.65
CCCCOC1=CC=C(C=C1)N1C2=CC=C(C=C25C=2C=C(Cc=CC1
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2)C1=CC=C(S1)/C=C(/C(=0)0)\C#N)C1=CC=C(C=C1)OCCC
CCCN1C2=CC=C(C=C2SC=2C=C(C=CC12)C=1SC(=CC1)\C=
C(/C#N)\C(=0)0)C1=CC=C(C=C1)0C)C=1SC(=CC1)\C=C(/C
#N)\C(=0)O

CC1=CC=C(C=C1)C=1C=C25C=3C=C(C=CC3N(C2=CC1)CCC
CCCOC1=CC=C(C=C1)N1C2=CC=C(C=C25C=2C=C(C=CC12)
C1=CC=C(S1)/C=C(/C(=0)0)\C#N)C1=CC=C(C=C1)OCCCCC

119 119 5.21
CN1C2=CC=C(C=C25C=2C=C(C=CC12)C=1SC(=CC1)\C=C(/
C#N)\C(=0)0)C1=CC=C(C=C1)C)C=1SC(=CC1)\C=C(/CHN)\

C(=0)0
CCccceeccocicecec(cel)eleec2e(c1)Sclc(N2CC)ecc(cl)/C=C

120 120 6.32
(/C(=0)O)\CH#N
CCN1c2ccc(cc2Sc2clecc(c2)/C=C(/C(=0)O)\C#N)clccc(cc

121 121 5.23
1)0
CCCCCCCCOccec(cecl)N1c2cec(cc2Sc2clecc(c2)clecc(s)

122 122 6.82
/C=C(/C(=0)O)\C#N)clccc(s1)/C=C(/C(=0)O)\C#N
CCCCCCCCOc1cec(ccl)NAc2cec(cc2Sc2clecc(c2)clecc(s)

123 123 5.12
/C=C(/C(=0)O)\C#N)clcccsl
CCCCCCCCOcicee(ccl)NI1c2cccece2Sc2clcec(c2)clcec(s1)/

124 124 6.34
C=C(/C(=0)0)\C#N

125 125 CCCCN1c2ccc(cc2Sc2c1ec(SC)ec2)/C=C(/C(=0)0)\C#N 6.53
CCCCN1c2cec(cc2Sc2clec(SC)ce2)/C=C/clcce(s1)/C=C(/C(

126 126 7.44
=0)0)\C#N
CCCCCCOciccc(cel)cleec2ce(c1)Sclc(N2CC)cec(cl)/C=C(/

127 127 6.87
C(=0)O)\C#N
CCCCCCOcicec(cel)clcec2ce(c1)Sclc(N2CCCCCC)ecc(cl)/

128 128 8.18
C=C(/C(=0)0)\C#N
CCCCCCCCN1c2ccc(cc2Sc2c1cec(c2)/C=C(/C(=0)O)\C#N)c

129 129 8.08
lccc(ccl)OCCccce
CCCCCCCCCCCCNIc2ccc(cc2Sc2c1ccec(c2)/C=C(/C(=0)0)\

130 130 7.57

C#N)clcec(ccl)OCCCCCC
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CCCCCCN1c2cee(cec2Sc2clcec(c2)/C=C(/C(=0)O)\C#N)clc

131 131 6.72
cc2c(cl)clcecececln2CCCCCC
CCCCCCN1c2cee(cec2Sc2clcec(c2)/C=C(/C(=0)O)\C#N)clc

132 132 6.13
cc2c(cl)clceccecclC2(CCCcce)cceeccce
CCCCCCnlc2ccececc2c2clcc(cc2)N1c2ceecc2Sc2clcecc(c2)/

133 133 5.12
C=C(/C(=0)O)\C#N
CCCCcceei(ceececl)e2ec(cec2c2ciceec2)N1c2eccec2Sc2ce

134 134 3.98
1ccc(c2)/C=C(/C(=0)O)\C#N
CCCCCCN1c2cec(cc2Sc2clecc(c2)/C=C(/C(=0)O)\C#N)clc

135 135 cc(cc1)C=C(clcecc(cc1)N1c2ceeceec2Sc2clceec2)clecc(ccl) 6.55
N1c2ccceec2Sc2clcccc?2
CCCCCCN1c2cec(cec2Sc2clecc(c2)/C=C(/C(=0)O)\C#N)clc

136 136 cc(cc1)C=C(clcec(ccl)nlc2cccec2c2clcccc2)cleec(ccl)nl 5.51
c2ccccc2c2clceccec?
CCCCCCnlc2ccec(cec2c2elcec(c2)/C=C(/C(=0)O)\C#N)clcc

137 137 c(cc1)C=C(clcecc(ccl)N1c2cececec2Sc2clccec2)clecc(ccl)N 2.69
1c2cceec2Sc2clceccec2
CCCCCCc1sc(c2c10CC02)c1sc(c2c10CCO2)clcec2c(cl)Sc

138 138 2.24
1¢(N2CCCCCC)cee(c1)/C=C(/C(=0)0)\C#N
CCCCCCc1sc(c2c10CC02)clcec(s1)clecc2c(c1)Sclc(N2CC

139 139 5.62
CCCC)cee(c1)/C=C(/C(=0)0)\CHN
CCCCCCclccc(s1)clcec(s1)clecc2c(c1)Sclc(N2CCCCCC)cc

140 140 7.87
¢(c1)/C=C(/C(=0)0)\CHN
CCCCCCc1sc(c2c10CC02)clcec2e(c1)Sclc(N2CCCCCC)ecc

141 141 7.98
(c1)/C=C(/C(=0)O)\C#N
CCCCCCclcec(s1)clcec2c(c1)Scle(N2CCCCCC)ceec(c1)/C=C

142 142 8.07
(/C(=0)O)\CH#N
CCCCCCCCOc1cec(ccl)cleec2e(c1)Sclc(N2c2ccc(cc2)0CC

143 143 5.73
CCCCCC)cec(cl)/C=C(/C(=0)0)\CEN
Ccccececececccccocicec(ec1)N1c2eccee2Sc2celcec(c2)/C=C

144 144 4.54
(/C(=O0)O)\CH#N
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CCCCCCCCOc1ccc(ccl)N1c2eececece2Sc2clcec(c2)/C=C(/C(=

145 145 4.79
O)O)\C#N

146 146 COclcec(cecl)N1c2cecc(cc2Sc2clceecc?)/C=C(/C(=0)O)\CHN 4.53
CCCCceeececececc(cececcececcceccl)e2ec(sc2c2cicec(s2)cl

147 147 7
ccc2c(c1)Sclc(N2CCCC)eececl)/C=C(/C(=0)O)\C#N
N#C/C(=C/clccc(s1)/C=C/clccc2c(c1)Sclc(N2)cc(cc1)SC)/

148 148 7.4
C(=0)0
CCCCCCOc1c2cc(cecc2e(c2elcec(c2)/C=C(/C(=0)0)\C#N)O

149 149 2.77
CCCCCC)N(clccc2e(c1)Sclc(N2CCcCCC)ececl)cleecccl
CCCCCCOc1c2cc(ccc2e(c2clecc(c2)clecce(s1)/C=C(/C(=0)

150 150 O)\C#N)OCCCCCC)N(cleccc2c(c1)Sc1c(N2CCCCCC)eceel)c 4.64
lcccecl
CCCCCCOc1c2cc(cecec2e(c2clcecec2)OCCCCCC)N(cicec2ce(c

151 151 7.13
1)Sc1c¢(N2CCCCCC)cec(c1)/C=C(/C(=0)O)\C#N)clcccecl
CCCCCCN1c2cec(cec2Sc2clecc(c2)clecc(s1)/C=C(\C(=0)0)

152 152 JC#N)N(cleccc2e(c1)c(OCCCCCC)cle(c20CCCCCC)ceecl)cl 5.73
cccecl
CCCCCCOc1c2cc(cecec2e(c2clcecec2)OCCCCCC)N(cicec2ce(c

153 153 4.09
1)Sc1c(N2CCCCCC)cee(c1)/C=C(\C(=0)0)/C#N)clcccccl
CCCCC(CN1c2cee(ce2Sc2elcee(c2)/C=C\C(=0)0)/C=C/C1=

154 154 CC(=C2C(=0)N(CC)C(=S)N(C2=0)CC)C=C(01)/C=C\clccc2 0.93
c(c1)Sc1c(N2CC(CCCC)CC)cec(c1)/C=C/C(=0)0)CcC
CCCCC(CN1c2cec(ce2Sc2elcec(c2)/C=C/C(=0)0)/C=C\C1=

155 155 CC(=C(C#N)C#N)C=C(01)/C=C/clccc2c(c1)Sclc(N2CC(CC 2.82
CC)CC)cce(c1)/C=N\C(=0)0)CC
CCCCC(CN1c2cec(ce2Sc2elcec(c2)/C=C\C(=0)0)/C=C/C1=

156 156 C/C(=C\2/C(=0)c3c(C2=C(C#N)C#N)cccc3)/C=C(01)/C=C\ 0.12
clcec2c(c1)Sclc(N2CC(CCCC)CC)ecec(c1)/C=C/C(=0)0)CC
CCCCCCCCOc1cec(ccl)cleec2e(c1)Sclc(N2c2ccc(cc2)0CC

157 157 7.33
CCCCCC)ccec(cl)clecc(ol)/C=C(/C(=0)0O)\CHN

158 158 CCCCCCCCOc1cec(ccl)clecc2e(c1)Sclc(N2c2ccec(cc2)0CC 6.44
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CCCCCC)ccc(cl)clcec(s1)/C=C(/C(=0)O)\C#N
CCCCCCclcec(sl)clcec(sl)cleecc2c(c1)Sclc(N2CCCCCC)cc

159 159 5.4
c(c1)C=C(C(=0)O)C#N
CCCCCCclcec(s1)clcec2ce(c1)Sclc(N2CCCCCC)eec(cl)C=C(

160 160 4.3
C(=0)O)C#N
OC(=0)CN1C(=S)S/C(=C/c2ccc3c(c2)Sc2c(N3CCCCCn3c4c

161 161 2.5
cc(cc4clc3ccc(c4)C(C)(C)C)C(C)(C)C)ccee2)/C1=0
N#C/C(=C/clccc2c(c1)Sclc(N2CCCCCn2c3ccc(cc3c3c2ccc

162 162 6.3
(€3)C(C)(C)C)C(C)(C)C)cceel)/C(=0)0
CCCCCCN1c2ccc(cc2Sc2clecce2)/C=C\1/SC(=S)N(C1=0)C(

163 163 5.6
=0)0

164 164 CCCCCCN1c2cec(cc2Sc2clecce2)/C=C(\C(=0)0)/C#N 5.8
CCCCCCN1c2cee(cc2Sc2cicec(c2)clcec(cc1)OC)clcec(ol)

165 165 3.97
/C=C(/C(=0)O)\C#N
CCCCCCN1c2cec(cc2Sc2c1ecc(c2)cleccecl)clecc(ol)/C=C

166 166 4.34
(/C(=0)O)\C#N
CCCCCCN1c2cec(cc2Sc2ciecc(c2)cleec(cec1)OC)eclcec(s1)/

167 167 4.03
C=C(/C(=0)O)\C#N
CCCCCCN1c2cec(cec2Sc2clecc(c2)cleccecl)cleec(s1)/C=C(

168 168 3.87
/C(=0)O)\C#N
CCCCCCN1c2cee(cec2Sc2cicec(c2)cicec(cc1)OC)clec(F)c(c

169 169 2.96
(c1)F)/C=C(/C(=0)O)\C#N
CCCCCCN1c2ccc(cc2Sc2clecc(c2)cleccecl)clec(F)c(c(cl)

170 170 2.79
F)/C=C(/C(=0)O)\C#N
CCCCCCN1c2cec(cec2Sc2cicec(c2)clcec(cc1)OC)cleec(c(cl

171 171 3.41
)F)/C=C(/C(=0)O)\C#N
CCCCCCN1c2ccee(cc2Sc2cicec(c2)clccecel)clecce(c(c1)F)/

172 172 3.43
C=C(/C(=0)0)\C#N
CCCCCCN1c2cec(cc2Sc2cicec(c2)clcec(cc1)OC)clcec(ccl)

173 173 3.46
/C=C(/C(=0)0)\C#N

174 174 CCCCCCN1c2cec(cc2Sc2c1ecce(c2)cleccecl)clecc(ccl)/C= 3.53
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C(/C(=0)O)\C#N

175

175

CCCCCCN1c2cee(cec2Sc2clcec(c2)/C=C(/C(=0)O)\C#N)clc
cc(cc1)oC

4.15

176

176

CC1(C)c2cc(cecc2c2clcececc2)N1c2ceec(cc2Sc2clccec(c2)clec
c2¢(c1)C(C)(C)clc2ccecl)clccec(s1)CHCelec(cc(cl)clecenc

1)clccencl

0.45

177

177

OC(=0)clccec(cl)clec(CHCc2ccc(s2)c2ccc3c(c2)Sc2c(N3c
3cecdc(c3)C(C)(C)c3chccece3)cec(c2)c2cec3c(c2)C(C)(C)c2c
3ccec2)cc(cl)clccec(c1)C(=0)0

4.55

178

178

OC(=0)clccc(ccl)CHCclecc(s1)clcec2e(c1)Sclc(N2c2cec3
¢(c2)C(C)(C)c2c3cccc2)cec(cl)clcec2e(c1)C(C)(C)clc2ceccc
1

2.72

179

179

CCCCCCN1c2cec(cc2Sc2clecc(c2)/C=C(\C(=0)0)/C#N)C#
Cclcec(ccl)CHCeleee2c(c1)Scle(N2CCCCCC)eec(cl)/C=C(\
C(=0)0)/C#N

7.44

180

180

CCCCn1c2cc(CHCc3ccc4c(c3)Sc3c(N4CCCCCC)ceee(c3)/C=C
(\C(=0)0)/C#N)ccc2c2clce(CHCclecc3c(c1)Sclc(N3CCCC
CC)ccc(c1)/C=C(\C(=0)0)/C#N)cc2

6.64

181

181

CCCCc1(cccl)c2cec(cec2c2ciec(cc2)CHCelecc2e(c1)Sclc(
N2CCCCCC)ccc(c1)/C=C(\C(=0)0)/C#N)C#Cclccc2c(cl)Sc
1¢(N2CCCCCC)ccc(c1)/C=C(\C(=0)0)/C#N

6.72

182

182

CCCCCCN1c2ccc(cc2Sc2clcecc(c2)/C=C(\C(=0)0)/CHN)CH
Cclccec(ccl)cleec(cecl)CHCelecc2c(c1)Sclc(N2CCCCCC)ecc
(c1)/C=C(\C(=0)0)/C#N

6.06

183

183

CCC(CCCCN1c2ccc(ec2Sc2clcecc(c2)clccc(c2clnc(clecccc
1)c(n2)clecccecl)C1=CC=C(C1)/C=C(\C(=0)0)/C#N)clccc(
ccl)clcec2e(cl)cec(c2c1c(OCCCCC(CC)CC)eec2clcccc2)0
Ccccce(cejee)cce

2.74

184

184

CCC(CCCCN1c2ccc(cc2Sc2clceec(c2)clecc(c2clnc(clecccc
1)c(n2)cleecceel)C1=CC=C(C1)/C=C(\C(=0)0)/C#N)clccc(
ccl)clcec2c(cl)cec(c2)OCCCCC(ce)ce)ce

5.32
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CCC(CCCCN1c2ccc(cc2Sc2clcec(c2)clccc(c2cinc(clcccce

185 185 1)c(n2)clceceeccl)C1=CC=C(C1)/C=C(\C(=0)0)/C#N)clccc( 5.64
cc1)OCCCCc(ce)ce)cce
CCCCCCOcl1cec(ccl)cleecc2c(c1)Sclc(N2CCCCCC)cecc(cl)c

186 186 1ccc(ccl)cln(CCCCCC)c(=0)c2clc(=0)n(c2clccc(ccl)CHCc 7.94
1sc(c(c1)CCCCCC)/C=C(/C(=0)0)\CHN)CCCcCcCC
N#C/C(=C\clccc(cc1)N(cleccecl)CCCCCCN1c2cccec2Sc2ce

187 187 1ccc(c2)/C=C(/clcce(s1)/C=C(/C(=0)O)\CHN)\C#N)/clccc 5.19
(s1)/C=C(/C(=0)O)\C#N
N#C/C(=C\clccc(ccl)N(clececeec1)CCCCCCNIc2cceec2Sc2ce

188 188 4.66
1ccc(c2)/C=C(/C(=0)O)\C#N)/C(=0)0
N#C/C(=C\clccc2c(c1)clececc1n2CCCCCCelecc(c(c1)Nel

189 189 2.82
cccecl)/C=C(/C(=0)O)\C#N)/C(=0)0
CCCCCCN(c1ccceel)clecc(ecl)/C=C(/clcece(s1)/C=C(/C(=0

190 190 3.8
)O)\C#N)\C#N
CCCCCCN1c2cee(cec2Sc2cicec(c2)clsc(cc1CCCCCC)elccln

191 191 7.1
+](cc1)C(=0)0)clccc(cc1OCCCcce)occececcce
CCCCCCclcc(sciclcec2c(c1)Sclc(N2CCCCCC)ccecl)clcecn

192 192 6.9
+](cc1)C(=0)0
CCSclcc2c(cc1C=C(C(=0)0)C#N)Sclc(N2c2ccc(cc2)OC)cc

193 193 5.74
ccl

194 194 CCCCN1c2cc(SCC)c(cc2Sc2clcececc2)C=C(C(=0)0)C#HN 5.7

195 195 COclcec(cc1)N1c2cec(cec2Sc2clcccc2)C=C(C(=0)O)C#N 6.02

196 196 CCCCN1c2cec(cc2Sc2clcecc2)C=C(C(=0)0O)C#N 5.78
CCCCN1c2cec(cc2Sc2clecce2)clsc(c2c10CCO2)/C=C(/C(=

197 197 6.09
0)O)\C#N
CCCCN1c2cec(cc2Sc2clecce2)clcee(s1)/C=C(/C(=0)O)\C#

198 198 6.32
N
CCCCN1c2ccc(cc2Sc2cleccc2)clcec(o1)/C=C(/C(=0)0)\C#

199 199 6.58
N

200 200 CCCCCCN1c2cec(cec2Sc2clcec(c2)OC[C@H](CCCC)CC)clcc 2
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c(s1)[C@@H]1[C@H]([O-
1)/C(=C/[C@ @H]2[NH+](CCCCCCCC)e3c(C2(C)C)ec(ce3)C(
=0)0)/C1=0

201

201

CCCCCCN1c2cee(cec2Sc2clcec(c2)/C=C/clcec(ccl)N(clcce
ccl)clcceecl)/C=C\clccc2c(c1)Sclc(N2CCCCCC)ccec(cl)/C
=C(/C(=0)O)\C#N

5.3

202

202

CCCCCCN1c2cee(cec2Sc2clcec(c2)/C=C(/C(=0)O)\C#N)/C=

C/clccc(cec1)N(clecceel)cleececd

6.1

203

203

CCCCCCN1c2ccee(cc2Sc2cdcec(c2)clcec(s1)/C=C(/C(=0)0)
\C#N)clccc(s1)/C=C(/C(=0)O)\C#N

5.2

204

204

CCCCCCN1c2cec(cc2Sc2clecce2)clcee(s1)/C=C(/C(=0)0)\
C#N

5.2

205

205

CCCCCCN1c2cec(cc2Sc2clecce2)/C=C\clec(c2cec(s2)/C=C
(\C(=0)0)/C#N)c(cc1/C=C/clccec2c(c1)Sclc(N2CCCCCC)ec
ccl)clcece(s1)C=C(C(=0)0O)CHN

4.5

206

206

CCCCCCN1c2cec(cec2Sc2clecce?)/C=C/clcc(c(cclclcec(sl
)/C=C(/C(=0)O)\C#N)/C=C/clccc2c(c1)Sclc(N2CCCCCC)c
cccl)cleec(s1)/C=C(/C(=0)O)\CH#N

1.5

207

207

CC(CCOc1ccc(cc1)N1c2cece(cec2Sc2elccec2)/C=C/clnc2cc(
cce2ncl/C=C/clccc2c(c1)Sclc(N2c2cce(cc2)OCCC(C)C)ec
cc1)C(=0)0)C

4.36

208

208

N#C/C(=C/clccc2c(c1)Sclc(N2CCCCCCN2c3cccee3Sc3c2c
cc(c3)/C=C(/C(=0)0)\C#N)ccccl)/C(=0)0

3.91

209

209

N#C/C(=C\clccc2c(c1)Sclc(N2CCCCCOc2ccc(cc2)[C@@](
c2ccc(cc2)OCCCCCCN2c3cccece3Sc3c2cecec(c3)/C=C(\C(=0)
0)/C#N)(c2ccc(cc2)OCCCCCCN2c3cccee3Sc3c2cecec(c3)/C=
C(/C(=0)O)\C#N)C)cccc1)/C(=0)0

4.9

210

210

CCCCN1c2ccc(cc2Sc2cleccc?)/C=C/clcec(s1)/C=C(/C(=0)
O)\C#N

6.4

211

211

CCN1c2ccc(cc2Sc2clceccc2)C=CC(=0)0

3.46

212

212

CCN1c2ccc(cc2Sc2clcccc2)C=C(C(=0)0O)C#N

5.53
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CCCCcceecea(cceccececcl)e2cec(cec2c2cicecec2)clecc2ce(cl)
Sclc(N2c2cce3c(c2)sc2c3sc3c2ccec(c3)c2ec(c(s2)C=C(C(=0
213 213 4.54
JO)C#N)C)ccc(cl)cleec2c(c1)C(CCCCCCCC)(Cccceeccl)ed

c2ccccl

CCCCCCN1c2ccc(cec2Sc2clceec(c2)C=C(C(=0)0)C#N)C=C1S

214 214 8.01
C(=C(s1)sc)sc

CCCCCCN1c2ccec(cec2Sc2cleec(c2)C=C1SC(=C(S1)SC)SC)c1

215 215 8.12
ccc(ccl)C=C(C(=0)O)C#N

Test set compounds of Division 1 (compound ids) —
3,8,13,14,15,17,18,27,28,29,34,43,53,56,62,71,73,75,77,86,89,101,108,110,114,125,128,134,141,146,151
,153,155,160,172,179,196,204,206

Test set compounds of Division 2 (compound ids) —
2,6,22,30,41,49,55,58,59,60,64,70,83,88,97,100,105,113,116,121,127,131,132,140,145,148,149,159,161,
162,165,171,187,191,194,195,210,212,215

Test set compounds of Division 3 (compound ids) —
7,9,23,31,35,40,46,61,65,68,72,76,78,79,92,98,99,106,115,126,130,133,135,139,152,163,164,166,180,
182,190,192,198,201,203,211,213,214

Compounds removed based on leverage value —
1,32,38,39,90,91,111,112,117,118,138,154,156,169,170,176,177,183,186,189,200,209

3.1.6 Porphyrin dataset (Study 2)
This dataset consists of 300 compounds, among which 30 compounds are removed from the
dataset based on leverage value, and the remaining dataset is divided into three training and test

sets with different data combinations. The detail of this dataset is shows in Table 3.6.

Table 3.6: Details of the porphyrin dataset

Serial Compound Experimental
SMILE
Number ID PCE
0OC(=0)clcec(ccl)/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4clc
1 1 cc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clccc(ccl)C(F)(F)F)/clc 3
cc(cc1)C(F)(F)F)/clcce(ccl)C(F)(F)F
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CCclcc(CC)c(c(c1)CC)/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4
clcccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/c1c(CC)cc(cclCC)CC)
/clcee(cec1)C(=0)0)/clc(CC)ecc(cclCC)CC

14

0OC(=0)clccc2c(cl)cecclc2nc2ce3/C(=C\4/C=CC(=N4)/C(=c/4\
n5[Zn]n3c(c2n1)/C(=C\1/C=CC(=N1)/C(=c\5/cc4)/clcc(cc(cl
JC(C)(C)C)C(C)(C)C)/clcc(ec(c1)C(C)(C)C)C(C)(C)C)/clcc(cc(ca
)C(C)(C)C)C(C)(C)C)/ clec(cc(c)C(C)C)C)C(C)(C)C

5.1

N#Cclnc2cc3c(cc2nc1C(=0)0)c1n2c3/C(=C\3/C=CC(=N3)/C(
=c/3\n([Zn]2)/c(=C(\C2=N/C(=C\1/c1c(C)cc(cc1C)C)/C=C2)/c
1¢(C)cc(cc1C)C)/ec3)/clc(C)ec(cc1C)C)/clce(C)ec(cclC)C

0.8

Cclce(C)c(c(c1)C)/C/1=c/2\cc/c/3=C(/C4=N/C(=C(\c5n([Zn]n
23)c(/C(=C/2\N=C1C=C2)/c1c(C)cc(cc1C)C)clc5cc2c(cl)nc(c
n2)C(=0)0)/c1c(C)cc(cc1C)C)/C=C4)\c1c(C)cc(cclC)C

6.3

Cclcec(cc1)N(/C/1=c/2\cc/c/3=C(\C#Cc4ccc(ccd)C(=0)0)/Ca
=N/C(=C(\c5n([ZnIn23)c(/C(=C/2\N=C1C=C2)/N(clccc(cc1)C
)Jelcee(cel)C)ec5)/clc(C)ec(cc1C)C)/C=C4)clcec(ccl)C

10.1

CCCCCCclcec(ecl)N(/C/1=c/2\cc/c/3=C(/C4=N/C(=C(\c5n([Z
nIn23)c(/C(=C/2\N=C1C=C2)/clcc(cc(c1)C(C)(C)C)C(C)(C)C)c

¢5)/C#Cclccc(ccl)C(=0)0)/C=C4)\clcc(cc(c1)C(C)(C)C)C(C)(C
)C)clcec(ccl)CCCCCC

9.1

Cclcec(ccl)N(/C/1=c/2\cc/c/3=C(/C4=N/C(=C(\c5n([Zn]n23)
c(/C(=C/2\N=C1C=C2)/N(clccc(cc1)C)clcec(ccl)C)ec5)/clc(C
)ec(cc1C)C)/C=C4)\clcce(ccl)C(=0)0)clecc(ccl)C

8.3

0OC(=0)clcec(ccl)/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4clc
cc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clcccccl)/cleccecl)/cl

ccecccl

1.2

10

10

Cclcec(ecl)/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4clccc4/C(
=C\1/C=CC(=N1)/C(=c\3/cc2)/clccc(cc1)C)/clcec(ccl)C(=0)
0)/clcec(ccl)C

11

11

COclccc(cel)/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4clcccl/
C(=C\1/C=CC(=N1)/C(=c\3/cc2)/c1ccc(cc1)0C)/clecc(ccl)C(
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=0)0)/c1ccc(ccl)0C

12

12

Cclcc(C)c(c(c1)C)/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4clcc
c4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/c1c(C)cc(cc1C)C)/clecc(c
c1)C(=0)0)/cl1c(C)cc(cclC)C

3.4

13

13

Cclcc(C)c(c(c1)C)/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4clcc
c4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/c1c(C)cc(cc1C)C)/clcec(c
c1)clcec(cc1)C(=0)0)/clc(C)ec(cclC)C

2.4

14

14

OC(=0)clccc(ccl)CHCclec2n3cl/C=C/1\N=C(C=C1C#Cclccc(
cc1)C(=0)0)/C(=c/1\n([Zn]3)/c(=C(\C3=N/C(=C\2/c2cc(cc(c2
)C(C)(C)C)C(C)(C)C)/C=C3)/N(c2ccc(cc2)C(C)(C)C)c2ccc(cc2)C
(C)(C)C)/ec1)/clec(cc(c1)C(C)(C)C)C(C)(C)C

15

15

0OC(=0)clcece(ccl)CHC/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4
clcecd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/N(clcecc(cc1)C(C)(C)

C)clcee(cel)C(C)(C)C)/clec(ce(c1)C(C)(C)C)C(C)(C)C)/clcec(cc
(c1)c(c)(C)c)c(e) ()

6.2

16

16

0C(=0)/C=C/C1=CC2=N/C/1=C\clccc3nl[Zn]n1/c(=C\2/c2cc
(cc(c2)C(C)(C)C)C(C)(C)C)/ec/c/1=C(/C1=N/C(=C\3/c2cc(cc(c

2)C(C)(C)C)C(C)(C)C)/C=C1)\N(clccc(cc1)C(C)(C)C)clcee(cel)

c(c)(c)c

3.2

17

17

0C(=0)/C=C/C=C/C1=CC2=N/C/1=C\clccc3nl[Zn]n1/c(=C\2
/c2cc(cc(c2)C(C)(C)C)C(C)(C)C)/cc/c/1=C(/C1=N/C(=C\3/c2cc
(cc(c2)C(C)(C)C)C(C)(C)C)/C=C1)\N(clccc(cc1)C(C)(C)C)eldcce
(cc1)C(C)(C)C

4.22

18

18

0C(=0)/C=C/C=C/clcc2n3c1/C=C/1\N=C(C=C1/C=C/C=C/C(
=0)0)/C(=c/1\n([Zn]3)/c(=C(\C3=N/C(=C\2/c2cc(cc(c2)C(C)(
C)C)C(C)(C)C)/C=C3)/N(c2ccc(cc2)C(C)(C)C)ec2cee(cc2)C(C)(C)
C)/cc1)/clec(cc(c1)C(C)(C)C)C(C)(C)C

4.36

19

19

N#C/C(=C/C1=CC2=N/C/1=C(/c1ccc(cc1)C(C)(C)C)\clcce3nl|
ZnIn1/c(=C\2/c2ccc(cc2)C(C)(C)C)/cc/c/1=C(\clcce(ccl)C(C)(
C)C)/C1=N/C(=C\3/c2cce(cc2)C(C)(C)C)/C(=Clclccceel)clce
cccl)/C(=0)0

1.72
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20

20

N#C/C(=C/C1=CC2=N/C/1=C(/c1c(C)cc(cc1C)C)\clccc3nl[Zn
1n1/c(=C\2/c2cec(cc2)C(C)(C)C)/cc/c/1=C(/C1=N/C(=C\3/c2c
(C)ec(ec2C)C)/C=C1)\c1c(C)cc(cc1C)C)/C(=0)0

5.35

21

21

Cclcec(ccl)N(/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]ndclcccl/
C(=C\1/C=CC(=N1)/C(=c\3/cc2)/N(c1ccc(ccl)C)clecec(ccl)C)/
c1c(C)cc(cc1C)C)/clcec(cec1)C(=0)0)clcec(ccl)C

3.8

22

22

0OC(=0)clcce(ccl)CHCclec2n3cl/C=C\1/C=CC(=N1)/C(=c/1\
n([Zn]3)/c(=C(\C3=N/C(=C\2/c2cc(cc(c2)C(C)(C)C)C(C)(C)C)/
C=C3)/N(c2ccc(cc2)C(C)(C)C)ec2cee(cec2)C(C)(C)C)/ccl)/clcc(c
c(c1)C(C)(c)c)c(c)(c)C

5.9

23

23

Cclcec(ccl)N(/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4clccc4/
C(=C\1/C=CC(=N1)/C(=c\3/cc2)/c1ccc(cc1)C(=0)0)/clcec(cc
1)C(=0)0)/N(clcce(ccl)C)clcee(cel)C)eclecc(ccl)C

5.5

24

24

Cclcec(cc1)N(/C/1=c/2\cc/c/3=C(/C4=N/C(=C(\c5n([Zn]n23)
¢(/C(=C/2\N=C1C=C2)/c1c(C)cc(cc1C)C)cc5)/clcee(ccl)C(=0)
0)/C=C4)\c1c(C)cc(cc1C)C)clcec(ccl)C

6.5

25

25

Cclce(C)e(c(c1)C)/C/1=c/2\cc/c/3=C(\c4ccc(cc4)C(=0)0)/Ca
=N/C(=C(\c5n([Zn]In23)c(/C(=C/2\N=C1C=C2)/c1c(C)cc(cc1C)
C)cc5)/clc(C)ec(cclC)C)/C=C4

44

26

26

CCCCO/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]ndclccc4/C(=C\1
/C=CC(=N1)/C(=c\3/cc2)/C=C/C(=0)0)/clcccccl)/clcceecl

6.04

27

27

CCCCO/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4clccc4/C(=C\1
/C=CC(=N1)/C(=c\3/cc2)/C=C(/C(=0)O)\C#N)/clcccccl)/clc

ccccl

3.08

28

28

CCCCO/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]ndclccc4/C(=C\1
/C=CC(=N1)/C(=c\3/cc2)/C=C/C=C(/C(=0)O)\C#N)/clcccccl)

/clcceecl

1.44

29

29

CCn1lc2cccec2c2clclc3ec(cce3n(clcle2n(CC)c2clceccc2)CC)/
C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4clccc4/C(=C\1/C=CC(=
N1)/C(=c\3/cc2)/clcce(ccl)C(=0)0)/clce(ce(c1)C(C)(C)C)C(C
)(C)C)/clec(cc(c1)C(C)C)C)C(C)(C)C

4.83
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30

30

N#C/C(=C\clccc(ccl)/C/1=c/2\cc/c/3=C(/C4=N/C(=C(\c5n([
Zn]n23)c(/C(=C/2\N=C1C=C2)/clcc(cc(c1)C(C)(C)C)C(C)(C)C)
cc5)/clecc2c(cl)clc(n2CC)c2c3cccce3n(c2c2cln(CC)clc2cecc
€1)CC)/C=C4)\clcc(cc(c1)C(C)(C)C)C(C)(C)C)/C(=0)O

6.05

31

31

0OC(=0)clcce(ccl)CHCclecc(ccl)/C/1=C/2\C=CC(=N2)/C(=c/2
\n3[Zn]ndclcccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clcc(cc(cl
)C(C)(C)C)C(C)(C)C)/clee(cc(c1)C(C)(C)C)C(C)(C)C)/clec(cc(cl
)c(e)ccyc(e)c)c

4.01

32

32

0OC(=0)clcec(ccl)CHCclcec(ccl)/C/1=C/2\C=CC(=N2)/C(=c/2
\n3[Zn]n4clcccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clccc(ccl)
C#Cclccec(cc1)C(=0)0)/clcc(ce(c1)C(C)(C)C)C(C)(C)C)/clcc(c

c(c1)C(C)(c)c)c(c)(c)C

2.55

33

33

0OC(=0)clcec(ccl)CHCclcec(ccl)/C/1=C/2\C=CC(=N2)/C(=c/2
\n3[Zn]n4clcccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clcc(cc(cl
)C(C)(C)C)C(C)(C)C)/clcce(ccl)CHCclccc(cc1)C(=0)0)/cleec(
ccl1)C#HCclcec(ccl)C(=0)0

0.58

34

34

CCCCCCCCCCCCOc1ceec(cl/C/1=C/2\C=CC(=N2)/C(=c/2\n3[
Zn]n4clccc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clc(OCCCCCC
CCCCCC)cccc10CCCCCCCCCCe)/CHCeleenc(c1)C(=0)0)/N(c
1cec(cc1)CCCCCC)elece(cel)CCCCCC)OCCCCCCCCCCCC

8.3

35

35

CCCCCCCCCCCCOc1ceec(c1/C/1=C/2\C=CC(=N2)/C(=c/2\n3[
Zn]n4clccc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clc(OCCCCCC
CCCCCC)cccc1OCCCCCCCCeee)/CCeleenc(c1)0)/N(cleec(
cc1)CCCCCC)clccc(ccl)CCCLe)occeceecccecccecc

8.5

36

36

CCCCCCCCCCCCOclecec(c1/C/1=C/2\C=CC(=N2)/C(=c/2\n3|
Zn]n4clccc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clc(OCCCCCC
CCCCCC)ceecc10CCCCCCCCcee)/CHCeieenceel)/N(cleec(ccl
JCCCCCC)clcec(ccl)CCCCcc)occeeccecceccce

8.2

37

37

CCCCCCCCOc1ccec(c1/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4
clcecd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/N(clccc(ccl)C)clecc
(cc1)C)/N(clcec(ccl)C)elcec(ccl)C)/CCclccc(cel)C(=0)0)Co

9.1

84|Page




Chapter 3

Materials And Methods

Cccccccc

38

38

CCCCCCCCOc1cecc(c1/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4
clcccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/N(clccc(ccl)C)clccc
(cc1)C)/N(clcce(cc1)C)eleec(ccl)C)/CCelc(OCCCC)ec(cc10C

CCC)C(=0)0)cocceecccecc

7.2

39

39

CCCCCCCCOCclccec(c1/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n
4clcccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/N(clccc(ccl)C)clcc
¢(cc1)C)/N(clcee(ecl)C)elcec(ccl)C)/CCclc(OCCCCCCCC)ec(
cc10CCCCCCCC)C(=0)0)0CCCCCeee

6.9

40

40

CCCCCCCCOclcecee(c1/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4
clcecd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/c1c(OCCCCCCCC)cec
c10CCCCCCCC)/N(clcee(ec1)CCCCCC)elcec(ccl)CLCLcce)/cc
clccc(ccl)C(=0)0)occececcecec

8.6

41

41

0OC(=0)clcee(ccl)/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4clc
cc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clccc(ccl1)C(=0)0)/clcc
¢(cc1)C(=0)0)/clccc(cc1)C(=0)0

0.8

42

42

Oc1c(0)cceel/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4clccc4/
C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clcccc(c10)0)/clecce(c10)
0)/clccec(c10)0

0.6

43

43

Oclcc(ccecl10)/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4clccc4/
C(=C\1/C=CC(=N1)/C(=c\3/cc2)/c1ccc(c(c1)0)0)/clcce(c(cl)
0)0)/clcec(c(c1)0)O

0.23

44

44

Oclcee(c(c1)0)/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4clccc4
/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clccc(cc10)0)/clecc(cclO)
0)/clcec(cc10)0

0.03

45

45

Oclcee(c(c1)/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4clccc4/C
(=C\1/C=CC(=N1)/C(=c\3/cc2)/c1cc(0)ccc10)/clcc(O)ceclO
)/c1cc(O)cccl0)0

0.02

46

46

CCCCCCOc1cec(cel)N(cleec(cc1)OCCCCCC)elcec(ccl)/C/1=C
/2\C=CC(=N2)/C(=c/2\n3[Zn]ndclccc4/C(=C\1/C=CC(=N1)/C
(=c\3/cc2)/C#Cclccc(cecl)C(=0)0)/clcec(ccl)N(clcec(cecl)OC

3.4
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CCCCC)clcec(cc1)OCCCCCC)/cleec(ccl)N(clcec(ccl)OCCccc
C)clccec(ccl)OCccccc

OC(=0)clcce(ccl)CHC/C/1=c/2\cc/c/3=C(\c4ccc(ccd)N(chccc
ccd)cdcceecd)/C4=N/C(=C(\c5n([Zn]n23)c(/C(=C/2\N=C1C=C
47 47 2.06
2)/clccc(ccl)N(clcccecl)clecceel)ce5)/cleec(ccl)N(clcccce

1)clcceecl)/C=C4

CCCCCCCCOc1cecc(cl/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4
clcecd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/c1c(OCCCCCCCC)cecc
48 48 8.42
c10CCCCCCCC)/N(clcec(cc1)CCCCCC)clcec(ccl)CCCcee)/cH

Cclccc(cc1)C(=0)0)occececcecc

CCCCCCCCOciccec(c1/C/1=c/2\cc/c/3=C(\CHCc4ccc(c5cdns
n5)cdccc(cc4)C(=0)0)/C4=N/C(=C(\c5n([Zn]n23)c(/C(=C/2\
49 49 12.5
N=C1C=C2)/N(clccc(cc1)CCCCCC)clecc(cc1)CCCCCC)ec5)/cl

¢(OCCCCCCCC)ccec10CCCLCLCC)/c=C4)0cceececce

CCCCCCCCOciccec(c1/C/1=c/2\cc/c/3=C(/C4=N/C(=C(\c5n([
50 50 Zn]In23)c(/C(=C/2\N=C1C=C2)/C#Cclccc(s1)C(=0)0)cc5)/clc 5 62
(OCCCCCCCC)ccecc10CCCCCeeC)/C=Ca)\N(cdccec(cel)cleec(s '

1)CCCCCC)clcec(ccl)clecc(s1)CCCCcc)occcecccc

CCCCCCCCOciccec(c1/C/1=c/2\cc/c/3=C(\CH#Cc4ccc(ccd)N(c
4ccc(ccd)cdeec(s4)CCCCCC)cdcecec(ccd)clecc(s4)CCCCCC)/Ca=
51 51 N/C(=C(\c5n([Zn]n23)c(/C(=C/2\N=C1C=C2)/C#Cclccc(s1)C( 6.4
=0)0)cc5)/c1c(0CCCCCCCC)ecce10CCCCCCCC)/C=C4)0CCCC
CcccC

OC(clccec(c1)/C/1=c/2\cc/c/3=C(\cdccc(cc4)N(cdccceed)clc
52 52 cceed)/C4=N/C(=C(\c5n([Zn]n23)c(/C(=C/2\N=C1C=C2)/clcc 1.81
c(cc1)N(clcccecl)clecceel)ec5)/clecec(c1)C(=0)0)/C=C4)0

0OC(=0)clccec(cl1)/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4clc
53 53 cc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clccc(cc1)N(clcceecl)c 3.37
1ccecel)/clecec(c1)C(=0)0)/clcec(ccl)N(cleceecl)cleccecl

5 5 0OC(=0)clccec(cl)/C/1=c/2\cc/c/3=C(\c4ccc(ccd)N(chcceeccd) 379
cdceececcd)/C4=N/C(=C(\c5n([ZnIn23)c(/C(=C/2\N=C1C=C2)/c .
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1ccec(c1)C(=0)0)cc5)/clccec(c1)C(=0)0)/C=C4

55

55

0OC(=0)clcce(ccl)/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4clc
cc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clccc(cc1)N(clcccecl)c
1cceecl)/clecc(ccl)N(clcceccl)cleccecl)/cleec(ccl)N(clccc

ccl)clcececl

2.88

56

56

0OC(=0)clcce(ccl)/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4clc
cc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clccc(cc1)C(=0)0)/clcc

c(cc1)N(clcceecl)clecceel)/clcec(ccl)N(clececeel)cleccecl

2.84

57

57

0OC(=0)clcee(ccl)/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4clc
cc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clccc(cc1)N(clcceecl)c
1cceeel)/clece(cecl)C(=0)0)/clcec(ccl)N(clcceecl)cleccecl

4.02

58

58

0OC(=0)clcec(ccl)/C/1=c/2\cc/c/3=C(/C4=N/C(=C(\c5n([Zn]
n23)c(/C(=C/2\N=C1C=C2)/c1ccc(cc1)C(=0)0)cc5)/clecc(ccl
)C(=0)0)/C=C4)\c1ccc(cc1)N(clcceecl)cleccecl

5.36

59

59

0OC(=0)clcee(ccl)/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4clc
cc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clcccsl)/clccc(ccl)C(=
0)0)/clcec(ccl)C(=0)0

60

60

0OC(=0)clcee(ccl)/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4clc
cc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clcccsl)/clccesl)/clcc
c(cc1)C(=0)0

2.5

61

61

0OC(=0)clcec(ccl)/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4clc
cc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clccc(cc1)C(=0)0)/clcc
csl)/clccesl

18

62

62

0OC(=0)clcec(ccl)/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4clc
cc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clcccsl)/clccesl)/clcc

csl

0.2

63

63

Cclcec(ecl)/C/1=C/2\C=CC(=N2)/C(=c\2/cc/c(=C(/C3=N/C(=
C(\c4[nH]clcc4)/clcece(cc1)C(=0)0)/C=C3)\clcecc(ccl)C)/[nH
12)/clcec(ccl)C

0.42

64

64

Cclcec(ecl)/C/1=C/2\C=CC(=N2)/C(=c\2/cc/c(=C(/C3=N/C(=
C(\c4[nH]clcc4)/clccec(c1)C(=0)0)/C=C3)\clcec(ccl)C)/[nH

0.71
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12)/c1ccec(ccl)C

65

65

Cclcec(ccl)/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4clcccl/C(
=C\1/C=CC(=N1)/C(=c\3/cc2)/c1ccc(cc1)C)/clceec(c1)C(=0)
0)/clcec(ccl)C

4.17

66

66

CCCCCCclc(C#C/C/2=c/3\cc/c/4=C(\c5ccc(cc5)N(c5cceec5)c
5cccec5)/C5=N/C(=C(\cbn([Zn]n34)c(/C(=C/3\N=C2C=C3)/c2
ccc(cc2)N(c2ceeec2)c2cccec2)cecb)/c2ecc(cc2)N(c2cceec2)c2e

ccec2)/C=C5)sc(c1CCCCCC)/C=C(/C(=0)O)\CHN

67

67

CCCCCCclc(CHC/C/2=c/3\cc/c/4=C(\c5ccc(cc5)N(c5cceec5)c
5cceec5)/C5=N/C(=C(\c6n([Zn]n34)c(/C(=C/3\N=C2C=C3)/c2
ccc(cec2)N(c2cecee2)c2ccecc2)ceb)/c2cec(cc2)N(c2eceec2)c2e
ccce2)/C=C5)sc(c1CCCCCC)/C=C/c1sc(c(c1Ccccece)ceecce)/
C=C(/C(=0)O)\C#N

4.1

68

68

CC(clcc(cc(c1)C(C)(C)C)/C/1=c/2\cc/c/3=C/C4=N/C(=C(\c5n(
[Zn]n23)c(/C(=C/2\N=C1C=C2)/C#Cclccc(cc1)C(=0)0)cc5)/c
1cc(ce(c1)C(C)(C)C)C(C)(C)C)/C=C4)(C)C

0.22

69

69

Cclce(C)c(c(c1)C)Ocleccc2cleclc(ceecle2/C/1=c/2\cc/c/3=
C(/C4=N/C(=C(\c5n([Zn]n23)c(/C(=C/2\N=C1C=C2)/clcc(cc(
¢1)C(C)(C)C)C(C)(C)C)cc5)/CHCclcec(ccl)C(=0)0)/C=C4a)\clc
¢(cc(c1)C(C)(C)C)C(C)(C)C)Oc1c(C)ec(ccaC)C

0.66

70

70

OC(=0)clcee(ccl)C#HC/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4
clcecd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clcc(cc(c1)C(C)(C)C)
C(C)(C)C)/c1cc(ce(c1)C(C)(C)C)C(C)(C)C)/c1ec(cc(c1)C(C)(C)C)
c(c)c)c

6.36

71

71

CCCCCCclcec(ccl)N(clcee(ccl)CCCCCC)elcec(ccl)/C/1=C/2\
C=CC(=N2)/C(=c/2\n3[Zn]n4clccc4/C(=C\1/C=CC(=N1)/C(=c
\3/cc2)/C#Cclcec(ccl)C(=0)0)/clec(cc(c1)C(C)(C)C)C(C)(C)C
)/c1cc(cc(c1)C(C)(C)C)C(C)(C)C

5.6

72

72

0OC(=0)C(=C/C=C/C1=C/C/2=C(\c3ccccc3)/c3cccdn3[Zn]n3/c
(=C(\C1=N2)/c1cccecl)/cc/c/3=C(/C1=N/C(=C\4/c2ccccc2)/
C=C1)\clcccccl)C(=0)0

5.1

88|Page




Chapter 3

Materials And Methods

73

73

Cclcec(ccl)/C/1=c/2\cc/c/3=C(\c4ccc(ccd)C)/C4=N/C(=C(\c
5n([ZnIn23)c(/C(=C/2\N=C1C(=C2)/C=C/C=C(C(=0)0)C(=0)0
)/clcec(cc1)C)ec5)/clccc(ccl)C)/C=C4

7.1

74

74

CCclccc(ccl)/C/1=C\2/N=C(C(=C2)/C=C/C=C(C(=0)0)C(=0)
0)/C(=c/2\n3[Zn]n4clccca/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/
clccce(cec1)CC)/cleec(cecl)CC)/clecc(ccl)CC

5.8

75

75

CCCCclccc(ccl)/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4clccc
4/C(=C\1/C=C(C(=N1)/C(=c\3/cc2)/clccc(ccl)CCCC)/C=C/C=
C(C(=0)0)C(=0)0)/clcec(cc1)CCCC)/clccc(cec1)cccc

