


 

 

ABSTRACT 

Profiling DNA Secondary Structures at High Throughput and Molecular 

Resolution 

Understanding the secondary structures of nucleic acid polymers, i.e. DNA and RNA, 

is fundamentally important for both biochemistry and molecular biology, as structures 

often influence biological function, such as the affinity of protein binding and accessibility 

to DNA-binding drugs. Software currently used to predict secondary structures of nucleic 

acids from sequence exhibits limited accuracy, and furthermore there are limited datasets 

of DNA sequence and structure to improve the accuracy of biophysical models and 

secondary structure prediction software. Additionally, secondary structure prediction 

software is known to have significant qualitative limitations, such as the inability to predict 

pseudoknots. Recently there arose new chemical probing methods to profile RNA 

secondary structures such as SHAPE-Seq and DMS-Seq, but no experimental method 

has been demonstrated for profiling DNA secondary structures.  

I developed a novel, robust, and high-throughput method to experimentally 

characterize the DNA secondary structures at the single-molecule resolution by applying 

low-yield bisulfite conversion and next-generation sequencing (NGS) to a mixture of 

thousands of DNA species. Bisulfite conversion is a chemical reaction in which cytosines 

are converted to uracils when the DNA is treated with sodium bisulfite.  Importantly, the 

efficiency of the bisulfite conversion reaction is lowered when the cytosine nucleotide is 



in a double-stranded state, so the statistical observation of the conversion yield across a 

large number of molecules suggests the base pairing status of the nucleotide.  By 

lowering the concentration of bisulfite and the reaction time, I was able to modulate the 

conversion yield to values that optimize determination of base pairing state.  By using 

chip-synthesized oligo pools of over 10,000 strands, I was be able to build a large 

database that pairs DNA sequences to observed DNA secondary structures and used 

this database to develop an analytical model to determine the secondary structures of 

any DNA sequence given its experimental bisulfite conversion data. I found that 84% of 

1,057 human genome subsequences studied here adopt 2 or more stable secondary 

structures in solution.  

Building a Novel Portable Convective qPCR Device with High Multiplex 

Capability and Rapid Turnaround 

The quantitative polymerase chain reaction (qPCR) and microarrays have long been 

popular tools for molecular detection. However, qPCR assays typically are restricted by 

the level of multiplexing and microarrays have drawback of long turnarounds. Here I 

developed and built a novel nucleic acid detection device with high multiplex capacity and 

rapid turnaround by integrating convective PCR with on-surface microarrays [48]. The 

device is engineered to be compact in size and portable with a battery powering solution. 

I validated the device by successfully detecting 7 bacterial species in clinical isolates with 

a limit of detection (LOD) down to 10 colony forming units (CFU), equivalent to 70 copies 

of the rRNA gene target, within 30min turnaround time. With the portable feature, rapid 

turnaround time, and ease to use, the device will offer advantages in point-of-care 

diagnostics.   
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Chapter 1. Background of DNA Structure Study 

The secondary structures of DNA and RNA are the way they fold, constraint by base 

pairs and stacks that are formed through intramolecular hybridization. The secondary 

structures of DNA are of great importance because they affect the chemical accessibility 

of the nucleotides and subsequently regulate the biochemical reactions when the single-

stranded DNA (ssDNS) is exposed in cell during replication, transcription, splicing, 

degradation, mutation, and synthesis of chromosome ends [1-8]. It has been widely 

reported that many human nervous system disorders attribute to over-complex folding of 

highly repetitive DNA [9], or from mutations regulated by a specific secondary structure 

[10, 11]. Recent research also showed the secondary structures arising from a subset of 

repetitive DNA sequences in human genome called non-B motifs are determinants of 

mutagenesis [12]. New species and classes of ssDNA viruses [13, 14] and circular DNA 

[15-17] have recently been discovered shotgun sequencing analysis of microbiomes. The 

secondary structure of DNA molecules can be a critical link between the identified DNA 

sequences and their biological function and mechanisms. Bio-technology wise, 

secondary structures have been utilized to engineer regulators or biosensors for gene 

circuit and to achieve diagnostic applications in the form of toehold switches [18-20]. The 

DNA aptamers have been intensively investigated for 30 years and their performance 

relies on their structure-function correlations [21, 22]. When designing PCR primers and 

hybridization probes, a good prediction of secondary structures can largely reduce probe 

dropouts, which is especially significant for applications like whole exome sequencing, 



when 1% of the whole genome is enriched by deploying hundreds of thousands of probes 

over 100 nucleotides [23].  

Software tools for predicting secondary structures of nucleic acids from sequence 

have been in wide use for 30 years [24-29], but the accuracy of these tools is limited, 

particularly for longer biological nucleic acid sequences [30]. Meanwhile, these tools are 

incapable of predicting many classes of complex structures, such as pseudoknots. A 

significant bottleneck for development of better prediction tools is the small size of 

available experimental structure-sequence correlation data for training, which is mostly 

obtained from low-throughput X-ray diffraction studies or melting temperature experiment.  

Despite its significance, there has not been a high-throughput experimental method 

to provide ground-truth data for systematic study of ssDNA structures unlike its 

counterpart, RNA structure study. Methods such as SHAPE-Map [31-34] and DMS-seq 

[35, 36] successfully adopt next generation sequencing (NGS) to dramatically improve 

their throughputs when probing RNA structures but utilizing chemical modification of RNA 

bases and reverse transcriptase prevents direct applications on DNA. The idea of these 

methods, however, that first mutates or truncates a fraction of nucleotides with a strong 

bias in favor of unpaired bases, reads them out through NGS, and then identifies the 

unpaired bases by their high reaction yields, could be implemented for DNA structure 

study as long as one can induce structure-biased base mutations in ssDNA. I considered 

bisulfite conversion, which has been well known for transforming deoxycytosines to 

deoxyuracils, a good way to induce structure-biased base modifications in ssDNA 

molecules and help probe their secondary structures [37, 38].  



