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ABSTRACT

Ovarian cancer (OC) poses a significant risk as it usually remains asymptomatic until
advanced stages, resulting in delayed diagnosis and lowering the chances of survival.
This fifth most common cancer among women globally lacks efficient screening
approaches for early stages OC (stage | and I1), increasing the threat of OC progression
and mortality. In this study, the in silico method was applied to design DNA aptamer
hairpins for the detection of human epididymis protein 4 (HE4), an OC biomarker. The
in silico work outcome was supported by an in vitro assay. The work began with the
HE4 protein modelling using AlphaFold, I-TASSER, and Robetta protein structure
prediction servers. Subsequently, molecular dynamics (MD) simulation was conducted
on each predicted model for 100 ns using the OPLS force field, for structure refinement.
The tertiary structure quality was validated by PROCHECK and ERRAT, showing the
refined model from AlphaFold, RF1, was the highest-quality HE4 tertiary conformation.
All amino acids were located in the favoured regions of Ramachandran plot with
ERRAT overall quality score of 97.701. Next, this HE4 structure was docked using
AutoDock Vina with four HE4 aptamer candidates (A1, A2, A3, and A4). The HE4-A4
binding energy was -6.0 kcal/mol, and the complex formed 24 hydrogen bonds (H-
bonds); 5 identified at the aptamer hairpin loop region. A4 was chosen as the most
suitable candidate to be utilised in the designing of the DNA hairpin, as it exhibited
good affinity with highest number of H-bonds at the hairpin loop. To initiate the in silico
design of new hairpins, the 25-mer A4 aptamer was truncated at the hairpin region, 5’-
CGCAAG-3’ and the stem was extended, forming the 5’-GCGCAAGC-3’ sequence.
The loop nucleotides, -GCAA-, were substitutionally mutated, producing 256
sequences. These 256 hairpins were docked with HE4 individually, and H16, H101, and
H256 have shown good binding affinities with binding energies ranging between -10.6
and -11.6 kcal/mol. Consequently, 100 ns MD simulation using CHARMMZ27 force
field was applied to the HE4-H16, HE4-H101, and HE4-H256 complexes. Based on the
RMSD, radius of gyration, number of H-bonds, H-bond occupancy, and the overall total
energy, H256 was deduced as the most promising DNA hairpin against HE4 marker
with great affinity and stability throughout the simulation. This H256 hairpin was
synthesised and its binding with HE4 was analysed via in vitro electrophoretic mobility
shift assay (EMSA). Based on the DNA band intensities, the designed H256 (3.27 %)
bound four times better to HE4 than the A4 aptamer (0.84 %). Finally, a preliminary
study for future diagnostic potential was carried out by conjugating gold nanoparticle
(GNP) with H256. The FTIR and Raman spectra confirmed the presence of amide group,
formed by the successful conjugation of the carboxylated GNP with the aminated-H256.
The GNP solution changed from red to purple-red, indicating the size increment after
conjugation, that was confirmed by particle size analyser. In conclusion, H256 is a
promising DNA hairpin in HE4 screening and is recommended for future development
of a fully functional OC diagnostic kit, suitable to be used in routine screening for all
women, with or without symptoms. This potentially improves the detection among early
stages (I and I1) patients, enhancing patients’ outcome.
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CHAPTER ONE

INTRODUCTION

1.1 BACKGROUND OF STUDY

Ovarian cancer (OC) is a serious health concern with an estimation of 314,000 new
cases and approximately 207,000 deaths worldwide in 2020 (Reid, 2023). The Global
Cancer Observatory anticipated 359,000 new cases globally among women aged 20 to
84 in 2030, with Asia accounting more than 50% with 201,000 cases, as it is the most
populated continent (World Health Organization, 2024). In Malaysia, there were more
than 3500 cases reported between 2012 to 2016 (Manan et al., 2019). The disease is
frequently diagnosed at an advanced stage because of vague clinical symptoms at early
stages of the disease, which complicates effective screening and early diagnosis,
resulting in 5-year survival rate of less than 30% (Lu et al., 2022; Lv et al., 2023; Yang
et al., 2021). The subtle symptoms of early stages OC may include nausea, diarrhoea,
and constipations, which leads to confusion with other gastrointestinal issues (Babaei
et al., 2022). In late stages of OC, patients experience severe abdominal pain, fatigue
and unexplained weight loss (Andreou et al., 2023). Early diagnosis and treatment of
OC pose significant challenges as the current OC diagnostic approaches have been a

subject of extensive research and clinical trials.

In the past decade, the biomarker cancer antigen-125 (CA125) and transvaginal
ultrasound were commonly utilised for the diagnosis of OC (Doubeni et al., 2016; Elias
et al., 2018; Stewart et al., 2019). However, studies have shown that CA125 is not
sensitive enough to identify OC when it is limited to the ovary, while transvaginal
ultrasound does not consistently distinguish between benign and malignant ovarian
tumours (Sopik et al., 2015; Stirling et al., 2005). Additionally, the specificity of CA125
among 120 patients, including benign tumours and ovarian carcinomas patients, was
reported to be 62.50 % (Ali et al., 2022).

Ongoing research on the molecular basis of the disease provides potential for
improvements in the future. For instance, the combination measurement of CA125
biomarker with human epididymis protein 4 (HE4) have shown increased efficiency in

OC diagnosis (Dochez et al., 2019; Liang et al., 2020). Multiple studies have proven
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that HE4 has the potential to be a specific biomarker for OC, distinguishing between
malignant ovarian tumours and benign diseases such as ovarian endometriotic cysts
(Anastasi et al., 2013; Huhtinen et al., 2009; Moore et al., 2012). This HE4 protein
which is highly expressed in OC cells has demonstrated more specificity than the
standard CA125 biomarker for detecting OC which suggests its potential to enhance the
diagnostic precision (Aafreen et al., 2022; Kumarasamy et al., 2019; Nahar et al., 2019).
Whether HE4 is used alone or in conjunction with other biomarkers, this protein

improves the accuracy of the diagnoses (Kang et al., 2022).

Previously, high-affinity monoclonal antibodies were used in detecting HE4 in
human serum samples (Shen et al., 2018; Zhou et al., 2016). However, recent years have
seen the evolution of aptamer-integrated assays in the diagnostic field as aptamers offer
various advantages over antibodies, including easy synthesis, non-immunogenicity, and
greater cost-effectiveness (Rothlisberger & Hollenstein, 2018). Aptamers are single-
stranded DNA or RNA molecules that exhibit great specificity, affinity, and stability,
making them valuable tools for cancer detection and treatment (Ma et al., 2019; Takita
et al., 2021). They are also known as chemical antibodies with unique secondary and
tertiary structures that allow them to recognise the specific target, thus, functioning
similarly to antibodies (Hori et al., 2018). Furthermore, unlike antibodies, these
synthetic oligonucleotides can be chemically modified to precisely bind to various
cancer biomarkers, including HE4 and CA125, and they hold great promise for cancer
diagnostics (Elskens et al., 2020; Hanzek et al., 2021). The modifications of aptamers
improve their durability in biological samples, making them more effective in various
diagnostic platforms, from basic colourimetric assays to advanced biosensor approaches.
Additionally, the chemical synthesis of aptamers guarantees uniform quality and
availability, overcoming a typical issue linked to manufacturing biological reagents
such as antibodies (Bauer et al., 2019; Shigdar et al., 2013).

Typically, the selection of oligonucleotides with high affinity to their target
applies in vitro molecular biology approach called Systematic Evolution of Ligands by
Exponential Enrichment (SELEX) (Byun, 2021; Zhu et al., 2024). A conventional
SELEX process requires multiple cycles of bound aptamer elution and amplification of
oligonucleotide library, which might take days or months to complete (Wang et al.,
2019). Consequently, computational approach or in silico SELEX was introduced as it
offers a ground-breaking alternative to conventional SELEX techniques for discovering
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and refining aptamers. This approach uses advanced algorithms and molecular
modelling to replicate the iterative process of binding, partitioning, and amplification
seen in physical SELEX, but in a virtual environment (Navien et al., 2021; Rasouli Jazi
et al., 2023; Sabri et al., 2019). In silico SELEX offers several advantages over
traditional SELEX such as improved speed, efficiency, cost reduction, and enhanced
affinity and specificity (Douaki et al., 2022). The time can be shortened to few hours,
significantly faster than the time-consuming traditional SELEX method, designing good

affinity aptamers, investigated through molecular docking and MD simulations.

The in silico-designed DNA aptamer or DNA aptamer hairpin, expected to
exhibit strong binding affinity and interactions with HE4 protein will be verified via in
vitro Electrophoretic Mobility Shift Assay (EMSA). This confirms the conjugation of
the designed hairpin with HE4 protein (Cozzolino et al., 2021). Following this, the
conjugation of the DNA aptamer hairpin on the surface of gold nanoparticles (GNP)
and its characterisation, including the analysis of particle size, functional group spectral,
and formulation stability serves as the groundwork in developing reliable OC diagnostic
technique. From this perspective, with the advancement of aptamer-based diagnostics
in research and their anticipated significant contribution to personalised medicine for
OC, investigating the design of DNA aptamers against the HE4 protein through an in

silico approach becomes essential.

1.2 PROBLEM STATEMENT

Owing to its asymptomatic character in the early stages and a lack of efficient early
detection approaches, OC remains one of the most fatal gynaecological cancers globally
(Zhang et al., 2022). The HE4 protein has emerged as a promising OC biomarker, with
greater specificity than the previously utilised CA125 biomarker, particularly in
distinguishing ovarian malignancy among pre- and post-menopausal women (Teh et al.,
2018; Zhang et al., 2019). Up-to-date, the crystallised structure of HE4 protein has not
been discovered, making it essential to elucidate the structure where the potential
binding affinity and binding interactions with other biomolecules can be investigated
(Petsko & Ringe, 2004). This causes limited understanding of the HE4 structural
complexities, leading to present challenges in developing a highly affinity DNA

aptamer against this protein, that can be potentially used in the development of a



diagnostic technique. In consequence, this current work aims to predict the tertiary
structure of HE4 protein using various structure prediction servers; AlphaFold, Iterative
threading assembly refinement (I-TASSER), and Robetta. It is imperative to enhance
these structural models and verify their structural quality to precisely target HE4 with
the DNA aptamers, potentially resulting in improved detection and diagnostic
applications.

Despite HE4's potential to improve early detection rates, existing clinical OC
diagnostic approaches have considerable hurdles, such as complicated laboratory
processes and the requirement for highly specialised equipment and staff (Barr et al.,
2022; Huang et al., 2017). These limitations highlight the critical need for developing
novel techniques for detecting HE4 with high specificity and sensitivity. The presence
of reliable detection tools will improve patient outcomes, leading to lower mortality
rates. In this context, DNA aptamers, that can attach to specific targets with great
affinity, represent a viable path for HE4 biomarker detection. Aptamers have various
benefits over traditional antibodies, including simplicity of synthesis and high stability,
to bind with HE4 protein (Shaban & Kim, 2021). However, traditional techniques of
aptamer selection, such as SELEX, are time-consuming and labour-intensive, other than
involving complicated process, which at times fail to produce aptamers with the
requisite specificity and affinity for their targets (Liu & Yu, 2018).

The process in selecting the aptamers with high affinities towards its target in
traditional SELEX consists of multiple cycles, typically 5 to 15 cycles, takes days to
months to complete (Komarova & Kuznetsov, 2019). Additionally, the whole process
consisting of binding, separation, amplification, and iteration steps involves significant
consumption of materials, making it a resource-demanding process. This study
addresses the gap in the development of aptamer-based diagnostics by employing a
computational approach to design novel DNA aptamer hairpins, ensuring robust
interactions with the HE4 protein for reliable detection.

The development of in silico techniques provides a game-changing approach to
aptamer design, possibly overcoming the limits of the traditional SELEX. In silico
design simulates aptamer-target interactions, allowing for faster screening and minimise
the intensive labour for optimisation of aptamer sequences with high affinity for HE4
protein (Lee et al., 2023). This computational technique has the potential to drastically
decrease the time and cost involved with experimental aptamer selection, paving the

door for the fast development of a new generation of diagnostic techniques. This work
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uses advanced computational techniques, involving HE4 protein modelling, molecular
docking, and molecular dynamics simulations to determine aptamer sequences with
optimum HE4 binding properties. The application of substitutional mutations of the
aptamer nucleotides is to enhance the binding affinity between the DNA aptamer
hairpin with its target, HE4 protein.

Subsequently, in vitro EMSA assay takes place in verifying the binding of the
designed DNA aptamer hairpin with HE4 protein, the OC biomarker in this study
(Cozzolino et al., 2021). This step is essential to validate the efficiency of the hairpin,
ensuring strong binding capability to its target. The successful design and validation of
such aptamer hairpin has the potential to transform OC diagnostics by providing a quick,
affordable, and non-invasive technique for detection of the illness. The potential impact
goes beyond OC which may lead to the development of personalised diagnostic tools
that focus on specific biomarkers, tackling the inherent limitations of existing OC
diagnostic methods. The combination of in silico DNA aptamer design and in vitro
validation has the ability to enhance the development of diagnostic tools for various

diseases, influencing wider fields of molecular diagnostics and personalised medicine.

1.3  OBJECTIVES OF STUDY
The general objective of the study is to develop a detection method for HE4, an ovarian
cancer biomarker, through the in silico design of potential DNA aptamer hairpin. To

achieve this general objective, four specific objectives are involved:

1. Todesign the three-dimensional structure of HE4 protein with protein prediction
servers, refine its structure using molecular dynamics (MD) simulation, and
validate the protein structures.

2. To determine the most suitable DNA aptamer against HE4 protein through
molecular docking and its binding analysis.

3. To enhance the DNA aptamer hairpin using substitutional mutation method,
estimate the binding affinities through molecular docking, and study their
dynamics by MD simulations.

4. To verify the bioconjugation of the designed DNA aptamer hairpin with HE4

protein using in vitro electrophoretic mobility shift assay (EMSA) and formulate



a gold nanoparticle-DNA aptamer hairpin approach for preliminary HE4

detection method studies.

14  RESEARCH QUESTIONS

The primary aim of this study is to design and validate a novel DNA aptamer hairpin
targeting the HE4 biomarker by integrating in silico and in vitro approaches. The
following research questions are designed to address the key aspects of aptamer design
and its diagnostic development:

1. What are the structural differences of the HE4 protein conformations modelled
by AlphaFold, I-TASSER, and Robetta protein prediction servers?

2. How do the binding energies and hydrogen bonding patterns of the DNA
aptamer candidates differ when docked with the HE4 protein?

3. Which factors contribute to the enhanced binding affinity of the designed DNA
aptamer hairpin towards HE4 during MD simulations?

4. How does the in vitro assay binding performance of the designed DNA aptamer
hairpin compared to the positive control aptamer in detecting the HE4 protein;
and what are the potential implications of the GNP-hairpin conjugate’s spectral
and particle size changes for the future development of a diagnostic technique
for OC?

These elements offer a systematic framework for assessing the effectiveness of the
computationally-designed hairpin in OC diagnosis, establishing a foundation for future

study and advancement in this area.

15 RESEARCH HYPOTHESES
Based on the above research questions, the relevant research hypotheses can be outlined
as follows.

1. The conformations of the HE4 protein, as modelled by AlphaFold, I-TASSER,
and Robetta protein prediction servers, display significant structural variations
that influence their stability, compactness, and suitability for binding with DNA
aptamer hairpins due to different algorithms of each server.

2. The binding energies and hydrogen bonding patterns of the DNA aptamer
candidates display significant variance when docked with the HE4 protein,

affecting their overall binding affinity and binding poses.
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3. Several factors, including root-mean-square deviation (RMSD), radius of
gyration (Rg), and hydrogen bond occupancy, improve the binding affinity of
the designed DNA aptamer hairpin towards HE4 during MD simulations.

4. The designed DNA aptamer hairpin is expected to display enhanced in vitro
binding efficacy compared to the positive control aptamer in detecting the HE4
protein, indicating its better diagnostic potential, while the observed spectral and
particle size changes in the H256-GNP conjugate will support its improved
detection abilities, indicating its potential for future advancement into a
diagnostic kit for OC.

1.6 SIGNIFICANCE OF THE RESEARCH
The significance of this study lies primarily in its potential to improve the detection
methods for OC, a disease frequently identified at advanced stages due to inadequate
screening technologies. This work advances the OC screening by developing a new
DNA aptamer hairpin that targets the HE4 biomarker, which is essential for improving
survival rates. The integration of in silico and in vitro approaches enhances the
development of diagnostic tools that are predicted to be more sensitive and specific,
offering a substantial improvement over existing OC detection technique.
Furthermore, this study emphasises the innovative application of in silico
methods, including protein modelling and MD simulations, providing a cost-effective
and efficient method for designing potential diagnostic agents. This approach
establishes a benchmark for similar applications in other diseases, broadening the
significance of the study beyond OC. The promising findings of the computationally-
designed DNA aptamer hairpin sets a foundation for the development of a commercial
diagnostic kit, potentially revolutionise existing clinical practices and enhance the
outcomes of the OC patients. The potential for commercialisation highlights the
practical significance of the study, establishing it as a key contributor to future

diagnostic innovations.



CHAPTER TWO

LITERATURE REVIEW

21 OVARIAN CANCER

OC is a substantial health challenge for women globally, originates in the ovaries which
is the female reproductive glands. This disease has several subtypes, each with different
molecular compositions, cells of origin, reactions to treatment, and prognosis
(Matulonis et al., 2016). The main subtypes include epithelial (~90%), stromal tumours
(<5%), germ cell (<5%), and mixed-cell (~1%) type. Epithelial OC originates on the
outside of the ovary, whereas stromal and germ cell OCs arise from hormone-producing
ovarian cells and the egg cells, respectively. Although most OC cases are categorised
as epithelial OC, there are various histological subtypes within this type of cancer,
including serous (~70%), endometrioid (~10%), clear cell (10%), mucinous (~3%),
malignant Brenner tumours (~1%), and mixed histology (~6%) (Figure 2.1) (Rojas et
al., 2016). The epithelial OC mainly affects the ovaries, which are important for
hormone productions and egg development (Lheureux et al., 2019).
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Figure 2.1 Types of OC based on the cell of origin, and the epithelial OC classes
based on tumour histology. The occurrence percentages in all ovarian carcinomas are
stated in brackets. The figure summarises the findings from Rojas et al. (2016).

Recent progress in the molecular characterisation of tumours, alongside
clinicopathologic and molecular analyses of OCs, has led to the classification of
epithelial OC into two main groups, Type | and Type Il carcinomas (Kurman & Shih,
2016). Type I includes low-grade serous carcinoma (LGSC), endometroid, clear-cell,
and mucinous carcinomas, and malignant Brenner tumour. The high-grade serous
carcinoma (HGSC) and carcinosarcomas are classified as Type Il. The clinical features
of Type I OCs include slow growth, less aggressive clinical presentation, and highly
possible to be diagnosed at stage | and Il. Meanwhile, the Type Il OCs are known for
its rapid growth, aggressive clinical behaviour and mainly diagnosed at advanced stages,

stage Il and IV (Zhu et al., 2022).



According to the staging guideline proposed by the Federation of Gynaecology
and Obstetrics (FIGO), stage Ill and IV are characterised by the spreading of cancer
beyond the pelvis and to distant organs such as livers and lungs, respectively (Prat et
al., 2015). It is at these advanced stages that patients experience symptoms such as
abdominal or pelvic pain, bloating or increasing abdominal size, and unexplained
weight loss (Gaona-Luviano et al., 2020). The disease's elusive characteristics, often
manifesting non-specific symptoms or staying asymptomatic until reaching advanced
stages (FIGO stage Il and IV), have posed challenges in early diagnosis. The FIGO
staging highlighted the confinement of cancer in one or both ovaries for stage | (Figure
2.2a), and the cancer spreads to other organs in the pelvic region when it reaches stage
Il (Figure 2.2b). Unfortunately, the cancer spreads even further, beyond the pelvis to
the lining of the abdomen or to nearby lymph nodes for OC stage 11l (Figure 2.2c). And
the last stage (stage 1V), which is the worst stage have shown the spreading of cancer

to distant organs as mentioned earlier (Figure 2.2d) (Fernandez-Garza et al., 2021).

a) d)
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Figure 2.2 Cancer spread based on the FIGO staging of OC. The light orange-coloured
lumps represent the spread of cancer or tumour. (a) Stage I, (b) Stage Il, (c) Stage IlI,
and (d) Stage IV. The diagram was illustrated using Biorender.com based on
descriptions by Prat et al. (2015) and Fernandez-Garza et al. (2021).
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Globally, from 1990 to 2017, the incidence of OC cases increased from 152,100
to approximately 286,100, while the fatalities rose from 95,500 to 176,000 (Zheng et
al., 2020). These numbers of OC cases and fatalities increased to 314,000 and 207,000
for the year 2020 and expected to double by 2040, based on Human Development Index
(HDI) and global assessments of 185 countries (Cabasag et al., 2022). OC ranks as the
eighth most prevalent cancer worldwide and the fifth highest cause of cancer-related
deaths in women, highlighting the serious threat to women’s health and survival (Zhang
et al., 2022). Although there have been improvements in therapy and diagnosis, the 5-
year survival rate for OC remains poor, particularly for individuals diagnosed at late
stages. The survival rates exhibit substantial variation depending on the stage of
diagnosis, with early-stage identification providing a much more favourable prognosis
in contrast to advanced-stage illness. More than 80% of ovarian carcinosarcomas,
LGSCs and HGSCs were detected at stage I11 and IV, with 5- and 10-year survival rates
of less than 20% and 40%, respectively (Hollis, 2023). Although the overall survival
rate is low, it has a 90% 5-year survival rate for patients who were diagnosed at early
stages (FIGO stage | and 1) (Zilovig et al., 2021).

The common clinical presentation of OC includes the detection of an adnexal
mass through pelvic examination or imaging methods, initiated by the pelvic pain or
discovered incidentally during a routine medical check-up (Gaona-Luviano et al., 2020).
This is one of the reasons the OC was considered as a silent disease, in which the
adnexal masses are rarely noticed by the patients in early stages. Until today, detecting
early-stage OCs has been challenging with the absence of public screening programmes.
Currently, over 200 tumour markers are associated with OC but only cancer antigen-
125 (CA125) and human epididymis protein 4 (HE4) markers have been utilised
clinically (Savinova & Gataullin, 2022). Various studies have proposed the use of a
combination of multiple biomarkers to increase the specificity and sensitivity of OC
diagnosis, including cancer antigen 19-9 (CA19-9) and cancer antigen 15-3 (CA15-3)
alongside HE4 and CA125 (Dochez et al., 2019; Matsas et al., 2023). The additional
imaging modalities like transvaginal ultrasound and positron emission
tomography/computed tomography (PET/CT) scans, enhance the confirmation of the
disease (Kemppainen et al., 2019; Khiewvan et al., 2017). The various OC biomarkers

and current diagnosis approaches are further discussed in the next subsections.
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2.2 PREVALENCE OF OVARIAN CANCER IN MALAYSIA

In 2016, the National Cancer Registry Department (NCRD) of Ministry of Health
Malaysia reported the Malaysian population was 31.60 million with 55.6% Malays,
23.4% Chinese, 13.0% Bumiputera, 7% Indians, and the rest belonged to other ethnic
groups. There were 115,238 new cancer diagnoses between 2012 and 2016, with
females accounting for 63,733 cases, representing 55.3% of the total. The most common
cancers in females were breast cancer, followed by colorectal, cervix uteri, and ovary.
The NCRD recorded 3,575 cases of OC between 2012 to 2016, 3% higher compared to
the 2007 to 2011 report (3,472 cases). No latest report has been published by NCRD
ever since. The highest number of OC was recorded in 2016 with 776 cases. Overall,
the trend showed increment from 2013 to 2016 with 668, 696, 748, and 776 reported
cases. Based on this NCRD report, OC is the tenth common cancer and fourth among
females in Malaysia, which 56.3% were identified at stage I1l and IV. This was similar
to the previous 2007 to 2011 report and the highest incidence occurred between age 65
and 69 for both reports. The incidence rate in 100,000 population of each ethnic was
highest among the Chinese, followed by Indian and Malay between 2007-2011.
However, the 2012 to 2016 report showed otherwise, Malay accounting the highest
incidence rate (per 100,000 ethnic population) with a total of 1,984 cases (Table 2.1)
(Manan et al., 2019).

Table 2.1 Ovarian cancer incidence summary by report year and ethnicity in Malaysia.

NCRD report year 2007 to 2011 2012 to 2016
Malay 1,754 1,984
Ethnicity Chinese 1,107 1,006
Indian 277 272
Others 334 313
TOTAL 3,472 3,575
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In a case study reported in Sabah, a woman aged 58 was presented with
symptoms such as constipation, lower abdominal pain and mass, and frequent urination.
She was diagnosed with stage IV OC after various screening test were conducted,
including ultrasound-guided biopsy, CT scan and tumour marker tests (Pei Yin, 2019).
The CA125 level was 983.4 U/ml, significantly higher than their normal cut-off limit
of 35 U/ml. Here, the CA125 level corresponds to the advanced-stage of the OC. This
case highlights the reality that OC often undiagnosed until it has progressed
significantly, emphasising the urgent need for more efficient OC screening techniques

to enhance survival rates.

In a separate study, a survey was conducted by the Department of Community
Health, Faculty of Medicine and Health Science, Universiti Putra Malaysia involving
366 female participants. The survey gathered information on the participant’s
awareness of OC, including its symptoms, risk factors, and screening approaches
(Elmahdi et al., 2017). The study found a lack of awareness, influenced by certain socio-
demographic traits of the participants. A comparable study was also carried out by
School of Health Sciences, Universiti Sains Malaysia with 110 participants, yielding
similar results (Hashim et al., 2021). Thus, to bridge this knowledge gap, these studies
recommend the implementation of OC awareness and educational programmes,
focusing on alerting women to the symptoms, clinical screening methods availability,
while highlighting the risk factors. Lastly, the coping strategies among patients
diagnosed with recurrent OC aged 52 to 84 were analysed, revealing their coping
mechanisms involved maintaining a hopefulness mindset, seeking spiritual assistance,
and relying on family support (Lee et al., 2021). Based on the limited studies mentioned,
it is revealed that Malaysia is still lacking in the statistic and information concerning
OC. Given that Malaysia is among the leading countries in OC occurrence, there is a
pressing need for more comprehensive studies to be conducted and thoroughly

documented.

In light of the worrying OC statistics and their fatality numbers, this study aims
to address the urgent need to enhance the detection methods by designing DNA aptamer
hairpin with high binding affinity towards OC biomarker, HE4. This research sets a
groundwork of developing potential OC screening technique which hopefully can be
utilised for routine screening in all women, regardless of whether the OC symptoms are

present or not.
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2.3 OVARIAN CANCER BIOMARKERS

Given that OC often progresses silently and is commonly diagnosed at an advanced
stage, early detection and accurate diagnosis are essential for enhancing survival rates.
Currently, CA125 and HE4 stand as the predominantly utilised biomarkers for OC
(Wang et al., 2021). A thorough review highlights the significance of an array of
biomarkers in the diagnostic process for OC, including cancer antigen 19-9 (CA19-9),
cancer antigen 15-3 (CA15-3), and human chorionic gonadotropin (hCG), other than
the two known biomarkers (Matsas et al., 2023).

2.3.1 Cancer Antigen-125 (CA125)

CA125 is a protein typically found on OC cells and it is the most thoroughly studied
biomarker for OC, playing a crucial role in the diagnosis and treatment of the illness
(Zhang et al., 2021). The serum CA125 assay showed limited sensitivity in the early
stages and exhibited higher levels in certain conditions, including menstruation and
endometriosis (Dochez et al., 2019). The upper limit of CA125 is 35 U/ml and has not
changed since the first report in 1983 (Bast et al., 1983). The CA125 assay conducted
in that study demonstrated only 1% of 888 healthy persons had CA125 level higher than
35 U/ml. In contrast, elevated antigen levels were observed in 83 out of 101 patients
(82%) who had been confirmed to have ovarian carcinoma through surgeries. However,
the CA125 levels are also elevated during menstruation, premenstrual phase, and at
certain pregnancy phases (Charkhchi et al., 2020). In a recent study involving 131
healthy control and 131 patients, CA125 levels were not significant among stage | and
Il patients, with mean values of 39.8 and 56.2 U/ml, respectively. However, the mean
values elevated drastically for patients with stage 111 and 1V OC, recorded at 193.8 and
573.1 U/ml, respectively (Bilonia et al., 2022).

Although CA125 is the main tumour marker for OC, however its predictive
accuracy is not ideal. CA125 testing was conducted on 50,780 women where 3.4%
under the age of 50 and 15.2% aged over 50 had CA125 levels higher than the upper
limit (35 U/ml) for healthy women with non-ovarian cancer (Funston et al., 2020).
Among women with elevated CA125 levels, only 10.1 % were diagnosed with OC,
while 12.3% were found to have different types of cancer. CA125's specificity is limited

due to its potential to elevate in several common benign gynaecologic or non-
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gynaecologic medical conditions, such as pelvic inflammatory disease and uterine
myomas (Medeiros et al., 2009). CA125 does not possess adequate sensitivity and
specificity to serve as a reliable tool for population screening to detect early-stage OC
as they may not generate sufficient CA125 for detection (Cohen et al., 2014).
Furthermore, as a standalone test performed on a sample size consisting of 2,305 women,
this biomarker missed a significant number of ovarian malignancies, especially among
premenopausal women and early-stage OCs (Dunton et al., 2021). Research shows that
elevated CA125 levels are primarily correlated with tumour burden rather than the
presence of early malignant changes, explaining the lack of sensitivity in detecting OC
early stages cases (Jin et al., 2022). This suggests that CA125 is a useful OC marker to
monitor the progress of the disease and track treatment response, and not a reliable
detector for early stages OC (Zhang et al., 2021). Early detection can significantly

improve the patients’ outcomes and increases the survival rate for patients with OC.

Ongoing research aims to discover more biomarkers and create multi-marker
screening tests to enhance the accuracy and effectiveness of detecting OC. Utilising
CA125 with other biomarkers such as HE4 and cancer antigen 19-9 (CA19-9),
combining with advanced imaging methods could enhance the early detection rates
(Guo et al., 2019; Shin et al., 2020). Only 50% of early-stage patients have increased
CA125 levels, which results in a poor sensitivity (50-62%) for diagnosing early-stage
OC (Zhang et al, 2022). As a result, the accuracy of CA125 for detecting early-stage
OC is limited. Furthermore, about 60% of women with elevated CA125 values do not
have OC, and the specificity of CA125 is often poor (73—-77%). Its use as a screening
tool for asymptomatic women or those at average risk for OC is not advisable due to its

low specificity and sensitivity.

2.3.2 Cancer Antigen 19-9 (CA19-9)

Cancer antigen 19-9 (CA19-9) is a glycoprotein antigen included in a panel of blood
tests utilised for the diagnosis and treatment of specific cancer types. It has been
recognised as a tumour marker that is elevated in biliary tract, gastrointestinal, and
ovarian tumours (Ahmadzadeh et al., 2022; Cherchi et al., 1999; Scara et al., 2015). The
CA19-9 and CA125 levels were above the cut-off values of 39 U/ml and 35 U/ml,

respectively, in marker tests performed on 314 individuals with mucinous ovarian
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tumours (Lertkhachonsuk et al., 2020). However, comparing the two markers in this
previous study, CA125 marker exhibited a better diagnostic performance with a lower
P-value (P < 0.001) than CA19-9 (P = 0.002). In another study, a 58-year-old woman
experiencing dyspnoea and difficulty of walking with significant abdominal distention,
was examined with multiple tumour markers. All tumour marker measurements for this
postmenopausal woman were within normal range except for the CA19-9 level which
was very high (953 U/ml), followed by a huge abdominal mass finding in a computed
tomography (CT) scan conducted, suggesting mucinous tumour of the right ovary
(Francesk et al., 2020). The sensitivity and specificity of CA19-9 in screening for
ovarian cancer were reported as 50% and 97.6%, respectively (Santotoribio et al., 2016).
However, the sensitivity increased by 16.7% (to 66.7%) when using both CA19-9 and
CA125 markers simultaneously.