6.4

76

76

CCCCCCCCclccc(ccl)/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4
clcecd/C(=C\1/C=C(C(=N1)/C(=c\3/cc2)/clccc(ccl)CCCCCCC
C)/C=C/C=C(C(=0)0)C(=0)0)/clccc(cc1)CCCCCCCC)/clccc(c
cl)ccecececcc

5.3

77

77

Cclce(C)ec(c1)/C/1=c/2\cc/c/3=C(/C4=N/C(=C(\c5n([Zn]n23
)e(/C(=C/2\N=C1C(=C2)/C=C/C=C(C(=0)0)C(=0)0)/clcc(C)cc
(c1)C)ce5)/clcce(C)ec(c1)C)/C=C4)\clcc(C)ec(cl)C

6.1

78

78

CCCCCCCCCCCCOclcec(ce(clocceeeccccccc)occececcecccec
CCC)/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4clccc4/C=C\1/C
=CC(=N1)/C(=c\3/cc2)/c1cc(OCCCCCCCCCCCC)e(c(c1)0CCee
CCCCCCCC)OCCCCCCCCCCCC)/CHCelece(cel)C(=0)0

4.78

79

79

CCCCCCCCCClCOcicecec(cl/C/1=C/2\C=CC(=N2)/C=c/2\n3[Z
nln4clccc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clc(OCCCCCCC
CCCCC)cecc10CCCCCCCCCCCC)/CHCelecc(ccl)C(=0)0)0CCC
CCcccececcc

7.43

80

80

CN(clcec(ccl)CHC/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4clc
cc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/C#Cclccc(cc1)C(=0)0)/
clce(ce(c1)C(C)(C)C)C(C)(C)C)/clec(ce(c1)C(C)(C)C)C(C)(C)C)

C

9.34

81

81

CCCCCCCCCCCCOcicceec(c1/C/1=C/2\C=CC(=N2)/C(=c/2\n3]
Zn]n4clccc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clc(OCCCCCC
CCCCCC)cecc10CCCCCCCCCCCC)/CHCelcecec(ccl)C(=0)0)/CH

10.17
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Cclcec(ccl)N(C)C)OCCcceeccceccce

82

82

CCCCCCCCCCCCOeicec(cc1)C1=C2CCC3N2[Zn]24n5¢c1cce5C(
=C1N2C(CC1)C(=c1n4c(=C3c2ccc(cc2)OCCCCCCCCCCCC)ecl)
clcec(ccl)C(=0)0)clcec(ccl)OCCcccccccecc

4.97

83

83

CCCCCCCCCCCCOcicec(cecc10ccceeccccccc)/c/1=c/2\c=C
C(=N2)/C(=c/2\n3[Zn]n4clccca/C(=C\1/CCC(/C(=c\3/cc2)/c
2ccc(cc2)C(=0)0)N1)/clecc(c(c1)OCcccceeccccc)occcecc
CCCCCCC)/clcec(c(c1)OCceeeccceecc)oceeccececcecccc

5.98

84

84

CCCCCCCCOciceec(c1/C/1=c/2\cc/c/3=C(\CHCc4ccc(ccd)cdn
c(nc(n4)c4cceccd)cdeccecd)/C4=N/C(=C(\c5n([Zn]n23)c(/C(=
C/2\N=C1C=C2)/C#Cclccc(cc1)C(=0)0)cc5)/clc(OCccccccc
)ccecc1OCCCCCCCC)/C=C4)0ccecececce

0.97

85

85

CCCCCCCCOclcece(c1/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4
clcecd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/c1c(OCCCCCCCC)cec
c10CCCCCCCC)/C#HCclcec(ccl)C(=0)0)/CHCclccc2ce(cl)clecc
ccln2CC)OCcccccecc

4.4

86

86

CCCCCCCCOclccec(c1/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4
clcccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/c1c(OCCCCCCCC)ccc
c10CCCCCCCC)/CHCclcec(ccl)C(=0)0)/CHCclcec(ccl)N(clcc
cccl)clcecccl)OCCCCCCCC

87

87

CCCCCCCCOciccec(c1/C/1=c/2\cc/c/3=C(\CH#Cc4ccc(ccd)N(c
4ccc(ced)C)cdecc(cecd)C)/Ca4=N/C(=C(\c5n([Zn]n23)c(/C(=C/2
\N=C1C=C2)/C#Cclccc(cc1)C(=0)0)cc5)/c1c(OCCCCCCCC)ec
cc10CCCCCCCC)/Cc=C4)occeeeccce

5.58

88

88

CCCCCCCCOcccec(c1/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4
clcecd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/c1c(OCCCCCCCC)ccc
c10CCCCCCCC)/C#Cclcecc(c1)C(=0)0)/CHCclccc2ce(cl)clecc
ccln2CC)OCcccecececc

3.75

89

89

CCCCCCCCOci1ccec(c1/C/1=c/2\cc/c/3=C(\C#Cc4cce(ccd)N(c
4ccc(ccd)C)cdecc(ccd)C)/C4=N/C(=C(\c5n([Zn]n23)c(/C(=C/2
\N=C1C=C2)/C#Cclcccc(c1)C(=0)0)cc5)/c1c(OCCCCCCCC)ec

4.3
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cc10CCCCCCCC)/Cc=C4)0cceeccece

90

90

COCCOCCOCCOcccec(ccl)/C/1=c/2\cc/c(=C(\c3ccec(cc3)0CC
OCCOCCOC)/C3=N/C(=C(\c4[nH]c(/C(=C/5\N=C1C=C5)/clcc
¢(cc1)OCCOCCOCCOC)ccd)/clccc(ccl)C(=0)0)/C=C3)/[nH]2

0.65

91

91

COCCOCCOCCOcIccec(ccl)/C/1=c/2\cc/c/3=C(\c4ccc(cc4)0C
COCCOCCOC)/C4=N/C(=C(\c5n([Zn]In23)c(/C(=C/2\N=C1C=C
2)/clccc(cc1)OCCOCCOCCOC)cc5)/clccc(ccl)C(=0)0)/C=C4

2.42

92

92

COCCOCCOCCOcccec(ccl)/C/1=c/2\cc/c(=C(\c3ccc(cc3)0CC
0CCOCCOC)/C3=N/C(=C(\c4[nH]c(/C(=C/5\N=C1C=C5)/clcc
¢(cc1)OCCOCCOCCOC)cc4d)/clecce(c1)C(=0)0)/C=C3)/[nH]2

0.65

93

93

COCCOCCOCCOc1ccc(cc1)/C/1=c/2\cc/c/3=C(\c4ccc(cc4)0C
COCCOCCOC)/C4=N/C(=C(\c5n([Zn]n23)c(/C(=C/2\N=C1C=C
2)/clcee(cc1)OCCOCCOCCOC)cc5)/clecec(c1)C(=0)0)/C=C4

2.45

94

94

CCCCCCO/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]ndclccc4/C(=
C\1/C=CC(=N1)/C=c\3/cc2)/C(=0)0)/clccc(cc1)N(clcccecl)c

1cccecl

3.64

95

95

CCCCCCo/C/1=c/2\cc/c/3=C(\c4ccc(cc4)N(cdcccecd)cleccce
4)/C4=N/C(=C(\c5n([Zn]n23)c(/C(=C/2\N=C1C=C2)/C(=0)0)
cc5)/0CCCCCC)/C=C4

5.77

96

96

CCCCCCOclccc(cel)/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4c
1cccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clcc(cc(c1)/C/1=C/2\
C=CC(=N2)/C(=c/2\n3[Zn]n4clccc4/C(=C\1/C=CC(=N1)/C(=c
\3/cc2)/clecc(cc1)OCCCCCC)/clcec(ccl)N(cleec(cc1)C(C)(C)
C)clcee(cel)C(C)(C)C)/clccec(c1)C(=0)0)/C/1=C/2\C=CC(=N
2)/C(=c/2\n3[Zn]n4clcccd/C=C\1/C=CC(=N1)/C(=c\3/cc2)/c
1ccc(cc1)OCCCCCC)/clccc(cec1)C(=0)0)/clcec(ccl)N(clccec(c
¢1)C(C)(C)C)clecec(cc1)C(C)(C)C)/cleec(ccl)C(=0)0

2.3

97

97

CCCCCCCCOc1ccec(c1/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4
clcecd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/c1c(OCCCCCCCC)cec
c10CCCCCCCC)/C#Cclcec(ccl)N(CCCC)CCCC)/CHCecleec(ccl)
C(=0)0)occcecceccce

7.56
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98

98

CCCCCCCCOc1cecc(c1/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4
clcccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/c1c(OCCCCCCCC)ccc
c¢10CCCCCCCC)/CHCclcec(ccl)N(clecc(ccl)CCCCcc)ccce)/C
#Cclccc(ccl)C(=0)0)0occeecccce

99

99

CCCCCCCCOc1cecc(cl/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4
clcccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/c1c(OCCCCCCCC)ccc
c10CCCCCCCC)/CHCclcec(ccl)N(clcec(cec1)CCCCCC)clcec(cc
1)CCCCCC)/CHCclecc(ccl)C(=0)0)0CCCCCeee

9.19

100

100

CCCCCCCCOc1ccec(c1/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4
clcecd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/c1c(OCCCCCCCC)cec
c10CCCCCCCC)/CHCclcec(ccl)N(clcceecl)cleccecl)/CHCclc
cc(ccl)C(=0)0o)occececececcec

7.93

101

101

CCCclccec(ec1)/C/1=c/2\cc/c/3=C(\clccc(ccd)CCC)/CA4=N/C(
=C(\c5n([Zn]n23)c(/C(=C/2\N=C1C=C2)/c1ccc(cc1)CCC)cc5)/
clcec(ccl)C(=0)0)/C=C4

2.09

102

102

CCCclccec(ecl)/C/1=c/2\cc/c(=C(/c3cce(cc3)CCC)\C3=N/C(=C
(\c4[nH]c(/C(=C\5/N=C1C=C5)/clccc(cc1)CCC)ccl)/clcecc(c
1)C(=0)0)/C=C3)/[nH]2

0.3

103

103

CCCclccec(cc1)/C/1=c/2\cc/c/3=C(\chccc(cc4)CCC)/CA4=N/C(
=C(\c5n([Zn]n23)c(/C(=C/2\N=C1C=C2)/c1ccc(cc1)CCC)cc5)/
clcecec(c1)C(=0)0)/C=C4

1.99

104

104

Cclcc(C)c(c(c1)C)/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4clcc
1c4/c(=C\4/C=CC(=N4)/C(=c\3/cc2)/c2c(C)cc(cc2C)C)/c2c3c
1ccee3c(cc2)C(=0)0)/c1c(C)ec(cciC)C

41

105

105

COC1CCC2C3C1CCCC3C1=C/C/3=C(\C4C(C)CC(CCAC)C)/CAN
5[Zn]N6/C(=C/2\C1=N3)/CC/C/6=C(/C1=N/C(=C(\C5CC4)/C2
CCC(CC2)C(=0)0)/C=C1)\C1C(C)CC(CC1C)C

11

106

106

Cclce(C)c(c(c1)C)/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4clcc
c4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/c1c(C)cc(cclC)C)/clecc(c
2clcccc2)C(=0)0)/clc(C)ec(cclC)C

2.8

107

107

CCCCCCCCOc1ccec(c1/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4

8.79
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clcccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/c1c(OCCCCCCCC)ccc
c¢10CCCCCCCC)/N(clcceecl)cleccecl)/CHCcleec(ccl)C(=0)0
JOCCCCCCCC

108

108

CCCCCCCCOc1cecc(c1/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4
clcccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/c1c(OCCCCCCCC)ccc
¢10CCCCCCCC)/N(clcee(cecl)C)elecc(ccl)C)/CHCelecc(ccl)C
(=0)0)occccccce

8.92

109

109

CCCCCCCCOc1ccec(c1/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4
clccec4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/c1c(OCCCCCCCC)ccc
c10CCCCCCCC)/N(clceec2c(cl)cecc2)cleecc2ce(cl)ccec2)/CHCc
lccc(ccl)C(=0)0O)occececcecc

7.58

110

110

COC(=0)clcee(cel)/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4cl
cccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clccc(cc1)C(=0)0C)/c
1ccc(ccl)CHCelceencl)/cleec(ccl)C(=0)0C

3.36

111

111

COC(=0)clcee(cel)/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4cl
cccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clcenccl)/clecc(ccl)C
(=0)0C)/clcenccl

2.27

112

112

COC(=0)clcec(ccl)/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4c1
cccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clccnccl)/clecc(ccl)C
(=0)0C)/clccc(cc1)C(=0)0C

3.35

113

113

nlccc(ccl)/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]ndclccca/C(=
C\1/C=CC(=N1)/C(=c\3/cc2)/clccncel)/clcenecl)/clcenccl

2.46

114

114

Cclce(C)c(c(c1)C)/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4clcc
c4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/c1c(C)cc(cc1C)C)/clcce(s
1)C(=0)0)/c1c(C)cc(cc1C)C

3.1

115

115

Cclce(C)c(c(c1)C)/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4clcc
c4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/c1c(C)cc(cc1C)C)/c1c(C)c
¢(cc1C)C)/c1ccc(01)C(=0)O

2.3

116

116

Cclce(C)c(c(c1)C)/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4clcc
c4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/c1c(C)cc(cc1C)C)/clscc(c
1)C(=0)0)/c1c(C)cc(cc1C)C

1.8
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117

117

Cclcc(C)c(c(e1)C)/C/1=C\2/N=C(c3c2nc2cc(ccc2n3)C(=0)0)/
C(=c/2\n3[Zn]n4clccc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clc
(C)ec(ec1C)C)/clc(C)ec(cc1C)C)/clc(C)ec(cclC)C

5.2

118

118

Cclcc(C)c(c(c1)C)/C/1=C\2/N=C(c3c2nc2cc(C(=0)0)c(cc2n3)
C(=0)0)/C(=c/2\n3[Zn]n4clccc4/C(=C\1/C=CC(=N1)/C(=c\3/
cc2)/c1c(C)cc(cclC)C)/clc(C)ec(cclC)C)/clc(C)ec(cclC)C

119

119

CCCCCCCCCCCCOcicccec(cl/C/1=C/2\C=CC(=N2)/C(=c/2\n3[
Zn]n4clccc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clc(OCCCCCC
CCCCCC)ceecc10CCCeeecceeece)/n1c2ceec(cc2c2elecc(c2)CC
CCCC)CCCCCC)/CHCclccc(ccl)C(=0)0)occeecceecccecce

3.99

120

120

CCcccecececcecccociceec(e1/C/1=c/2\cc/c/3=C(\C#Cc4ccc(cc
4)c4n(CC(CCCC)CC)c(=0)c5c4c(=0)n(c5cdcec(ccd)clecc(s4)/
C=C(/C(=0)O)\C#N)CC(CCCC)CC)/Ca=N/C(=C(\c5n([Zn]n23)c
(/C(=C/2\N=C1C=C2)/clccc(ccl)OC)ec5)/clec(OCcccecceece
CC)ccec10CCCCCCCCCCLC)/C=C4)0cceecceccceccce

2.48

121

121

CCcccecececccccociceec(e1/C/1=c/2\cc/c/3=C(\C#Cc4ccc(cc
4)c4n(CC(CCCC)CC)c(=0)c5c4c(=0)n(c5cacec(ccl)clecc(s4)/
C=C(/C(=0)0)\C#N)CC(CCCC)CC)/C4=N/C(=C(\c5n([Zn]n23)c
(/C(=C/2\N=C1C=C2)/n1c2ccc(cc2c2clcec(c2)CCCCCC)ccce
CC)cc5)/c1c(0OCCCCCCCCCCCl)ceccclOcceecccccccc)/c=c
4)0CCCcccecececcecc

2.58

122

122

CCCCCCCCOciccec(c1/C/1=c/2\cc/c/3=C(\chccc(cc4)N(checc
(cc4)chccc(s4)CCCCCC)clecc(ccd)cdccc(s4)CCCCCC)/Ca=N/C(
=C(\c5n([Zn]n23)c(/C(=C/2\N=C1C=C2)/C#Cclccc(s1)C(=0)O
)cc5)/c1c(0OCCCCCCCC)eccc10CCCCCCCC)/C=Ca)0cceececce

5.09

123

123

Cclcec(ecl)/C/1=c/2\cc/c(=C(\c3cce(cc3)C)/C3=N/C(=C(\c4[
nH]c(/C(=C/5\N=C1C=C5)/clccc(ccl)C)ccd)/clceccc1C(=0)0
)/C=C3)/[nH]2

0.11

124

124

Cclcec(ecl)/C/1=c/2\cc/c/3=C(\chccc(ccd)C)/C4=N/C(=C(\c
5n([Zn]n23)c(/C(=C/2\N=C1C=C2)/c1ccc(cc1)C)cc5)/clcecce
1C(=0)0)/Cc=C4

0.37
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125

125

COclcec(c2clcecc2)/C/1=c/2\cc/c/3=C(/C4=N/C(=C(\c5n([Z
n]n23)c(/C(=C/2\N=C1C=C2)/c1c(C)cc(cc1C)C)cc5)/clccc(cc
1)C(=0)0)/C=C4)\c1c(C)cc(cc1C)C

3.4

126

126

Oclcec(c(c1)C(=0)0)/N=N/clccc(ccl)/C/1=C/2\C=CC(=N2)/
C(=c/2\n3[Zn]n4clccc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clc
cc(cc1)/N=N/clccc(cc1C(=0)0)0)/clcec(ccl)/N=N/clccc(cc
1C(=0)0)0)/c1cec(ccl)/N=N\clccc(cc1C(=0)0)0

0.56

127

127

0OC(=0)clcc(/N=N\c2ccc(ce2)/C/2=C/3\C=CC(=N3)/C(=c/3\n
4[Zn]n5c2ccc5/C(=C\2/C=CC(=N2)/C(=c\4/cc3)/c2ccc(cc2)/
N=N/c2ccc(c(c2)C(=0)0)0)/c2ccc(cc2)/N=N\c2cce(c(c2)C(=
0)0)0)/c2cec(cc2)/N=N\c2cce(c(c2)C(=0)0)0)cccl1O

2.04

128

128

0OC(=0)clcece(ccl)CHC/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4
clcecd/C(=C\1/C=CC(=N1)/C=c\3/cc2)/clcccccl)/clecceecl

2.26

129

129

0OC(=0)clccec(c1)CHC/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4
clcecd/C(=C\1/C=CC(=N1)/C=c\3/cc2)/clcccccl)/clcceecl

0.64

130

130

0OC(=0)clcee(cc10)CHC/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]
ndclccc4/C(=C\1/C=CC(=N1)/C=c\3/cc2)/clcccccl)/cleccec
1

4.55

131

131

0OC(=0)clcc(cecc10)CHC/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]
ndclccc4/C(=C\1/C=CC(=N1)/C=c\3/cc2)/clcccccl)/clecccec
1

1.22

132

132

0OC(=0)clcec(ccl)/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4clc
cc4/C(=C\1/C=CC(=N1)/C=c\3/cc2)/clccccecl)/clcceccl

3.01

133

133

0OC(=0)clcec(ccl)/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4clc
cc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clccc(ccl)nlc2ccecc2c2

clccec2)/clecceel)/clcccecl

3.47

134

134

0OC(=0)clcec(ccl)/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4clc
cc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clccc(cc1)N1c2cccecc2C

Cc2clccee2)/clececcl)/cleccccd

3.62

135

135

0OC(=0)clcee(ccl)/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4clc
cc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clccc(cc1)N1c2cccecc2C

2.55
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=Cc2clcccc2)/cleccecl)/clcccecl

136

136

N#C/C(=C\c1sc(cc1C)clccc(c2clnsn2)clsc(c(c1)C)/C/1=C/2\
C=CC(=N2)/C(=c/2\n3[Zn]n4clccca/C(=C\1/C=CC(=N1)/C(=c
\3/cc2)/clcec(cc1)C)/clccc(ccl)C)/clcec(ccl)C)/C(=0)0

5.46

137

137

CCCCCCclcc(sc1/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4clccc
4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clccc(cc1)C)/cleec(cc)C)
/clcece(cel)C)elecc(c2clnsn2)clsc(c(c1)CCCCCC)/C=C(/C(=0
JO)\C#N

4.67

138

138

CCCCCCclccec(s1)/C/1=c/2\cc/c/3=C(/C4=N/C(=C(\c5n([Zn]n
23)c(/C(=C/2\N=C1C=C2)/clccc(s1)CCCCCC)cc5)/cleccc(s1)/
C=C(/C(=0)0O)\C#N)/C=C4)\clccc(s1)CCCCCC

4.44

139

139

N#C/C(=C\clcecc(s1)/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4c
1cccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clccc(s1)C)/clcec(sl)
C)/clccc(s1)C)/C(=0)0

5.71

140

140

CCCCCCclce(sc1/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4clccc
4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clccc(s1)C)/clcec(s1)C)/c
1cce(s1)C)/C=C(/C(=0)O)\C#N

4.54

141

141

CCCCCCCCCCCCOclecec(cl/C/1=C/2\C=CC(=N2)/C(=c/2\n3|
Zn]n4clccc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clc(OCCCCCC
CCCCCC)cccc10CCCCCCCCCCLC)/CHCelec(OCCCCCC)c(cclO
CCCCCC)n1c2cceccc2c2clcecc?)/CHCclecc(ccl)C(=0)0)oCccC
ccccececececc

142

142

N#C/C(=C\c1sc(c2c10CCO2)/C/1=C/2\C=CC(=N2)/C(=c/2\n3
[Zn]n4clceed/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clccc(s1)C)/c
1cce(s1)C)/clcec(s1)C)/C(=0)0

4.54

143

143

N#C/C(=C\clccc(ccl)/C/1=c/2\cc/c/3=C(/C4=N/C(=C(\c5n([
Zn]n23)c(/C(=C/2\N=C1C=C2)/c1c(C)cc(cc1C)C)cc5)/clccc(c
¢1)C)/C=C4)\c1c(C)cc(cclC)C)/C(=0)0

2.61

144

144

N#C/C(=C\clcec(ccl)/C/1=c/2\cc/c/3=C(/C4=N/C(=C(\c5n([
ZnIn23)c(/C(=C/2\N=C1C=C2)/c1c(C)cc(cc1C)C)cc5)/clccc(c
c1)/C=C/clcec(ccl)/C=C/clcec2c(cl)clec(cceIn2CCC(CCCC

3.26
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C)C)C)clcec(ccl)N(clceeceel)cleccecl)/C=C4)\clc(C)cc(cclC)
C)/C(=0)0

145

145

N#C/C(=C\clccc(ccl)/C/1=c/2\cc/c/3=C(/C4=N/C(=C(\c5n([
Zn]n23)c(/C(=C/2\N=C1C=C2)/c1c(C)cc(cc1C)C)cc5)/clecc(c
c1)/C=C/clccc(ccl)/C=C/clccc2c(cl)clec(cccln2CCC(CCCC(
C)C)C)clcec(cc1)C(F)(F)F)/C=C4)\c1c(C)cc(ccl1C)C)/C(=0)0

3.22

146

146

N#C/C(=C\clccc(ccl)/C/1=c/2\cc/c/3=C(/C4=N/C(=C(\c5n([
Zn]n23)c(/C(=C/2\N=C1C=C2)/c1c(C)cc(cc1C)C)cc5)/clcec(c
c1)/C=C/clccc2c(cl)clec(cccln2CC[C@@H](CCCC(C)C)C)clc
cc(cc1)C)/C=C4)\c1c(C)ecc(cc1C)C)/C(=0)0

3.28

147

147

COclccc(cel)elcec2ce(cl)clec(/C=C/c3cec(cc3)/C=C/c3ccc(cc
3)/C/3=C/4\C=CC(=N4)/C(=c/4\n5[Zn]n6c3ccc6/C(=C\3/C=C
C(=N3)/C(=c\5/cc4)/c3ccc(cc3)/C=C(/C(=0)0)\C#N)/c3c(C)c
¢(cc3C)C)/c3c(C)ce(ce3C)C)ecc1in2CCC(CCCC(C)C)C

3.35

148

148

N#C/C(=C\clccc(ccl)/C/1=c/2\cc/c/3=C(/C4=N/C(=C(\c5n([
Zn]n23)c(/C(=C/2\N=C1C=C2)/c1c(C)cc(cc1C)C)cc5)/clccc(c
c1)/C=C/clcec(ccl)/C=C/clccc2c(cl)clcc(cccIn2CCC(CCCC(
C)C)C)clceec(c1)C(F)(F)F)/C=C4)\c1c(C)cc(cc1C)C)/C(=0)0

3.42

149

149

CCCCCCCCOcccec(c1/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4
clcecd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/c1c(OCCCCCCCC)ccc
c10CCCCCCCC)/c1cec(ccl)N(C)C)/CHCclcc2e(s)c(c(s2)C(=0
)0)C)OCCCCeeee

4.53

150

150

CCCCCCCCOcccec(c1/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4
clcccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/c1c(OCCCCCCCC)ccc
c10CCCCCCCC)/c1cec(ccl)N(cleeceel)clceceel)/CH#Celcec(s
1)C(=0)0)occcececcecc

3.98

151

151

CCCCCCOclccec(c1/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4cl
cccd/C=C\1/C=CC(=N1)/C(=c\3/cc2)/c1c(0OCCCCCC)cccc10C
CCCCC)/c1ccc(cc1)C(=0)0)occeecce

3.94

152

152

CCCCCCOclccec(c1/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4cl
cccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/c1c(OCCCCCC)cccc10C

2.93
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CCCCC)/clccc(cc1)C(=0)0)/clcec(ccl)C(=0)0)occcececece

153

153

CCCCCCOclccec(cl/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4c1
cccd/C=C\1/C=CC(=N1)/C(=c\3/cc2)/c1c(OCCCCCC)cccclOC
CCCCC)/c=C/Cc(=0)0o)occcececc

4.16

154

154

OC(=0)CNc1nc(Nc2cee(cc2)/C/2=C/3\C=CC(=N3)/C(=c/3\n4][
Zn]n5c2ccc5/C(=C\2/C=CC(=N2)/C(=c\4/cc3)/c2cccecc2)/c2c
cccc2)/c2cccec2)nc(n1)Necleec(ccl)/C/1=c/2\cc/c/3=C(\c4cc
cccd)/C4=N/C(=C(\c5n([Zn]n23)c(/C(=C/2\N=C1C=C2)/clccc
ccl)cc5)/clcccecl)/C=C4

3.61

155

155

OC(=0)CNc1nc(Nc2cee(cc2)/C/2=C/3\C=CC(=N3)/C(=c\3/cc/
c(=C(/C4=N/C(=C(\c5[nH]c2cc5)/c2cccec2)/C=C4)\c2cceec?)
/[nH]3)/c2cccec2)ne(n1)Nclcec(cel)/C/1=c/2\cc/c/3=C(/C4

=N/C(=C(\c5n([ZnIn23)c(/C(=C/2\N=C1C=C2)/clcccccl)cc5)

/clecceceel)/C=C4)\clcceccl

4.46

156

156

N#C/C(=C\C1=CC2=N/C/1=C(/clccccc1)\clccc3nl[Zn]nl/c(=
C\2/c2cceec2)/cc/c/1=C(\clccceel)/C1=N/C(=C\3/c2cccce2)
/C=C1)/C(=0)0

3.12

157

157

N#C/C(=C\C1=CC2=N/C/1=C(/c1ccc(cc1)C)\clccc3nl[Zn]nl/
c(=C\2/c2ccc(cc2)C)/cc/c/1=C(/C1=N/C(=C\3/c2ccc(cc2)C)/C
=C1)\clccc(cc1)C)/C(=0)0

212

158

158

N#C/C(=C\C1=CC2=N/C/1=C(/c1ccc(cc1)CC(C)C)\clccc3nl[zZ
nIn1/c(=C\2/c2ccc(cc2)CC(C)C)/cc/c/1=C(\clcecc(ccl)CC(C)C)
/C1=N/C(=C\3/c2ccc(cc2)CC(C)C)/C=C1)/C(=0)0

1.56

159

159

N#C/C(=C\C1=CC2=N/C/1=C(/c1ccc(cc1)C(C)(C)C)\clccc3nl|
Zn]In1/c(=C\2/c2ccc(cc2)C(C)(C)C)/cc/c/1=C(/C1=N/C(=C\3/c
2ccc(cc2)C(C)(C)C)/C=C1)\clccc(cc1)C(C)(C)C)/C(=0)O

1.01

160

160

OC(=0)clcec(ccl)C#HCC1=CC2=N/C/1=C(/clcccccl)\clcece3n
1[Zn]n1/c(=C\2/c2ccecc2)/cc/c/1=C(\clcccecel)/C1=N/C(=C\
3/c2cccce2)/C=C1

3.55

161

161

CCCCCCCCOc1ccec(c1/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4
clcecd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/c1c(OCCCCCCCC)cec

2.1
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c10CCCCCcCC)/clcec(cc1)N(cleececl)cleccecl)/CHCelec2c(
s1)c(c(s2)C(=0)0)c)occeecccc

162

162

Cclccec(ccl)/C/1=C\2/N=C(C=C2C#Cc2ccc(cc2)C(=0)0)/C(=c/
2\n3[Zn]n4clcccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clccc(cc
1)C)/clcec(ccl)C)/cleec(ccl)C

4.18

163

163

CC(Cclcee(cel)/C/1=C\2/N=C(C=C2C#Cc2ccc(cc2)C(=0)0)/C
(=c/2\n3[Zn]n4clcccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clcc
¢(cc1)CC(C)C)/clcee(cel)CC(C)C)/clccc(cecl)CC(C)C)C

4.79

164

164

0OC(=0)clccc(ccl)CHCC1=CC2=N/C/1=C(/clccc(cc1)C(C)(C)C)
\clcce3n1[Zn]n1/c(=C\2/c2ccc(cc2)C(C)(C)C)/cc/c/1=C(/C1=
N/C(=C\3/c2ccc(cc2)C(C)(C)C)/C=C1)\clcce(cel)C(C)(C)C

5.08

165

165

0OC(=0)clcece(ccl)CHC/C/1=C\2/N=C(c3c2cccc3)/C(=c/2\n3[Z
n]n4clclccccclcd/C(=C/1\N=C(/C(=c\3/c3c2cccc3)/c2cccce

2)c2clccec2)/clceeccl)/cleccecd

0.95

166

166

CCCCCCCCCCCCOcicec(ecl)/C/1=C/2\C=CC(=N2)/C(=c/2\n3
[Zn]n4clcced/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clccc(cc1)0C
CCCCCCCCCCC)/CHCelecc(ccl)N(Ccceeccecccee)cceccccec
CCCC)/clccc(cc1)C(=0)0

1.89

167

167

CCCCCCCCCCCCOclccc(ccl)/C/1=C/2\C=CC(=N2)/C(=c/2\n3
[Zn]n4clceed/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clccc(cc1)0C
CCCCCCCCCCC)/C(=C(CHN)CHN)C(=C(CHN)C#N)cLecc(cc1)N(
CCCCCCCCCCCC)CCCCCCCCCCCC)/clece(cel)C(=0)0

0.38

168

168

CCCCCCCCCCCCOclceec(cl/C/1=C/2\C=CC(=N2)/C(=c/2\n3]|
Zn]n4clccc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clc(OCCCCCC
CCCCCC)cecc10CCCCeeeeece)/eleec(eci)nic2ececc2e2cl
cccc2)/CHCcleec(ccl)C(=0)0)OCccceeeecccecce

7.09

169

169

CCCCCCCCCCCCOclccec(cl/C/1=C/2\C=CC(=N2)/C(=c/2\n3]
Zn]n4clcccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clc(OCCCCCC
CCCCCC)cecc10CCCCCCCCCCCC)/eleec(ccl)nlc2ececc2e2cl
ccce2)/clecc(cec1)C(=0)0)occceceeececcecce

4.77

170

170

CCCCCCCCCCCCOclecec(cl/C/1=C/2\C=CC(=N2)/C(=c/2\n3|

5.92
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Zn]n4clcccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clc(OCCCcccC
CCCCCC)cecclOCccceecccecce)/cdecec(ecl)nic2cecccc2c2cl
cccc2)/clcecc(ccl)/C=C(/C(=0)O)\C#N)OCCCccceecececce

171

171

CCCCCCCCCCCCOcicccec(cl/C/1=C/2\C=CC(=N2)/C(=c/2\n3[
Zn]n4clcccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clc(OCCCcccC
CCCCCC)cecclOCCcceeccececce)/cdecec(ecl)ndc2cecccc2c2cl
ccec2)/C#Cclecc(ccl)/C=C(/C(=0)O)\C#N)OCCCcccceeecce

5.75

172

172

CCCCCCCCCCCCOciceec(c1/C/1=C/2\C=CC(=N2)/C(=c/2\n3[
Zn]n4clccc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clc(OCCCCCC
CCCCCC)cecc10CCCCeeceecel)/eleec(eci)nlc2eceec2e2cl
cccc2)/CHCeleec(c(c1)CHN)C(=0)0)OCCcccceeecccce

7.59

173

173

CCCCcceeceeccCoceicec(ecl)/C/1=C/2\C=CC(=N2)/C(=c/2\n3
[Zn]n4clcced/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clccc(cc1)0C
CCCCCCCCCCC)/CHCelccec(cc1)C(=0)0)/CHCclccc(cecl)nlc2e

ccecc2c2clceccc?

2.22

174

174

CCCCCCCCCCCCOclccce(ccl)/C/1=C/2\C=CC(=N2)/C(=c/2\n3
[Zn]n4clcecd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clccc(cc1)0C
CCCCCCCCecC)/cttCelecec(ccl)C(=0)0)/clecc(ccl)nlc2ceccce
2c2clccec2

551

175

175

N#C/C(=C/clsc(cc1C)clcec(ccl)/C/1=c/2\cc/c/3=C(\c4ccc(cc
4)C)/C4=N/C(=C(\c5n([Zn]n23)c(/C(=C/2\N=C1C=C2)/c1ccc(
cc1)C)cc5)/cleec(ccl)C)/C=C4)/C(=0)0

5.55

176

176

CCCCCCclcc(sc1/C=C(\C(=0)0)/C#N)clccc(ccl)/C/1=c/2\cc/
¢/3=C(\c4ccc(cca)C)/C4=N/C(=C(\c5n([Zn]n23)c(/C(=C/2\N=
C1C=C2)/c1ccc(cc1)C)cc5)/clccc(cecl)C)/C=C4

5.8

177

177

N#C/C(=C/cl1sc(c2c10CCO2)clccc(ccl)/C/1=c/2\cc/c/3=C(\c
4ccec(ccd)C)/C4=N/C(=C(\c5n([Zn]n23)c(/C(=C/2\N=C1C=C2)
/clecc(cec1)C)ec5)/clecc(cc1)C)/C=C4)/C(=0)0

6.47

178

178

CCCCCCCCCCCCOcicceec(c1/C/1=C/2\C=CC(=N2)/C(=c/2\n3]
Zn]n4clccc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clc(OCCCCCC
CCCCCC)cecc10CCCCCCCCCCCC)/CHCelc2ceccc2c(c2clccee?

9.73
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JC#Cclccc(ccl)C(=0)0)/CHCclcec(ccl)N(C)C)OCcccceceeecc
ccC

179

179

CCCCCCCCCCCCOclccec(cl/C/1=C/2\C=CC(=N2)/C(=c/2\n3]|
Zn]n4clcccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clc(OCCCcccC
CCCCCC)cecc10CCCCCCCCCee)/cHCelc2cececc2c(c2clcccc?
JC#Cclccc(ccl1)C(=0)0)/CH#Cclcec2c3clcccle3c(cc2)cccl)OC
CCcccececcecce

6.97

180

180

CCCCCCCCCCCCOciceec(c1/C/1=C/2\C=CC(=N2)/C(=c/2\n3[
Zn]n4clccc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clc(OCCCCCC

CCCCCC)cccc10CCCCCCCCCCCC)/CHCelecc(ccl)C(=0)0)/CH

Cclc2ccecc2c(c2cleccc2)C#Celeec(ccl)N(C)C)OCcccccecc

CCC

9.51

181

181

CCCCCCCCCCCCOclecec(cl/C/1=C/2\C=CC(=N2)/C(=c/2\n3|
Zn]n4clcccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clc(OCCCCCC

CCCCCC)ceccc10CCCCCCCCCCCC)/CHCelecc(ccl)C(=0)0)/CH

Cclc2ccecc2c(c2cleccc2)C#Celecc2c3cleccle3c(cc2)cecl)O
cccecececccececc

6.7

182

182

CCCCCCCCCCCCOc1cecec(c1/C/1=C/2\C=CC(=N2)/C(=c/2\n3[
Zn]n4clccc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clc(OCCCCCC
CCCCCC)cccc10CCCCCCCCCCCC)/CHCelecc(ccl)N(C)C)/CHCC
(=0)0)0CCCCCccceeeee

10.08

183

183

CCCCCCclccc(ccl)N(/C/1=c/2\cc/c/3=C(\CH#Cclccc(ccd)C(=0
)0)/C4=N/C(=C(\c5n([ZnIn23)c(/C(=C/2\N=C1C=C2)/clcc(cc
(c1)C(C)(C)C)C(C)(C)C)ecc5)/N(clccee(c1)CCCCCC)clccec(cl)C
CCCCC)/C=C4)clccc(ccl)CCCCCC

6.8

184

184

CCCCCCclcecc(c1)N(/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4dc
1cccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/N(clccc(cc1)CCCCCC)
clcec(ccl)CCCCCC)/CHCelecc(ccl)N(clceec(c1)OC)clcec(ccl
)OC)/C#Cclcec(ccl)C(=0)0)clceec(cl)CCCCCC

4.2

185

185

CCCCCCCCclcec(ccl)N(/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]
ndclccc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/C#Cclccc(ccl)C(=

5.5
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0)0)/clccc(ccl)N(clcec(ccl)C(C)(C)C)clecc(ccl)C(C)(C)C)/ca
ccc(ccl)N(clceec(ccl)C(C)(C)C)cleec(ccl)C(C)(C)C)clcec(ccl)
CCCccccc

186

186

CCCCCCCCclcec(ccl)N(/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]
n4clcccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/C#Cclccc(ccl)C(=
0)0)/clec(c(c(c1)C(C)(C)C)OC)C(C)(C)C)/clec(c(c(c1)C(C)(C)C
JOC)C(C)(C)C)clccc(ccl)CCCCcccce

187

187

0C(=0)clccc(cc1)CHC/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4
clcecd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/C#Cclccc(ccl)clcce
ccl)/clee(cc(c1)C(C)(C)C)C(C)(C)C)/clcc(ce(c1)C(C)(C)C)C(C)(
C)C

6.3

188

188

0OC(=0)clcece(ccl)CHC/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4
clcccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/C#Cclccc2c(cl)Cclc
2ccccl)/clec(cc(c1)C(C)(C)C)C(C)(C)C)/clce(cc(c1)C(C)(C)C)C
(o](o]e

8.1

189

189

0OC(=0)clcece(ccl)CHC/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4
clcccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/C#Cclccc2c3clccec
3CC2)/clce(ce(c1)C(C)(C)C)C(C)(C)C)/clcc(cc(c1)C(C)(C)C)C(
c)(c)c

7.4

190

190

OC(=0)clcee(ccl)CH#HC/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4
clcccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/C#Cclcncncl)/clec(
cc(c1)C(C)(C)C)C(C)(C)C)/c1cc(ce(c1)C(C)(C)C)C(C)(C)C

5.4

191

191

OC(=0)clcee(ccl)CH#HC/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4
clcccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/C#Cclncccnl)/clec(
cc(c1)C(C)(C)C)C(C)(C)C)/clec(cc(c1)C(C)(C)C)C(C)(C)C

41

192

192

CCCCCCCCCCCCOclccec(cl/C/1=C/2\C=CC(=N2)/C(=c/2\n3]
Zn]n4clccc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clc(OCCCCCC
CCCCCC)cecc10CCCCCCCCCCCC)/CHCelccec(cc1)C(=0)0)/clc
cc(s1)N(clceeecl)clcececccl)OCCCCCCCCCCCC

6.01

193

193

CCCCCCCCCCCCOcicceec(c1/C/1=C/2\C=CC(=N2)/C(=c/2\n3]
Zn]n4clccc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clc(OCCCCCC

4.23
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CCCCCC)ceccc10CCCCCCCCeee)/cHCelecc(ccl)/C=C(/C(=0)
O)\C#N)/clcec(s1)N(clccececl)clecceecl)OCCCCCCCCccce

194

194

CCCCCCCCCCCCOcicccec(cl/C/1=C/2\C=CC(=N2)/C(=c/2\n3[
Zn]n4clcccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clc(OCCCcccC
CCCCCC)ceecc10CCeeeeceeecece)/cHtelecc(s1)/C=C(\C(=0)0
)/C#C)/clcec(s1)N(clceeecl)clecececl)OCCCCCCCCCccC

4.38

195

195

CCCCCCCCCCCCOcicccec(cl/C/1=C/2\C=CC(=N2)/C(=c/2\n3[
Zn]n4clccc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clc(OCCCCCC

CCCCCC)ccce10CCCCCCCCCCCC)/CHCelse(c(c1)CCCCCC)/C=

C(\C(=0)0)/C#C)/clcecc(s1)N(clceeeccl)clececec1)OCCCCCCC

CCCCC

196

196

CCCCCCCCCCCCOclecec(cl/C/1=C/2\C=CC(=N2)/C(=c/2\n3|
Zn]n4clcccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clc(OCCCCCC
CCCCCC)ceccc10CCCCCCCCCCCC)/CHCelecc(ccl)N(C)C)/CHCe
1ccc(cc1)C(=0)0)OCcccceececcece

9.25

197

197

CCCCCCCCCCCCOclecec(c1/C/1=C/2\C=CC(=N2)/C(=c\2/cc/
c(=C(/C3=N/C(=C(\c4[nH]clcc4)/CH#Cclccc(ccl1)N(C)C)/C=C3)
\c1c(OCCCCCCCCCCCC)ccec1OCCCCCCCCCCeC)/[nH]2)/CcHCe
1cce(cc1)C(=0)0)0CCCCCCCCCCee

5.62

198

198

CCCCCCCCN(cleec(ccl)C#C/C/1=C/2\C=CC(=N2)/C(=c/2\n3[
Zn]n4clccc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/C#Cclccc(ccl)
C(=0)0)/clcc(cc(c1)C(C)(C)C)C(C)(C)C)/clce(ce(c1)C(C)(C)C)

c(c)(c)c)ceceeeecc

8.77

199

199

CCCCCCCCOcccec(c1/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4
clcecd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/c1c(OCCCCCCCC)ccc
c10CCCCCCCC)/C#Cclcec(ccl)N(C)C)/CHCclcec(ccl)C(=0)0)
OcCccceeccc

6.39

200

200

CCCCOclccee(c1/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4clcc
c4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/c1c(OCCCC)ccecc1OCCCC)
/C#Cclcec(cc1)N(C)C)/CHCclccc(cecl)C(=0)0)occcc

5.91

201

201

CCCCCCCCCCCCOclecec(c1/C/1=C/2\C=CC(=N2)/C(=c/2\n3|

10.24
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Zn]n4clcccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clc(OCCCcccC
CCCCCC)ceccc10CCCCCCCCCCe)/CHCelecc(ccl)N(Cccececcc
C)CCCCCCCC)/CHCclccc(ccl)C(=0)0)Oocceeeccececcecc

202

202

OC(=0)clcce(ccl)CHC/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4
clcccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/C#Cclccceccl)/clec(c
c(c1)C(C)(C)C)C(C)(C)C)/clec(cc(c1)C(C)(C)C)C(C)(C)C

5.11

203

203

OC(=0)clcce(ccl)CHC/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4
clcecd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/C#Cclcccc2clcccc?)
/clec(ce(c1)C(C)(C)C)C(C)(C)C)/clce(cc(c1)C(C)(C)C)C(C)(C)C

7.83

204

204

0OC(=0)clcece(ccl)CHC/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4
clcecd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/C#Cclc2ccecc2ec2ce
1ccec2)/clec(ec(c1)C(C)(C)C)C(C)(C)C)/clec(cc(c1)C(C)(C)C)C
(o](o]e

6.62

205

205

0OC(=0)clcece(ccl)CHC/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4
clcecd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/C#Cclcc2ccececc2c2ce
1ccec2)/clec(ec(c1)C(C)(C)C)C(C)(C)C)/clec(cc(c1)C(C)(C)C)C
(e)ec

8.26

206

206

OC(=0)clcee(ccl)CH#HC/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4
clcccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/C#Cclccc2c3clcccl
c3c(cc2)ecc1)/clec(ec(c1)C(C)(C)C)C(C)(C)C)/clce(ce(c1)C(C)(
C)c)c(c)(c)c

10.06

207

207

CCCCCCCCCCCCOclccec(cl/C/1=C/2\C=CC(=N2)/C(=c/2\n3]|
Zn]n4clccc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clc(OCCCCCC
CCCCCC)cecc10CCCCCCcceee)/CCelecce(cel)ndc2eccec2c
2clcecc2)/CH#Cclcecc(ccl)C(=0)0)0Ccccccecececce

6.84

208

208

CCCCCCCCCCCCOclccec(cl/C/1=C/2\C=CC(=N2)/C(=c/2\n3]
Zn]n4clccc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clc(OCCCCCC
CCCCCC)cecc10CCCCCCCCCCCC)/CHCelec(0CCCCCC)e(cc10
CCCCCC)n1c2ceeccc2c2clccec?)/CHCclecc(ccl)C(=0)0)oCcCC
CCcccceccc

7.94

209

209

CCCCCCCCCCCCOclecec(c1/C/1=C/2\C=CC(=N2)/C(=c/2\n3|

8.59
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Zn]n4clcccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clc(OCCCcccC
CCCCCC)cccc1OCCCCCCCCCCCC)/CHCelec(0C)c(cc10C)nlc2
cccec2c2clceec?)/CH#Celecc(ccl)C(=0)0)0Cccceeeecececcece

210

210

0OC(=0)clcce(ccl)/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4clc
cc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clccc(ccl)N(clcccecl)c

1cceecl)/cleccecl)/clcccecd

2.09

211

211

COclcc(cc(c10C)0C)/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4c
lcccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/c1cc(OC)c(c(c1)0C)O0
C)/clccc(cc1)C(=0)0)/c1cc(0C)c(c(c1)0C)0C

1.75

212

212

COclcc(cc(c10C)0C)/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4c
1cccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/c1cc(OC)c(c(c1)0C)O
C)/clecc(ccl)/N=C/clcec(cc1)C(=0)0)/clec(OC)c(c(c1)0C)0
C

1.06

213

213

CCCCCCCCCCCCOclecec(c1/C/1=C/2\C=CC(=N2)/C(=c/2\n3|
Zn]n4clcccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clc(OCCCCCC

CCCCCC)ceccc10CCCCCCCCCCCC)/CHCelecc(ccl)C(=0)0)/CH

Cclcc(OCCCCCC)c(cc10CCCCCC)N(cdcececl)clecececl)0cce

ccccececececc

8.6

214

214

CCCCCCCCCCCCOclccec(cl/C/1=C/2\C=CC(=N2)/C(=c/2\n3]|
Zn]n4clccc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clc(OCCCCCC
CCCCCC)cccc10CCCCCCCCCCLC)/CHCelec(OCCCCCC)c(cclO
C)N(clcec(cc1)OCCCCCC)clcec(cec1)OC)/CHCelecc(ccl)C(=0)
0)occcecececceccccec

8.7

215

215

CCcccecececcecccociceec(c1/C/1=c/2\cc/c/3=C(\C#Ccacc(OC

CCCCC)c(cc40CCCCCC)N(chccc(cca)OCCCCCC)cacec(ccd)OCC
CCCC)/C4=N/C(=C(\c5n([Zn]n23)c(/C(=C/2\N=C1C=C2)/C#Cc
1cce(cec1)C(=0)0)cc5)/c1c(0OCCCCCCCCCCCC)eecc1OCCccce