Here, I present the low-yield bisulfite sequencing (LYB-seq), a massively parallel 

method for chemically probing the secondary structures of many single stranded DNA 

species. Importantly, multiple co-existing states of the same DNA species can be 

identified through this approach, allowing biophysical characterization of the ensemble of 

molecules in solution. In LYB-seq, a heterogeneous mixture of multiple DNA species is 

reacted with a dilute solution of sodium bisulfite to convert a small fraction of cytosine 

nucleotides to uracils (Fig. 2). DNA nucleotides base paired in hairpin stems have 

significantly lower yield of conversion than unpaired DNA nucleotides. Because all 

cytosine nucleotides in a single NGS read correspond to haplotype-phased information 

about a single molecule of DNA, the NGS data produced reflects a high-throughput 

single-molecule assay of DNA secondary structures. I then used the knowledge learned 

from LYB-seq data to develop a computational model that calculates the probability of 

any particular NGS read being generated by a proposed secondary structure. By 

comparing the probabilities of two or more different secondary structures, I could 

determine the most likely secondary structures for many of our NGS reads and infer a 

solution distribution of multiple co-existing structures for each target. Applying LYB-seq 

to 1,057 subsequences of the human genome, each 100 nucleotides (nt) long, I found 

that 84% of them adopted 2 or more secondary structures in solution. 

 

  



Chapter 2. Development of Low-Yield Bisulfite Sequencing 

for ssDNA Structure Profiling 

 

2.1. Introduction 

Bisulfite conversion is a chemical reaction in which unmethylated cytosine (C) 

nucleotides are converted into uracil (U) nucleotides when the nucleic acid is treated with 

sodium bisulfite solution (Fig. 1a). The efficiency of the bisulfite conversion reaction is 

lower when the C nucleotide is base paired to a complementary guanine (G) nucleotide, 

as compared to when the C nucleotide is in a single-stranded state. Base-paired C's are 

henceforth referred to as “closed”, and unpaired C's are referred to as “open”. To 

overcome this efficiency bias for epigenetic profiling purposes, typical bisulfite conversion 

reactions use very high sodium bisulfite concentrations (e.g. 5M) and multiple thermal 

annealing steps to ensure near 100% conversion yield (CY) for all cytosines [39-41]. In 

our case, the bias in CY becomes a promising feature that can be leveraged to provide 

information regarding the state of each C nucleotide in a DNA molecule without involving 

any enzyme or other macromolecules (Fig. 1b). 

With this idea in mind, I developed the experimental workflow of low-yield bisulfite 

sequencing (LYB-seq), combining low-yield bisulfite conversion and NGS (Fig. 2). In LYB-

seq, all target oligos were first treated with bisulfite. Then PCR was performed to amplify 

the modified oligos and to get them ready for NGS readout. After NGS, all reads were 

aligned to the oligo targets and each oligo target was then individually analyzed. The 



mean CY of each C position indicates its open or closed states. Please see more details 

in section 2.3 Methods and Materials.  

 

Figure 1. Bisulfite conversion converts cytosine nucleotides to uracil nucleotides and the 

reaction kinetics has a bias on the structural state of the nucleotide.  

 

 



 

Figure 2. Pipeline of the LYB-seq workflow.  

To systematically characterize and validate the LYB-seq method, I purchased a pool 

of 1,939 DNA oligo species from Twist Bioscience for experimental studies. Among these 

DNA oligo species, 882 were rationally designed to have well-defined secondary 

structures. These rationally designed oligos are further subdivided into 5 groups, based 

on the designed secondary structure (Fig. 3). The other 1,057 oligos were biological 

subsequences selected from 212 human genes. The entire DNA oligo pool 

simultaneously underwent the LYB-seq library preparation procedure and NGS. I assume 

that the rationally designed oligos from Groups 1, 2, and 4-fold stably at their designed 

structures, and use them as positive controls. This assumption is later verified.  
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Figure 3. 882 rationally designed oligos divided into 5 structural groups. 

 

2.2. Results 

Bisulfite Conversion Yield Depends on the Structural State.  

I first analyzed the Group 1 oligos, DNA molecules designed and predicted to have a 

single, highly stable hairpin structure (Fig. 4a). From the analysis of C nucleotides in these 

oligos, a clear pattern emerged that open C nucleotides exhibit significantly higher CYs 

than closed C nucleotides (Fig. 4b, c), consistent with our expectations. I also note that 

the very low (~0.4%) CY of C nucleotides in hairpin stems may be an artifact of DNA 

sequencing. It is well known that sequencing-by-synthesis possesses an intrinsic error 

rate of between 0.2% and 1%, which is consistent with the observed CY of closed C 

nucleotides.   

I also identified two interesting phenomena in addition to confirming the base pairing 

state impact on CY: First, C nucleotides in smaller hairpin loops, which are expected to 

Group 1: Hairpin
N = 132

Group 2: Hairpin w/ mismatch
N = 205

Group 3: Metastable 
structures
N = 214

Group 4: Multiple hairpins
N = 267

Group 5: pseudoknots
N = 64



be more topologically constrained, exhibited 3-fold higher CY than those in larger hairpin 

loops and dangles (Fig. 4d). One possible explanation for this behavior is that the C 

nucleotides in larger hairpin loops and dangles can transiently base pair with G 

nucleotides on other DNA species in solution, but C nucleotides in small hairpin loops are 

physically incapable of base pairing. Second, the C nucleotides in a hairpin stem closest 

to the end of the stem exhibit higher CY than C nucleotides near the middle of a hairpin 

stem (Fig. 4e), suggesting that base pair breathing may have resulted in higher CY. In 

contrast, no such position dependence was observed for the distance of open C 

nucleotides to the hairpin stem (Fig. 4f). This is consistent with similar observations in 

RNA structure probing [42, 43].  Same analysis and results for Group 2 and Group 4 DNA 

oligos are shown later in section 2.4 Supplementary Results. I thoroughly analyzed and 

compared data from the other 5 NGS libraries and found good reproducibility and 

consistency between libraries (see section 2.4 Supplementary Results).  