Based on the mentioned studies, CA19-9 marker alone is not effective as a
screening tool for OC because it lacks the necessary sensitivity and specificity for this
specific disease. The antigen can be elevated in several circumstances, including benign
gastrointestinal disorders, liver diseases, and malignancies such colorectal, stomach,
and hepatobiliary tumours (Scara et al., 2015). Elevated CA19-9 levels at diagnosis in
OC patients can serve as a valuable diagnostic to monitor the efficacy of treatment
approaches, where a decline in CA19-9 levels may signal a favourable reaction to
therapy and rising levels may indicate disease advancement or relapse. This was proven
by (Francesk et al., 2020) where the CA19-9 levels of the patient had regressed to
normal range, four months after surgery, and remained normal until the end of the study,
approximately one-year post-surgery. The limited specificity and sensitivity of CA19-
9 marker require its combination with other diagnostic approaches for a comprehensive

assessment of the illness.

2.3.3 Cancer Antigen 15-3 (CA15-3)

In 1988 research, it was discovered that 41% of 180 cancer patients had high cancer
antigen 15-3 (CA15-3) levels especially in late stages OC cases, which the upper-limit
level of the marker was set at 30 U/ml (Scambia et al.,, 1988). CA15-3 is a
transmembrane glycoprotein expressed on the mucosal surfaces of epithelial cells and

is commonly overexpressed in various carcinomas, including breast, ovarian, lungs, and

16



pancreatic cancers (Li et al., 2020). Although the elevated CA15-3 levels have been
established for diagnosing breast cancer since 1980s, a study on the marker levels
conducted on samples from 19,789 healthy individuals and patients with 30 different
clinically defined diseases has shown increased CA15-3 levels, not only among breast
cancer patients (Li et al., 2019). The diseases exhibiting the highest mean values were

lymphoma, OC, lung cancer, and nephrotic syndrome, in descending order.

Its limited sensitivity and specificity for OC prevent it from being employed as
a screening tool for the illness. Out of 38 OC patients evaluated for CA15-3 serum levels,
only 42% (16 patients) had elevated CA15-3 level (above 35 U/ml) at diagnosis,
indicating not all individuals with OC have increased levels of the marker (Maccaroni
et al., 2017). CA15-3 had high specificity (88.27%) and low sensitivity (57.81%) in
diagnosing OC malignancies, making it not suitable to be utilised as a single biomarker
to diagnose OC (Li et al., 2020). However, the combination of CA15-3 with cancer
antigen 72-4 (CA72-4) marker was discovered to increase the sensitivity to 73.44%. It
is suggested to incorporate CA15-3 into a wider range of biomarkers, where it can
improve its usefulness by offering a more thorough assessment of the disease status and
treatment effectiveness. In addition to CA72-4, the incorporation of carcinoembryonic
antigen (CEA) and CA125 into marker testing shows promise for early-stage OC
diagnosis (Dolscheid-Pommerich et al., 2017). Continued study on biomarker
expression patterns in OC and the creation of multi-biomarker panels might help

elucidate the significance of CA15-3 and improve the accuracy of disease monitoring.

2.3.4 Human Chorionic Gonadotropin (hCG)

Human Chorionic Gonadotropin (hCG) is a hormone most recognised for its function
in pregnancy, increasingly secreted by the placenta following implantation. Notably,
the significant levels can be detected 10 days post-fertilisation in the maternal blood
(Makrigiannakis et al., 2017). Aside from its known function in supporting foetal
development, hCG has also been recognised as a biomarker for certain diseases, with
the hCG and its components linked to gestational trophoblastic disorders (GTDs) and
germ cell tumours in the ovary (Nwabuobi et al., 2017). Germ cell tumours such as
choriocarcinomas, although it is less prevalent than epithelial ovarian malignancies,

secretes higher level hCG than its normal range. The normal range for non-pregnant

17



women aged 18 to 40 years old and 41 to 55 years old are less than 5 1U/L and 8 IU/L,
respectively (Ostreni et al., 2022). Choriocarcinoma is a rapid-growing malignant
tumour may develop in the ovaries. The hCG levels were also studied in epithelial OC
where the hCG expression of the cancerous sample was significantly higher, compared
to normal ovarian tissues (Zhong et al., 2019). Observably, 80 out of 139 (57.55%)
epithelial OC samples had high hCG expressions and none (0/48 samples) of the normal
ovarian samples were experiencing high levels of hCG.

The usefulness of hCG as OC biomarker is in its ability to be used for diagnosis,
tracking therapy response, and identifying recurrence in germ cell tumours of the ovary.
High hCG levels among non-pregnant women can assist in the initial diagnosis and
illness stage, offering vital information that enhances imaging investigations and
surgical results. A case report in 2018 involving a non-pregnant, 19-year-old female
with irregular weight gain and abdominal bloating was tested for hCG, CA125, CA19-
9, and CEA marker tests. The hCG level was 94 mIU/ml at initial testing and elevated
to 227 mIU/ml after one week, revealed with stage |11 mucinous adenocarcinoma of the
ovary after biopsy was conducted (Wagner et al., 2018). The hCG decreased to 69
mIU/ml and CA125 was reported to be normal at 16 U/ml after completion of surgery
and chemotherapy. Serial assessments of hCG levels can be used to monitor the
tumour’s response to therapy during and after treatment. A decline in hCG levels
signifies a positive reaction to the therapy, but consistently high or increasing levels
may signal the existence of remaining illness or recurrence. Although hCG is a useful
indicator for some ovarian malignancies, it is not universally relevant to all types of OC.
Hence, hCG is utilised alongside other indicators and diagnostic approaches to offer a
thorough assessment of ovarian tumours, such as CA125 and alpha-fetoprotein (AFP)

marker tests, biopsy, and transvaginal ultrasound (Nenciu et al., 2020).

2.3.5 Human Epididymis Protein 4 (HE4)

Human epididymis protein 4 (HE4) is a notable biomarker that is receiving more
attention in relation to OC. HE4 was first discovered in the epithelial cells of the distal
epididymis and has since been observed to be highly expressed in several carcinomas,
particularly in OCs (Granato et al., 2015). This biomarker produced by the whey acidic
four disulphide core 2 protein (WFDC2) gene is a glycoprotein which belongs to a
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group of proteins recognised for their function in defending against proteases in the
external environment, playing an important part in natural immunity. HE4 also regulates
the tumour microenvironment and preserves tissue integrity, potentially having an
impact on tumour growth and metastasis (Lin et al., 2021). Moore et al. (2008) reported
the mean HE4 concentrations among benign disease patients and OC patients were 50

pM and 544 pM, respectively, whereas, it was 40.5 pM in healthy controls.

A study of 233 individuals with pelvic masses found that HE4 had a greater
sensitivity of 72.9% compared to CA125's sensitivity of 43.3% at specificities of 67
patients with epithelial OC (Moore et al., 2009). Unlike CA125, the HE4 level was not
affected by menopausal state, making it capable of differentiating between benign and
malignant tumours in premenopausal individuals, and it was also suggested to be
valuable for distinguishing OCs from ovarian endometriotic cysts (Anastasi et al., 2013;
Huhtinen et al., 2009; Moore et al., 2012). In a comprehensive systematic review
covering literature from 1952 to 2016, 49 studies comprising of 12,631 women,
including 4549 OC patients, had an overall sensitivity and specificity of 71% and 86%,
respectively. These studies were done for screening the borderline or malignant ovarian
tumours (Scaletta et al., 2017). In a different study, the HE4 levels were measured for
the samples from 149 ovarian carcinoma patients, aged 19 to 75. The sensitivity and
specificity recorded were 85.3% and 91.5%, respectively, indicating similar sensitivity
compared with CA125 but higher specificity (Lakshmanan et al., 2019).

A study reported in 2022 evaluated the effectiveness of HE4 marker test alone
and in combination with CA125 for detecting OC in a primary care population. The
combined test demonstrated the best specificity at 97.3% and lower specificity for HE4
alone (80.4%). However, the sensitivity for HE4 alone for 640 samples obtained from
women aged under 50 was 100%. Overall, the study suggested that HE4 marker test
performed better in women aged under 50 and exhibited higher sensitivity to detect
early- and late-stage OC compared to CA125 marker test (Barr et al., 2022). This was
supported by another study involving 965 women of whom 161 were diagnosed with
OC while the others with benign tumours, suggesting HE4 as a valuable biomarker in
diagnosing OC among premenopausal patients (Braicu et al., 2022). The finding of both
studies and many others indicated that the combination of HE4 and CA125 increased
the specificity and efficiency in OC diagnosis (Dochez et al., 2019; Y. Li et al., 2020;
Matsas et al., 2023; Montagnana et al., 2017).
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The Risk of Ovarian Malignancy Algorithm (ROMA) when combined with HE4
and CA125 enhances the accuracy of predicting OC, as it assesses the risk of OC in
women with a pelvic mass by integrating the serum levels of CA125 and HEA4, together
with the menopausal state of the patient (Dochez et al., 2019; Wang et al., 2021; Zhang
et al., 2019). High-risk scores necessitate referral to gynaecologic oncologists for
further evaluation , enabling rapid identification and management of OC. The ROMA
cut-off values, determining the high and low risks, is depending on the laboratory
methods applied and differ for pre- and postmenopausal women (Chudecka-Gtaz, 2015).
In 2022, novel research modelled a panel of multiple biomarkers, comprising of HE4,
CA125, CA15-3, apolipoprotein (Apo) Al, and ApoA2, to diagnose OC. This optimal
combination displayed a sensitivity of 93.71% and high specificity (93.63%) (Kang et
al., 2022). HE4's function extends beyond diagnosis to include monitoring illness
progression and assessing response to therapy. The level of this biomarker corresponds
to the efficacy of treatment, where it is decreased after effective therapy and increased
in situations of recurrence (Behrouzi et al., 2021; Scaletta et al., 2017). In summary,
HE4 biomarker serves as a valuable tool for initial diagnosis and the management of
patients. It is highly effective as a standalone biomarker compared to CA125, CA19-9,
CA15-3, and hCG, due to the ability in distinguishing malignant from benign
gynaecologic conditions. However, the diagnostic accuracy can be enhanced by
combining HE4 with other biomarkers and advanced-imaging approaches. Table 2.2
summarises the specificities and sensitivities of the biomarkers.

Table 2.2 The sensitivities and specificities of 5 OC biomarkers.

OC biomarker Sensitivity (%)  Specificity (%) Reference
CA125 50.0 - 62.0 73.0-77.0 Zhang et al. (2022)
CA19-9 50.0 97.6 Santotoribio et al. (2016)
CA15-3 57.8 88.3 M. Li et al. (2020)

hCG 57.6 - Zhong et al. (2019)
HE4 71.0-72.9 86.0-91.5 Scaletta et al. (2017)

Lakshmanan et al. (2019)
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This in-depth investigation on the OC biomarkers emphasises the significance
and reliability of HE4 biomarker in detecting the illness. Thus, this research focuses on
the designing of DNA aptamer hairpins targeting HE4 with high binding affinity,

improved interactions, and good stability.

24  OVARIAN CANCER DIAGNOSTICS

The diagnosis of OC poses a challenge with no reliable early detection tools available
at present. The current gold standard of diagnosing OC involves surgical pathological
investigation with possibility of delays in early detection and clinical management (Guo
et al., 2019). This resulted in lowered survival rates among OC patients. A standard
pelvic examination is frequently the initial procedure employed when there is suspicion
of OC, including the increment of abdominal mass and discomfort or pain at pelvic area
(U.S. Preventive Services Task Force, 2018). However, its ability to identify early-stage
OC and differentiating benign from malignancy conditions is restricted due to the
location of ovaries, deep inside the pelvis (Ebell et al., 2015). The existing clinical and
under investigation diagnostics for OC are comprehensive, encompassing physical
examinations, imaging analyses such as transvaginal ultrasound (TVUS) and positron
emission tomography (PET) scan, tumour marker tests, and surgical treatments to
provide a clear diagnosis (Kang et al., 2022; Khiewvan et al., 2017). These techniques

were thoroughly investigated to improve the accuracy and rapidness of OC diagnosis.

2.4.1 Imaging Techniques

The transvaginal ultrasound (TVUS), positron emission tomography-computed
tomography (PET/CT), and magnetic resonance imaging (MRI) scans are important
tools in enhancing the diagnosis and prognosis of OCs. TVUS is frequently utilised as
a primary imaging approach or as a secondary examination after CA125 marker test, in
examining and characterising ovarian masses by offering detailed images of the ovaries
(Campbell & Gentry-Maharaj, 2018). The United Kingdom Collaborative Trial of
Ovarian Cancer Screening (UKCTOCS) is an approach assessing approximately 50,000
women from the general population for the detection of ovarian or tubal cancers,

involving yearly TVUS (Kalsi et al., 2021). 960 women were screened with imaging
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abnormalities, leading to surgeries of which 113 (11.8%) OC cases were recorded.
Although this effort assisted the detection of OCs in general population, it has not been

a practice in most countries due to lack of required facilities and professional staff.

The combination of PET/CT scan and 2-deoxy-2[fluorine-18]fluoro-D-glucose
(*8F-FDG) helps differentiate between benign and malignant ovarian tumours by
identifying elevated glucose metabolism linked to cancer cells (Kosinska et al., 2023;
Mbakaza & Vangu, 2022). A PET/CT scan integrates functional data from a PET scan
with anatomical information and precise cross-sectional images from a CT scan, to offer
a thorough evaluation of tumour metabolism and location which is commonly use in
suspected recurrent OCs examination (Reyners et al., 2016; Sultana et al., 2021). 45 out
of 52 patients with elevated CA125 showed signs of recurring OC on PET/CT imaging,
including three false negative cases and one false positive case. The sensitivity and
specificity of *®F-FDG PET/CT were determined as 94% and 75%, respectively (Cengiz
et al., 2019). This technique provides whole-body imaging, allowing for the detection
of distant metastases as well as abdominal and pelvic lesions, which can aid in patient
care. In a similar study, the PET scan was combined with MRI in the presence of 8F-
FDG to evaluate the staging in OC patients where the lesion-based sensitivity and
specificity were estimated at 78.6% and 95.7%, respectively, promoting 93.9%
accuracy (Tsuyoshi et al., 2020). MRI scans provide images of the pelvis and abdomen,
assisting the identification of ovarian masses, evaluating tumour size, and detecting

metastases (Kasper et al., 2017).

Each imaging technique has a distinct role, advantages, and limitations. The
selection of imaging modality is based on aspects such as clinical symptoms, the
necessity for in-depth analysis of masses, staging criteria, and the demand for
monitoring therapy efficacy or disease recurrence. Combining these imaging methods
with clinical examination and laboratory testing, such as CA-125 and HE4 marker tests,

offers a thorough approach to diagnosing, staging, and treating ovarian cancer.

2.4.2 Ovarian Cancer Marker Tests

OC marker tests are diagnostic tools used in screening biomarkers associated with OC,
including HE4, CA125, and hCG. Even though these markers are not exclusive to OC
only, they might suggest the existence of the illness when their levels are elevated.

22



Matsas et al. (2023) summarised the diagnostic importance of CA125, HE4, CA15-3,
CA19-9, hCG, and AFP markers. HE4, the glycoprotein by WFDC2 gene, can be
screened in the blood and urine of OC patients, whereas the common practice for CA125

test sampling is through blood samples.

Historically, CEA marker was labelled as OC biomarker in 1976 but was first
discovered in 1965 as mucinous colon cancer biomarker (Ueland, 2017). Moving
forward, the CA125 marker was explored in 1981 and announced as a cancer biomarker
specifically for OCs soon after. However, an increased CA125 level above its cut-off
limit (35 U/ml) can also arise from non-cancerous diseases and other conditions such

as pregnancy and menstruation (Neogi & Srivastava, 2014).

In 2008, the Food and Drug Administration (FDA) in the United States declared
HE4 as a marker to monitor patients already diagnosed with OC, detecting the
recurrence of epithelial OC and overcoming the traditional role of CA125 (Capriglione
et al., 2017; Chudecka-Gtaz, 2015; Hellstrom et al., 2010). However, various recent
reports have explored the combination of HE4 test with other marker tests in early
detection of OC, resulting in high specificity and sensitivity. Research suggested that
the performance of HE4 marker test was better in women aged less than 50, whereas,
CA125 marker test worked more ideal in older women (Barr et al., 2022). Thus, the
combination of these two markers has been tested numerous times and outperformed a
single biomarker test in early stages of the disease while precisely distinguishing
between benign and malignancy cases (Han et al., 2018; Y. Li et al., 2020). Moreover,
combining CA125 with CA19-9, epidermal growth factor receptor (EGFR), and few
other markers increased sensitivity to 98.2% and specificity to 98.7% in the OC early
detection (Muinao et al., 2019). Nevertheless, the usual clinical practice in confirming
the OC diagnosis after marker tests is by including imaging modalities and/or surgical

pathologies (Grayson et al., 2019).

2.4.3 Surgeries

Surgical procedures are commonly more invasive than the primary and
secondary diagnostic steps, which are the marker tests and imaging scans. These
surgeries serve two main purposes; diagnosing the illness and identifying the illness

stage, in which involving laparoscopy or laparotomy (Nezhat et al., 2013). The
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diagnostic laparoscopy allows medical personnel to observe the ovaries and nearby
organs using a camera attached at the end of a thin tube called laparoscope. Small
incisions are made when suspicious and abnormal regions are detected to remove tissue
samples for biopsy. Histological analysis of tissue acquired by biopsy remains the most
reliable method for definitively diagnosing OC. In contrast, laparotomy is a more
invasive surgery procedure, involving an open and larger incision in the abdomen with
risk of complications (Sincavage et al., 2021). This procedure allows for a more
comprehensive examination of the abdominal cavity, possibly determining the staging
of the illness and identifying the extent of the spread of the cancer to the neighbouring

organs.

Traditional surgical staging for OC typically involves an exploratory
laparotomy along with peritoneal washings, removal of the uterus (hysterectomy),
removal of both the fallopian tubes and ovaries (salpingo-oophorectomy), removal of
the omentum (omentectomy), taking several biopsies from different peritoneal locations,
and potentially removing lymph nodes in the pelvic and para-aortic areas (Nezhat et al.,
2013). However, at present, laparoscopy has been the common approach to surgical
staging of early-stage OC, minimising the complications experienced by post-
laparotomy patients, such as bleeding and post-surgery hernia (Falcetta et al., 2016).
This is supported by a study involving 778 staging laparoscopy cases, which discovered
that laparoscopy after initial diagnostic (marker tests and/or imaging scans) was
effective in identifying the staging of OC (Zeff, 2018). A comparative study on OC
surgical staging involving 60 patients concluded that the laparoscopy group experienced
longer surgeries but benefited from shorter hospital stays and received earlier treatment
compared to the laparotomy group who had a longer post-surgery recovery time
(Baiomy et al., 2020).

In summary, the diagnosis of OC requires a wide range of clinical diagnostic
tests, each of which plays a vital role in identifying, determining the stage, and treating
the illness. Despite the existence of notable obstacles in the field of early OC detection,

continuous research and technological progress offer promising screening techniques.
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25 APTAMERS

2.5.1 Introduction and Aptamer Selection

Aptamer, also known as synthetic antibody is one of the main components in this study.
It is a short, single-stranded oligonucleotide made up of nucleic acids, and it is typically
20 to 100 nucleotide long (Rothlisberger & Hollenstein, 2018). Nucleic acids are
essential for all living forms, carrying genetic information and essentially important for
protein production. These macromolecules are made of nucleotide chains, consisting of
five-carbon sugars, phosphate groups, and nitrogenous bases (Alberts et al., 2002).
There are two main forms of nucleic acids: deoxyribonucleic acid (DNA) and
ribonucleic acid (RNA). DNA contains the genetic information necessary for the growth,
functioning, and reproduction of living organisms and certain viruses, while RNA
serves as the intermediary that conveys instructions from DNA to regulate protein
production (Minchin & Lodge, 2019). RNA also performs catalytic and regulatory

activities inside cells.

This study emphasises the utilisation of DNA aptamers, instead of RNA
aptamers. The advantages of DNA aptamers over RNA aptamers include their thermal
and chemical stability, alongside their compatibility with various chemical
modifications (Ni et al., 2011). Furthermore, comparing to the conventional and widely
utilised antibodies, aptamers offer various advantages, offering smaller molecule size,
greater structure flexibility, higher biocompatibility, and lower immunogenicity (Byun,
2021). RNA and DNA aptamers were discovered in the early 1990s using a ground-
breaking selection process known as Systematic Evolution of Ligands by Exponential
Enrichment (SELEX) (Ellington & Szostak, 1990, 1992). SELEX enables the in vitro
evolution of aptamers by successive rounds of selection, amplification, and enrichment
(Figure 2.3), leading to the identification of aptamer sequences that bind strongly to the
desired target (Blind & Blank, 2015). The process begins with a large library containing
random aptamer sequences, which the pool was subjected to iterative rounds of
selection, enriching the sequences that bind to the target during the incubation period.
The sequences that did not bind to target are washed away, leaving only those sequences
that bound to be eluted and collected. The collected sequences are then amplified and
gone through additional rounds of SELEX process. Lastly, the sequencing of the final
pool was done, identifying the aptamers bound to target with high affinity.
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Figure 2.3 Schematic representation of SELEX in aptamer selection.

The past three decades have witnessed SELEX as the primary technique in
aptamer selection (Sampson, 2003), but in recent years, researchers have begun to
investigate the potential of integrating computational or in silico approaches with the
SELEX selection method, which is typically followed by aptamer design enhancement.
A few studies have named this computational selection method as ‘in silico SELEX', a
revolutionary strategy to designing and evaluating aptamers (Poustforoosh et al., 2022;
Rasouli Jazi et al., 2023). The in silico SELEX method differs from one study to another
due to different computational methodologies applied, including various software, tools,
and work designs (Buglak et al., 2020), which the work mostly includes molecular
docking and molecular dynamics (MD) simulations (Figure 2.4). Molecular docking
has become an important tool in computer-assisted drug design and analyte screening,
estimating binding affinity and analysing the interaction mode (Fan et al., 2019).
Whereas, MD simulations depict the behaviour of proteins and other biomolecules in
atomic detail and at extremely fine temporal resolution (Hollingsworth & Dror, 2018).

This significantly improves efficiency and lower research costs.
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Figure 2.4 Schematic representation of a typical workflow of in silico SELEX.

In silico SELEX emerges as an effective approach for aptamer selection,
providing numerous advantages. For instance, enhanced exploration of sequences,
minimised the time in experimental rounds, and increased efficiency in high-affinity
aptamers identification (Thevendran et al.,, 2023). By integrating computational
simulations with experimental evaluations, in silico SELEX represents an effective
method in the development of aptamers for various applications, including diagnostic
purposes. This approach facilitates the swift evaluation of extensive libraries, removing
the necessity for time-consuming experimental iterations while forecasting off-target
interactions, thereby enhancing aptamer specificity at an early stage in the selection

process (Zarandi et al., 2020).

Furthermore, in silico SELEX benefits from advancement in molecular docking
and MD simulations, offering atomic-level insights into protein interactions and binding
affinities (Almazar et al., 2023). The application of artificial intelligence and machine
learning in this method significantly improves the optimisation of aptamer structures,
thereby enhancing their binding affinity and stability in physiological conditions (Zhao
et al., 2022). The combination of computational and experimental methods streamlines
the selection process and speeds up the development of aptamers for therapeutic and
diagnostic applications. In summary, in silico SELEX stands out as a highly effective
approach for creating superior aptamers, providing advantages such as lower research

expenses and expedited development schedules.
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2.5.2 The Fundamental of DNA Aptamer Structure

DNA aptamers are composed of the same four nitrogenous bases found in a typical
DNA double helix, which are adenine (A), thymine (T), guanine (G), and cytosine (C).
The thymine found in DNA is replaced with uracil for RNA composition. The process
of DNA aptamer synthesis involves the formation of a deoxyribose sugar-phosphate
backbone and nucleotide base pairing, where adenine pairs with thymine via two
hydrogen bonds (H-bonds), and guanine pairs with cytosine through three H-bonds
(Figure 2.5a). This specific hydrogen bonding pattern among the bases generates the
double helix structure based on Watson-Crick base pairing, maintaining the stability of
the DNA (Takahashi & Sugimoto, 2021; Watson & Crick, 1953).

a) .
5 0 0 3
A
A
0
e O \\I>j
/7 O 0
| ! )
0" ] wp— 0
¥ 0
\ —
— (o) 0
H-bond
0 =
&
3 0 0 5
b) C|>' o
O—TZO O—llD:O
o o
I O\’/Base ”I\\/O\ _Base
OH OH -~ OH
B 4 oM + H,O
OH / Pl
|_ l / '
O—I|D_O \o—|:|>:o
o} N 0 /l
5| Sk -
LY /O _Base 5 O _Base
OH OH OH OH

Figure 2.5 The formation of phosphodiester bond (in red circles).
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The nucleic acid chains are formed by polymerisation, which occur through the
establishment of phosphodiester bonds linking the 3’ hydroxyl group of one nucleotide's
sugar to the 5’ hydroxyl group of the following nucleotide, resulting in chain expansion
from the 3’ to the 5’ direction (Figure 2.5b) (Mikkola et al., 2018). This phosphodiester
bond is essential in linking nucleotides in the DNA chain and due to the presence of
phosphate groups throughout the molecules, DNA aptamers are negatively charged
molecules. This negative charge is important in a variety of biological activities, such
as DNA aptamer interactions with positively charged molecules. The nucleobases of
aptamer serve as the foundational elements, and by arranging the bases in certain order,
they fold into unique three-dimensional (3D) structures, allowing them to bind with

high affinity and specificity to their target molecules (Odeh et al., 2019).

2.5.3 DNA Aptamers in Ovarian Cancer Diagnostics

DNA aptamers have been recognised as reliable diagnostic tools, offering innovative
and diverse approaches to identify and measure a wide range of biomolecules and
analytes (Hu et al., 2022). The capacity to modify these aptamers results in great binding
specificity and affinity with the target molecules, making them viable candidates for
recognition elements and revolutionising the field of diagnosis. In comparison to
commonly utilised antibodies in diagnostic applications, aptamers are manufactured
using cell-free chemical synthesis, resulting in lower large-scale manufacturing costs
(Bauer et al., 2019). When these aptamers interact with their target, they use a lock-and-
key model, which is made possible by the various conformations. Furthermore, because
aptamers are smaller than antibodies, they can penetrate tumour cores more efficiently,
making them useful for drug delivery (Sett, 2020). DNA aptamers have been used in a
variety of diagnostic platforms during the last decade, including electrochemical
biosensors, surface plasmon resonance (SPR)-based sensors, lateral flow assays, and

polymerase chain reaction (PCR) assays (Kim et al., 2016; Mehmood et al., 2019).

The utilisation of DNA aptamers onto biosensor platforms is a critical step
towards developing potential diagnostic tools. These biosensors use the specific binding
interactions between aptamers and their target analytes to create measurable signals
(Wan et al., 2021). Depending on the type of biosensor, the aptamer-target contact

causes a variety of signal transduction pathways. For example, SPR sensors rely on
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changes in the refractive index of the sensor surface, electrochemical biosensors control
electrical currents, and fluorescence-based sensors use conformational changes in
aptamers to adjust fluorescence emissions. This signal transduction technique enables
sensitive detection and quantification of diagnostic biomarkers, opening the path for
early illness detection (Futane et al., 2023). Antibody-based platforms are commonly
developed in the past decade for the screening of OC markers, including a work by
Kovarova et al. (2023). The study presented an electrochemical sandwich-type
magneto-immunosensor using three specific antibodies to screen CA125, HE4, and
AFP marker levels that fit the criteria as an early-stage OC detection kit (Kovarova et
al., 2023). However, the expensive nature of antibodies is making researchers to seek
for more cost-effective and easier to synthesise alternatives like aptamers. Table 2.3

shows recent developed aptamer-based diagnostic approach for OC.
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Table 2.3 Aptamer-based approaches in recent ovarian cancer diagnostics.

Aptamer-based diagnostic approach Target Limit of Reference
detection (LOD)

Lanthanide-doped upconverting  HE4 0.021 ng/ml (Maetal.,
nanoparticles (UCNPs)  luminescence 2021)
resonance energy transfer (LRET)
nanoprobe containing HE4 aptamer
Rapid intraoperative imaging technique by  pSOC - (J. Wang et
staining primary serous OC (pSOC) cells  cells al., 2021)
with fluorescein amidite-labelled
MApoc46 aptamer
CA125 aptamer immobilisation on CA125 0.015 fM (Ilvanov et
silicon-on-insulator  (SOI) nanoribbon al., 2021)
(NR) biosensor
LRET-based aptasensor using aptamer- CA125 0.009 U/ml (X. Zhang
modified near-infrared (NIR)-excitable etal., 2021)
UCNPs
Colourimetric biosensor using citrate-gold PDGF 0.01 pg/ml (Hasan et
nanoparticles with PDGF-specific al., 2022)
aptamer
Electrochemical aptasensor with  HE4 0.41fM (R. Huet
nanocomposite as signal amplifier and al., 2023)
deposited gold nanocrystals (DpAu) as
sensing platform
Magnetic Fe3O4/a-Fe203 hetero-nanorods  HE4 27.5 fg/ml (Y. Zhang
electrochemical bioplatform with DNA etal., 2023)
aptamer immobilisation
Electrochemical aptasensor combining CA125 0.0001 U/ml (C. Hu et
molybdenum disulphide (MoS2), CA125 al., 2023)
aptamer, and gold nanoflowers (AuNFs)
Streptavidin-coated gold chip CA125 0.01 U/ml (Shahbazlou
immobilised with biotinylated CA125 etal., 2023)
aptamer as SPR biosensor
Aptamer-modified AgNP electrochemical PDGF 0.01 pg/ml (Sharma et
paper analytical device (ePAD) al., 2023)
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A recent study developed an electrochemical aptasensor with detection limit of
0.41 fM (fmol/L) using abundant amino groups in metal-organic framework/ketjen
black (NH2-MIL-53(Al)/KB) composite, where the target HE4 was bound to the
aptamer (R. Hu et al., 2023). It is an ultrasensitive sensor as the cut-off level for pre-
menopause and menopause OC patients are reported as 70 pmol/L and 140 pmol/L,
respectively (Dochez et al., 2019). Luminescence-based nanoprobe were also developed
earlier in HE4 marker screening, showing excellent sensitivity and selectivity (Ma et
al., 2021). They constructed LRET-based probes where the lanthanide-doped UCNP
and HHQ-1 dye were tagged with molecular beacon consisting of HE4 aptamer
sequence. The aptamer hairpin structure played a significant role in the strong

interaction between HE4 and its aptamer, leading to the LRET inhibition.

Recent years have also seen the rapid development of aptasensors in screening
other OC markers, including CA125 and platelet-derived growth factor (PDGF). A
rapid, low-cost, and disposable electrochemical paper analytical device (ePAD) were
created by depositing silver nanoparticles on the paper analytical device and
immobilising PDGF aptamer (Sharma et al., 2023). Another sensor was developed to
screen PDGF by applying a different approach, which was the colourimetric assay for
naked-eye detection, where these two sensors had similar sensitivities with LOD of 0.01
png/ml (Hasan et al., 2022). A very low LOD (0.0001 U/ml) was achieved in the
screening of CA125 marker level by using a gold nanoparticle-based sensor with a
stable layered substrate of molybdenum disulphide (MoSz) in the presence of CA125
aptamer, making it a sensitive detection method where the upper limit of CA125 was
reported at 35 U/ml (Hu et al., 2023).

Highly sensitive and rapid cancer biomarkers detection is essential for early
diagnosis and prognosis of the illness. Therefore, the recent studies highlighted in
literature search have shown advancements and are aiming to simplify, accelerate, and

improving the current diagnostic approaches.