CCCCCC)/c=ca)occceceeccecececcc

9.1

216

216

CCccecececececccocicceec(e1/C/1=c/2\cc/c/3=C(\C#Ccacc(OC
CCCCC)c(cc40CCCCCC)N(chccc(ccd)OCCCCCC)clccec(ccd)0CC
CCCC)/C4=N/C(=C(\c5n([Zn]n23)c(/C(=C/2\N=C1C=C2)/C#Cc

9.5
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1ccc(c2clnsn2)clecc(ccl)C(=0)0)cc5)/clc(OCCccccccecce
)cccc1OCCCCCCCCCCCC)/C=C4)0cceececececccecce

217

217

CCCCCCclcc(sc1l/C=C(/C(=0)O)\C#N)clccc(ccl)/C/1=c/2\cc/
¢/3=C(/C4=N/C(=C(\c5n([Zn]n23)c(/C(=C/2\N=C1C=C2)/clcc
cccl)ec5)/clceec(ccl)nlc2ceccc2c2clccec?)/C=C4)\clcccecl.
CCCCCCCCOclcec(ccl)N(cleec(ccl)OCCCCCCCC)elcecec(ccl)c

1cce(s1)clcec(c2clneen2)clcec(s1)/C=C(/C(=0)O)\C#N

7.88

218

218

CCCCCCclcc(sc1/C=C(/C(=0)O)\C#N)clccc(c2cinc(cleccecl)
c(n2)clceeccl)clcec(cel)/C/1=c/2\cc/c/3=C(/C4=N/C(=C(\c
5n([Zn]n23)c(/C(=C/2\N=C1C=C2)/c1cccccl)cc5)/clcee(ccl)
nlc2ccccc2c2clecec?)/C=C4)\clcceccl.CCCCCCCCOclcec(cc
1)N(clcee(cc1)OCCCCCCCC)clcecec(ccl)clcece(s1)clecc(c2cinc
cn2)clecc(s1)/C=C(/C(=0)O)\C#N

8.14

219

219

Cclcc(C)c(c(c1)C)/C/1=c/2\cc/c/3=C(\c4ccc(ccd)N(cdcceecd)
cdcceeccd)/C4=N/C(=C(\c5n([ZnIn23)c(/C(=C/2\N=C1C=C2)/c
1ccc(cc1)C(=0)0)cc5)/clc(C)ec(cclC)C)/C=C4

2.74

220

220

CCCccecececcecccociceeec(c1/C/1=c/2\cc/c/3=C(\C#Cc4c5ccce
c5c(c5c4ceec5)CHCedeec(ccd4)N(CCCCCCCC)CCCCCecec)/ca=
N/C(=C(\c5n([Zn]n23)c(/C(=C/2\N=C1C=C2)/C#Cclccc(c2cl
nsn2)clccc(ccl)C(=0)0)ec5)/c1c(0OCCCCCCCCCCCC)eecc10C
CCCCCcececce)/c=cq)occeecececececceccc

6.5

221

221

CCCCCCCCCCCCOc1cecec(c1/C/1=C/2\C=CC(=N2)/C(=c/2\n3[
Zn]n4clccc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clc(OCCCCCC
CCCCCC)ceccc10CCCCCCCCeeee)/cHCelecc(c2cinsn2)clecc(
cc1)C(=0)0)/C#Cclc2ccecc2c(c2cleccc2)N(CCCCCCCe)cece
ccceejocccecceccccccc

9.5

222

222

CCccceececececccocicecec(e1/C/1=c/2\cc/c/3=C(\C#Cc4c5cccc
c5c(c5c4ccec5)N(c4cec(cc4)CCCCCCCC)edcecc(ccd)CCcccccce
)/C4=N/C(=C(\c5n([Zn]n23)c(/C(=C/2\N=C1C=C2)/C#Cclccc(
c2clnsn2)clcec(ccl)C(=0)0)ce5)/c1c(OCCCCCCCCCCCC)eecc
10CCCCCCCCCeee)/c=Cca)occeeccecccecce

10.3
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223

223

CCCCCCCCCCCCCHCCHCCCCCCCCCONC(=0)clccec(ccl)/C/1=c
/2\cc/c/3=C(\c4ccc(ccd)C(=0)NCCCCCCCCCCHCCHCCCCeccC
CCCCC)/C4=N/C(=C(\c5n([Zn]n23)c(/C(=C/2\N=C1C=C2)/clc
cc(ccl)C(=0)NCCCCCeeecceHeeHccccccccccccc)ecs)/clec
c(cc1)C(=0)0)/C=C4

2.3

224

224

Br/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4clccc4/C(=C\1/C=C
C(=N1)/C(=c\3/cc2)/Br)/clcce(ccl)C(C)(C)C)/clcenecl

3.57

225

225

Br/C/1=c/2\cc/c/3=C(/C4=N/C(=C(\c5n([Zn]n23)c(/C(=C/2\
N=C1C=C2)/clcecc(cc1)C(C)(C)C)cc5)/Br)/C=C4)\clcecnc(cl)cl

cceenl

5.08

226

226

CCCCCCCCOcccec(c1/C/1=c/2\cc/c/3=C(\C#Cchccc5cbecdcc(
c4ccc(cc40CCCCCC)OCCCCCC)can6be(c(c5)c5cec(cc50CcccC
C)OCCCCCC)cc4d)/Ca=N/C(=C(\c5n([Zn]n23)c(/C(=C/2\N=C1C
=C2)/C#Cclccc(cc1)C(=0)0)cc5)/c1c(0OCCCCCCCC)eccece10CC
CCCCccCe)/c=ca)occcececccce

7.35

227

227

N#C/C(=C\clcec(s1)cleec(s1)/C/1=C/2\C=CC(=N2)/C(=c/2\n
3[Zn]n4clcecd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clccc(s1)nlc
2ccc(cc2c2clecc(c2)C(C)(C)C)C(C)(C)C)/clecc(s1)nlc2cec(cc2
c2clcee(c2)C(C)(C)C)C(C)(C)C)/c1ccc(s1)n1c2ecc(cc2c2cdcec(
c2)c(C)(C))c(C)(C)C)/c(=0)0

6.25

228

228

N#C/C(=C\clcecc(s1)clcece(s1)/C/1=C/2\C=CC(=N2)/C(=c/2\n
3[Zn]n4clcccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clcc(cc(c1)C
(C)(C)C)C(C)(C)C)/clce(ce(c1)C(C)(C)C)C(C)(C)C)/cacc(cc(c1)C
(@)Qjc(cy(cyc)/c(=0)o

5.09

229

229

N#C/C(=C\clcce(s1)clece(s1)/C/1=C/2\C=CC(=N2)/C(=c/2\n
3[Zn]n4clcecd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clccc(ccl)n
1c2ccee(cc2c2cleec(c2)C(C)(C)C)C(C)(C)C)/clcec(ccl)nlc2cece
(cc2c2clecc(c2)C(C)(C)C)C(C)(C)C)/cleec(ccl)nlc2ccc(cc2c2
clcec(c2)C(C)(C)C)C(C)(C)C)/C(=0)0

3.5

230

230

CCCCC(Cclcce(cel)N(cleec(cel)CC(CCCC)CC)eleee(ccl)/C/1
=c/2\cc/c/3=C(/C4=N/C(=C(\c5n([Zn]n23)c(/C(=C/2\N=C1C=

3.36
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C2)/c1c(C)ec(cc1C)C)ec5)/cleec(ccl)C(=0)0)/C=C4)\c1c(C)cc
(cc1C)C)CC

231

231

CCCCCCCCOc1cecc(cl/C/1=c/2\cc/c/3=C(\CH#Cclccc(ccd)N(c
4ccc(cc4)0C)cdecc(ccd)0C)/C4=N/C(=C(\c5n([Zn]n23)c(/C(=

C/2\N=C1C=C2)/C#Cclccc(ccl)C(=0)0)cc5)/clc(0OCCCCCcct
)cccc1OCCCCCCCC)/C=C4)0Cccceececce

8.1

232

232

CCCCCCCCOc1cecc(cl/C/1=c/2\cc/c/3=C(\CH#Cclccc(ccd)N(c
4ccc(cc4)OC)cdceec(ccd)0C)/C4=N/C(=C(\c5n([Zn]n23)c(/C(=
C/2\N=C1C=C2)/C#Cclccc(ccl)/C=C(/C(=0)0)\C#N)cc5)/clc
(OCCCCCCCC)ccecc1OCLeeeccec)/c=c4)occeeccecc

5.5

233

233

CCCCCCCCOclcecee(c1/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4
clcecd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/c1c(OCCCCCCCC)cec
c10CCCCCCCC)/C#HCclcec(ccl)C(=0)0)/CHCeclcec(ccl)N(CCC
c)cceeyoccececcccce

6.6

234

234

CCCCCOCc1c(0C)ce(cc10C)/C/1=C/2\C=CC(=N2)/C(=c/2\n3[
Zn]n4clcccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clcc(OC)c(c(cl
JOC)OCCCCCC)/clcc2ccec3c2c2clccec2cec3)/CHCelecc(sl)/C
=C(\C(=0)0)/C#N

1.35

235

235

CCCCCOCc1c(0C)cc(cc10C)/C/1=C/2\C=CC(=N2)/C(=c/2\n3]
Zn]n4clccc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clcc(OC)c(c(cl
JOC)OCCCCCC)/clcc2ceec3c2c2clcccc2ec3)/CHCclecc(s1)C=
C(C(=0)0)C(=0)0

3.14

236

236

CCCCCOCc1c(0C)cc(cc10C)/C/1=C/2\C=CC(=N2)/C(=c/2\n3]
Zn]n4clccc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clcc(OC)c(c(cl
JOC)OCCCCCC)/clccc2e(c1)C(CCCCCC)(CCCCCC)clc2ceccl)/
C#Cclcce(s1)/C=C(\C(=0)0)/C#N

0.92

237

237

COclccc(cel)/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4clcccl/
C(=C/1\N=C(/C(=c\3/cc2)/c2ccc(cc2)0C)C=C1/C=C(\C(=0)0)
JC#N)/clccc(cec1)0C)/clcce(ccl)0C

2.27

238

238

CCCCCOCc1c(0C)cc(cc10C)/C/1=C/2\C=CC(=N2)/C(=c/2\n3]
Zn]n4clcccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clcc(OC)c(c(cl

1.28

108 |Page




Chapter 3

Materials And Methods

JOC)OCCCCCC)/cleec2c(cl)C(CCCCCe)(cceec)clc2cececl)/
C#Cclccc(s1)C=C(C(=0)0)C(=0)0

239

239

CCCCCCCCclcec(ccl)N(/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]
n4clcccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/C#Cclccc(c2clccc
€2)C(=0)0)/clcc(cc(c1)C(C)(C)C)C(C)(C)C)/clcc(cc(c1)C(C)(C)
C)C(C)(C)C)clcec(ccl)cCccccecc

7.23

240

240

CCCCCCCCclcec(ccl)N(/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]
ndclccc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/C#Cclc2cceccc2ce(c
2clcccc2)C(=0)0)/clec(cc(c1)C(C)(C)C)C(C)(C)C)/clce(ce(c)
C(C)(Cc)C)c(C)(C)C)clccec(cc)cCeceecce

2.57

241

241

CCCCCCCCclcec(ccl)N(/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]
ndclccc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/C#Cclccc(c2clccc
€2)/C=C(/C(=0)O)\C#N)/clcc(cc(c1)C(C)(C)C)C(C)(C)C)/clcc(
cc(c1)C(C)(C)C)C(C)(C)C)clcec(cca)cceececcc

4.28

242

242

CCCCCCCCclcec(ccl)N(/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]
ndclccc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/C#Cclc2ccecc2e(c
2clccec2)/C=C(/C(=0)0)\C#N)/clcc(cc(c1)C(C)(C)C)C(C)(C)C)
/clec(cec(c1)C(C)(C)C)C(C)(C)C)clecc(ccl)CCCccccce

2.86

243

243

CCCCCCCCOcccec(c1/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4
clcecd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/c1c(OCCCCCCCC)ccc
c10CCCCCCCC)/N(clcec(ccl)CCCCCC)elcec(cc1)CCCece)/cH
Cclcec(c2clececc2)C(=0)0)oCcccecccc

8.04

244

244

CCCCCCCCOcccec(c1/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4
clcccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/c1c(OCCCCCCCC)ccc
¢10CCCCCCCC)/N(clcec(cecl)CCCCCC)elecc(ccl)CCccce)/cH
Cclc2ccecc2c(c2clececc2)C(=0)0)oCccccecce

6.03

245

245

CCCCCCCCOc1ccec(c1/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4
clcecd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/c1c(OCCCCCCCC)cec
c10CCCCCCCC)/N(clcee(cc1)CCCCCC)elcec(ccl)CCCCCC)/CH
Cclcec(c2clccce2)/C=C(/C(=0)0)\C#N)OCCCCCCCC

5.8

246

246

CCCCCCCCOc1ccec(c1/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4

3.64
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clcccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/c1c(OCCCCCCCC)ccc
c¢10CCCCCCCC)/N(clcee(cecl)CCCCCC)clcec(ccl)CCCCC)/cH
Cclc2ccecc2c(c2clecec?)/C=C(/C(=0)0)\C#N)OCCCCccccc

247

247

CCCCCCCCOc1cecc(c1/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4
clcccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/c1c(OCCCCCCCC)ccc
c10CCCCCCCC)/CHCclc2ceccc2c(c2cleccc2)N(cleec(cc1)OC)
clccc(ccl)OC)/CHCclcec(ccl)C(=0)0)occccececce

7.7

248

248

CCCCCCCCOc1ccec(c1/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4
clcecd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/c1c(OCCCCCCCC)cec
c10CCCCCCCC)/CHCC1=CC=C(CC1)n1c2ccc(cc2e2ciccc(c2)C(
C)(C)C)C(C)(C)C)/CH#Cclccc(ccl)C(=0)0)0Ccceceece

4.6

249

249

CCCCCCclcc(sc1/C=C(/C(=0)O)\C#N)clccc(ccl)/C/1=c/2\cc/
¢/3=C(/C4=N/C(=C(\c5n([Zn]n23)c(/C(=C/2\N=C1C=C2)/clcc
cccl)ee5)/clece(cel)nlc2eceec2c2clecce?)/C=C4)\clcccecl

4.9

250

250

CCCCCCclcc(sc1/C=C(/C(=0)O)\C#N)clccc(c2cinc(cleccecl)
c(n2)clceeccl)clcecec(cel)/C/1=c/2\cc/c/3=C(/C4=N/C(=C(\c
5n([Zn]n23)c(/C(=C/2\N=C1C=C2)/c1cccccl)cc5)/clcec(ccl)
nlc2ccccc2c2clccec2)/C=C4)\clcceccl

6.02

251

251

CCCCCCCCOcccec(c1/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4
clcecd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/c1c(OCCCCCCCC)ccc
c10CCCCCCCC)/N(clcee(ccl)CCCCCC)elcec(cc1)CCcece)/cH
Cclccec(=0)c(cc1)O)occececccc

7.7

252

252

0OC(=0)clcec(ccl)clecc2ce(c1)C1=N/C/2=N\c2n3[Zn]n4/c(=N
\1)/c1cc(Oc5cec(ce5)C(CC(C)(C)C)(C)C)c(ccl/c/4=N/C1=N/C(
=N\c3c3c2cc(Oc2cec(cc2)C(CC(C)(C)C)(C)C)c(c3)Oc2ccec(ce2)
C(CC(C)(C)C)(C)C)/c2c1cc(c(c2)Oclcec(ccl)C(CC(C)(C)C)(C)C)
Oclcec(ccl)C(CC(C)(C)C)(C)C)Ocicec(ccl)C(CC(C)(C)C)(C)C

0.73

253

253

0OC(=0)clcce2c(c1)C1=N/C/2=N\c2c3cc(ccc3c3n2[Zn]n2/c(=
N\1)/c1ccc(ccl/c/2=N/C1=N/C(=N\3)/c2clccc(c2)C(C)(C)C)C
(Q(ccyc()(cc

1.54

254

254

CCCCCCCCOclcece(c1/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]N

8.32
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4C1C=CC4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clc(OCCCccccc
)cccc10CCCCCCCC)/CHCclcec(ccl)C(=0)0)/CHCclccc2c(c1)S
¢1c(N2CCCCCC)ccc(cl)clccc(ccl)OCCcccc)occeeccecc

255

255

CCCCCCOc1ccc(ececl)clecec2e(c1)Sclc(N2CCCCCC)ccec(cl)CHC/
C/1=c/2\cc/c/3=C(/C4=N/C(=C(\C5N([Zn]n23)C(/C(=C/2\N=

C1C=C2)/c1c(cccc10CC(CCCC)CC)OCC(CCCC)CC)C=C5)/CHCc
1ccc(ccl)C(=0)0)/C=C4)\c1c(OCCC(CCC)CC)cccc10CC(CCCC)
CcC

8.28

256

256

CCCCCCCCOcleecc(c1/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]N
4C1C=CC4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/c1c(OCCcccccce
)cccc1OCCCCCCCC)/CHCclccc(c2cinsn2)clecc(ccl)C(=0)0)/
C#Cclccc2c(c1)Sclc(N2CCCCCC)ecec(cl)clecc(cc1)OCCCCCq)
0Occccceecc

6.46

257

257

CCCCCCOclcec(cel)cleec2c(c1)Sclc(N2CCCCCC)eec(cl)CHC/
C/1=c/2\cc/c/3=C(/C4=N/C(=C(\C5N([Zn]n23)C(/C(=C/2\N=
C1C=C2)/c1c(ccec10CC(CCCC)CC)OCC(CCCC)CC)C=C5)/CHCe
1ccc(c2cdnsn2)clcec(ccl)C(=0)0)/C=C4)\c1c(OCCC(CCC)CC)
cccclOCC(Ccce)cc

7.5

258

258

CCCC[C@@H](CN1c2cee(cc2Sc2elcecc?)/C/1=C/2\C=CC(=N
2)/C(=c/2\n3[Zn]n4clccc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/
clcec(ccl)/C=C(\C(=0)0)/C#N)/clcc(cc(c1)C(C)(C)C)C(C)(C)C
)/clcc(cc(c1)C(C)(C)C)C(C)(C)C)CC

521

259

259

CCCC[C@@H](CN1c2cee(cc2Sc2elcecc?)/C/1=C/2\C=CC(=N
2)/C(=c/2\n3[Zn]n4clccc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/
clecce(s1)/C=C(\C(=0)0)/C#N)/clcc(cc(c1)C(C)(C)C)C(C)(C)C)
/clec(cc(c1)C(C)(C)C)C(C)(c)c)ce

5.8

260

260

CCCC[C@@H](CN1c2cee(cec2Sc2elcecc?)/C/1=C/2\C=CC(=N
2)/C(=c/2\n3[Zn]n4clccc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/
C#Cclcec(ccl)/C=C(/C(=0)O)\C#N)/clcc(cc(c1)C(C)(C)C)C(C)
(C)C)/clcc(cc(c1)C(C)(C)C)C(C)(c)c)ce

6.25

261

261

Cclcec(cc1)N1c2eec(cc2C2C1CCC2)/C/1=C/2\C=CC(=N2)/C(

5.59
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=c¢/2\n3[Zn]n4clcccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/C#Cc
1cec(cc1)C(=0)0)/clcc(cc(c1)C(C)(C)C)C(C)(C)C)/clcc(cc(c)
c(cy(c)cc(cycyc

262

262

CCCCCCclc(/C=C/c2ccc(cc2)/C/2=C/3\C=CC(=N3)/C(=c/3\n4
[Zn]n5c2cce5/C(=C\2/C=CC(=N2)/C(=c\4/cc3)/c2c(C)cc(cc2C
)C)/c2¢(C)cc(cc2C)C)/c2c(C)cc(cc2C)C)sc(c1CCCCCC)/C=C/c1
sc(c(c1CCCCCC)CCCCCC)/C=C(/C(=0)0)\CH#N

4.77

263

263

N#C/C(=C\c1sc(c2c10CCO2)/C=C/clsc(c2c10CCO2)/C=C/c1
ccc(cel)/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4clccca/C(=C\
1/C=CC(=N1)/C(=c\3/cc2)/c1c(C)cc(cc1C)C)/clc(C)ec(cclC)C
)/c1c(C)ce(cec1C)C)/C(=0)0

1.64

264

264

0OC(=0)CCC/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]ndclccca/C(
=C\1/C=CC(=N1)/C(=c\3/cc2)/CCCC(=0)0)/clcc(cc(c1)C(C)(C
)C)C(C)(C)C)/clcc(cc(c1)C(C)(C)C)C(C)(C)C

0.14

265

265

0C(=0)/C=C/C1=CC2=N/C/1=C\c1[nH]c(cc1/C=C/C(=0)0)/C(
=C\1/C=CC(=N1)/C(=c/1\[nH]/c(=C\2/c2cc(cc(c2)C(C)(C)C)C(
C)(C)C)/cc1)/clec(cc(c1)C(C)(C)C)C(C)(C)C)/clcc(ce(c1)C(C)(C
)a)c(C)(C)C

0.63

266

266

0C(=0)/C=C/clcc2n3c1/C=C/1\N=C(C=C1/C=C/C(=0)0)/C(=
¢/1\n([Zn]3)/c(=C(\C3=N/C(=C\2/c2cc(cc(c2)C(C)(C)C)C(C)(C
)C)/C=C3)/c2cc(cc(c2)C(C)(C)C)C(C)(C)C)/cc1)/clec(ce(c1)C(C
)([C)C)C(C)(C)C

1.48

267

267

0C(=0)/C=C/C=C/C1=CC2=N/C/1=C\clccc3n1[Zn]n1/c(=C\2
/c2cc(cc(c2)C(C)(C)C)C(C)(C)C)/cc/c/1=C(/C1=N/C(=C\3/c2cc
(cc(c2)c(C)(C)C)C(C)(C)C)/C=C1)\clcc(ce(cl)C(C)(C)C)C(C)(C)

C

2.08

268

268

0C(=0)/C=C/C=C/clcc2n3c1/C=C/1\N=C(C=C1/C=C/C=C/C(
=0)0)/C(=c/1\n([Zn]3)/c(=C(\C3=N/C(=C\2/c2cc(cc(c2)C(C)(
C)C)C(C)(C)C)/C=C3)/c2cc(cc(c2)C(C)(C)C)C(C)(C)C)/cel)/clc
c(cc(c1)C(C)(C)C)c(c)(c)C

2.37

269

269

CCCC[C@H](CN1c2cce(ce2Sc2elcecc?)/C/1=C/2\C=CC(=N2)/

4.01
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C(=c/2\n3[Zn]n4clccc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clc
cc(cc1)C(=0)0)/clcc(cc(c1)C(C)(C)C)C(C)(C)C)/clcc(cc(c1)C(
C)(C)c)c(c)(c)c)cc

270

270

0C(=0)C(=C/C=C/clcc2n3cl/C=C/1\N=C(C=C1/C=C/C=C(C(=
0)0)C(=0)0)/C(=c/1\n([Zn]3)/c(=C(\C3=N/C(=C\2/c2cc(cc(c
2)C(C)(C)C)C(C)(C)C)/C=C3)/c2cc(cc(c2)C(C)(C)C)C(C)(C)C)/cc
1)/clce(cc(c1)C(C)(C)C)C(C)(C)C)C(=0)0

3.03

271

271

CN(clccce(cel)/C/1=C/2\C=CC(=N2)/C(=c\2/cc/c(=C(/C3=N/C
(=C(\c4[nH]clccd)/clcec(ccl)C(=0)0)/C=C3)\clccc(ccl)N(C)
C)/[nH]2)/clcec(cc1)C(=0)0)C

3.8

272

272

CN(clccc(cel)/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4clccc4/
C(=C\1/C=CC(=N1)/C(=c\3/cc2)/c1ccc(cc1)N(C)C)/clcec(ccl)
C(=0)0)/clcec(ccl)C(=0)0)C

4.83

273

273

CCCCOclcceecl/C/1=C\2/N=C(C=C2C#Cc2ccc(cc2)/C=C(/C(=
0O)O)\C#N)/C(=c/2\n3[Zn]n4clcccd/C(=C\1/C=CC(=N1)/C(=c
\3/cc2)/clcccec10CCCC)/cleccec10CCCC)/cleccec10CCCC

5.42

274

274

CCCCCCOclcceecl/C/1=C\2/N=C(C=C2C#Cc2ccc(cc2)/C=C(/
C(=0)O)\C#N)/C(=c/2\n3[Zn]n4clccca/C(=C\1/C=CC(=N1)/C
(=c\3/cc2)/clccccc10CCCCCC)/clecccc10CCCCCC)/clcccecl
0OCccccc

6.09

275

275

CCCCCCCCOccceeccl/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4
clcecd/C(=C/1\N=C(/C(=c\3/cc2)/c2ccccc20CCCCCCCC)c=C
1C#Cclccc(ccl)/C=C(/C(=0)O)\C#N)/clccccc1OCCCCCCCC)/
clceceecc1OCCCCCCCC

6.14

276

276

CCCCCCCCCCCCOciceeccl/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Z
n]n4clccc4/C(=C/1\N=C(/C(=c\3/cc2)/c2ccccc20CCCCCCCC

CCCC)C=C1C#Cclcce(ccl)/C=C(/C(=0)O)\C#N)/clccccc1OCC
CCCCCCCCCC)/cleccccloccecceeccecce

6.32

277

277

CCCCC(COclceeccel/C/1=C\2/N=C(C=C2C#Cc2ccc(cc2)/C=C(/
C(=0)O)\C#N)/C(=c/2\n3[Zn]n4clcccd/C(=C\1/C=CC(=N1)/C
(=c\3/cc2)/clecccc10CC(CCCC)CC)/cleccec10CC(CCce)ce)/

5.72
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clccccc10CC(CCCe)CC)CC

278

278

N#C/C(=C\clccc(ccl)CHCC1=CC2=N/C/1=C(/clccccclOC1CC
CCC1)\clccec3nl[Zn]n1/c(=C\2/c2ccccc20C2CCCCC2)/cc/c/1
=C(/C1=N/C(=C\3/c2ccccc20C2CCCCC2)/C=C1)\clccccc1OC
1CCCCC1)/C(=0)0

5.59

279

279

CCCCCCCCCCCCOcicccec(cl/C/1=C/2\C=CC(=N2)/C(=c/2\n3[
Zn]n4clcccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clc(OCCCcccC
CCCCCC)ceccc1OCCCCCCCCCCCC)/CHCelc2ceccc2c(c2clccec?
)C#CN(CCCCCCCC)CCCCCCCC)/CHCelece(ccl)C(=0)0)0CCCC
CCcccccc

9.95

280

280

0OC(=0)C(c1cecc2e(c1)C1=N/C/2=N\c2n3[Zn]n4/c(=N\1)/clcc
(ccc1/c/4=N/C1=N/C(=N\c3c3c2ccc(c3)C(C)(C)C)/c2clce(cc2
)C(C)(C)C)C(C)(C)C)C(=0)O

3.05

281

281

0OC(=0)clcee(ccl)/C/1=C/2\C=CC(=N2)/N=c/2\n3[Zn]N4C1C
=CC4/N=C\1/C=CC(=N1)/C(=c\3/cc2)/clcc(cc(c1)C(C)(C)C)C(
c)(c)c

1.56

282

282

0OC(=0)clcee(ccl)/C/1=C/2\C=CC(=N2)/N=c/2\n3[Zn]N4C1C
=CC4/N=C\1/C=CC(=N1)/C(=c\3/cc2)/clcc(cc(c1)C(C)(C)C)C(
C)(C)C.CCC1=C(C)C2=C(c3ccc(cc3)CH#CCn3ccnc3)c3n([B-
J(IN+]2=C1C)(F)F)c(c(c3C)CC)C

3.82

283

283

CCCCCCCCOcccec(c1/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]N
4C1C=CC4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/c1c(OCCCCCCCC
)cccc1OCCCCCCCC)/CH#Cclccc(c2cinsn2)clecc(ccl)C(=0)0)/
C#Cclccc(cc1)N(CCCCCCCC)CCCCCCCC)OCCCCCCee

7.37

284

284

Cclcec(ccl)/C/1=c/2\cc/c/3=C(\chccc(ccd)C)/C4=N/C(=C(\c
5n([Zn]n23)c(/C(=C/2\N=C1C(=C2)clccc(01)C=C(C(=0)0)C(=
0)0)/clcec(cec1)C)ec5)/clecc(ccl)C)/C=C4

0.102

285

285

N#C/C(=C\clccc(ol1)clcec(ccl)/C/1=c/2\cc/c/3=C(\chccc(cc
4)C)/C4=N/C(=C(\c5n([Zn]n23)c(/C(=C/2\N=C1C=C2)/clccc(
cc1)C)cc5)/cleec(ccl)C)/C=C4)/C(=0)0

0.106

286

286

Cclcec(ecl)/C/1=c/2\cc/c/3=C(\chccc(ccd)cdccc(od)C=C(C(=

0.0013
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0)0)C(=0)0)/C4=N/C(=C(\c5n([Zn]n23)c(/C(=C/2\N=C1C=C
2)/clccc(ccl)C)cc5)/clccc(ccl)C)/C=Ch

287

287

N#C/C(=C\clccc(ccl)/C=C\C\1=C\2/C=CC(=N2)/C(=c/2\n3[Z
n]n4clccc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/C=C/clccc(ccl)
/C=C(/clccc(ccl)[N+](=0)[O-
I\C#N)/clccc(cc1)C(=0)0)/clccc(cc1)C(=0)0)/clecc(ccl)[N
+](=0)[0-]

2.9

288

288

Cclcc(C)c(c(c1)C)/C/1=c/2\cc/c/3=C(\CHCcAc(F)c(F)c(c(c4F)F
)C(=0)0)/C4=N/C(=C(\c5n([Zn]n23)c(/C(=C/2\N=C1C=C2)/N
(clcee(cel)C(C)(C)C)clecc(cc1)C(C)(C)C)ee5)/clc(C)ec(cclC)C
)/C=C4

4.6

289

289

Cclce(C)c(c(c1)C)/C/1=c/2\cc/c/3=C(\C#Cclccc(ccd)C(=0)0)
/C4=N/C(=C(\c5n([Zn]n23)c(/C(=C/2\N=C1C=C2)/N(clccc(cc
1)C(C)(C)C)c1cee(cecl)C(C)(C)C)ec5)/clc(C)ec(ccl1C)C)/C=C4

6.9

290

290

N#C/C(=C/clcec(ccl)/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4
clcccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/N(clccc2c(c1)C(C)(C
Jelc2cceel)clcec2ce(c1)C(C)(C)eclc2eceel)/clcceccl)/cleccce
1)/C(=0)0

4.37

291

291

CCCCCCCCOcccec(c1/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4
clcecd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/c1c(OCCCCCCCC)ccc
c10CCCCCCCC)/N(clcec(ccl)CCCCCC)elcec(cc1)CCCece)/cH
Cclccec(c2clnsn2)C(=0)0)OCccccccc

2.52

292

292

Oclcc2/C/3=N/c4c5cec(cc5e¢5n4[Zn]nd/c(=N\C(=N3)c2cc10)
/clec(cecl/c/4=N/C1=N/C(=N\5)/c2ccc(cc12)C(C)(C)C)C(C)(
C)C)c(c)(C)C

0.92

293

293

CCCCCCCCOcccec(c1/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]N

4C1C=CC4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/clc(OCCCCCCCC
)cccc1OCCCCCCCC)/CHCclccc(c2clnc(cleccecl)e(n2)cleccce
1)clcec(cc1)C(=0)0)/CHCclecc(ccl)N(CCCCCcce)cceeccce
JOcccccccce

6.46

294

294

N#C/C(=C\clccc(01)C1=C/C/2=C(\c3ccc(cc3)C)/c3ccc4n3[Zn

0.133
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1n3/c(=C(\C1=N2)/clccc(cc1)C)/cc/c/3=C(\clccc(ccl)C)/Cl=
N/C(=C\4/c2ccc(cc2)C)/C=C1)/C(=0)0

0OC(=0)clcce(ccl)/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4clc
295 295 cc4/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/N(clccc2c(c1)C(C)(C)c1 3.16
c2ccccl)clecc2c(c1)C(C)(C)clc2ceecl)/clecceccl)/clcccecd

0OC(=0)clcce(ccl)CHC/C/1=c/2\cc/c/3=C(/C4=N/C(=C(\c5n([
296 296 Zn]In23)c(/C(=C/2\N=C1C=C2)/clcccccl)cc5)/N(clcceecl)cl 3.6
cccecl)/C=C4)\clcceccl

0OC(=0)clcce(cc10)CHC/C/1=c/2\cc/c/3=C(/C4=N/C(=C(\c5n
297 297 ([Zn]n23)c(/C(=C/2\N=C1C=C2)/c1cccccl)ce5)/N(clceceel)c 5.8
lcceeel)/C=C4)\clcceecl

N#C/C(=C/clcecc(ccl)CHC/C/1=c/2\cc/c/3=C(/C4=N/C(=C(\c5
298 298 n([Zn]n23)c(/C(=C/2\N=C1C=C2)/clcccccl)cc5)/N(clcccecl) 2.9
clcceecl)/C=C4)\clcceecl)/C(=0)0

0OC(=0)C(=Cclcce(ccl)CHC/C/1=c/2\cc/c/3=C(/C4=N/C(=C(\
299 299 ¢5n([ZnIn23)c(/C(=C/2\N=C1C=C2)/clcccccl)cc5)/N(clcceec 14
1)clcccecl)/C=C4)\clcceeccl)C(=0)0

CCCCCCCCOc1ccec(c1/C/1=C/2\C=CC(=N2)/C(=c/2\n3[Zn]n4
clcccd/C(=C\1/C=CC(=N1)/C(=c\3/cc2)/c1c(OCCCCCCCC)ccc
300 300 8.5
c10CCCCCCCC)/N(clcec(cc1)CCCCCC)elcec(cc1)CCCece)/cH

Cclcec(cel)/C=C(\C(=0)0)/0)OCCCCCCCC

Test set compounds of Division 1 (compound ids) -
5,10,15,20,25,30,35,40,47,52,57,62,67,72,77,82,87,98,103,109,115,122,129,134,141,146,152,159,164,16
9,174,179,184,189,194,199,204,209,214,219,226,232,237,242,247,254,259,264,269,274,279,287,294,299

Test set compounds of Division 2 (compound ids) —
11,12,22,25,28,40,48,55,60,62,69,72,75,76,89,97,98,103,111,114,118,130,131,134,143,145,161,162,163,
165,167,175,183,186,187,191,192,195,196,197,201,203,205,211,220,226,230,232,243,271,274,279,284,

297

Test set compounds of Division 3 (compound ids) —
4,6,7,8,15,23,26,31,32,38,39,52,54,56,70,79,83,102,107,117,125,128,142,147,150,152,153,160,169,176,1
80,190,193,194,204,208,209,210,212,218,228,249,251,256,261,263,265,268,270,277,286,294,295,299

Compounds removed based on leverage value —
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1,42,45,90,91,92,93,95,96,105,113,120,121,126,127,136,137,148,154,155,224,225,227,252,253,280,281,
282,288,292

3.1.7 Triphenylamine dataset (Study 2)

This dataset consists of 244 compounds, among which 25 compounds are removed from the
dataset based on leverage value, and the remaining dataset is divided into three training and test
sets with different data combinations. The detail of this dataset is shows in Table 3.7.

Table 3.7: Details of the triphenylamine dataset

Serial | Compound Experimental
SMILE
Number ID PCE
CCCCCCC(Cclcc(sclclec2c(s1)clsc(cciclc2nonl)clsc(cclC
1 1 C(CCccee)cecece)/c=C(/C(=0)0)\C#N)clcec(cc1)N(clceeccl 6.18
)Jclcccecl)CCCC
N#C/C(=C\clcec(ccl)/C=C/clcccc(c1)N(clceccel)clcceccl)
2 2 2.23
/C(=0)0
N#CC(=Cclccc(cc1)C=Cclcec(ccl)N(clccceel)cleccecl)C(=
3 3 4.12
0)o
4 4 N#CC(=Cclccce(c1)N(clcececl)clceeccl)C(=0)0 1.27
5 5 N#CC(=Cclccc(cc1)N(clcececl)clceeccl)C(=0)0 2.92
6 6 0OC(=0)clcee(ccl)/C=C/clcecc(c1)N(clcceecl)cleccecl 0.48
7 7 0OC(=0)clcee(ccl)/C=C/clcec(ccl)N(clcceecl)cleccecl 1.78
8 8 OC(=0)clccee(c1)N(clecececl)clcececl 0.08
9 9 OC(=0)Cclccc(cc1)N(clcececl)clceeecl 0.83

N#C/C(=C\1/C=C(/C=C/c2ccc(cc2)N(c2ccc(cec2)n2c3cccec3c
10 10 3c2cccc3)c2cce(cc2)n2c3cccec3c3c2cecec3)CC(C1)(C)C)/C(= 6.02
0)Oo

N#C/C(=C\1/C=C(/C=C/c2ccc(cc2)N(c2cccec2)c2ececee)CC(
11 11 5.77
C1)(C)c)/c(=0)0

12 12 CCCCCCOc1c(OCCCCCC)c(c2ccc(s2)/C=C(/C(=0)O)\C#N)c2c 5.57
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(clclcec(ccl)N(clceeecl)cleccecl)nsn2
CCCCCCOc1c(OCCCCCl)c(c2ccec(s2)/C=C(/C(=0)0)\C#N)c2c

13 13 (clclcee3c(c1)C(CC)(CC)clc3ccc(cl)N(clcceecl)cleccecl)n 5.34
sn2
CCCCCCOc1c(OCCCCCC)c(c2ccc(s2)/C=C(/C(=0)0)\C#N)c2c

14 14 6.22
(c1C#Cclcec(ccl)N(clcccecl)cleccecl)nsn2
CCCCCCOc1c(OCCCCCl)c(c2ccc(s2)/C=C(/C(=0)0)\C#N)c2c

15 15 6.72
(clclcee(s1)clcec(ccl)N(clcccecl)cleccecl)nsn2
N#C/C(=C\clcecc(s1)cleec(c2cinsn2)cleec(ccl)N(clcececel)

16 16 5.01
clceceecl)/C(=0)O
CCCCCCclcc(sciclcec(cecl)N(clcceeel)cleccecl)C=C(C(=0)

17 17 6.62
O)C#N
CCCCCCclcc(sciclcec(s1)clsc(cc1CCCCCC)clcec(ccl)N(clc

18 18 ccccl)cleececl)celsc(c(c1)CCCCCC)clcec(s1)clsc(cc1CCCCC 481
C)/C=C(\C(=0)O)/C#N
CCCCCCclcc(sciclcec(s1)clsc(cc1CCCCCC)C=C(C(=0)O)Cc#

19 19 5.96
N)clccc(ccl)N(clcceecl)clcececl
N#CC(=Cclccc(s1)cleec(s1)clcec(s1)cleec(ccl)N(clceeecl)

20 20 3.92
clcccecl)C(=0)0
N#C/C(=C\clcec(s1)clcec(s1)cleec(s1)/C=C/clccc(ccl)N(cl

21 21 2.75
cccecl)cleeceel)/C(=0)0
OC(=0)CN1C(=S)S/C(=C/c2cc(c3cces3)c(cc2c2cces?)/C=C/c

22 22 1.19
2ccc(cc2)N(c2cceec2)c2eccec2)/C1=0
OC(=0)CN1C(=S)S/C(=C/c2cc(Cl)c(cc2Cl)/C=C/c2ccec(cc2)N(

23 23 1.29
c2ccccc2)c2ceecc?)/C1=0
OC(=0)CN1C(=S)S/C(=C/c2cc(Br)c(cc2Br)/C=C/c2ccc(cc2)N(

24 24 1.14
c2ccccc2)c2cceecc?)/C1=0
OC(=0)CN1C(=S)S/C(=C/c2ccc(cc2)/C=C/c2cce(cc2)N(c2cce

25 25 3.27
cc2)c2cccec2)/C1=0
N#C/C(=C\clcc(CHN)c(cc1C#N)/C=C/clccc(ccl)N(clcceecl)

26 26 0.44
clcecececl)/C(=0)0
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N#C/C(=C\clcc(c2cces2)c(cclcleeesl)/C=C/clccc(ccl)N(cl

27 27 3.49
cccecl)cleccccl)/C(=0)0
N#C/C(=C\clcc(Cl)c(cc1Cl)/C=C/clcce(ccl)N(clecececl)clec

28 28 3.86
cccl)/C(=0)o
N#C/C(=C\clcc(Br)c(cc1Br)/C=C/clccc(cc1)N(clcececeel)clec

29 29 4.36
cccl)/C(=0)o
N#C/C(=C\clccc(ccl)/C=C/clccc(ccl)N(clcceccl)clcccecl)

30 30 5.33
/C(=0)0
OC(=0)CN1C(=S)S/C(=C/c2ccc(cc2)N(c2ceccec2)c2ceec(cc2)/C

31 31 2.3
=C/c2ccc(cc2)N(c2ccecc2)c2cceec?)/C1=0
CCCCCCCCCCCCOcicc(CH#HCc2ecec(cc2)N(c2cccec2)c2ecccc?)c

32 32 3.61
(cc1C#Cclcec(cc1)C=C(C(=0)0)C#HN)OCCcccceecccecc
CCCCCCCCCeCCOcicc(CH#Ce2ecec(cc2)N(c2cccec2)c2ecccc?)c

33 33 3.06
(cc1C#Cclcec(ccl)C(=0)0O)0occeeecceccccc
N#CC(=Cclccc(ccl)CH#Ccleec(ccl)N(cleceeel)cleccecl)C(=

34 34 2.89
0)o

35 35 OC(=0)clccc(ccl)CH#Cclecc(ccl)N(clceceeel)cleceecd 2
N#C/C(=C\clcc2c(s1)clc(s2)ce(s1)/C=C/clcec(ccl)N(clccec

36 36 2.76
c1)clecceel)/C(=0)O
0OC(=0)C(=Cclcce(ccl)/C=C/clcec(ccl)N(clcceecl)cleccecl

37 37 3.33
)C(=0)O
CCOC(=0)/C(=C\clccc(cc1)/C=C/clccc(cc1)N(cleeceel)clce

38 38 2.43
cccl)/C(=0)0
N#C/C(=C\clcec(ccl)/C=C/clccc(ccl)N(clcececel)clcceccl)

39 39 1.49
/S(=0)(=0)0
O/N=C/C(=C/clccc(ccl)/C=C/clccc(ccl)N(clcceecl)cleccec

40 40 0.44
1)/CHN
CCCCCCCCN1C(=S)S/C(=c\2/s/c(=C\c3ccc(cec3)N(c3cec(cc3)

41 41 4.59
C)c3cceec3)/c(=0)n2CC(=0)0)/C1=0
CCCCCCCCN1C(=S)S/C(=c\2/s/c(=C\c3ccc(cec3)N(c3cec(cc3)/

42 42 5.3
C=c/3\s/c(=C\4/SC(=S)N(C4=0)CCCCCCCC)/n(c3=0)CC(=0)

119|Page




Chapter 3

Materials And Methods

0O)c3ccceec3)/c(=0)n2CC(=0)0)/C1=0
CCCCCCCCN1C(=S)S/C(=c\2/s/c(=C/c3cce(cc3)N(c3cec(cc3)/
C=c/3\s/c(=C\4/SC(=S)N(C4=0)CCCCCCCC)/n(c3=0)CC(=0)

43 43 2.61
0)c3cec(cec3)/C=c/3\s/c(=C\4/SC(=S)N(C4=0)CCCCCCCC)/n(
¢3=0)CC(=0)0)/c(=0)n2CC(=0)0)/C1=0
CCCCCCn1nc2c(nl)c(cecc2clcec(o1)C=C(C(=0)0)C#N)clccc(

44 44 4.37
o1)clcec(ccl)N(cleceecl)C(=CC)C=C
CCCCCCn1nc2c(nl)c(ccc2clecc(s1)/C=C(\C(=0)0)/C#N)clc

45 45 6.2
cc(s1)cicee(cc1)N(cleccecl)cleececl
CCCCCCn1nc2c(n1)c(ccc2cicec([se]1)C=C(C(=0)0)C#N)clcc

46 46 5.66
c([se]1)clcee(cc1)N(clcceceel)cleccecl
CCCCCCn1nc2c(nl)c(ccc2clsc(c(c1)CCCCCC)clcec(ccl)N(ca

47 47 5.89
cccecl)cleccecl)clsc(c(c1)CCCCCC)C=C(C(=0)0)C#N
N#CC(=Cclccc(s1)clc(F)c(F)c(c2cin[nH]n2)clcec(s1)clcec(

48 48 6.01
cc1)N(clcceeel)clcceecl)C(=0)0
CCCCCCCCCelinc(sclclcec(ccl)N(clcececl)clcceeel)clsc(c(

49 49 2.98
n1)CCCCCCCCC)clcec(s1)/C=C(/C(=0)O)\C#N
N#C/C(=C\clcecc(cc1)N(clceeeecl)clecce(cel)clcc2CCCN3c2c

50 50 2
(c1)Cccec3)/c(=0)o
OC(=0)CN1C(=S)S/C(=C\c2ccc(cc2)N(c2cecce)c2ccecc2)/C

51 51 1.6
1=0
OC(=0)CN1C(=S)S/C(=C\c2ccc(cc2)N(c2cec(cc2)c2cc3CCCN

52 52 3.2
4¢3c(c2)CCC4)c2ccecc2)/C1=0
N#C/C(=C\c1c(F)cc(cclF)/C=C/clcecc(ccl)N(clceecel)clccee

53 53 3.62
¢1)/C(=0)0
N#C/C(=C\c1c(F)cc(cc1F)/C=C/clcec(ccl)N(clcecec2clceec?