 

Figure 4. Bisulfite conversion yield depends on the secondary structures. (a) The conversion 

yields (CY) of all C positions on a group 1 oligo. Group 1 oligos were designed to have a stable 

single-hairpin structure, and all C nucleotides were colored orange for easier viewing. The CY of 

each C was marked by its side, green for open and red/yellow for closed. The two C nucleotides 

marked by yellow were at the ends of the duplex stem. (b) Configurations of the Group 1 oligos 

are classified into ‘Dangle’, ‘Loop’, and ‘Stem’. (c) C nucleotides in hairpin loops and dangles 



have higher CY than C nucleotides in hairpin stems. (d) Smaller hairpin loops that are 

topologically constrained are observed to exhibit higher CY values. (e) The first nucleotide in a 

hairpin stem typically has higher CY compared to other hairpin stem nucleotides, possibly due to 

base pair breathing. (f) The position of C nucleotides in dangles does not appear to have a 

significant effect on CY. 

 

Subpopulations of Co-existing Structure of the Same Oligo Species Can be 

Identified.  

Group 3 oligo sequences were designed to adopt multiple metastable secondary 

structures (Fig. 3) and was intended to demonstrate that LYB-seq can identify distinct 

subpopulations of molecular states. In Fig. 5, the CY of the C nucleotides in the 3 pairing 

regions (as marked by the magenta, yellow, and brown dashed line boxes) are nearly 

mutually exclusive, corresponding nicely to the two prospective single-hairpin structures. 

The reads in the magenta box with C nucleotides converted in the left pairing region 

correspond to molecules folded into the left structure, and the reads in the brown box with 

C nucleotides converted in the right pairing region correspond to the structure shown on 

the right. The four yellow C nucleotides in the middle paring region had very few 

conversions as marked by the yellow box because they were always at closed states for 

both dominant structures. These mutually exclusive conversions demonstrate that LYB-

seq identifies co-existing secondary structures at a single molecule level. 

 



 

Figure 5. Analysis of a group 3 oligo (DNA with two competing metastable hairpin 

secondary structures). The bottom left panel shows the conversion patterns of all reads mapped 

to this oligo. Each row represents an NGS read and each column represents a different C 

nucleotide in the DNA sequence ordered from 5’ to 3’. Black denotes unconverted (C) and white 

denotes converted (T). The upper row of color-mapped grids shows the overall conversion yield 

of each C position. The purple boxes marked the eight C positions shown on the oligo sketch.  

To conclude, the CY of a C nucleotide distinctively depends on its structural state, and 

by individually analyzing each NGS read, I could potentially identify subpopulations of co-

existing structural states of a same oligo species. Please see more detailed results on the 

workflow robustness and reproducibility in section 2.4 Supplementary Results.  

2.3. Methods and Material 



Synthesized DNA Oligos.  

All DNA oligos used in the experiment were purchased from TWIST bioscience at 

stock concentration of 8 ng/µL and were synthesized at a length of 150 nt. The first 26 nt 

from the 5’ end and the last 24 nt next to the 3’ end are universal primer regions that are 

for convenience of universal amplification of the oligos and will be trimmed off before the 

bisulfite conversion. The middle 100-nt long regions left are the target oligos present in 

bisulfite reaction, either arbitrarily designed to have specific secondary structures, or 

subsequences truncated from human genome.  

Experimental Protocol of LYB-seq.  

The LYB-seq experiment follows the protocol as described below (Fig. 6):  

(1) Amplifying Synthetic Oligos 

In order to get enough amount of oligos, I assigned PCR primer binding regions 

and performed PCR. All oligo groups were divided into four larger groups so that 

each of them can be separately amplified. I normalized their concentrations for the 

final pooling. Primer pair 1 amplifies 372 oligos from groups 1-3, primer pair 2 

amplifies 185 oligos from groups 1 and 3, primer pair 3 amplifies 355 oligos from 

groups 4 and 5, and primer pair 4 amplifies 1,057 biological oligos. Note that the 5’ 

ends of all the 5’ primers had 3 phosphorothioate modifications (denoted as ‘*’ in 

‘LBY_Sequences.xlsx’) to prevent any exonucleases activity, including Lambda 

exonuclease in step (3).  

I first diluted the synthetic oligo pool by mixing 1 µL of 8 ng/µL oligo pool, 1 µL of 

yeast tRNA (1µg/µL), and 98 µL of TE buffer with 0.1% Tween-20 (Sigma-Aldrich). 

PCR mix was prepared by mixing 113.4 µL of nuclease-free water, 9.45 µL of 



DMSO (NEB), 157.5 µL of KAPA HiFi HotStart Uracil+ ReadyMix (KAPA 

Biosystems), and 3.15 µL of the diluted oligo pool. I then divided the mixture into 

four tubes, 67.5 µL each, and added 7.5 µL of one of the primer pair mixtures with 

3 µM forward primer and 3 µM reverse primer. Next, I divided the mixture into each 

tube to three 25 µL aliquots and put them on the thermocycler for PCR. The PCR 

protocol was: 95 ºC for 5 min, 21 cycles of 98 ºC for 20 sec, 60 ºC for 15 sec, and 

72 ºC for 1 min, and a final elongation stage at 72 ºC for 1 min. All mixing steps 

above were performed on ice.  