26 CHOICE OF METHODS

Advancements in computational technology have significantly transformed the medical
industry, especially diagnostics, by improving the precision, speed, and effectiveness of

iliness detection. Advanced technologies like bioinformatics and artificial intelligence
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(Al) are crucial for analysing intricate biological data and detecting patterns that are too
complicated, beyond human capability to screen and recognise manually. This enhances
the successful rate of a therapy and greatly decreases the time required for diagnosis,

allowing healthcare practitioners to respond to patient needs more quickly.

In this thesis, computational methodologies are integrated into most of the work,
to achieve its main objective of designing potential DNA aptamer hairpin in the
detection of OC biomarker, HE4. Additionally, the findings obtained from the in silico
work are subsequently validated by in vitro assay, ensuring a precise outcome of the
whole study. The choice of methods for the computational methods of protein modelling,
DNA aptamer hairpin design, and MD simulations of protein-DNA complex, including

experimental method to analyse the protein-DNA binding are further discussed.

2.6.1 Molecular Modelling of HE4 Protein

At the beginning of this study, the searching of the HE4 protein tertiary structure yielded
no results, indicating that it was not available at the time of the research. The searching
included the well-established Protein Data Bank (PDB) database and other previous
studies involving this OC biomarker having a sequence length of 124 amino acids.
Therefore, the potential of modelling the protein structure through computational
approaches is highly aimed for, after thorough literature search. Initially, the secondary
structure of HE4 protein will be predicted by PSIPRED Protein Analysis Workbench,
utilising neural networks in analysing the sequence which generates its secondary
structural motifs, including the coils, alpha-helices, and beta-strands (Buchan & Jones,
2019).

Next, the tertiary protein structure prediction tools included Phyre2 (Kelley et
al., 2015), SWISS-MODEL (Waterhouse et al., 2018), MODELLER (Webb & Sali,
2016), AlphaFold (Jumper et al., 2021), Iterative Threading Assembly Refinement (I-
TASSER) (Yang & Zhang, 2015), Robetta (Kim et al., 2004), HHPred (Soding et al.,
2005), and RaptorX (Kallberg et al., 2014). However, while each protein prediction tool
is powerful and unique, they come with limitations. For instance, Phyre2 relies heavily
on known template structures available in databases, making it difficult to model the
proteins with novel folds. This common limitation applies to SWISS-MODEL,
MODELLER, and HHPred prediction tools as well. For MODELLER, initial template
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of known structure is required to undergo homology or comparative modelling, making
it nearly impossible to predict structures of proteins with no similar template
(Bitencourt-Ferreira & de Azevedo, 2019). Furthermore, the MODELLER prediction

process is computationally intensive, which makes it less favourable.

In contrast, AlphaFold, I-TASSER, and Robetta have brought significant
progress to protein structure prediction, surpassing conventional techniques such as
SWISS-MODEL and MODELLER. AlphaFold, the free online prediction server
developed by DeepMind, has established a higher level of precision in predicting
protein structures compared to other approaches in the Critical Assessment of Structure
Prediction (CASP) competitions (Elofsson, 2023). The deep learning method forecasts
protein structures as accurate as the experimental findings. This is due to its ability to
predict novel proteins without known homologues as it does not rely solely on template-
based approach. On the other hand, the combination of threading, ab initio, and
homology modelling makes I-TASSER a unique approach in predicting the structure of
a wide range of proteins (Yang & Zhang, 2016). Robetta adopts both homology and ab
initio modelling, identifying the structure even without close homologues (Park et al.,
2018). One distinct advantage of AlphaFold, I-TASSER, and Robetta is their capability
to determine the full tertiary structure of the protein, and not only fragments of the full
provided sequence. Current study utilised these three protein prediction servers to
model the tertiary structure of HE4 protein and validated the structure quality using
Ramachandran plot and ERRAT. A Ramachandran plot serves as a graphical tool to
assess the dihedral angles (phi and psi) of amino acids within protein structures (Park
et al., 2023), whereas ERRAT assesses the overall integrity of protein models through
the examination of non-bonded atomic interactions. This analysis evaluates the
interactions in relation to high-resolution crystallographic data to identify regions where

the structure might be unreliable (Mohammed et al., 2022).

2.6.2 Design of 3D DNA Aptamer Hairpins

This study combines SELEX and in silico SELEX in the aptamer selection that binds
strongly to HE4 protein. The screening of the DNA aptamer candidates against HE4
was previously done by Eaton et al. (2015) through SELEX selection, where four

promising aptamer sequences were shortlisted by the work. These sequences were
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selected due to their enrichment throughout the selection process and they represented
large clusters (Eaton et al., 2015). Further literature search did not lead to any other
study with different aptamer candidates against HE4, thus, the four candidates
mentioned earlier were chosen for the subsequent computational methods. Based on
previous studies, molecular docking between protein and aptamers predicts the affinity
and poses of the protein-aptamer complexes, subsequently identifying the most
promising aptamer against its protein target (Azri et al., 2021; Navien et al., 2021; Sabri
et al., 2019). To ensure that single-stranded DNA forms proper functional 3D DNA
aptamer structures, it is important to initially construct the secondary DNA with correct
base pairings before predicting its tertiary conformation (Zhang et al., 2019). This is
done by utilising Mfold and RNAComposer servers. Sabri et al. (2020) then converted
the predicted tertiary RNA structure to DNA composition by replacing uracil to thymine
and changing the ribose sugar in the backbone to deoxyribose. This work adopts similar
workflow as previous studies in predicting the secondary and tertiary structures,
subsequently utilising AutoDock Vina in the molecular docking simulation between the
four aptamer candidates with HE4 protein. The most potential aptamer candidate
against HE4 is selected based on the greatest binding affinity.

Next, the truncation of the hairpin region of the most potential DNA aptamer
candidate takes place, to initiate the designing process of multiple DNA aptamer
hairpins with different sequences. The main purpose of this truncation to a shorter
sequence length is to expedite the molecular docking of HE4 with hundreds of DNA
sequences. The DNA aptamer hairpins undergo substitutional mutation of the
nucleotides located at the loop region. This region plays a significant role in exposing
the side chains of the loop nucleotides, enhancing the binding with its target (Ma et al.,
2021). The substitutional mutation involves the replacement of a nucleobase with
another nucleobase, such as thymine replaces by guanine and adenine replaces by
cytosine, resulting in hundreds of different hairpin sequences. These hairpins are docked
with HE4 and the HE4-hairpin complexes with lowest binding energies are further
analysed, emphasising their binding poses. The selected, high affinity complexes are

then subjected to MD simulations to characterise their molecular dynamics.
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2.6.3 MD Simulations using GROMACS and Force Field of Choice

The in silico approach in this study continues with MD simulations of the HE4-hairpin
complexes. MD simulation is a computer method that models the physical motion of
atoms and molecules over time. The simulation comprises numerically solving
Newton's equations of motion to study the atomic-level behaviour of nucleic acids (X.
Wang et al.,, 2014). The key purposes of MD simulation include understanding
molecular interactions, protein folding processes, and evaluating the dynamic behaviour
of molecular systems under different conditions including temperature and pressure.
GROMACS (Groningen Machine for Chemical Simulations) is one of the most widely
utilised MD simulation tools. It supports various force fields, including OPLS
(Optimised Potentials for Liquid Simulations), AMBER (Assisted Model Building with
Energy Refinement), and CHARMM (Chemistry at Harvard Molecular Mechanics)
(Chen et al., 2015). The software package covers a wide range of settings for
customisable simulations and have been successfully study the molecular dynamics in
different biomolecular systems, such as protein-ligand, membrane-protein, and protein-
nucleic acids (Lehrer & Rheinstein, 2023; Smith et al., 2022; van Heesch et al., 2023).

The precision of MD simulations is largely dependent on the force fields employed,
which depict the interactions among atoms in the system (Tucker et al., 2022).
Historically, MD simulations of proteins have been more precise, but recent progress
has improved force fields for MD simulation of nucleic acids. In this study, OPLS force
field was applied to the MD simulations of HE4 protein, while the simulations for HE4-
DNA aptamer hairpin complexes utilised CHARMM force field. The OPLS force field
was developed by William L. Jorgensen and it is suitable to predict the dynamic
properties of organic and biological molecules in liquid and gaseous states (Jorgensen
et al., 1996). OPLS force field is recognised for its precise representation of torsional
energetics, essential for simulating protein folding and dynamics. Research confirms
the capability of this force field in accurately capture the protein and also dipeptide
dynamics (Lee et al., 2019).

The CHARMM force field has been used previously in the studies of biomolecular
systems such as proteins, nucleic acids, and carbohydrates. This force field provided
great flexibility to the DNA structures in protein-nucleic acids simulation (Gallardo et

al., 2022). Furthermore, it offers detailed parameterisation of nucleic acid, as well as
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protein, allowing accurate prediction of the structural and energetic aspects. Due to
these criteria, CHARMM force field was selected to be applied in the MD simulations
of HE4-DNA aptamer hairpin complexes.

2.6.4 Nucleic Acids-Protein Interactions and GNP-DNA Conjugation

Protein-nucleic acid interactions are important in biological systems and essential for
replication, transcription, translation, repair, and gene expression control (Valuchova et
al., 2016). These interactions occur when proteins attach to DNA or RNA molecules,
allowing the proteins to carry out their regulatory roles, contribute to the structural
arrangement of genetic material. They are very specific and determined by the sequence
and molecular structure of the nucleic acid, as well as the structure and chemistry of the
protein. The interactions between those two molecules may arise from the formation of
hydrogen bonds, hydrophobic interactions, salt bridges, and electrostatic interactions
(Ferreira de Freitas & Schapira, 2017; Kurczab et al., 2018).

The analysis and confirmation of protein-nucleic acid binding can be done
through electrophoretic mobility shift assay (EMSA), chromatin immunoprecipitation
(ChIP), and footprinting assays. EMSA, also known as gel shift assay uses non-
denaturing polyacrylamide or agarose gel in electrophoresis (Cozzolino et al., 2021).
The nucleic acid changes in mobility as it binds to the protein. The nucleic acid bands
are usually visualised under ultraviolet light with the presence of gel stain that binds to
the DNA molecules. ChlIP is utilised to study the interaction between proteins and DNA
within chromatin. This method includes attaching proteins to DNA, fragmenting the
DNA, and subsequently isolating the DNA-protein complex by immunoprecipitation
using an antibody that targets the particular protein (Ferraz et al., 2021). EMSA is
selected to analyse the binding between HE4 protein and DNA aptamer hairpin in this
study due to its rapid and simple technique. Additionally, the process doesn’t require

the usage of expensive antibodies, as is necessary in ChlP assay.

In recent years, there has been a significant trend towards integrating DNA with
gold nanoparticles (GNPs) in the development of diagnostic methods. GNPs have been
a popular choice for their diagnostic potential, attributed to their ease of
functionalisation, biocompatibility, and unique optical properties (Bai et al., 2020).

Study have been conducted to screen superoxidase dismutase 4 (SOD 4) markers by
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conjugating GNPs with DNA aptamer via two approaches, carbodiimide chemistry
method and a complexation approach (Dekhili et al., 2020). This thesis adopts the
carbodiimide chemistry protocol, in which the conjugation process between GNP and
DNA aptamer involves the activation of the carboxyl group on the GNP using 1-Ethyl-
3-(3-dimethylaminopropyl)carbodiimide (EDC), followed by the formation of amide
bonds with N-Hydroxysuccinimide (NHS). The resulting GNP-DNA conjugate is

analysed for formulation characteristics such as particle size and zeta potential.
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CHAPTER THREE

THE MODELLING OF HE4 PROTEIN TERTIARY STRUCTURE
USING PROTEIN STRUCTURE PREDICTION SERVERS AND
ITS VALIDATIONS

3.1 INTRODUCTION

Protein modelling by prediction servers is a pivotal tool in the advancement of
diagnostic research, fundamentally improving our understanding of illnesses. Protein
modelling primarily entails the prediction of proteins' three-dimensional structures,
which is essential in understanding their functions and interactions in biological systems
(Al-Lazikani et al., 2001; Petsko & Ringe, 2004). Protein modelling plays a crucial role
in pioneering diagnostic methods as precise models facilitate the detection of putative
diagnostic biomarkers, revealing the intricate structural details of the proteins linked to
specific illnesses. As computational protein modelling gains popularity, various protein
prediction servers have been widely utilised such as AlphaFold, Rosetta, RoseTTAFold,
OpenFold, I-TASSER, UniFold, and ESMFold (Avery et al., 2022; Elofsson, 2023; J.
Yang et al., 2020). A recent study used the IntFOLD7 and MultiFOLD servers to predict
the tertiary structure of protein T1170, which is a homomer with six identical monomers.
Subsequently, the best IntFOLD7 model was superimposed on the native structure,
PDB ID 7pbr, showing high similarity with a score of 82.04 (McGuffin et al., 2023).

This chapter focuses on the HE4 protein tertiary structure prediction using three
different prediction servers: AlphaFold, I-TASSER, and Robetta, which were followed
by molecular dynamics (MD) simulations and structure validations of the predicted
models. One significant advantage of the 3 selected prediction servers is their ability to
predict complete protein tertiary structures using the primary sequences provided. This
contrast with servers such as Phyre2 which may not always model the full conformation
and instead only generate specific fragments of the protein (Kelley et al., 2015). The
AlphaFold server, recognised for its ground-breaking advancements in predicting
protein structures, provides unmatched precision, enabling researchers to unravel

complex protein architectures implicated in various diseases (Jumper et al., 2021; Read
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et al., 2023). This significantly reduces the gap between computational predictions and
existing experimental protein structures with rapid prediction, which leads to quicker
insights into the protein structure. AlphaFold utilises a deep learning neural network to
predict protein structures, and the process involves the input of amino acid sequence,
feature extraction, distance prediction, and finally, 3D structure prediction, which
includes model refinement to improve accuracy. The method heavily depends on multi-
sequence analysis, utilising data on conserved peptide structures (Perrakis & Sixma,
2021). In the challenging 14™ Critical Assessment of Protein Structure Prediction
(CASP14), the AlphaFold predicted model of CASP14 target T1049 closely resembled
the experimental structure (PDB ID 6Y4F) with a high TM-score of 0.93, indicating
high similarity (Figure 3.1) (Jumper et al., 2021).

N terminus

Figure 3.1 AlphaFold prediction of target T1049 (in blue) compared to the
experimental structure of the target (in green), retrieved from the Protein Data Bank
(Jumper et al., 2021).

Iterative Threading Assembly Refinement (I-TASSER), known for its expertise
in comparative modelling, assists in elucidating structures when direct templates are not
accessible. It employs a multiple-step approach where the threading and iterative
assembly refinement steps are combined to predict protein structures accurately (Yang
& Zhang, 2016; Zhang, 2008). The prediction process begins with identifying similar
structural templates of known protein structures using threading algorithms and
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subsequently generates models with full length-sequence by integrating the identified
templates (J. Yang & Zhang, 2023). The system finalises the modelling by performing
iterative simulations for fragment assembly and refinement. Transferrin receptor protein
1 (TfR1), the main receptor that controls the process of absorbing iron from transferrin,
was modelled using I-TASSER and showed an average quality model after validation
through the Ramachandran plot, where 6.9% of the residues were located in the
disallowed regions (outliers) (Al-Refaei et al., 2020). I-TASSER’s strength rests in its
ability to deal with diverse protein structures, especially in situations where similar

homologues exist, allowing reliable tertiary protein model prediction.

Meanwhile, Robetta is a prominent protein structure prediction server that relies
on the algorithms of the Rosetta software package. It emphasises ab initio modelling,
which involves predicting protein structures from scratch based on the fundamental
laws of chemistry and physics (Hardin et al., 2002; Lee et al., 2017). This method
utilises a wide range of realistic potentials and energy functions to investigate the
different shapes that proteins may take, predicting models from the beginning without
heavily depending on pre-existing templates. Robetta utilises a fragment-based
assembly methodology, which involves dividing protein sequences into smaller pieces
before generating the complete models (Kim et al., 2004). While it primarily focuses on
ab initio modelling, it also incorporates homology-based modelling, where it uses the
information from available templates to generate the model before refinement

procedures take place. These improve the precision of the predictions.
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Table 3.1 The similarities and differences between AlphaFold, I-TASSER, and

Robetta protein prediction servers.

AlphaFold I-TASSER Robetta
Purpose Computationally  predicting  protein  structures,
§ facilitating the understanding of protein interactions
-c_é Utility Utilised extensively in bioinformatics for numerous
P applications, including drug discovery and diagnostic
development
Developer DeepMind Zhang Lab Baker Lab
Technologies (University of (University
(Alphabet Inc.) Michigan) of
Washington)
Methodology  Uses deep Adapts threading Combines
learning and and iterative ab initio and
neural networks assembly comparative
to predict high simulations, modelling,
accuracy structure applying not relying
comparative solely on
o mode_lling existing
% technique templates
%) Accuracy and  High accuracy, Moderate to high Moderate to
a performance high precision accuracy, high
depending on the performance
availability of but might be
close homologues  less accurate
for comparative for larger or
modelling more
complex
protein
structures
Number of 1000 1500 1201
AA allowed
References (Jumper et al., (J. Yang etal., (Baek et al.,
2021) 2014; Zhang, 2021; Baker
2008) Lab, 2023;
Kimetal.,
2004)
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Structure refinement by MD simulations (Fan & Mark, 2004; Feig, 2016;
Kurniasih et al., 2021; R. Yang et al., 2022) and structural validations are necessary
following structure prediction. This approach is important to optimise the modelled
HE4 structures, as the simulation minimises energy, hence stabilising the overall
conformation of the HE4 protein. This simulation was applied to the best predicted
model of each server for 100 ns with a selection of Optimised Potentials for Liquid
Simulations (OPLS) force field, as this force field has been widely used for numerous
biological systems, including proteins and nucleic acids (Robertson et al., 2015). MD
simulation is the most in-demand computational method for analysing the equilibrium
structures and dynamic interactions of biological systems, which in this study focuses
on the HE4 protein system and HE4-DNA complex systems. Finally, the PROCHECK
and ERRAT tools were used to validate the structure of the predicted and refined models.
These tools produced Ramachandran plots and overall quality factor scores,
respectively (Mohammed et al., 2022; Nene et al., 2022). The Ramachandran plot shows
the dihedral angles of amino acid residues in the protein backbone, which is important
for checking the accuracy of protein structures. ERRAT, on the other hand, looks at

non-bonded atomic interactions to check the overall quality of protein structures.

3.2 METHODOLOGY

3.2.1 HE4 Protein Modelling by Alphafold, I-TASSER and Robetta Protein
Prediction Servers

Prior to HE4 tertiary structure modelling, the primary sequence of the protein is required,
which was retrieved from UniProt (https://www.uniprot.org/) by searching for the
keyword ‘HE4’. The full amino acid sequence for the human type of HE4 protein was
selected and retrieved. Based on the protein sequence, the ProtParam tool
(https://web.expasy.org/protparam/) was used to determine many parameters, including
the molecular weight, amino acid compositions, and atomic components. The HE4
protein sequence, which consists of 124 amino acids, was applied to three different
protein structure prediction web servers: AlphaFold (https://alphafold.ebi.ac.uk/), I-
TASSER (https://zhanggroup.org/lI-TASSER/), and Robetta
(https://robetta.bakerlab.org/). The FASTA format of the protein sequence was

downloaded from UniProt and used as the sequence input for each programme. The
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workflow was adopted from Sawal et al. (2023). The settings and parameters remained
as default, followed by clicking the ‘submit’ button. Each predicted structure was
visualised using the PyMOL molecular viewer, and the best model predicted by each

server was downloaded as pdb files for further study.

3.2.2 HEA4 Structure Refinement by Molecular Dynamics (MD) Simulations

Prior to the optimisation of the HE4 tertiary structures through MD simulations, the best
model predicted by AlphaFold, I-TASSER, and Robetta was downloaded in pdb files.
The MD simulation of each model was conducted using the GROMACS 5.1 software
package (Royal Institute of Technology and Uppsala University, Stockholm, Sweden)
separately. The proteins were simulated within a virtual cubic box with a 1.0 nm
distance between the protein and the box faces at constant pressure and temperature of
1 atm and 310 K, respectively. The water molecules were added in the solvation step
using simple point charge (SPC216), followed by the neutralisation of the protein by
using sodium ions, Na* and chloride ions, CI". The simulations were conducted using
the OPLS forcefield for 100 ns. All MD simulations were analysed for their root-mean-
square deviation (RMSD) and radius of gyration (Rg). The most stable HE4
conformation, which was the middle structure of the top cluster after the clustering step
of each simulation was extracted as pdb files: RF1, RF2, and RF3, from the MD
simulations of AlphaFold, I-TASSER, and Robetta, respectively. The 3D structures of
RF1, RF2, and RF3 were viewed on PyMOL molecular viewer, and their secondary
structure elements were analysed by PDBsum (http://www.ebi.ac.uk/thornton-
srv/databases/pdbsum/). This methodology was altered based on the design pipeline by
Sabri et al. (2021).

3.2.3 HE4 Protein Structure Validations

Two protein structure validation programmes, PROCHECK and ERRAT, available on
the SAVES 6.0 website (https://saves.mbi.ucla.edu/) (Sawal et al., 2023) were used in
evaluating the quality of the best predicted models by AlphaFold, I-TASSER, Robetta,
and the middle structures extracted from the top cluster after the MD simulations of
AlphaFold, I-TASSER, and Robetta systems: RF1, RF2, and RF3. The pdb files were
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uploaded to the validation programme server and evaluated. The information on the
backbone conformation and residue interactions was presented by Ramachandran plots,
ERRAT plots, and overall quality factor values. Additionally, the pathway or tunnel and
accessibility of ligands and other molecules to the potential binding sites within the best
HE4 model were identified by CAVER 3.0 tool.

3.3 RESULTS AND DISCUSSION
3.3.1 HEA4 Predicted Models by Alphafold, I-TASSER, and Robetta

The search conducted on the UniProt website revealed the protein sequence associated
with UniProt ID Q14508. This protein sequence has a length of 124 amino acids and a
mass of 12993 Da. The chemical formula is Csa1Hg7aN1540178S19, Which involves 1766

atoms and has a primary sequence of:

MPACRLGPLAAALLLSLLLFGFTLVSGTGAEKTGVCPELQADQNCTQECVSD
SECADNLKCCSAGCATFCSLPNDKEGSCPQVNINFPQLGLCRDQCQVDSQCP
GQMKCCRNGCGKVSCVTPNF

According to the ProtParam analysis, the predominant amino acid in the
sequence is cysteine, accounting for 13.7% of the total. It is closely followed by leucine,
which makes up 11.3% of the sequence. The proportion of the whole sequence that
consists of amino acids with electrically charged side chains, namely arginine, lysine,
aspartic acid, and glutamic acid, is 15.3%. Subsequently, the prediction of HE4
secondary structure was done by PSIPRED server based on the amino acid sequence
above. PSIPRED categorises each residue in the HE4 protein into helix, strand, or coil,
where this approach yields precise predictions through the examination of sequence
homology and the integration of information from established protein structures
(Buchan & Jones, 2019).

The output of PSIPRED features graphical representations, enabling the
visualisation of the locations of helices, beta-strands, and random coils within the
protein, as presented in Figure 3.2. The regions highlighted in pink indicate the presence
of alpha-helices, particularly within the N-terminal segment, covering residues 5 to 25,
which implies that this section establishes a stable helical configuration. The yellow-
coloured segments indicate beta-strands, especially near the cysteine residues (-KCCS-
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and -KCC-), suggesting their role in beta-sheet formation, which may play a part in the
protein's structural framework. The grey-coloured regions represent random coils,
highlighting areas of flexibility. The primary sequence from UniProt was then used to
make accurate predictions of the HE4 protein's tertiary structure by the AlphaFold, I-
TASSER, and Robetta servers. Each protein structure prediction server generated

five models (Table 3.2).

10 20 30 40 50

' MPACRLGPLAAALLILSLLLFGFTLVSGTGAEKTGVCPELQADQNCTQECYV X
59 SDSECADNLKCCSAGCATFCSLPNDKEGSCPQVNINFPQLGLCRDQCAQVD 100
M SQCPGAMKCCRNGCGKVSCVTPNF 124
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Helix
Coil

Figure 3.2 The secondary elements (strand, helix, and coil) represented by the
PSIPRED server.
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Table 3.2 The predicted models retrieved from AlphaFold, |

-TASSER, and Robetta,

and their scores based on their scoring systems

Server Scoring system Predicted model Scores
AlphaFold a) pLDDT Model 1 pLDDT: 80.7
pTM-score: 0.614
b) pTM-score Model 2 pLDDT: 80.7
pTM-score: 0.611
Model 3 pLDDT: 82.1
pTM-score: 0.635
Model 4 pLDDT: 80.3
pTM-score: 0.567
Model 5 pLDDT: 73.0
pTM-score: 0.450
&V %\7
&
~NA 2B F 9 k- \_/7 \/—\
Best model: Model 3
I-TASSER a) C-score Model 1 C-score: -3.31
pTM-score: 0.35+0.12
b) pTM-score Model 2 C-score: -3.62
(provided only for Model 3 C-score: -3.87
model 1) Model 4 C-score: -4.07
Model 5 C-score: -3.62
D,
‘>
IS Vv 7y |
Q“‘?;S w4
‘AN \%Q)
NSO\
S\ ~_
Best model: Model 1
Robetta C-score Model 1 0.72
Model No C-score  was
2-5 provided. Only the 3D
models were given.
,\
f
\j ’\\

Best model: Model 1

\~¢ \5%‘@
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As introduced earlier in this chapter, the I-TASSER server constructed the
model using multiple threading alignments derived from the PDB library. In this study,
the I-TASSER models were built using the 1zIgA, 1udkA, 7mn5B, 1ludk, and 7fdeP
templates available. Subsequently, the whole structure was constructed by integrating
fragments derived from the existing templates, and the overall accuracy of the topology
is assessed based on the predicted TM score (pTM-score) and confidence score (C-
score). Models with a pTM-score greater than 0.5 are regarded as having a closely
comparable fold to related proteins (Yin et al., 2022). The highest pTM-score achieved
by the top-performing model from I-TASSER was 0.35 + 0.12, accompanied by a C-
score of -3.31. The C-score assesses the quality of the structure by analysing the
alignments of the threading templates. It is measured on a scale from -5 to 2 (Zhang,
2008). A higher C-score indicates a model with greater confidence. The per-residue
local distance difference test (pLDDT) scores range from 0 to 100, with a score of 100
indicating the highest level of confidence in the projected model's resemblance to the
genuine protein structure (Guo et al., 2022). AlphaFold, which employs a template-free
prediction method, uses the pLDDT score to assess the confidence and reliability of

predicted structures on top of the pTM-score.

Out of the five models generated by the AlphaFold server, the model that
performed the best was model 3, which achieved pLDDT and pTM-scores of 82.1 and
0.635, respectively. Robetta utilises a combination of template-based and template-free
approaches for protein folding prediction. The C-score for the Robetta-generated
structure that was the most optimal was 0.72, indicating that it was a more accurate
model than the one that I-TASSER had created. The most accurate model for each
server was examined using the PyMOL molecular visualisation software, allowing for

detailed observations of the folded HE4 protein.

3.3.2 Molecular Dynamics Simulations Analysis

MD simulations were used to optimise the projected HE4 tertiary structures by
analysing the motions of molecules and atoms over a specific time frame. The aim is to
refine and adapt the HE4 models in order to get them closer to their native state. The
root mean square deviation (RMSD) is used to assess the conformational changes in

protein backbones throughout the MD simulation, comparing them to their initial
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structural conformation (Aier et al., 2016). The RMSD graph of the AlphaFold protein
exhibited initial fluctuations during the course and eventually stabilised at 12 A after 8
ns (Figure 3.3). The highly fluctuated RMSD values at the beginning of MD simulation
indicate the initial adjustment or relaxation of the protein structures from its initial
conformations, which were the predicted models by AlphaFold, I-TASSER, and
Robetta. This phenomenon occurs especially when the initial structure is significantly
far from equilibrium, where the conformational changes will reach a more stabilised
and energetically favoured state (Harris et al., 2014, Sarker et al., 2023). Evidently, the
RMSD for both I-TASSER and Robetta stabilised at approximately 15 ns, exhibiting
RMSD values between 5 and 6 A respectively, lower than the AlphaFold. Low RMSD
values, ideally around 2 A throughout the simulation, imply a better level of
conformational stability (Bahaman et al., 2021), however, certain molecules are
anticipated to exhibit greater and more substantial fluctuations in RMSD values,
indicating a higher degree of trajectory deviation where the conformations deviate

considerably from the original conformation.

RMSD (A)

Ox | | | | | | | | |
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Time (ns)

Figure 3.3 The RMSD of AlphaFold (black), I-TASSER (red), and Robetta (blue) 3D
models during 100 ns of MD simulations.
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Equilibration is a crucial phase in MD simulations, where the protein attains a
stable and consistent state. In this phase, the system adapts to the simulation
circumstances, reaches its lowest energy state, and attains an equilibrium distribution
of velocities and positions for its constituent components, such as atoms (Frenkel &
Smit, 1996). Most molecules undergo significant fluctuations at the beginning of the
MD simulations before the protein adopts a more stable conformation (Harris et al.,
2014).

The RMSD exhibited fluctuations at the start of the simulations for all three
systems. However, the AlphaFold system had a greater degree of deviation in its
trajectory, with the RMSD value fluctuating significantly between 5 ns and 8 ns. This
is influenced by significant structural alterations between its initial conformation and
its stable conformation once equilibrium has been achieved (Sarker et al., 2023). The
flattening of the RMSD graph, which suggests the attainment of stable conformations,
indicates that the equilibration phase was complete at 8 ns. After each MD simulation,
a clustering step was performed to identify the representative structure and simplify the
analysis of the simulation results (Phillips et al., 2011). The clustering stage identifies
the predominant conformations in the simulated ensemble while emphasising the

crucial structural patterns, as it groups similar conformations together.

Table 3.3 Clustering analysis after MD simulations of the AlphaFold, I-TASSER, and
Robetta predicted HE4 protein models.

Clustering analysis Protein prediction server

AlphaFold I-TASSER Robetta
Total number of structures 9001 9001 9001
Number of clusters 353 150 542
Number of structures in top cluster 429 1062 150
Middle structure of top cluster RF1 RF2 RF3

At 83770 At 84040 At 48930

(83.77 ns) (84.04 ns) (48.93 ns)
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According to the clustering analysis (Table 3.3), which utilised the Gromos
clustering approach with an RMSD cut-off of 0.15 nm, it was determined that there
were 429 structures that exhibited a significant degree of similarity in their
conformations during the MD simulation of the AlphaFold projected model. Out of the
9001 I-TASSER conformations, around 11.80% (1062) exhibit a significant level of
similarity. The refined HE4 model for the AlphaFold, I-TASSER, and Robetta systems
was obtained from the middle structure of the top cluster labelled as RF1, RF2, and RF3,
respectively. It is important to mention that the refined model reflects the most dominant
conformation. In addition to the RMSD curve explained earlier, the Rg is a useful
parameter for assessing the stability and compactness of a protein structure. The protein
structure exhibits a high level of compactness as it maintains stable values throughout

the simulation (Kumar D et al., 2017).

Figure 3.4 illustrates the fluctuation of the Rg graph of the AlphaFold system,
which eventually stabilised after 8 ns at approximately 19 A. Similar to the RMSD, this
is a result of significant structural differences between its initial and stable conformation,
RF1. The initial conformation was cylindrical in shape before it was folded into a
compact form. No significant changes in the Rg were seen in the I-TASSER and
Robetta systems. Their Rg values were roughly 19 A and 14.5 A, respectively. Based
on the Rg graph, it can be inferred that all three systems exhibited relatively steady
values after 8 ns, indicating that they maintained a compact and stable folded shape for
the majority of the simulation duration. For Robetta, the Rg remained constant since 0
ns, denoting that the structure did not significantly fold or unfold which implies that the
conformation has achieved its most compact and stable conformation since the

beginning of the MD simulation.
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Figure 3.4 The radius of gyration of AlphaFold (black), I-TASSER (red), and Robetta
(blue) 3D models during 100 ns of MD simulations.