54 54 4.01
)Jelceeecl)/C(=0)0
N#C/C(=C\clcecc(cclF)/C=C/clcecc(ccl)N(clcceccl)clcceecl

55 55 5.19
)/C(=0)0
N#C/C(=C\clccc(ccl)/C=C/clccc(ccl)N(clcecc2elcecc2)cle

56 56 4.58
ccccl)/C(=0)0
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57

57

N#C/C(=C\clccc(cclF)/C=C/clcec(ccl)N(clccec2elccee2)cl
cccecl)/C(=0)0

4.73

58

58

CCCCCCOc1cec(ccl)N(cleec(cc1)OCCCCCC)clecec(ccl)cleec(
cn1)/C=C(/C(=0)O)\C#N

6.21

59

59

CCCCCCOclcec(ccl)N(clcee(cecl)clecc(s1)/C=C(/C(=0)0)\C
#N)clcecc(ccl)OCCCCCC

7.09

60

60

CCCCCCOc1cec(ccl)N(cleec(cec1)OCCCCCC)cleec(ccl)clcec(
ccl)/C=C(/C(=0)O)\C#N

5.18

61

61

CCCCCCOclccec(ccl)N(cleec(cc1)OCCCCCC)clcecec(ccl)cleec(
c2clnsn2)clcec(s1)/C=C(/C(=0)O)\C#N

7.12

62

62

CCCccccci(ccececcec)c2cec(sc2c2elec(s2)clecc2e(cl)ne(c(c2)/
C=C(\C(=0)0)/C#N)Cl)c1ccc(cc1)N(clecc(cc1)OCCCCCC)clc
cc(ccl)occceccc

1.3

63

63

CCCCccecei(ceeccel)c2ec(sc2e2cicce(s2)clecc2ce(cl)[nH]c(=0
)e(c2)/C=C(\C(=0)0)/C#N)clccc(ccl)N(clcee(cec1)OCCCCCC)
clccc(ccl)OCCcecc

0.77

64

64

CCCCcccei(ceeccel)c2cec(sc2c2cicce(s2)clecc2ce(cl)[nH]c(=0
)c(c2)C=C(CHN)C#N)clccc(ccl)N(clcee(cc1)OCCCCCC)clcecc
(cc1)occcccc

3.23

65

65

CCCCccecei(ceeccel)c2ec(sc2c2eicce(s2)clecc2ce(cl)[nH]c(=0
)c(c2)C(=0)0)clcec(ccl)N(cleec(cc1)OCCCCCC)clcec(ccl)O
cccececc

3.08

66

66

CCCCCcci(cccect)e2cec(sc2e2cicec(s2)clecc2e(cl)ne(c(c2)
C(=0)0)Cl)clcec(ccl)N(clcec(cc1)OCCCCCC)clecc(ccl)OCC
CCcc

0.27

67

67

CCCCcccei(ccccct)e2cec(sc2e2cicece(s2)clecc2ce(cl)[nH]c(=0
)c(c2)C=0)clcecc(ccl)N(clcee(cc1)OCCCCCC)clccc(ccl)OCC
CCcc

0.45

68

68

0OC(=0)c1cc2C(=0)C(=Cc3ccc(cc3)N(c3ccecee3)c3cccec3)C(=
0O)c2cclC(=0)0

0.95

69

69

CCCCCCOc1ccec(ccl)N(clcec(cc1)OCCCCCC)clccec(ccl)C=C1

11
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C(=0)c2c(C1=0)cc(c(c2)C(=0)0)C(=0)0

70

70

CCCCccei(ceececi)c2ec(sc2c2cicec(s2)cleec(ccl)N(clcecec(c
¢1)OCCCCCC)clcec(ccl)OCcccCC)clec(ce(nl)clcc(cc(nl)cl
cc2c(s1)clc(C2(CCCCCC)Cccecl)ec(s1)clcec(ccl)N(cleec(c
€1)OCCCCCC)clccc(cc1)OCCCCLC)C(=0)0)C(=0)0

3.3

71

71

CCCCCCOc1cec(ccl)N(clcec(cc1)OCCCCCC)cleec(ccl)clsc2
c(c1)C(clc2sc(cl)clcec(c(nl)clcec(c(nl)clsc2c(c1)C(clc2sc
(c1)clcec(ccl)N(clcee(cc1)OCCCCCC)elccc(cc1)OCCCCCC)

CCCCCC)CCCCCC)C(=0)0)C(=0)0)(CCCCCC)cceceec

3.9

72

72

CCCCCCOciccec(ccl)N(clcee(cc1)OCCCCCC)elcecec(cel)clcec(
s1)clnc(c(n1CCCCCC)cleec(s1)clcec(s1)/C=C(/C(=0)0)\C#
N)clcee(s1)cleec(s1)/C=C(/C(=0)O)\C#N

3.34

73

73

CCCCCCOciccec(ccl)N(clcec(cc1)OCCCCCC)elcecec(ccl)cleec(
s1)cinc2c(n1CCCCCC)clcc(sclclc2ee(s1)clecc(s1)/C=C(/C(
=0)O)\C#N)clccc(s1)/C=C(/C(=0)O)\C#N

3.54

74

74

CCCCCCn1c2cec(cc2c2cicecc2)cl[nH]c(c(n1)cleec(ccl)clcc
c(s1)/C=C(/C(=0)O)\C#N)clccc(ccl)clcee(s1)/C=C(/C(=0)0)
\C#N

411

75

75

N#CC(=c1s/c(=C\c2ccc(cc2)N(c2cecee2)c2ceccc?)/c(=0)[nH
11)C#N

2.92

76

76

N#CC(=c1[nH]c(=0)/c(=C/c2ccc(cc2)N(c2ccc(cc2)/C=c/2\sc(
=C(C#N)C#N)[nH]c2=0)c2ccccc2)/s1)CHN

3.78

77

77

N#CC(=c1s/c(=C/c2ccc(cc2)N(c2cec(cc2)/C=c/2\sc(=C(C#N)
C#N)[nH]c2=0)c2ccc(cc2)/C=c/2\sc(=C(CH#N)C#N)[nH]c2=0
)/c(=0)[nH]1)C#N

3.44

78

78

N#CC(=c1[nH]c(=0)/c(=C/c2ccc(s2)c2cecc(cc2)N(c2cecce2)c
2ccccc2)/s1)CHN

2.11

79

79

N#CC(=c1[nH]c(=0)/c(=C/c2ccc(s2)c2cec(cc2)N(c2cec(cc2)c
2ccc(s2)/C=c/2\sc(=C(C#N)C#N)[nH]c2=0)c2ccccc2)/s1)CH
N

2.37

80

80

C=Cclccc(ccl)N(cleceeel)eleee(ccl)/C=C\1/SC(=S)N(C1=0)

5.84
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CC(=0)o
C=Cclccc(cc1)N(cleceecl)cleec(cel)/C=C/C=C\1/SC(=S)N(C

81 81 1.27
1=0)CC(=0)0
OC(=0)CN1C(=S)S/C(=C/c2cce(cc2)N(c2ccececc2)c2ceeccc?)/C

82 82 3.64
1=0
N#C/C(=C\clccc(s1)clecc(c2clinsn2)clcec(sl)clecc(ccl)N(c

83 83 3.81
1cceecl)clceeecl)/C(=0)0
N#C/C(=C\clccc(s1)clecc(c2cinsn2)clccc(s1)/C=C/clccc(c

84 84 3.37
c1)N(clcceecl)clecceel)/C(=0)O
N#C/C(=C\clcecc(s1)cleec(c2cinsn2)clecc(s1)CHCclcec(ccl

85 85 4.55
JN(clceeceel)elceeccl)/C(=0)0
CCCC[C@@H](COclccc(ccl)N(clcee(ccl)OC[C@H](CCCC)C

86 86 C)clcec(cel)elceee(s1)clecc(c2ecinsn2)cleec(s1)/C=C(/C(=0) 7.3
O)\C#N)CC
OC(=0)CN1C(=S)S/C(=C/C=C/c2ccc(cc2)N(c2cccec2)c2eccce

87 87 0.63
2)/C1=0
N#CC(=Cclsc2c(c1)[Si](c1c2sc(cl)clcee(cc)N(clcceecl)clc

88 88 6.65
ccccl)(cleccecl)clecececcl)C(=0)0
CCCCCCOciccec(ccl)N(clcee(cc1)OCCCCCC)elccec(ccl)clsc2

89 89 7.6
¢(c1)[Si](c1c2sc(c1)C=C(C(=0)O)C#N)(clcccecl)clcceecd
CCCCCCccra(ceeeecece)c2cec(cHecHCe3ccec(ce3)N(c3ceeccc

90 90 2.52
3)c3cccee3)cec2c2clec(cc2)C=C(C(=0)O)C#N
N#CC(=Cclccc(s1)clcec(s1)clsc(c(n1)OC)clcec(ccl)N(clcee

91 91 1.02
(cc1)C)clcec(cc1)C)C(=0)0
N#CC(=Cclccc(s1)clnc(c(s1)clcec(ccl)N(clcec(ccl)OC)clcc

92 92 1.08
c(cc1)0C)0C)C(=0)0
N#CC(=Cclccc(s1)clnc(c(s1)clcec(ccl)N(clcee(cecl)C)eleec(

93 93 1.7
cc1)C)0C)C(=0)0
CCCCCCclcc(sc1/C=C(\C(=0)0)/C#N)clccc2c(c1)C1(c3c2cc

94 94 4.12
c(c3)c2ccc(cc2)N(c2cecec2)c2cccec2)c2cccec2c2clcccc2

95 95 CCCCCCclcc(sc1/C=C(\C(=0)0)/C#N)clccc2c(c1)n(CC)clc2 6.51
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ccc(cl)clcec(ccl)N(clccceel)cleccecl
N#C/C(=C/clcce(s1)clecc2c(c1)C(CC)(CC)clc2cec(cl)cleec(

96 96 7.03
cc1)N(clcceeecl)clcceecl)/C(=0)0
CCCCCCclcc(sc1C=Cclccc(ccl)N(clcec(ccl)C)clceec(ccl)C)C

97 97 7.83
=C(C(=0)O)C#N
N#CC(=Cclcc(c(s1)C=Cclccc(ccl)N(clceceeecl)clecececl)C)C(

98 98 7.62
=0)0
N#CC(=Cclcc(c(s1)clcec(ccl)N(clccceel)cleccecl)C)C(=0)

99 99 8.27
0]

CCCCCcceea(ceecececce)c2ec(cec2c2ciec(ec2)C=C(C(=0)0)

100 100 3.5
C#N)C#Cclcec(ccl)N(clccceel)cleccecl
CCCCcceeea(ceeececec)c2ec(cec2c2ciec(cc2)CHCelcecc(cc

101 101 1)N(clcceecl)clcececl)CHCelcec2c(c1)C(CCCCCCCe)(cccec 1.8
CCCC)clc2cec(c1)C=C(C(=0)0)CHN

102 102 0C(=0)/C=C/c1ccc(cc1)N(clecceel)cleececd 1.66
OC(=0)CN1C(=S)SC(=Cc2ccc(cc2)N(c2cceec2)c2ceccc2)Cl=

103 103 1.12
0]

104 104 C=Cclccc(cc1)N(cleeceecl)cleec(cecl)C=C(C(=0)O)C#HN 2.86

105 105 C=Cclccc(cc1)N(cleeceecl)cleec(ccl)C=CC=C(C(=0)O)C#N 4.82
N#C/C(=C\clcec(s1)clcec(s1)cleec2c(c1)C(=0)clc2ccc(cl)c

106 106 4,71
1ccc(cc1)N(clceceel)cleceecl)/C(=0)0
CCCCCCOclcc(OCCCCCC)ececinlc2cec(sc2c2clec(s2)/C=C(/C

107 107 7.67
(=0)O)\C#N)clcec(cc1)N(clcceecl)cleccecl
CCCCCCOclcc(OCcccel)eccinlc2cec(sc2c2clcec(s2)clsc2ce(c

108 108 1)n(clc2sc(c1)cleec(ccl)N(clceceecl)clecceel)clec(OCCCC 4.19
CC)cc(c1)OCCCCCC)/C=C(/C(=0)O)\CHN
N#C/C(=C/clcec(cecl)cleec(cel)N(cleec2e(c1)C(C)(C)clc2ce

109 109 2.28
ccl)clcec(cel)clcececcl)/C(=0)0
N#C/C(=C/clcec(s1)clcec(cel)N(cleec2e(c1)C(C)(C)clc2cec

110 110 4.83
c1)cleec(ccl)cleccecl)/C(=0)0

111 111 N#C/C(=C/clccc(ol)clecc(ccl)N(clcec2c(c1)C(C)(C)clc2cce 5.81
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c1)clcec(ccl)clcceccl)/C(=0)0

N#C/C(=C\clcc(c(s1)clcee(s1)cleec(sl)clcec(ccl)N(clcccce

112 112 8.08
1)clceeccl)clcec(ccl)N(clecececl)cleececl)/C(=0)0O
N#C/C(=C\clcc(c(s1)clsc(cclclcec(ccl)N(cleceecl)clecccc

113 113 1)clcec(s1)cleec(ccl)N(cleccecl)cleccecl)cleec(ccl)N(clc 7.21
ccccl)cleeeecl)/C(=0)0
N#C/C(=C\clcc(c(s1)clsc(cclclcec(ccl)N(cleceecl)clecccc

114 114 1)clsc(c(cl)clcec(ccl)N(clcccecl)cleccecl)cleec(ccl)N(cl 5.79
cccecl)clecceel)clcec(ccl)N(cleceecl)cleccecl)/C(=0)0

115 115 CCN(clccc(cc1)C=C[N+](=0)[0-])CC 0.6

116 116 OC(=0)C=Cclccc(ccl)N(cleececeel)cleccecl 1.7

117 117 [O-]1[N+](=0)C=Cclccc(cc1)N(clcececl)clcceccl 0.7

118 118 OC(=0)C=Cclccc(cc1)N(clcec(ccl)C=CC(=0)0)clcccecl 3.9
[O-][N+](=0)C=Cclccc(cc1)N(clecc(ccl)C=C[N+](=0)[O-

119 119 11
])clcceecd
COclcec(cecd)N(clcecc(cc1)OC)clcec(cecl)clecc(c2cinsn2)cl

120 120 7.66
ccc(s1)C=C(C(=0)0)C#N
CCCCCCCCOc1cc2c3cc(sc3c3c(c2cc10CCCCCCCC)cec(s3)C=C

121 121 5.2
(C(=0)O)C#N)c1ccc(ccl)N(clcee(cc1)OC)cleec(ccl)0C
CCCCCCCCOc1cc2c3cc(sc3c3c(c2cc10CCCCCCCC)cec(s3)C=C

122 122 (C(=0)O)C#N)c1sc(c2c10CCO2)clcec(ccl)N(clcec(cc1)OC)e 55
lccc(ccl)0C
CCCCCCCCOc1cc2c3cec(sc3c3c(c2cc10CCCCCCCC)ec(s3)CC(

123 123 C(0O)O)CN)clcec(c2cinsn2)cleec(ccl)N(clcec(ccl1)OC)clcec 8.2
(cc1)OC
CCCCCCclcc(sciclenc(c2cinsn2)clcec(ccl)N(clcec(ccl)OC

124 124 2.86
CCCCC)clcec(cec1)OCCCCCC)clecc(s1)/C=C(/C(=0)O)\C#N
CCCCCCOciccc(ccl)N(cleec(cc1)OCCCCCC)clccec(ccl)cince

125 125 (c2c1nsn2)clsc(cc1CCCCCC)clsc(c(c1)CCCCCC)/C=C(/C(=0) 3.84
O)\C#N

126 126 CCCCCCclcc(sciclenc(c2cdinsn2)cleec(ccl)N(clcec(ccl)0C 4.46
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CCCCC)clcec(cc1)OCCCCCC)elcecec(ccl)/C=C(/C(=0)O0)\CHN
CCCCCCclcc(sclclncc(c2clnsn2)clsc(cc1CCCCCC)cleec(cc

127 127 1)/C=C(/C(=0)O)\C#N)clccc(cc1)N(cleec(ccl)OCCCCCC)clc 6.3
cc(cc1)OCcccecec
CCCCCCOc1cec(ccl)N(cleec(cec1)OCCCCCC)cleec(ccl)clcec(

128 128 1.32
s1)clncc(c2clnsn2)clcec(sl)clcec(ccl)/C=C(/C(=0)O)\C#N
N#C/C(=C\clcc(c(s1)clcee(cc1)N(cleec(ccl)clcee(ccl)N(cl

129 129 cccecl)cleccecl)clecec(ccl)clecc(ccl)N(cleccecl)clcceecl) 5.87
clcec(cc1)N(clceeccl)cleccecl)/C(=0)0
N#C/C(=C\clcecc(s1)cleec(ccl)N(cleec(ccl)cleec(ccl)N(cle

130 130 cceel)eleeceel)clecec(cel)cleec(ccl)N(cleceecl)cleccecl)/ 5.56
C(=0)0
N#C/C(=C\clccc(ccl)N(clcee(cel)cleec(ccl)N(clecceecl)clc

131 131 4.97
cceel)cleec(ecl)clecc(ccl)N(clcececel)clcceccl)/C(=0)0

132 132 clcce(ccl)N(cleececl)cleec(cecl)cleees1.0C(=0)C(=C)C#N 2.75
clcce(ccl)N(cleeeecl)cleec(cc1)C1(CC=CS1)C=Cclcccs1.0C

133 133 2.73
(=0)C(=C)C#N
clcce(ccl)N(cleceecl)cleec(cecl)C=CC1(CC=CS1)C=Cclcccs

134 134 1.7
1.0C(=0)C(=C)C#N

135 135 N#CC(=Cclccc(cc1)N(clcececl)clceeccl)C(=0)0 1.55
CCCCCCclcc(sciclcec(ccl)N(clcec(cc1)OCCCCCC)cleec(ccl

136 136 JOCCCCCC)clcee(c2cdnsn2)clsc(c(c1)CCCCCC)clcec(ccl)C= 3.16
C(C(=0)0)C#N
CCCCCCclcc(sclcleec(ccl)N(clcec(ccl)OCCCCCC)clecc(ccl

137 137 JOCCCCCC)clcec(c2cdnsn2)clsc(c(c1)CCCCCC)clccee(sl)/C= 3.81
C(/C(=0)O)\C#N
N#CC(=Cclccc(c(c1)CHCclccc(ccl)N(clceceecl)cleccccl)CHC

138 138 0.82
)C(=0)0
N#CC(=Cclccc(c(c1)CHC)CH#Cclcec(ccl)N(clcceecl)clceccecd

139 139 3.26
)C(=0)0

140 140 N#CC(=Cclccc(c(c1)CHCclccc(ccl)N(cleccecl)cleccccl)CHC 5.41
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clccc(ccl)N(clcecccl)cleccccl)C(=0)0

141

141

COclcec(cecl)N(cleec(cc1)OC)clcec(cecl)clecc(s1)/C=C(\C(=
0)0)/C#N

6.28

142

142

CCCCCCOc1cec(ccl)N(cleec(cec1)OCCCCCC)cleec(ccl)clcec(
s1)clcee(s1)clccc(s1)/C=C(/C(=0)O)\C#N

3.4

143

143

CCCCCCOc1cec(ccl)N(cleec(cecl1)OCCCCCC)cleec(ccl)clcec(
s1)clsc(c(cl)clcec(s1)clec(sclcleec(s1)cleec(ccl)N(clcec(
cc1)OCCCCCC)clcec(cc1)OCCCCCC)clceec(s1)C=C(C(=0)0)C
#N)clccc(s1)C=C(C(=0)O)C#N

6.6

144

144

CCN1C(=S)S/C(=c\2/s/c(=C/c3ccc(s3)c3cndcec(ncdc(c3)c3ccc
(ce3)N(c3cceee3)c3cccec3)C)/n(c2=0)CC(=0)0)/C1=0

0.18

145

145

N#C/C(=C\clcec(s1)clcec(cel)N(cleec(ccl)nlc2ceccc2c2cl
ccce2)clceee(ccl)l)/C(=0)0

5.48

146

146

N#C/C(=C\clcec(s1)clecec(cel)N(cleec(ccl)nlc2ceccc2c2cl
ccce2)clceec(ccl)nlc2eccec2c2cleccc?)/C(=0)0

5.55

147

147

N#C/C(=C\c1sc(c2c10CCO2)clccc(ccl)N(cleec(ccl)nlc2cec
cc2c2clcccc2)clcec(ecl)nlc2cececc2c2clccec?)/C(=0)0

6.15

148

148

CCCCCCCCninc2c(nl)c(clcee(s1)/C=C(/C(=0)O)\C#N)cilc(c
2c2ccc(s2)c2cec(cc2)N(c2cececc2)c2cccec2)ne(c(nl)clcececl

)Jcdcccecl

2.6

149

149

CCCCCCCCnlnc2c(nl)c(clcec(cel)/C=C(/C(=0)O)\CHN)clc(
c2c2ccc(s2)c2cec(cc2)N(c2cceec2)c2cecccc2)ne(c(nl)clcecce

1)clccececl

2.6

150

150

CCCCCclnc2c3cc(sc3c3c(c2nc1CCCCC)cec(s3)/C=C(/C(=0)0)
\C#N)clccc(ccl)N(clcceccl)cleccecl

6.37

151

151

CCCCCCOciccec(ccl)N(clcec(cc1)OCCCCCC)clccec(ccl)clsc2
c(c1)cInc(CCCCC)c(nclclc2sc(c1)/C=C(/C(=0)O)\C#N)CCCC
C

4.03

152

152

CCCCCCOciccec(ccl)N(clcec(cc1)OCCCCCC)clccec(ccl)clsc(c
2¢10CC02)c1sc2c(cl)cinc(CCCCC)c(nclelc2sc(cl)/C=C(/C(
=0)0)\C#N)CCCCC

4.01
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CCCCCCOc1cec(ccl)N(cleec(cec1)OCCCCCC)cleec(ccl)clcec(

153 153 c2clnsn2)clsc2c(cl)clnc(CCCCC)c(nclclc2sc(cl)/C=C(/C(= 6.78
0)O)\C#N)CCccC
CCCCCCCCn1nc2c(nl)c(clcec(s1)C(=0)0)clc(c2c2cec(s2)c2

154 154 4.4
ccc(cc2)N(c2cecec2)c2cececec2)nc(c(nl)clcececl)cleccecl
CCCCCCCCnlnc2c(nl)c(clcec(ccl)C(=0)0)clc(c2c2ccec(s2)c

155 155 4.2
2ccc(cc2)N(c2cceec2)c2cccec2)ne(c(nl)clcccecl)cleccecl
CCCCccCCninc2c(nl)c(clcec(ccl)N(clcececl)cleccecl)clc

156 156 2.2
(c2c2ccec(s2)/C=C(/C(=0)O)\C#N)nc(c(n1)clcceeccl)clcceecl
CCCCCCCCninc2c(nl)c(clcec(ccl)N(clcceecl)clcccecl)clc

157 157 3.4
(c2c2ccc(cc2)C=C(C(=0)0)C#N)nc(c(n1)clcccecl)clcccecd
CCCCCCCCninc2c(nl)c(clcec(ccl)N(clcceecl)clcececl)clc

158 158 3.3
(c2c2cce(s2)C(=0)0)nc(c(n1)clcceecl)clcececl
CCCCCCCCninc2c(nl)c(clcec(ccl)N(clceeec)clccceel)clc

159 159 0.3
(c2c2ccec(cc2)C(=0)0)nc(c(n1)clceceecl)cicececl
COC(=0)clc(C)nc2nlcc(cc2clcec(ccl)N(clcceceel)cleccecl)

160 160 0.64
clcec(s1)/C=C(\C(=0)0)/C#N
N#C/C(=C/clcec(s1)clen2ce(nc2c(cl)clecc(ccl)N(cleeceel)

161 161 0.45
clceeccl)C)/C(=0)0
CCCCCCCCclnc2c(cee(c2nc1CCCCCCC)clccec(s1)/C=C(/C(=0

162 162 7.78
JO)\C#N)clccec(s1)clcec(ccl)N(cleceecl)cleccecl
CCCCCCCCclccec(s1)cinc2c(nclcleec(s1)CCCCCCCCCC)c(ccc

163 163 2clcec(s1)/C=C(/C(=0)O0)\C#N)clccc(s1)cleec(ccl)N(clecce 7.29
cl)clcceecd
CCCCCCCCclsc2c(cl)clce(sclcic2ne2c(cec(c2nl)clcec(s1)/

164 164 C=C(/C(=0)O)\C#N)clccc(s1)clcec(ccl)N(clececel)cleccec 4.03
1)CCcccccc
CCCCcccei(ccccct)ec2cec(eec2c2ceicec(cc2)N(clcec(cc1)C(=0)

165 165 0O)clcec(cc1)C(=0)0)clcec(s1)C=C1C(=0)N(CC)C(=S)N(C1= 0.092
0)cC

166 166 CCCCCCc1(cceect)e2cec(sc2c2cicc(s2)C=C(C#N)C#N)clccc 0.087
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(cc1)N(clccc(cc1)C(=0)0)clcec(cc1)C(=0)0
N#CC(=Cclccc(s1)cleec(ccl)N(clcec(ccl)clcec(s1)C=C(CH#N

167 167 0.101
JC#N)clccc(ccl)C(=0)O)CEN
CCCCcceei(ceececi)e2ec(cec2c2eicec(cc2)clcec(s1)C=C(C#N

168 168 0.06
JC#N)N(clccc(cc1)C(=0)0)clcccecl
CCCcccecei(cececct)c2ec(cec2c2ceicec(cc2)N(cleec(ccl)C(=0)

169 169 0.058
O)clcceecl)cleec(s1)clcec(s1)C=C(CH#N)CHN
CCcCcccecei(ceccect)c2ec(cec2c2elec(cc2)N(cleec(ccl)C(=0)

170 170 0.053
0O)clcceecl)cleec(s1)C=C1C(=0)N(CC)C(=S)N(C1=0)CC
N#CC(=Cclccc(s1)cleec(ccl)N(clcec(ccl)C(=0)0)clcec(ccl)

171 171 0.093
C(=0)O)C#N
N#C/C(=C\clccc(s1)clsc(ceclcleec(s1)/C=C(/C(=0)O)\C#N)c

172 172 7.02
1ccc(s1)cleee(cel)N(cleceecl)clecceel)/C(=0)0O
N#C/C(=C\clcecc(ccl)clsc(ceclclecc(ccl)/C=C(/C(=0)O)\C#

173 173 5.56
N)clcec(eccl)N(clcceecl)clecceel)/C(=0)0
N#C/C(=C\clcecc(ccl)clsc(ceclclecc(ccl)/C=C(/C(=0)O)\C#

174 174 2.6
N)clcee(s1)cleec(ccl)N(clececeel)elceeeccl)/C(=0)0
CCCCCCn1c2ccec(cc2c2clcecc2)cleec(sl)clsc(c(cl)cicee(s)

175 175 7.28
/C=C(/C(=0)O)\C#N)clccc(s1)/C=C(/C(=0)O)\CH#N
N#C/C(=C\clcecc(s1)cleec(s1)clcee(s1)clecc(ccl)N(clcecce

176 176 4.45
1)clcccecl)/C(=0)0
N#C/C(=C\clcec(s1)clsc(ceclcleec(s1)/C=C(/C(=0)O)\C#N)c

177 177 6.95
1cce(ccl)N(clceeeel)cleceecl)/C(=0)0
0O=C1NC(=0)C(=Cc2ccc(s2)c2ccc(c3c2nsn3)c2ccc(cc2)N(c2c

178 178 49
cccc2)c2ceccc2)N1
COclcec(cecl)N(cleec(cc1)OC)clcec(cecl)clecc(c2cinsn2)cl

179 179 7.58
ccc(s1)C=CINC(=0)NC1=0
CCN1C(=S)SC(=c2sc(=Cc3cccac(c3)C3CCCC3N4c3ccec(cc3)C=

180 180 14
C(c3cccee3)c3ceecc3)c(=0)n2CC(=0)0)C1=0
CCCCCceecececccei(cececcccccecc)c2cec(sc2c2cicec(s2)clcec

181 181 8.8
c(cc1)N(clcec(cc1)OCCCCCC)cleec(cc1)OCCCCCC)C=C(C(=0
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JO)C#N
CCCCCCOc1cec(ccl)N(clcec(cc1)OCCCCCC)cleec(ccl)clsc2

182 182 5.6
c(c1)clec(sclc(c20CCCCCC)OCCCCCC)/C=C(/C(=0)O)\C#N
N#CC(=Cclccc(s1)clc2ceccec2c(c2clcccc2)clecc(ccl)N(clcc

183 183 3.09
cccl)cleececl)C(=0)0
N#CC(=Cclccc(ccl)C=Cclc2cccecc2c(c2clcccc2)clcec(ccl)N(

184 184 5.14
clcccccl)cleceecl)C(=0)0
N#CC(=Cclccc(ccl)clc2ccccc2c(c2cleccc2)cleec(ccl)N(clc

185 185 6.78
ccccl)cleececl)C(=0)0
N#CC(=Cclccc(s1)C=Cclc2cccec2c(c2clcccc2)cleec(ccl)N(c

186 186 4.86
1cceecl)clceeccl)C(=0)0
N#C/C(=C\clccc(s1)CHCclc2cccec2c(c2clcccc2)cleec(ccl)N

187 187 45
(clcceecl)cleceecl)/C(=0)0
N#C/C(=C\clccc(ccl)CH#Cclc2ceccec2c(c2clccec2)clecc(ccl)

188 188 7.03
N(clcce(cecl)OC)clecc(cc1)0C)/C(=0)0
N#C/C(=C\clccc(s1)CHCclc2cccec2c(c2clcccc2)cleec(ccl)N

189 189 6.82
(clcee(ec1)OC)cleec(cec1)0C)/C(=0)0
N#C/C(=C\clcecc(ccl)clc2cecec2e(c2cleccc?)CHCelecc(ccl)

190 190 3.93
N(clcceecl)cleccecl)/C(=0)0
N#C/C(=C\clcecc(ccl)cle2ceccc2e(c2clececc?)CHCelecc(ccl)

191 191 5.66
N(clcee(cec1)OC)cleec(cc1)0C)/C(=0)0
N#C/C(=C\clcecc(ccl)C=Cclcce(cecl)N(cleeccecl)clecceel)/C

192 192 5.73
(=0)O
N#C/C(=C\clcecc(ccl)CHCelcee(cel)N(cleeccecl)clecceel)/C

193 193 4.3
(=0)O
N#C/C(=C\clccc(cecl)C=Cclc2ceccc2c(c2clcecc2)clcec(ccl)

194 194 5.14
N(clcceecl)cleceecl)/C(=0)0
N#C/C(=C\clccc(ccl)CH#Cclc2ceccec2c(c2clceec2)clecc(ccl)

195 195 6.78
N(clcceecl)cleceecl)/C(=0)0
N#C/C(=C\clccc(s1)clcec(cel)N(cleeceel)clcceeccl)/C(=0)

196 196 o 4.7
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N#CC(=Cclccc(s1)cleec(ccl)N(CCO[Si](C(C)(C)C)(C)C)C)C(=

197 197 55
0)o
CN(clcce(cecl)/C=C/clccc(s1)C=C(C(=0)O0)C#N)CCO[Si](C(C)

198 198 6.4
(9[e](e]e
N#CC(=Cclccc(c2clnsn2)clcec(ccl)N(CCO[Si](C(C)(C)C)(C)C

199 199 2.4
)C)C(=0)0
N#CC(=Cclccc(ccl)clcec(c2cinsn2)clcec(ccl)N(CCO[Si](C(

200 200 4.3
C)(C)C)(C)C)C)C(=0)0
CCCCOclccc(ccl)N(cleec(cc1)OCCCC)clecc(ccl)clsc(c2c10

201 201 5.66
CCO2)c1sc(c2c10CCO2)/C=C(/C(=0)O)\C#N
CCCCCOclccc(cc1)N(cleec(cc1)OCCCCC)elcec(ccl)cleec(sl

202 202 4.66
)c1sc(c2c10CCO2)/C=C(/C(=0)0)\C#N
CCCCC(COclcc(OCc(ccce)cC)eecdcicec(ccl)N(clccec(ccl)c
1ccc(cc1OCC(CCCC)CC)occ(ccce)cl)eciceec(ccl)clsc(c2c10

203 203 8.37
CCO2)clccec(c2cinc(cleccecl)c(n2)cleccecd)clecc(ccl)C=C(
C(=0)0O)C#N)CC
CCCCc(cca(cee(cee)cl)e2ec(sc2c2ciec(s2)clccc(c2cdnc(c
1cceecl)c(n2)clecececd)cleec(cecl)C=C(C(=0)0)CHN)clcec(cc

204 204 8.06
1)N(clcee(ccl)cleec(cc1OCC(CCCC)CC)OCC(CCCC)CC)eleec(
ccl)clcec(cc1OCC(CCCC)CL)occe(cecece)cce)cc
CCCCC(COclcc(OCCc(ccce)cC)eecicleec(cc)N(clecc(ccl)c
1ccc(cc1OCC(CCCC)CC)OCC(ccce)Cl)cleec(ccd)clecc(sl)cl

205 205 6.57
ccc(c2clnc(cleececl)c(n2)cleccecl)clecc(ccl)C=C(C(=0)0)

C#N)CC
N#CC(=Cclccc2c(c1)C(C)(C)clc2cec(cl)clcec(ccl)N(clecccc

206 206 3.1
1)clcceecl)C(=0)0
N#CC(=Cclccc2c(c1)C(C)(C)clc2cec(cl)cleece(s1)clecc(ccl)

207 207 4.6
N(clcccecl)cleececl)C(=0)0
N#CC(=Cclccc2c(c1)C(C)(C)clc2cec(cl)clecce(s1)clecc(sl)c

208 208 5.6
1cce(cc1)N(clecceel)cleccecl)C(=0)0

209 209 CCCCCCCCclcc(sclclsc(c(c1)ccccceet)eleec(cel)N(cleccee 5.4
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c1)clcceecl)cleec2c(c1)C(C)(C)clc2cec(cl)C=C(C(=0)O)C#
N
N#CC(=Cclccc2c(c1)C(C)(C)clc2cec(cl)clsc(c2c10CCO02)cl

210 210 5.8
ccc(ccl)N(clcececl)cleceecl)C(=0)0
N#CC(=Cclccc(s1)cleec(s1)clsc(c2c10CCO2)clcec(ccl)N(c

211 211 4.4
1cccecl)clceccecl)C(=0)0
N#CC(=Cclccc2c(c1)C(C)(C)clc2cec(cl)cleec(s1)clsc(c2c10

212 212 4.9
CCO2)clccc(ccl)N(clceeecl)cleccecl)C(=0)0
N#C/C(=C\clccc(s1)cleec(ced)N(cleec(ccl)clecesl)clecc(c

213 213 4.9
c1)clceesl)/C(=0)O
N#C/C(=C/clcec(s1)clcec(cec1)N(cleec(cecl)clece(s1)/C=C(/

214 214 6.1
C(=0)O)\C#N)clcce(cel)cleeesl)/C(=0)O
N#C/C(=C/clcec(s1)clcec(cc1)N(cleec(ccl)clecc(s1)/C=C(/

215 215 C(=0)O)\C#N)clcce(cel)clecc(s1)/C=C(/C(=0)O)\C#N)/C(= 6.3
0)o
CCCCCCclnc(sclclcee(ccl)N(clcec(cel)/C=C(/C(=0)O)\C#N
)Jelcee(cel)/C=C(/C(=0)O)\C#N)clnc(c(s1)clcec(ccl)N(clce

216 216 4.9
c(cc1)/C=C(/C(=0)O)\C#N)clccc(cecl)/C=C(/C(=0)O)\C#N)C
CCcccC
CCCCCCOciccc(eccl)clcec(s1)cleec(ccl)N(clcece(cecl)clecc(c

217 217 2c1nsn2)clcec(s1)/C=C\1/SC(=S)C(C1=0)CC(=0)0)clccc(cc 2.03
1)clcec(s1)clcec(ccl)OCCCCcC
CCCCCCOciccc(ecl)clceee(s1)cleec(ccl)N(clcec(cecl)clsc(c2

218 218 c10CCO02)/C=C\1/5C(=S)N(C1=0)CC(=0)0)clccc(ccl)clcec( 2.68
s1)clcec(ccl)OCCCCCC
CCCCOclccc(c(c1)OCCCC)clcec(ccl)N(clcec(ccl)clcece(ccl

219 219 6.74
OCCCC)OCCCC)cicec(cel)clcec(s1)/C=C(/C(=0)0)\CH#N
CCCCOclcc(0CCCC)ceciclcece(cel)N(cleecc(cel)clcee(s1)/C

220 220 5.51
=C(/C(=0)O)\C#N)clccc(ccl)clcee(s1)/C=C(/C(=0)O)\C#N
CCCCCCclcc(sciclcec(ccl)N(clcec(cc1)OCCCCCC)cleec(ccl

221 221 5.9
JOCCCCCC)clcc[n+](cc1)CC(=0)O
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222 222 OC(=0)C[n+]1ccc(ccl)/C=C/clccc(ccl)N(clceeccl)clcceecl 2.6
CCCCCCclcc(sclclcec(ccl)N(clceececl)cleccecl)clec[n+](c

223 223 3.1
c1)CC(=0)0
CCCCCCclcc(sclclcec(ccl)N(clcec(cc1)OC)clcec(cc1)OC)cl

224 224 5.6
cc[n+](cc1)CC(=0)0
COclcec(cel)N(cleec(cc1)OC)clcec(cecl)/C=C/clcc[n+](ccl)

225 225 5.9
CC(=0)o
N#C/C(=C\clccc(s1)clecc2c(c1)C(CC)(CC)clc2cec(c1)N(clce

226 226 c2c¢(c1)C(CC)(CC)clc2ccecl)clecc2c(c1)C(CC)(CC)clc2ceccl 4.65
)/C(=0)0
N#C/C(=C\clcec(s1)cleece(s1)cleec2c(c1)C(CC)(CC)clc2cecec(

227 227 ¢1)N(clccec2e(c1)C(CC)(CC)clc2ceecl)clcec2c(c1)C(CC)(CC) 5.8
clc2cceel)/C(=0)0
N#C/C(=C/clcec(cc1)N(clcee(cel)/C=C(/C(=0)O)\C#N)clcc

228 228 2.86
cccl)/C(=0)0
OC(=0)CN1C(=S)S/C(=C\c2ccc(cc2)N(c2cec(cc2)/C=C\2/SC(

229 229 3.15
=S)N(C2=0)CC(=0)0)c2cccec2)/C1=0
CCCCCCCCN1C(=S)S/C(=c\2/s/c(=C/c3ccc(cec3)N(c3cec(cc3)/

230 230 C=c/3\s/c(=C\4/SC(=S)N(C4=0)CCCCCCCC)/n(c3=0)CC(=0) 4.64
0)c3ccccce3)/c(=0)n2CC(=0)0)/C1=0
CCCCCCOciccec(ccl)N(clcee(cc1)OCCCCCC)elcecc(ccl)cleec(

231 231 s1)c1n(CC(CCCC)CC)c(=0)c2c1c(=0)n(c2clccc(ccl)clecc(cc 7.67
1)C=C(C(=0)0)C#N)CC(CCCC)CC
CCCCC(Cn1c(c2cce(s2)c2cec(cc2)N(c2ccc(cc2)OCCCCCC)c2c

232 232 cc(cc2)OCCCCCC)c2c(c1=0)c(n(c2=0)CC(CCCC)CC)clccc(cc 7.6
1)clcec(o1)C=C(C(=0)O)C#N)CC
N#C/C(=C\clcecc(cclF)clsc(c2c10CCO2)clcec(cecl)N(clecce

233 233 8.22
c1)cleccecl)/C(=0)O
N#C/C(=C\clcecc(ccl)clsc(c2c10CCO2)clcec(cel)N(cleccee

234 234 7.25
1)clcccecl)/C(=0)0

235 235 N#C/C(=C\clccc(c(c1)F)clsc(c2c10CCO2)clcec(ccl)N(clecc 7
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ccl)clcceecl)/C(=0)0

CCCCCCCCCCeeCllelc(C=C(C(=0)0O)C#N)sc2clsclc2sc2cls
236 236 4.76
c(c2Cccccececccecccc)cieec(ccl)N(cleececl)cleceecl

CCCCCCCCCCeeCllelc(C=C(C(=0)0)C#N)sc2clsclc2sc2cls
237 237 c(c2Ccceeeccccccccl)edecec(s1)clecc(eccl)N(cleceecl)clc 6.15

ccccl

CCCCceeecececcilelc(sc2elsclc2sc2celsc(c2Ccccecccecc
238 238 CCCCC)clcec(s1)C=C(C(=0)0)C#N)clcce(ccl)N(cleccecl)cl 10.1

cccecl

CCCCCCCCeeeecllelce(sc2c1sclc2sc2elsc(c2CCccccececcecce
239 239 CCCCC)clcee(s1)clecc(ccl)N(clcceecl)cleceeel)cleec(s1)C 6.91
=C(C(=0)O)C#N

240 240 Oclnc2ccc(cec2ncl10)clcec(ccl)N(clcceecl)clcccecl 1.18
Oclnc2ccec(ce2ncl10)clceec(sl)clcec(ccl)N(clcececeel)cleccc

241 241 1.58
cl

CCCCC(COclcc(OCCc(cccee)cC)eecdclcec(ccl)N(cdccec(ccl)c
1ccc(cc1OCC(CCCC)CC)OCC(ccee)Cl)ciceec(ccl)clsc2e(c)
242 242 5.87
C(c1c2sc(c1)/C=C(/C(=0)0O)\C#N)(CC(CCCC)cc)ce(ceee)ca)

cc

CCCCc(cca(ce(ceee)cl)e2ec(sc2c2cdec(s2)clccc(c2cinsn2
)Jedcec(ccl)N(clcec(cel)clecc(cc10CC(CCCC)CC)OCc(ccca)
243 243 6.69
CC)clcec(cel)clecc(cc10CC(CCCC)CC)OCC(CeeC)Cl)edecc(

cc1)/C=C(/C(=0)0)\C#N)CC

CCCCc(cca(cc(ccee)cl)ec2ec(sc2c2cdec(s2)clcec(ccl)N(c1
ccc(ccl)cleec(cc1OCC(CCCC)CC)oCc(ccec)Cl)elceec(ccl)cl
244 244 55
ccc(cc10CC(CCce)cr)occ(cecec)cC)eicecc(c2cinsn2)cleec(

s1)/C=C(/C(=0)0)\C#N)CC

Test set compounds of Division 1 (compound ids) -
3,4,7,9,11,16,38,40,44,49,57,59,73,78,80,83,84,87,97,98,103,121,124,139,140,141,147,148,152,163,169,
171,173,182,186,187,203,205,206,219,221,230,239,241

Test set compounds of Division 2 (compound ids) -
3,5,7,10,16,22,24,30,33,35,36,46,51,59,65,73,81,89,95,106,109,110,116,125,126,129,145,148,152,155,17
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5,176,178,190,196,207,213,215,219,223,231

Test set compounds of Division 3 (compound ids) -
6,7,15,16,19,20,21,31,32,60,66,81,83,84,85,90,97,102,120,121,129,141,150,155,164,168,173,175,178,18
1,182,193,196,209,210,215,218,220,221,226,229,236,237,242

Compounds removed from dataset based on leverage value -
23,28,43,48,53,54,62,70,71,77,79,115,119,123,132,133,134,143,197,198,199,200,216,235,244

3.2 Study-wise specific description of methodologies utilized in each study

3.2.1 Study -1

3.2.1.1 Data collection

Study 1 deals with g-RASPR modeling of different organic dyes used in DSSCs for which
experimental PCE and descriptor values are collected from the previous literature [131]. To
demonstrate the performance of the g-RASPR approach, in comparison to the previous QSPR
models using the same level of chemical information, we have collected a total of 429
compounds distributed across 4 representative datasets, i.e. coumarins, carbazoles, indolines, and
diphenylamines. The original training and test sets were retained for the g-RASPR modeling
analysis aiming at comparing with the previously developed QSPR model by Krishna et al [131].
We used the same combination of structural and physicochemical descriptors as used in the
original analysis. The dataset in each case was prepared by combining the descriptors of five
individual models of the previous work and removing the common descriptors of these models.
The logarithmic conversion of the endpoint parameter PCE was not required as it represents the
performance of the solar cell. The datasets contain 56 coumarin dyes (42 training and 14 test
compounds), 35 diphenylamine dyes (25 training and 10 test compounds), 179 carbazole dyes
(125 training and 54 test compounds), and 159 indoline dyes (121 training and 38 test
compounds). These datasets were used as input files for the calculation of the RASPR
descriptors.
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3.2.1.2 Read-Across hyperparameter optimization

Read-across is a data-gap filling method in which information of one or more chemicals is/are
used to predict the endpoint of a target chemical. In read-across, structural similarity between a
source compound (or a training compound) and a target compound (or a test compound) is used
for the calculation of the endpoint value [118, 125, 132]. A java-based tool Read-Across-v4.1
(available from https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/home) was used

for the computation of Read-Across-based predictions. This tool utilizes 3 different similarity-
based methods, i.e., Euclidean distance (ED)-based similarity; Gaussian kernel (GK)-based
similarity and the Laplacian kernel (LK)-based similarity methods for the computation of the
predictions for the query compound(s) [118]. In compliance with the theory associated with
Machine Learning, there is a need for the optimization of the hyperparameters associated with
the three different similarity-based approaches. The Euclidean Distance-based predictions
require the optimum number of close source compounds, the Gaussian Kernel-based predictions
require the optimum value of 6 and the number of close source compounds while the Laplacian
Kernel-based predictions require the optimum value of y and the number of close source

compounds.

To select the optimum values for 6, and v, the training set is randomly divided into 5 sub-training
and sub-test sets by the sorted response-based division algorithm [133]. Read-Across-based
predictions and validation metrics were calculated using these 5 sub-training and sub-test sets for
each value of o, vy, and CTC; and the average of external validation metrics for the subtest sets of
5 divisions was taken. The selection of the optimum ¢ and y depends on where the Q2% value
(subtest set) is maximum for the GK and LK methods, respectively and then the same values of
o and y were applied for the original training and test sets at each value of close source
compounds (CTC) between 2 to 10. The CTC value which corresponds to the maximum Q?%r
value (subtest set) in the ED approach is selected. These optimized settings of the ¢, y and CTC
values were used for the computation of the RASPR descriptors. Note that the subtest sets are

derived from the training set itself and different from the actual test set.
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3.2.1.3 RASPR descriptor calculation

As defined by Todeschini and Consonni, a descriptor is “the final result of a logic and

mathematical procedure which transforms chemical information encoded within a symbolic
representation of a molecule into a useful number or the result of some standardized
experiments” [134]. In the present work, we have used different structural and physicochemical
descriptors along with RASPR descriptors to develop predictive models. Different similarity and
error-based measures obtained from the read-across-based predictions were used as RASPR
descriptors  [124]. We have used RASAR-Desc-Calc-v2.0 (available  from
https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/nome) for RASPR descriptor

calculation for both training and test sets. The calculation of the RASPR descriptors for the
training set involves the Leave-same-out (LSO) algorithm which does not take the identical
compound among the list of close source compounds. The optimized similarity-based method
and the associated optimized hyperparameters were used for the computation of the RASPR
descriptors. These RASPR descriptors were then combined with the initial structural and
physicochemical descriptors and after subsequent feature selection based on cross-validation, g-
RASPR models were generated. The optimized hyperparameter settings along with the
similarity-based approach used for the calculation of the RASPR descriptors are shown in Table
3.8.

Table 3.8. Optimized hyperparameter settings and methods used for RASPR descriptor

calculation.

Datasets Method c Y CTC
Coumarins GK 1.75 - 8
Carbazoles GK 2 - 5

Indoliness LK - 0.5 5
Diphenylamine LK - 0.5 2

GK = Gaussian Kernel, LK = Laplacian Kernel, CTC = Close Training Compound

3.2.1.4 Feature selection and PLS model development

In the present work, we have used the Best Subset Selection (BSS) method to identify the

significant descriptors or features that can influence the performance of DSSCs. Feature
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selection is important to reduce model noise and identify the significant descriptors for PCE in

order to lower the risk of overtraining or overfitting [135, 136]. Significant descriptors for the
models were identified by using the tool Best Subset Selection v2.1 (available from
https://dtclab.webs.com/software-tools) using the cross-validation statistics.

Best Subset Selection (BSS) is an algorithm that helps to identify the best descriptor
combinations by developing models using a specific number of descriptor subset of input
descriptors. This algorithm generates models using every possible combination of the
descriptors, and the best combination is selected based on different internal. The number of
descriptors in the models was selected based on the cross-validation Q% oo score, and after that,
we have developed several individual models for each data set, and the best models showing
acceptable internal and external validation statistics are reported. For the present work, we have
used the final models with 8 descriptors for coumarins, 5 descriptors for diphenylamines, 6
descriptors for indolines and 8 descriptors for carbazoles.

Partial Least Squares (PLS) is a generalized form of the multiple linear regression (MLR) that
can be applied for collinear, correlated and noisy data containing multiple X variables (or
descriptors) and one or more Y variable(s) (or endpoint(s)). The main idea behind PLS is to
derive latent variables (LVs) T (or X-scores) and U (or Y-scores) from descriptors and response
variables, respectively. These X-scores are then used to predict Y-scores which in turn are used
to calculate the response [133]. Here, we have used PLS_SingleY 1.0 14May2020 tool

(available from https://dtclab.webs.com/software-tools) for the development of PLS models of

selected descriptors. We have also compared the derived PLS models with other machine-

learning models obtained using the same feature combinations.

For the purpose of interpretation and explanation of individual descriptors, different PLS plots
were developed using SIMCA-P v10.0 software (https://www.sartorius.com/). We have

developed the score plots (individual compounds are defined in the LV space and show their
distribution and similarity among compounds), the loading plots (loading of all descriptors
among the plotted first two LVs, and distance from the origin denote the importance of these
descriptors), the Y-randomization plot (plot developed by plotting R? and Q? value of random

model (Y axis) vs. correlation coefficient between observed PCE and permuted PCE), scatter
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plots (plots of predicted PCE (Y axis) vs observed PCE (X axis)) and the variable importance

plots (in the form of bubble plot).