I then mixed the three 25 µL aliquots back to 75 µL before the cleanup with 1.8x 

AMPure XP magnetic beads (Beckman Coulter), followed by the elution with 25 µL 

of TE buffer. After elution, all four tubes were quantified by Qubit, and were mixed 

to ensure that the final oligo concentrations from the four tubes was 8:1:8:24 in the 

final mixture for the optimal NGS uniformity. This mass ratio was determined 

empirically. Lastly, another 1.8x bead purification with AMPure XP was performed, 

followed by the elution with 16 µL of 0.1x TE buffer to concentrate the final oligo 

pool. 

(2) Truncating the 3’ Primer Regions with Restriction Endonuclease:  

I truncated the 3’ primer regions by mixing 9 µL of nuclease-free water, 3 µL of 

CutSmart Buffer (NEB), 15 µL of the oligo pool from last step, and 3 µL of BciVI 

restriction endonuclease (NEB), and incubating the mixture at 37 ºC for 2 hours 

and 80 ºC for 20 minutes. Then bead purification with 2.0x AMPure XP was 

performed, followed by the elution with 32 µL of 0.1x TE buffer.  



(3) Digesting the Bottom Strand to create single-stranded DNA (ssDNA) and truncating 

the 5’ primer region.  

I used Lambda exonuclease (NEB) to digest the bottom strand of dsDNA. The 

phosphorothioate modification on the 5’ end of the top strand and the exposed 

phosphate group on the 5’ end of the bottom strand after BciVI digestion ensured 

that only the bottom strand was specifically digested. The degradation was then 

followed by USER Enzyme (NEB) treatment to truncate the 5’ primer region.  

The mixture was 11 µL of nuclease-free water, 3 µL of CutSmart Buffer, 15 µL of 

oligo mix from last step, and 1 µL of Lambda exonuclease. The mixture was 

incubated at 37 ºC for 30 minutes, 75 ºC for 10 minutes, and maintained at 4 ºC. 

Next, 1 µL of USER Enzyme was added with the tube remaining on the 

thermocycler, and the mixture was then incubated at 37 ºC for 30 minutes. The 

final oligo mix was purified with the Oligo Clean & Concentrator Kit (Zymo 

Research) and eluted with 1x TE buffer.  

(4) Pre-annealing and Bisulfite Conversion 

Before sodium bisulfite treatment, I pre-annealed the final oligo mix after adding 5 

M NaCl 20% v/v. The mixture was heated at 95 ºC for 3 minutes, followed by 

cooling with the rate of -1 ºC/10 s down to 25 ºC and incubation for 3 minutes.  

To prepare the sodium bisulfite solution, I first degassed the nuclease-free water 

with ultrasonication for 10 minutes. I dissolved 950 mg of sodium metabisulfite 

(Sigma-Aldrich) with 9.5 mL degassed water by gently shaking. I then added 80 µL 

of 10 M NaOH (Sigma-aldrich), mixed by gently shaking, and added 120 µL of 250 

mM Hydroquinone solution (Acros Organics, 99%). Next, I carefully added 10 M 



NaOH until the pH of the solution reached 5.5. Finally, I added water until the 

volume reached 10 mL. It is critical to use freshly prepared sodium bisulfite 

solution. 

For bisulfite conversion, I mixed 6 µL of pre-annealed oligo mix and 114 µL of the 

sodium bisulfite solution, and incubated the mixture at 55 ºC for 0, 2, 4, or 6 hours. 

Before performing cleanup with EZ DNA Methylation-Gold Kit (Zymo Research), I 

added 5 M NaCl to the binding buffer in order to make it have 0.833 M NaCl for 

salinity compensation. Other steps followed the protocol of the kit. All sample were 

eluted with 11 µL of elution buffer and stored at -20 ºC until the next step. 

(5) 3’-Ligation of Illumina P7 Adapter 

To further proceed to NGS, I first performed ligation to attach Illumina P7 adapters 

to the 3’-ends of the oligos, following the SPLAT method by Amanda Raine, et. Al 

[44]. I prepared the ss1 mix by making 40 µM LB-splint1 and 60 µM LB-adap3 in 49 

µL TE buffer and added 1 µL of 5 M NaCl. Incubation started from 65 ºC for 1 

minute, followed by cooling at the speed of -1 ºC/10 s down to 25 ºC. The annealed 

ss1 mix was stored at 4 ºC before use.  

For the 3’ ligation process, I mixed 2.5 µL of nuclease-free water, 2.5 µL of 40% 

PEG 4000 (Sigma-aldrich, re-made every 3 months), 2 µL of T4 DNA Ligation 

Buffer (NEB), 10 µL of the sample from the last step, 2 µL of ss1 mix, and 1 µL of 

T4 DNA Ligase (NEB). The mixture was incubated at 20 ºC for 1 hour and 65 ºC for 

10 minutes.  

After incubation, gel extraction was performed to size-select the ligated oligos. I ran 

the oligo sample through gel electrophoresis with 2% agarose gel to separate the 



oligos by size and used the Zymoclean Gel DNA Recovery Kit to extract the oligos 

I want. I cut the gel covering the two bands right above the 100 nt marker for the 

recovery and eluted with 11 µL elution buffer.  