The refined models (RF1, RF2, and RF3) were analysed using PyMOL
molecular viewer, and the structural changes were compared with their initial
conformation, which was the best model predicted by AlphaFold, I-TASSER, and
Robetta, respectively (Figure 3.5). The RF2 and RF3 models exhibit minor changes in
their structural conformations compared to the I-TASSER and Robetta projected
models, respectively. On the other hand, the RF1 model displays significant deviations
from its original conformation, which is based on the AlphaFold predicted model. The
observed differences between the AlphaFold and RF1 models corresponded to the
fluctuations in RMSD that occurred during the simulations. Specifically, the AlphaFold
system exhibited a significant level of deviation. The modifications in the
configurations of RF2 and RF3 from their original conformations are very discreet,

corresponding to the slight variations observed in the RMSD curve.
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Figure 3.5 The HE4 protein models. The best model predicted by AlphaFold, I-
TASSER, and Robetta (in green) and the dominant conformations, taken from the
middle structure of the top cluster after the MD simulations of the predicted model:
RF1, RF2 and RF3 (in indigo).

In terms of structural conformations, the RF2 and RF3 models differ slightly
from the I-TASSER and Robetta models, respectively, however the RF1 model differs
significantly from its initial conformation, which is the AlphaFold model. These
significant differences between the AlphaFold and RF1 models (Figure 3.6)
corresponded to the RMSD fluctuations seen at the beginning of the simulation (Figure
3.3), where the AlphaFold system experienced a substantial degree of deviation from 0
ns to 8 ns. The changes in the structures of RF2 and RF3 from their original
conformations are less visible, but the rearrangement of the structures still exists,

corresponding to slight fluctuations in the RMSD curve.
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Figure 3.6 The progress of HE4 predicted conformation modelled by AlphaFold
during MD simulation until it reaches equilibrium. The protein undergoes a
conformational change towards a state of greater stability, forming (f) dominant

conformation, RF1.

The notable changes in structure between the AlphaFold and RF1 models are

obvious in the helix motif spanning from glycine-7 (GLY-7) to threonine-23 (THR-23)

(Figure 3.7). Upon attaining stable conformations, this area underwent inward folding

from O ns until 8 ns, resulting in increased atom-atom interactions with adjacent residues,

hence contributing to the overall stability of the three-dimensional structure. These

interactions can take place via hydrogen bonds, disulphide bonds, VVan der Waals forces,

ionic contacts, and hydrophobic interactions (Petsko & Ringe, 2004). These modes of

interaction are essential for stabilising the secondary and tertiary structures of the

protein. Proper protein folding is crucial for ensuring optimal activity and stability, as

proteins are less susceptible to denaturation.
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MET-1

AlphaFold and RF1 aligned

Figure 3.7 The tertiary structures of HE4 by AlphaFold, RF1, and the alignment of

both. (a) HE4 modelled by AlphaFold, (b) RF1, and (c) the alignment of (a) and (b),

showing the structural differences between the two HE4 models. The 3D structures
are shown in cartoon and surface viewing modes.

The RF1, RF2, and RF3 models were analysed further with PBDsum, which led
to the creation of wiring diagrams for the secondary structure (Figure 3.8). This wiring
diagram serves as a useful tool for comprehending the interactions between the
components of the protein. Similar to the PSIPRED server prediction, PDBsum visually
represents the overall secondary structure of the protein by illustrating the helices,
strands, and numerous motifs such as the beta-turn and beta-hairpin (Laskowski et al.,
2018). The RF1, RF2, and RF3 models exhibited similar structural patterns found in
native proteins, including alpha-helices and beta-strands. The RF1 model has three
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helices (H1, H2, and H3) and multiple strands derived from various beta sheets (A, B,
and C). The RF3 model demonstrates a greater number of helices spanning amino acids
1 to 124, with fewer strands. The yellow-linking bars in the three wiring schematics
exhibited disulphide bonds. For RF2, which is the refined model from the MD
simulation of the I-TASSER model, the protein structure exhibited a lack of helices and
strands, rendering it a less desirable HE4 model in comparison to RF1 and RF3, as it

did not resemble the structural motifs of native proteins.

a) A\ HI H2 A H3 B
_._‘ é ! A Q WH
MPACRLGPLAAALLLSLLLFGFTLVSGTGAEKTGVCPELQADONCTQECVSDSECADNLKCC
| 5 10 15 20 25 30 35 40 45 50 55 60

B ( (
’ﬂ‘ﬂ_w o) & & § W & ‘
— —
SAGCATFCSLPNDKEGSCPQVNINFPOQLGLCRDOQCQVDSQC PGOMKCCRNGCGKVSCVTPNF
63 70 75 8 8 9 95 100 105 10 15 130
b) HI1 A\ A
g o [ 0 Q o) 10y
L

MPACRLGPLAAALLLSLLLFGFTLVSGTGAEKTGVCPELQADONCTQECVSDSECADNLKCC
] 3 10 3 20 25 30 35 0 45 30 35 60

6] 03 (0] O}
SAGCATFCSLPNDKEGSCPQVNINF POQLGLCRDQCQVDSQC PGOMKCCRNGCGRVSCVTPNF
63 70 75 80 835 90 95 100 105 110 15 120

Hl1 H2 H3 H4 A

) g ) m helix

MPACRLGPLAAALLLSLLLFGFTLVSGTGAEKTGVCPELQADONCTQECVSDS ECADNLKC(

i3 10 15 20 28 30 35 40 45 50 35 60
A HS B B - strand
' '{—ﬁ) o) o) ) 0 1o g
v o—. " b ——
SAGCATFCSLPNDKEGSCPQVN INFPQLGLCRDQCQVDSQC PGOMKCCRNGCGKVSCVTPNF
63 70 75 80 85 90 95 100 105 1no 15 120

Figure 3.8 The schematic wiring diagram of the HE4 representing the secondary
structure elements: alpha-helices and beta-sheets, obtained from the PDBsum analysis;
(@) RF1; (b) RF2; (c) RF3. The helices are marked as H1, H2, H3, and H4, and the
strands are labelled according to which beta sheet they belong to (A, B, C).

Alpha-helices play a crucial role in proteins by providing structural stability and
maintaining the protein's structure (Popot & Engelman, 2000). They facilitate the
efficient arrangement of the polypeptide chain, promoting a more compact protein

structure that optimises interactions among the amino acids. Beta-strands, on the other
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hand, play an important role in upholding the structural stability of proteins through the
establishment of hydrogen bonds with neighbouring strands, leading to the creation of
beta sheets. Based on these essential roles of the motifs, the protein structures of RF1
and RF3 exhibited a strong resemblance to the typical secondary structure components

found in native proteins, as proven by the presence of numerous helices and strands.

3.3.3 HE4 Structure Validations

The predicted models (AlphaFold, I-TASSER, and Robetta) and the refined
models (RF1, RF2, and RF3) were validated using PROCHECK and ERRAT on the
SAVeS server. The PROCHECK programme constructed a Ramachandran plot
illustrating the ¢ (phi) and y (psi) torsional angles of the polypeptide backbone of the
amino acids (Hollingsworth & Karplus, 2010). The quality of the HE4 protein structure
can be classified according to the distribution of residues within the favoured, allowed,
and disallowed regions. A high-quality model should exhibit more than 90% of its
residues within the favoured regions, with merely 0-5% in the allowed regions and
under 0.5% in the disallowed regions, indicating strong structural reliability (Elalouf,
2023). A good-quality model generally exhibits 80 to 90% of residues in the favoured
areas, approximately 10% in the allowed areas, and less than 1.5% in the disallowed
areas. Models of lower quality show fewer than 80% of residues in the favoured regions,
exceed 10% in the allowed regions, and surpass 1.5% in disallowed regions, suggesting
possible errors or instability in the protein structure.

All residues in the AlphaFold and Robetta models, including their refined
models RF1 and RF3, were located within the allowed regions. On the other hand, the
I-TASSER model and its refined model RF2 had 13 and five residues (glutamic acid-
38, valine-35, cysteine-66, valine-99, and aspartic acid-100), respectively, that were
found in the disallowed region (Figure 3.9). The disallowed regions are characterised
as areas where there is significant steric hindrance between the torsions (Gunasekaran
et al., 1996; Ho & Brasseur, 2005). This region corresponds to the combinations of ¢
and y angles that are not often observed in well-structured native protein conformations,
as they would cause strain in the protein's backbone. Glycine lacks a side chain,
allowing it to freely adopt the torsional angles inside any quadrant of the Ramachandran

plot. According to Ho and Brasseur (2005), the first quadrant (top-left) represents the
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beta-sheet area, the bottom-left quadrant represents the right-handed alpha-helix, and

the top-right quadrant represents the left-handed alpha-helix region.
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Figure 3.9 The Ramachandran plots of the HE4 protein models: (a) AlphaFold, (b) I-
TASSER, (c) Robetta, (d) RF1, (e) RF2, and (f) RF3. The residues were plotted in
different regions: most favoured (red), additional allowed (yellow), generously
allowed (pale yellow), and disallowed region (white).
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The RF1, RF2, and RF3 models exhibited greater stability and accuracy,
compared to AlphaFold, I-TASSER, and Robetta, respectively, based on the
distribution of the ¢ and y dihedral angles of the amino acids. In Table 3.4, the number
of amino acids found in the most favoured regions increased for the refined models,
where the residues located within these regions exhibit stable backbone geometries
without steric strains (Zhou et al., 2011). On the other hand, the residues in the
additional and generously allowed regions are less favourable but are still permitted,
where steric strains can possibly occur owing to local structural constraints or specific
interactions. Based on the Ramachandran plot analysis, the RF1 model exhibits the
highest quality protein structure, as 87.4% of the residues are situated inside the most
favoured regions. Additionally, none of the residues were found in the disallowed

regions.

Table 3.4 The percentage of HE4 residues in regions of the Ramachandran plot

Region Region AlphaFold RF1 I- RF2  Robetta RF3
colour TASSER

Residues in

most favoured  Red 85.4% 87.4%  35.0% 65.0% 80.6% 82.5%

regions (A, B,

L)

Residues in

additional Yellow 13.6% 12.6%  40.8%  282% 175% 17.5%

allowed

regions (a, b,

I, p)

Residues in

generously Pale 1.0% - 11.7% 1.9% 1.9% -

allowed yellow

regions (~a,

~b, ~1, ~p)

Residues in

disallowed White - - 12.6% 4.9 % - -

regions

In addition to the Ramachandran plot validation, the ERRAT tool is used to
assess the protein structures by calculating overall-quality-factor scores, relying on the
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interactions of the non-bonded atoms between the residues (Pradeepkiran et al., 2021).
This study observes the distribution of atomic interactions inside the protein and
compares it to statistical data obtained from high-resolution crystallographic structures.
The approach entails comparing the observed non-bonded interactions between residues
with the statistical database, enabling the identification of potential errors or anomalies
in the protein model and validating its structural accuracy in conjunction with other

tools such as the Ramachandran plot.

ERRAT is represented by a numerical number ranging from 0 to 100, where 100
indicates the model with the best quality. According to the evaluation (Figure 3.10),
RF1 demonstrates high-quality HE4 protein structure, achieving an overall quality
factor score of 97.701, which is an improvement compared to the AlphaFold model that
scored 93.750. The I-TASSER model has the lowest quality, with an overall quality
factor score of just 47.414. An error value greater than 99% indicates a residue region
that has been poorly modelled (Al-Khayyat & Al-Dabbagh, 2016), where 29 residues
of the I-TASSER HE4 model are in this region, resulting in the low score.

Despite performing MD simulation on the I-TASSER system, the overall quality
factor score for the refined conformation, RF2, improved but remained low at 64.789,
with 11 outliers. The outliers (in red bars) suggest inaccuracies or lower-quality protein
conformation, which might affect its functionality. According to the Ramachandran and
ERRAT plots, both the RF1 and RF3 models exhibit high-quality tertiary structures for
HE4, highlighting that the RF1 model performed slightly better since it did not have

any outliers in either plot.
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Figure 3.10 The ERRAT plots of the HE4 protein models: (a) AlphaFold, (b) I-
TASSER, (c) Robetta, (d) RF1, (e) RF2, and (f) RF3. The red bars represent outlier
residues where the region significantly deviates from typical, well-folded, native
protein structures.

In a separate analysis, the CAVER 3.0 tool was utilised to analyse protein
structures, emphasising the identification of the protein tunnels and cavities within these
structures (Chovancova et al., 2012; Stourac et al., 2019). The CAVER offers a user-
friendly interface and generates 3D visualisations of the predicted tunnels and cavities.
It calculates the paths and cavities using an algorithm based on Voronoi diagrams and
MD simulations, where it predicts dynamic changes in tunnels and channels by

combining geometric analysis with the MD simulations. In this study, the best-modelled
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structure RF1, was analysed, and it was revealed that a single tunnel was identified
(Figure 3.11), with a length of 1.4 A, a bottleneck radius of 2.0 A, and a distance-to-
surface of 1.1 A. The bottleneck and anticipated cavity involved 15 amino acid residues:
LEU24, VAL25, SER26, ALA30, GLU31, LYS32, CYS49, VAL50, SER51, ASP52,
SER53, LYS60, CYS61, CYS62, and SER63 (Table 3.5). The tunnel facilitates the
transportation of tiny molecules, including water, ions, and substrates, into and out of
proteins, therefore directing the selective binding of a ligand to its active site
(Brezovsky et al., 2013).

Tunnel

Figure 3.11 The tunnel and binding site identified by CAVER 3.0. This tunnel
visualises and analyses the potential pathway or binding site for ligands to move
through them and bind strongly with the surrounding residues.

Table 3.5 Tunnel details and the amino acids in the region
Number of bottlenecks 1
Bottleneck radius 2.0A
Tunnel length 1.4 A
Distance to surface 1.1A
Number of residues 15 LEU24, VAL25, SER26, ALA30, GLU31,

LYS32, CYS49, VALS0, SER51, ASP52,
SER53, LYS60, CYS61, CYS62, SERG3
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This discovery enhances our understanding of the protein interactions with other
biomolecules, thus increasing the possibility for its utilisation in other computational
studies, particularly in this current study where this modelled HE4 protein structure was
further used in investigating its binding with DNA aptamers through molecular docking

and MD simulations.

3.4  CONCLUSION

The tertiary structure of HE4 was accurately predicted using various computational
tools, and the results were validated satisfactorily. The molecular dynamics simulations
demonstrated that the conformation acquired stability within 8 ns and maintained it until
the end of the simulations for all three systems (AlphaFold, I-TASSER, and Robetta).
The secondary structural components shown in the wiring diagram show that the RF1
model share few similar features as native protein structures, such as having multiple
helices and strands. According to the structure evaluation tools PROCHECK and
ERRAT, this RF1 model has the highest quality HE4 protein tertiary structure. All
amino acids were located in the most favoured regions of the Ramachandran plot, and
the model achieved the highest overall quality factor score of 97.701 from the ERRAT
analysis. Finally, the CAVER 3.0 tool identified a small tunnel that might potentially
enable the movement of molecules towards the active site. Undoubtedly, the findings
of this computational study can be extensively employed for future investigations,
including the advancement of diagnostic methods and drug delivery. The most
accurately represented tertiary structure of HE4 (RF1) derived from this research can
be utilised for subsequent computational investigations, such as molecular docking and

molecular dynamic (MD) simulations, using different ligands.
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CHAPTER FOUR

SCREENING OF THREE-DIMENSIONAL DNA APTAMERS
AGAINST HE4 PROTEIN THROUGH MOLECULAR DOCKING
AND ITS BINDING ANALYSIS

4.1 INTRODUCTION

DNA aptamers' tertiary (or 3D) structure determines their functionality, specificity,
stability, and application in a variety of biotechnological and biological disciplines,
including the applications in diagnosis and therapy (Chen et al., 2017). Based on
algorithms and experimental validations, in silico or computational method can design
the secondary and tertiary conformations of aptamers with high binding affinities
(Buglak et al., 2020). The foundation of the aptamer folding that leads to secondary and
tertiary structures is the primary sequence, which is the linear arrangement of
nucleotides. The sequence determines the potential folding pathways and the
interactions that take place during aptamer folding. Based on complementary base
pairing, or known as Watson-Crick base pairing, and the stacking interactions between
nucleotides, aptamers may form a variety of secondary structural motifs such as hairpins,
G-quadruplex, pseudoknots, and bulges (Duan et al., 2020; Sullivan et al., 2019; Yu et
al., 2021).

In 1953, Watson and Crick scientifically reported a right-handed double helix
structure composed of two DNA strands (Watson & Crick, 1953). This structure was
deduced by considering the relative quantity of each DNA base and the necessary
conditions for forming a double helix with opposite orientations. The helix structure is
formed by hydrogen bonding between the nucleobases adenine (A) and thymine (T, or
uracil; U for RNA), as well as guanine (G) and cytosine (C), resulting in the formation
of Watson—Crick base pairs (Figure 4.1). The stability of the double helix in
DNA primarily relies on the hydrogen bonds (H-bonds) formed between A-T and G-C
base pairs through non-covalent contacts, the stacking interactions between
neighbouring bases throughout the helix, and the cross-interactions between base pairs

(Beiranvand et al., 2021; Poater et al., 2014). Adenine and thymine consist of one donor
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and one acceptor, whereas each cytosine has one donor and two acceptors. Guanine, on

the other hand, contains two H-bond donors and one acceptor.

Adenine Thymine Guanine H Cytosine

Hydrogen bond acceptor

Hydrogen bond donor

Figure 4.1 The hydrogen bonds (dashes) between adenine (A) and thymine (T), and
guanine (G) and cytosine (C) based on Watson-Crick base pairs (Takahashi &
Sugimoto, 2021).

The secondary structures of aptamers contribute to the determination of the
overall tertiary structure conformations. The hairpin (stem-loop) structure is a common
and significant structural motif in aptamers, where the stem is a double-stranded
sequence region formed by complementary base pairing that provides structural
stability to the aptamer while the loop is a single-stranded length that connects the stem's
two arms and is generally unpaired and more flexible (llgu et al., 2019). The loop
typically includes the precise binding location of the target molecule, proven in an
earlier study where 15-mer and 28-mer fluorescein amidite-labelled oligonucleotides
used in the docking with peptides and amino acid (Fadeev et al., 2022). The binding
occurred at T5 residue located at the hairpin loop, alongside with multiple interactions
at the open strands of the 3” and 5° end terminals. The stem of the hairpin is usually
lacked binding occurrence with target molecule due to the rigidity of atoms that are held

by strong H-bonds in the Watson-Crick base-pairs (Long et al., 2023).

There are various RNA and DNA secondary structure prediction tools available,
including RNAfold, CentroidFold, Mfold, RNAstructure and Vfold (Afanasyeva et al.,
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2019; Lee et al., 2023; Sato et al., 2009; Xu et al., 2014). The Mfold web server is a
popular tool for predicting the secondary structure of single-stranded nucleic acids. It
determines the minimum free energy secondary structures and is currently used in a
variety of research to predict nucleic acid folding and hybridisation (Zuker, 2003). In a
recent work, the secondary structure of nucleic acid mimics (NAM), RNA and DNA
aptamers with PDB ID of 5D3G, 5HRT, 2NP9, 6U82, and 4PDB were successfully
designed by Mfold, where the Gibbs Free Energy, AG ranged between -33.50 and 4.58
kcal/mol for the selected structures (Oliveira et al., 2022). The 3D structures of the
aptamers were then generated by a fully automatic web server, 3dRNA and refined by
QRNAS software where it utilises existing database structures as templates to create a
comparative model. For aptamer tertiary structures, they can be generated by
RNAComposer (Sarzynska et al., 2023), trRosettaRNA (W. Wang et al., 2023), 3dRNA
(Zhang et al., 2020), and many other servers. These servers are generally used to predict
RNA structures; however, due to the non-existent DNA aptamer tertiary structure
prediction servers, they were also utilised to generate DNA aptamer 3D structures. This
can be achieved with additional steps which include manual conversions of the uracil
to thymine and the ribose sugar to deoxyribose as applied by several previous studies
(Oliveira et al., 2022; Sabri et al., 2020).

The aptamer tertiary structure, despite being relatively short in comparison to
proteins, it is critical for several reasons, including assuring their ability to bind to target
molecules with high specificity and affinity, determining aptamer functional activity,
and promoting stability and durability (Zhou & Rossi, 2017). Following the aptamer
secondary and tertiary conformations prediction, molecular docking with target, HE4,
take place. Molecular docking is a process that utilises computational simulations to
predict the interaction, including binding poses and affinities, between a small molecule
and a protein, and this underlying concept was adapted to study the interactions between
aptamers and proteins. This docking can be achieved by HDOCK (Yan & Huang, 2020),
AutoDock (Seeliger & De Groot, 2010), GOLD (Verdonk et al., 2003), and Patchdock
(Schneidman-Duhovny et al., 2005) web servers. AutoDock software package includes
two applications, the AutoDock4 (Morris et al., 2009) and AutoDock Vina (Trott &
Olson, 2010). Due to improved search algorithm and enhanced scoring function,
AutoDock Vina is a more popular docking tool compared to AutoDock4, resulting in

more precise and faster predictions (Nguyen et al., 2020). The selection and suitability
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of a docking server is based on the specific interaction being analysed and the available
structural data pertaining to the molecules studied. Although numerous docking models
were generated for most docking tools, frequently, the model with the highest binding

affinity for each aptamer was extracted for further study.

This chapter emphasises on the in silico DNA aptamer structural design, based
on available primary sequence of aptamer candidates against HE4 biomarker, obtained
from a study that applied the in vitro approach, SELEX (Eaton et al., 2015). The
designing process was firstly initiated by generating the secondary aptamer
conformations, by the Mfold nucleic acids folding programme, followed with 3D
structure prediction using RNAComposer. As the RNAComposer converted the DNA
sequence to RNA 3D conformation, manual editing of the atoms was needed, to
translate the conformation to the desired 3D DNA aptamer structure (Sabri et al., 2019;
Wang et al., 2019). However, there’s no validation programme available to verify the
accuracy and quality of the DNA 3D structure, unlike verification of protein tertiary
structures. Hence, comparing computational predictions to experimental data helps to
establish the model's accuracy. This was done by comparing the aptamer's three-
dimensional foldability using the sequential procedure above with its aptamer structure
that was experimentally produced and deposited in the PDB (Sabri et al., 2020). This
similar technique was used to predict the three-dimensional folding of proteins in
Critical Assessment of Structure Prediction (CASP) (Kryshtafovych et al., 2021). This
research is also significant since it is hypothesised that the folded hairpin structure,
consisting of the stem and loop regions, offers a functional 3D structure which are
capable to bind strongly to the target. It is exhibited in this study that the stem and loop

regions of the aptamers were discovered, and the binding affinities were analysed.

42 METHODOLOGY

Determining the most potential DNA aptamer against HE4 biomarker involved the
preparation of the aptamer candidates, followed by the molecular docking of the tertiary
structure of the aptamers with HE4 structure that was modelled in the previous chapter.
The binding affinities and binding regions were analysed through molecular docking,
prior to choosing the most potential DNA aptamer to be further utilised in this study.
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4.2.1 Preparation of DNA Aptamer Candidates

HE4 aptamer candidates were obtained from Eaton et al. (2015) where the study
elucidates the use of capillary electrophoresis (CE)-SELEX as the separation technique
in the procedure of identifying DNA aptamers that exhibit affinity towards HE4
biomarker. The four aptamer candidates were renamed as Al, A2, A3, and A4,
Sequences Al and A4 were the most enriched sequence in round 5 and round 2 of the
CE-SELEX, respectively, and they did not appear in any of the negative selection
rounds. A2 ranked third, while A3 ranked second most enriched sequence in rounds 5

and round 4, respectively (Eaton et al., 2015).

Table 4.1 Four aptamer candidates against HE4 protein (Eaton et al., 2015)

Aptamer candidate Sequence Length (base)
Al TTATCGTACGACAGTCATCCTACAC 25
A2 CACAGTGCGTCACATTTAGGGCATT 25
A3 CAGTGCGTGCTTATTGGCGTAGCGTC 26
A4 ATGGTCGCAAGAACTGAGAATTTAC 25

The secondary structure of each candidate was predicted using the Mfold server
(http://www.unafold.org/mfold/applications/dna-folding-form.php), a web programme
that predicts the secondary structure of single strand nucleic acids. The parameters were
set as default with temperature of 37°C, and ionic conditions of 1.0 M Na* and 0.0 M
Mg?* ions. The most thermodynamically stable structure with the lowest folding energy
(in kcal/mol) were selected and the dot-bracket conformation, or known as Vienna
format, was downloaded to be utilised in determining its tertiary structure using
RNAComposer web server. The Vienna format of the DNA aptamer candidate was used
as the input for the RNAComposer server and equivalent RNA tertiary structure was
assembled. The pdb file of this RNA structure was downloaded and opened in PyMOL
molecular viewer, which was then manually converted to DNA aptamer. This was done

by converting the ribose sugar to deoxyribose, by changing the hydroxyl group (2’-OH)

69



to —H on the backbone. All uracil residues were converted to thymine by adding methyl
group (-CHg) to C-5 in the aromatic ring. All manual editing was done using the builder
tool in PyMOL.

4.2.2 Validation of Aptamer Designing Method

In previous chapter, the modelled HE4 protein was validated according to established
validation approach, including Ramachandran plot and ERRAT. Unfortunately, for
aptamers, no validation tools are available, up to date. Thus, this study utilised the
following approach to validate the aptamer designing method applied in subchapter
4.2.1 above. The sequence of six random DNA aptamers, where the crystallised
structures have been discovered and deposited in the PDB, were selected and tested.
The tertiary structures for the aptamers were designed by Mfold and RNAComposer,
before the atoms were converted from RNA to DNA aptamers. These steps followed

the design pipeline in previous section. The six aptamers are listed in Table 4.2.

Table 4.2 Sequence and length of six DNA aptamers retrieved from PDB

PDB ID Sequence Length
1ZHU  CAATGCAATG 10
1BJH GTACAAAGTAC 11
2M8Y  CGCGAAGCATTCGCG 15
1ECU GCGCGAAACTGTTTCGCGC 19
2L5K CAGTTGATCCTTTGGATACCCTG 23

1JVE  CCTAATTATAACGAAGTTATAATTAGG 27

The pdb file of each crystallised aptamer structure were downloaded and viewed
in PyMOL molecular viewer, together with the 3D structure of the designed aptamer.
These two 3D structures were superimposed and the RMSD value between the two was
recorded. In this analysis, the calculation of RMSD provides the information on the
structural similarity between the designed and crystallised structures.
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4.2.3 Molecular docking of HE4 and DNA aptamer candidates

Molecular docking was applied in predicting and analysing the interactions occurred
between the HE4 protein and DNA aptamer candidates at an atomic level. The
molecular docking approach between the two molecules was adopted from a work done
by Sabri et al (2015). To initiate molecular docking, preparation of the input, ligand,
and receptor, is required. This was done by AutoDock Tools (ADT) where the water
molecules were removed and the grid box of the receptor (HE4 protein) was created to
ensure the whole protein structure was covered, as the grid defines the region where
docking will be conducted, exploring possible binding orientations. The ADT assigned
polar hydrogens and calculated the Kollman and Gasteiger charges. These charges were
applied to assist the docking step to estimate the interactions between the ligand (DNA
aptamer) and HE4 protein. For the preparation of the ligand, the root of torsion tree was
determined by ADT before the torsions was chosen. Torsions represent the rotations
around the single bonds of the molecule which the rigidity and flexibility allow them to
adopt different orientations to fit into the binding site (Elokely & Doerksen, 2013). This
increases the chances of identifying the most favourable binding interaction between
the DNA aptamer and HE4 protein. Both aptamer and protein prepared structures were

downloaded as pdbqt files to undergo molecular docking.

The aptamer candidates were docked with HE4 protein, individually, using
AutoDock Vina. This docking tool uses a hybrid scoring function, integrating empirical
and knowledge-based approach which provides 10 lowest binding energy (kcal/mol) of
the DNA aptamer-protein complexes, arranged from the most negative to the least
negative energy. The grid box size was set to 82 x 44 x 84 of x, y, and z points with
grid centre at the dimensions of 64.672, 65.933 and 65.56 for centre x, centre y and
centre z, respectively. This grid box fully covered the protein structure, enabling blind
docking to be performed. These parameters were set in the configuration file, along with
the receptor and ligand pdbqt file names. Molecular docking was performed and the
pose with the lowest energy of binding energy was extracted and aligned with the HE4
protein structure in PyMOL for further analysis. The analysis includes the binding
energies, and the residues involved in the interactions between the DNA aptamer
candidate and the HE4 protein, for all four DNA aptamer-HE4 complexes. The
receptor-ligand interactions were analysed by Protein-Ligand Interaction Profiler
(PLIP), available at https://plip-tool.biotec.tu-dresden.de/plip-web/plip/index.
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Figure 4.2 Pipeline for the DNA aptamer structural design, its validation and HE4-
aptamer molecular docking.

43 RESULTS AND DISCUSSION

4.3.1 Secondary and tertiary structures of aptamer candidates

The prediction of aptamer secondary structures began with the nucleotide
sequences of four aptamers, taken from an experimental study by (Eaton et al., 2015).
Table 4.1 displays the aptamer sequences (Al to A4) that were selected from the CE-
SELEX process conducted in that study, where its main objective is to select potential
DNA aptamer candidates, detecting ovarian cancer biomarker, HE4 (Eaton et al., 2015).
Al, A2, A3, and A4 were the four potential aptamer sequences where they were
enriched through the selection course and were indicative of big clusters. This current
study focuses on the aptamer secondary and tertiary structure predictions by Mfold and
RNAComposer servers. The Mfold server determines the secondary structure with the
minimum free energy, which corresponds to the most stable arrangement of the RNA
(Ojha et al., 2021) which is then provided as the output of the Mfold prediction. It often
offers a graphical depiction of the anticipated secondary structure, showcasing the
pairing of nucleotide bases, stem-loop formations, internal loops, bulges, and other
characteristics (Duan et al., 2020). The Mfold calculated and generated the free binding
energies and dot-bracket conformations (Vienna format), displaying the regions of the
hairpin (stem and loop), and bulges, where the brackets representing the residues
involved in the Watson-Crick base-pairings (Table 4.3).
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Table 4.3 The sequences of aptamer candidates and their dot-bracket conformations,
representing secondary structures, retrieved from Mfold server.

Number of Free Number of
Aptamer  nucleotides and Vienna format energy, Watson-Crick base
sequence kcal/mol pairs
G-C AT Total
Al 25 TTATCGT () 0.21 1 1 2
accacag G
TCATCCT
ACAC
A2 25 CACAGTG () -0.79 2 1 3
CGTCACA
TTTAGGG
CATT
A3 26 CAGTGCG () -1.31 2 0 2
TGCTTAT 77
TGGCGTA
GCGTC
A4 25 ATGGTCG () -0.60 1 0 1
& ol <>
TGAGAAT
TTAC

The core algorithm of Mfold relies on the dynamic programming methodology,
notably the Zuker algorithm which it systematically examines all potential secondary
structures and effectively computes the corresponding free energy for each potential
structure (Zuker, 2003). The method utilises a recursive strategy to assess the stability
of RNA structures by considering the energy contributions of each individual base pair.
Table 4.3 describes the secondary structure of the four aptamers exhibited a range of
minimal free energy values, spanning from 0.21 to -1.31 kcal/mol. The length of the
base-pairing stem, as measured by the number of hydrogen bonds produced by Watson-
Crick base pair, especially the G-C pairs, was shown to be correlated with the aptamer's
free binding energy. This relates to the conformation stability, as a lower free binding
energy (more negative) resulted in a more stable structure, demonstrated by previous
study that conducted SELEX process to select DNA aptamers for histatin 3 (Ojha et al.,
2021). The aptamers were more stable and formed more spontaneously, with lower

73



Gibbs free energy value. Referring to Table 4.3, the A3 aptamer has the longest
sequence with 26 nucleotides with two G-C base pairs, producing the lowest minimum
free energy of -1.31 kcal/mol. Although the A2 aptamer has more base pairs (three), but
due to the presence of A-T base pair, it resulted in higher minimum free energy (-0.79
kcal/mol). This was proven in an earlier study on three aptamers with similar length;
1DGO (18 nucleotides), 1IECU (19 nucleotides), and 2VAI (18 nucleotides) with 7 base
pairs each. The minimum free energies were -4.73, -7.16, and -4.73 kcal/mol,
respectively (Sabri, 2021). Out of the 7 base pairs, 1IECU had five G-C base pairs, while
the other two only had four, and the higher number of G-C base pair led to much lower

free energy (-7.16 kcal/mol).
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Figure 4.3 Secondary structures of the aptamer candidates, generated by Mfold. (a)
Al, (b) A2, (c) A3, and (d) A4. All aptamers consist one hairpin structural motif. The
stem, made up of Watson-Crick base-pairs, shown in red (A-T) and blue lines (C-G).