3.2.1.5 Machine-Learning (ML) models

Machine learning (ML) is a part of artificial intelligence which enables machines to learn from
its past data and improve performance based on past experience for the future aspect [137]. In
ML, machines are trained with a large amount of data and a suitable algorithm to accomplish a
job. This trained algorithm is then applied to a query data set for reliable and accurate
predictions. ML can be classified into 3 main groups: supervised (the labeled data is used to train
the machine), unsupervised (the training data is not labeled) and reinforcement (feedback-based
method, where the learning agents get a reward or penalty based on its action) [138, 139]. In the
present study, we have performed regression analysis using different supervised learning
methods namely ridge regression (RR), and linear support vector machine (LSVM), support
vector machine (SVM), random forest (RF), gradient boosting (GB), and extreme gradient boost
or XGBoost (XGB). Some details of these methods are discussed below.

a) Ridge regression: It is a popular method, which is used to address the multicollinearity
problem of MLR models without removing any independent variables. In this method, a
small amount of bias (penalty) is added to get better predictions. It is an important
regularization technique that helps to reduce the complexity of a model, and it is known
as Tikhonov regularization. The generalized equation of ridge regression is: L(x,y) =
Min(X™,(y; — wix))? + A2, (w;))?) where w; is weightage of individual feature and
A is penalty term [140, 141].

b) Linear Support Vector Machine (LSVM): LSVM is a form of SVM algorithm, where the
data domain can be classified linearly without any kind of transformation. The main steps
in LSVM are mapping of data domain into response data, and then division of the data
domain. The generalized equation for LSVM is: 9§ = wTX + b [142].

C) Support Vector Machine (SVM): It is a classification machine-learning algorithm, but it
can also be used for regression problems, as known as Support Vector Regression (SVR).
The main idea behind SVM is to draw a decision boundary between observations to

perform its predictions. For nonlinear SVM, we have to transform the data into a feature
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d)

f)

space (using a kernel function) before mapping with the response, and the generalized
equation for SVM (non-linear) is represented as follows: § = w’¢(X) + b, where 9 is
predictions, w is the vector of weights, X is a vector of input features, ¢ is a kernel
function and b is bias. This decision boundary is known as a plane for a three-
dimensional space and known as a hyperplane for higher order space where a large
number of features are present. The SVM method considers both margins which are
formed by the area between the decision boundary and the closest training compound and
the hyperplane for predictions. The margin is represented by the following equation:

margin = ﬁ SVM tries to maximize the distance between the two closest training

compounds on either side of decision boundary [143].

Random forest (RF): The RF algorithm builds multiple decision tree models and
combines their outcome for more accurate and stable prediction. This method helps to
overcome overfitting problem of a decision tree models. The RF algorithm is based on an
ensemble learning method known as Bagging (bootstrap aggregating) which is a
resampling technique applied to a dataset. In bootstrapping, observations are selected by
random sampling with replacement, and random feature subsets are selected. In bagging,
a large number of datasets are created by bootstrapping the original dataset, multiple
decision tree models are formed using these datasets, and finally average of predictions
are taken [143].

Gradient boosting (GB): Boosting is also an ensemble method that helps to form a strong
learner by combining many weak learners. It is also a tree-based method in which
decision trees are generated sequentially, and every tree tries to correct its predecessor.
Gradient boosting (GB) is one of the boosting methods in which it tries to fit the current
predictor with residual error made by the previous predictor [144].

XGBoost: It stands for Extreme Gradient Boosting and was first implemented by the
researchers of the University of Washington. This method was built based on the same
algorithm of GB, but the main drawback of GB is that it searches for minimizing the loss
function across all possible splits to create a new branch of a decision tree. Thus, GB
method becomes time-consuming when thousands of features are present because there
are thousands of possibilities to split the node of a decision tree. XGBoost handles these
drawbacks by taking information of feature distribution across all data points in a single
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leaf node and by this way it reduces the search space. This method cannot generate

multiple decision trees in parallel but can generate multiple branches of a decision tree in

parallel [144].
All the above-mentioned machine-learning models were developed using Anaconda Navigator
software (version 2022.05) in Jupyter Notebook IDE (version 6.4.8) [145] with python 3.10.4
64-bit. Different python-based modules were used such as numpy (version 1.23.5), pandas
(version 1.5.2), Scikit-learn (version 1.2.0), matplotlib (version 3.5.1) and xgboost (version
1.7.1) for model development. For all the machine-learning models, we have used the same
inputs as used for the PLS model development and optimized all the hyper-parameters by the
cross-validation method using GridSearchCV function of Scikit-learn. For ML modeling, we
standardized the descriptors and endpoints values based on the training set mean and standard
deviation which were then used as the input.
In this work, we developed machine learning models using moderate-sized data to train the
model and a sufficient number of compounds for the validation of the models. Here, we optimize
the hyper-parameters using the GridSearchCV method which is basically a cross-validation
method in which the training set is divided into five-folds, and four folds are used to build the
models each time when the remaining fold is used to validate the model. After building machine
learning models, we calculate various cross-validation metrics to check that the models are not
overfitted. The hyperparameter setting is chosen based on the best cross-validation statistics from
the five-fold CV data. Again, a small difference between Mean Absolute Error (MAE) values for

the training and test sets also indicates that the generated models are not overfitted.

3.2.1.6 Statistical Quality and Validation Metrics

Validation of a model is important to justify the model quality and to determine its further
application [133]. There are different statistical metrics available to check the model quality,
goodness-of-fit, robustness, reliability and predictivity. The model quality is checked by the
determination coefficient (R?) and the explained variance (R(Zadj)). The model quality is
increased when its value become closer to 1. Model validation metrics can be classified into two
groups — the internal validation metrics and the external validation metrics. Internal validation is
performed only on the training set to check the goodness-of-fit and robustness of the model

while the predictivity of a model is checked by an external validation performed on the test set.
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The robustness and goodness-of-fit of a model are checked by the internal validation metrics

Q?Loo (Leave-one-out correlation coefficient) performed on the training set. The original dataset
is divided into a training set and a test set; the test set is used to check the predictivity of a model
by calculating external validation metrics like Q%1, Q%2 and MAEws [133]. The validation

metrics which demonstrated the quality of our PLS and ML models are shown in Egs. 3.1-3.5.

RZ — 1 _ Z(Yobs(train)_Ycal(train))2 (3 1)
Z(Yc)bs(train)_171.“7”ain)2 '
2
2 — 1 _ Z(Yobs(train)_Ycal(train)) 3 2
Q Loo Z(Yobs(train)_ytrain)z ( )
2 =1 z:(Yobs(test)_Ycal(test))2 3.3
Qg =1~ (3.3)

Z(Yobs(test) _Ytrain) z

QZ =1- z:(Yobs(test)_Ycal(test))2 (3 4)
Fz z:(Yobs(test)_Ytest)2

Zlyobs(test)_ Ycal(test)l
MAE, o = (3.5)

Ntest
Here, Yops(trainy = Observed response value of training set, Yeq(train) = Calculated response
value of training set, Y;,4;, = mean observe response value of the training set, Yobs(test) =
observed response value of the test set, Y,.q; sy = Calculated response value of the test set, Yiost
= mean observed response value of the test set, n..s; = the number of observations in the test set.

A model is considered to be well predictive if the values of Qr,% and Qp,* cross the threshold

limit of 0.5 and MAEs attains a minimum value [133].

3.2.1.7 SHAP (SHapley Additive exPlanation) analysis

The SHAP analysis is performed to identify the global and local contributions of each feature or
descriptor for the predictions. By using SHAP, we can determine the feature’s contribution in
case of complex machine-learning models. SHAP uses the Shapley values to determine feature

contribution, the concept coming from the fair distribution in a cooperative game based on the
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player’s importance [146]. The Shapley values determine the contributions of different features
(by the magnitude of the Shapley values) and direction (sign). The positive sign indicates a
positive contribution to the predictions and the negative sign indicates a negative contribution to
the predictions. The Shapley value for each feature is calculated using the following formula:

ISI'(F|—1SI= D!
IF|!

i = Xscr\(i)

feature, fougiy(Xsugiy) is the model output for a subset of features including a particular feature,

[fsuy (xsugy) — fs(xs)] where ¢; is the Shapley value for each

fs(xs) is the model output for the subset of features without that feature, F is the number of input
features and S is the number of features in a subset [146, 147, 148].

The complete workflow for the current work is shown in the Figure 3.1.

Optimization of Hyperparameters (a, y and
CTC} and Method Selection
i - Sub-training ‘ (E,a
i <fun ’ LK SWiXYi
4 5 Fol = AND
i " Disision LWi a
i "ol Subefest Validation
! — metrics
P — Merge with original Q
gj\/l Training RASPR ) vl )) ) |—
T Tramlng descriptors | descriptors el
COUMARINS Feature Mo
X selection Development
..%\ \ (PLS and ML)
©//\Q\u" ~
CARBAZOLES ))
C@ //v Data Set | *
" e Test set W Merge with original
INDOLINES TdeStR-AtSPR ) chemical |M —
% ENCINPIOTS deseriptors oo
! —_—
@ D L v ! Validation
DIPHENYLAMINES RASPR descriptor a;[culatian using tool
RASAR descriptor calculator V2.0 based
on sante optimized setting

RASPR = Read-across structure-property relationships, PLS = Partial least squares, ML = Machine learning, CTC = Close training compound, ED = Euclidean
distance, GK = Gaussian kernel, LK = Laplacian kernel, WAP = Weighted average predictions

Figure 3.1: Schematic representation of complete work for g-RASPR and ML model
development
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3.2.2 Study 2

3.2.2.1 Data Collection

The experimental PCE values for the organic dyes were collected from the work of Krishna et
al., [131]. In this study, we have used three relatively large datasets namely phenothiazines,
porphyrins, and triphenylamines for modeling. These three data sets consist of 215 phenothiazine
dyes (PCE range: 8.18 to 0.12), 300 porphyrin dyes (PCE range: 12.5 to 0.0013), and 244
triphenylamine dyes (PCE range: 10.1 to 0.053). The logarithmic transformation of PCE was not
performed because it just represents the performance of solar cells. The SMILES of each
compound were converted to 2D chemical structure (.mol file format) using Marvin Sketch

software (https://chemaxon.com/marvin) and each molecule is named using the java-based tool

Assign Molecule Names In MOL Files (available from https://dtclab.webs.com/software-tools).

After that, a single .sdf file is generated from the .mol files by using OpenBabelGUI software
(https://openbabel.org/wiki/Category:Installation) for all three datasets. The compounds present

in the salt form were manually curated by removing the salt portion from the molecular structure.

3.2.2.2 Descriptor Calculation

The descriptor is defined as “The molecular descriptor is the ultimate result of a logical and
mathematical operation which transfigures the chemical information encrypted within a
symbolic representation of a molecule into the result of some regularized (standardized)
experiments” [149]. The .sdf file was used for the calculation of 2D structural and
physicochemical descriptors by using alvaDesc software [150]. The descriptors calculated using
the alvaDesc software belong to the classes of constitutional, functional group count, 2D atom
pairs, atom-centered fragments, atom type E-states, ring descriptors, connectivity index,
molecular properties, and ETA indices. The columns with constant and near-constant values in
the calculated descriptor matrix were removed using the alvaDesc software. In this work, we
have only used 2D descriptors to avoid the conformational complexity of a molecule and for

easy interpretation and identification of structural fragments and physicochemical properties.
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3.2.2.3 Data Curation

The calculated descriptor matrix (along with the response values) was used for principal

component analysis (PCA), [151] and the calculated principal components along with the PCE
values were used for the leverage calculation. The leverage value of a chemical substance is
calculated based on the HAT matrix by using the following equation: H = (XT(XTX)"1X)
where X represents the descriptor matrix and H represents a square matrix which orthogonally

projects vectors into the space spanned by the column of X. The leverage threshold value (h*) to

define the applicability domain (AD) is calculated by the formula h* = @where p is the

number of features and n represents the number of observations [133,152]. The compounds
which have a leverage value higher than h* are defined as out-of-AD compounds. Normally,
only the final model descriptors are used for leverage calculation. However, we have used here
the response values also to understand the outlier behavior of the compounds with respect to both
structural and response similarity. In this present work, we have calculated the leverage values
using a java based tool Hi_Calculator-v2.0 (available from

https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/home). Compounds with high

leverage value were removed from each dataset (approximately 10 percent) before modeling,
which were later used as an external validation set for prediction after model development.

3.2.2.4 Data Pre-treatment and dataset division

The whole descriptor matrix in a dataset contains noise which can affect the performance of the
model since many of the descriptors are incomplete, possess missing values and are highly inter-
correlated. Thus, it is necessary to filter this noisy data before modeling. To reduce the noise in
the data, the features with missing value, features with a constant value (variance <0.0001), or
inter-correlated (Jr| >0.95) features were removed from the descriptor matrix. This process of
removal of noisy values is known as data pre-treatment. The datasets, which were generated after
the removal of the high-leverage compounds, were pre-treated using a Java-based in-house tool

DataPreTreatmentGUI 1.2 (available from https://dtclab.webs.com/software-tools). These pre-

treated datasets were divided into training and test set in a 3:1 ratio, where the training set was
used for the model development and the test set was used for model validation purpose. Here, we

have randomly divided our datasets into 3 different combinations and the divided training and
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test sets were further pre-treated by using the tool dataPreTreatmentTrainTest1.0 (available from

https://dtclab.webs.com/software-tools). This final pre-treated training and test sets were used for

further analysis. The training and test sets composition for respective datasets is shown in Figure
3.2.

30 compound removed hased on )
leverage value
Division 1: Train (216) + Test(54)
Division 2: Train (216) + Test(54)
Division 3:Train (216) + Testf54)

22 compound removed based on
leverage value
Division I: Train (134) + Test(39)
Division 2:Train (154) + Test(39)
Division 3:Train (153) + Test(38)

J

25 compound removed based on
leverage value
Division I: Train (175) + Test(44)
Division 2:Train (178) + Test(41)
Division 3:Train (175) + Test(44)

Figure 3.2: The composition of training and test sets for respective datasets

3.2.2.5 Feature selection

In order to employ only the descriptors that are most significant to the model and decrease the
noise coming from the descriptors, it is crucial to carefully choose the features [135, 136].
Feature selection reduces the higher dimensional feature space to lower dimensional space by
eliminating the noisy and insignificant descriptors, which helps in better interpretability of the
model [153]. In the present work, the reduction of the initial feature pool was carried out by
genetic algorithm (GA), [154] by using a java based in house tool GeneticAlgorithm v4.1
(available from https://dtclab.webs.com/software-tools). The GA method of feature selection

consists of two steps where in the first step it produces a population of N descriptors and
calculates the fitness score of each descriptor combination in the first generation. Based on a
scaled fitness score, the following phase produces a portion of the features of the next generation
by crossing over (crossover children) and the remainder through mutation (mutation children)

from the parents. In the new generation, the offspring contains information about their parents.
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This process of crossover and mutation is continued until all member of the N population is

replaced by their children. The fitness score of new members is again calculated in the next
generation, and this cycle is repeated until 80% of the generations have the same fitness score
[133]. Here, we have used only the training set of all three divisions independently for the

selection of the feature.

Then the reduced pool of features obtained from GA is subjected to the best subset selection
method to find out the best possible combination of descriptors for modeling. In the best subset
feature selection method, a subset of the input feature pool is selected, and a model is developed
with these selected features. This process of feature selection and model development is
continued for all possible combinations. In this work, we have used a java-based tool “Best

Subset Selection (BSS) v2.1” (available from http://dtclab.webs.com/software-tools) to find out

the best subset of descriptors or features for modeling. Here, we have developed several different
multiple linear regression (MLR) models with different feature combinations and the best feature
combination is selected based on the model quality. In this present work, we have developed all

models with 10 descriptors for all the respective datasets and divisions.

3.2.2.6 QSPR model development

The selected descriptors along with the response data were standardized with respect to the
training set mean and standard deviation. A partial least squares (PLS) model was developed
from the selected descriptors by using the PLS SingleY_1.0 tool (available from
http://dtclab.webs.com/software-tools). PLS is a generalized form of multiple linear regression

(MLR) technique, used when there is inter-correlation and multi-collinearity between descriptors
is present [155]. This descriptor combination is used for further analysis through machine
learning modeling. In this study, we have developed machine learning models like random forest
(RF), adaboost (ADB), gradient boost (GB), extreme gradient boost (XGB), support vector
machine (SVM), linear support vector machine (LSVM), and ridge regression (RR) [143]. For
the development of all ML models, we have used an in-house tool RSL v2.1 (available from

https://sites.qooqgle.com/jadavpuruniversity.in/dtc-lab-software/home/machine-learning-model-

development-guis) which builds regression-based ML models. In this work, all ML models were

developed using the default settings of the associated hyper-parameter.
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The internal and external validation metrics of the developed models were checked to determine

their robustness, quality, and predictivity. The internal validation metrics like the determination
coefficient (R?), mean absolute error of the training set (MAEtaining), and root mean square error
of calibration (RMSEC) are calculated on the training set. To check the predictivity of the
models we have calculated the metrics like the predictive R? (Q%r1), Q%r2, Q%s, mean absolute
error of test set (MAEtest) and root mean square error of prediction (RMSEP), using the test set.
We have also calculated the different cross-validation metrics like leave-one-out cross-validated
R? (Q%Loo), leave-one-out mean absolute error (MAELoo), and leave-one-out mean squared error
(MSELoo), using training sets to see whether the generated models are overfitted or not [133].

The mathematical formula for all these metrics is shown in equations no. 3.1 to 3.11.

MAEt'raining — Zlyobs(training) _Ycal(training)l (36)
Ntraining

RMSEC — \/Z(Yobs(training) _Ycal(training))2 (37)

Ntraining

MAELOO — Zlyobs(training)_yloo predicted(training)l (38)

Ntraining

MSELOO _ Z(Yobs(training) —Yi00 predici:ed(1.“1”¢1L'nin‘g))2 (39)

Ntraining

Q%‘g =1 [Z(Yobs(test)_Ypred(test))z]/ntest (310)

- _ 2
[Z(Yobs(training) _Ytraining) ]/ntraining

RMSEP — \/Z(Yobs(test) _Ypred(test))2 (3 ll)

Ntest

Here, Yops(trainining) 1S the observed response value of the training set, Y.qi(training) IS the
calculated response value of the training set, thim-ng is the mean observed response value of the
training set, Yoo predicted(training) 1S the leave one out predicted response value of the training
Set, Nyraining 1S the number of observation in the training set, Y, zest) IS the observed response
value of the test set, Yyreq(rest) IS the predicted response value of the test set, Yiest IS the mean

observed response value of the test set, n;.s; IS the number of observation in the test set.
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The developed models were then used for the prediction of compounds that were removed from

the datasets based on the leverage values. These removed compounds are analyzed by each ML

model and the error of prediction in terms of MAE and RMSEP is calculated.

3.2.2.7 RASPR descriptor calculation and g-RASPR model development

RASPR descriptors are different similarity and error measures obtained from the similarity-based
read-across predictions [124]. The final pooled structural and physicochemical descriptors were
used to calculate the RASPR descriptors for both training and test sets. The RASPR descriptors
were calculated using a java-based tool RASAR-Desc-Calc-v2.0 (available from

https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/home). For the RASPR descriptor

calculation of the training set, the training set itself is used as the query set (training vs training)
but for the computation of the test set RASPR descriptors, the test set is used as the query set
(training vs test). The calculation of the RASPR descriptors for the training set is based on the
Leave-same-out (LSO) method where identical compounds are not considered among the list of
close source compounds. In the present work, we have calculated the RASPR descriptor for both
training and test sets at the default settings of the associated hyper-parameters (6=1, y=1, number
of close training compounds (CTC)=10). There are three similarity-based functions provided by
this tool for the calculation of the RASPR descriptor, but we have used only two methods for
RASPR descriptor calculation i.e., the Gaussian Kernel (GK)-based similarity and the Laplacian
Kernel (LK)-based similarity functions. These calculated RASPR descriptors are then merged
with initial physicochemical and structural descriptors to build the g-RASPR model after
subsequent feature selection. Here, we develop models with both GK and LK methods and
among them; only the best model is selected based on the predictive performance of the
developed models.

The final dataset of RASPR descriptors merged with the structural and physicochemical
descriptors was made to undergo feature selection by the best subset selection method using the

“Best Subset Selection (BSS) v2.1” tool (available from http://dtclab.webs.com/software-tools).

From the results of the best subset selection, we have selected four feature combinations based
on the internal validation metrics like R?, Q?Loo, and MAEtrining. These four feature combination

were used for the development of PLS models using the PLS_SingleY 1.0 tool (available from
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http://dtclab.webs.com/software-tools). Among the four models, the best model was reported

based on the productive quality of the model toward the test set. This descriptor combination was
also used for the development of ML models like RF, ADB, GB, XGB, SVM, LSVM, and RR
by using the tool RSL v2.1, as stated above. For all the developed models we have calculated the
same set of internal (R?, MAEtaining, RMSEC), external (Q%1, Q?%k2, Q%s, MAEtst, RMSEP), and
cross-validation (Q?.oo, MAELoo, MSELoo) metrics to check the models’ quality, robustness,

predictivity and whether the models were overfitted or not.

The developed g-RASPR models were also used for the prediction of compounds initially
removed from the datasets based on the leverage values. The RASPR descriptors of these
compounds were calculated by taking the training set of developed models and considering these
removed compounds as a query set. These RASPR descriptors were also calculated at the default
hyper-parameter setting that is ¢ = 1, y = 1, CTC = 10. Here, we have also calculated the
prediction error in terms of MAE and RMSEP for comparison with QSPR models, and to show

that the RASPR method enhances the predictive performance.

3.2.2.8 PLS plots [155, 156]
Different types of PLS plots were generated for g-RASPR PLS models using Simca-P v10.0,

available from https://www.sartorius.com/. The Score Plot shows the compounds in latent

variable (LV) space, where the axis of this plot is formed by the first two LVs. The compounds
which are located in the ellipse of the plot and present closer to each other are considered
“similar compounds” but if compounds are lying outside of the ellipse, they are called “outliers”.
The DModX approach is used to check the applicability domain of the models. The Loading
plot represents the relationship between the dependent variable (Y) and the independent variable
(X) of the models. The Bubble plot represents the importance of the descriptors to the response
in the form of a bubble size, where the x-axis represents descriptors, and the y-axis of the plot
represent the standardized regression coefficient value. The importance of the descriptors is also
represented by their location along x axis, and colour difference of the bubbles represent the
direction of contribution (i.e., positive contribution is represented by green colour and negative
contribution is represented by red colour). A y-Randomization plot tests whether the developed

models are obtained by chance or not. To study the deviation of the predicted PCE value from
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the observed PCE value, we developed a Scatter Plot by plotting the predicted PCE value along

the y-axis and the observed PCE along the x-axis.

3.2.2.9 SHAP plots

Shapley additive explanations (SHAP) is a game theoretic approach used to explain the feature
importance toward the predictions made by an ML model [146]. The SHAP method was
developed based on two main principles Shapley value [157] and linear LIME (Local
Interpretable Model-agonistic Explanations) [158]. The Shapley value is a mean marginal
contribution of a feature for a particular prediction and LIME is used to develop a model which
tries to approximate the main machine learning model locally. The Shapley value not only
determines the contribution of a feature (magnitude) but also indicates the direction (negative or
positive). By using the SHAP method we can find out the importance of a feature globally
(overall importance of a feature) and locally (importance of a feature for a particular prediction)
but in this study, we have used SHAP only to explain the global importance of the feature [147,
148]. Here we have used a python-based module SHAP (version 0.41.0) to find out feature
importance toward predictions in the form of a summary plot. In the summary plot, the features
are arranged along the vertical axis according to the feature importance in descending order and
the horizontal axis indicates the SHAP value distribution. In this plot, each data point is
represented by a dot which is colored based on its feature value and helps to determine the
direction of feature contribution (i.e., the high value of the feature increase SHAP value or not).

The complete working process of this present study is shown in Figure 3.3.
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4. RESULT AND DISCUSSION

4.1 Study 1: Machine learning - based g-RASPR modeling of power conversion efficiency
of organic dyes in dye-sensitized solar cells

In this study, we initially developed PLS models for each of the considered data sets and then
compared the quality of these models to ML-derived model predictions.

4.1.1 Partial Least Squares (PLS) models and interpretation of modeled descriptors

Most significant and statistically robust PLS models for different categories of dyes along with
their quality in terms of different internal and external validation metrics are shown in Table 4.1.
These models were developed with 8, 8, 6 and 5 descriptors for coumarins, carbazoles, indolines
and diphenylamines, respectively, and all these models consist of both RASPR and 2D structural
descriptors. The models were developed using 7, 3, 3 and 3 latent variables (LVs), respectively
based on the leave-one-out Q? values. All the developed models satisfy the threshold limit
required to become robust, reliable and good predictivity [159].

Table 4.1: Developed g-RASPR PLS models for different type of organic dye used in DSSCs.

Training set ]
_ Test set metrics
metrics
Types of
i PLS Models B
organic dye y % K- & S
b o |vs8
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Coumarins
(LV=7)

PCE = —1.71195
+ 0.60957
X SD Activity(GK)
+ 0.94835
X MaxPos(GK)
— 0.75671 x nRCN
+ 1.07215
X nThiophenes
— 1.01363 x nRC
— + 1.18272 X nR
= Ct
—0.12347 x T(S..S)
+ 0.76919 x C— 040

0.75

0.63

0.72 | 0.70 | 0.75

Carbazoles
(LV=23)

PCE = —0.23418
+ 1.26064
x Avg. Sim(GK)
— 1.51529
x FO6[N — N]
+ 0.92434 X nR10
+ 0.19841
x FO4[C — N]
+ 2.12686
x BO4[N — O]
—0.4133 X N%
+ 2.35133
x FO6[N — O]
+ 1.42348 x B02[C
—S]

0.71

0.66

0.77 |0.76 | 0.61
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Indolines PCE = 1.52408

(LV =3) + 0.88535

x RA function(LK)
—0.89273

x CVsim(LK)
—0.92139

0.63| 059 | 0.81 |0.81| 0.55
X Neg. Avg. Sim

+ 0.01956 x F04[C
—N]

+ 0.70912 x B09[O
— 5]

—0.05307 x nCconj

Diphenylamines | PCE = 1.28039

(LV = 3) + 0.8856
x RA function(LK)
+ 1.53133
x SD similarity (LK)
0.83 | 0.73 | 0.90 | 0.90 | 0.62
— 0.14367
x FO1[C — N]
—0.15417 x StsC
+ 0.35804 x FO4[N

— 8]

LV = Latent variable

The importance of the features toward the PCE is represented in the form of the bubble plot
(Figure 4.1), in which variable importance scores and coefficient scores are calculated by using

SIMCA-P v10.0 software (https://www.sartorius.com/). The importance of these descriptors is

represented by the diameter of the bubbles and their relative position along the y-axis whereas

color difference denotes positive and negative contribution.
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Figure 4.1: Bubble plot showing regression coefficients for individual descriptors in the
PLS model (size of the bubble shows variable importance score)

Modelling of PCE of coumarin dyes

The most significant descriptors in the form of a mathematical equation are shown in Table 4.1
and the contribution of these descriptors towards PCE in the form of a bubble plot in Figure
4.1a. The mechanistic interpretation of these descriptors is discussed below:

MaxPos (GK) is a RASPR descriptor that represents the similarity value to the nearest positive
close source compound based on training set mean, obtained by Gaussian kernel similarity-based
method [124]. From the bubble plot, it was found that this descriptor has the highest contribution
to the PCE, as shown in Figure 4.1a. MaxPos(GK) shows a positive contribution as reflected in
following example: 19 (MaxPos(GK) = 1, PCE = 7.4), 20 (MaxPos(GK) = 1, PCE = 6.4) and
vice versa for the dyes 56 (MaxPos(GK) = 0.014, PCE = 0.99), 22(MaxPos(GK) = 0.004, PCE =
0.33).
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The Functional group count descriptor nThiophene denoting the number of thiophene rings in the
coumarin dyes contributes positively to the PCE. Therefore, presence of such functional group in
the dye increases the performance of DSSCs as represented by the following examples: 19
(nThiophene = 2, PCE = 7.4), 32 (nThiophene = 2, PCE = 6.5). The PCE value may reduce for
the compounds where no such functional group is present as shown in the following examples:
56 (nThiophene = 0, PCE = 0.99), 17 (nThiophene = 0, PCE = 0.9). Thiophene groups are the
part of the m-spacer which not only improves light absorption and dipole moment but also
decreases the dihedral angle between donor/acceptor and n-spacer plane for better orbital overlap
which in turn improve electron injection to TiO2 [160].

Two other functional group count descriptors nR=Ct (number of an aliphatic tertiary carbon
atom with the ‘sp2’ hybridization) and nR#C- (number of a non-terminal carbon atom with the
‘sp’ hybridization) have positive and negative contributions to the PCE, respectively. The
presence of aliphatic tertiary ‘sp2’ hybridized C atom and the absence of non-terminal ‘sp’
hybridized C atom frequency of ‘s’ is responsible for the enhancement of absorption [161]. The
contribution of the descriptor nR=Ct is represented by the following examples: 35 (nR=Ct = 4,
PCE =6.2), 32 (nR=Ct =3, PCE = 6.5 17 (nR=Ct = 0, PCE = 0.9), 22 (nR=Ct = 0, PCE = 0.33);
and the following examples represent the contribution of nR#C- 44 (nR#C- = 2, PCE = 1.35), 56
(NR#C- =2, PCE = 0.99) 19 (nR#C- =0, PCE = 7.4), 32 (nR#C- = 0, PCE = 6.5).

nNRCN is a functional group count descriptor denoting the number of aliphatic nitriles in the dye
which contributes negatively to the PCE of coumarin dyes. Therefore, with the increasing
number of nitrile groups, the performance of DSSCs is reduced as indicated by the following
examples: 44 (nRCN = 1, PCE = 1.35), 56 (nRCN = 1, PCE = 0.99) and vice versa for the dyes
10 (NRCN = 0, PCE = 3.7), 54 (nRCN = 0, PCE = 3.5) where no nitrile group is present.
Anchoring groups are a part of the dye which involves adsorption on TiO: surface that
determines electron injection ability and optoelectrical property of the dye. Nitrile groups are
generally a part of this anchoring group which may increase adsorption stability when CN group
itself is involved in the binding. On the other hand, nitrile groups may reduce the photovoltaic
property when it is not involved in binding [162].

T(S..S) is a 2D atom pair descriptor that indicates the sum of the topological distance between
two sulfur atoms where they are part of two thiophene rings. The negative contribution of this

descriptor signifies that with the increasing distance between sulfur atoms, the performance of
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the DSSCs may decrease as represented by the following examples: 22 (T(S..S) = 31, PCE =
0.33), 3(T(S..S) =28, PCE =1.77), 44 (T(S..S) = 21, PCE = 1.35) and vice versa for the dyes 19
(T(S..S) =3,PCE =17.4), 32 (T(S..S) = 3, PCE = 6.5), 29 (T(S..S) = 3, PCE = 6.07). The possible
reason for this may be due to the disruption of the planar structure of the n-spacer and increase of
dihedral angle between adjacent donor/acceptor and m-spacer. Another reason is that a hole is
created in the m-spacer after injection of an electron to the TiOo; this hole is transferred to the
donor part and prevents charge recombination. Therefore, with the increasing length of n-spacer,
the possibility of this hole transfer is reduced, and this may cause back transfer of electron and
reduce DSSCs performances [160].

C-040 is an atom-centered fragments descriptor that represents fragments like R—C(=X)-X/R—
C#X/X = C = X (R: any group linked through carbon; X: any electronegative atom like N, S, P,
O, halogen; #: triple bond) in the dye which contributes positively to the PCE. The positive
contribution of this descriptor signifies that the presence of such fragments in the dye may
increase the performance of the dye as shown in the following examples: 19 (C-040 = 3, PCE =
7.4), 20 (C-040 = 3, PCE = 6.4), 35 (C-040 = 3, PCE = 6.2) and vice versa for the dyes 24 (C-
040 = 2, PCE = 1.04), 17 (C-040 = 2, PCE = 0.9). These fragments are generally parts of the
anchoring group containing carboxylic acid or cyanoacrylic acid as a binder which increases the

stability of adsorption on TiO> surface and helps in efficient electron transfer [162].

SD Activity (GK) is a RASPR descriptor that denotes the weighted standard deviation of the
response value of the selected close source compound for each query compound. The positive
contribution of this descriptor signifies that with an increasing numerical value of this descriptor
PCE of DSSCs may increase [124]. The positive contribution is represented by the following
examples: 29 (SD Activity (GK) = 1.53777, PCE = 6.07), 36 (SD Activity (GK) = 1.40648, PCE =
5.5), 7 (SD Activity (GK) = 1.04559, PCE = 1.1), 17 (SD Activity (GK) = 0.9868, PCE = 0.9).

The mechanistic interpretation of the 2D structural descriptor of the g-RASPR PLS model for the

coumarin dyes is schematically represented in Figure 4.2.
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Figure 4.2: Mechanistic interpretation of 2D structural descriptors of g-RASPR PLS model
for the coumarin dataset

Modeling of PCE of Carbazoles

The PLS g-RASPR model related to the carbazole dyes consisting of 8 descriptors has been
shown in Table 4.1, and the contribution of the descriptors in the form of a bubble plot is shown
in Figure 4.1b. The mechanistic interpretation of these descriptors and their influence on PCE is
discussed below:

The 2D atom pair descriptor BO4[N-O] indicates the presence or absence of nitrogen and oxygen
atoms at the topological distance 4, and this descriptor contributes positively to the PCE. This
fragment is part of an anchoring group cyanoacrylic acid. Cyanoacrylic acid is one of the most
common anchoring groups for metal oxide (TiO2) surfaces because of its dual character of a
strong adsorber and a good acceptor. Its strong binding with TiO2 provides stability to the
adsorbed dyes which in turn helps in the efficient transfer of an electron to TiO.. This
cyanoacrylic acid also has a strong electron-withdrawing ability which helps in intramolecular
charge transfer from donor to metal oxide [163]. Therefore, when such fragments are present in

the dye, the performance of DSSCs will increase as represented by the following examples: 132
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(BO4[N-O] =1, PCE= 12.5), 133 (B04[N-O] =1, PCE = 9.32), 101 (B04[N-O] =1, PCE = 8.09)
and vice versa for the dyes 160 (B0O4[N-O] =0, PCE = 0.34), 157 B04[N-O] =0, (PCE = 0.31),
159 (BO4[N-QO] =0, PCE = 0.21).

B02[C-S] is a 2D atom pair descriptor that indicates the presence or absence of carbon and sulfur
at the topological distance 2. The positive contribution of this descriptor indicates that the
presence of such fragment increases the performance of DSSCs. This fragment is a part of the
thiophene group that acts as a m-spacer present between donor and acceptor moiety. This
electron-rich m-spacer is responsible for the enhancement absorption of photons which in turn
increases PCE of carbazole dye [160]. The positive contribution of this descriptor is represented
by the following examples: 132 (B02[C-S] =1, PCE= 12.5), 133 (B02[C-S] =1, PCE = 9.32), 101
(BO2[C-S] =1, PCE = 8.09) and vice versa for the dyes 160 (B02[C-S] =0, PCE = 0.34), 157
(B02[C-S] =0, PCE = 0.31).

FOG6[N-O] is another 2D atom pair descriptor that indicates the frequency of nitrogen and oxygen
atoms at the topological distance 6, and it contributes positively toward the PCE. This fragment
is present in the dye either as a part of the phenyl moiety between the acceptor (cyanoacrylic
acid) and adsorber or as a part of the linker between the donor and m-spacer (furan or
enedioxythiophene). A dye containing this fragment between acceptor and adsorber will have an
improved performance by its diode like effect (which prevents the back transfer of electrons
from TiO- to the dye) [163]. It helps in an efficient intramolecular charge transfer for the dyes
containing this fragment as a linker between the donor moiety and m-spacer [164]. The positive
contribution of this descriptor is represented by the following examples: 132 (FO6[N-O] = 3,
PCE = 12.5), 133 (FO6[N-O] = 2, PCE = 9.32) and vice versa for the dyes where no such
fragment is present, 160 (FO6[N-O] = 0, PCE = 0.34), 157 (FO6[N-O] = 0, PCE = 0.31).

FO4[C-N] is a 2D atom pair descriptor that denotes the frequency of carbon and nitrogen atoms
at the topological distance 4, and this descriptor contributes positively to the PCE. This carbon to
nitrogen fragment increases the electron donating ability of the dyes which in turn increases the
performance of the DSSCs as indicated by the positive contribution of this descriptor [165]. The
PCE value increases in the presence of such fragments in the dyes as indicated by the following
examples: 50 (FO4[C-N] = 22, PCE = 7.52), 101 (FO4[C-N] = 17, PCE = 8.09), 130 (FO4[C-N]
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= 15, PCE = 9.8) and vice versa for the dyes 97 (FO4[C-N] = 0, PCE = 0.0538), 98 (FO4[C-N] =
0, PCE = 0.0387) where no such fragment is present.

nR10 is a ring descriptor that indicates the number of 10 membered rings in a dye which
contributes positively to the PCE. The presence of 10-membered rings in the carbazole dyes
increases the electron-donating ability of the dyes and is thus responsible for the high PCE
values [166]. Therefore, performances of DSSCs should increase when such ring is present in the
structures, which is indicated by the following examples: 130 (nR10 = 6, PCE = 9.8), 131 (nR10
=6, PCE = 7.6) and vice versa for the dyes 159 (nR10 = 0, PCE = 0.21), 91 (nR10 = 0, PCE =
0.19), 154 (nR10 =0, PCE = 0.07) where no 10 membered rings are present.

The negative contribution of the constitutional descriptor N% (percentage of the nitrogen atoms
in the dye) and 2D atom pair descriptor FO6[N-N] (frequency of two nitrogen atoms at the
topological distance 6) indicates that the presence of such fragments hinders the performance of
DSSCs. Higher numerical values of these descriptors of a dye may decrease the PCE value
which is represented by the following examples: 91 (N% = 6.25, PCE = 0.19), 118 (N% =
5.6338, PCE = 0.89), 53 (N% = 4.83871, PCE = 0.99), 112 (N% = 4.83871, PCE = 0.96) for the
descriptor N% ; 141 (FO6[N-N] = 2, PCE = 2.58), 138 (FO6[N-N] = 2, PCE = 2.17) for FO6[N-
N]. On the other hand, dyes with lower numerical value of this descriptor may have higher PCE
values as shown in following examples: 99 (N% = 1.81818, PCE = 7.58), 103 (N% = 1.50376,
PCE = 7.54), 130 (N% = 1.34529, PCE = 9.8) for N%, 132 (FO6[N-N] = 0, PCE = 12.5), 130
(FO6[N-N] =0, PCE =9.8), 133 (FO6[N-N] = 0, PCE = 8.09) for the FO6[N-N].

Avg. Sim (GK) is a RASPR descriptor that denotes the mean similarity value of the selected close
source compounds for each query compound based on the Gaussian kernel similarity-based
method. The positive contribution of this descriptor indicates a molecule having a higher Avg.
Sim value may have a higher PCE value as represented by the following examples: 94 (Avg. Sim
(GK) =0.92848, PCE = 7.33), 56 (Avg. Sim (GK) = 0.89553, PCE = 6.04), 99 (Avg. Sim (GK) =
0.75399, PCE = 7.58) and vice versa for the dyes 156 (Avg. Sim (GK) = 0.24768, PCE = 0.06),
154 (Avg. Sim (GK) = 0.04227, PCE = 0.07).

The interpretation of 2D structural descriptors for the carbazole dyes is represented schematically

in Figure 4.3.
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Figure 4.3: Mechanistic interpretation of the 2D structural descriptors of the g-RASPR
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Modeling of PCE of Indolines

The PLS g-RASPR model of indoline dyes consisting of 6 descriptors has been presented in
Table 4.1, and the contribution of the descriptors in the form of a bubble plot is shown in Figure
4.1c. The meaning of these descriptors and their influence on PCE are discussed below:

RA function is a Read-Across-derived RASPR descriptor which encodes information of all the
selected structural and physicochemical descriptors [167]. It contributes positively to the PCE as
indicated by the following examples: 141 (RA function = 8.1741, PCE = 8.38), 8 (RA function =
7.9697, PCE = 7.12), 24 (RA function = 7.88, PCE = 9.2) and vice versa for the dye 129 (RA
function = 1.8131, PCE = 1.48), 32 (RA function = 1.5372, PCE = 0.63), 30 (RA function =
1.4248, PCE = 0.77).

Both RASPR descriptors Neg.Avg.Sim (denoting the mean of the similarity values of the
negative close source compounds for a particular query compound) and CVsim (LK) (coefficient
of variation of the similarity values of the selected close source compound for each query
compound) contribute negatively to the PCE. The negative contribution of these descriptors
signifies that a higher value of the descriptors may decrease the PCE value as represented by the
following examples: 93 (Neg.Avg.Similaritry = 0.2883, PCE = 0.35), 108 (Neg.Avg.Similaritry =
0.2883, PCE = 0.046) for Neg.Avg.Similaritry; 93 (CVsim (LK) = 1.404, PCE = 0.35), 108
(Cvsim (LK) = 1.404, PCE = 0.046) for CVsim (LK); and vice versa for the dye 144
(Neg.Avg.Similaritry = 0, PCE = 8.78), 24 (Neg.Avg.Similaritry = 0, PCE = 9.2), 135
(Neg.Avg.Similaritry = 0, PCE = 8.61) for Neg.Avg.Similaritry; 135 (CVsim (LK) = 0.4427, PCE
=8.61), 78 (CVsim (LK) = 0.3868, PCE = 7.99) for CVsim (LK).

The functional group count descriptor nCconj denotes the number of non-aromatic conjugated
sp2 hybridized carbon atoms that contributes negatively to the PCE. The negative contribution of
this descriptor signifies that the PCE value may decrease when the number of non-aromatic
conjugated sp2 carbon increases as represented by the following examples: 11 (nCconj = 11,
PCE = 2.65), 10 (nCconj = 10, PCE = 2.7) and vice versa for the dyes with a low numerical
value of nCconj like 155 (nCconj = 1, PCE =5.61) and 152 (nCconj = 1, PCE =5.5).

FO4[C-N] is a 2D atom pair descriptor that indicates the frequency of carbon and nitrogen atoms

at the topological distance 4 in the dye, and this descriptor contributes positively to the PCE. It
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was found that if the donor group is present with a non-planar orientation with other groups, it
may increase the PCE value. Although this fragment is present as a part of the dye in a non-
planar structure, it may increase the performance of the DSSCs as indicated by its positive
contribution to the PCE [165, 168]. Therefore, the presence of such fragment increases the
performance of DSSCs as shown by the following examples: 21 (FO4[C-N] = 21, PCE = 8.43), 8
(FO4[C-N] = 20, PCE = 7.12), 24 (FO4[C-N] = 18, PCE = 9.2) and vice versa for the dyes 105
(FO4[C-N] =3, PCE = 2.53), 164 (FO4[C-N] = 3, PCE = 2.08).

Another 2D atom pair descriptor B09[O-S] indicates the presence or absence of oxygen and
sulfur atoms at the topological distance 9, and this descriptor contributes positively to the PCE.
Oxygen and sulfur atoms control electron density delocalization which helps in © bond
conjugation. As a result, the molar extinction coefficient of the dye increases which may lead to
shifting of the absorption maxima [169]. Dyes containing this type of fragment may increase
PCE values as represented by the following examples: 78 (B09[O-S] = 1, PCE = 7.99), 21
(BO9[O-S] = 1, PCE = 6.12), 131 (B09[O-S] = 1, PCE = 6.11) and vice versa for the dyes 30
(BO9[O-S] = 0, PCE = 0.77), 32 (B09[O-S] = 0, PCE = 0.63), 93 (B09[O-S] = 0, PCE =
0.35).The mechanistic interpretation of the relevant descriptors for the indoline dataset is

schematically represented in Figure 4.4.
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Figure 4.4: Mechanistic interpretation of the 2D structural descriptors of g-RASPR PLS
model for the indoline dataset

Modelling of PCE of Diphenylamines

The PLS g-RASPR model consisting of 5 descriptors has been shown in Table 4.1, and the
contribution of the descriptors in the form of a bubble plot is shown in Figure 4.1d. The
mechanistic interpretation of these descriptors is represented below:

FO1[C-N] is a 2D atom pair descriptor that indicates the frequency of carbon and nitrogen atoms
at the topological distance of 1, and this descriptor contributes negatively to the PCE. This
fragment affects the polarity of the dye which leads to its aggregation on the surface of the
semiconductor layer and decreases photo absorption [170]. Therefore, the presence of such
fragment reduces the performance of the DSSCs as represented by the following examples: 35
(FO1[C-N] =11, PCE = 0.4), 34 (FO1[C-N] =10, PCE = 1) and vice versa for the dyes 3 (FO1[C-
N] =4, PCE =5.4), 22 (FO1[C-N] = 4, PCE = 5.22), where no such fragment is present.
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Another 2D atom pair descriptor FO4[N-S] denotes the frequency of nitrogen and sulfur atoms at
the topological distance 4, and this descriptor contributes positively to the PCE. Therefore, the
presence of such fragments increases the performance of the DSSCs as represented by the
following examples: 27 (FO4[N-S] = 2, PCE = 8), 26 (FO4[N-S] = 2, PCE = 7.1), 17 (FO4[N-S] =
2, PCE = 6.19) and vice versa for the dyes 34 (FO4[N-S] = 0, PCE = 1), 33 (FO4[N-S] = 0, PCE
=0.44), 35 (FO4[N-S] = 0, PCE = 0.4) where no such fragment is present.

SD_similarity is a RASPR descriptor that denotes the standard deviation of the similarity values
of close source compounds for each query compound. The positive contribution of this descriptor
signifies that a high numerical value of the descriptor may increase PCE value as shown in the
following examples: 7 (SD similarity = 0.33695, PCE = 7.05), 8 (SD similarity = 0.33274, PCE =
7.64) and vice versa for the dyes 35 (SD similarity = 0.177502, PCE = 0.4), 33 (SD similarity =
0.016381, PCE = 0.44).

StsC is an atom type E-state descriptor that indicates the sum of tsC E-states ( ==c—), which
contributes negatively to the PCE property of the DSSCs. Therefore, increasing the values of this
descriptor may decrease the PCE value as observed for the dyes 10 (StsC = 8.292574, PCE =
1.99), 13 (StsC = 7.76829, PCE = 3.16) and vice versa for the dyes 8 (StsC = 1.671126, PCE =
7.64), 7 (StsC = 1.644351, PCE = 7.05).