(6) 5’-Ligation of Illumina P5 Adapter 

I then attached Illumina P5 adapters to the oligos with the second ligation. The 

protocol was identical to 3’-ligation in step (5), except that ss2 mix (prepared in the 

same way as ss1 mix but using LB-splint2 and LB-adap5) was used in place of ss1 

mix. The reaction was followed by bead purification with 6x AMPure XP at and 

elution with 15 µL of 0.1x TE.  

(7) Quantification, Amplification, and NGS 

For quantification before the final PCR, I performed qPCR to determine the 

appropriate cycles for the amplification. KAPA HiFi HotStart Uracil+ ReadyMix was 

used according to the manual except for adding 3.3% v/v DMSO and 3x SYBR 

Green (Thermo Fisher). NEBNext Multiplex Oligos for Illumina Set 1 (NEB #E7600) 

was used as the primers. For PCR, I used the same protocol as qPCR except 

SYBR Green. Finally, I performed bead purification twice with 1.2x beads. The first 

and the second purification used 26 µL and 15 µL of TE for the elution, 

respectively.   



 

Figure 6. Detailed experimental workflow diagram.  

 

Extract conversion data from NGS reads.  

The NGS data alignment was processed with a customized F# tool. The original 100-

nt sequences of the 1,969 synthesized oligos were used as the reference template for 

NGS read alignment, with all C nucleotides replaced by Y (C or T). I aligned NGS reads 

by perfectly matching every nucleotide and neglected the minor fractions of reads with 

base mutations other than C -> T. The aligned data was then processed and analyzed in 
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MATLAB. I only kept the bases at identical positions as those C positions in the original 

template sequence from the reads and converted them into a binary matrix where 0 

represents C, and 1 represents T converted from C (Fig. 2). By calculating the mean of 

each column of the matrix, I got the conversion yield (CY) of each C nucleotide of this 

oligo.  

 

Multiple Libraries and Experimental Variables.  

In the experiment, I produced 6 libraries all with the same 1,969 input oligos but with 

varied experimental conditions. I had two variables: the DNA concentration during the 

bisulfite reaction and the 55ºC incubation time of the reaction (in step (4) of Detailed 

Experimental Protocol). The specific varied conditions are shown in Table S1. I used data 

from library 1 for all analysis and demonstration in the main text and supplementary 

materials, if not specially specified.  

 

Library # Oligo Concentration 

(pM per oligo) 

Incubation Time 

(Hours) 

1 3 2 

2 0.3 0 

3 0.3 2 

4 0.3 4 

5 0.3 6 

6 0.03 2 

Table 1. Experimental Variables of the 6 NGS Libraries.  



 

2.4. Supplementary Results 

Robustness and Reproducibility.  

The NGS read depth of each library is plotted in Fig. 7. In the end, the majority of 

oligos had sufficient NGS read depths across all libraries, demonstrating the preliminary 

robustness of the experimental workflow.  

The CY at varied experimental conditions are compared in Fig. 8. I plotted the CY of 

each C nucleotide of one group 1 oligo through different libraries. The CY increased as 

the reaction hours got longer but did not show any correlation with the oligo concentration 

just identifying by our libraries.  

To test the reproducibility of LYB-seq, I compared the CY of each same C loci between 

different libraries (Fig. 9). The CY of each C nucleotide in one library is plotted on x-axis, 

and the CY of the same loci in another library is plotted on y-axis. Each plot covers all the 

C nucleotides from all 1,969 oligos. The linear fitting results and the correlation coefficient 

𝑅 are shown. Note that the x- and y-axis scales varied because the overall conversion 

yield varied among different libraries due to varied experimental conditions. I found very 

good reproducibility among libraries 1, 4, 5, 6, with R close to 1. Library 3 was an outlier 

because the overall conversion yield was too low.  

 



 

Figure 7. The NGS read depth of each library.  

 

 

Figure 8. The change of overall CY at varied experimental conditions. 
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Figure 9. Reproducibility of all 6 libraries. For each of these plots, the CY of all C 

nucleotides from one library are plotted on the x-axis, while the CY of the same C nucleotides 

from another library are plotted on the y-axis. Note that all ~58,000 C nucleotides from all 1,969 

oligo targets were taken into account and their CY were utilized for the calculation of linear 

fitting and correlation coefficient R. But for easier viewing, only the CY of 5,000 randomly 

selected C nucleotides were plotted in the graphs. 

 

Conversion Yield of Dangle, Loop, and Stem of Each Library.  
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I summarized the different CY of C nucleotides at dangle, loop, and stem regions of 

all libraries in Fig. 10. Excluding Library 2 which had an incubation time of 0 hour, as the 

negative control, the data from all other libraries showed significant discrimination in the 

CY of open and closed C nucleotides.  

 

 

Figure 10. Differentiated CY of dangle, loop, and stem of each library. The mean values of 

each histogram are marked by the red dashed lines.  



 

Conversion Yield of C Nucleotides at Mismatches.  

Here I plotted the CY of C nucleotides at the mismatches, next to the CY of C 

nucleotides at dangle, loop and stem regions for comparison (Fig. 11). Overall, C 

nucleotides at mismatches had a mean CY of 9.9%, which is between that of C 

nucleotides at dangle and loop and significantly higher than that of C nucleotides at stem 

regions.  

When looking at the histogram, the CY of C nucleotides at mismatch positions had a 

wide distribution starting from 0% to higher, overlapping with that of C nucleotides both 

at stem regions and at loop and dangle regions, though. I speculate that this is because 

the mismatched positions were designed to have sizes of only 1, 2, or 3 nt. The C 

nucleotides on these mismatched positions, even though open by themselves, are right 

next to, and thus constrained by, the duplex stem nucleotides. Therefore, when the 

neighboring duplex stem is stable (e.g. when they are dense with C and G nucleotides), 

the mismatched C nucleotide might have a rather low chemical accessibility as if it is 

closed. On the other hand, when the neighboring duplex stem is not stable and allows for 

chances of base breathing at the end of the stem, then the mismatched C nucleotide 

might bear less constraint and have a higher chemical accessibility that resembles an 

open C nucleotide.  