In the context of aptamers, a hairpin region denotes a structural motif present in
the aptamer sequence, wherein a stretch of single-stranded RNA or DNA folds back
into itself, resulting in the formation of a stem-loop structure. The stem is constructed

by the base-pairing between nucleotides that are complementary to each other, whereas
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the loop is a segment that is single-stranded and connects the stems that are base-paired
(Yuetal., 2021). At times, the loop region experiences conformational changes when
it binds to the target molecule, as the bonds are rotatable and flexible. This leads to
stronger interactions between aptamer and the protein. The aptamer's function relies on
these crucial structural rearrangements, which can either inhibit a biological activity or
initiate a signalling event. Following the secondary structure prediction by Mfold, the
dot-bracket conformations were extracted and utilised in RNAComposer software, to
generate tertiary structures of the aptamers. Based on its software name, it is widely
used to predict RNA 3D structures, but due to the absence of DNA 3D structure
prediction tool, the RNAComposer is integrated with other procedures to construct the
DNA 3D structures (Oliveira et al., 2022). This includes the alterations of the backbone
and other atoms (Figure 4.4) in the RNA predicted conformation.

ot Thymine (T)

Deoxyribose sugar
Figure 4.4 The conversions of ribose to deoxyribose sugar, and uracil to thymine. (a)

The ribose sugar and uracil base of an RNA nucleotide, (b) The deoxyribose sugar and
thymine base of a DNA nucleotide. The 2’-OH of the ribose was replaced
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The main differences between DNA and RNA are their sugar that is part of the
backbone, and the nucleotides. The sugar in RNA aptamer is ribose, where a hydroxyl
(-OH) group can be found at the 2’-position (Egli, 2022). In this study, the hydroxyl
was replaced with -H, converting the sugar to deoxyribose, which is the sugar of DNA.
The conversion of RNA to DNA aptamer were achieved when the uracil (U) nucleobase
of the RNA is altered to thymine (T) by substituting the H5 atom with a methyl (-CHa)
group. Figure 4.5 displays the 3D structures of the aptamer candidates after the required
conversions were conducted in PyMOL molecular viewer. The red dashes represent the
H-bonds formed by the Watson-Crick base pairing theory.

Figure 4.5 The tertiary structures of aptamer candidates, modelled by RNAComposer
and converted to DNA aptamer. The H-bonds are shown in red dashes. These bonds
corresponded to the number of Watson-Crick base-pairs in Table 4.2 and Figure 4.3.
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In Figure 4.5, the stem and loop regions of the hairpin can be clearly observed
where the stems are made up of the Watson-Crick base pairs, C-G and A-T. In example,
the stem of Al aptamer consists of A8-T15 and C9-Al7 base pairs (Figure 4.5a), while
the three base pairs that made up the single stem in A2 aptamer are G5-Al14, T6-A12,
and G7-C11 (Figure 4.5b). They have three and four nucleotides, respectively, forming
the loop regions. A4 aptamer has only one base pair, formed by C6 and G11 (Figure
4.5¢). Looking closely to the interactions between the Watson-Crick base pairs, Figure
4.6 illustrates three H-bonds in C-G base pair and two H-bonds in A-T base pair. This
tertiary structure was truncated from the Al aptamer, focusing on the hairpin region of
the aptamer.

Figure 4.6 The 3D structure of truncated Al aptamer, from T7 to C16. The H-bonds
formed in the stem are shown in red dashes. (a) Cartoon view mode, showing the stem
(base pairing between C9-G14 and A8-T15) and loop (G10 to A13), (b) Stick view
mode, and (c) The H-bonds and their lengths (in angstrom, A) of the C9-G14 and A8-
T15 base pairs.
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The hairpin consists of 8 nucleotides, four at the rigid stem (A8, C9, G14, and
T15) and four at the flexible loop region (G10, All, C12, and A13). The H-bonds
lengths ranged from 1.7 A to 2.1 A (Figure 4.6c). According to Protein Structure and
Function textbook, the lengths of H-bonds should be less than 3.5 A, which the
interactions occurred when a hydrogen atom bonded to electronegative atom such as
oxygen and hydrogen atom is attracted to a highly electronegative atom of another
molecule (Petsko & Ringe, 2004). As discussed earlier, G-C base pair causes stronger
interaction compared to A-T, proven by higher number of H-bonds formed between

guanine and cytosine residues.

4.3.2 Aptamer Design Validation

This study validated the proposed pipeline for designing 3D aptamers where it involved
the utilisation of web server applications, Mfold and RNAComposer, followed by
manual atom alterations in PyMOL. The validation was conducted by comparing the
all-atom RMSD score of the DNA aptamer crystallised structure available in the PDB
database and the designed DNA aptamers after they were aligned (Sabri et al., 2021).

Six DNA aptamers with crystallised structures available in PDB selected for this
validation study ranged from 10 to 27 nucleotides in length, while the actual HE4
aptamer candidates obtained from Eaton et al (2015) being studied in Subsection 4.3.1
had 25 to 26 nucleotides. This is to prove that the length of the actual aptamer candidates
can apply the same pipeline in designing the 2D and 3D conformations. The sequences
of the 6 selected DNA aptamers were utilised to predict the secondary structures by
Mfold, followed by tertiary structures prediction by RNAComposer. The secondary
structures of all 6 DNA aptamers have shown the presence of only one hairpin for each,
and 1ECU aptamer consists of the greatest number of nucleotides at the loop of the
hairpin with five nucleotides (Figure 4.7). The other aptamers, 1ZHU, 1BJH, 2M8Y,
2L5K, and 1JVE, has three nucleotides each at their loop with various numbers of base
pairs making up their stem. Additionally, only aptamer 2L5K has an internal bulge
formed by T4, T5, G6, A18, C19, and C20 residues, other than the hairpin loop made
up of T11, T12, and T13.
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Figure 4.7 Secondary structures of six selected DNA aptamers, modelled by Mfold
server. The free energy (kcal/mol) of each conformation is shown in brackets.
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As Mfold predicted multiple secondary conformations for each DNA, only the
conformation with the lowest free energy was taken as it is the most stable conformation.
The folding of the six aptamers resulted in minimum free energy ranged from 0.71 to -
9.56 kcal/mol. The study demonstrated a positive relationship between the length of the
stem, measured by the number of H-bonds formed, and the aptamer's free energy. A
longer stem region corresponded to a lower free energy and increased structural stability.
It was proven in the 1JVE aptamer, which consisted of 27 nucleotides that formed 12
base pairs and had a minimum free energy of -9.56 kcal/mol. The 1JVE and 1ECU
aptamers exhibit high stability in this study with the lowest free energies, while 1ZZHU
has the lowest stability among the DNA structures, with a positive free energy value of
0.71 kcal/mol. Despite the formation of many Watson-Crick base pairs in the 2D
conformation of 2L5K, the existence of an internal bulge results in a less stable
conformation, with a minimum free energy of -1.57 kcal/mol. The nucleotides
comprising the internal bulge are free-moving and lack rigidity, resulting in reduced
stability. The 2D and 3D conformations of the six aptamers were also designed by Sabri

(2021) and Table 4.4 displays the differences and similarities between these two studies.

Table 4.4 Comparisons of the free energies and Watson-Crick base pairs between the
2D conformations of six aptamers designed by this study and the study by Sabri

(2021)
Free energy Watson-Crick base pair
PDB Length (kcal/mol) G-C A-T

ID This Sabri This Sabri This Sabri
study  (2021)  study (2021) study  (2021)

1ZHU 10 0.71 1.23 - - 2 2

1BJH 11 0.04 0.80 2 1 2 2

2M8Y 15 -6.33 -5.05 4 4 2 2

1ECU 19 -8.72 -7.16 5 5 2 2

2L5K 23 -1.57 -0.53 4 4 3 3

1IVE 27 -9.56 -6.70 3 3 9 9
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Focusing on the minimum free energies, the 2D conformations predicted in this
current study have shown lower values for all six aptamers, where the most significant
can be found for 1JVE with -9.56 kcal/mol, while it was only -6.70 for the previous
study. This is possibly due to the time when the studies were conducted, as the algorithm
and efficiency of the Mfold programme might have been upgraded recently by the
developer. In the context of Watson-Crick base pairs, they were highly identical. Only
1BJH showed a difference in the number of G-C pairs. The pattern of free energies in
the previous study is similar to this current study, as longer stem led to more negative
free energy. The 2L5K designed by Sabri (2021) formed an internal bulge too, making

the conformation less stable with free energy of -0.53 kcal/mol.

This previous study utilised RNAComposer to generate 3D structure of the
DNA aptamers too, but all the 3D models underwent MD simulations for 20 ns to
optimise the models, where energy minimisation steps were applied. However, this
current study did not apply the same procedure, as the Mfold applied energy
minimisation step during the modelling process (Markham & Zuker, 2008; Zuker,
2003). After manual alterations of the atoms, converting the RNA to DNA aptamer, the
designed 3D structure was superimposed with the original crystallised structure
retrieved from PDB database. The main purpose is to evaluate the structural and RMSD
values differences of the conformations. Figure 4.8 illustrates the superimposed

structures and the RMSD values.
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Figure 4.8 Superimposed DNA structures of PDB crystallised structure (blue) and
modelled by RNAComposer (green). The RMSD values (in A) are shown in brackets.
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A published work in 2023 retrieved the sequences of 20 crystallised structures
of single-stranded DNA (ssDNA) aptamers from PDB and computationally designed
the 3D conformations, which was then followed by superimposing the designed models
to the crystallised structures (Mu et al., 2023). It was reported that the mean RMSD for
the superimposed aptamers ranged from 2.0 A to 6.0 A with overall mean RMSD of 3.4
A. In an earlier study, 24 ssDNA hairpin structures were designed based on their
sequences deposited in PDB. The designed models were also superimposed to the
crystallised structures and the calculated RMSD values varied from 1.87 A to 8.59 A
(Jeddi & Saiz, 2017). The lowest RMSD came from 1PQT, consists of 7 nucleotides,
while the highest RMSD belongs to INGU with 27 nucleotides. From this previous
study, it can be observed that the length and the structural motifs of the sSSDNA affected
the RMSD values. For an instance, the RMSD values of 1EN1 (18 nucleotides) and
INGO (27 nucleotides) are 6.89 A and 6.42 A, respectively, while the 1KR8 (7
nucleotides) has low RMSD value, 1.99 A. The designed short ssDNAs are highly
similar to their crystallised structures, as lower RMSD corresponds to high similarity of
the two conformations. As for 1EN1, even though the length is shorter than INGO, due
to the presence of an open strand at the 3’ end terminal, the region rotated freely and

was not modelled precisely by the server, thus, generated high RMSD value.

Referring to 1ZHU in this study, the structure consists of open strands at both 3’
and 5’ end terminals. As a result, it has moderate RMSD value of 4.445 even though it
is a short aptamer, made up of only 10 nucleotides. The 1BJH aptamer generated the
lowest RMSD value (2.798 A), indicating good structural similarity with only slight
differences. According to the RMSD calculations in PyMOL programme, out of 330
atoms in 1BJH, 42 atoms were rejected during the alignment process. For 1JVE, only
3.1 % of the atoms (25 out of 796) were rejected during alignment, showing high
similarity between the designed model and the crystallised structure.

Pursuant to the procedures applied and the output generated for this validation
section, it can be deduced that the suggested pipeline to model the 2D and 3D DNA
structures using Mfold and RNAComposer servers with additional steps of atom
alterations are acceptable. By comparing the designed models with the actual sSDNA
aptamers from PDB, it is proven that this suggested pipeline generates accurate

conformations.
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4.3.3 HE4-DNA Aptamer Complexes Binding Analysis

Four promising DNA aptamer sequences were chosen through in vitro CE-SELEX
technique against HE4 biomarker from a study mentioned earlier (Eaton et al., 2015).
The exact four aptamer sequences were retrieved, and their binding affinities towards
the modelled HE4 tertiary structure (Chapter 2) were analysed computationally. This
involved the utilisation of AutoDockTools (ADT), in preparing the aptamer (ligand)
and HE4 protein (receptor) input files (Morris et al., 2008), and AutoDock Vina to
conduct the docking between the two molecules (Trott & Olson, 2010). The tertiary
conformations of the DNA aptamers were shown earlier in Figure 4.5 where each
hairpin can be seen. During the input preparation in ADT, the backbone and the stem
region were set as rigid with non-rotatable bonds between atoms, conserving the helical
structure of the stem, while the bonds in the nucleobases found at the loop region were
set to be rotatable. This ensures better interactions between the aptamer and HE4 protein
as the bonds between the atoms are adaptable and get closer to the atoms of the receptor,
thus, increasing the binding affinity. Additionally, the HE4 protein was also set as rigid,
as this approach simplifies the complexity of the computational simulations and enables

rapid screening of potential binding poses (Meng et al., 2011).

AutoDock 4 (AD4) and AutoDock Vina (Vina) are prominent molecular
docking tools widely used in computational biology and drug discovery (Lee etal., 2023;
Nguyen et al., 2020). AD4 employs a Lamarckian Genetic Algorithm in conjunction
with local search techniques to navigate the conformational space of ligands, providing
important predictions of binding modes. The scoring mechanism involves empirical
force-field parameters and affinity terms, which allows it to effectively handle various
docking conditions (Bitencourt-Ferreira et al., 2019). However, Vina is an improved
version that offers advances in both speed and accuracy when compared to AD4. The
Vina methodology utilises an iterative stochastic global optimisation method, along
with local optimisation, to enable more rapid ligand docking computations. It is
distinguished by its utilisation of a sophisticated scoring mechanism that encompasses
factors like steric interactions, hydrogen bonding, and other energy components. This
enhances its precision in predicting ligand binding modes, rendering it especially
suitable for high-throughput virtual screening programmes (Vieira & Sousa, 2019). The

tool's focus on efficiency and user-friendliness is apparent through its graphical user
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interface (GUI), which allows researchers with different levels of competence to easily

utilise it.

A published work in 2019 utilised AD4 and Vina to evaluate the docking
performance of a huge dataset consisted of 102 protein receptors, 22 432 active
compounds, and over 1.3 million decoy molecules (Vieira & Sousa, 2019). Overall, the
results indicated that Vina and AD4 performed similarly in distinguishing between
active compounds and decoys. Nevertheless, the outcomes exhibited substantial
variations depending on the specific target. The AD4 exhibited superior discriminatory
ability between ligands and decoys in hydrophobic, weakly polar, and poorly charged
pockets, whereas Vina shown higher performance in polar and charged binding pockets.
These results are supported by the findings of a recent study that operated the AD4 and
Vina to analyse the binding poses and affinities of 800 protein-ligand complexes where
the PDB structures of the complexes and their experimental binding affinities are known
(Nguyen et al., 2020). Both docking tools were also assessed for their ability to
accurately replicate experimental binding poses and it was discovered that Vina
outperformed AD4 in predicting the native poses, with a success rate of 81% compared
to 77% for AD4. These two studies have shown the accuracy of using Vina for
molecular docking involving polar and charged binding pockets, thus, it is a suitable
docking tool for this current study. For the output, Vina docking listed 10 lowest energy
conformations of the docked aptamer, but only the lowest (most negative) binding

energy for each system was extracted and analysed further.

Table 4.5 The binding energy and the number of hydrogen bonds formed between
HE4 protein and aptamers.

Protein Aptamer Binding energy  No. of H-bonds No. of H-bonds at

target (kcal/mol) (total) hairpin region
Stem Loop

HE4 Al -3.7 15 1 2

A2 -4.6 19 2 1

A3 -6.5 26 3 0

Ad -6.0 24 0 5
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Table 4.5 shows that HE4-A3 has the lowest binding energy whereas HE4-Al
has the highest. However, the lowest binding energy does not always indicate the best
binding pose, as the binding site and interactions between the two molecules should
also be considered. Based on the results obtained, as the number of H-bonds increases,
the binding energy decreases, indicating stronger interactions. The H-bonds produced
in the hairpin region were highlighted, other than the overall number of H-bonds formed
between the aptamer and HE4. The significance lies in the flexibility of the atoms of
the loop residues, as the bonds connected them are rotatable, thus, they have greater
ability to bind to the atoms of the receptor (HE4) by bond rotations. Previous studies
have shown the variations of the loop sequence, including the alterations within the loop
regions improved the stability and enhanced the binding properties (Macdonald et al.,
2017, Lakshmipriya et al., 2018). Comparing the two lowest energy complexes, HE4-
A3 (-6.5 kcal/mol) and HE4-A4 (-6.0 kcal/mol), it is clear that A4 formed the highest
number of H-bonds at the hairpin region and all of them are located at the loop region
of the aptamer, unlike A3 which has H-bonds only at the stem of the hairpin, excluding
the other H-bonds at the open strands of the 3” or 5’ end terminals. Figure 4.9 shows
the binding poses of the HE4-aptamer complexes with the lowest binding energy,
generated by Vina. These poses were viewed in PyMOL molecular viewer, displayed

in mesh (for HE4 protein) and surface (for the DNA aptamers) view modes.
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b)

d)

Figure 4.9 DNA aptamer-HE4 complexes. (a) HE4-A1l, (b) HE4-A2, (c) HE4-A3, and
(d) HE4-A4. The gold dots represent the cavity determined by CAVER 3.0 tool.
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Based on these binding poses, A1 and A2 aptamers did not bind to any residue
of the potential binding site (gold dots) or the small tunnel leading to the binding site
that was predicted by CAVER tool in the previous chapter (Figure 3.11). However,
looking at the HE4-A3 and HE4-A4 binding poses, the aptamers might form
interactions with the HE4 protein at the tunnel and binding site. The pdb file of the HE4-
aptamer complex was downloaded and the HE4-aptamer interactions were identified
using PLIP server, developed by Michael Schroeder Group at the Biotechnology Center
TU Dresden (Adasme et al., 2021). This server has successfully characterised docking
experiments and evaluate ligand-protein complexes, including RNA- and DNA-protein

complex. The output file of PLIP assessment was retrieved and viewed in PyMOL.

The conformational study of docked HE4-A3 and HE4-A4 structures revealed
that both A3 and A4 aptamers bind specifically to the residues available at or near the
potential binding site of HE4 protein via H-bonds and hydrophobic interactions. The
strength of hydrogen bonds arises from the presence of a partial positive charge on a
hydrogen atom and a partial negative charge on the electronegative atom, participating
in the bond. In contrast, hydrophobic interactions mostly arise from the tendency of
nonpolar molecules to reduce their interaction with water molecules. Even though
hydrophobic interactions are significant in stabilising protein structures and aiding in
ligand binding, they are often weaker compared to hydrogen bonds (Ferenczy &
Kellermayer, 2022; Y. Wang et al., 2020). There were 9 and 10 hydrophobic
interactions formed between the HE4 protein and the aptamer of HE4-A3 and HE4-A4
complexes, respectively (Table 4.6). Some of them were contributed by PRO37, LEU72,
and GLN98 with distance ranged between 3.57 A to 3.87 A.
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Table 4.6 The hydrophobic interactions between HE4 protein and aptamer in HE4-A3
and HE4-A4 complexes.

Complex Residues involved  Distance (A)

HE4-A3 GLU31-T15 3.76
PRO37-T8 3.86

GLU38-T12 3.62

LEU39-G7 3.54

LEU72-T8 3.76

ASP75-T11 3.95

GLU77-C23 3.88

GLN98-T4 3.85

VAL117-C10 3.82

HE4-A4 PHE22-T2 3.58
VAL35-C6 3.61

PRO37-A19 3.57

GLU48-T21 3.83

PHE69-T21 351

LEU72-T23 (1) 3.87

LEU72-T23 (2) 3.81

GLN98-G18 3.41

GLN98-C25 3.82

VAL99-G18 351

Meanwhile, Figures 4.10 and 4.11 display the details of conformational analysis
of HE4-A3 and HE4-A4 complexes, as they both exhibited good interactions with low
binding energies and accurate binding region. The binding regions were investigated
further, focusing on the residues of the aptamer hairpin regions and the predicted
binding site. In Table 4.5, HE4-A3 complex formed higher number of H-bonds (26 H-
bonds) compared to HE4-A4 (24 H-bonds). However, HE4-A4 has five H-bonds
formed at the aptamer hairpin region, while HE4-A3 has only three (Figure 4.10c and

4.11c). While higher number of H-bonds indicate stronger binding, it is important to
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locate the region where the interactions occurred, specifically the loop region. Only
HE4-A4 complex formed H-bonds at the loop region, while all hairpin H-bonds of HE4-
A3 are only available at the stem region. As discussed earlier, the flexibility of the loop
atoms allows for a better ability to bind to HE4 rigid atoms. Figures 4.10d and 4.11d
highlighted the hairpin residues involved in forming H-bonds with HE4 protein. There
were three H-bonds formed by G22 and C23 of A3 which are located at the rigid stem,
whereas, the G7, C8 and A10 residues of A4 hairpin loop formed five H-bonds. Both
A3 and A4 hairpins bound to the GLU77 and GLY78 protein residues with H-bond
lengths between 2.1 A to 3.5 A. Additionally, all residues involved in this HE4-hairpin
H-bonds are listed in Table 4.7, alongside the residues formed the H-bonds at the HE4
predicted tunnel and active binding site. The H-bonds available at the tunnel-binding
site area and their bond length are displayed in Figure 4.10b and 4.11b. A4 aptamer
formed stronger interaction around this region with five H-bonds, compared to A3 with
only two. The HE4 protein residues contributed to the binding in both complexes were
identical; SER63 and GLU31, with HE4-A4 has a slight addition of SER51 residue.
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5 3

Figure 4.10 The binding pose of HE4-A3 complex. (a) The overall binding (yellow
stick represents the hairpin), (b) The residues involved in H-bonds at the CAVER
predicted tunnel and binding site (gold dots), (c) The hairpin residues that made up the
H-bonds with HE4 residues, and (d) The 2D structure, illustrating the hairpin residues
contribute to the H-bonds formation. Yellow lines represent the H-bonds, together
with the bond length (in A).
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5 3

Figure 4.11 The binding pose of HE4-A4 complex. (a) The overall binding (yellow
stick represents the hairpin), (b) The residues involved in H-bonds at the CAVER
predicted tunnel and binding site (gold dots), (c) The hairpin residues that made up the
H-bonds with HE4 residues, and (d) The 2D structure, illustrating the hairpin residues
contribute to the H-bonds formation. Yellow lines represent the H-bonds, together
with the bond length (in A).
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Table 4.7 The binding energy and the number of hydrogen bonds formed between
HE4 protein and aptamers.

Residues involved in hydrogen bonds

Complex  Tunnel-binding Hairpin region
site region Stem Loop
SER63-T14 GLN82-G22
HE4-A3 GLU31-T15 GLY78-C23 none
GLU77-C23
GLU31-Al GLU77-G7
SER51-T2 GLY78-C8
HE4-A4 SER63-G4 (1) none SER79-C8
SER63-G4 (2) CYS80-C8
SER63-G4 (3) ARG111-A10

Both A3 and A4 aptamers had good interactions with the HE4 protein model.
However, in agreement with the data and results presented, A4 aptamer had better
binding after thorough evaluations including the binding energy, binding region, and
guantity of interactions (H-bonds and hydrophobic).

44  CONCLUSION

This chapter provides an in-depth description of the aptamer modelling of the secondary
and tertiary conformations, followed by the validation of the choice of method.
Consequential to this, the molecular docking of HE4 protein with four aptamer
candidates were conducted using AutoDock Vina, with the objective of identifying the
most potential DNA aptamer to bind to the ovarian cancer biomarker, HE4. It was
discovered that the hairpin (stem-loop) of aptamer is an important structural motif, as it
was presented in every aptamer designed by Mfold and RNAComposer servers. This
was also proven by the experimentally-obtained aptamer structures retrieved from PDB
database, which were then utilised to assist the validation of the aptamer design method.
The designed 3D models and the PDB structures were highly similar after the
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conformations were aligned and RMSD values were calculated by PyMOL, ranging
from 2.798 A to 6.931 A. The aptamer length and type of structural motifs influenced
the RMSD value, generally, the longer the aptamer, the higher the RMSD value. The
computational technique to designing the 2D and 3D structures of the DNA aptamers
was deemed reliable although manual inspections and alterations of atoms are still

required.

Following the validation of the aptamer design method, four aptamer candidates
chosen from a previous CE-SELEX study against HE4 biomarker were modelled
according to the suggested pipeline. The 3D conformations were prepared in ADT as
ligand, where the bonds at the loop nucleobases were set as flexible, whereas the 3D
HE4 structure modelled in previous chapter was set as the receptor with rigid bonds.
The Vina docking resulted in binding energies ranged from -3.7 kcal/mol to -6.5
kcal/mol for the HE4-aptamer complexes, having HE4-A3 as the lowest (-6.5 kcal/mol),
followed by HE4-A4 (-6.0 kcal/mol). After thorough analysis on the interactions
between HE4 and both aptamers, A3 and A4, it is deduced that the A4 is the most
suitable aptamer to be further utilised in this study where the hairpin will be truncated
and altered, improving the hairpin structures and enhancing the interactions with HE4

protein.
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CHAPTER FIVE

THREE-DIMENSIONAL DNA APTAMER HAIRPIN DESIGN BY
MUTATION, MOLECULAR DOCKING, AND MOLECULAR
DYNAMICS SIMULATION

5.1 INTRODUCTION

The hairpin of aptamer with loop and stem motifs is essential for the design and
functionality of aptamers (Achar & Satrom, 2015). This hairpin structure typically
consists of a binding region that complements the target molecule, enabling it to
selectively attach to the desired target within a complex mixture of molecules (Hoinka
et al., 2012). Moreover, hairpins have the ability to undergo conformational alterations
when they attach to their target molecules as they are single-stranded, making them
structurally flexible, specifically at the loop region, enabling the hairpin to adopt several
conformations and selectively interact with the target molecule (Dubey et al., 2005; Z.
Zhang & Liu, 2018). The recognition and the binding process rely on this crucial
dynamic behaviour. The presence of the hairpin structure enhances the stability and
facilitates the right folding of the aptamer. In a previous study, the significance of
hairpin loops in the functionality of aptamers was discussed where 13 aptamer
candidates were incubated with Vibrio fisheri cells under the same conditions (Shin et
al., 2018). The secondary structures of the highest efficiency aptamers, VFCA-02 and
VFCA-03 were predicted by Mfold server and it was discovered that both had identical
hairpin loops, unlike the other 11 aptamers, indicating the importance of hairpin motif
in the functionality of aptamer. Another study in 2018 reported great signalling
properties with higher signal intensity when utilising an aptamer consists of hairpin
motif, leading to greater binding of adenosine on graphene oxide (Zhang & Liu, 2018).

Nucleotide, the building block of aptamers, consists of a nitrogenous base, a
phosphate group, and a sugar molecule, and may undergo alteration which is known as
mutation, involving a sequence change of the nitrogenous bases. The types of nucleotide
mutation include substitution, insertion, and deletion which may occur naturally or
synthetically (Gunter, 2024). For example, a substitution involves the replacement of

one nucleotide to another while insertion occurs when one or more nucleotides are
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incorporated into a sequence. Mutation of nucleotides can happen spontaneously,
induced by errors in DNA replication, radiation, or exposure to certain chemicals
(Cooper et al., 2011; Ma et al., 2013). These mutations may affect its binding ability
towards the target molecule and trigger conformational changes which leads to
changing the overall structural motifs. The advantages of nucleotide mutation in
aptamers include the enhancement of binding affinity and increasing structural stability
(Chen et al., 2019). In this study, the DNA aptamer candidate identified in the Chapter
4, which is the A4 aptamer, was truncated at the stem region for further analysis against
the target molecule, HE4. Mutations to the nucleotides of the loop were applied to
enhance the binding affinity with HE4 protein. A shorter sequence after truncation led
to faster molecular docking and molecular dynamics simulation, allowing hundreds of
different sequences to be studied, to determine the most potential hairpin aptamer to

screen this ovarian cancer biomarker.

It has been proven that truncated aptamers from a long aptamer resulted in
enhancement of biosensor performance (Azri et al.,, 2021). Long aptamers have
potential drawbacks that need to be considered when conducting in silico and in vitro
studies which include difficulties in synthesis, decreased binding strength, increased
complexity, hindrance due to spatial arrangement, reduced sensitivity, inaccuracy in
determining their secondary and tertiary structures, and higher costs of production
(Chen et al., 2021; Le et al., 2014; Mu et al., 2023; Ni et al., 2021). The intricate
secondary and tertiary conformations of long aptamers might complicate the process of
designing and optimising them, hence posing a challenge in accurately predicting their
folding patterns (Jeddi & Saiz, 2017; Sabri, 2021). It was proven in the Chapter 4
(Subsection 4.3.2) that shorter aptamers generated lower free energies, indicating higher
stabilities. Whereas, in long aptamers, more atoms are present which increases the
occurrence of steric hindrance, restricting the ability to reach binding sites, especially
when engaging with large molecules (Mahshid et al., 2015).

Nucleic acids and proteins are important biological macromolecules in cells
where their interactions play a vital role in several biological processes, including signal
transmission, cell control, protein synthesis, DNA replication and repair, and RNA
transcription (Minchin & Lodge, 2019; Tagami, 2023). Hence, the identification of their
3D organisation of protein-DNA complex is crucial for comprehending the atomic-level
mechanisms underlying biological processes (Emamjomeh et al., 2019) and this can be
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achieved by molecular docking. As stated in the previous chapter, various molecular
docking programmes have been established including AutoDock4 (Forli et al., 2016),
AutoDock Vina (Trott & Olson, 2010), GOLD (Verdonk et al., 2003), and HDOCK
(Yan & Huang, 2020). Protein-DNA docking, utilising AutoDock Vina, is an in silico
approach used to predict the spatial configuration and binding modes of proteins and
DNA molecules. Vina is widely recognised for its exceptional efficiency, rapidity,
reproducibility, and intuitive user interface (Trott & Olson, 2010; Vieira & Sousa, 2019).
Due to the advantages, Vina was used in numerous aptamer studies against different
targets such as wild-type EGFR, EGFRvIII, and zearalenone (Zavyalova et al., 2020;
Y. Zhang et al., 2018). The affinity of the protein-aptamer interaction is dependent on
the structural characteristics of the target molecules and aptamers. Aptamers are able to
form many structural motifs, including hairpins, bulges, pseudoknots, and G-
quadruplexes (Duan et al., 2020; Sullivan et al., 2019; H. Yu et al., 2021), and they are
able to attach to targets by various forces, including hydrogen bonding, electrostatic
interactions, hydrophobic interaction, van der Waals forces, or a combination of these
forces (Tan et al., 2016). Following the completion of the docking simulation, the
binding modes and interaction energies are analysed and MD simulations were

introduced to enhance the protein-ligand computational studies.