The mechanistic interpretation of the significant 2D-structural descriptors for the diphenylamine

dataset is schematically represented in Figure 4.5.
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NH
H /

[0}
0
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FO4IN-S] (+)
NN

FOI[C-N] () |
Value =11 [4) 0
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Compound no. =35 T
PCE=0.4 S

Figure 4.5: Mechanistic interpretation of the 2D structural descriptors of g-RASPR PLS
model for the diphenylamine dataset
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For all the datasets, the PLS Scatter plots (Figure 4.6) show that there is not so much difference
between observed and predicted PCE indicating the good quality of the test set predictions. The
Loading plots (Figure 4.7) show that the descriptors MaxPos(GK) (for coumarins), BO4[N-O]
(for carbazoles) and RA function (for both indoline and diphenylamines) have the highest
contributions to the PCE because they are present closest to the response variable (PCE). The
Score plots (Figure 4.8) show that there are 2 coumarin (3, 54), 5 carbazole (132, 138, 139, 140,
and 141) and 1 indoline (18) molecules which are present outside the applicability domain of the
corresponding models. The Y-Randomization plots (Figure 4.9) show that all the models have
R? and Q? intercept values within their threshold limits (0.3 for R? and 0.05 for Q?), indicating
that our models are not obtained by chance.
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Figure 4.6: Scatter Plots indicating the prediction quality of the developed g-RASPR PLS

models
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Figure 4.7: Loading Plots showing significance of the descriptors to PCE
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Figure 4.8: Score Plots indicating the applicability domain of PLS models
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Figure 4.9: PLS randomization plots

4.1.2 Machine-Learning (ML) models

The qualities of the Machine-Learning (ML) models and the different validation metrics for all 4

datasets are shown in Table 4.2 along with their different optimized hyperparameter settings. To

determine the models' quality and predictability, we calculated various quality and validation

metrics on the training and test sets. For the purpose of comparison, we have also included PLS

g-RASAR models for which the same method was used for calculation of the internal, external

and cross-validation metrics. For all 4 datasets, ridge regression, XGBoost and PLS models show

almost similar Q%1, MAEst and R? score (of training set) values.
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Table 4.2: Comparison of the quality of PLS and other machine learning models

Training set Metrics

Test set Metrics

- 8 L o Prediction
5 B Cross-Validation Statistics o
S = Statistics
= 8
wn
3 =
2 | g 5 = 2
% e st < e Optimized Hyperparameters
g | 2 2 2 8 =
Q 2 L S S .
8 8 b = L 3
R? 0 S @ s E il Q%1
= <
= | 8 £ | Es 3 s
o o -
> N = ~
u s o E
+ L @ ]
w o w & H o~
< + < 2 S
> N =z » S O
a 0.75 0.49 0.54+0.015 | 0.41+0.053 | 0.56+0.004 | 0.44+0.011 0.45 0.72 n_components:7
[a
[72]
£ e 0.74 0.51 0.5440.011 | 0.46+0.036 | 0.57+0.003 | 0.48+0.007 0.44 0.73 ‘alpha’: 1.0
[15]
s | s
38 > 0.72 0.52 0.60+0.017 | 0.27+0.077 | 0.62+0.005 | 0.32+0.015 0.49 0.67 'C: 1.0, 'max_iter': 1000
-
§ 0.74 0.66 0.67+0.013 | 0.17+0.053 | 0.67+0.004 | 0.27+0.009 0.5 0.68 'C": 1.0, 'degree": 2, 'gamma’: ‘auto’
w
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'max_depth:2, 'min_samples_leaf"2,
L 0.7 0.58 0.61+0.013 | 0.23+0.062 | 0.61+0.004 | 0.35+0.009 0.47 0.68 'min_samples_split':2,
'n_estimators':200
'max_depth:2, 'min_samples_leaf"3,
g 0.85 0.57 0.62+0.014 | 0.18+0.065 | 0.62+0.003 | 0.32+0.009 0.55 0.58 'min_samples_split"3,
'n_estimators':50
0 'booster':'gblinear, 'learning_rate":1.0,
o 0.75 0.49 0.54+0.014 | 0.42+0.050 | 0.56+0.004 | 0.44+0.011 0.45 0.72 ]
X 'max_depth": None, 'n_estimators':90
9 0.71 0.47 0.47+0.006 | 0.62+0.012 | 0.48+0.002 | 0.62+0.004 0.31 0.77 n_components:3
o
e 0.71 0.47 0.47+0.006 | 0.62+0.011 | 0.48+0.002 | 0.62+0.003 0.32 0.77 ‘alpha’; 0.5
?) 0.6 0.53 0.51+0.008 | 0.53+0.016 | 0.51+0.002 | 0.54+0.005 0.43 0.64 'C" 5.0, 'max_iter": 100
-
E 0.84 0.53 0.51+0.009 | 0.50+0.014 | 0.52+0.002 | 0.48+0.004 0.41 0.63 'C" 25.0, 'degree’: 2, 'gamma’; 'auto’
E n
% 'max_depth':6, 'min_samples_leaf"1,
'?5 L 0.81 0.56 0.55+0.009 | 0.44+0.015 | 0.56+0.002 | 0.41+0.005 0.45 0.49 'min_samples_split':4,
© 'n_estimators":70
'max_depth:2, 'min_samples_leaf"5,
g 0.82 0.51 0.55+0.009 | 0.44+0.017 | 0.56+0.002 | 0.42+0.005 0.41 0.53 'min_samples_split':2,
'n_estimators':90
0 ‘booster": 'gblinear’, 'learning_rate":0.1,
o 0.71 0.47 0.47+0.006 | 0.62+0.012 | 0.48+0.002 | 0.62+0.003 0.32 0.77 )
X 'max_depth": None, 'n_estimators':90
@ 9 0.63 0.48 0.49+0.008 | 0.55+0.017 | 0.49+0.002 | 0.56+0.004 0.3 0.81 n_components:3
i o
©
2 e 0.63 0.49 0.49+0.007 | 0.55+0.016 | 0.49+0.002 | 0.56+0.004 0.3 0.82 ‘alpha’; 1.0
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§ 0.58 | 0.47 | 0.51+0.008 | 0.51+0.021 | 0.51+0.002 | 0.53+0.004 0.36 0.73 'C": 5.0, 'max_iter": 100
.|
§ 0.71 0.5 0.51+0.008 | 0.51+0.018 | 0.52+0.002 | 0.51+0.004 0.34 0.76 'C" 1.0, 'degree” 2, 'gamma’: 'scale'
(2]
'max_depth':5, 'min_samples_leaf":3,
Iﬁ:" 0.83 0.45 0.48+0.007 | 0.54+0.016 | 0.49+0.002 | 0.55+0.004 0.42 0.65 'min_samples_split':2,
'n_estimators'.80
'max_depth:2, 'min_samples_leaf"1,
g 0.81 0.49 0.51+0.007 | 0.48+0.017 | 0.51+0.002 | 0.5+0.004 0.36 0.73 'min_samples_split"5,
'n_estimators":50
e ‘booster": 'gblinear’, 'learning_rate":1.0,
O 0.63 | 0.48 | 0.49+0.008 | 0.55+0.017 | 0.49+0.002 | 0.56+0.004 0.3 0.81 ]
X 'max_depth": None, 'n_estimators':120
9 0.83 0.44 0.47+0.013 | 0.39+0.072 | 0.48+0.005 | 0.49+0.031 0.31 0.9 n_components:3
% 0.83 0.44 0.49+0.012 | 0.37+£0.071 | 0.5+0.004 | 0.53+0.013 0.31 0.91 ‘alpha’: 0.5
§ 0.77 0.47 0.51+0.016 | 0.18+0.133 | 0.54+0.005 | 0.38+0.018 0.34 0.87 'C": 15.0, 'max_iter: 100
-l
s 087 0.48 0 C" 1.0, 'degree": 2,
§ > . . .55+0.019 | 0.32+0.066 | 0.57+0.005 | 0.42+0.014 0.64 0.61 gammat: ‘auto
E 'max_depth:2, 'min_samples_leaf"1,
E L 0.88 0.48 0.51+0.01 | 0.41+0.059 | 0.51+0.004 | 0.55+0.01 0.4 0.8 'min_samples_split"3,
-‘53- 'n_estimators':120
'max_depth:3, 'min_samples_leaf"1,
8 1 0.56 0.56+0.014 | 0.13+0.109 | 0.54+0.004 | 0.43+0.013 0.43 0.78 'min_samples_split"5,
'n_estimators'.60
m 'booster': ‘gblinear’, 'learning_rate":0.1,
o 0.84 0.44 0.47+0.014 | 0.37£0.08 | 0.49+0.005 | 0.5+0.02 0.3 0.91 .
X 'max_depth": None, 'n_estimators':90
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To evaluate the quality of developed models, we have also performed 20 times 5-fold repetitive

Result And Discussion

cross-validation, and 1000 times shuffle-split cross-validation with 30% data holding in the
validation set. The result of cross-validation for all the datasets are shown in the Figure 4.10 to
4.13. For the coumarin dataset, the mean R? value for both the repetitive CV and Shuffle-split
CV indicates that the Ridge Regression method is the best model among all models while the
PLS and XGBoost models show comparable results. For the carbazole and indoline datasets, the
ridge regression, PLS and XGBoost models show comparable results, as shown in Figure 4.11
and Figure 4.12. For the diphenylamine dataset, the random forest model shows the highest
mean R? value in both repetitive cross-validation and shuffle-split cross-validation method but

ridge regression, XGBoost and PLS models show comparable results, as shown in Figure 4.13.
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Figure 4.10: Cross-validation statistics based on 20 times 5-fold repetitive CV and 1000

shuffle split CV method (Mean + SEM) for the coumarin dataset
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(a) 20 times 5 fold Repetitive Cross-Validation (r2) (b) 20 times 5 fold Repetitive Cross-Validation (MAE)
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Figure 4.11: Cross-validation statistics based on 20 times 5-fold repetitive CV and 1000
shuffle split CV method (Mean + SEM) for the carbazole dataset
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Figure 4.12: Cross-validation statistics based on 20 times 5-fold repetitive CV and 1000
shuffle split CV method (Mean = SEM) for the indoline dataset
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Figure 4.13: Cross-validation statistics based on 20 times 5-fold repetitive CV and 1000
shuffle split CV method (Mean + SEM) for the diphenylamine dataset

To evaluate the importance of descriptors in the machine-learning models, we have performed

SHAP analysis on the training set data. We have represented the importance of descriptors in the

form of heatmap plots of SHAP as shown in Figure 4.14. The PLS, ridge regression and

XGBoost models are considered here, and the plots of the remaining models are shown in the

Figure 4.15 to 4.18. On the Y-axis of the heatmap plot, the features are arranged based on their

mean absolute SHAP values, which in turn denotes their importance to the predictions. From the

heatmap plot, we can also obtain how the model’s prediction changes over every instance which

is denoted by the wavy line above the plot. The colour difference in the plot indicates how the

SHAP value of the features changes over every instance and how it affects the model’s output.
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Figure 4.14: Heatmap plots for the PLS, Ridge Regression and XGBoost models for all
datasets, indicating relative importance of descriptors
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Figure 4.15: Heatmap plots of LSVM, SVM, RF and GB models for the coumarin dataset,
indicating the relative importance of descriptors
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Figure 4.17: Heatmap plots of LSVM, SVM, RF and GB models for the indoline dataset,
indicating the relative importance of descriptors
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Figure 4.18: Heatmap plots of LSVM, SVM, RF and GB models for the diphenylamine
dataset, indicating the relative importance of descriptors
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4.1.3 Design of new dyes with improved PCEs

We can design new dyes with improved power conversion efficiency (PCE) by incorporating
structural fragments that have positive contributions to the PCE of solar cells or by removing
fragments that contribute negatively to the PCE of solar cells. The favorable fragments improve
PCE either by increasing intramolecular charge transfer or by increasing the anchoring stability
of the dye on the TiO2 semiconductor oxide surface. The descriptors which encode the structural
information help to identify the necessary modifications that must be made to improve the PCE.
In this study, we use the PLS variable importance plot to identify the relative importance of the
positive and negatively contributing descriptors. Based on this, we have designed new dyes with

improved predicted PCE values as shown in Table 4.3.

For carbazole dyes, the incorporation of a cyano acrylic acid group increases the value of
BO4[N-O] (presence or absence of nitrogen and oxygen atoms at the topological distance 4)
while a para-aminobenzoic acid group increases the value of FO6[N-O] (count of nitrogen and
oxygen at the topological distance 6). For example, the FO6[N-O] value increases when one
incorporates 4-(2-cyanoprop-2-enamido)benzoic acid (as shown in NCA1, NCA2 and NCA3)
and 2-cyano-N-[4-(trimethoxysilyl)phenyl]prop-2-enamide (as shown in NCA4 and NCADb)
moieties in the carbazole structure. These fragments are generally a part of the anchoring group
which increases the stability of the binding of the dye with the TiO2 surface. We can increase the
value of B02[C-S] (presence or absence of carbon and sulfur atoms at the topological distance of
2) by incorporating a thiophene group, increase the value of FO4[C-N] (frequency of carbon and
nitrogen atoms at the topological distance of 4) by attaching a long aliphatic chain to the nitrogen
atoms and increase the value of nR10 (the number of 10-member rings) by incorporating 10
membered rings in the structure. All these fragments are responsible for the generation of
electrons which are transferred to the TiO2 surface.

For coumarin dyes, one can increase the value of positively contributing descriptors like
nThiophene (number of thiophene group), nR=Ct (number of aliphatic tertiary C atom with sp2
hybridization) and C-040 (R-C(=X)-X / R-C#X |/ X=C=X). These descriptors are generally
responsible for electron generation and intramolecular charge transfer. One can also try

removing the negatively contributing descriptor NnRCN (number of aliphatic nitrile groups). The
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nitrile group is a part of the anchoring group cyanoacrylic acid; therefore, one can try using other

anchoring groups like carboxylic acid, pyridine, etc.

For diphenylamine dyes, one can increase the value of positively contributing descriptor FO4[N-
S] (frequency of nitrogen and sulfur atoms at the topological distance 4) by incorporating groups
like a pyrimidine ring adjacent to a thiophene ring (as shown below in NDI1),
2,1,3-benzothiadiazole and 1,2,3-benzodithiazole groups adjacent to the thiophene and
pyrimidine rings respectively (as shown below in NDI5 and NDI3). These fragments are
generally a part of the linker between the donor part and the acceptor part which helps to

improve performance by increasing intramolecular charge transfer.

For indoline dyes, one can increase the value of positively contributing descriptors like FO4[C-
N] (frequency of carbon and nitrogen atoms at the topological distance of 4) by attaching
different aliphatic and aromatic groups to the nitrogen atoms, and B0O9[O-S] (presence of oxygen
and sulfur atoms at the topological distance 9) by increasing the length of the m-spacer (for
example, compound NIN1 is formed by incorporating a butylene group between the thiophene
ring and the cyanoacrylic acid). These fragments help in the generation of electrons and improve

intramolecular charge transfer.

Table 4.3: List of designed dyes and their predicted PCE values

Predicted PCE Values
Compounds Structure Ridge
PLS ) XGBoost
Regression

Carbazoles
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NCAl H,C, 14.15 14.02 13.97

H;C,

H.C H,C

OH

NCAZ2 CH, 15.22 15.09 15.06
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NCA3 15.79 15.73 15.69
NCA4 o em 18.18 18.33 18.24
NCA5S CH,8 11.47 11.89 11.81
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Coumarins
NCO1 5.67 5.1 5.67
NCO2 5.67 5.1 5.67
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NCO3 6.74 6.03 6.74
NCO4 He 6.74 6.03 6.74
NCO5 oo o 6.6 5.94 6.6

Diphenylamines
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NDI1 cH,

OH

O

Q

NDI2 0l _OH

N

" o

®

69 %

o
Héc/l)

7.06 7.05 7.1

6.41 6.33 6.4
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NDI3 o oH 7.62 7.75 7.77
MMO 0

CH,

NDI4 7.07 7.22 7.22

NDI5 7.16 7.16 7.19
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Indolines

NIN1 6.39 6.34 6.36

CH,
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NIN2 6.39 6.34 6.36

NIN3 8.22 8.15 8.19

CH,
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NIN4 8.29 8.2 8.23

NINS 8.49 8.41 8.45

CH,

4.1.4 Comparison with the previous work

In 2020, Krishna et al. worked on the prediction of PCE value of metal free organic DSSCs by
PLS regression using 2D structural descriptors [131]. The models reported by them were
statistically sound with good quality validation metrics. However, our g-RASPR PLS models
outperformed them with better prediction quality with the same level of chemical information

used, also explaining the importance of RASPR descriptor. The advantage of RASPR descriptors
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is that they are simple, easy to calculate and transferable. In comparison to the previous models,

the present models have higher Q21 scores and lower MAEs: Values. The comparison between
the previous PLS models and the present g-RASPR PLS models are shown in the form of
column plots in Figure 4.19. The previous study developed five individual models and
consensus models of datasets, but here we have considered only the best individual models for
comparison. It is clear from the column plots that our newly developed models are much more
predictive. This study shows that inclusion of RASPR descriptors along with structural and
physicochemical descriptors enhance the predictivity of the models.

(a) Coumarins (b) Carbazoles
1 1
0.84
0.8 s 072 0.75 0.8 0.7s5 0.77
- 0.64 0.61
0.6 0.6
0.4 0.4
0.2 0.2
0 0
Q2F1 MAE 95% Q2F1 MAE 95%
(©) Indolines (d) Diphenylamines
1 1 0.91
0.82 0.83
0.8 0.8
0.6 0.6
0.4 0.4
0.2 0.2
0 0
Q2F1 MAE 95% Q2F1 MAE 95%

[ New Model [l Previous Model

Figure 4.19: Comparison between the previous QSPR PLS models and the newly developed
g-RASPR PLS models
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4.2 Study 2: Application of machine learning-based read-across structure-property

relationship (RASPR) as a new tool for predictive modelling: prediction of power
conversion efficiency (PCE) for selected classes of organic dyes in dye-sensitized solar cells
(DSSCs)

In this study, we have first d eveloped QSPR and g-RASPR PLS models for all the data sets with
three different training and test sets, and then the derived nine models were used for external test
set prediction. We further modeled these datasets through other machine learning methods with
the same set of descriptors from PLS models and performed SHAP analysis to determine

importance of a descriptor to the PCE.

4.2.1 QSPR and g-RASPR PLS models:

The results of statistically significant and robust QSPR and q-RASPR PLS models of all three
divisions for the respective datasets, in terms of various internal and external validation metrics,
are shown in Table 4.4. All these models were developed with 10 descriptors and the
components (LV) of the PLS models were selected based on the optimum Q?.oo value. All the
models show acceptable value for internal and external validation metrics to become reliable,
robust, and good predictive models. Here we can see that for all the datasets, the external
validation metrics were significantly improved for g-RASPR PLS models compared with QSPR
PLS models which signify the importance of the RASPR descriptors.

Table 4.4: Results of QSPR and RASPR PLS models

n Training set Metrics Test set Metrics
55| &= )
€|z | g 8|3 s | El 8 8| Q| | o | & | B
5§13 g3 |7 |¥|g|d|9|8|2 5 0 0 2 X
4= N < %) 2
= s |s|=z|¢& x | S
QSPR
5 |060|055]09 | 102|161 | 120 | 057|057 | 057 | 125|098
) 1
£
3 RASPR
< 7 | 061|056 [093|099 159|118 |0.62|0.62|0.61| 118 | 0.96
% LK
T ) QSPR 5 059|054 099|106 | 167 |1.21|0.64 |0.64|0.63|1.16 | 0.95
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GK
QSPR | 4 | 059 053|099 |1.07|1.72|1.23|0.60 | 0.60 | 0.62 | 1.18 | 0.91
3 | RASPR
oK 4 |059|054|100|1.07|170|1.23|0.67|0.66 | 0.69 | 1.07 | 0.81
QSPR
3 |056|052|137 144|341 177|050 | 050 | 0.55| 1.79 | 1.48
1
RASPR
K 5 | 057|052|133|140|3.39|1.75|0.64|0.64|0.68 151|125
QSPR
c 3 | 054|050|1.39 146|347 |1.78|0.61|0.61|0.62 | 163|121
>
= 2
- RASPR
o K 3 | 057|053|135|141|3.26|1.73|0.66|0.66 | 0.67 | 1.53 | 1.14
QSPR
3 |055|051|139|145 (343|177 |062|062|0.64 | 1.60 |1.27
3
RASPR
LK 3 | 056|051 |137|143|3.40|1.76|0.69 | 0.69 | 0.70 | 1.45 | 1.09
QSPR
4 |055|050|1.25]|1.33|260]|153|053|053]|054 154 |1.24
1
RASPR
oK 2 | 055|050]|1.26|1.33|255|153|0.57|0.57|058|147 |1.23
e QSPR
= 2 | 053|048 |1.30|1.37|288|1.61|052]|052]|0.71 127|105
©
> 2
S RASPR
= LK 4 |055|050|127 135|278 | 158|057 | 057|074 | 1.20 | 1.05
=
QSPR
4 |057|051|123|130|261|152|049 047|059 |1.48 |1.26
3
RASPR
oK 3 |060|055]|118|1.25| 244|147 |0.62| 061 |0.70 | 1.27 | 1.04

LV= the number of latent variables

4.2.1.1 Modeling of PCE of phenothiazine dyes
The descriptors used for the modeling of the PCE of phenothiazine dyes are shown in the Box-1,
in the form of mathematical equations. The initial pool of physicochemical and structural
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features used for the calculation of RASPR descriptors and present in the g-RASPR PLS models

of the respective divisions are shown in the Table 4.5. The description of the modeled RASPR
descriptors of the g-RASPR PLS models are shown in Table 4.6 along with their influence on
the PCE. The contribution of the descriptors of the g-RASPR PLS models in the form of bubble
plot and correlation between observed and predicted PCE in the form of a scatter plot is shown in
Figure 4.20. The importance of the descriptors is represented by size and position of the bubble
along the x axis, and the color represents the direction of their contributions, i.e., the green color
represents a positive contribution and the red color represent a negative contribution. The PLS

plots for all three divisions are shown in Figure 4.21 to 4.24.

Box-1
Phenothiazine dataset
QSPR Models
M1 (Division 1) PCE = —11.071 4+ 25.373 X X0Av + 0.307 X nR#C — —3.274 X nArCOOH —

0.686 X SsssCH + 0.394 x MaxsCH3 — 0.634 X MaxdssC — 4.182 x BO2[N — S] +
1.851 x BO7[N — S] — 1.187 X BOS[N — 0] — 1.304 X BO9[S — S]

M2 (Division 2) PCE = —19.785 + 39.822 X X0Av + 0.432 X nR#C — —3.356 X nArCOOH —
0.084 x NssCH2 — 0.613 x MaxdssC — 2.188 x B04[0 — S| + 1.138 x BO7[N — S] +
0.351 X FO1[C — 0] — 1.079 x FO3[N — 0] — 0.809 x FO8[N — F]

M3 (Division 3) PCE = —10.396 + 23.485 X X0Av — 3.222 X nArCOOH — 1.259 X C — 033 +
0.570 X MaxsCH3 — 0.526 X MaxdssC — 4.575 x BO2[N — S] — 0.865 x BO6[N —
N] + 1.009 x BO7[N — S] — 1.100 x FO8[N — F] — 1.229 x F09[S — S]

RASPR Models
M4 (Division 1) PCE = —6.702 + 0.675 X SD Activity (LK) — 2.790 x CVact(LK) — 0.392 X
CVsim(LK) + 0.460 x g, (LK) + 19.482 x X0Av + 0.381 X nR#C — —2.701 X
BO2[N — S] + 1.639 x BO7[N — S] — 1.113 x BO8[N — 0] — 0.801 x B09[S — S]

M5 (Division 2) PCE = —16.599 + 4.131 X g,, * SD Similarity + 34.722 X X0Av + 0.366 X nR#C —
—3.041 x nArCOOH — 0.089 X NssCH2 — 1.460 x B04[0 — S] + 1.047 x BO7[N —
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M6 (Division 3)

ST+ 0.322 x FO1[C — 0] — 0.931 X FOS[N — 0] — 0.945 x FO3[N — F]

PCE = —6.601 + 1.511 X SD Activity (GK) — 1.189 X SE(GK) — 0.024 X g, (GK) +
3.937 X g * SD Similarity + 16.219 X X0Av — 2.120 X nArCOOH — 1.555 X C —
033 —0.341 X MaxdssC — 3.309 X BO2[N — S] + 1.409 x BO7[N — S]

Table 4.5: The description of the modelled structural and physicochemical descriptors of
QSPR and g-RASPR PLS models of phenothiazine dyes.

Features | Meaning Model

XO0Av It is a connectivity indices descriptor represent the average valence | M1, M2,
connectivity of order 0. M3, M4,

M5, M6

NR#C- It is functional group count descriptor which indicate the number of non- | M1, M2,
terminal sp hybridized carbon atoms present in a chemical structure. M4, M5

nArCOOH | It is functional group count descriptor that represent the number of aromatic | M1, M2,
carboxylic acid present in the molecular structure. M3, M5, M6

SsssCH It is an atom type E-state indices descriptor that represent the sum of sssCH | M1
(single, single and single bond) E-states.

MaxsCH3 | It is an atom type E-state indices descriptor that represent Maximum single | M1, M3
bond CH3 E-state.

MaxdssC | It is an atom type E-state indices descriptor that represent Maximum double | M1, M2,
bond, single bond and single bond carbon atom (=<) E-state. M3, M6

BO2[N-S] | It is a 2D atom pair descriptor that represent the presence or absence of | M1, M3,
nitrogen and sulfur atoms at a topological distance of 2. M4, M6

BO7[N-S] | It is a 2D atom pair descriptor that represent the presence or absence of | M1, M2,
nitrogen and sulfur atoms at a topological distance of 7. M3, M4,

M5, M6

BO8[N-O] | It is a 2D atom pair descriptor that represent the presence or absence of | M1, M4
nitrogen and oxygen atoms at a topological distance of 8.

BO9[S-S] | Itis a 2D atom pair descriptor that represent the presence or absence of two | M1, M4
sulfur atoms at a topological distance of 9.
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NssCH2 It is an atom type E-state indices that represent the number of atoms of | M2, M5
single bond, single bond CH2 (-CH2-).

B0O4[O-S] | It is a 2D atom pair descriptor that represent the presence or absence of | M2, M5
oxygen and sulfur atoms at a topological distance of 4.

FO1[C-O] | Itis a 2D atom pair descriptor that represent the frequency of carbon and | M2, M5
oxygen atoms at a topological distance of 1.

FO3[N-O] | It is a 2D atom pair descriptor that represent the frequency of nitrogen and | M2, M5
oxygen atoms at a topological distance of 3.

FOB[N-F] | Itis a 2D atom pair descriptor that represent the frequency of nitrogen and | M2, M3, M5
fluorine atoms at a topological distance of 8.

C-033 It is an atom-centered fragment descriptor that represent the fragment R- | M3, M6
CH..X (R: any group attached to the carbon atom; X: any electronegative
atom like O, N, S, P, Se, halogens; ..: represent aromatic single bond).

BO6[N-N] | Itis a 2D atom pair descriptor that represent the presence or absence of two | M3
nitrogen atoms at a topological distance of 6.

FO9[S-S] | It is a 2D atom pair descriptor that represent the frequency of two sulfur | M3
atoms at a topological distance of 9.

Table 4.6: Descriptors of the g-RASPR PLS models of phenothiazine dataset

Descriptor Model Description
SD Activity | M4, M6 It is a RASPR descriptor that represents the weighted standard
(Sweighted) deviation of the observed response values of the selected close source

compounds for each query compound. It is calculated by following

equation:

n ¥ )2
S _ Zi=1(xi — Xwta) % n
weighted — n —
i=1 Wi n—1

n = number of close source compounds
w; = weightage given to individual selected close source compound
This descriptor shows a positive contribution for both the models M4

and M6, as shown in the Figure 4.20.

196 |Page




Chapter 4

Result And Discussion

CV activity (or | M4 This descriptor represents the coefficient of variation of the observed
CVact) response (or activity) values of the selected close source compounds for
each query compounds. It is calculated by using the following equation:
C Vactivity = S—Weighted
Xwtd
This descriptor shows a negative contribution to the PCE in model M4.
CV  similarity | M4 It is the coefficient of variation of the similarity values of the selected
(or CVsim) close source compounds for each query compounds. This descriptor is
calculated by using following equation:
2
SD Similarity = ’%
SD Similarity
CVsimitarity = ——F7
f
f = similarity value of the selected close source compounds
f= average similarity value of the selected close source compounds
n=number of selected close source compounds
This descriptor shows negative contribution in the model M4.
Om [Banerjee- M4, M6 It is a concordance measure calculated by using following equation:
Roy Im = (=D)"*|Posfrac — 0.5]
Coefficient]
n = 1 when MaxPos<MaxNeg
n = 2 when MaxPos>=MaxNeg
Posfrac = Fraction of the close source compounds having a response
value greater than the training set mean response
This descriptor shows the highest contribution to the PCE for both the
models M4 and M6 but for M4 it shows a positive contribution and for
model M6 it represents negative contribution.
gm*SD M5, M6 It is the product of the descriptors gm and SD Similarity where SD
Similarity Similarity is the standard deviation of the similarity value of the

selected close source compounds. This descriptor shows a positive
contribution for models M5 and M6, where in the former one it has the

highest contribution.
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Standard Error
(SE)

M6

It is the standard error of the observed response values of the selected
close source compounds for each query compound which is calculated
by using following equation:
SD Activity

Vn

This descriptor shows a negative contribution to the PCE in the model

SE =

M6 and also has least importance to the PCE.
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Figure 4.20: (a) Bubble plot of the phenothiazine dataset for three divisions to show the

relative importance of the descriptors; (b) Scatter plot of the phenothiazine dataset for

three divisions to show correlation between the observed and the predicted PCE.
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Loading plot of Phenothiazine dataset (Division 1)
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Figure 4.21: Loading plot of Phenothiazine dataset for all the respective divisions
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Score Plot of phenothiazine Dataset (Division 1)
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Figure 4.22: Score plot of Phenothiazine dataset for all the respective divisions
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DModX Applicability Domain of Phenothiazine Dataset (Division 1)
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Figure 4.23: DModX Applicability domain plot of Phenothiazine dataset for all
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Figure 4.24: Y-Randomization plot of Phenothiazine dataset for all the respective divisions
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4.2.1.2 Modeling of PCE of Porphyrin dyes

The most contributing descriptors to the PCE value of porphyrin dataset for all respective

divisions are shown in the form of mathematical equations in Box-2. The description of the
modelled structural and physicochemical descriptors of QSPR and q-RASPR PLS models are
represented in the Table 4.7. The modelled RASPR descriptors are discussed below in Table
4.8, along with their influence on the PCE. Here, we have represented the importance of the
descriptors of g-RASPR PLS model in the form of bubble plot, and correlation between observed
and predicted PCE is represented in the form of a scatter plot, as shown in the Figure 4.25. The

PLS plots for all the respective divisions are shown in the Figure 4.26 to 4.29.

Box-2
Porphyrin dataset
QSPR Models
M1 (Division 1) PCE = 13.421 4+ 0.275 X FO7[C — X] + 0.529 X MaxsssN — 0.025 X

TPSA(NO) + 0.820 X FO9[S — X] + 0.054 X NssCH2 — 0.778 x B0O9[0O — X] +
2.028 X FO5[N — S] + 0.275 x F10[N — 0] — 4.419 x MaxaaCH — 0.888 X
B08[0 — X]

M2 (Division 2) PCE = 2.723 — 1.847 X nFuranes + 0.035 X NssCH2 + 0.336 X MaxsssN —
0.462 X B09[0 — X] + 0.124 X FO5[N — O] + 2.039 X FO5[N — S] —
0.151 X FO6[N — 0] + 0.242 X FO7[C — X] + 0.244 x F10[N — 0] —
0.014 x TPSA(NO)

M3 (Division 3) PCE = 2.682 + 0.033 X NssCH2 + 0.399 X MaxsssN + 1.588 x BO3[N — 0] —
1.112 X BO7[S — X] — 1.129 x BO8[0 — X] + 2.274 X FO5[N — S] + 0.306 x
FO06[0 — X] + 0.217 x FO7[C — X] + 0.240 x F10[N — 0] — 0.014 x TPSA(NO)

RASPR Models
M4 (Division 1) PCE = 11.865 + 0.221 X RA function(LK) — 0.284 X CVact(LK) + 3.059 x
Pos.Avg. Sim.+0.247 X FO7[C — X] — 0.021 X TPSA(NO) + 1.074 X F09[S —
X] +0.047 X NssCH2 + 1.553 X FO5[N — S] +0.109 x F10[N — 0] —
4121 X MaxaaCH
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M5 (Division 2) PCE = 2.300 — 0.545 X SE(LK) — 0.411 x CVsim(LK) + 1.766 x
MaxPos(LK) + 0.032 X NsssCH2 + 0.338 X MaxsssN + 0.096 x FO5[N — 0] +
1.962 x FOS[N — S] + 0.215 x FO7[C — X] + 0.233 x F10[N — 0] —
0.010 X TPSA(NO)

M6 (Division 3) PCE = 1.926 — 2.269 X CVact(LK) + 2.597 X Avg.Sim (LK) + 0.039 X
NssCH2 + 0.389 x MaxsssN + 1.814 x BO3[N — 0] — 0.824 x BO7[S — X] +
2.040 X FO5[N — S] + 0.224 x FO7[C — X] + 0.137 x F10[N — 0] —
0.003 x TPSA(NO)

Table 4.7: The description of the modelled structural and physicochemical descriptors of
QSPR and g-RASPR PLS models of porphyrin dyes.

Feature Meaning Model
FO7[C-X] M1, M2, M3, M4, | It is a 2D atom pair descriptor that represent the frequency of
M5, M6 carbon and heavy metal (X) at a topological distance of 7.
MaxsssN M1, M2, M3, M5, | It is an atom type E-state indices descriptor that represent
M6 Maximum single bond, single bond, and single bond nitrogen atom

(>N-) E-state.

TPSA (NO) M1, M2, M3, M4, | The topological polar surface area (TPSA) of a molecule is
M5, M6 determined by the summation of tabulated surface contributions of

polar atom types. It is calculated by using following formula:
TPSA = Z N;. G;
i

N;= frequency of the i*" atom type in the molecule
G; = surface contribution of this polar atom
Here, TPSA(NO) is calculated only from polar fragments with

nitrogen and oxygen atoms.

FO9[S-X] M1, M4 It is a 2D atom pair descriptor that represent the frequency of sulfur
and heavy metal (X) at a topological distance of 9.
NssCH2 M1, M2, M3, M4, | Itis an atom type E-state indices that represent the number of atoms
M5, M6 of single bond, single bond CH2 (-CH2-).

204|Page




Chapter 4

Result And Discussion

B09[O-X] M1, M2 It is a 2D atom pair descriptor that represent the presence or
absence of oxygen and heavy metal (X) atoms at a topological
distance of 9.

FO5[N-S] M1, M2, M3, M4, | It is a 2D atom pair descriptor that represent the frequency of

M5, M6 nitrogen and sulfur atoms at a topological distance of 5.
F10[N-O] M1, M2, M3, M4, | It is a 2D atom pair descriptor that represent the frequency of
M5, M6 nitrogen and oxygen atoms at a topological distance of 10.

MaxaaCH M1, M4 It is an atom type E-state indices descriptor that represent
Maximum aromatic bond, aromatic bond, CH (aCHa) E-state.

BO8[O-X] M1, M3 It is a 2D atom pair descriptor that represent the presence or
absence of oxygen and heavy metal (X) atoms at a topological
distance of 8.

nFuranes M2 It is a functional group count descriptor which indicate the number
of furanes structure present in a molecule.

FO5[N-O] M2, M5 It is a 2D atom pair descriptor that represent the frequency of
nitrogen and oxygen atoms at a topological distance of 5.

FO6[N-O] M2 It is a 2D atom pair descriptor that represent the frequency of
nitrogen and oxygen atoms at a topological distance of 6.

BO3[N-O] M3, M6 It is a 2D atom pair descriptor that represent the presence or
absence of nitrogen and oxygen atoms at a topological distance of
3.

BO7[S-X] M3, M6 It is a 2D atom pair descriptor that represent the presence or
absence of sulfur and heavy metal (X) atoms at a topological
distance of 7.

FO6[0O-X] M3 It is a 2D atom pair descriptor that represent the frequency of
oxygen and heavy metal (X) atoms at a topological distance of 6.

Table 4.8: Descriptors of the g-RASPR PLS models of the porphyrin dataset

Descriptors

Model

Description

RA function

M4

It is a RASPR descriptor which is like a latent variable containing
information of all the selected structural and physicochemical

descriptors and is obtained based on similarity with selected close
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source compounds. It is calculated by using following formula:

. Yie1 WiX;
RA function = —7——
Zi=1 Wi
Si
Wi =$n o
i=15i

w; = weightage of the individual selected close source compounds
S;= Similarity between individual selected close source compounds
and target compounds
x;=0bserved response values of the selected close source compounds
This descriptor shows a positive contribution to the PCE for model

M4 and has the highest relative importance for the PCE.

CV activity (CVact) | M4, M6 This descriptor indicates the coefficient of variation of the observed
response values of selected close source compounds for each query
compound. This descriptor shows a negative contribution to the PCE
in both models M4 and M6.

Positive  Average | M4 This RASPR descriptor represents the average similarity value of the

Similarity selected positive close source compound where compounds having

(Pos.Avg.Sim.) observed response values higher than training set mean observed
response value are considered as positive close source compounds.
This descriptor shows a positive contribution to the PCE value in the
model M4.

Standard Error | M5 This descriptor represents the standard error of the observed

(SE) response values of selected close source compounds for each query
compounds, and this descriptor shows a negative contribution to the
PCE in the model M5.

CVv Similarity | M5 It is the coefficient of variation of the similarity values of the

(CVsim) selected close source compounds for each query compound. This
descriptor has a negative contribution to the PCE in model M5.

MaxPos M5 This descriptor has a positive contribution to the PCE in model M6,
and this descriptor represents the maximum similarity level to the
positive close source compounds based on the mean training set
observed response value.

Average Similarity | M6 It is the mean of similarity values of the selected close source

(Avg.Sim.)

compounds for each query compound. This descriptor has positive
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contributions to the PCE in the model M6.
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Figure 4.25: (a) Bubble plot of the porphyrin dataset for three divisions to show relative
importance of the descriptors to the PCE; (b) Scatter plot of the porphyrin dataset for

three divisions to show correlation between observed PCE and predicted PCE.
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Figure 4.26: Loading plot of porphyrin dataset for all the respective divisions.
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Figure 4.27: Score plot of porphyrin dataset for all the respective divisions

209|Page



c
2
[%2]
[%2)
S
O
2
)
=)
c
<
=
>
(%)
6
o

DModX Applicability Domain of Porphyrin Dataset (Division 1)

D-Crit(0 00999898

L] [
(maon)[s]gdxpopia

Obs ID (Primary)

1318

1

M1-D-Critl

DModX Applicability Domain Plot of Porphyrin Dataset (Division 2)

D-Crit(0.00999898)

Ll L

(maon)lelg dxpoma

Obs ID (Primary)

M1-D-Criz[3]

DNModX Applicability Domain Plot of Porphyrin dataset (Division 3)

D-Crit(0.00999898)

o L]

-

(uron)els dxpena

e T O D S S

=en
e

I 0 O I SO S I A I I e I TR S

Obs ID (Primary)

M1-D-Crit[3]

Ive

DModX Applicability domain plot of porphyrin dataset for all the respect

Figure 4.28

ivisions

d

210|Page



Chapter 4 Result And Discussion
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Figure 4.29: Y-Randomization plot of porphyrin dataset for all the respective divisions

4.2.1.3 Modeling of PCE of Triphenylamine dyes
The significant descriptors used for the modelling of PCE of the triphenylamine dyes are shown
in the form of mathematical equations in the Box-3. The details of the physicochemical and
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structural descriptors of the QSPR and g-RASPR PLS models are represented in Table 4.9, and

the description of the RASPR descriptors are shown in the Table 4.10. The importance of the
descriptors is represented in the form of bubble plots and is shown in Figure 4.30. The PLS plots

of all the respective divisions are shown from Figures 4.31 to 4.34.

Box-3
Triphenylamine dataset

QSPR Models
M1 (Division 1) PCE = 4.997 —29.450 X GD + 0.503 X nRCOOH — 1.586 X nArCOOH —
3.132 x nImidazoles + 0.676 X C — 019 + 0.543 X SsssCH — 3.026 %
BO2[N — S] + 1.355 x BO5[0 — S] — 1.358 x BO7[0 — S] + 2.100 X F06[C — F]

M2 (Division 2) PCE = —0.034 + 1.064 X nRCOOH — 1.315 X nArCOOH + 0.234 X C — 026 —
2463 X C — 043 4+ 0.161 X SaaaC + 2.446 X MaxsssCH + 0.438 X MaxaaS +
0.972 X BO4[N — 0] — 1.574 x B07[0 — S] + 1.339 x B08[C — N]

M3 (Division 3) PCE =10.021 + 3.218 X minsssCH — 1.547 X nArCOOH — 0.478 X mindS +
0.748 X NssS — 2.309 X MaxaasC + 1.113 X BO5[0 — S] — 60.619 X GD —
1.621 X BO4[N — N] — 2.969 x C — 043 — 1.753 x B07[0 — S]

RASPR Models
M4 (Division 1) PCE = 1.517 + 0.451 X RA function(GK) + 3.559 X g,, * SD Similarity +
0.686 X Neg. Avg. Sim + 0.287 X nRCOOH — 0.500 X nArCOOH —
2.083 x nImidazoles + 0.623 X SsssCH + 0.602 x BO5[0 — S] — 0.668 x
BO7[0 — S] + 1.778 X F06[C — F]

M5 (Division 2) PCE = 3.434 —2.480 x CVact(LK) + 0.295 X MaxPos(LK) — 1.120 x
Avg.Sim. (LK) + 0.717 X g,, * Avg.Sim. + 0.496 X g,, * SD Similarity —
1.446 X C — 043 + 0.784 x MaxaaS + 0.776 x BO4[N — 0] — 1.642 x B0O7[0 —
S] + 1.276 X BOS[C — N1

M6 (Division 3) PCE =6.618+ 1.601 X MaxPos(GK) + 4.017 X g,, * SD Similarity +
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2.736 X minsssCH — 0.982 x nArCOOH — 0.300 X mindS — 1.635 x
MaxaasC + 0.975 x BO5[0 — S] — 36.879 x GD — 0.628 x BO4[N — N] —

1.439 x C — 043

Table 4.9: The description of the modelled structural and physicochemical descriptors of
QSPR and g-RASPR PLS models of triphenylamine dyes.

Feature Meaning Model

GD Graph density (GD) is a constitutional indices descriptor which is | M1, M3, M6
derived from H-depleted molecular graph and calculated by
following equation:

D = 2.nBo
nSK.(nSK — 1)

nBo = number of non-hydrogen bonds (edges)
nSK = number of vertices in the graph

nRCOOH It is functional group count descriptor that represent the number of | M1, M2, M4
aliphatic carboxylic acid present in the molecular structure.

nArCOOH It is functional group count descriptor that represent the number of | M1, M2, M3,
aromatic carboxylic acid present in the molecular structure. M4, M6

nimidazoles It is functional group count descriptor that represent the number of | M1, M4
imidazole group present in the molecular structure.

C-019 It is an atom centred fragment descriptor that represent the fragment | M1
=CRX (R: any group linked through carbon, X: any electronegative
atom (O, N, S, P, Se, halogens), =: double bond).

SsssCH It is an atom type E-state indices descriptor that represent the sum of | M1, M4
sssCH (single, single and single bond) E-states.

BO2[N-S] It is a 2D atom pair descriptor that represent the presence or absence | M1
of nitrogen and sulfur atoms at a topological distance of 2.

BO5[0-S] It is a 2D atom pair descriptor that represent the presence or absence | M1, M3, M4,
of oxygen and sulfur atoms at a topological distance of 5. M6

BO7[0-S] It is a 2D atom pair descriptor that represent the presence or absence | M1, M2, M3,
of oxygen and sulfur atoms at a topological distance of 7. M4, M5
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FO6[C-F] It is a 2D atom pair descriptor that represent the frequency of carbon | M1, M4
and sulfur atoms at a topological distance of 6.

C-026 It is an atom centred fragment descriptor that represent the fragment | M2
R--CX--R (R: any group linked through -carbon, X: any
electronegative atom (O, N, S, P, Se, halogens), --: an aromatic bond
or delocalized bonds).

C-043 It is an atom centred fragment descriptor that represent the fragment | M2, M3, M5,
X--CR.X (R: any group linked through carbon, X: any | M6
electronegative atom (O, N, S, P, Se, halogens), --: an aromatic bond
or delocalized bonds, ..: aromatic single bonds).

SaaaC It is an atom centred fragment descriptor that represents the sum of | M2
aromatic carbons (-C(-)-) (-: aromatic bonds)

MaxsssCH It is an atom type E-state indices descriptor that represent Maximum | M2
single bond, single bond, and single bond CH atom (>CH-) E-state.

MaxaaS It is an atom type E-state indices descriptor that represent Maximum | M2, M5
aromatic bond, aromatic bond sulfur atom (aSa) E-state.

BO4[N-O] It is a 2D atom pair descriptor that represent the presence or absence | M2, M5
of nitrogen and oxygen atoms at a topological distance of 4.

BO8[C-N] It is a 2D atom pair descriptor that represent the presence or absence | M2, M5
of carbon and nitrogen atoms at a topological distance of 8.

minsssCH It is an atom type E-state indices descriptor that represent the | M3, M6
minimum single bond, single bond, and single bond CH atom ( >CH-)

E-state.

mindS It is an atom type E-state indices descriptor that represent the | M3, M6
minimum double bond sulfur atom (=S) E-state.

NssS It is an atom type E-state indices descriptor that represent the number | M3
of single bond, single bond sulfur atom (-S-) E-state.

MaxaasC It is an atom type E-state indices descriptor that represent the | M3, M6
Maximum aromatic bond, aromatic bond and single bond carbon
atom (aCa-) E-state.

BO4[N-N] It is a 2D atom pair descriptor that represent the presence or absence | M3, M6
of two nitrogen atoms at a topological distance of 4.
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Table 4.10: Descriptors of the g-RASPR PLS models of the Triphenylamine dataset

Descriptors Model Description

RA function M4 It is a RASPR descriptor which is like a latent variable containing
information of all the selected structural and physicochemical
descriptors This descriptor shows a positive contribution to the PCE in
the model M4 and also has the highest importance to the PCE, as
shown in the Figure 4.30.

gm*SD Similarity | M4, M5, | It is the product of gm (a concordance measure) and SD Similarity

M6 (standard deviation of the similarity value of the selected close source

compounds). This descriptor shows a positive contribution to the PCE
in all the g-RASPR PLS models.

Negative M4 This RASPR descriptor represents the average similarity value of the

Average selected negative close source compound where negative compounds

Similarity are selected based on the training set mean value. This descriptor

(Neg.Avg.Sim.) shows a positive contribution to the PCE values in model M4.

Ccv activity | M5 This descriptor shows the highest importance to the predictions in

(CVact) model M5 which basically represents the coefficient of variation of the
observed response values of the selected close source compounds. This
descriptor shows a negative contribution to the PCE in model M5.

MaxPos M5, M6 This descriptor represents the maximum similarity level to the Positive
closest source compound based on the mean value of training set
observed response. This descriptor has the highest importance to the
predictions in model M6 and shows a positive contribution in both the
models M5 and M6.

Average M5 It is the average of the similarity values of the selected close source

Similarity compounds, and it shows a negative contribution to the PCE values in

(Avg.Sim.) model M5.

gm™ Avg.Sim. M5 This RASPR descriptor shows a positive contribution to the PCE in

model M5 which is basically a product of gn and average similarity.
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Figure 4.31: Loading plot of triphenylamine dataset for all the respective divisions.
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Score Plot of Triphenylamine Dataset (Division 1)
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Figure 4.32: Score plot of triphenylamine dataset for all the respective divisions.
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Y Randomization Plot of Triphenylamine Dataset (Division 1) R2
PCE Intercepts: R2=(0.0, 0.0223), Q2=(0.0, -0.146)
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Figure 4.34: Y-Randomization plot of triphenylamine dataset for all the respective

divisions.
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4.2.2 Machine Learning model development

In this study, we have additionally developed machine learning models with QSPR and g-
RASPR modelled descriptors at default hyper-parameter settings. The machine learning models
are developed with standardized descriptors and response values where standardization is
performed based on the mean and standard deviation of the training sets. The results of the
machine learning models are represented in Table 4.11. For the purpose of comparison, we have

also developed PLS models with standardized datasets using the same number of latent variables.