 



 

Figure 11． CY of C nucleotides at mismatched positions, compared to that of C nucleotides 

at loop, dangle, and stem regions.  

 

Conversion Yield of C Nucleotides of oligos in Groups 2 and 4.  

I analyzed the CY of C nucleotides at the loop, dangle, and stem regions with oligo 

targets from Groups 2 and 4 (Fig. 12a, b). I found the distinction between open and closed 

C nucleotides by their CY were consistently significant for these oligos. However, it is 

noticeable that there were a minority of loop C nucleotides among Group 4 oligos with 

very low CY, which overlapped with the stem C nucleotides (as marked by the brown 

arrowhead in Fig. 12b). Inferred from our findings in Fig. 4e, f, I hypothesized that some 

of these loop C nucleotides with low CY might have resulted from them being next to the 

duplex stem. Since all Group 4 oligos were each designed to have multiple hairpins, there 

were more chances for loop C nucleotides to be right next to the duplex stem region. To 



validate this hypothesis, I excluded the CY of all C nucleotides at the joint between loop 

and stem, and between dangle and stem (Fig. 12c) and replotted the histograms. Now 

the overlapped CY of loop and stem C nucleotides near 0% did decrease significantly 

(Fig. 12d).  

 

 

Figure 12. CY of C nucleotides at loop, dangle, and stem regions from Group 2 and 4 oligos.  

  



 

Chapter 3. Development of the Statistical Model for Low-

Yield Bisulfite Sequencing 

3.1. Model Description 

From the positive control oligos in Groups 1, 2, and 4, I acquired the probabilities of a 

C being converted in LYB-seq given its structure prediction. Now reversely, I want LYB-

seq to help infer the structural information of oligos whose secondary structures I am 

uncertain of.  

To do so, I first make a simplifying assumption that the probability of C nucleotide 

conversion is dependent only on the base pairing state of the nucleotide, and otherwise 

independently and identically distributed. Then, using Bayesian’s rule, I calculate the 

posterior probabilities of a C nucleotide being open or closed during bisulfite conversion, 

given it observed converted or not from the LYB-Seq readout. I denote these posterior 

probabilities as 𝑃(𝑆𝑂|𝐵𝐶) , 𝑃(𝑆𝐶|𝐵𝐶) , 𝑃(𝑆𝐶|𝐵𝑈) , and 𝑃(𝑆𝑂|𝐵𝑈) . Here, 𝑃  stands for 

posterior probability, 𝑆𝑂 and 𝑆𝐶 stands for structure open and closed, and 𝐵𝐶 and 𝐵𝑈 

stands for bisulfite converted and unconverted. Please see section 3.3 Supplementary 

Methods and Results for more details.   

Now for any oligo that I are uncertain of its exact structure, I first pre-select a pool of 

candidate structures it could possibly exist at. Once I have an NGS read via LYB-Seq, I 

align the read to its original sequence and obtain the conversion states of each C. For 

one candidate structure, I multiply the posterior probabilities of all C nucleotides being 



open or closed according to the structure, given their observed conversion states from 

the NGS read. I define the multiplication result as the probability of this NGS read 

corresponding to the candidate structure. In this way, I calculate the probabilities of every 

individual NGS read corresponding to different candidate structures (Fig. 13a), and I are 

then able to map all the reads individually to the structures that they have the highest 

probabilities corresponding to.   

To implement this idea, I developed a probability-based computational model. For 

higher computing efficiency with such large data size, I utilized linear transformation via 

matrix calculation. For each target oligo, the model starts with two matrices as inputs: (1) 

the conversion data and (2) the open and closed patterns of all C positions from the 

candidate structures (Fig. 13b). I obtained the conversion data exclusively from LYB-Seq 

experimental readouts, and I used the NUPACK software [26, 27] to generate the 

candidate structures. The two inputs were each processed into a pair of complimentary 

binary matrices (Fig. 13c): a converted matrix and an unconverted matrix from the 

conversion data (denoted as 𝑚!"and 𝑚!#), as well as an open matrix and a closed matrix 

from the structural patterns (denoted as 𝑀$% and 𝑀$"). Then I applied dot products to 

combine conversion data with structural patterns and acquired four matrices (Fig. 13d):   

 

𝑀𝑡𝑥$%!# =	𝑚!# • 𝑀$%; 

𝑀𝑡𝑥$%!" =	𝑚!" • 𝑀$%; 

𝑀𝑡𝑥$"!# =	𝑚!# • 𝑀$"; 

𝑀𝑡𝑥$"!" =	𝑚!" • 𝑀$" 



These four matrices measure the number of C nucleotides in the four orthogonal 

conditions: being unconverted and open, being converted and open, being unconverted 

and closed, and being converted and closed. The numbers at the same position of the 

four matrices come from the same read and structure combination. For example, the 

element on the 𝑖&'  row, 𝑗&'  column of matrix 𝑀𝑡𝑥$%!#  represents the number of C 

nucleotides in the 𝑖&'  read being both unconverted in LYB-Seq and open in the 𝑗&' 

candidate structure.  

The number of C nucleotides in each conversion and structure combination equals 

the exponent that I should multiply the posterior probability of this condition. For better 

computation efficiency, I take logarithm of the posterior probabilities and transform the 

exponentiation into simple multiplication. Then by multiplying the four matrices to the four 

log-scaled probabilities respectively and summing them together, I obtain the output 

matrix: the log-scaled probabilities of every individual NGS read corresponding to each 

candidate structure (Fig. 13e). The highest (least negative) probability in each row 

indicates the structure that the molecule generating this NGS read was most likely folded 

at during the reaction.  