Understanding the dynamic behaviour of protein-ligand complexes over time
possibly improves their affinity experimentally (Salmaso & Moro, 2018). MD
simulations with GROMACS for protein-DNA complexes entail a meticulous analysis
of the complex’'s dynamic behaviour and interactions across a certain period.
GROMACS, a commonly utilised simulation programme, uses force-field-based
molecular mechanics to mimic the motions of atoms inside the system which in this
study, is the Chemistry at Harvard Macromolecular Mechanics 27 (CHARMM27) force
field. This force field includes parameters for amino acids and nucleic acids with
parameters specifically designed for nucleotide building blocks, making it a suitable
force field to be used in this current study (Huang et al., 2017; Vanommeslaeghe et al.,
2010). It was utilised in earlier DNA studies, including ssDNA-hepatitis B surface
antigen study (Sabri et al., 2019) and research related to B-form (BI) and A-form (BII)
in DNA for dynamics representation improvement (Hart et al., 2012). CHARMM27
was deduced as the best force field compared to Amber99sb, Amberl4sb, and

Gromos43al force fields in a study performing MD simulations using CutAl protein
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obtained from Pyrococcus horikoshii (Matsuura et al., 2019). Post MD simulations
analysis such as RMSD, Rg, and Root Mean Square Fluctuation (RMSF), offer valuable
information on the structural stability, compactness, and the fluctuations it experiences

during the simulation (Kamaraj & Bogaerts, 2015; Rampogu et al., 2022).

In this chapter, various computational methods were integrated in the designing
of DNA aptamer hairpin against HE4 protein. This includes the design of hairpin 3D
structures using Mfold and RNAComposer, the molecular docking by Vina, and MD

simulations of complexes using GROMACS (Figure 5.1).
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Figure 5.1 Pipeline for the mutation of aptamer hairpin, molecular docking of hairpin-
HE4 protein, and MD simulation of HE4-hairpin complexes.

5.2 METHODOLOGY
5.2.1 3D DNA Aptamer Hairpins Design via Nucleotide Mutation

The promising HE4 aptamer candidate identified in Chapter 4 was further utilised, to
enhance the interactions of the aptamer hairpin with HE4 protein. The workflow
consisted of truncation of the A4 aptamer at the hairpin region, the extension of the
hairpin stem, the nucleotide mutation at the hairpin loop, and finally the modelling of
hairpin tertiary structures which involved the utilisation of Mfold (Zuker, 2003) and
RNAComposer (Sarzynska et al, 2023) servers together with the atom's alteration in
converting the RNA to DNA hairpins. Firstly, the A4 aptamer was truncated at the
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hairpin region, -CGCAAG- and the length of the stem was extended at the 5* and 3’
ends with one guanine and one cytosine, respectively. Truncations on the hairpin
regions of aptamers have significantly improved the binding affinity towards the targets,
highlighting the importance of the region (Kaur & Yung, 2012). The overall length of
the hairpin was 8-mer, with a sequence of 5’~-GCGCAAGC-3’, where the loop region
(-GCAA-) was mutated by substituting the nucleotides. This resulted in the formation
of 256 8-mer oligonucleotides (refer to supplementary data in Appendix A) as each
position of the nucleotide at the loop has four possible combinations of thymine,
adenine, guanine, and cytosine bases. The stems of all 256 aptamer hairpins were kept
constant, 5’-GC-(loop)-GC-3°.

Table 5.1 Sequences of A4 aptamer, truncated and extended hairpins

Oligonucleotide Sequence (5° to 3°) Length
(base)
Full A4 aptamer ATGGTCGCAAGAACTGAGAATTTAC 25
A4 hairpin only CGCAAG 6
Extended A4 hairpin  GCGCAAGC 8

*Highlighted sequences represent the hairpin loop region

Next, the Mfold server (http://www.unafold.org/mfold/applications/dna-
folding-form.php) was employed to predict the secondary structure of each 8-mer
oligonucleotide. Default parameters were utilised, including a temperature of 37°C and
ionic conditions of 1.0 M Na* and 0.0 M Mg?* ions. Among the predicted structures,
the one exhibiting the most favourable thermodynamic profile, determined by the
lowest folding energy value (in kcal/mol), was chosen. This selected structure,
presented in Vienna format, was obtained for further analysis of its tertiary structure
using the RNAComposer web server (https://rnacomposer.cs.put.poznan.pl/), where the
server generated an equivalent RNA structure. The resultant pdb file representing this
RNA structure was downloaded and accessed through the PyMOL molecular viewer
programme. Subsequently, a manual conversion was performed to transform the RNA

hairpin structure into a DNA aptamer hairpin, by the conversion of the ribose sugar to
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deoxyribose by replacing the hydroxyl group (-OH) of ribose with —H on the backbone.
Additionally, all uracil residues were replaced by thymine, accomplished by
substituting the H5 atom with a methyl group (-CHz). All these modifications were
executed by PyMOL's builder tool. These steps were applied to all 256 8-mer

nucleotides, forming 256 DNA aptamer hairpins.

5.2.2 HEA4-DNA Aptamer Hairpin Molecular Docking

The 256 hairpins underwent individual docking with HE4 protein using AutoDock Vina.
Similar to subsection 4.2.3, this section analyses the binding interactions between HE4
protein and the 256 computationally-designed hairpins obtained from subsection 5.2.1
through molecular docking. This approach was adopted from a previous study by
Nguyen et al (2020). The parameters and configures were set according to the docking
in the previous chapter 4. The preparation of the input, receptor (HE4) and ligand (DNA
aptamer hairpin) was conducted using AutoDock Tools (ADT). After the removal of
water molecules, the polar hydrogens were assigned, followed by Kollman and
Gasteiger calculations by the programme. The grid box dimensions were set to 82 x 44
x 84 for X, y, and z points, enclosing the protein structure completely to run a blind
docking. Then, the box was centred at coordinates 64.672, 65.933, and 65.56 for X, vy,
and z respectively. The molecular docking was initiated. Subsequently, the docking
output provided 256 HE4-hairpin complexes where they were sorted according to their
binding energies, from the most negative to the least. The 10 complexes with the most
negative binding energies were extracted and aligned with the HE4 protein structure
using PyMOL for further assessment. The presence of H-bonds was recorded, followed
by the identification of three complexes with a high number of H-bonds exhibited at the
hairpin loop region. The hairpins formed most H-bonds with the residues of HE4 tunnel
and cavity identified by the CAVER 3.0 tool in the previous chapter were prioritised in

the selection of the three most potential hairpins.

5.2.3 Molecular Dynamics Simulation of HE4-Hairpin Complexes

Following molecular docking analysis, three potential complexes were chosen out of

the 256 HE4-hairpin complexes and MD simulations were carried out. This work
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assesses the stability and binding interactions over time at atomic level, providing in-
depth understanding of the dynamic behaviour of the complexes. The MD simulations
of these three complexes were performed using GROMACS software, version 5.1.1
(Royal Institute of Technology and Uppsala University, Stockholm, Sweden). The
software's primary focus lies in biochemical molecules such as proteins, lipids, and
nucleic acids, characterised by complex bonded interactions. The simulations of the
complexes were conducted using CHARMMZ27 force field for 100 ns. The complex
structure was solvated within a cubic box, maintaining a distance of 1 nm between the
structure and each side of the box. To neutralise the system’s charge, sodium, and
chloride ions (Na* and CI") were introduced. The energy minimisation of the solvated
systems was then conducted, aiming to diminish unfavourable van der Waals
interactions which were completed within 1622 steps until the system reached
convergence. As the system consisted of protein and DNA, both molecules were merged
as anew index, named ‘DNA _protein’. Position-restrained equilibration was performed
by applying a force constant of 1000 kJ mol* nm™. Following equilibration, unrestricted
MD simulation was executed to the system for 100 ns and repeated twice for all systems,
resulting in triplicates.

The suite within the GROMACS software (Abraham et al., 2023) was employed
for MD analysis, emphasising the backbone RMSD, the Rg, root-mean-square
fluctuations (RMSF), the minimum distance between the protein and DNA aptamer
hairpin in the complex, and number of H-bonds. Additionally, the H-bond occupancy
analysis was done, exhibiting the frequencies of H-bonds within the complexes using
Visual Molecular Dynamics (VMD) (Ranade & Ramalingam, 2020; Zikri et al., 2021).
This measures the amino acids and nucleic acids interactions, specifically the H-bonds
between HE4 protein and DNA aptamer hairpin. Finally, the Molecular
Mechanics/Generalized Born Surface Area (MM/GBSA) method was executed,
estimating the free energy of binding in molecular complexes, especially protein-ligand
interactions. This approach determines the binding free energy by assessing the gas
phase energy, alongside the electrostatic solvation energy and non-electrostatic

contribution to the solvation energy (Ylilauri & Pentikéinen, 2013).
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53 RESULTS AND DISCUSSION
5.3.1 DNA Aptamer Hairpin Tertiary Structure

Aptamers are able to interact with their target proteins and form complexes, which
allows them to carry out a wide range of biological tasks. Given that the functionalities
of biological molecules are determined by their tertiary structures, it is crucial to have
accurate secondary and tertiary modelling for aptamers (Chen et al., 2021). The
modelling and validation of aptamer tertiary modelling have been discussed in Chapter
4, followed by molecular docking using Vina. Based on the docking results in Section
4.3.3, A4 aptamer was selected as the most suitable aptamer against the protein target,
HE4. As this aptamer consists of 25 nucleotides, the efficiency and feasibility of
computational studies that involve docking and MD simulations may be affected, due
to the larger conformational space to be explored in long aptamer. Various studies have
obtained better accuracies in 2D and 3D modelling, and more specific binding to targets
with shorter RNA or DNA aptamer length (Azri et al., 2021; Mu et al., 2023; Sabri et
al., 2019). Truncation of long aptamer structure shortens the nucleotide length, making
it simpler to work with, without compromising the main component of an aptamer
which is the hairpin region. The study by Azri et al. (2021) truncated an 80-mer
zearalenone (ZEA) aptamer, leading to 15 shorter sequences, ranging from 12-mer to
45-mer which consisted of one to two hairpins. It was confirmed that the binding
affinities of the truncated aptamers against ZEA protein increased significantly,
compared to the initial 80-mer ZEA aptamer, mostly with binding energies lower than
-6.5 kcal/mol. A study designing DNA aptamer hairpins against hepatitis B surface
antigen (HBsAg) truncated three long aptamers (77-mer to 85-mer) into five short
hairpins (8-mer and 9-mer) which resulted in good Vina scores (binding energies)
between -22.175 kJ/mol (-5.3 kcal/mol) and -31.798 kJ/mol (-7.6 kcal/mol) (Sabri et al.,
2019).

In this study, the 25-mer A4 aptamer was truncated at the hairpin stem, C6 and
G11, shortening the length to 6-mer with a sequence of 5’-CGCAAG-3’ (Figure 5.2a).
As there was only one base pair (-CG-) forming the stem, the extension of the stem was
done by adding another Watson-Crick base pair (-GC-) at the 5’ and 3’ ends as shown
in Figure 5.2b. This increased the interactions between the base-pairings in the stem,

making the conformation more stable as more guanine-cytosine pairs are present in this
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new 8-mer hairpin, making a greater number of H-bonds (Watson & Crick, 1953). The
free energy of A4 aptamer predicted by Mfold in the previous chapter was -0.60
kcal/mol, however, it was improved for the 8-mer hairpin with -1.34 kcal/mol. Figure
5.2c illustrates the Watson-Crick base pairs formation at the stem for the truncated 6-

mer hairpin (Figure 5.2c) and extended 8-mer hairpin (Figure 5.2d).
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Figure 5.2 The A4 aptamer and truncated hairpin. (a) The 2D structure of 25-mer A4
aptamer, highlighting the hairpin region, (b) the mutation region and stem extension,
forming 8-mer oligonucleotide, (c) the 3D structure of the truncated 6-mer hairpin,
and (d) the 3D structure of the extended hairpin.

The nucleotides in the truncated hairpin (Figure 5.2c) were renumbered after
stem extension, starting at nucleotide number one, G1 until C8 (Figure 5.2d) as only
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this 8-mer hairpin was utilised as the scaffold structure to design the DNA aptamer
hairpin candidates against OC biomarker, HE4. Subsequently, the loop nucleotides (G3
to A6) of this scaffold hairpin were mutated, where each of the four nucleotides was
substituted with thymine, adenine, guanine, and cytosine, one at a time, leading to the
formation of 256 8-mer hairpins. Some of the hairpins are shown in Table 5.2, while

the rest are available in the Supplementary Table (Appendix B).

Table 5.2 Examples of mutated hairpins from the mutation of loop nucleotides

No. Hairpin Sequence
5’-GC(loop)GC-3’

1 Scaffold GC(GCAA)GC
2 H1 GC(ATCG)GC
3 H2 GC(ATCC)GC
4 H3 GC(ATCA)GC
5 H4 GC(ATCT)GC
6 H5 GC(ATGG)GC
7 H6 GC(ATGC)GC
8 H7 GC(ATGA)GC
9 H8 GC(ATGT)GC
10 H9 GC(ATAG)GC

Subsequently, the secondary and tertiary conformations of the 256 hairpins were
modelled by Mfold (Markham & Zuker, 2008; Zuker, 2003) and RNAComposer
(Oliveira et al., 2022; Sarzynska et al., 2023), following similar procedures in the
Chapter 4 (Section 4.2.1). The secondary conformations of the 256 hairpins had very
similar free energy values of approximately -1.34 kcal/mol, and the dot-bracket
conformations (Vienna format) generated by the Mfold server were utilised in
predicting the 3D structures. As RNA hairpins were modelled by the RNAComposer,

they were converted to DNA hairpins, according to the manual designed earlier.
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Molecular docking of these 256 DNA hairpins was conducted and analysed in the next

section.

5.3.2 HE4 Protein and DNA Aptamer Hairpin Docking

AutoDock Vina was chosen to conduct the molecular docking between the target
protein, HE4 with the 256 hairpins, individually, mainly due to its outstanding
efficiency and easy-to-use tool (Nguyen et al., 2020; Vieira & Sousa, 2019). This
includes the ability to continuously dock different hairpins to the same target, one after
another, with simple commands that saved time and effort in completing the 256
dockings. Unfortunately, the ligand (hairpin) preparations were time-consuming as the
prediction by Mfold and RNAComposer servers needed to be conducted one-by-one,
followed by manual editing of the atoms, converting the ribose to deoxyribose sugar
and replacing all uracil to thymine. Subsequently, each hairpin was assessed in ADT
software where the water molecules were removed, polar hydrogens were assigned, and
Kollman and Gasteiger charges were estimated before the torsion tree was determined.
The Kollman and Gasteiger partial atomic charges represent the electron density
distribution in the ligand which assists in the prediction of electrostatic interactions with

the protein target (Lozano-Aponte et al., 2019).

Torsions are the rotations around the single bonds of the molecule, either rigid
or flexible, adopting various orientations and angles to fit into the binding site (Elokely
& Doerksen, 2013). The presence of torsional degrees of freedom in conformational
sampling facilitates a thorough investigation of the aptamer's possible binding
configurations. The flexibility offered by the torsional angles increases the binding
interaction of the aptamer against its protein (Kothandan et al., 2021). In this study, the
torsions of the hairpin backbone (deoxyribose and phosphate groups) and the stem
nucleotides were set as rigid, non-rotatable single bonds, as this conserved the main
feature of aptamers which is the stem-loop motif. Only the torsions of the nucleobases
at the hairpin loop were set as rotatable, enabling the hairpin to form stronger binding
with the rigid HE4 protein structure, as the bonds engaged different orientations, and
this was reported to be more accurate than rigid ligand-rigid receptor docking (Fan et
al., 2019). Furthermore, this approach decreased the docking time and prevented the

interactions within the base pairs of the stem from dissociating which may result in a
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linear ssDNA structure that occurred in earlier studies (Sabri et al., 2019). In common
computational docking studies, ligands are freely docked onto the rigid receptor where
the flexibility of the ligand side chain allows the ligand to alter its orientation according
to the binding site of the receptor (Pagadala et al., 2017).

Vina molecular docking predicted the 10 best binding poses with the lowest
Vina scores (binding energies) in kcal/mol and for this study, 10 complexes with the
lowest binding energies out of 256 HE4-hairpin complexes were selected for thorough
assessments. Table 5.3 shows the 10 complexes with the lowest binding energies
ranging from -11.6 to -10.6 kcal/mol. The lowest energy is not necessarily the best
binding pose as multiple analyses are required, including the binding site assessment,
ligand and receptor residues identification, followed by MD simulations analysis which

will be discussed comprehensively in the next subsection.

Table 5.3 Ten HE4-hairpin complexes with the lowest binding energies, in ascending

order
HE4-hairpin Sequence Binding energy
complex (kcal/mol)
HE4-H101 GCAGTTGC -11.6
HE4-H197 GCGGCTGC -11.5
HE4-H256 GCAATTGC -11.2
HE4-H98 GCGGTTGC -11.2
HE4-H143 GCGGATGC -11.1
HE4-H252 GCAGTCGC -11.1
HE4-H40 GCGGGTGC -11.0
HE4-H44 GCAGGTGC -11.0
HE4-H124 GCTTGGGC -10.8
HE4-H16 GCATTTGC -10.6
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The binding energy reported in the previous chapter (subsection 4.3.3) for
docked HE4-A4 aptamer was -6.0 kcal/mol. Notably, the current chapter displays
significant improvements in the binding interactions, as the molecular dockings of the
designed DNA aptamer hairpins with HE4 revealed substantially lower binding
energies, ranging from -11.6 to -10.6 kcal/mol for 10 lowest binding energy complexes
(Table 5.3). A study proved that lower binding energies corresponded to greater
protein-ligand binding affinities after analysing the conformations of multiple chemical
compounds with L99A T4 lysozyme receptor (Gallicchio et al., 2010). The 10 docked
HE4-hairpin complexes were viewed in PyMOL molecular viewer, assessing their
binding conformations and residues involved in forming the binding interactions, where
the interactions were identified by the Protein-Ligand Interaction Profiler (PLIP) server.
Figure 5.3 illustrates the docked conformations of 10 HE4-hairpin complexes before

the three most potential hairpins were chosen to undergo MD simulations.
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HE4-H101 (-11.6) HE4-H197 (-11.5)

HE4-H256 (-11.2) HE4-H98 (-11.2)

HE4-H252 (-11.1)

HE4-H44 (-11.0)

G

HE4-H124 (-10.8) HE4-H16 (-10.6)

Figure 5.3 The 3D conformations of 10 docked HE4-hairpin complexes with the
lowest binding energies. The binding energies (in kcal/mol) are shown in brackets.

Out of 10 docked complexes, HE4-H101, HE4-H256, and HE4-H16 were

selected for further analysis as they formed multiple hydrogen bonds between hairpin
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loop regions and the cavity residues predicted by CAVER 3.0 tool earlier, including the
tunnel residues. The 15 HE4 tunnel-cavity residues determined were LEU24, VAL25,
SER26, ALA30, GLU31, LYS32, CYS49, VAL50, SER51, ASP52, SER53, LYS60,
CYS61, CYS62, and SER63.

Table 5.4 Primary sequence, secondary, and tertiary structures of the selected hairpins.

Hairpin ~ Sequence Structure

Secondary Tertiary

H16 GCATTTGC

H101 GCAGTTGC

H256 GCAATTGC

*The different colours in secondary structures (green, red, and blue) represent the
nucleotides that vary from one hairpin to another.

Figures 5.4, 5.5, and 5.6 display the intermolecular H-bonds within the complex

receptor and ligand molecules. A hydrogen bond occurs when a highly electronegative
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atom (oxygen and nitrogen) is strongly attracted to a hydrogen atom that is bonded to
another highly electronegative atom, and the typical distance is between 1.8 A to 3.5 A
(Petsko & Ringe, 2004; Grabowski, 2006). It was reported that hydrogen bonding
frequently occurs between hydroxyl (-OH) groups on protein side chains and phosphate
groups on DNA in protein-DNA complexes, where they are crucial for maintaining the
stability and specificity of these complexes (Lin & Guo, 2019; B. Yu etal., 2020). H101,
H256, and H16 hairpins formed nine, eight, and four H-bonds, respectively, with HE4
tunnel-cavity residues. Notably, 80% of the H-bonds formed between HE4 and H16
occurred at the protein’s tunnel-cavity site. Coincidentally, the sequences of these three
selected hairpins are highly similar and they only differ at nucleotide number 4, as

highlighted in Table 5.4 where the tertiary conformations are also displayed.

The conformational analysis of docked complexes in Figures 5.4a, 5.5a, and
5.6a, displayed that H16, H101, and H256 hairpins bound to similar sites of the HE4
protein where the hairpin residues formed multiple H-bonds at identical protein residues,
SER26, GLU31, GLY34, and CYS36 with lengths between 2.0 A and 3.3 A. Figures
5.4b, 5.5b, and 5.6b show most of the H-bonds (yellow dashes) formed between the
HE4 and hairpin residues, while Figures 5.4c, 5.5¢, and 5.6¢ simplify the Figures 5.4b,
5.5b, and 5.6b to show the hairpin residues involved in the hydrogen bonding (yellow
dashes). For H101 and H256 hairpins, it was obvious that the nucleotide G4 (in H101)
and A4 (in H256) contributed significantly to the binding affinity of the HE4-hairpin
complexes as they made up 6 and 5 H-bonds, respectively. The G4 and A4 residues are
both located at the loop regions and the importance of the hairpin loop was reported in
an earlier study, where anti-MUC1 ssDNA aptamer hairpin were immobilised on
biosensor substrate, and it was predicted that the upright orientation of the aptamer
where it has the most exposure of the hairpin loop region exhibited the most enhanced
biosensor performance (Jeddi & Saiz, 2021). This single-stranded loop consists of the
sequence responsible for target binding as it exposes the flexible atoms of the side
chains, making it accessible for interactions with the target molecule (H. Yuetal., 2021;
Z. Zhang & Liu, 2018). In a recent report, a study successfully developed an improved
and highly sensitive electrochemical sensor targeting tobramycin, where the hairpin
loop region was incorporated with a poly-thymine base sequence (Meng et al., 2023).
The re-engineered loop region experienced huge conformational change upon the

detection of tobramycin in real samples with a signal change percentage increased to
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767.1%. Lastly, Figures 5.4d, 5.5d, and 5.6d summarised the total number of H-bonds
that existed between HE4 and hairpin molecules, and their residues responsible as the

H-bond donors and acceptors.

a)

b)

c) d) Hydrogen bond  Donor  Acceptor
1 T5 SER26
2 A3 GLU31
3 A3 GLU31
4 GLY34 T6
5 CYS36 G7

Figure 5.4 Binding pose and hydrogen bond formation in HE4-H16 complex. (a)
Whole tertiary conformation of the complex, (b) a closer view of the interactions, (c)
2D structure, showing the residues involved in the H-bonds, and (d) The H-bond
donors and acceptors.
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b)
VAL-50
SER-26
GLY-27

C) d) Hydrogen bond  Donor  Acceptor
1 SER26 G4
2 A3 GLY27
3 GLY29 C2
4 A3 GLU31
5 GLU31 C2
6 A3 GLU31
7 GLY34 G7
8 CYS36 T6
9 G4 VALS50
10 ASP52 G4
11 LYS60 G4
12 G4 CYsé6l
13 G4 Cysé6l
14 GLUT77 G7

Figure 5.5 Binding pose and hydrogen bond formation in HE4-H101 complex. (a)
Whole tertiary conformation of the complex, (b) a closer view of the interactions, (c)
2D structure, showing the residues involved in the H-bonds, and (d) The H-bond
donors and acceptors.
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b)
C) d) Hydrogen bond  Donor  Acceptor
1 A3 GLY27
GLY29 Cc2
3 A3 GLU31
4 GLU31 C2
5 GLY34 G7
6 CYS36 T6
7 A4 VAL50
8 ASP52 A4
9 A4 ASP52
10 LYS60 A4
11 A4 CYS61
12 GLU77 G7

Figure 5.6 Binding pose and hydrogen bond formation in HE4-H256 complex. (a)
Whole tertiary conformation of the complex, (b) a closer view of the interactions, ()
2D structure, showing the residues involved in the H-bonds, and (d) The H-bond
donors and acceptors.
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The adenine and guanine bases formed multiple H-bonds with the protein
residues. G4 base in H101 formed 6 H-bonds and they are all bound to the active binding
site (tunnel and cavity) residues, SER26, VAL50, ASP52, LYS60, and CYS61, that
were predicted by the CAVER 3.0 tool. In the HE4-H256 complex, there were 7 H-
bonds formed by A3 and A4 residues, where five of them bound to the protein active
binding site residues. To explain this, the structures of the nitrogenous bases, adenine
(A), thymine (T), cytosine (C), and guanine (G) are illustrated in Figure 5.7. A and G
are purine bases with five-membered and six-membered ring structures which made
them larger and more complex than C and T, the single six-membered ring pyrimidine
bases (Minchin & Lodge, 2019). Both A and G consist of two H-bond donors and one
H-bond acceptor, unlike T, which has only one donor and one acceptor. In the G base,
the amino (-NH2) group and nitrogen atom act as the donors, having the oxygen atom
as the H-bond acceptor. Due to the presence of the H-bond donors and acceptor, a single
A or G can form multiple H-bonds with the receptor residue at one time. Referring to
Figures 5.4 to 5.6, the T bases located at H16, H101, and H256 loop formed one or no
H-bond with the protein residue.

L e o g
S, —————

e

- -

Figure 5.7 The nitrogenous bases of DNA. (a) adenine, (b) thymine, (c) cytosine, and
(d) guanine, in the dotted boxes.

Apart from H-bonds, the intermolecular interactions within HE4-hairpin

complexes may be contributed by salt bridges and hydrophobic interactions. Their
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presence was identified by the PLIP tool, together with the H-bonds earlier.
Hydrophobic interactions were not significant in this study as only one hydrophobic
interaction formed between VAL25 and T4 in HE4-H16 complex with a distance of 3.6
A, while none existed between the HE4 and hairpin molecules in HE4-H101 and HE4-
H256 complexes. This interaction occurs between nonpolar molecules or the side chains
of the amino acids and ligand residues (Ferreira de Freitas & Schapira, 2017). The other
interaction, salt bridges, were formed within all complexes and they are listed in Table
5.5. Salt bridges arise from the electrostatic interactions contributed by oppositely
charged groups (Kurczab et al., 2018).

Table 5.5 The salt bridges occurred within HE4-hairpin complexes.

Complex Residues/atoms Distance
Protein DNA aptamer (A)
hairpin
HE4-H16 LYS60 T5 03’ 4.01
T6 P
T6 05’
T6 OP1
T6 OP2
HE4-H101 GLU31 A3 N9 5.46
GLU31 G4 N1 3.72
G4 N2
G4 N3
ASP52 G4 N1 4.37
G4 N2
G4 N3
LYS60 T5 03’ 4.44
T6 P
T6 05’
T6 OP1
T6 OP2
HE4-H256 GLU31 Ad N9 3.73
LYS60 T5 03’ 4.75
T6 P
T6 05’
T6 OP1
T6 OP2
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The salt bridge formations involved oxygen, nitrogen, and phosphorus atoms
located at hairpin loops. Nucleotides at positions 3 to 6 were located at these flexible
loop regions where they are exposed to form greater interactions with the receptor
residues. Identically, the LYS60 residue in all three complexes formed salt bridges with
T5 and T6 hairpin residues, with a distance ranging from 4.01 A to 4.75 A. A salt bridge
helps neutralising the negative charge of the DNA backbone, enabling the protein to
closely interact with the DNA (Vo et al., 2021). This interaction is essential for the
stability of the complex and is frequently implicated in the initial recognition and

binding phase.

Even though the HE4-H101 complex generated the lowest binding energy of -
11.6 kcal/mol and formed the highest number of H-bonds, further analysis was still
needed before the most potential DNA aptamer hairpin against HE4 protein could be
determined. Upon the completion of molecular docking and docked complexes binding
analysis, 100 ns MD simulations using CHARMM27 force field were subsequently
conducted on these HE4-H16, HE4-H101, and HE4-H256 complexes, individually. The
stability of the complex conformations and binding interactions in long simulations,
mimicking the actual environment are comprehensively discussed in the molecular

dynamics study in the following section.

5.3.3 Molecular Dynamics (MD) Simulations of HE4-Hairpin Complexes

MD simulations using GROMACS are an effective computational method for
investigating the dynamic behaviour of biomolecular systems, such as protein-protein
and protein-DNA complexes. GROMACS, a widely used software programme in
computational studies, uses force fields to simulate atom interactions and describe
molecule motions within a particular timeframe (Lemkul, 2018). The simulation setup
consists of identifying the molecular structure, followed by solvation, ions addition, and
force field assignment. Subsequently, energy minimisation was applied, before MD
simulation. GROMACS aids the investigation of these dynamic events by numerically
integrating Newton's equations of motion, allowing for the prediction of structural
changes and energetics at the atomic level, with many improvements, up-to-date (Pronk
et al., 2013; Rakhshani et al., 2019). With various force fields available today,
CHARMM force field is widely applied to the MD simulations of proteins, nucleic acids,
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and other molecules like lipids and carbohydrates, and it is supported by many MD
simulations programme, including GROMACS (Guterres et al., 2022; Huang et al.,
2017; Vanommeslaeghe et al., 2010). Two recent studies applied CHARMM force field
in the MD simulations of heparin, an anticoagulant that binds to multiple proteins in the
human body; and a protein-DNA/RNA system consisting of elongation factor SPT5
(Gallardo et al., 2022; Janke et al., 2022). Protein-DNA complexes serve important roles
in cellular activities, and knowing their dynamics is essential for unravelling biological
systems. Here, the stability of binding interfaces, the conformational changes in both
protein and DNA components, and the atomic position changes are evaluated. Before
conducting MD simulation analyses such as RMSD and Rg evaluations, the clustering
step was applied, right after MD simulations. This step analyses and organises the MD
trajectories, enabling the identification of distinct conformational structures as a vast
amount of data was generated during the MD simulations and various clustering
algorithms have been adopted by previous studies (Hao et al., 2015; Shao et al., 2007).

This simplifies the complex binding analysis.

5.3.3.1 RMSD, radius of gyration and RMSF

Root-mean-square-deviation (RMSD) quantifies the mean deviation of atoms in a
molecular structure from a reference structure during a simulation. It offers a measure
of the extent to which the simulated structure differs from the initial or other
conformations (Kufareva & Abagyan, 2012; Ramirez & Caballero, 2018). It is
determined by aligning the atomic coordinates of the simulated structure with the
corresponding atoms in the reference structure and subsequently calculating the root

mean square of the positional differences.

Figure 5.8 shows the RMSD and radius of gyration (Rg) graphs of HE4-H16,
HE4-H101, and HE4-H256 complexes over 100 ns of simulations using the
CHARMMZ27 force field. Similar to RMSD, Rg provides information on structural
stability, together with the overall compactness of the structure folding (Rampogu et al.,
2022). Changes in the Rg during an MD simulation can be taken as an indication of
conformational changes in the molecule. A decreasing Rg may be due to folding or

compaction, while an increase in Rg might indicate the unfolding or expansion of the
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molecule, and this is essential for interpreting

simulated system.

the dynamic behaviour of the
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Figure 5.8 (a) RMSD and (b) Rg plots of protein backbone over 100 ns of MD
simulations of HE4-hairpin complexes. HE4-H16 (green), HE4-H101 (red), and HE4-

The backbone RMSD of the docked HE4 protein in HE4-hairpin complexes
reached equilibrium after 50 ns for all systems (Figure 5.8a). In other protein-DNA MD
simulations studies, the RMSD values of the protein backbone achieved equilibrium

H256 (blue).
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after 7ns (out of 20) in HBsAg protein-DNA complexes (Sabri, 2021), after 100 ns (out
of 300 ns) in five different systems (Xu et al., 2023), and 40 ns (out of 100 ns) in p53
protein-DNA complexes (Kamaraj & Bogaerts, 2015). These various outcomes arise
from the different structures of each system. The RMSD plot displays different
deviation patterns for HE4-H16, HE4-H101, and HE4-H256 systems from 0 ns to 50
ns. HE4-H16 system experienced significant fluctuations between 15 ns to 25 ns and
these fluctuations are reflected in the Rg graph. As discussed in the Section 5.3.2, the
docked conformation of HE4 protein and H16 hairpin simulated by Vina exhibited the
least number of intermolecular H-bonds (five H-bonds). This shows weak interactions
between the protein and ligand throughout the MD simulations course, in which the
interactions might dissociate, resulting in high fluctuations of RMSD value. Notably,
after 50 ns, the RMSD values deviated only within +2 A, ranging between 3 A to 5 A
for all systems, indicating that the protein was highly stable. The backbone RMSD of a
study on DNA-tumour protein p53 achieved equilibrium after 40ns, out of 100 ns
simulation course, and had an average Rg value of 1.69 nm (16.9 A) (Balasundaram &
Doss, 2022).