Table 4.11: Results of machine learning models

5128 = =S - - B B B I I -
QSPR |092 | 046 | 059 | 054 |023 |0.29 | 046 |046 |045 |0.58 |0.74
L
“| RASPR |93 |050 |056 |050 |0.20 |0.26 |043 |043 |042 |062 |076
o PR 1063 [039 |064 [061 |052 |061 |046 | 046 |045 |059 |0.74
(@)
| RASPR |74 [049 |058 |051 |045 | 051 |042 |042 |041 |063 | 077
. QSPR 1090 | 050 | 057 |049 [025 | 032 |049 |048 |048 |056 |0.72
2 7| Rraser 0.94 |047 | 058 |053 |018 |024 [040 |0.40 |039 |065 |0.78
:é 1] ol PR |o094 037 |066 |063 |019 |024 |042 |042 [041 |061 |077
5] O
E | RASPR |08 |046 |059 |053 |011 |014 | 041 |041 |040 |064 |077
<| PR o6 |052 [054 |048 |0.41 |056 |053 |053 |052 | 057 |069
% | RASPR 0.66 |0.49 | 055 |051 |042 |058 059 |059 | 058 |052 |0.65
S| QSPR | 060 |055 |0.55 |045 |049 |063 |057 |057 |056 |052 |0.66
% RASPR [0.60 |0.55 | 053 |044 |048 |063 |062 062 |0.62 |051 |0.62
x| QSPR 1060 |056 |053 |044 | 050 |063 |057 | 057 |056 |051 |0.66
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RASPR 1 061 | 056 |052 | 043 049 |062 |062 |062 |061 |051 |0.62
o PR 060 |055 |054 |044 [050 |0.63 |057 057 057 |051 |0.66

-
“| RASPR | 061 | 056 |052 |044 |049 |062 |062 |062 | 061 |050 |0.62
| QsPR [oS1 [046 |057 054 [022 [0.30 |0.39 | 039 |036 | 065 | 080
@ TRASPR |0.92 |040 | 060 |059 | 022 | 029 |0.38 |038 |0.35 | 067 |0.80
| QSPR™[0.65 040 |061 |059 |050 |059 |045 |045 |042 |060 |0.76
2| RASPR | 0.65 | 0.40 |061 |0.60 | 050 |059 |0.46 |0.46 | 043 |061 |0.75
QSPR | 087 | 046 | 058 |054 |0.26 |0.36 | 046 |046 | 044 | 063 |0.75
B RASPR |0.88 | 0.42 |050 |058 |0.26 |0.34 |045 |0.45 | 042 |0.66 |0.76
| QSPR 092 [036 |0.62 |0.63 |020 |028 |025 |025 |0.22 |0.73 |0.88
Q| RASPR |0.92 | 039 |060 |0.60 | 021 |028 |0.30 |0.30 | 027 |0.73 |0.85
2[ S| QSPR 068 [054 |053 045 |041 (056 |054 |054 |052 056 | 069
>| RASPR |0.68 | 054 | 054 |045 | 042 | 057 |062 | 062 |060 |052 |0.63
| QSPR 057 050 056 |049 |051 |065 |06L |06l |059 | 050 | 0.64
i’ RASPR 1058 | 052 |055 | 047 | 050 |064 |065 |065 [064 |053 |0.60
QSPR |059 | 053 | 056 |046 |052 |0.64 |064 |064 |0.63 | 050 |0.61

o
“! RASPR [059 |053 | 055 |046 |05L |0.64 |067 |0.67 |0.65 |050 |0.59
QSPR | 050 |0.54 | 056 |046 |052 |0.64 | 064 |064 |0.63 |050 | 061
JTRASPR 059 | 053 |055 |046 | 051 | 064 |067 |067 |065 |051 |059
| QsPrR 089 039 [062 [060 [025 |033 |058 |0.58 |06l |047 |062
@ TRASPR |0.92 |044 | 055 |056 | 021 |029 |044 | 044 |048 | 054 |0.72
o | QSPR |063 |040 |062 |059 |052 |061 |052 |052 |055 |054 |0.67
2R [ RASPR | 071 |042 | 059 |058 | 046 |054 |053 | 053 | 056 | 054 |0.66
| QsPR |086 [041 [062 058 |029 |037 |063 |063 |0.66 |042 | 058
3|O [ RASPR | 094 |035 |0.61 |0.65 |0.18 |024 | 050 |050 |053 |0.54 |0.68
o | QSPR [092 025 |0.70 | 074 |019 |0.27 |053 |053 |056 |0.52 | 0.66
S [ RASPR | 098 |035 |062 | 065 |012 |015 |037 | 037 |041 |058 |0.77
= | QSPR |064 |052 |054 |048 |044 |060 |057 |057 |0.60 |046 | 063
% | RASPR | 068 |052 | 054 | 048 |040 | 056 |048 | 048 | 051 |051 |0.70
L 4 QSPR | 056 |051 |056 | 049 |050 |0.66 |0.55 | 055 |057 |0.48 |0.65
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RASPR | 056 | 048 | 059 |051 |051 066 |063 |063 | 065 |043 |0.59
_ | QSPR [059 |053 |056 |047 [052 [064 |059 059 062 |047 |06
@ RASPR |0.60 | 0.54 |0.56 | 046 |052 |0.63 |0.67 | 067 |069 |042 | 055
.| QSPR [059 |053 055 |047 |051 |0.64 |0.60 |0.60 |0.62 | 047 | 061
-
o [ RASPR |059 | 054 | 056 |046 |052 |0.64 |0.67 |066 |069 | 042 | 056
| osPR o052 049 [054 [051 [021 [0.28 [069 [0.69 [072 [0.43 | 053
@ [TRASPR |0.93 |046 |056 |054 |0.20 |0.27 |061 |061 |064 |046 | 059
| QSPR 065 [0.40 [061 [059 (050 059 |055 |0.55 060 |052 |0.63
S RASPR |0.70 | 043 | 061 | 057 | 048 | 055 | 061 |06l |064 |049 |059
QSPR | 089 |041 | 058 | 058 | 026 | 033 |065 |065 |068 |045 | 056
B RASPR |092 | 036 |061 |064 |023 |029 |058 | 058 |062 |049 |06l
| QSPR 093 [0.42 [057 [057 [0.20 |0.27 |065 |0.65 |068 | 046 |0.56
Q| RASPR [098 |041 | 058 | 058 |0.12 |0.16 |0.60 |0.60 |0.64 |0.48 |0.60
1 =| QSPR [067 049 |054 [05L |040 |057 |062 |062 |066 |046 |058
> RASPR | 067 |048 |055 |052 |040 |057 | 070 |0.70 |0.73 | 0.41 | 052
_| OSPR |055 [052 [054 |04 051 |067 |054 [054 [058 | 052 | 064
i’ RASPR | 056 | 053 | 052 |046 |0.49 |066 |066 |066 |069 |045 |0.55
£ QSPR | 056 |052 | 054 | 048 | 051 | 066 |051 | 051 |056 | 055 |0.66
s; I RASPR | 057 | 052 | 052 | 047 | 050 |0.66 | 065 | 065 |068 |047 |056
£ QSPR | 056 |052 | 054 | 048 | 051 |0.66 | 050 | 050 | 055 | 056 |0.67
I RASPR | 057 | 052 |052 |048 |050 |066 |064 | 064 | 068 |047 |057
| esPR [os1 046 [056 [053 [022 [0.30 [057 [0.57 057 [0.49 | 065
@ TRASPR |0.93 |046 |059 |054 |0.21 |027 |057 |057 |058 | 050 |0.65
| QSPR™[061 041 |060 |058 |053 |063 |048 |048 |049 |057 |0.72
2| RASPR |0.70 | 0.47 | 059 |053 | 048 | 054 |058 | 058 |059 |0.46 |0.64
QSPR | 086 |050 | 055 | 050 |0.28 | 037 |055 | 055 |056 |052 |0.67
2| S| RASPR 091 | 046 |059 |053 | 024 | 030 |044 |044 | 045 |055 |0.74
| QSPR 088 [0.49 [055 [051 [0.25 [035 |060 |0.60 |060 |050 |0.63
Q] RASPR | 097 |044 |059 | 055 |0.14 |0.19 | 048 |048 |049 | 055 |0.71
=| QSPR [065 [051 |053 [049 |041 [059 060 |060 |061 |045 |0.62
2| RASPR |070 | 051 |054 | 049 | 039 | 055 | 065 |065 |065 |042 |059
»J QSPR | 052 |049 |054 | 051 |051 |0.69 |0.60 |060 |0.60 |0.47 |0.63
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RASPR 1 056 | 051 |054 |049 |050 |0.66 |064 |064 |0.65 |044 |059

QSPR [055 |050 |055 | 050 | 053 |0.67 |0.62 062 |0.62 |0.46 |0.61

€| RASPR [057 [053 [053 |047 051 [065 |066 |0.66 |0.66 |0.43 |0.58

5| QSPR 054 [050 [0.55 [049 [053 [0.67 [061 [0.61 |0.62 |046 |0.62

o[ RASPR | 057 |053 |053 | 047 |051 |065 |0.66 |0.66 |067 |043 |058

| QsPr 091 [050 [053 [050 [0.22 029 [057 [057 [059 [0.49 |064

@ "RASPR [093 [046 |[055 |[054 [0.20 (026 |059 |059 |061 |049 |0.62

o | QSPR [063 [041 [061 [059 [051 [0.60 [050 [050 [052 [058 |0.69

R [ RASPR |068 |045 | 059 |054 | 048 |056 | 063 |0.63 |064 |048 |0.60

.| QSPR 083 [045 [056 [055 [0.30 [041 [0.58 |058 [060 [0.47 |063

O | RASPR [0.90 [0.46 [057 [054 [025 [0.32 [056 |056 |0.58 |0.49 |0.65

o | QSPR [086 [047 [056 [053 [0.28 [0.38 [058 |0.58 |059 |047 |0.64

S [RASPR |095 |046 |057 |053 |017 |023 |047 | 046 |048 | 057 | 072

3|5 | QSPR |066 [052 [053 048 |041 |0.58 [059 |0.59 060 046 |0.63

% | RASPR | 068 |049 | 054 | 050 |040 | 057 |0.64 | 064 | 065 |043 | 059

< | QSPR |054 |051 |054 049 |05L [0.68 |064 [0.64 [0.65 |046 |0.59

§ RASPR | 055 |052 |054 048 |051 |0.67 |0.70 |0.70 |0.71 |0.41 |0.54

| QsPR [055 [051 [055 [0.49 [052 [067 |063 063 [064 |048 [0.60

@ | RASPR |056 |052 | 054 |[048 |[051 (066 |0.70 |070 |0.71 | 041 |054

| QSPR 055 |051 [055 [049 [052 [067 [062 [062 [064 [048 |0.60

& | RASPR [056 |051 |054 | 048 |052 | 066 |069 |069 |070 |041 | 055

| QsPr 088 [033 066 [066 [0.28 [034 [0.50 [050 [051 [0.56 |0.70

@ "RASPR |093 [050 [055 [049 |[021 026 |0.47 |047 [048 [061 |0.72

| QSPR [054 [039 [064 [0.60 [057 |0.68 |[049 [0.49 [050 [062 [0.71

8 C| RASPR | 068 | 045 | 060 |055 | 048 |056 |045 | 045 |046 | 064 |0.73
§ . QSPR [0.76 |0.41 [062 [059 [037 [049 |[058 [058 |058 |054 |0.65
§‘ | RASPR | 089 |047 | 058 |052 | 026 |034 | 045 |0.45 | 046 | 062 |0.73
-§ | QSPR [076 039 [063 [0.61 [039 |049 [051 [051 |[052 [055 [0.69
Q[ RASPR | 093 |042 | 060 | 057 |021 |026 | 039 |0.39 |040 |0.66 |0.77

<| QSPR [062 [044 [061 056 [047 [0.62 |053 [053 [054 [056 |0.68

| RASPR [062 |[047 [060 |053 [0.47 [062 |060 |060 |0.61 |051 |0.62
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_| QSPR 083 Jo47 Toso [052 [054 [068 [053 [053 [053 [055 [ 068
i’ RASPR | 952 047 059 |053 |053 069 |059 |059 [060 | 052 |063
QSPR | 055 | 050 | 058 |050 | 055 |0.67 | 054 |054 |0.54 | 054 |0.67
@ TRASPR | 0.56 | 050 |058 |0.49 | 055 |067 |058 | 058 | 059 |054 |0.64
QSPR |055 |0.50 | 058 |050 |0.55 |0.67 |053 |053 |0.54 | 0.54 | 0.68
I RASPR | 055 | 050 |058 049 |056 |067 |057 | 057 | 058 054 |0.65
| QsPR [086 [045 [058 |055 |027 |037 |034 |034 |061 |050 | 063
@ TRASPR | 092 |045 |057 | 054 |021 |028 | 034 | 034 |060 |051 |0.63
| QSPR 054 [039 [0.63 |0.61 |056 |067 |040 | 040 |0.64 |0.49 |0.60
2 RASPR | 067 | 046 | 059 | 054 | 049 | 057 | 043 |043 |0.66 |0.48 |0.58
QSPR |080 |0.37 | 064 |062 |035 | 045 |046 |045 |0.67 | 048 |057
BT RASPR |0.90 | 044 | 057 | 055 | 025 |03L | 024 |0.24 |054 |053 |0.67
[ QsPR [081 [038 [0.63 |062 |033 |0.43 |040 |040 |064 |050 | 0.60
Q| RASPR |0.96 | 039 | 060 | 060 | 015 |020 | 019 |0.19 | 051 |0.56 |0.70
2[ S| QSPR | 0.63 [048 [058 |051 044 |060 |037 |037 |062 |052 |062
>| RASPR | 0.61 | 046 |050 |054 | 047 |062 |046 | 045 | 067 |050 |0.57
~| QSPR |052 [046 [060 |054 |054 |069 |042 |042 |065 |047 | 059
% RASPR | 055 | 049 | 057 |050 |0.52 |0.67 (060 |0.60 |076 |0.42 |0.49
QSPR | 054 | 048 | 058 | 051 |0.55 |0.68 |0.48 |0.48 |0.69 |046 |056

o
“| RASPR [056 |050 |0.57 |050 |054 |0.67 |06l |0.61 |077 |041 |0.48
QSPR |053 |048 | 058 |052 | 055 |0.68 | 052 |052 |0.71 | 0.44 | 054
JTRASPR 055 |050 |057 |050 | 054 | 067 |057 |057 |074 |044 |051
QSPR |091 |040 | 062 |059 |024 | 029 |050 |048 |0.60 | 050 |0.63
@ | RASPR | 091 |041 [060 [050 [023 |029 [053 |051 |063 |046 | 061
| QSPR |047 |033 |0.66 |067 |060 |0.72 |043 |041 |055 | 053 |0.67
R [ RASPR | 071 |041 | 061 |058 |047 |054 |047 | 045 |058 | 052 |0.64
3[ | QSPR [083 |043 |060 |057 |032 |041 |053 |05L |063 |049 |06
O ["RASPR | 001 |037 |06l |062 |024 |030 |049 | 047 |060 |053 |0.63
o | QSPR |085 |032 |0.66 |068 |030 |039 |050 |048 |060 |0.50 |0.63
S [ RASPR | 096 048 |060 |052 |016 |021 |052 | 050 |062 |047 |062
> | QSPR |066 |049 |059 | 050 | 044 | 058 | 047 |045 | 058 |0.52 |0.65
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RASPR | 069 |050 | 058 |050 |041 | 055 | 054 |052 | 064 | 049 |0.60
~ | QSPR |056 |048 |059 |05L |052 |0.66 |045 |043 |056 |054 |0.66
S
A RASPR | h57 1050 | 056 |050 |050 | 065 |060 |058 | 068 |047 |056
QSPR | 057 |052 | 056 |048 |052 | 065 |048 | 046 | 059 |054 |0.64
o
[neg
RASPR | 060 |055 |054 |045 |051 |063 | 063 |061 |071 |044 |054
| QSPR |057 |051 |056 |048 |053 |065 |049 |047 |059 |054 | 064
& [ RASPR | 060 |055 |054 |045 |051 |063 |062 |06l |070 | 045 | 055

From the results of machine learning models, we can see that in all the q-RASPR models,
external validation metrics are improved significantly compared to the QSPR models. Here, we
have also performed SHAP analysis on the training set compounds for all the best g-RASPR
machine learning models to identify the relative importance of a feature present in the models.
The relative importance of a feature in a machine learning model which is obtained from SHAP
analysis is represented in the form of summary plots, as shown in Figure 4.35. From the
summary plots, we can see for phenothiazines, the BO7[N-S] descriptor has highest contribution
to the predictions made by the models in division 1 and division 3, and for division 2, the X0Av
descriptor shows the highest importance. In case of the porphyrin dataset, the FO7[C-X]
descriptor shows the highest contribution to the predictions for all the three divisions, and for the
triphenylamine dataset, the descriptor RA function (GK), CVact (GK) and GD show the highest
contributions for all the three divisions respectively.
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Figure 4.35: Summary plot of g-RASPR machine learning models of phenothiazine,

porphyrin and triphenylamine dataset for all the respective divisions.

For all the selected g-RASPR machine learning models, we have developed 3D surface plots to
identify under-predictions and over-predictions made by machine learning models, which is
shown in Figure 4.36. Here, the 3D surface plots are generated by plotting the residual values
along the z axis, response value along the y axis and the most important descriptor (determined

by the SHAP values) value along the x axis, using the NCSS software (https://www.ncss.com/).

The depth of the plot is represented by the z axis (residual value) which is colored based on the
different range of values. From this color difference, we can find out under-prediction and over-
prediction regions and also find out the reason of such predictions, i.e., whether it is influenced
by the response value or the value of a descriptors. In this plot, the red colour indicates the
under-predictions made by the models, while the over-predictions are indicated by the violet and
blue colours. From this plot, we can find out that for all the datasets. The under-predictions are
made by a model when the response values are higher side, while the models give over-
predictions when the response values are lower side. For divisions 1 and 3 of the phenothiazine
dataset, the under-predictions made by the model is mainly dependent on the response value

irrespective of descriptor values, but over-predictions are made by a model when both the
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descriptor values and the response values are in the lower side. For division 2 of the

phenothiazine dataset, under-predictions are made by a model when both the descriptor values
and the response values are in the higher side, and over-predictions are made by a model when
both values are in the lower side. For all the divisions of the porphyrin dataset, over-predictions
are made by a model with lower values of the descriptor and the response, while under-
predictions are made by a model when both of these values are in the higher side. For division 1
of the triphenylamine dataset, under-predictions are made by a model when both the descriptor
and response values are in the higher side, while over-predictions are made by the model with
lower values of the response and the descriptor. For divisions 2 and 3 of the triphenylamine
dataset, under-predictions are made by the models with lower values of the descriptor along with
higher values of the response, and over-predictions are made when both descriptor and response
values are in the higher side.

Division 1 Division 2 Division 3
(a) LSVM Surface Piot of Residual (b) RR Surtace Piot of Residual (¢) RR Surface Piot of Residual

Residuat
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Figure 4.36: 3D surface plots of the g-RASPR machine learning models of the

phenothiazine, porphyrin and triphenylamine datasets for all the respective divisions.
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4.2.3 Predictions of the removed compounds (True external set)

All the developed machine learning models were used for the prediction of the compounds which
were initially removed from the dataset before modeling based on their outlier behavior. The
result of the predictions made by the selected machine learning model is represented in Table
4.12, in terms of MAE and RMSEP. From the results, we can find out that, in most of the cases
MAE and RMSEP are reduced significantly for RASPR method compared to QSPR method,
which signifies that the RASPR method helps to improve the external predictivity.

Table 4.12: Results of the predictions made by machine learning models for the true

external set.

Dataset Division Method Models MAE RMSEP
QSPR 1.03 1.33
RF
RASPR 1.02 1.21
QSPR 1.03 1.26
ADB
RASPR 1.05 1.27
QSPR 1.02 1.33
GB
RASPR 1.02 1.32
Phenothiazine 1 QSPR 1.04 1.43
XGB
RASPR 1.03 1.24
QSPR 1.06 1.34
SVM
RASPR 0.99 1.19
QSPR 1.28 1.58
LSVM
RASPR 1.27 1.57
RR QSPR 1.24 1.56
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RASPR 1.20 1.51
QSPR 1.21 1.54
PLS
RASPR 1.21 1.52
QSPR 0.97 1.26
RF
RASPR 1.08 1.38
QSPR 1.05 1.26
A
DB RASPR 1.06 131
QSPR 0.88 1.19
GB RASPR 1.05 1.45
QSPR 1.08 1.39
XGB RASPR 1.18 1.48
QSPR 0.99 127
SVM RASPR 1.04 134
QSPR 1.14 1.40
LSVM
RASPR 1.28 1.49
QSPR 1.11 1.39
RR
RASPR 1.22 1.48
QSPR 1.14 1.42
PL
S RASPR 1.25 1.50
QSPR 1.01 1.23
RF
RASPR 1.08 127
QSPR 1.06 1.28
ADB
RASPR 1.05 127
QSPR 0.93 1.20
GB
RASPR 1.14 1.36
QSPR 1.02 1.32
XGB
RASPR 1.02 1.34
QSPR 1.01 1.28
SVM
RASPR 0.97 1.18
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QSPR 1.28 1.48
LSVM

RASPR 1.25 1.48
QSPR 1.19 1.49

RR
RASPR 1.15 1.39
QSPR 1.20 1.51

PLS
RASPR 1.17 1.41
QSPR 0.60 0.75

RF
RASPR 0.49 0.61
QSPR 0.58 0.72
ADB RASPR 0.52 0.61
QSPR 0.68 0.86
GB RASPR 0.46 0.57
QSPR 0.57 0.74
XGB RASPR 0.52 0.65
QSPR 0.63 0.73
SVM RASPR 0.59 0.68
QSPR 0.97 1.43

LSVM

Porphyrin RASPR 0.86 1.27
QSPR 0.95 137
RR RASPR 0.83 1.23
QSPR 0.94 1.32
PLS RASPR 0.83 1.20
QSPR 0.63 0.78

RF
RASPR 0.62 0.78
QSPR 0.69 0.84
ADB RASPR 0.71 0.87
QSPR 0.62 0.80
GB RASPR 0.64 0.87
XGB QSPR 0.65 0.86
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RASPR 0.65 0.83
QSPR 0.58 0.70
SVM
RASPR 0.64 0.76
QSPR 0.89 1.09
LSVM
RASPR 0.82 1.01
QSPR 0.78 0.98
RR RASPR 0.75 0.93
QSPR 0.81 1.00
PLS RASPR 0.75 0.92
QSPR 0.66 0.82
RF
RASPR 0.59 0.74
QSPR 0.63 0.75
ADB
RASPR 0.56 0.69
QSPR 0.62 0.77
GB
RASPR 0.64 0.78
QSPR 0.64 0.79
XGB
RASPR 0.60 0.73
QSPR 0.57 0.68
SVM
RASPR 0.52 0.65
QSPR 0.86 1.07
LSVM
RASPR 0.71 0.90
QSPR 0.77 0.98
RR
RASPR 0.68 0.88
QSPR 0.76 0.96
PLS
RASPR 0.67 0.87
QSPR 0.57 0.72
RF
RASPR 0.62 0.80
Triphenylamine QSPR 0.49 0.67
ADB
RASPR 0.60 0.77
GB QSPR 0.74 1.06
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RASPR 0.73 0.96
QSPR 0.66 0.80
XGB RASPR 0.76 0.99
QSPR 0.63 0.81
SVM RASPR 0.58 0.75
QSPR 1.00 1.53
-V RASPR 1.18 1.81
QSPR 1.00 1.48
RR RASPR 1.06 1.71
QSPR 1.01 1.51
PLS RASPR 1.00 1.51
QSPR 0.64 0.83

RF
RASPR 0.60 0.77
QSPR 0.71 0.84
ADB RASPR 0.54 0.69
QSPR 0.66 0.89
GB RASPR 0.70 0.96
QSPR 0.63 0.81
XGB RASPR 0.69 0.86
QSPR 0.58 0.77
SVM RASPR 0.59 0.75
QSPR 0.67 0.88
HSVM RASPR 0.59 0.7
QSPR 0.64 0.82

RR
RASPR 0.61 0.76
QSPR 0.62 0.78
PLS RASPR 0.59 0.76
QSPR 0.62 0.76

RF
RASPR 0.49 0.64
ADB QSPR 0.60 0.78
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RASPR 0.52 0.68
QSPR 0.51 0.70
GB
RASPR 0.42 0.57
QSPR 0.58 0.75
XGB
RASPR 0.58 0.69
QSPR 0.50 0.70
SVM
RASPR 0.48 0.66
QSPR 0.95 1.29
LSVM
RASPR 0.53 0.86
QSPR 0.91 1.25
RR
RASPR 057 0.87
QSPR 0.86 1.16
PLS
RASPR 0.56 0.88
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5. CONCLUSION

Conclusions convey both the success and failure of an experiment's findings. The success of any
type of study is determined by the findings and conclusions reached, which may reveal
previously unknown or unexplored scientific explanations. These findings may lead to a better
understanding and deeper knowledge of the specific area where the studies were conducted. The
results and explanations reflect the various concepts included in the work as well as the various

methodologies used.

In the present study, we have developed different predictive models using RASPR descriptors,
derived from the similarity-based read-across method. The RASPR descriptors are calculated
from different physicochemical and structural descriptors using various non-linear similarity
functions. Here, we implemented a simple and straightforward yet robust formalism in
computing descriptors, developing models, evaluating their prediction reliability in defined
chemical space, and diagnosing chemical information in accordance with OECD guidelines. The
models were developed using various chemometric tools and were subjected to internal and
external validation to confirm their unbiased predictability. In some cases, developed models

were also put through a randomization test for validation.

5.1 Machine learning - based g-RASPR modeling of power conversion efficiency of organic
dyes in dye-sensitized solar cells

Solar energy is one of the most important forms of renewable energy that meets the increasing
demand for electrical energy. Various in-silico approaches have been used to predict the power
conversion efficiency (PCE) of DSSCs using structural and physicochemical features of dyes. In
the present study, we have used RASPR descriptors along with 2D structural descriptors for the
development of Partial Least Squares (PLS) and Machine Learning models of coumarin,
carbazole, indoline and diphenylamine dyes. The developed models are statistically robust, and
all the models show acceptable results for the internal validation and enhanced values of external
validation metrics which indicate the importance of RASPR descriptors. We have performed
different cross-validation statistics to determine the quality of the developed model. We also

performed SHAP analysis on the training sets for all four datasets to determine the feature
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importance toward the endpoints. Using the developed and validated models, the PCE of a newly

designed molecule can be determined before its synthesis and it can save a lot of time, money,
and resources. The software tools used for our work are easy to operate and most of them are
freely accessible which makes the modeling exercise simple and inexpensive. Hence, our
developed models can give a direction for scientists and researchers present in different research
areas or industrial organizations to design and synthesize new dyes. In this way, time, resources,
and cost involved in the synthesis and experimentation can be reduced which helps to develop

more efficient molecules.

5.2 Application of machine learning-based read-across structure-property relationship
(RASPR) as a new tool for predictive modelling: Prediction of power conversion efficiency
(PCE) for selected classes of organic dyes in dye-sensitized solar cells (DSSCs)

In this study, we have presented the g-RASPR approach for the prediction of power conversion
efficiency of dye-sensitized solar cells. This similarity-based method uses non-linear functions to
calculate the similarity between a target compound and selected close source compounds using
different structural and physicochemical descriptors. In the g-RASPR method, different
similarity and error measures obtained from read-across predictions, along with initial structural
and physicochemical descriptors, are used for the development of predictive models. In the
present study, three different classes of dyes were used for modeling, and from each dataset, 10
percent of compounds were removed based on high leverage values before modeling due to
modelability issues. The reduced datasets were then divided into training and test sets with three
different combinations, where the training set is used for statistical model development, and the
test is used for model validation. The selection of features was performed using genetic
algorithm (GA) and best subset feature selection method for the development of QSPR models.
Initially we have developed QSPR partial least squares (PLS) models with these selected
features, and then these modelled features were used for the calculation of RASPR descriptors.
The g-RASPR PLS models were developed after data fusion between the calculated RASPR
descriptors and the initial physicochemical and structural descriptors. All the developed g-
RASPR models were statistically robust, and all the models show acceptable values of the
external validation metrics to become statistically reliable predictive models. For all the

developed g-RASPR PLS models, external validation metrics have improved significantly
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compared to the corresponding QSPR PLS method, which signifies the importance of the
RASPR descriptors. We have further developed machine learning (ML) models with the
modelled descriptors of QSPR and RASPR PLS models, and here also RASPR ML models have
higher values of the external validation metrics as compared to their corresponding QSPR ML
models. The developed models can be used for the efficient predictions of PCE for newly
designed molecules even before their synthesis, which will help to reduce the wastage of time,
money, and resources. Hence, the developed models can help different researchers across
different fields or different organizations to design and synthesize new dyes. In this way, the
cost, time, and resources involved in the experimentation and synthesis of a molecule can be
reduced which will help to design a molecule that can show improved performance compared to

the previously used molecules.
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Different computational tools are now popularly used as an alternative to experiments for predicting several
property endpoints of industrial importance. Recently, read-across and quantitative structure—property
relationship (QSPR) have been merged to develop a new modeling technique read-across structure—
property relationship (RASPR) which appears to have much potential in predictive modeling. This
approach is also promising for modeling relatively smaller data sets as the similarity-based RASPR
descriptors are computed from multiple structural and physicochemical features. To understand the
potential of RASPR in data gap filling, we have undertaken a case study of modeling Power Conversion
Efficiency (PCE) of different classes of organic dyes used in Dye-Sensitized Solar Cells (DSSCs) for
renewable energy generation. We have used a large dataset of 429 compounds covering 4 classes of
organic dyes. We initially performed read-across analysis using different similarity measures with
structural analogues for query compounds and calculated the weighted average predictions. Based on
the read-across optimized settings, RASPR descriptors were calculated, and these were then merged
with the chemical descriptors, and finally, a single partial least squares (PLS) model was developed for
each of the dye classes after feature selection, followed by additional Machine Learning (ML) models.

The external prediction quality of the final RASPR models superseded those of the previously developed
Received 7th April 2023

Accepted 20th June 2023 QSPR models using the same level of chemical information. The important structural features and

similarity measures contributing to the PCE have been extracted using the RASPR method which can be
DOI: 10.1039/d35e00457k used to enhance the PCE values in the newly designed dyes. The RASPR method may also be efficiently

rsc.li/sustainable-energy applied in modeling other properties of interest in a similar manner.

development. PV solar cells can be classified into four genera-
tions based on their structural composition; 1st generation
(Silicon Wafer based), 2nd generation (thin film based), 3rd
generation (organic material-based), and 4th generation
(perovskite-based solar cells).* Dye-Sensitized Solar Cells
(DSSCs) represent one of the important types of 3rd generation
PV solar cells in which different types of organic dyes are used
as photosensitizers.®

The basic architecture of DSSCs is shown in Fig. la. It
consists of 7 layers, namely a transparent substance (mainly
glass or polymer), a transparent conductive oxide (TCO) layer
(mainly Fluorine doped tin oxide (FTO), and Indium doped tin
oxide (ITO) are used), a blocking layer (ZnO, In,03, MgO, etc.),
a semi-conductive oxide (SCO) layer (mainly TiO,) coated with
photoactive dye, electrolyte solution and a counter electrode

Introduction

Population growth has resulted in a significant rise in energy
demand. To address this issue, alternative sources of energy in
the form of renewable resources like solar energy, wind energy,
geothermal energy, etc. should be increasingly used.' Solar
energy has been one of the most significant forms of renewable
energy where the energy coming from the sun in the form of
heat, and the radiation is converted into electrical energy by
photovoltaic (PV) solar cells.> The benefits of assimilating solar
energy lie in its free availability, environmental friendliness,
and sustainability.® PV solar cells have undergone significant
changes in their structures and composition since their
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India. E-mail: kunalroy_in@yahoo.com; kunal.roy@jadavpuruniversity.in; Fax: +91-
33-2837-1078; Tel: +91 9831594140

T Electronic supplementary information (ESI) available: SI-1 contains some
details of different ML methods, different PLS model plots, cross-validation
plots and SHAP plots. SI-2 contains raw data files in the Excel format. SI-3
contains SHAP partial dependence plots and a list of new designed dyes. See
DOI: https://doi.org/10.1039/d3se00457k

3412 | Sustainable Energy Fuels, 2023, 7, 3412-3431

(Pt). In DSSCs, transparent substance — TCO layer - blocking
layer — SCO layer - dye together form a photoanode (PA), and
counter electrode — TCO layer - transparent substance is united
to form the cathode. Electrolytes like iodide/triiodide (I /I;")
solution is used for the preparation of DSSCs, where the elec-
trolytes play an important role in the regeneration of dye by
redox reaction.® In DSSCs, the electrons are generated when the

This journal is © The Royal Society of Chemistry 2023
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Fig. 1 (a) Basic structure of a Dye-Sensitized Solar Cells (DSSCs) (b) Mechanism of electricity generation in DSSCs.

dye undergoes photoexcitation by absorbing radiation coming
from the sun. The electrons are excited to the lowest unoccu-
pied molecular orbital (LUMO) from the highest occupied
molecular orbital (HOMO), and subsequently, electrons are
transported to the TCO layer by the conduction band of the
nanostructured SCO layer. From the TCO layer, the electrons
flow through the external circuit and get collected at the plat-
inum counter electrode site. The electrons are then transferred
to the HOMO of dyes for their regeneration by the redox reac-
tion of electrolytes which is catalyzed by a platinum counter
electrode.*” The whole process for the generation of electrons is
shown in Fig. 1b.

In DSSCs, the dye is the key element for the generation of
solar power, because it controls photon harvesting and electron
generation.” The dyes used in DSSCs can be classified into two
groups namely metal-based inorganic dyes and metal-free
organic dyes. The latter types are preferred due to having

This journal is © The Royal Society of Chemistry 2023

a low production cost, synthetically feasible, environment
friendly, and easy to modify structure.® Most of the metal-free
organic dyes have donor-m-acceptor (D-m-A) type structural
configuration in which conjugated m-systems like polyenes and
oligothiophenes act as 7 spacers and have a rod-like configu-
ration for the effective intramolecular charge transfer (ICT) by
photoexcitation. The donor units are composed of different
aromatic moieties like coumarins, triphenylamines, and
porphyrins while the acceptor end contains structures like
carboxylic acids and cyanoacrylic acids.”® The organic dyes have
lower solar power conversion efficiency (PCE) as compared to
the metal-based inorganic dyes due to the poor absorption at
red and near-infrared spectrum of solar radiation, charge
recombination at semi-conductive oxide layer surface and
aggregation of dyes.® In the recent past, different types of
structural modifications have been performed to increase the
absorption of solar radiation and PCE, like increasing the
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electron-donating ability of the donor and 7-spacer by intro-
ducing an electron-donating group or increasing the electron-
accepting ability of the acceptor by introducing the electron
withdrawing group or increasing the length of w-spacer.’
Therefore, by altering the structures, it is possible to generate
new dyes with higher PCE values while maintaining the same
properties for all other performance-controlling factors. For
designing a new dye molecule, a well-known scheme should be
developed and checked before the synthesis of the molecule.

In the last few years, due to the low cost in computational
methods and faster generation of results, in silico approaches
have been extensively used to explore molecules to determine
their properties. In silico approaches help to identify the active
structural moieties responsible for the desired property and
thus reduce synthetic complexities.'** Different types of in
silico approaches like Quantitative Structure-Property Rela-
tionship (QSPR),**** Read-Across (RA)'*'® and various Machine
learning (ML)""*° methods are being used in the field of mate-
rials science. QSPR is a method that represents a mathematical
relationship between the chemical structure and the property,
and are developed based on the Organization for Economic Co-
operation and Development (OECD) principles.**'* Read-across
(RA) is a similarity-based algorithm that predicts the response
value of the query compounds by utilizing the similarity values
of its close congeners, and this method is a potential alternative
to the QSPR approach where lower number of data points are
available.’** ML is a subset of Artificial Intelligence (AI) that
enables machines to learn from previous data and improve their
performance.’’>°

In the recent past, various in silico studies have been con-
ducted to explore the different classes of organic dyes.*"*' A
cascaded QSPR model was developed by Li et al?® using
quantum chemical molecular descriptors in which combined
quantum chemical calculation and machine learning methods
were used to establish a relationship between PCE and molec-
ular structures of different organic dyes. The PCE of
phenothiazine-containing DSSCs was modeled by Kumar and
Kumar* using the CORAL software employing hybrid descrip-
tors resulting from the combination of SMILES and hydrogen-
suppressed graph (HSG). Combined QSPR modeling and
quantum chemical analysis were performed by Kar et al.** for
273 arylamine organic dyes to understand the electron transfer
mechanism and photo-physical properties of dye. Venkatraman
et al.** developed a QSPR model for different phenothiazine
derivatives using different structural descriptors and eigen-
value (EVA) descriptors obtained from vibrational frequencies.
Krishna et al.*® developed multiple Partial Least Squares (PLS)
QSPR models for 1200 organic dyes of 7 classes, in order to
know the important structural features contributing to higher
PCE values. In the study, they have also designed 10 coumarin
dyes using important structural feature obtained from the
coumarin model with % PCE ranging from 8.93 to 10.62. Ven-
katraman et al.** designed 5 novel phenothiazine dyes by the de
novo design method using QSPR analysis and all new dyes show
PCE over 9%. Kar et al.*® developed a QSPR model to establish
the relationship between PCE and quantum chemical descrip-
tors calculated from density functional theory (DFT) and time-
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dependent DFT (TD-DFT) methods to understand the basic
electron transfer mechanism for arylamine-organic dye sensi-
tizers. Seven indoline-based dyes with D-A-m-A molecular
configuration designed using QSPR analysis were explored by
Roy et al.* using density functional theory (DFT) and time-
dependent DFT (TD-DFT) methods to wunderstand the
different optoelectrical properties of dyes used in DSSCs. A
QSPR model was proposed by Wen et al.>> which was obtained
by combining the machine-learning approaches and computa-
tional quantum chemistry method and was used for virtual
screening and to check the synthetic accessibility of the
different organic dyes. In silico methods are thus important not
only for the prediction of PCE values but also to explore the
important structural and physicochemical properties of dyes
that control the performance of DSSCs before synthesis of the
dyes to save time, money, and resources.

In the present work, we have adopted a novel Quantitative
Read-Across  Structure-Property Relationship  (q-RASPR)
approach, which is analogous to the Quantitative Read-Across
Structure Activity Relationship (q-RASAR) first reported by
Banerjee and Roy,*>* to generate different predictive models for
the PCE using a wide array of compounds from 4 different
classes. The q-RASPR is a supervised machine learning (ML)
approach and is a combination of Read-Across and QSPR.
Compound specific similarity and error-based measures were
used as RASPR descriptors and combined with the initial
descriptors to generate different predictive models.'>'*?*
Different ML approaches in the form of Random Forest (RF),
Gradient Boosting (GB), Extreme Gradient Boosting (or
XGBoosting), Support Vector Machine (SVM), Linear Support
Vector Machine (Linear SVM), Ridge Regression (RR) and Partial
Least Squares (PLS) models were adopted to predict the PCEs of
organic dye-based DSSCs.

Materials and methods
Data collection

The current work deals with g-RASPR modeling of different
organic dyes used in DSSCs for which experimental PCE and
descriptor values are collected from the previous literature.>® To
demonstrate the performance of the q-RASPR approach, in
comparison to the previous QSPR models using the same
combination of original descriptors and similarity descriptors
computed from them (same level of chemical information), we
have collected a total of 429 compounds distributed across 4
representative datasets, i.e. coumarins, carbazoles, indolines,
and diphenylamines. One of the primary objectives of the
current work is to evaluate the novel g-RASPR approach for the
enhancement of the quality of predictions of the power
conversion efficiency of DSSCs. As shown by Banerjee et al.
(2023),** q-RASPR models might be very useful even when the
data set size is small as the similarity-based descriptors derived
from the original structural and physicochemical variables act
like latent variables thus allowing the usage of a greater amount
of chemical information while using a lower number of
regressing variables thus maintaining a more favorable degree
of freedom. This is why we have taken here into consideration
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specifically the dye families with a relatively smaller number of
data points. The original training and test sets were retained for
the g-RASPR modeling analysis aiming at comparing with the
previously developed QSPR model by Krishna et al.>* We used
the same combination of structural and physicochemical
descriptors as used in the original analysis. The dataset in each
case was prepared by combining the descriptors of five indi-
vidual models of the previous work and removing the common
descriptors of these models. The logarithmic conversion of the
endpoint parameter PCE was not required as it represents the
performance of the solar cell. The datasets contain 56 coumarin
dyes (42 training and 14 test compounds), 35 diphenylamine
dyes (25 training and 10 test compounds), 179 carbazole dyes
(125 training and 54 test compounds), and 159 indoline dyes
(121 training and 38 test compounds). These datasets were used
as input files for the calculation of the RASPR descriptors. The
list of original structural and physicochemical descriptors used
for read-across similarity computations (Table S17) and the list
of similarity descriptors used in q-RASPR model development
(Table S2) are given in ESI SI-1.}

Read-across hyperparameter optimization

Read-across is a data-gap filling method in which information
of one or more chemicals is/are used to predict the endpoint of
a target chemical. In read-across, structural similarity between
a source compound (or a training compound) and a target
compound (or a test compound) is used for the calculation of
the endpoint value.*®'*** A java-based tool Read-Across-v4.1
(available from https://sites.google.com/jadavpuruniversity.in/
dtc-lab-software/home) was used for the computation of read-
across-based predictions. This tool utilizes 3 different
similarity-based methods, i.e., Euclidean distance (ED)-based
similarity, Gaussian kernel (GK)-based similarity and the Lap-
lacian kernel (LK)-based similarity methods for the computa-
tion of the predictions for the query compound(s).'® In
compliance with the theory associated with Machine Learning,
there is a need for the optimization of the hyperparameters
associated with the three different similarity-based approaches.
The Euclidean distance-based predictions require the optimum
number of close source compounds, the Gaussian kernel-based
predictions require the optimum value of ¢ and the number of
close source compounds while the Laplacian kernel-based
predictions require the optimum value of y and the number
of close source compounds.

To select the optimum values for ¢, and v, the training set is
randomly divided into 5 sub-training and sub-test sets by the
sorted response-based division algorithm.*® Read-across-based
predictions and validation metrics were calculated using these
5 sub-training and sub-test sets for each value of ¢, v, and CTC;
and the average of external validation metrics for the subtest
sets of 5 divisions was taken. The selection of the optimum &
and v depends on whether the Q> value (subtest set) is
maximum for the GK and LK methods, respectively, and then
the same values of ¢ and y were applied for the original training
and test sets at each value of close source compounds (CTC)
between 2 to 10. The CTC value which corresponds to the
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maximum Qp,> value (subtest set) in the ED approach is
selected. These optimized settings of the o, ¥y and CTC values
were used for the computation of the RASPR descriptors. Note
that the subtest sets are derived from the training set itself and
different from the actual test set.

RASPR descriptor calculation

As defined by Todeschini and Consonni, a descriptor is “the final
result of a logic and mathematical procedure which transforms
chemical information encoded within a symbolic representation
of a molecule into a useful number or the result of some stan-
dardized experiments”.”” In the present work, we have used
different structural and physicochemical descriptors along with
RASPR descriptors to develop predictive models. Different simi-
larity and error-based measures obtained from the read-across-
based predictions were used as RASPR descriptors.*® We have
used  RASAR-Desc-Calcv2.0  (available  from  https:/
sites.google.com/jadavpuruniversity.in/dtc-lab-software/home)
for RASPR descriptor calculation for both training and test sets.
The calculation of the RASPR descriptors for the training set
involves the Leave-same-out (LSO) algorithm*® which does not
take the identical compound among the list of close source
compounds. The optimized similarity-based method and the
associated optimized hyperparameters were used for the
computation of the RASPR descriptors. These RASPR descriptors
were then combined with the initial structural and physico-
chemical descriptors and after subsequent feature selection
based on cross-validation, q-RASPR models were generated. The
optimized hyperparameter settings along with the similarity-
based approach used for the calculation of the RASPR descrip-
tors are shown in Table 1.

Feature selection and PLS model development

In the present work, we have used the Best Subset Selection
(BSS) method to identify the significant descriptors or features
that can influence the performance of DSSCs. Feature selection
is important to reduce model noise and identify the significant
descriptors for PCE in order to lower the risk of overtraining or
overfitting.**** Significant descriptors for the models were
identified by using the tool Best Subset Selection v2.1 (available
from https://dtclab.webs.com/software-tools) using the cross-
validation statistics.

Best Subset Selection (BSS) is an algorithm that helps to
identify the best descriptor combinations by developing models
using a specific number of descriptor subset of input descriptors.

Table 1 Optimized hyperparameter settings and methods used for
RASPR descriptor calculation?

Datasets Method 14 ¥ CTC
Coumarins GK 1.75 — 8
Carbazoles GK 2 — 5
Indolines LK —_ 0.5 5
Diphenylamine LK — 0.5 2

% GK = Gaussian kernel, LK = Laplacian kernel, CTC = Close training
compound.
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This algorithm generates models using every possible combina-
tion of the descriptors, and the best combination is selected
based on different internal validation metrics. Best Subset
Selection is actually a grid search that identifies all possible
combination of models from a given number of descriptors but
the filters in the form of inter-correlation cut-off (<0.6) and R” cut-
off (>0.5) makes it an “intelligent grid search” which shows only
the significant models. The number of descriptors in the models
was selected based on the cross-validation Q; o> score, and after
that, we have developed several individual models for each data
set, and the best models showing acceptable internal and
external validation statistics are reported. For the present work,
we have used the final models with 8 descriptors for coumarins, 5
descriptors for diphenylamines, 6 descriptors for indolines and 8
descriptors for carbazoles.

Partial Least Squares (PLS) is a generalized form of the
multiple linear regression (MLR) that can be applied for
collinear, correlated and noisy data containing multiple X vari-
ables (or descriptors) and one or more Y variable(s) (or
endpoint(s)). The main idea behind PLS is to derive latent vari-
ables (LVs) T (or X-scores) and U (or Y-scores) from descriptors
and response variables, respectively. These X-scores are then
used to predict Y-scores which in turn are used to calculate the
response.*® Here, we have used PLS_SingleY_1.0_14May2020 tool
(available from https://dtclab.webs.com/software-tools) for the
development of PLS models of selected descriptors. We have
also compared the derived PLS models with other machine-
learning models obtained using the same feature combinations.

For the purpose of interpretation and explanation of indi-
vidual descriptors, different PLS plots were generated using
SIMCA-P v10.0 software (https://www.sartorius.com/). We have
generated the score plots (individual compounds are defined
in the LV space and show their distribution and similarity
among compounds), the loading plots (loading of all
descriptors among the plotted first two LVs, and distance
from the origin denote the importance of these descriptors),
the Y-randomization plot (plot developed by plotting R*> and
Q? value of random models (Y axis) vs. correlation coefficient
between observed PCE and permuted PCE), scatter plots (plots
of predicted PCE (Y axis) vs. observed PCE (X axis)) and the
variable importance plots (in the form of bubble plots).

Machine-learning (ML) models

Machine learning (ML) is a part of artificial intelligence which
enables machines to learn from its past data and improve
performance based on past experiences for the future aspect.**
In ML, machines are trained with a large amount of data and
a suitable algorithm to accomplish a job. This trained algorithm
is then applied to a query data set for reliable and accurate
predictions. ML can be classified into 3 main groups: super-
vised (the labeled data is used to train the machine), unsuper-
vised (the training data is not labeled) and reinforcement
(feedback-based method, where the learning agents get
areward or penalty based on its action).*>** In the present study,
we have performed regression analysis using different super-
vised learning methods namely ridge regression (RR),**** linear
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support vector machine (LSVM),* support vector machine
(SVM),*” random forest (RF),*” gradient boosting (GB),** and
extreme gradient boost or XGBoost (XGB).* Some details of
these methods are given in ESI SI-1.1

All the above-mentioned machine-learning models were
developed using Anaconda Navigator software (version 2022.05)
in Jupyter Notebook IDE (version 6.4.8)* with python 3.10.4 64-
bit. Different python-based modules were used such as numpy
(version 1.23.5), pandas (version 1.5.2), Scikit-learn (version
1.2.0), matplotlib (version 3.5.1) and xgboost (version 1.7.1) for
model development. For all the machine-learning models, we
have used the same inputs as used for the PLS model develop-
ment and optimized all the hyper-parameters by the cross-
validation method using GridSearchCV function of Scikit-
learn. For ML modeling, we standardized the descriptors and
endpoints values based on the training set mean and standard
deviation which were then used as the input.

In this work, we developed machine learning models using
moderate sized data sets and a sufficient number of compounds
for the validation of the models. Here, we optimized the hyper-
parameters using the GridSearchCV method which is basically
a cross-validation method in which the training set is divided
into five-folds, and four folds are used to build the models each
time when the remaining fold is used to validate the model.
After building machine learning models, we calculated various
cross-validation metrics to check that the models are not over-
fitted. The hyperparameter setting was chosen based on the best
cross-validation statistics from the five-fold CV data. Again,
a small difference between Mean Absolute Error (MAE) values
for the training and test sets also indicates that the generated
models are not overfitted.