 



 

Figure 13. Framework for calculating probabilities of secondary structures from observed 

NGS reads. (a) Illustration of probability calculation based on an observed NGS read. (b) 

Conversion state data from NGS reads and predicted structure open/closed patterns serve as the 

two input matrices. (c) Two pairs of complementary binary matrices are generated, and the 



pairwise dot products are calculated. (d) The dot product matrices are multiplied to the 

experimentally observed probabilities of Open and Unconverted, Open and Converted, Closed 

and Unconverted, and Closed and Converted. (e) The sum of the matrices is the output: the log-

scaled probability of each read corresponding to each proposed structure. 

 

3.2. Results 

Validation Using the Positive Control Oligos. 

I examined the model with LYB-Seq data of the positive control oligos from Groups 1, 

2, and 4. For each oligo, I feed two candidate structures into the model: the designed 

minimum-free-energy (MFE) structure as structure 1, the positive reference, and a 

thermodynamically unfavored structure as structure 2, the negative reference. Details on 

the generation of these thermodynamically unfavored structures can be found in section 

3.3 Supplementary Methods and Results later.  

Fig. 14a shows the model output of an oligo target from group 1, with the log-scaled 

probabilities of each read corresponding to each structure plotted as a heatmap. The two 

columns represent structure 1 (Fig. 14b) and structure 2 (Fig. 14c), and the rows 

represent all the NGS reads from this oligo. The color of each grid represents the log-

scaled probability of this particular molecule (NGS read) folded at the corresponding 

structure. The heatmap has been sorted in the vertical axis for easier viewing. About 

7,000 reads are consistent with both structures, as clustered on the upper half of the 

heatmap, and I define them as 'non-specific' reads. This is understandable since the 

overall reaction yield is low and there might be a number of molecules without sufficient 



conversions to specifically distinguish between the two structures. All other reads that 

distinctively support one structure are defined as 'non-ambiguous' reads.  

I calculate the supporting rate for each structure by dividing the number of reads 

distinctively supporting this structure by the number of non-ambiguous reads. The MFE 

structure was significantly supported by more than 4,000 reads, resulting in a supporting 

rate of 98.2%. I consider this as the true positive rate. The remaining 1.8% of reads 

supporting structure 2 may be the result of sequencing errors, as described earlier. Fig. 

14d summarizes the supporting rates of all designed oligos in Groups 1, 2, and 4; almost 

all of these exhibited high true positive rates. I also ensured that the model performs 

robustly regardless of the varied number of C nucleotides in the sequences (Fig. 14e).  

 



 

Figure 14. Validation of the model using LYB-seq data from arbitrarily designed oligos. (a) 

Heatmap of log-scaled probabilities of one oligo target. The black dashed-line boxes classify 

reads supporting structure 1, reads supporting structure 2, and the non-specific reads that are 

consistent with both structures. The two percentage values colored in red are supporting rates for 

the two structures. (b) Structure 1, the Nupack MFE structure of the oligo. Used as the positive 

reference. (c) Structure 2, a structure generated to be significantly less thermodynamically 

favorable. Used as the negative reference. (d) Summary of the supporting rates for the Nupack 

MFE structures from oligos in Groups 1, 2, and 4. (e) Summary of the supporting rates for the 

Nupack MFE structures against the number of C nucleotides in sequence. Summarized from all 

oligos in Groups 1, 2, and 4. 



 

Performance Test on Internal Variables of the Model.  

To classify non-ambiguous reads and non-specific reads, I introduced an internal 

variable into the model: tolerance, denoted as 𝑡:  

(1) I denote the log-scaled probabilities of the read corresponding to structure 1 and 

structure 2 as p1 and p2 respectively. If 𝑎𝑏𝑠(𝑝1 − 𝑝2) 	< 𝑡, then this read is 

consistent with both structures and classified as ‘non-specific’. Otherwise, this read 

is classified as ‘non-ambiguous’ and the structure with higher probability wins. 

The other variable worth noting is the C Number, denoted as 𝑛:  

(2) The number of C nucleotides in the oligo target sequences.  

These two variables are important because, theoretically, a tolerance too low might 

result in false positive or negative and reduce the specificity, and a tolerance too high 

might classify too many reads as non-specific and limit the sensitivity. Thus, it is 

necessary to conduct excessive performance test on these variables to ensure the model 

robustness.  

I first used generated dataset via simulation as the model input. Compared to 

experimental LYB-seq data from positive control oligos, simulation generates excessively 

larger data size at minimal time and cost and thus can provide us with data covering a 

wide range of variations. The simulation followed the steps below:  

(1) Randomly generate an oligo at 100-nucleotide length with A, T, C, G bases all at 

25% probability (not actual fraction).  



(2) Use Nupack to calculate the MFE structure and extract the binary open/closed 

pattern of all C nucleotides. This pattern will be used as the positive reference.  

(3) Randomly generate a binary open/closed pattern, whose length is the same as C 

number of the oligo target. This pattern will be used as the negative reference. If 

the negative reference is identical to the positive reference, then generate another 

different pattern to replace the existing one.  

(4) Generate an array of zeros at the length of C number. Go through the array and for 

each element, randomly convert it to 1 at the probability of 𝑃(𝐵𝐶|𝑆𝑂) if it 

corresponds to an open C in the MFE structure, and at probability of (𝐵𝐶|𝑆𝐶) if it 

corresponds to a closed C in the MFE structure. This mimics the conversion data 

from one NGS read. Repeat this step for a large dataset of this oligo target.  