Referring to the Rg plot of this study, all systems maintained relatively steady
values after 50ns at approximately 19 A, indicating compact and folded protein
backbone structures, closely resembling the native structure (Kamaraj & Bogaerts,
2015). In the protein structures compactness analysis of leukaemia mutations in protein-
DNA complexes, the wildtype backbone reached steady values after 65 ns out of 150
ns simulation time, while the mutants experienced slight fluctuations, and only achieved
low and steady values slightly later (Kamaraj et al., 2021). Based on RMSD and Rg
graphs in Figure 5.7, the most potential DNA aptamer hairpin against HE4 protein was
not able to be determined as they exhibited very similar outcomes, thus, more
evaluations were conducted, including the analysis of root-mean-square-fluctuation
(RMSF), number of hydrogen bonds, and the minimum distance between the protein

and hairpin molecules.

Root-mean-square-fluctuation (RMSF) quantifies the fluctuation of individual
residues within a molecule throughout the simulation (Sharma et al., 2021). It offers
valuable information on regions of the structure that undergo substantial conformational
changes. It represents the variety in the locations of atoms or residues within the
molecule. Greater RMSF values imply increased flexibility or movement in certain
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regions, whilst lower RMSF values indicate more stable regions. Both RMSD and
RMSF are evaluated for the accuracy of simulations, and different complex trajectories
while highlighting the areas of interest that experience conformational changes. Figure

5.9 shows the RMSF values of 124 amino acids in HE4 protein in the complex system.

e T I I I I R

—— HE4-H16
—— HE4-H101_|
—— HE4-H256

RMSF (A)

GLY21-THR23 =
CYS49-VAL50
LYS60-GLY65 ARG111
o | | | | | | | | | | | |
0 10 20 30 40 50 60 70 8 90 100 110 120
Residue

Figure 5.9 RMSF plot of HE4-hairpin complexes. HE4-H16 (green), HE4-H101 (red)
and HE4-H256 (blue). The labelled residues are some HE4 residues that formed
hydrogen bonds with DNA aptamer hairpin

In the plot above, the x and y axis represent the HE4 protein residues and RMSF
values, respectively. The residues ranging from 21 to 23, 34 to 36, 49 to 50, 60 to 65,
and 78 to 84 showed low RMSF values, suggesting more stable regions. According to
the results obtained from Vina molecular docking (Figures 5.4 to 5.6), these are the
common residues involved in forming the H-bonds between protein and hairpin
molecules. For example, the HE4-H256 complex had 12 H-bonds, 8 of which involved
the residues mentioned here. All three hairpins (H16, H101, and H256) identically
formed H-bonds with GLY34 and CYS36 protein residues with lengths ranging from
2.1 A to 3.1 A. High fluctuations shown between residues 5 to 18 and 86 to 100
indicated less stable protein regions, which was proven by the non-existent interactions
or H-bonds between the protein and DNA molecules, based on the docked complex

analysis in the previous section. Figure 5.9 displays HE4 tunnel-cavity residues
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predicted by the CAVER tool earlier which are presented in green, and the neighbouring
residues (in pink) that were commonly involved in making the intermolecular H-bonds
in HE4-H16, HE4-H101, and HE4-H256 complexes. These residues corresponded to
low RMSF values they generated and labelled in Figure 5.9. The H-bonds formed (listed
in Figure 5.4d, 5.5d, and 5.6d) in all three complexes were centralised at this region
highlighted in Figure 5.10.

Figure 5.10 HE4 protein residues. The tunnel-cavity residues determined by CAVER
3.0 tool (in green) and the common residues involved in forming intermolecular H-
bonds, in HE4-H16, HE4-H101, and HE4-H256 complexes. The yellow dots represent
the predicted binding site by CAVER 3.0.

5.3.3.2 Hydrogen bonds and minimum distance

The number of hydrogen bonds formed between HE4 protein and H16, H101, and H256
hairpins correlate with the minimum distance between protein and DNA molecules
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(Figure 5.11). According to the Protein Structure and Function textbook, the length of
a hydrogen bond is up to 3.5 A (Petsko & Ringe, 2004). Based on the molecular docking
analysis earlier, there were 6, 14, and 12 intermolecular H-bonds formed within HE4-
H16, HE4-H101, and HE4-H256 complexes, respectively. It is worth highlighting that
the docking analysis was done before MD simulations were conducted, thus, the
dynamic behaviour including the stability of H-bond formation was not certain in a
simulated system of 100 ns.
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Figure 5.11 The (a) minimum distance and (b) number of hydrogen bonds between
HE4 protein and H16, H101, and H256 hairpins.
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In Figure 5.11a, the minimum distance between the protein and DNA molecules
for HE4-H101 and HE4-H256 complexes maintained below 2.0 A for most of the
simulation time, showing the presence of multiple H-bonds (Figure 5.11b). Meanwhile,
for HE4-H16 complex, there was no formation of H-bonds between 10 to 40 ns, as the
distance fluctuated to higher than 3.5 A. This occurred due to the conformational
changes where the HE4 protein and hairpin H16 experiences structural shifts, leading
to the H-bonds donor and acceptor to shift away from each other (Battistel et al., 2017).
This reduces the overall binding interaction within the HE4-H16 system. Based on the
RMSD, higher deviation elucidates the effect of fewer H-bonds formed between protein
and DNA (Balasundaram & Doss, 2022). This can be seen in the HE4-H16 system as it
had multiple high deviations within this timeframe (Figure 5.8a). As for HE4-H101 and
HE4-H256 complexes, they maintained a minimum distance at approximately 2 A,
showing how closely intact the protein and DNA molecules were. However, the HE4-
H256 complex has shown remarkable output where it maintained a high number of H-
bonds, between 6 to 13 H-bonds for nearly 70% of the 100 ns simulation course. The
complex also maintained the minimum distance at approximately 1.7 A, maintaining
the close interactions between the molecules, from 10 ns to 100 ns. Based on these
minimum distances and the number of H-bonds analyses, the HE4-H256 complex is
likely to be selected as the most potential or promising hairpin against HE4 protein, but
additional analyses such as hydrogen bond occupancy and the total energy using
MM/GBSA were conducted to strengthen the selection.

5.3.3.3 Hydrogen bond occupancy and MM/GBSA analysis

In this study, the HE4 protein tertiary structure was modelled computationally, while
the active binding residues were predicted by CAVER 3.0 tool, as discussed in the
earlier chapter. By analysing the hydrogen bond occupancy of the HE4-hairpin
complexes during the MD simulations, the significant interactions contributed by the
HE4 active binding residues, and the hairpin residues were determined. Here, the VMD
software was utilised to visually represent the development of dynamic hydrogen bonds
between the complex molecules using the ‘hydrogen bonds’ plugin (Sabri, 2021). As
mentioned earlier, an H-bond is established when a donor, a hydrogen atom, and an

acceptor (oxygen, nitrogen, or fluorine) are present, and a typical H-bond distance is
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less than 3.5 A. Figure 5.12 depicts all the HE4 and hairpin residues involved in the H-
bonds where the residues are stated as a hydrogen donor or acceptor. The y-axis shows
the H-bond occupancy (in %) for 50 ns, starting at 50 ns until 100 ns of MD simulations.
This timeframe was chosen based on the RMSD and Rg plots where they achieved

stability and compactness after 50 ns until the end of the simulation course.
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Figure 5.12c shows the highest number of H-bonds and it has the highest
occupancy that was formed between the THR23 residue side chain of HE4 protein and
the side chain of T5 residue of H256 hairpin. The recorded occupancy was at 73.65 %,
showing that this particular H-bond was intact for more than 2/3 of the simulation time,
indicating strong and stable interaction. T5 residue in this H256 hairpin was located at
the loop region, where the side chain atoms were flexible, exposing a larger contact area
with the HE4 protein (Jeddi & Saiz, 2021). The 10 highest H-bond occupancies (out of
26 total H-bonds) within this HE4-H256 complex were mainly formed by the
nucleotides located at the hairpin loop, including A3, A4, and T6 residues, specifically
at the flexible side chain. The occupancies ranged between 5.39 % to 73.65 %. 11
intermolecular H-bonds existed within the HE4-H16 complex with occupancies ranging
from 0.20 % to 60.08 %, with only five having occupancies of more than 5 %. The
highest H-bond occupancy generated within HE4-H101 was low compared to the other
two complexes, at 28.14 %, formed by the side chain of SER63 residue and the side

chain of T5 residue located at the hairpin loop region.

Table 5.6 lists the hydrogen donors and acceptors involved in the formation of
the H-bonds with occupancies of more than 5 %. The H-bonds highlighted in yellow
involved the active binding site residues while the H-bonds in green were formed by
the neighbouring residues of the active binding site. Only five H-bonds with the said
occupancies were present within HE4-H16 and HE4-H101 complexes, and none of the
H-bonds in the HE4-H16 complex involved the protein tunnel and cavity residues, or
its neighbouring residues as highlighted earlier in Figure 5.10. Furthermore, the highest
occupancy of this complex, 60.08 %, was formed far from the protein’s active binding
site, at ARG111 residue, and G7 residue of the H16 hairpin stem. Focusing on the
hydrogen donors and acceptors of the intermolecular H-bonds within the HE4-H101
complex, even though the SER63, GLY21, THR23, and GLY65 were among the active
binding site and its neighbouring residues, the occupancies were not convincing, as the
interactions existed for only 28.14 % (and below) of the final 50 ns simulation time.
The findings indicate that while the overall quantity of H-bond interactions is significant
in determining the affinity of the complex, the percentage of H-bond occupancy has a
greater influence on the stability of the protein-aptamer complex (Zikri et al., 2021).
Based on Table 5.6 and other analyses conducted earlier, including RMSD, Rg, RMSF,

and the number of H-bonds, the H256 hairpin has shown remarkable results to be
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entitled as the most promising DNA aptamer hairpin against ovarian cancer biomarker,
HE4. This was further supported by the calculation of total binding energy by the
MM/GBSA approach.

Table 5.6 List of hydrogen bond occupancies, revealing the hydrogen donor, acceptor
and specific hairpin region involved in the interaction.

Hydrogen bond Hairpin
Complex  Total Donor Acceptor % Stem Loop
no. Occupancy
HE4-H16 11 ARG111-Side DG7-Side 60.08 )
ARG111-Side DT6-Side 34.13
DT5-Side VAL83-Main 30.14 °
LYS116-Side  DG7-Side 22.36 °
DT5-Side ASN84-Side 6.99 °
HE4-H101 14 SERG63-Side DT5-Side 28.14 °
DT5-Side GLY21-Main 27.35 °
THR23-Side DT5-Side 19.96 °
GLY65-Main  DT6-Side 18.76 °
GLY65-Main  DG4-Side 6.39 °
HE4-H256 26 THR23-Side DT5-Side 73.65 °
DA4-Side CYS61-Main 40.72 °
THR23-Main ~ DT5-Side 26.75 °
DG1-Side PHE124-Side 25.95 °
DA4-Side ASP52-Side 24.55
GLY65-Main  DT6-Side 24.15
DAS3-Side GLY34-Main 22.55
DC2-Side GLY34-Main 16.17 °
LYS60-Side DA3-Side 6.19 °
GLY78-Main  DG1-Side 5.39 °
DC2-Side LYS32-Main 5.19 °

*This table comprises H-bonds with occupancy of at least 5% over the last 50 ns simulation
time.

The total binding energy of a complex can be computed with Molecular
Mechanics Generalised Born Surface Area (MM/GBSA), aiming to calculate the

binding free energy between a ligand and a receptor, such as a protein (Genheden &
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Ryde, 2015). This method utilises the Generalised Born model to calculate solvation
energies, specifically the electrostatic component (Mishra & Koca, 2018). This model
applies quicker and easier approximation in comparison to the Poisson-Boltzmann
model employed in MM/PBSA, making it more ideal for high-throughput investigations
or bigger systems while the MM/PBSA approach is more suitable for individual-target
binding energy calculation (Sun et al., 2014; X. Zhang et al., 2017). The calculations of
binding free energy between the protein and ligand used the following equation:

AGbinding = Gcomplex - Gprotein - Gligand (Eq- 5-1)
where the free energy of each component is calculated by Equation 4.2 below:
G = Eint + Eele + Evdw + Gpol + an — TS (Eq 52)

Eint, Eele, and Evaw represent the molecular-mechanics of internal, electrostatic, and van
der Waals energies, respectively, while the polar and non-polar solvation energies are
denoted by Gpo and Gpp. Lastly, T and S are the absolute temperature and entropy
(Godschalk et al., 2013; Kumari et al., 2014).

In this study, only the overall binding free energies were evaluated, and the
lowest binding free energy estimated by MM/GBSA method shown in Figure 5.13
belongs to the HE4-H256 system after the method was employed to the final 50 ns of
the MD simulation course where the RMSD and Rg plots were stabilised. This system
maintained negative binding free energies between -10 kcal/mol to -40 kcal/mol,
indicating that the H256 hairpin bound tightly to HE4 protein, compared to the other
two hairpins, H16 and H101. Negative and lower binding free energies indicate the
overall stability of the system (Ganjali Koli et al., 2023; Swain et al., 2018). The binding
of the molecules within HE4-H16 and HE4-H101 complexes were unstable and not as
strong as HE4-H256 due to the binding free energies over 50 ns in Figure 5.13a and
5.13b experiencing fluctuations between positive and negative energy values. This last
analysis of the binding energies strongly supported H256 hairpin as the most promising
DNA aptamer hairpin with great binding affinity against HE4 protein, alongside the
outcomes of other analyses that have been comprehensively discussed in this current
chapter. The confirmation of the strong binding of H256 and HE4 was tested via in vitro

assay in the next chapter.
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Figure 5.13 The binding free energies of the protein-hairpin complexes between 50 to
100 ns of MD simulations; (a) HE4-H16, (b) HE4-H101, and (c) HE4-H256.

54  CONCLUSION

AutoDock Vina molecular docking and GROMACS molecular dynamics simulations
were employed to elucidate the interaction mechanisms between the HE4 protein and
DNA aptamer hairpin structures. The work began with the truncation of a long 25-mer

A4 aptamer into a 6-mer hairpin, followed by stem extension, forming an 8-mer hairpin.
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Next, the nucleotides at the single-stranded loop of this 5’-GCGCAAGC-3’ hairpin
were mutated, resulting in 256 hairpins where each of them was docked with HE4
protein using Vina. The binding poses of the 10 lowest binding energies out of 256
HE4-hairpin complexes were thoroughly examined and the three most potential
complexes were selected: HE4-H16, HE4-H101, and HE4-H256. Subsequently, 100 ns
MD simulations using GROMACS were performed to investigate the stability and
dynamics of each complex, analysing different parameters including RMSD, Rg, RMSF,
minimum distance, number of hydrogen bonds, hydrogen bond occupancy, and the
Molecular Mechanics/Generalized Born Surface Area (MM/GBSA) free binding
energy. The RMSD analysis was similar for all complexes, exception for HE4-H16
which experienced significant fluctuations before 40 ns. The RMSD values showed an
initial increase in all complexes, indicating conformational adjustments at the beginning,

but reached a plateau phase, suggesting that the complex achieved a stable conformation.

The Rg results for HE4-H16, HE4-H101, and HE4-H256 complexes were in
agreement with the RMSD findings, showing a slight initial fluctuation before
maintaining relatively steady values. The constant Rg values after 50 ns of simulation
indicated that the overall folding and compactness of the complex remained stable. Next,
the RMSF analysis provided insights into the dynamic behaviour of individual residues
in the complex, where the regions with higher RMSF values indicated more flexibility,
which is essential for accommodating structural adjustments during HE4-hairpin
binding. The residues, specifically CYS49, VAL50, and LYS60 to GLY®65, played a
crucial role in facilitating the binding which was proven by the H-bonds formed by
HE4-H101 and HE4-H256 complexes. The minimum distance between HE4 and the
hairpin molecules was monitored where the consistently low minimum distance values
proposed close and stable interactions. Both HE4-H101 and HE4-H256 maintained low
values at less than 2 A. But the HE4-H256 complex showed remarkably lowest distance
over the simulation time with the highest number of H-bonds, compared to the other
two complexes. The number of H-bonds and their occupancy rates were key indicators
of the interaction strength, where a high number of H-bonds, coupled with high H-bond
occupancy, demonstrated strong and specific interactions. The residues involved were
mostly located at the HE4 active binding site predicted by the CAVER 3.0 tool,
alongside the neighbouring residues. Based on the H-bond occupancy, H256 maintained
strong binding with HE4 for 73 % of the simulation time. Finally, the MM/GBSA
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binding energy calculation provided a quantitative measure of the binding affinity
between HE4 and the DNA aptamer hairpin, where HE4-H256 was the only system that

maintained negative binding energies, and strong and spontaneous interactions.

In conclusion, the comprehensive analysis of the HE4-H16, HE4-101, and HE4-
H256 complexes through molecular docking and MD simulations provided valuable
insights into the interaction dynamics between the HE4 protein and the DNA aptamer
hairpin. Following all the extensive analysis, the H256 hairpin is deduced as the most
promising DNA aptamer hairpin against its target HE4 protein, the ovarian cancer
biomarker. This H256 DNA aptamer hairpin was synthesised and an in vitro assay was

conducted using an actual HE4 protein sample, which is discussed in the next chapter.
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CHAPTER SIX

IN VITRO DETECTION OF HE4 BIOMARKER USING THE
DESIGNED DNA APTAMER HAIRPIN, AND GOLD
NANOPARTICLE-DNA CONJUGATES FOR FUTURE CANCER
DIAGNOSTICS

6.1 INTRODUCTION

The interactions between proteins and nucleic acids play a crucial role in the DNA
aptamer-based diagnostic sector, offering important insights into the molecular
mechanisms that underlie different illnesses and facilitating the creation of precise
diagnostic instruments (Zhang et al., 2019). These interactions, involving the binding
of proteins to DNA or RNA, have a pivotal function in cellular activities such as gene
expression, replication, and RNA processing. The specificity and affinity of these
interactions are crucial for their effectiveness in diagnostics. Methods such as
Electrophoretic Mobility Shift Assays (EMSAs), Chromatin Immunoprecipitation
(ChIP), DNA Footprinting, and Fluorescence Resonance Energy Transfer (FRET) are
employed to investigate these interactions, aiding in the identification of precise binding
patterns (Chen & Goller, 2020; Ferraz et al., 2021; Sui & Imamichi, 2023; Yan & Huang,
2023).

The EMSA, commonly known as the gel shift assay, is a flexible and extensively
employed tool in molecular biology that investigates protein-nucleic acid interactions
(Seo et al., 2019). This approach is highly valuable for the identification and
characterisation of protein binding to specific DNA sequences. The underlying concept
of EMSA is straightforward where the phenomenon relies on the fact that the interaction
between a protein and a DNA fragment causes a change in the fragment's mobility
during electrophoresis (Holden & Tacon, 2011). Usually, the DNA is subjected to
incubation with the target protein which is the HE4 in this study. The presence of the
protein binding to the DNA alters the characteristics of the DNA-protein complex, such
as its size and charge, which in turn affects its mobility when subjected to non-
denaturing gel electrophoresis, commonly using polyacrylamide or agarose gels (Ream

et al., 2016). The protein in the protein-DNA complex limits the mobility of its bound
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DNA, while the free unbound DNA migrates faster through the gel. EMSA offers a
notable benefit in terms of its high sensitivity and specificity. EMSA is highly versatile
as this technique is applicable for investigating a broad spectrum of protein-DNA
interactions, encompassing the binding of transcription factors to promoter regions as
well as the interaction between nucleosomes and genomic DNA (Chen & Goller, 2020;
Daras et al., 2019). A study demonstrated using agarose gel EMSA yielded high band
resolution in a short running time in the association of the sSiRNA-binding protein p19
with the nucleic acids of its target RNA (Ream et al., 2016).

The capacity to recognise and measure protein-aptamer interactions has
significant implications for the early diagnosis of diseases, monitoring the progress of
diseases, and assessing the effectiveness of treatments, establishing it as a fundamental
aspect of diagnostic approaches (N. Zhang et al., 2021). For instance, aptamers have
been successfully applied to the screening of tumour-associated biomarkers such as
human epidermal growth factor receptor 2 (HERZ2), prostate-specific antigen (PSA), and
carcinoembryonic antigen (CEA) (Yang et al., 2015; F. Zhang et al.,, 2015).
Additionally, DNA aptamers were utilised to identify specific targets, including
polychlorinated biphenyls (PCBs) (Mehta et al., 2012) and gastrointestinal stromal
tumours (GIST) (Banerjee et al., 2020). One recent study identified aptamer candidates
using Graphene Oxide-Systematic Evolution of Ligands by Exponential Enrichment
(GO-Cell-SELEX) to successfully detect various strains of SARS-CoV-2 virus
(Moshref et al., 2023). Moreover, DNA aptamer-based diagnostic approaches that have
been developed in the past 10 years include the production of sensors (electrochemical,
surface plasmon resonance (SPR)-based, and fluorescent-colourimetry sensors), lateral
flow assays (LFA), and nanoparticle assays. They successfully detected various proteins,
related to different types of illnesses, such as small cell lung cancer (SCLC) biomarker
(Sun et al., 2021), HER2 biomarker (Ranganathan et al., 2020), penicillin-binding
protein (PBP2a) (Fan et al., 2020), and vascular endothelial growth factor (VEGF)
protein (Stawicki et al., 2021).

Nanoparticle-based assays have been utilised extensively in clinical diagnostics,
in example, the detection of superoxidase dismutase (SOD) cancer biomarker by using
gold nanoparticles (GNPs) coated with SOD aptamer 4 (Dekhili et al., 2020). The use
of aptamer and GNP-based detection techniques is an advanced and innovative strategy
in the realm of disease diagnostics as these approaches exploit the distinctive optical

134



characteristics of GNPs and the selectivity of aptamers. DNA aptamers, which are
artificial short sequences of nucleotides, are commonly designed to specifically attach
to particular molecules, such as proteins, peptides, or even cells that indicate the
presence of diseases (Kaur et al., 2018), while GNPs are recognised for their unique
optical characteristics, including their SPR, which resulted in a noticeable alteration in
colour under specific conditions (Jazayeri et al., 2018; Khan et al., 2019; Nooranian et
al., 2022). GNPs offer several advantages over other nanoparticles such as silver in
biomedical fields like diagnostics. The chemical stability of GNPs is better than silver
NPs where it shows good resistance to oxidation, enhances the durability in biological
environments (Stein et al., 2021). GNPs also exhibit good biocompatibility, providing
lower risks of toxicity, and their surface chemistry is easily modifiable, facilitating the

functionalisation with other biomolecules (Sztandera, et al., 2018).

In diagnostic, the detection approach involves the conjugation of aptamers to
GNPs, followed by the aptamers directing the GNPs towards their target molecules,
which may be found in blood, saliva, or other bodily fluids. When the target molecule
is not present, the aptamers prevent the GNPs from aggregating together due to the
presence of salt, resulting in a red solution. Nevertheless, in the presence of the target
molecules, the aptamers bind to them, resulting in the GNPs losing their protective layer
and clustering together in high ionic strength solutions and resulting in a noticeable
colour shift from red to blue or purple (Akshaya et al., 2020; Dekhili et al., 2020). This
change serves as an indication that the disease marker is present. This method is
extremely responsive and capable of detecting different levels of biomarkers.
Furthermore, it enables quick and easily comprehensible outcomes without the
requirement of advanced equipment, rendering it appropriate for on-site testing and
application in the field, making it a suitable candidate for the development of point-of-
care-testing (POCT) kit (Larsson et al., 2015).

In this study, the affinity of the designed hairpin, H256 to HE4 protein was
characterised and compared to the affinity of HE4-A4 in which the A4 aptamer is a
positive control, obtained from the SELEX selection (Eaton et al., 2015) and evaluated
thoroughly in the Chapter 4. These complexes were screened through an in vitro study
using EMSA where the samples of equal amounts were loaded into the wells on the gel
and the intensity of the DNA bands (bound and unbound) were relatively measured.
According to the computational studies conducted earlier, the binding energies
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calculated by AutoDock Vina for HE4-A4 and HE4-H256 complexes were -6.0
kcal/mol and -11.2 kcal/mol, respectively. The lower energy indicated that the affinity
of the designed hairpin H256 to HE4 protein was higher, making the intensity of the
bound H256 band would have been expected to be higher in the agarose gel.
Additionally, a preliminary study to conjugate GNP to the designed hairpin H256 was
conducted, involving the formulation and characterisations (particle size, zeta potential,

and functional group analyses) of the GNP-H256 solution.

6.2 METHODOLOGY
6.2.1 Electrophoretic Mobility Shift Assay (EMSA)

The implementation of EMSA offers a cost-effective, expeditious, and dependable
approach for quantifying apparent dissociation constants concerning protein-ligand
binding affinity. This study utilised agarose-based EMSA to verify the bioconjugation
between the HE4 protein and the DNA aptamer hairpin designed computationally in the
Chapter 5. The 1.5% agarose gel solution was firstly prepared by dissolving 0.75 g
agarose (molecular biology grade) powder (Vivantis Technologies Sdn. Bhd.) in 50 mL
of pH7, 1x Tris-acetate-EDTA (TAE) buffer, heating in microwave at low heat until all
particles are completely dissolved. The solution was cooled down until safe to touch
and 2x SYBR-safe DNA stain (Invitrogen, USA) was added. Then, the agarose solution
was poured into the gel cast, where the comb was placed earlier. The cast was put aside

until the gel sets.

Next, the lyophilised oligonucleotides of the designed hairpin, H256, and
positive control aptamer, A4 (IDT Integrated Pte. Ltd.) were dissolved in pH7, 1x Tris-
EDTA (TE) buffer to 500 puM. The oligonucleotides were heated to 94°C for 2 minutes,
to denature or separate the double-stranded DNA into single strands, before they
reformed the double-stranded structures and formed proper DNA folding, as they
cooled down to 25 °C. Once they cooled down, both H256 and A4 were incubated with
recombinant human HE4 protein (Elabscience, USA) in pH 7, 1x phosphate buffer
saline (PBS) buffer for 24 hours at 37°C on a rotational shaker. Loading dye was added
to each sample. The samples were loaded into the wells of the prepared agarose gel that
was submerged in pH 7, 1x TAE buffer, and electrophoresis was conducted at 100 V

for 30 minutes. The amount of each component is described in Figure 6.1. Lastly, the
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gel bands were visualised under ultraviolet (UV) light using a VILBER E-box DNA gel
stain imager, and the band intensities were measured by GelAnalyzer software. The

experiment was repeated only once, due to limitation of materials.

Lane 1 Lane 2 Lane 3 Lane 4 Lane 5 Lane 6
DNA Protein Designed Protein Positive control ~ Protein + positive
ladder only hairpin + hairpin aptamer control aptamer
( ) ( ) ( ) ( ) ( ) ( )
1 kb HE4 H256 only HE4 (750 ng) + A4 only HE4 (750 ng) +
(750 ng) (6000 ng) H256 (6000 ng) (6000 ng) A4 (6000 ng)

Figure 6.1 The samples loaded to each well of the agarose gel for EMSA

6.2.2 Preliminary Studies of Detection Method Development

The conjugation of GNP-DNA hairpin follows the work flow established by Dekhili et
al. (2020). The formulation of GNP-H256 solution began with the modification of H256
hairpin with an amino group (-NH) that was added to the 5’-end terminal, forming an
aminated-H256 hairpin (AH256). This was modified and supplied by IDT Integrated
Pte. Ltd., Singapore. 40 nm carboxylated-gold nanospheres (GNP-COQOH) with optical
density (OD) of 20 in water were purchased from NanoComposix Inc., USA while 1-
ethyl-3-(3-dimethylaminopropyl) carbodiimide (EDC) and N-hydroxysuccinimide
(NHS) were obtained from Tokyo Chemical Inc. and Nacalai Tesque Inc., Japan,
respectively. Firstly, the OD 20 GNP-COOH, known as Raw GNP in this study, was
diluted to OD 5 with deionised water, followed by the preparation of AH256 aptamer.
The AH256 was dissolved to 100 puM according to the specification sheet provided by
the supplier with TE buffer (pH 7.4) that was prepared earlier by mixing
tris(hydroxymethyl)aminomethane (Tris) and ethylenediaminetetraacetic acid (EDTA).
TE buffer was used to protect the DNA from degradation. This 100 uM AH256 was
diluted to 10 uM in 1X, pH 7.4 phosphate-buffered saline (PBS) buffer. The diluted
DNA was heated to 94 °C for 2 minutes to denature any double-stranded formations.
The solution was then left to cool to 25 °C, allowing the DNA to refold to its native

structure, following a previous study (Alnaimi et al., 2022).
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Ina 1.5 mL microcentrifuge tube, 1.2 mL of OD5 Raw GNP solution was added,
then immediately followed by 10 pL of 10 mg/ml EDC and 10 pL of 10 mg/ml NHS
that was prepared right before their additions. Next, the mixture was vortexed and
incubated at 25 °C for 30 minutes to react with the EDC/NHS with the GNPs. After
incubation, the solution was centrifuged at 8000 rpm for 10 minutes, and the supernatant
consisting of excess EDC and NHS was removed. Resuspended in 1.2 mL of PBS, the
pellet was vortexed and sonicated in a bath for 10 minutes at 25 °C. To initiate aptamer
binding, 80 pL of the 10 uM AH256 was added to this GNP solution and incubated on
a rocker at 25 °C for 1 hour. Upon completion, 20 puL of 10% bovine serum albumin
(BSA) was added as a blocking agent and incubated for 10 minutes at 25 °C. Another
10-minute, 8000-rpm centrifugation followed. The pellet was resuspended in 1.2 mL
PBS after discarding the supernatant. The resuspension procedure required extensive
vortexing and 10-minute sonication. Next, the solution was examined for the colour
change, which would indicate effective GNP-AH256 conjugation, followed by the
analyses of its particle size and zeta potential using Zetasizer Nano Series Model 1600
(Malvern, United Kingdom) and Zetasizer Nano Series Model 2600 (Malvern, United
Kingdom). Finally, the identification of functional groups was achieved by Spectrum
Two Fourier Transform Infrared (FTIR) spectrometer (PerkinElmer, United States) and

handheld Raman spectrometer (Bruker, Germany).

6.3 RESULTS AND DISCUSSION
6.3.1 Electrophoretic Mobility Shift Assay (EMSA)

The verification of the binding of HE4-H256 and HE4-A4 was conducted using an in
vitro assay, agarose gel-based EMSA, where it separates the protein-DNA complex
from the free DNAs by electrophoresis (Ream et al., 2019). The agarose gel was chosen
over polyacrylamide gel as the agarose gel required the usage of standard molecular
biology reagents, equipment, and a buffer system with low conductivity, making the
whole process simpler and faster than the traditional polyacrylamide procedures (Ream
et al., 2016). The polyacrylamide gel electrophoresis involves a buffer system which
maintains the pH to ensure the unfolding and separation of proteins are correct. Whereas,
the milder conditions of agarose gel electrophoresis are less likely to adjust the pH and

disrupts the protein-DNA complexes. The staining of the DNA bands on electrophoresis
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gels using ethidium bromide (EtBr) has been widely utilised for many decades, but it is
reportedly to be toxic and mutagenic in humans (Singh & Singh, 2018). Due to this, the
SYBR Safe DNA gel stain was selected in this study as it is suitable and safe to be used
as a pre-casting dye where the dye was introduced to the gel solution before it was

poured into the cast (Bawane et al., 2023).