Statistical quality and validation metrics

Validation of a model is important to justify the model quality
and to determine its further application.’® There are different
statistical metrics available to check the model quality,
goodness-of-fit, robustness, reliability and predictivity. The
model quality is checked by the determination coefficient (R?)
and the explained variance (R%gj). The model quality is
increased when its value become closer to 1. Model validation
metrics can be classified into two groups - the internal valida-
tion metrics and the external validation metrics. Internal vali-
dation is performed only on the training set to check the
goodness-of-fit and robustness of the model while the pre-
dictivity of a model is checked by an external validation per-
formed on the test set. The robustness and goodness-of-fit of
a model are checked by the internal validation metrics Qroo”
(leave-one-out correlation coefficient) performed on the training
set. The original dataset is divided into a training set and a test
set; the test set is used to check the predictivity of a model by
calculating external validation metrics like Qp®, Qp,”> and
MAE.** The validation metrics which demonstrated the
quality of our PLS and ML models are shown in eqn (1)—(5).

z (Yobs(train) - Ycal(train))2

R =1- i
Z (Yobs(truin) - Ytrain)

(1)
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2
Z (Yobs(train) - Ypred(truin))

Qroo” =1 - — 3 (2)
Z (Yobs(lrain) - Ytrain)
2
QFIZ —1_ Z (Yobs(test) - )El(test))z (3)
Z (Yobs(test) - Ytrain)
2
szz —1_ Z (Yobs(lesl) - Y(ill(lest)z (4)
Z <Yobs(lcst) - thst)
MAEl = Z} Yobs(test) - Ycal(tesl)| (5)
est —

Miest

Here, Yops(train) = Observed response values of the training set,
Yeal(train) = calculated response values of the training set, Yrain
= mean observed response value of the training set, Ypred(train) =
LOO predicted response values of the training set, Yops(test) =
observed response values of the test set, Yeqest) = calculated
response values of the test set, Y..sc = mean observed response
value of the test set, n.s; = the number of observations in the
test set.

A model is considered to be well predictive if the values of
Q%; and Q%, cross the threshold limit of 0.5 and MAE. attains
a minimum value.?®

SHAP (SHapley additive exPlanation) analysis

The SHAP analysis is performed to identify the global and local
contributions of each feature or descriptor for the predictions.
By using SHAP, we can determine the feature's contribution in
case of complex machine-learning models. SHAP uses the
Shapley values to determine the feature contributions, the
concept coming from the fair distribution in a cooperative game
based on the player's importance.*® The Shapley values deter-
mine the contributions of different features (by the magnitude
of the Shapley values) and direction (sign). The positive sign

Sustainable Energy & Fuels

indicates a positive contribution to the predictions and the
negative sign indicates a negative contribution to the predic-
tions. The Shapley value for each feature is calculated using the
following formula:

ISMIE[ = ISI = 1)

!
¢ = 7 : |:f:S’U{i} (xsugsy) —fS(XS)] (6)

ScF\{i}

where ¢; is the Shapley value for each feature, fsuy (¥sug;y) is
the model output for a subset of features including a particular
feature, f(xs) is the model output for the subset of features
without that feature, F is the number of input features and S is
the number of features in a subset.>**

The complete workflow for the current work is shown in the
Fig. 2.

Result and discussion

We have initially developed PLS models for each of the
considered data sets and then compared the quality of these
models to ML-derived model predictions.

Partial least squares (PLS) models and interpretation of
modeled descriptors

Most significant and statistically robust PLS models for
different categories of dyes along with their quality in terms of
different internal and external validation metrics are shown in
Table 2. These models were developed with 8, 8, 6 and 5
descriptors for coumarins, carbazoles, indolines and diphe-
nylamines, respectively, and all these models consist of both
RASPR and 2D structural descriptors. The models were devel-
oped using 7, 3, 3 and 3 latent variables (LVs), respectively based
on the leave-one-out Q” values. All the developed models satisfy
the threshold limit required to become robust, reliable and
good predictivity.*®

The performance of the g-RASPR models toward the training
set is in general inferior compared to the test set due to the
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Fig. 2 Schematic representation of complete work for g-RASPR and ML model development.
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Table 2 Developed g-RASPR PLS models for different type of organic dye used in DSSCs”

Types of organic dyes PLS models

Training set

metrics Test set metrics

MAE, 5. (95%)

R’ Qr1” Or’ (non-standardized)

2
QLOO

Coumarins (LV = 7) PCE = —1.71195 + 0.60957 x SD
Activity(GK) + 0.94835 x MaxPos(GK) —
0.75671 x nRCN + 1.07215 X
nThiophenes — 1.01363 x nR#C +
1.18272 x nR = Ct — 0.12347 x T(S---S) +
0.76919 x C — 040

PCE = —0.23418 + 1.26064 X
Avg.Sim(GK) — 1.51529 x FO6[N-N] +
0.92434 x nR10 + 0.19841 x F04[C-N] +
2.12686 x BO4[N-O] — 0.4133 x N% +
2.35133 x FO6[N-O] + 1.42348 x B02[C-
5]

PCE = 1.52408 + 0.88535 x RA
function(LK) — 0.89273 x CV sim(LK) —
0.92139 x Neg. Avg. Sim + 0.01956 x F04
[C-N] + 0.70912 x B09[O-S] — 0.05307 x
nCconj

PCE = 1.28039 + 0.8856 x RA
function(LK) + 1.53133 x SD
similarity(LK) — 0.14367 x FO1[C-N] —
0.15417 X StsC + 0.35804 x FO4[N-S]

Carbazoles (LV = 3)

Indolines (LV = 3)

Diphenylamines (LV = 3)

“ LV = Latent variables.

algorithm of the RASPR descriptor calculation (Tables 2 and 3).
For the calculation of RASPR descriptors for the training set, the
algorithm works based on the “Leave Same Out (LSO)
method ** where identical compounds are not considered
during the finding of close source compounds to avoid over-
fitting. In the case of any QSAR modeling study, chemical or
physicochemical descriptors of a training compound are
computed based on the structure or property of that particular
compound. However, RASPR descriptors of a particular training
compound are computed not from that particular compound,
but from its close congeners based on the similarity features.
Thus, the prediction aspect is in-built in the case of RASPR
descriptor computation. A QSAR model is fitted based on the
training set descriptor data while a RASPR model is fitted based
on the leave-same-out “predicted” training set descriptor data.
Again, during PLS model development, the number of compo-
nents (LVs) of a PLS model is selected based on the cross-
validation (Leave-One-Out (LOO) method). Due to the
combined effect of leave-same-out descriptor computation fol-
lowed by LOO cross-validation, g-RASPR models show inferior
performance on the training data than on the test set data.
Further details on this aspect are given while discussing other
machine learning models (vide infra).

The importance of the features toward the PCE is repre-
sented in the form of the bubble plot (Fig. S1 in ESI SI-1}), in
which variable importance scores and coefficient scores are
calculated by wusing SIMCA-P v10.0 software (https://
www.sartorius.com/). The importance of these descriptors is
represented by the diameter of the bubbles and their relative
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0.75 0.63 0.72 0.75

0.71 0.66 0.77 0.76 0.61

0.63 0.59 0.81 0.55

0.83 0.73 0.90 0.90 0.62

position along the y-axis whereas color difference denotes
positive and negative contribution. The information related to
all the datasets are provided in the ESI SI-2.1

Modelling of PCE of coumarin dyes. The most significant
descriptors in the form of a mathematical equation are shown
in Table 2 and the contribution of these descriptors towards
PCE in the form of a bubble plot in Fig. S1a in ESI SI-1.f The
mechanistic interpretation of these descriptors is discussed
below. It may be noted that the predictions made by the models
do not depend on a single descriptor; instead, they are the
resultant of many positively and negatively contributing
features. Here, we give suitable examples to show how a partic-
ular descriptor can influence the performance of the model but
there may be some other examples where the descriptor
contribution is not so obvious, and some other important
descriptors might contribute to the response for those data
points.

MaxPos(GK) is a RASPR descriptor that represents the simi-
larity value to the nearest positive close source compound based
on training set mean, obtained by Gaussian kernel similarity-
based method.** From the bubble plot, it was found that this
descriptor has the highest contribution to the PCE, as shown in
Fig. Sla.f MaxPos(GK) shows a positive contribution as re-
flected in following example: 19 (MaxPos(GK) = 1, PCE = 7.4),
20 (MaxPos(GK) = 1, PCE = 6.4) and vice versa for the dyes 56
(MaxPos(GK) = 0.014, PCE = 0.99), 22 (MaxPos(GK) = 0.004,
PCE = 0.33). Any QSPR-derived predictions are based on the
similarity assumptions; i.e., structurally similar compounds will
have similar property or activity values. Thus, it is obvious that
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a data point showing structural similarity (MaxPos) to
compounds having high response values will also have high
response value and vice versa.

The functional group count descriptor nThiophene denoting
the number of thiophene rings in the coumarin dyes contrib-
utes positively to the PCE. Therefore, presence of such func-
tional group in the dye increases the performance of DSSCs as
represented by the following examples: 19 (nThiophene = 2,
PCE = 7.4), 32 (nThiophene = 2, PCE = 6.5). The PCE value may
reduce for the compounds where no such functional group is
present as shown in the following examples: 56 (nThiophene =
0, PCE = 0.99), 17 (nThiophene = 0, PCE = 0.9). Thiophene
groups are the part of the -spacer which not only improves
light absorption and dipole moment but also decreases the
dihedral angle between donor/acceptor and m-spacer plane for
better orbital overlap which in turn improve electron injection
to TiO,.**

Two other functional group count descriptors nR = Ct
(number of an aliphatic tertiary carbon atom with the ‘sp”
hybridization) and nR#C- (number of a non-terminal carbon
atom with the ‘sp’ hybridization) have positive and negative
contributions to the PCE, respectively. The presence of aliphatic
tertiary ‘sp” hybridized C atom and the absence of non-
terminal ‘sp’ hybridized C atom frequency of ‘s’ is responsible
for the enhancement of absorption.*® The contribution of the
descriptor nR = Ct is represented by the following examples: 35
(nR = Ct = 4, PCE = 6.2), 32 (nR = Ct = 3, PCE = 6.5), 17 (nR =
Ct = 0, PCE = 0.9), 22 (nR = Ct = 0, PCE = 0.33); and the
following examples represent the contribution of nR#C- 44
(nR#C- = 2, PCE = 1.35), 56 (nR#C~ = 2, PCE = 0.99), 19 (nR#C-
=0, PCE = 7.4), 32 (nR#C- = 0, PCE = 6.5).

nRCN is a functional group count descriptor denoting the
number of aliphatic nitriles in the dye which contributes
negatively to the PCE of coumarin dyes. Therefore, with the
increasing number of nitrile groups, the performance of DSSCs
is reduced as indicated by the following examples: 44 (nRCN =
1, PCE = 1.35), 56 (nRCN = 1, PCE = 0.99) and vice versa for the
dyes 10 (nRCN = 0, PCE = 3.7), 54 (nRCN = 0, PCE = 3.5) where
no nitrile group is present. Anchoring groups are a part of the
dye which involves adsorption on TiO, surface that determines
electron injection ability and optoelectrical property of the dye.
Nitrile groups are generally a part of this anchoring group which
may increase adsorption stability when CN group itself is
involved in the binding. On the other hand, nitrile groups may
reduce the photovoltaic property when it is not involved in
binding.*

T(S:--S) is a 2D atom pair descriptor that indicates the sum of
the topological distance between two sulfur atoms where they
are part of two thiophene rings. The negative contribution of
this descriptor signifies that with the increasing distance
between sulfur atoms, the performance of the DSSCs may
decrease as represented by the following examples: 22 (T(S:--S)
= 31, PCE = 0.33), 3 (T(S*--S) = 28, PCE = 1.77), 44 (T(S---S) =
21, PCE = 1.35) and vice versa for the dyes 19 (T(S:--S) = 3, PCE
=7.4),32 (T(S*+-S) = 3, PCE = 6.5), 29 (T(S--S) = 3, PCE = 6.07).
The possible reason for this may be due to the disruption of the
planar structure of the m-spacer and increase of dihedral angle

This journal is © The Royal Society of Chemistry 2023
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between adjacent donor/acceptor and 7-spacer. Another reason
is that a hole is created in the m-spacer after injection of an
electron to the TiO,; this hole is transferred to the donor part
and prevents charge recombination. Therefore, with the
increasing length of w-spacer, the possibility of this hole
transfer is reduced, and this may cause back transfer of electron
and reduce DSSC performances.**

C-040 is an atom-centered fragment descriptor that repre-
sents fragments like R-C(=X)-X/R-C#X/X=C=X (R: any group
linked through carbon; X: any electronegative atom like N, S, P,
O, halogen; #: triple bond) in the dye which contributes posi-
tively to the PCE. The positive contribution of this descriptor
signifies that the presence of such fragments in the dye may
increase the performance of the dye as shown in the following
examples: 19 (C-040 = 3, PCE = 7.4), 20 (C-040 = 3, PCE = 6.4),
35 (C-040 = 3, PCE = 6.2) and vice versa for the dyes 24 (C-040 =
2, PCE = 1.04), 17 (C-040 = 2, PCE = 0.9). These fragments are
generally parts of the anchoring group containing carboxylic
acid or cyanoacrylic acid as a binder which increases the
stability of adsorption on TiO, surface and helps in efficient
electron transfer.>®

SD Activity(GK) is a RASPR descriptor that denotes the
weighted standard deviation of the response value of the
selected close source compound for each query compound. The
positive contribution of this descriptor® is represented by the
following examples: 29 (SD Activity(GK) = 1.53777, PCE = 6.07),
36 (SD Activity(GK) = 1.40648, PCE = 5.5), 7 (SD Activity(GK) =
1.04559, PCE = 1.1), 17 (SD Activity(GK) = 0.9868, PCE = 0.9).

The mechanistic interpretation of the 2D structural
descriptor of the g-RASPR PLS model for the coumarin dyes is
schematically represented in Fig. 3.

Sustainable Energy & Fuels

Modeling of PCE of carbazoles. The PLS q-RASPR model
related to the carbazole dyes consisting of 8 descriptors has
been shown in Table 2, and the contribution of the descriptors
in the form of a bubble plot has been shown in Fig. S1b of ESI
SI-1.7 The mechanistic interpretation of these descriptors and
their influence on PCE is discussed below:

The 2D atom pair descriptor B04[N-O] indicates the pres-
ence or absence of nitrogen and oxygen atoms at the topological
distance 4, and this descriptor contributes positively to the PCE.
This fragment is part of an anchoring group cyanoacrylic acid.
Cyanoacrylic acid is one of the most common anchoring groups
for metal oxide (TiO,) surfaces because of its dual character of
a strong adsorber and a good acceptor. Its strong binding with
TiO, provides stability to the adsorbed dyes which in turn helps
in the efficient transfer of an electron to TiO,. This cyanoacrylic
acid also has a strong electron-withdrawing ability which helps
in intramolecular charge transfer from donor to metal oxide.>
Therefore, when such fragments are present in the dye, the
performance of DSSCs will increase as represented by the
following examples: 132 (B04[N-O] = 1, PCE = 12.5), 133 (B04
[N-O] = 1, PCE = 9.32), 101 (B04[N-O] = 1, PCE = 8.09) and vice
versa for the dyes 160 (B04[N-O] = 0, PCE = 0.34), 157 B04[N-O]
=0, (PCE = 0.31), 159 (B04[N-O] = 0, PCE = 0.21).

B02[C-S] is a 2D atom pair descriptor that indicates the
presence or absence of carbon and sulfur at the topological
distance 2. The positive contribution of this descriptor indicates
that the presence of such fragment increases the performance
of DSSCs. This fragment is a part of the thiophene group that
acts as a w-spacer present between donor and acceptor moieties.
This electron rich 7-spacer is responsible for the enhancement
absorption of photon which in turn increases PCE of carbazole
dye.** The positive contribution of this descriptor is represented

Compound no. =19

PCE=74 PCE=5.5

nThiophenes |+| ,”
Value =2 \

\ nR=Ct ||
0 L Value =2
!
™ T(S.S) [-]
! Value =3

nR#C- |-
0 0 Value =0
CH C-040 |+]
s Value =3 Chy

CHy

Compound no. =17

ARCN [ PCE =0.99
PCE=09 Value =0 0
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Value = 1 Value =0 HO
\O T6.9) [ I
Value =0

OH
’X C-040 [+]
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TS.S) [
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Fig. 3 Mechanistic interpretation of 2D structural descriptors of g-RASPR PLS model for the coumarin dataset.
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by the following examples: 132 (B02[C-S] = 1, PCE = 12.5), 133
(B02[C-S] = 1, PCE = 9.32), 101 (B02[C-S] = 1, PCE = 8.09) and
vice versa for the dyes 160 (B02[C-S] = 0, PCE = 0.34), 157 (B02
[C-S] = 0, PCE = 0.31).

FO06[N-O] is another 2D atom pair descriptor that indicates
the frequency of nitrogen and oxygen atoms at the topological
distance 6, and it contributes positively toward the PCE. This
fragment is present in the dye either as a part of the phenyl
moiety between acceptor (cyanoacrylic acid) and adsorber or as
a part of the linker between the donor and m-spacer (furan or
enedioxythiophene). A dye containing this fragment between
acceptor and adsorber will have an improved performance by its
diode like effect (which prevents the back transfer of electrons
from TiO, to the dye).”” It helps in an efficient intramolecular
charge transfer for the dyes containing this fragment as a linker
between the donor moiety and m-spacer.*® The positive contri-
bution of this descriptor is represented by the following exam-
ples: 132 (FO6[N-O] = 3, PCE = 12.5), 133 (FO6[N-O] = 2, PCE =
9.32) and vice versa for the dyes where no such fragment is
present, 160 (FO6[N-O] = 0, PCE = 0.34), 157 (FO6[N-O] = 0,
PCE = 0.31).

F04[C-N] is a 2D atom pair descriptor that denotes the
frequency of carbon and nitrogen atoms at the topological
distance 4, and this descriptor contributes positively to the PCE.
This fragment is present mainly as a part of the main scaffold
(carbazole moiety) of the dye, and also in some dyes it is present
adjacent to the carbazole moiety as a part of m-spacer. This
fragment helps in the generation of electrons by a donor group
and helps in the efficient transfer of electrons toward the
acceptor part which in turn increases the performance of the
DSSCs.>*** The PCE value increases in the presence of such
fragments in the dyes as indicated by the following examples: 50
(FO4[C-N] = 22, PCE = 7.52), 101 (F04[C-N] = 17, PCE = 8.09),
130 (FO4[C-N] = 15, PCE = 9.8) and vice versa for the dyes 97
(FO4[C-N] = 0, PCE = 0.0538), 98 (F04[C-N] = 0, PCE = 0.0387)
where no such fragment is present.

nR10 is a ring descriptor that indicates the number of 10
membered rings in a dye which contributes positively to the
PCE. In this case, 6-membered or 5-membered aromatic rings
are fused with the main carbazole scaffold of the dye and form
a planar structure. These electron-rich centers help in the
generation of electrons and due to their planar structure, the
molar absorption coefficient and photon harvesting ability of
the dye is increased which improve the performance of
DSSCs.%>* In some dyes, this fragment is also present as a part
of the m-spacer which helps in the efficient transfer of electrons
from a donor part to the acceptor part. Therefore, performances
of DSSCs should increase when such ring system is present in
the structures, which is indicated by the following examples:
130 (nR10 = 6, PCE = 9.8), 131 (nR10 = 6, PCE = 7.6) and vice
versa for the dyes 159 (nR10 = 0, PCE = 0.21), 91 (nR10 = 0, PCE
= 0.19), 154 (nR10 = 0, PCE = 0.07) where no 10 membered
rings are present.

The negative contribution of the constitutional descriptor
N% (percentage of the nitrogen atoms in the dye) and 2D atom
pair descriptor FO6[N-N] (frequency of two nitrogen atoms at
the topological distance 6) indicates that the presence of such

3422 | Sustainable Energy Fuels, 2023, 7, 3412-343]1
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fragments hinders the performance of DSSCs. Higher numer-
ical values of these descriptors of a dye may decrease the PCE
value which is represented by the following examples: 91 (N% =
6.25, PCE = 0.19), 118 (N% = 5.6338, PCE = 0.89), 53 (N% =
4.83871, PCE = 0.99), 112 (N% = 4.83871, PCE = 0.96) for the
descriptor N%; 141 (FO6[N-N] = 2, PCE = 2.58), 138 (FO6|N-N] =
2, PCE = 2.17) for FO6[N-N]. On the other hand, dyes with lower
numerical value of this descriptor may have higher PCE values
as shown in following examples: 99 (N% = 1.81818, PCE = 7.58),
103 (N% = 1.50376, PCE = 7.54), 130 (N% = 1.34529, PCE = 9.8)
for N%, 132 (FO6[N-N] = 0, PCE = 12.5), 130 (FO6]N-N] = 0, PCE
= 9.8), 133 (FO6[N-N] = 0, PCE = 8.09) for the FO6[N-NI.

Avg. Sim(GK) is a RASPR descriptor that denotes the mean
similarity value of the selected close source compounds for each
query compound based on the Gaussian kernel similarity-based
method. The positive contribution of this descriptor indicates
a molecule having a higher Avg. Sim value may have a higher
PCE value as represented by the following examples: 94 (Avg.
Sim(GK) = 0.92848, PCE = 7.33), 56 (Avg. Sim(GK) = 0.89553,
PCE = 6.04), 99 (Avg. Sim(GK) = 0.75399, PCE = 7.58) and vice
versa for the dyes 156 (Avg. Sim(GK) = 0.24768, PCE = 0.06), 154
(Avg. Sim(GK) = 0.04227, PCE = 0.07).

The interpretation of 2D structural descriptors for the
carbazole dyes is represented schematically in Fig. 4.

Modeling of PCE of indolines. The PLS g-RASPR model of
indoline dyes consisting of 6 descriptors has been presented in
Table 2, and the contribution of the descriptors in the form of
a bubble plot is shown in Fig. Sic of the ESI SI-1.1 The meaning
of these descriptors and their influence on PCE are discussed
below:

RA function is a Read-Across-derived RASPR descriptor
which encodes information of all the selected structural and
physicochemical descriptors.® It contributes positively to the
PCE as indicated by the following examples: 141 (RA function =
8.1741, PCE = 8.38), 8 (RA function = 7.9697, PCE = 7.12), 24
(RA function = 7.88, PCE = 9.2) and vice versa for the dye 129
(RA function = 1.8131, PCE = 1.48), 32 (RA function = 1.5372,
PCE = 0.63), 30 (RA function = 1.4248, PCE = 0.77).

Both RASPR descriptors Neg.Avg.Sim (denoting the mean of
the similarity values of the negative close source compounds for
a particular query compound) and CVsim(LK) (coefficient of
variation of the similarity values of the selected close source
compound for each query compound) contribute negatively to
the PCE. This is represented by the following examples: 93
(Neg.Avg.Similarity = 0.2883, PCE = 0.35), 108 (Neg.-
Avg.Similarity = 0.2883, PCE = 0.046) for Neg.Avg.Similarity; 93
(CVsim(LK) = 1.404, PCE = 0.35), 108 (CVsim(LK) = 1.404, PCE
= 0.046) for CVsim(LK); and vice versa for the dye 144 (Neg.-
Avg.Similarity = 0, PCE = 8.78), 24 (Neg.Avg.Similarity = 0, PCE
= 9.2), 135 (Neg.Avg.Similarity = 0, PCE = 8.61) for Neg.-
Avg.Similarity; 135 (CVsim(LK) = 0.4427, PCE = 8.61), 78
(CVsim(LK) = 0.3868, PCE = 7.99) for CVsim(LK).

The functional group count descriptor nCconj denotes the
number of non-aromatic conjugated sp® hybridized carbon
atoms that contributes negatively to the PCE. The negative
contribution of this descriptor signifies that the PCE value may
decrease when the number of non-aromatic conjugated sp>

This journal is © The Royal Society of Chemistry 2023
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Fig. 4 Mechanistic interpretation of the 2D structural descriptors of the g-RASPR PLS model for the carbazole dataset.

carbon increases as represented by the following examples: 11
(nCconj = 11, PCE = 2.65), 10 (nCconj = 10, PCE = 2.7) and vice
versa for the dyes with a low numerical value of nCconj like 155
(nCconj = 1, PCE = 5.61) and 152 (nCconj = 1, PCE = 5.5).
F04[C-N] is a 2D atom pair descriptor that indicates the
frequency of carbon and nitrogen atoms at the topological
distance 4 in the dye, and this descriptor contributes posi-
tively to the PCE. It was found that if the donor group is
present with a non-planar orientation with other groups, it
may increase the PCE value. Although this fragment is present
as a part of the dye in a non-planar structure, it may increase
the performance of the DSSCs as indicated by its positive
contribution to the PCE.*** Therefore, the presence of such
fragment increases the performance of DSSCs as shown by the
following examples: 21 (F04[C-N] = 21, PCE = 8.43), 8
(F04[C-N] = 20, PCE = 7.12), 24 (F04[C-N] = 18, PCE = 9.2)

This journal is © The Royal Society of Chemistry 2023

and vice versa for the dyes 105 (F04[C-N] = 3, PCE = 2.53), 164
(FO4[C-N] = 3, PCE = 2.08).

Another 2D atom pair descriptor B09[O-S] indicates the
presence or absence of oxygen and sulfur atoms at the topo-
logical distance 9, and this descriptor contributes positively to
the PCE. This is a part of the anchoring group for the dye which
contains this fragment. It helps to transfer electrons from the
dye to the TiO, surface through m-bond conjugation. Oxygen
and sulfur atoms control electron density delocalization which
helps in 7 bond conjugation. As a result, the molar extinction
coefficient of the dye increases which may lead to shifting of the
absorption maxima.® If the topological distance between O and
S is reduced or increased, the conformation of the dye will
change which may decrease the anchoring stability of the dye
and the performance of the DSSCs will be reduced.®*® Dyes
containing this type of fragment may increase PCE values as
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represented by the following examples: 78 (B09[O-S] =1, PCE =
7.99), 21 (B09[O-S] = 1, PCE = 6.12), 131 (B09[O-S] = 1, PCE =
6.11) and vice versa for the dyes 30 (B09[O-S] = 0, PCE = 0.77),
32 (B09[0O-S] = 0, PCE = 0.63), 93 (B09[0O-S] = 0, PCE =
0.35).The mechanistic interpretation of the relevant descriptors
for the indoline dataset is schematically represented in Fig. 5.

Modelling of PCE of diphenylamines. The PLS q-RASPR
model consisting of 5 descriptors has been shown in Table 2,
and the contribution of the descriptors in the form of a bubble
plot is shown in Fig. S1d of ESI SI-1.f The mechanistic inter-
pretation of these descriptors is represented below:

FO1[C-N] is a 2D atom pair descriptor that indicates the
frequency of carbon and nitrogen atoms at the topological
distance of 1, and this descriptor contributes negatively to the
PCE. In the presence of these fragments, the overall polarity of
the dye will change which may lead to an increased intermolec-
ular interaction in terms of different weak forces like hydrogen
bonding, aromatic ring stacking, van der Waals force, etc. These
weak forces may cause aggregation of dyes on the surface of the
TiO,, and the performance of the DSSCs is reduced.®® Therefore,
the presence of such fragment reduces the performance of the
DSSCs as represented by the following examples: 35 (FO1[C-N] =
11, PCE = 0.4), 34 (FO1[C-N] = 10, PCE = 1) and vice versa for the
dyes 3 (FO1[C-N] = 4, PCE = 5.4), 22 (FO1[C-N] = 4, PCE = 5.22),
where no such fragment is present.
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Another 2D atom pair descriptor FO4[N-S] denotes the
frequency of nitrogen and sulfur atoms at the topological
distance 4, and this descriptor contributes positively to the PCE.
This can be represented by the following examples: 27 (FO4[N-S]
=2, PCE = 8), 26 (FO4[N-S] = 2, PCE = 7.1), 17 (FO4[N-S] = 2,
PCE = 6.19) and vice versa for the dyes 34 (FO4[N-S] = 0, PCE =
1), 33 (FO4[N-S] = 0, PCE = 0.44), 35 (FO4[N-S] = 0, PCE = 0.4)
where no such fragment is present.

SD_similarity is a RASPR descriptor that denotes the stan-
dard deviation of the similarity values of close source
compounds for each query compound. A high numerical value
of the descriptor may increase PCE value as shown in the
following examples: 7 (SD similarity = 0.33695, PCE = 7.05), 8
(SD similarity = 0.33274, PCE = 7.64) and vice versa for the dyes
35 (SD similarity = 0.177502, PCE = 0.4), 33 (SD similarity =
0.016381, PCE = 0.44).

StsC is an atom type E-state descriptor that indicates the sum
of tsC E-states (=C-), which contributes negatively to the PCE
property of the DSSCs, as observed for the dyes 10 (StsC =
8.292574, PCE = 1.99), 13 (StsC = 7.76829, PCE = 3.16) and vice
versa for the dyes 8 (StsC = 1.671126, PCE = 7.64), 7 (StsC =
1.644351, PCE = 7.05).

The mechanistic interpretation of the significant 2D-
structural descriptors for the diphenylamine dataset is sche-
matically represented in Fig. 6.

nCconj (-)
Value =11

B09[O-S] (+)
Value =0

FO4[C-N] (+)
/ Value = 6

OH

Compound no. =50
PCE = 2.65

H;C

Compound no. =78
PCE = 7.99
H;C

nCconj (-)

Value =3 CHj3
@
1O
B09[O-S] (+)
Value =0

N FO4[C-N] (+)
k Value =2

CHj,

Compound no. = 125
PCE =3.7

Fig. 5 Mechanistic interpretation of the 2D structural descriptors of g-RASPR PLS model for the indoline dataset.

3424 | Sustainable Energy Fuels, 2023, 7, 3412-3431

This journal is © The Royal Society of Chemistry 2023



Paper

CH,

FO4IN-S] (+)
Value =2

—NH

Compound no. = 34
PCE=1

Compound no. = 26
PCE=7.1

CH,

Sustainable Energy & Fuels

N‘[N-S] (+)
Vllne =g

%Y

he

NP

F0||C NI ()
anue 11

Compnund % =35

Fig. 6 Mechanistic interpretation of the 2D structural descriptors of g-RASPR PLS model for the diphenylamine dataset.

For all 4 datasets, different PLS plots like randomization
plots, loading plots, and score plots were developed which are
shown in the ESI SI-1.7 For all the datasets, the PLS Scatter plots
(Fig. S2t) show that there is not so much difference between
observed and predicted PCE indicating the good quality of the
test set predictions. The Y-randomization plots (Fig. S31) show
that all the models have R* and Q* intercept values within their
threshold limits (0.3 for R* and 0.05 for Q?), indicating that our
models are not obtained by chance. The loading plots (Fig. S41)
show that the descriptors MaxPos(GK) (for coumarins), BO4[N-
O] (for carbazoles) and RA function (for both indoline and
diphenylamines) have the highest contributions to the PCE
because they are present closest to the response variable (PCE).
The score plots (Fig. S51) show that there are 2 coumarin (3, 54),
5 carbazole (132, 138, 139, 140, 141) and 1 indoline (18) mole-
cules which are present outside the applicability domain of the
corresponding models (located outside the ellipse drawn on
based on Hotelling ¢ test).*

Machine-learning (ML) models

The qualities of the Machine-Learning (ML) models and the
different validation metrics for all 4 datasets are shown in Table
3 along with their different optimized hyperparameter settings.
To determine the models' quality and predictability, we calcu-
lated various quality and validation metrics on the training and
test sets. For the purpose of comparison, we have also included
PLS g-RASAR models for which the same method was used for
calculation of the internal, external and cross-validation
metrics. For all 4 datasets, ridge regression, XGBoost and PLS
models show almost similar Qg;®>, MAE and R* score (of
training set) values. There are two different aspects here
regarding the quality of predictions from the q-RASPR models
for the test sets. The first is the enhancement of prediction
quality for the test set in case of a g-RASPR model in compar-
ison to the corresponding QSPR model (vide infra the compar-
ison section) while the second is the comparison of the
prediction quality of the g-RASPR models for the test set in
comparison to its fitting quality in case of the corresponding
training set. The test set prediction quality may better be
compared with the training set fitting ability by considering
MAEr for the test set and MAE; oo for the training set. In our

This journal is © The Royal Society of Chemistry 2023

opinion, Qg,> for the test set should not be directly compared
with R* or Q” values of the training set as these metrics depend
on the distribution of the observed response values of the
training and test set compounds around the training set mean,
and usually these patterns may be different in the training and
test sets.” In our examples, MAEr. values for the test sets in
different models are lower than the corresponding MAE; o0
values for the training sets (Table 3). This also happened in the
case of machine learning models like the random forest,
Gradient Boost, and Extreme Gradient Boost for different data
sets in Table 3. Thus, in terms of MAE as a metric (MAE, oo for
the training sets and MAEr., for the test sets), the quality of the
test set predictions is comparatively better in these examples.

Now, as per the g-RASPR algorithm, the RASPR descriptors of
both the training and test sets are computed from the structural
congeners in the training set. It is natural that a data set may
contain a few activity cliffs, which are similar to other
compounds in structural features but have quite different
response values from their structural congeners. The fitting
ability of such compounds in the training set and the prediction
ability of such compounds in the test set will naturally be poor,
especially when we use similarity-based descriptors like RASPR
descriptors. In our present examples, the training set size is
much bigger than the corresponding test set size in order to
maximize the learning ability of the models (as usual in
conventional QSPR studies). Thus, the probability of the
occurrence of such activity cliffs in the training sets is more
than that in the corresponding test sets, which may explain (at
least partially) the lower MAEr.s values in comparison to the
corresponding MAE; o0 values of the training sets. The activity
cliff aspect in q-RASPR modeling has been extensively discussed
in our recent work.”™

We have checked the number of activity cliffs in the training
and test sets of the four different data sets based on novel
Banerjee-Roy similarity coefficients as per ref. 71. A compound
is considered an activity cliff when both of the two similarity
coefficients do not show values as per the expected category
(positive/negative, considering the training set response mean
as the threshold). From Table 4, it is evident that in the case of
each data set, the number of activity cliffs in a training set is
much higher than the number of activity cliffs in the corre-
sponding test sets. In the case of QSAR analysis, descriptors are
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Table 4 Number of activity cliffs in the training and test sets based on the analysis of similarity coefficients

Number of training Number of test set Number of activity

activity cliff Number of activity activity cliff

Dataset set compounds compounds cliffs in the training set” in the training set (%) cliffs in the test set” in the test set (%)
Carbazoles 124 54 37 29.84 14 25.93

Coumarins 42 14 7 16.66 2 14.29
Diphenylamines 25 10 6 24 1 10

Indolines 121 38 20 16.53 7 18.42

“ Computed based on similarity coefficients described in ref. 71.

computed directly from the structures of the compounds in
question; however, RASAR descriptors are computed from close
congeners of the compounds under consideration. In the case
of activity cliffs, the similarity principle is not obeyed and thus
the similarity descriptors computed from the close congeners
cannot capture the structure-response relationship properly. In
the case of QSAR analysis, the model fitting is done based on the
whole training set in which activity cliffs may penalize a model
but not to the extent to a RASAR model as in the latter case the
similarity descriptors of the activity cliffs (not obeying the
similarity principle) heavily penalize the model. This is more
evident in the case of regression-based predictions, as precise
quantitative predictions are considered here as also seen in ref.
38. Due to the lower number of activity cliffs in the test sets, the
quality of predictions is less impacted. Such observations are
not common in case of QSAR analysis including ML methods as

in the latter case descriptors are not computed from close
congeners of the compounds under consideration, rather
computed from the same compounds. In fact, one of the
objectives of RASAR modeling is to enhance the quality of
predictions for the test set which may be at the expense of
lowering the prediction quality for the training set. Further, the
novel similarity coefficients™ may be used to identify activity
cliffs and enhance the modelability of a data set.

To further evaluate the quality of developed models, we have
also performed 20 times 5-fold repetitive cross-validation, and
1000 times shuffle-split cross-validation with 30% data holding
in the validation set. The result of cross-validation for the
coumarin dataset is shown in the Fig. 7 and that for the
carbazole, indoline and diphenylamine datasets are shown in
Fig. S6-S8 in ESI SI-1.1 For the coumarin dataset, the mean R?
value for both the repetitive CV and Shuffle-split CV indicates

(a) 20 times 5 fold Repetitive Cross-Validation (b) 20 times 5 fold Repetitive Cross-Validation
(r2) (MAE)
0.6 0.76
05 .
} :
04 RR = 0.66 .
PLS XGB & SVM
V03 = { i {
{ z R
0.2 LSVM
v = 0.56
LSVM [ RF { g {
0.1 SVM GB = PLS  RR XGB
! Model 0.46
odels ’ Models
(C) 1000 times Shufftesplit Cross-Validation (d) 1000 times Shufflesplit Cross-Validation
(r2) (MAE)
0.5 0.69
3
RR 0.67
0.45 } 5 SVM
i = 0.65
PLS XGB =
<
04 £ 063
o 3 t ;
035 LSVM I ﬁ 0.61 LSVM $ GB
= RF
RF } g 0.59
03 SVM GB = 0.57 PLS  RR <GB
i bod :
025 0.55
Models Models

Fig. 7 Cross-validation statistics based on 20 times 5-fold repetitive CV and 1000 shuffle split CV method (mean + SEM) for the coumarin

dataset.
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that the Ridge regression method is the best model among all
models while the PLS and XGBoost models show comparable
results. For the carbazole and indoline datasets, the ridge
regression, PLS and XGBoost models show comparable results,
as shown in Fig. S6 and S7.{ For the diphenylamine dataset, the
random forest model shows the highest mean R* value in both
repetitive cross-validation and shuffle-split cross-validation
method but ridge regression, XGBoost and PLS models show
comparable results, as shown in Fig. S8.1

To evaluate the importance of descriptors in the machine-
learning models, we have performed SHAP analysis on the
training set data. We have represented the importance of
descriptors in the form of heatmap plots of SHAP as shown in
Fig. 8. The PLS, ridge regression and XGBoost models are
considered here, and the plots of the remaining models are
shown in the Fig. S9-S12 of ESI SI-1.7 On the Y-axis of the
heatmap plot, the features are arranged based on their mean
absolute SHAP values, which in turn denotes their importance
to the predictions. From the heatmap plot, we can also obtain
how the model's prediction changes over every instance which
is denoted by the wavy line above the plot. The colour difference
in the plot indicates how the SHAP value of the features changes
over every instance and how it affects the model's output.

A partial dependence plot shows the marginal effect of
a feature (or two features) on the predicted outcome of
a machine learning model. This plot can suggest the depen-
dence interaction between two features. In case of an interac-
tion with the other feature, a distinct vertical pattern of coloring

Sustainable Energy & Fuels

will be seen. The partial dependence plots of selected ML
models are shown in ESI SI-3.}

Design of new dyes with improved PCEs

We can design new dyes with improved power conversion effi-
ciency (PCE) by incorporating structural fragments that have
positive contributions to the PCE of solar cells or by removing
fragments that contribute negatively to the PCE of solar cells.
The favorable fragments improve PCE either by increasing
intramolecular charge transfer or by increasing the anchoring
stability of the dye on the TiO, semiconductor oxide surface.
The descriptors which encode the structural information help
to identify the necessary modifications that must be made to
improve the PCE. In this work, we use the PLS variable impor-
tance plot to identify the relative importance of the positive and
negatively contributing descriptors. Based on this, we have
designed new dyes with improved predicted PCE values as
shown in ESI SI-3.1 We have also checked the synthetic acces-
sibility of the designed dyes.”

For carbazole dyes, the incorporation of a cyano acrylic acid
group increases the value of B04[N-O] (presence or absence of
nitrogen and oxygen atoms at the topological distance 4) while
a para-aminobenzoic acid group increases the value of FO6[N-O]
(count of nitrogen and oxygen at the topological distance 6). For
example, the FO6[N-O] value increases when one incorporates
4-(2-cyanoprop-2-enamido)benzoic acid (as shown in NCA1,
NCA2 and NCA3) and 2-cyano-N-[4-(trimethoxysilyl)phenyl]
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INDOLINE
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cvsim(Lx)

Neg Avg Sim
809(0-5)
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nccon)
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Fig. 8 Heatmap plots for the PLS, Ridge regression and XGBoost models for all datasets, indicating relative importance of descriptors.
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prop-2-enamide (as shown in NCA4 and NCA5) moieties in the
carbazole structure. These fragments are generally a part of the
anchoring group which increases the stability of the binding of
the dye with the TiO, surface. We can increase the value of B02
[C-S] (presence or absence of carbon and sulfur atoms at the
topological distance of 2) by incorporating a thiophene group,
increase the value of F04[C-N] (frequency of carbon and
nitrogen atoms at the topological distance of 4) by attaching
a long aliphatic chain to the nitrogen atoms and increase the
value of nR10 (the number of 10-member rings) by incorpo-
rating 10 membered rings in the structure. All these fragments
are responsible for the generation of electrons which are
transferred to the TiO, surface.

For coumarin dyes, one can increase the value of positively
contributing descriptors like nThiophene (number of thio-
phene group), nR = Ct (number of aliphatic tertiary C atom
with sp? hybridization) and C-040 (R-C(=X)-X/R-C#X/X=C=
X). These descriptors are generally responsible for electron
generation and intramolecular charge transfer. One can also
try removing the negatively contributing descriptor nRCN
(number of aliphatic nitrile groups). The nitrile group is a part
of the anchoring group cyanoacrylic acid; therefore, one can
try using other anchoring groups like carboxylic acid, pyri-
dine, etc.

For diphenylamine dyes, one can increase the value of
positively contributing descriptor F04[N-S] (frequency of
nitrogen and sulfur atoms at the topological distance 4) by
incorporating groups like a pyrimidine ring adjacent to
a thiophene ring (as shown below in NDI1),
2,1,3-benzothiadiazole and 1,2,3-benzodithiazole groups

Paper

adjacent to the thiophene and pyrimidine rings respectively
(as shown below in NDI5 and NDI3). These fragments are
generally a part of the linker between the donor part and the
acceptor part which helps to improve performance by
increasing intramolecular charge transfer.

For indoline dyes, one can increase the value of positively
contributing descriptors like F04[C-N] (frequency of carbon
and nitrogen atoms at the topological distance of 4) by
attaching different aliphatic and aromatic groups to the
nitrogen atoms, and B09[O-S] (presence of oxygen and sulfur
atoms at the topological distance 9) by increasing the length of
the m-spacer (for example, compound NIN1 is formed by
incorporating a butylene group between the thiophene ring
and the cyanoacrylic acid). These fragments help in the
generation of electrons and improve intramolecular charge
transfer.

Comparison with the previous work

In 2020, Krishna et al. worked on the prediction of PCE value of
metal free organic DSSCs by PLS regression using 2D structural
descriptors.” The models reported by them were statistically
sound with good quality validation metrics. However, our g-
RASPR PLS models outperformed them with better prediction
quality with the same level of chemical information used, also
explaining the importance of RASPR descriptor. The advantage
of RASPR descriptors is that they are simple, easy to calculate
and transferable. In comparison to the previous models, the
present models have higher Q> scores and lower MAE.s
values. The comparison between the previous PLS QSPR models

(a) Coumarins (b) Carbazoles
1 1
0.84
0.75
0.8 oss 072 0.8
0.6 0.6
0.4 0.4
0.2 0.2
0 0
Q2F1 MAE 95% Q2F1 MAE 95%
© Indolines (@ Diphenylamines
1 1 0.9
0.81 0.83
0.8 0.72 0.72 0.8
065 62
0.6 0.55 0.6
0.4 04
0.2 0.2
0 0
Q2F1 MAE 95% Q2F1 MAE 95%
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Fig. 9 Comparison between the previous PLS QSPR models and the newly developed g-RASPR PLS models.
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and the present q-RASPR PLS models is shown in the form of
column plots in Fig. 9. The previous study developed five indi-
vidual models and consensus models of datasets, but here we
have considered only the best individual models for compar-
ison. It is clear from the column plots that our newly developed
models are much more predictive. This study shows that the
inclusion of RASPR descriptors along with structural and
physicochemical descriptors enhances the predictivity of the
models.

Conclusion

Solar energy is one of most important forms of renewable energy
that meets the increasing demand of electrical energy. Various in
silico approaches have been used to predict the power conversion
efficiency (PCE) of DSSCs using structural and physicochemical
features of dyes. In the present study, we have used RASPR
descriptors along with 2D structural descriptors for the develop-
ment of Partial Least Squares (PLS) and machine learning models
of coumarin, carbazole, indoline and diphenylamine dyes. The
developed q-RASPR models are statistically robust, and all the
models show acceptable results for the internal validation and
enhanced values of external validation metrics which indicate the
importance of RASPR descriptors. The analysis of internal and
external validation metrics of the developed g-RASPR models
shows a surprising trend of better quality of predictions (in terms
of MAE) for the test sets in comparison to the corresponding
training sets which is contrary to the usual observations of better
training set statistics than the corresponding test set statistics in
case of QSAR models. This may happen due to a strange distri-
bution of activity cliffs that for some reason affects the training set
predictions more than the test set ones. This is indeed one of
those strange (and rare) cases where the performances on the test
set are better than on the training set. We have performed
different cross-validation statistics to determine the quality of the
developed model. We have also performed SHAP analysis on the
training sets for all four datasets to determine the feature
importance toward the endpoints. Using the developed and vali-
dated models, the PCE of a newly designed molecule can be
determined before its synthesis, and it can save a lot of time,
money, and resources. The software tools used for our work are
easy to operate and most of them are freely accessible which make
the modeling exercise simple and inexpensive. Hence, our devel-
oped models can give a direction for scientists and researchers
present in different research areas or industrial organizations to
design and synthesize new dyes. In this way, time, resources, and
cost involved in the synthesis and experimentation can be
reduced which may help to develop more efficient molecules.

Data availability

The DTC Lab software tools are available from http://
teqip.jdvu.ac.in/QSAR_Tools/(MLR BestSubsetSelection and
MLR plus Validation), https://sites.google.com/
jadavpuruniversity.in/dtc-lab-software/home (Quantitative
Read-Across v4.1 and RASAR Descriptor Calculator v2.0), and
https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/
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As an alternative to experiments, different computational tools are now popularly used for the prediction of
activity/property/toxicity assessment. Read-across is one of the most widely used similarity-based unsupervised
approach used for the prediction and data gap filling of property or biological activity endpoints. Quantitative
structure-activity/property relationship (QSAR/QSPR) is a statistical modeling technique widely used for
prediction purpose in different areas. Recently, read-across and QSAR/QSPR have been merged to develop a new
modeling technique read-across structure-activity/property relationship (RASAR/RASPR) which appears to have
much potential in predictive modeling [1]. To understand the potential of RASAR/RASPR in data gap filling,
we have undertaken a case study of modeling Power Conversion Efficiency (PCE) of different classes of dyes
used in Dye-Sensitized Solar Cell (DSSCs). We have used a large dataset of 1147 compounds covering 7 classes
of organic dyes. We have initially performed read-across analysis using different similarity measures like
Euclidian distance-based similarity, Gaussian kernel function similarity, Laplacian kernel function similarity with
structural analogues for query compounds and calculated the weighted average predictions using the tool Read-
across v4.1 available from (https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/home). Based on the
read-across optimized setting, RASAR descriptors were calculated using RASAR Descriptor Calculator v2.0
(https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/home), and these were then merged with the
chemical descriptors and finally a single partial least squares (PLS) model was developed for each of the endpoints
after feature selection using the best subset selection approach. The external prediction quality of the final RASPR
models superseded those of the previously developed QSPR models. The important structural features and
similarity measures contributing to the PCE have been extracted using the RASPR method which can be used to
enhance the PCE values in the newly designed dyes. The RASAR/RASPR method may as well be efficiently
applied in modelling other property and biological activity of interest in a similar manner.

1) Banerjee, A., Roy, K., 2022. First report of g-RASAR modeling towards an approach of

easy interpretability and efficient transferability. Mol. Divers. https://doi.org/
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Energy, 70, 104537
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