As shown in Figure 6.2a, the unbound DNA bands were seen near the middle
region of the gel, for all loaded samples. However, the intensities of the unbound DNA
bands for HE4-H256 (lane 4) and HE4-A4 (lane 6) were lower compared to their
controls, the H256 (lane 3) and A4 aptamer (lane 5), respectively. As all wells were
initially loaded with the same amount of DNA (H256 hairpin or A4 aptamer), these
lower intensities indicated that some of the DNA molecules were successfully bound to
its target protein, HE4. Unfortunately, the bands of the bound DNA were not observed
in Figure 6.2a which was expected to be at the top part of the gel, just below the wells.
This was solved by adjusting the contrast of the gel image (Figure 6.2b) and inverting
the image colour (Figure 6.2¢c), where the bound DNA bands are seen as labelled in the
figures. The electrophoretic mobility of the HE4-DNA complexes was less due to the
large size of complex molecules, making them migrate slower than the small, free, and
unbound DNA molecules (Hellman & Fried, 2007; Seo et al.,2019). Through these gel
images, both H256 hairpin and A4 aptamer were proven to have a good affinity towards
HE4 protein, however, this in vitro study does not provide quantification analysis.
Nevertheless, the relative binding affinity of HE4-H256 and HE4-A4 were evaluated
through the band intensities which are demonstrated and listed in Figure 6.3 and Table
6.1.
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band peaks, where different band intensities were obtained, (b) 12 peaks detected for the lane loaded with 1 kb DNA ladder, (¢) Only one band
seen for H256 (control), (d) three bands for sample where H256 was incubated with HE4 for 24 hours, (e) Only one band displayed by A4
aptamer (control), and (f) two bands for sample where A4 aptamer was incubated with HE4 for 24 hours.
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Based on Figure 6.3a, the blue dots within the blue lines represent the DNA
bands identified by the GelAnalyzer software. This analysis revealed that Lane 1 which
consisted of the 1kb DNA ladder had 12 DNA bands. In contrast, Lane 2 which
contained only the HE4 protein, showed no bands, indicating the absence of nucleic
acids. The H256 control (Lane 3), HE4-H256 (Lane 4), A4 aptamer (Lane 5), and HE4-
A4 (Lane 6) displayed one, three, one, and two bands, respectively. The single band
observed in Lane 3 exclusively represented the unbound H256 hairpin, as depicted in
Figure 6.3c. Similarly, the band in Lane 5, shown in Figure 6.3e, corresponded solely
to the A4 aptamer. These two lanes acted as the controls for the HE4-H256 and HE4-
A4 complexes as only the H256 and A4 raw samples were loaded. Nevertheless, Figures
6.3d and 6.3f exhibit additional bands at the upper part of the agarose gel, representative
of the DNA bound to the target protein in the HE4-H256 and HE4-A4 complexes,
respectively. Specifically, the HE4-H256 sample (Lane 4) features an extra band, with
a total of three bands, in comparison to Lane 6, which contains the HE4-A4 sample.
The area of each DNA band was measured by GelAnalyzer software and recorded in
Table 6.1,
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Table 6.1 The width, height, and area of each gel band for all samples. A larger area
corresponds to a higher intensity and higher amount of DNA.

Lane Sample Peak Band  Width Height Area Percentage

type (%)
2 HE4 - - - - - -
protein
3 H256 1 Unbound 124 207 12728 100
hairpin DNA
4 HE4 + 1 Bound 21 8 133 1.25
H256 2 DNA 36 7 218 2.02
3 Unbound 123 207 10714 96.73
DNA
5 Ad 1 Unbound 377 195 13825 100
aptamer DNA
6 HE4+A4 1 Bound 19 6 97 0.84
(positive DNA
control) 2  Unbound 134 206 12153 99.16
DNA

In Lane 4, consisting of the HE4-H256 sample, the band representing bound
H256 accounted for 3.27% of the total, with the remainder appearing towards the
bottom part of the gel, indicating it was an unbound H256 hairpin. The band intensity
of the DNA that bound to HE4 was four times more intense compared to the band
displayed by the HE4-A4 sample (0.84%). Here, the H256 hairpin demonstrated a
greater binding affinity towards HE4 protein, an improvement from the A4 aptamer,
which was the aptamer candidate selected via SELEX from the previous study by Eaton
et al. (2015). The H256 hairpin was a mutation from the A4 aptamer truncated hairpin
that was computationally designed in the Chapter 5. This analysis substantiates the
reliability of the computational studies conducted earlier, as discussed in previous
chapters which included structure predictions using Mfold and RNAComposer servers,
molecular docking by AutoDock Vina, and molecular dynamics simulations employing
GROMACS.
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6.3.2 Characterisation of GNP-Aptamer Formulation

The successful binding of the designed hairpin, H256, with the HE4 protein opens
numerous possibilities for its development as a detection technique for this ovarian
cancer biomarker. Therefore, this study undertook an initial exploration into
formulating a potential detection solution using gold nanoparticles (GNPs), given their
strong suitability for colourimetric assays (Jans & Huo, 2012). The unique properties,
ease of functionalisation, and biocompatibility have made them a valuable tool for the
development of sensitive and selective diagnostic assays, including the diagnosis of
head and neck upper aerodigestive tract cancer (Andrade & Costa, 2023), detection of
carbendazim in agriproducts (Mao et al., 2022), and breast cancer biomarker HER2
(Ranganathan et al., 2020). In a previous study mentioned earlier, the SOD marker that
can be found in body fluids was detected using GNPs coated with SOD aptamer 4,
showing colour changes of the formulations (Dekhili et al., 2020). The colour of the
GNP formulations varied, ranging from red to blue-purple, depending on the methods
used and the agglomeration of the GNP particles (Aldewachi et al., 2018; Alizadeh &
Nazari, 2020). In this study, the 40 nm raw GNP solution appeared to be red, while it
turned purple after the AH256 DNA aptamer was incorporated into the GNP solution
(Figure 6.4). According to a work reported in 2018, the colour of the reaction changed
from red to purple after the DNA aptamer was introduced to the GNP and incubated for
10 minutes (He & Yang, 2018). This colour change was caused by the DNA-induced
agglomeration of the gold particles which was proven by a shift in the surface plasmon
band from 524 to 556 nm.

! !

Figure 6.4 The (a) 40 nm raw gold nanoparticle and (b) GNP-AH256 solution.

b)
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The particle size of GNPs influences the colour of the solutions, and this
phenomenon is deeply based on the principles of nanoscale physics and SPR. SPR is
the resonant oscillation of conduction electrons at the surface of the nanoparticles
stimulated by incident light, which depends on the particles' size, shape, and the
dielectric environment around them (Amendola et al., 2017). Larger nanoparticles have
broader SPR peaks, indicating a wider range of absorbed wavelengths, which alters the
solution colour. The specific interplay of particle size, SPR, and the optical properties
of gold nanoparticles makes them valuable in numerous applications, including sensing,
imaging, and medicine, where colour changes can be used as indicators of nanoparticle
behaviour or interactions (Elahi et al., 2018; Wu et al., 2019). It was reported earlier
that a GNP-aptamer-based aggregation assay for the detection of interleukin-6 (IL6)
marker changed the red colour of the GNP-aptamer to purple-blue hue after incubation
of the formulation with samples containing IL6 at room temperature (Giorgi-Coll et al.,
2019). The shift to a purple colour is due to an increase in particle size, as previously
reported where GNPs with a particle size ranging from 30 to 80 nm display a red colour,
while larger particles, such as 90 nm, resulting in a reddish-purple hue (Alex & Tiwari,
2015). Thus, the emergence of the purple colour in the GNP solution of this current
study is possibly caused by the effective conjugation of the AH256 aptamer to the
surface of the gold particles, resulting from the interaction between the carboxyl (-
COOH) group of the GNP and the amino group of the AH256, forming a molecule
covalently bonded by an amide bond that causes the particle size increment (Figure 6.5).
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Figure 6.5 EDC (carbodiimide) crosslinking reaction. The carboxylated GNP formed
an amide bond with the designed hairpin, aminated-H256 (H256-NHy).
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The EDC/NHS coupling reaction is commonly employed in bioconjugation
chemistry to covalently link biomolecules to surfaces like gold nanoparticles as
demonstrated in many previous studies (Busch et al., 2019; Jazayeri et al., 2016; Zhang
et al., 2017). For the process, the EDC activates GNP carboxyl (-COOH) groups to
generate reactive O-acylisourea intermediates. This intermediate hydrolyses easily,
reducing amine coupling efficiency, hence, it was stabilised by adding NHS, which
interacts with O-acylisourea to generate a stable NHS ester. This activated ester reacts
with primary amine groups on the aminated-H256 to produce a stable amide bond and
covalently bond to GNP. Functionalised GNPs with aptamers may precisely attach to
target molecules, making them useful in nanotechnology and molecular diagnostics.
Figure 6.6 shows the infrared spectrum of the conjugation between GNP and AH256

that was obtained by the Fourier transform infrared (FTIR) instrumentation.
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Figure 6.6 Infrared spectrum of GNP-AH256 conjugation.
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Unfortunately, the quantity of the dried sample yielded from the freeze-drying
process of the GNP-AH256 solution was extremely small, making the amount for FTIR
sampling limited in this study. The typical pattern of peaks for amides is the N-H
stretching peaks and a C=0 stretch available at 3370 to 3170 and 1680 to 1630 cm™,
respectively (Smith, 2020). In the spectrum (Figure 6.6), the C=0 stretch was shown
at 1645 cm™ and the N-H stretch of the amide was at 3392 cm™. Here, the formation of
an amide bond was detected, however, more analysis should be done to confirm this
conjugation as the spectrum shows low signal strength in its peaks and several bands or
stretches are missing. The deformation of samples and insufficient samples can impede

the precise and exhaustive examination of samples by FTIR.

FTIR and Raman spectroscopy are complementary techniques to analyse the
molecules vibrational modes, offering important insights into their molecular
composition and structure, including the identification of functional groups (Barnas et
al., 2020). Both techniques assess the interactions of light with the vibrations of the
molecules. The utilisation of Raman spectroscopy in this study validated the presence
of C=0 stretch of amide at 1753 cm™ for the conjugated GNP-AH256 sample (Figure
6.7b), alongside the C=0 stretch of the carboxyl group in the raw GNP sample at 1642
cm* (Figure 6.7a). Metals are generally considered Raman-inactive because they do not
have the vibrational modes like organic molecules. Specific chemical groups, like
metal-carbonyl (metal-C=0), exhibit distinct peaks between 2000 and 2700 cm™!, which
is the Raman silent region, suggesting that metals typically do not exhibit strong signals
in these regions (Zhao et al., 2003). The raw GNP sample, which was readily carboxyl-
functionalised, displays a weak to moderate peak at 1995 cm™. Whereas, the peak of
conjugated GNP-AH256 at the same region is more intense with the presence of DNA.
These gold particles have a crucial role in amplifying the Raman signals of the
associated DNA via the surface-enhanced Raman scattering (SERS) phenomenon,
forming signals at approximately 2000 cm™ (Barhoumi et al., 2008). Other than the
GNP-DNA peak, the DNA presented peaks at 803 and 1156 cm™, similar to various
other nucleic acids studies with two peaks at the same regions (Chandra et al., 2015;
Vaverkova et al., 2014; X. Zhang et al., 2012). Furthermore, the purines (adenine and
guanine) and pyrimidines (cytosine and thymine) of the H256 hairpin consist of five-
and/or six- membered aromatic rings (Takahashi & Sumimoto, 2021), contributing to

the formation of peak at 1481 cm™ in Figure 6.7b.
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Figure 6.7 Raman spectra of (a) Raw GNP and (b) GNP-AH256.

Next, the raw GNP and conjugated GNP-AH256 samples were analysed for

their solution colour, size, and surface charge measurement. Dynamic light scattering

(DLS) technique was utilised in the instrumentation measuring the size of particles and

the zeta potential which measures the surface charge that typically influences the

stability of colloidal systems (Shah et al., 2014). This technique analyses the Brownian
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motion of particles, using laser light scattering and correlating the fluctuations in
intensity to determine their hydrodynamic diameter. In a colourimetric assay detecting
arboviruses, the formulated aptamer-GNP conjugates successfully bound to the
mosquito salivary protein D7 and Zika virus envelope protein which visibly changed
the solution colour from red to purple due to the aggregation of the particles while
maintaining the negative zeta potential between -29.7 mV to -42.9 mV, caused by the
electrostatic stability (Bosak et al., 2019). The initial particle size of the bare-GNP was
approximately 30 nm and increased to 109 nm after conjugation with DNA aptamers.
Similarly, the size of gold particles in this study increased from an average of 49 nm
(raw GNP) to approximately 130 nm after the conjugation of aptamer through
EDC/NHS coupling reaction, producing GNP-AH256 conjugate (Table 6.2). The
observed increment in GNP particle size signifies the successful conjugation of the
H256 aptamer onto the GNP surface. Furthermore, the GNP-AH256 solution was stable,
following the zeta potential measurements where the particles were negatively charged,
ranging from -33.8 mV to -38.6 mV (Carone et al., 2023; Vogel et al., 2017). Zeta
potential measures the electrostatic magnitude between particles in a fluid, indicating
the stability of colloidal dispersions where high zeta potential, either positive or

negative, is electrically stable (Hunter, 1981).

Table 6.2 Average particle size, polydispersity index, and zeta potential of the raw
GNP and GNP-AH256 solution.

Sample Raw GNP GNP-AH256
Formulation 1 2 3 1 2 3
Particle size (nm) 48.75 48.75 49.78 129.8 126.8 133.0
Polydispersity index (Pdl) 0.176 0.143 0.167 0.323 0.399 0.340
Zeta potential (mV) -38.3 -389 -333 -33.8 -38.6 -34.8

The Polydispersity Index (Pdl) serves as a quantitative indicator for analysing
the size distribution homogeneity inside a colloidal or polymeric dispersion, delivering

vital insights into the dispersion's uniformity and stability (Danaei et al., 2018). It is a
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dimensionless variable that ranges from 0 to 1 where the calculation involves the
division of the weight-average molecular weight (Mw) with the number-average
molecular weight (Mn). A Pdl approaching zero signifies a monodisperse distribution,
indicative of a sample wherein the constituent particles or molecules exhibit negligible
variance in size. In contrast, a Pdl close to a value of 1 suggests a polydisperse
distribution, suggesting high size variation among the scattered particles. The PdlI
measurements in Table 6.2 display highly uniform particle distribution for raw GNP
with values of less than 0.200. However, the value significantly increased to 0.399 after
the conjugation with H256 aptamer, pointing to a wide range of particle size distribution.
Solutions and mixtures with PDI value of less than 0.5 are recognised as homogenous
Bennie et al., 2021). In an earlier report, colloidal citrate GNPs were conjugated with
a 40-mer aptamer for the detection of fumonisin B1, a type of mycotoxin, measured
with a Pdl value of 0.199 + 0.017 alongside a colour change from red to blue (Mir6n-
Mérida et al., 2021).

6.4 CONCLUSION

The main objective of this current chapter was to verify the binding affinity between
HE4 protein with the most potential DNA aptamer hairpin, H256, which was
comprehensively designed via computational approaches in earlier chapters. This H256
hairpin was derived from the substitutional mutation of the nucleotides of the A4
aptamer truncated hairpin, where this promising A4 aptamer was taken from the study
conducted by Eaton et al. (2015) that consistently bound to the HE4 protein as it was
the sequence most enriched in round 2 of the capillary electrophoresis SELEX. In
comparison, the designed H256 hairpin bound to the HE4 protein better than the A4
aptamer as proven by the gel images obtained from the electrophoretic mobility shift
assay. The relative binding affinity, referring to the bound DNA band intensities,
between HE4 and the H256 hairpin (3.27%) was fourfold higher than that between HE4
and the A4 aptamer, which was only 0.84%. Furthermore, a preliminary study was
undertaken that may serve as an initial framework for the future development of an
ovarian cancer biomarker HE4 detection kit. The increment of particle size after the
conjugation of H256 aptamer to the surface of GNPs was expected and aligned with

many past studies. Moreover, the zeta potential maintained between -33 mV to -39 mV,
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signifying a good stability of the HE4-H256 formulation. The FTIR and Raman spectra
confirmed the conjugation through the presence of amide group, arising from the
reaction between the carboxyl group of the GNP and amine group of the aminated-H256
hairpin. While this investigation was limited to the analysis of particle size,
polydispersity index, zeta potential, and functional group identification because of the
material limitations, these parameters could be optimised in alignment with the

requirements of future research endeavours, especially in diagnostic applications.
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CHAPTER SEVEN

CONCLUSION AND RECOMMENDATIONS

7.1  GENERAL CONCLUSION

Diagnosing an early-stage ovarian cancer is crucial, as it improves survival rates, lowers
risk of complications, and offers more treatment options. Moreover, the development
of a promising, cost-effective alternative diagnostic approach will be an advantage over
the current approaches available in the healthcare system. This thesis provides an in-
depth analysis of designing potential DNA aptamer hairpin against OC biomarker, HE4.
The study introduces a novel approach for the in silico design of DNA hairpin, applying

multiple computational method to enhance the affinity towards the target.

Chapter Three modelled the 3D structure of HE4 protein using three web servers:
AlphaFold, I-TASSER, and Robetta. Based on the validation approaches (PROCHECK
and ERRAT) applied to the post-MD simulation models, RF1 displayed outstanding
validation results and was deduced as the highest quality HE4 tertiary structure. This
structure was selected to be utilised in the in silico studies of Chapter Four and Chapter
Five. Furthermore, the tunnel and binding site of the protein was identified by CAVER
3.0 tools, showing the cavity size and the residues that made up the region.

Chapter Four focused on the process of designing secondary and tertiary
structures of DNA aptamer using Mfold and RNAComposer, followed by the alterations
of atoms, fulfilling the criteria of a DNA composition. Subsequently, the molecular
docking of HE4 model with four HE4 aptamer candidates obtained from a previous
study was conducted using AutoDock Vina. Following thorough examination of the
interactions between HE4 protein and the DNA aptamer in the complexes, it is
concluded that the A4 aptamer was the most suitable aptamer candidate against the OC

biomarker.

The hairpin of A4 aptamer was truncated and modified through substitutional
mutation of the loop nucleotides in Chapter 5, to achieve the objective of enhancing the

DNA hairpin for better affinity against its target, HE4. This in silico modification of the
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8-mer hairpin produced 256 different DNA sequences which were individually docked
with HE4 using AutoDock Vina. H16, H101, and H256 hairpins were chosen as the
three most suitable hairpins against HE4 with binding energies between -10.6 to -11.6
kcal/mol. Subsequently, MD simulations using GROMACS were conducted on HE4-
H16, HE4-101, and HE4-H256 complexes and it is deduced that H256 hairpin was the
most promising DNA hairpin to be synthesised and tested in in vitro assay.
Computationally, it formed strong interactions, exhibiting highest number of hydrogen

bonds between the loop nucleotides with the active binding site of HE4.

Finally, Chapter Six verified the binding between the designed H256 hairpin
with HE4 protein through electrophoretic mobility shift assay, utilising agarose gel to
capture the shifts of the DNA molecules. The computationally designed hairpin in this
study have shown greater affinity towards HE4 protein, compared to the A4 aptamer
that was selected through the SELEX study in previous research. This proves the
potential of the novel in silico method developed in this thesis to replace or complement
the existing SELEX method in screening the target marker. Ultimately, the main aim of
this research has been successfully achieved, by fulfilling all the objectives stated in
Chapter One. Additionally, a preliminary study was conducted, proposing a

groundwork for future development of ovarian cancer marker detection tool.

7.2 LIMITATION OF STUDY

The development of detection method for HE4 protein in this thesis was not without
limitation, as several of them were identified along the way. The challenges encountered
during the computational work included the lack of HE4 aptamer information in
literature search, constraints related to the computer workstation setup, and limited
knowledge of the research team regarding aptamers, as this was the team’s first
experience working with aptamers. Many studies have utilised the same HE4 aptamer
candidate sequences obtained from the study by Eaton et al. as it was the most reliable
and comprehensive study in the selection of HE4 aptamer. However, this study was
done in 2015, hence, a newer discovery of aptamer against HE4 is needed as it could

address the limitations of the original research.

Within the computational strategy, several elements demand attention, including

the suitability of the methodologies used for modelling both the HE4 protein and
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particularly the DNA aptamer. The Ramachandran plot derived for the validation of
protein structure provides a general overview regarding the sterically allowed regions
for the backbone. However, it does not account for specific interactions, such as
hydrogen bonding which at times allow residues to adopt conformations that are
energetically unfavourable. Thus, employing a variety of validation methods is

beneficial to assess the overall quality of predicted model.

Owing to the length of the computational research employed in this thesis,
comprehensive experimental methods involving the use of real patient serum samples
remain unexplored. This was another limitation in this study where the access to actual
human samples was lacked for in vitro testing with the designed DNA hairpin, which
would have made the findings more compelling. Nevertheless, the standard HE4 protein
sample used in this study was adequate to verify the interaction between the DNA
hairpin with the target protein, as the main objective of the research was to develop an
in silico SELEX method for designing the DNA hairpin. Consequently, this demands
the formulation of a new experimental framework for developing a ready-to-use ovarian

cancer diagnostic technique for actual human samples.

7.3 FUTURE RECOMMENDATIONS

The work presented in this thesis is far from the creation of a fully developed ovarian
cancer marker detection Kit. Nevertheless, the thesis discusses the essential guidelines
for designing the HE4 detection mechanism using computational approaches. For future
studies, it is recommended to design aptamers with longer sequences with multiple
hairpins as this can increase the selectivity and specificity of the aptamer towards its
target. The presence of multiple hairpins in an aptamer increases the complexity of the
structure, potentially allowing a more precise binding with the target molecule. This
will to higher stability of the aptamer structure, as the hairpin stem regions consist of
multiple complementary pairs of nucleotides. The helical structure formed by these
pairing is more resistant to denaturation which explains the stability. Noteworthy, the
molecular docking of the short DNA sequences in this thesis utilised AutoDock Vina,
which this will not always be an optimal choice for every aptamer. The aptamer
sequence length can significantly influence the suitability of molecular docking method
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selection. Thus, it is suggested to further investigate other docking alternatives, leading

to more accurate and reliable docking results.

Based on the findings discussed in this work, the future work should emphasise
on the development of the HE4 detection kit. As previously mentioned in the thesis,
HE4 level is closely related to the diagnosis of OC. However, this detection kit should
be paired with another diagnostic method, such as imaging scans to further confirm the
presence of the illness. The kit can either be in the form of colourimetric assay, or
biosensor such as electrochemical sensor. Partnering with an institution or organisation
that has access to real human samples would be extremely advantageous, as this is a

fundamental requirement for a fully developed OC detection Kit.
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APPENDIX A

The raw data of ProtParam analysis

User-provided sequence:

18 28 28 4@ 52 58
MPACRLGPLA AALLLSLLLE GFTLVSETGA EKTGVCPELD ADQNCTQECY SDSECADNMLE

78 2@ 582 188 112 128
CCSAGCATEC SLPNDKEGSC POWMINEPQL GLCRDOCQVD SQCPGOMECC RNGCEKVSCY

TRHF

[Documentation / Reference]

Number of amino acids: 12=

Molecular weight: 12992.95
Theoretical pI: £.589

amino acid compositionm: | CSV format

ala (&) 9 7.3%
Arg (R) 3 2.4%
asn (MY 7 55X
4sp (DY & 4,8%
Cys {(C) 17 13.7%
Gln (Qy) =2 7.3%
Glu (E} & 4,8
Gly (@) 11 8.9%
His (H) @ 2.8%
Ile (I} 1 e.8%
Leu (L) 14 11.3%
Lys (K} & 4, 8%
Met (M) 2 1.6%
Fhe (F) & 4,8%
Proc (P} 8 8.5%
Ser (S 9 7.3%
Thr (T} & 4,8%
Trp (W) @ 2.8k
Ve ¥y @ [
val (v) 7 5.5%
Pyl {0y @ 2.0%
sec (Uy @ 2, 8%

(B} @ 2.8%

(Z} @ a.6%

(X} @ 8.8

Total number of negatively charged residues (asp + Glu): 11
Total number of positively charged residues (Arg + Lys): 2

Atomic composition:

Carbon C 521
Hydrogen H 274
MNitrogen N 154
oy Een 0 178
Sulfur 5 19

Formula: CoqpHgraMica0r7e51s
Total number of atoms: 1755
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APPENDIX B

The sequences of 256 Mutated Hairpins

1 GCATCGGC | 35 | GCCGGAGC |69 GCGTTCGC 103 | GCTGAAGC
2 GCATCCGC 36 | GCCGGTGC |70 GCGTTGGC 104 | GCTGTTGC

3 GCATCAGC |37 | GCGGGCGC |71 GCGTTAGC 105 | GCCACCGC
4 GCATCTGC 38 | GCGGGGGC | 72 GCGTTTGC 106 | GCCAGGGC
5 GCATGGGC | 39 | GCGGGAGC |73 GCTTTCGC 107 | GCCATAGC
6 GCATGCGC | 40 | GCGGGTGC | 74 GCTTTGGC 108 | GCGACCGC
7 GCATGAGC |41 | GCAGGCGC |75 GCTTTAGC 109 | GCGAGGGC
8 GCATGTGC 42 | GCAGGGGC |76 GCTTTTGC 110 | GCGATAGC
9 GCATAGGC | 43 | GCAGGAGC |77 GCCCGCGC 111 | GCAACCGC
10 GCATACGC | 44 | GCAGGTGC |78 GCCCGGGC | 112 | GCAAGGGC
11 GCATAAGC |45 | GCTGGCGC |79 GCCCGAGC | 113 | GCAATAGC
12 GCATATGC 46 | GCTGGGGC |80 GCCCGTGC 114 | GCTACCGC

13 GCATTGGC 47 | GCTGGAGC |81 GCGCGCGC | 115 | GCTAGGGC
14 GCATTCGC 48 | GCTGGTGC 82 GCGCGGGC | 116 | GCTATAGC

15 GCATTAGC 49 | GCCAACGC |83 GCGCGAGC | 117 | GCCTCCGC

16 GCATTTGC 50 | GCCAAGGC |84 GCGCGTGC 118 | GCCTGGGC
17 GCCCCCGC 51 | GCCAAAGC |85 GCACGCGC | 119 | GCCTAAGC
18 GCCCCGGC |52 | GCCAATGC |86 GCACGGGC | 120 | GCGTCCGC
19 GCCCCAGC |53 | GCGAACGC |87 GCACGAGC | 121 | GCGTGGGC
20 GCCCCTGC 54 | GCGAAGGC | 88 GCACGTGC 122 | GCGTAAGC
21 GCGCCCGC | 55 | GCGAAAGC | 89 GCTCGCGC 123 | GCTTCCGC

22 GCGCCGGC | 56 | GCGAATGC |90 GCTCGGGC 124 | GCTTGGGC
23 GCGCCAGC |57 | GCAAACGC |91 GCTCGAGC 125 | GCTTAAGC
24 GCGCCTGC 58 | GCAAAGGC | 92 GCTCGTGC 126 | GCCCACGC
25 GCACCCGC |59 | GCAAAAGC |93 GCCGCCGC 127 | GCCCAGGC
26 GCACCGGC | 60 | GCAAATGC |9 GCCGAAGC | 128 | GCCCAAGC
27 GCACCAGC |61 | GCTAACGC |9 GCCGTTGC 129 | GCCCATGC
28 GCACCTGC 62 | GCTAAGGC | 96 GCGGCCGC | 130 | GCGCACGC
29 GCTCCCGC 63 | GCTAAAGC |97 GCGGAAGC | 131 | GCGCAGGC
30 GCTCCGGC 64 | GCTAATGC 98 GCGGTTGC 132 | GCGCAAGC
31 GCTCCAGC 65 | GCCTTCGC 99 GCAGCCGC | 133 | GCGCATGC
32 GCTCCTGC 66 | GCCTTGGC 100 | GCAGAAGC | 134 | GCTCACGC
33 GCCGGCGC | 67 | GCCTTAGC 101 | GCAGTTGC 135 | GCTCAGGC
34 GCCGGGGC |68 | GCCTTTGC 102 | GCTGCCGC 136 | GCTCAAGC

189




137 | GCTCATGC 171 | GCGGTCGC | 205 | GCAGCAGC | 239 | GCTTGTGC

138 | GCCGACGC | 172 | GCGGTGGC | 206 | GCAGCTGC 240 | GCACAGGC
139 | GCCGAGGC | 173 | GCGGTAGC | 207 | GCAACGGC | 241 | GCACACGC
140 | GCCGATGC 174 | GCTGTCGC 208 | GCAACAGC | 242 | GCACAAGC
141 | GCGGACGC | 175 | GCTGTGGC | 209 | GCAACTGC 243 | GCACATGC
142 | GCGGAGGC | 176 | GCTGTAGC | 210 | GCTGCGGC 244 | GCAGAGGC
143 | GCGGATGC | 177 | GCCATCGC 211 | GCTGCAGC 245 | GCAGACGC
144 | GCTGACGC 178 | GCCATGGC | 212 | GCTGCTGC 246 | GCAGATGC
145 | GCTGAGGC | 179 | GCCATTGC 213 | GCTACGGC 247 | GCACTGGC
146 | GCTGATGC 180 | GCGATCGC | 214 | GCTACAGC 248 | GCACTCGC

147 | GCCTACGC 181 | GCGATGGC | 215 | GCTACTGC 249 | GCACTAGC
148 | GCCTAGGC 182 | GCGATTGC | 216 | GCTTCGGC 250 | GCACTTGC

149 | GCCTATGC 183 | GCTATCGC 217 | GCTTCAGC 251 | GCAGTGGC
150 | GCGTACGC 184 | GCTATGGC | 218 | GCTTCTGC 252 | GCAGTCGC
151 | GCGTAGGC | 185 | GCTATTGC 219 | GCCAGCGC | 253 | GCAGTAGC
152 | GCGTATGC 186 | GCCGCGGC | 220 | GCCAGAGC | 254 | GCAATGGC
153 | GCTTACGC 187 | GCCGCAGC | 221 | GCCAGTGC 255 | GCAATCGC
154 | GCTTAGGC 188 | GCCGCTGC 222 | GCCTGCGC 256 | GCAATTGC
155 | GCTTATGC 189 | GCCACGGC | 223 | GCCTGAGC

156 | GCCCTCGC 190 | GCCACAGC | 224 | GCCTGTGC

157 | GCCCTGGC 191 | GCCACTGC 225 | GCGAGCGC

158 | GCCCTAGC 192 | GCCTCGGC 226 | GCGAGAGC

159 | GCCCTTGC 193 | GCCTCAGC 227 | GCGAGTGC

160 | GCGCTCGC 194 | GCCTCTGC 228 | GCGTGCGC

161 | GCGCTGGC 195 | GCGGCGGC | 229 | GCGTGAGC

162 | GCGCTAGC 196 | GCGGCAGC | 230 | GCGTGTGC

163 | GCGCTTGC 197 | GCGGCTGC | 231 | GCAAGCGC

164 | GCTCTCGC 198 | GCGACGGC | 232 | GCAAGAGC

165 | GCTCTGGC 199 | GCGACAGC | 233 | GCAAGTGC

166 | GCTCTAGC 200 | GCGACTGC | 234 | GCTAGCGC

167 | GCTCTTGC 201 | GCGTCGGC | 235 | GCTAGAGC

168 | GCCGTCGC 202 | GCGTCAGC | 236 | GCTAGTGC

169 | GCCGTGGC | 203 | GCGTCTGC 237 | GCTTGCGC

170 | GCCGTAGC | 204 | GCAGCGGC | 238 | GCTTGAGC
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