(5) Feed the data from step (4) and the open/closed patterns from steps (2) and (3) 

into the model and obtain the output matrix of log-scaled probabilities. Screen out 

the non-specific reads using tolerance. Then calculate the supporting rates for the 

two structures using only the non-ambiguous reads.  

(6) repeat steps (1) to (5) for a different oligo target.  

 

I varied the tolerance value from 0 to 2 and generated 50 random oligo targets at each 

datapoint. For each oligo target, I generated 10,000 reads as the conversion data. Fig. 

15a summarizes the supporting rates for the Nupack MFE Structures, i.e. the true positive 

rates, from all simulated oligo targets. Fig. 15b summarizes the fraction of non-ambiguous 

reads. I found that when the tolerance is set too small (≤ 0.1), there are significant false 

negative supporting rates. When the tolerance goes larger (≥ 0.2), the fraction of non-



ambiguous reads was reduced, resulting in lower sensitivity. Thus 0.1-0.2 would be the 

optimal value for tolerance.  

 

 

Figure 15. Performance test results on varied tolerance value via simulation.  

 

Then I hard-set the number of C nucleotides in the sequence in step (1) of the 

simulation and acquired the supporting rates for the Nupack MFE structures and the 

fraction of non-ambiguous reads at varied C numbers, as summarized in Fig. 16. Here 

the tolerance is set at 0.2. Looking at both the supporting rates and the non-ambiguous 

reads, the model performs robustly with C number ranging from 5 to 100.  

 



 

Figure 16. Performance test results on varied C Number values via simulation. The read lines 

show the mean percentage at each C Number value.  

I did further performance test with experimental data from all positive control oligos in 

Groups 1, 2, and 4 and validated the optimal tolerance value and the model robustness 

against varied C number.  

I varied the tolerance values at 0.1, 0.2, and 0.3, and processed the LYB-Seq data 

from all positive control oligos. The supporting rates for the Nupack MFE structures, i.e. 

true positive rates, are summarized in Fig. 17a, b, c. I found that when tolerance = 0.1, 

the true positive rates are high for almost all positive control oligos. As the tolerance 

increases, there are some oligos that give ~ 0% supporting rates for the Nupack MFE 

structures. I further looked into the model output probability matrix of these oligos and 

found that these are all false negatives. Fig. 17d shows an example. Almost all NGS reads 

have a higher probability corresponding to structure 1, i.e. the Nupack MFE structure, but 

these reads are all classified as non-specific reads because the tolerance value is larger 

than the probability difference between two structures. Thus, I can conclude that a 

tolerance too large will result in an increase of false negatives.   
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I also summarized the fraction of non-ambiguous reads at varied tolerance values (Fig. 

17d). When tolerance=0.3, there is a significant number of oligos whose majority of reads 

are classified as non-specific. This is consistent with the false negatives from the 

supporting rates. According to both the supporting rates and the non-ambiguous reads, I 

concluded the optimal value for tolerance is 0.1. Thus, all results shown in the text were 

acquired when 𝑡𝑜𝑙𝑒𝑟𝑎𝑛𝑐𝑒	 = 	0.1, if not specifically noted.  

The C numbers of these positive control oligos vary from 24 to 44. I plotted the 

supporting rates for Nupack MFE structures against C numbers in Fig. 4e and found no 

correlation between the two. Combining results from previous simulation with a much 

wider C number range, I conclude that the model performs robustly despite the variation 

of C number. 



 

Figure 17. Performance test on varied tolerance and C number using LYB-seq data from 

positive control oligos 

 

3.3. Supplementary Methods and Results 



 

Calculation of the Posterior Probabilities 

To develop the model for calculating the probability of each NGS read corresponding 

to each candidate structure given its original sequence and conversion data, I first need 

to determine the posterior conditional probabilities of a C nucleotide being open or closed 

given it was observed converted or unconverted: 𝑃(𝑆𝑂|𝐵𝐶), 𝑃(𝑆𝐶|𝐵𝐶), 𝑃(𝑆𝑂|𝐵𝑈), and 

𝑃(𝑆𝐶|𝐵𝑈), where BC and BU stands for bisulfite converted and unconverted, and SO and 

SC stands for structure open and closed, respectively. I derived these posterior 

probabilities from experimental conversion data of the positive control oligos. Note that 

the conversion yield varied with different libraries, so I should derive the probabilities from 

conversion data of positive control oligos that underwent the identical experimental 

conditions as the target oligos that I plan to study with the model.  

I counted and summarized the C nucleotides that were (1) open and converted, (2) 

open and unconverted, (3) closed and converted, and (4) closed and unconverted from 

all oligos in Groups 1, 2, and 4, as shown in the Table 2. Then, I calculated the four 

posterior probabilities following equations below, where N stands for the summed number 

of C nucleotides in the last row of Table 2.  

 

𝑃(𝑆𝑂|𝐵𝐶) =
𝑁$%&!"

𝑁$%&!" + 𝑁$"&!"
 

𝑃(𝑆𝐶|𝐵𝐶) =
𝑁$"&!"

𝑁$%&!" + 𝑁$"&!"
 

𝑃(𝑆𝑂|𝐵𝑈) =
𝑁$%&!#

𝑁$%&!# + 𝑁$"&!#
 



𝑃(𝑆𝐶|𝐵𝑈) =
𝑁$"&!#

𝑁$%&!# + 𝑁$"&!#
 

 

In our specific case with conversion data from Library 1, I finally got the four conditional 

probabilities: 𝑃(𝑆𝑂|𝐵𝐶) = 0.93, 𝑃(𝑆𝐶|𝐵𝐶) = 0.07, 𝑃(𝑆𝐶|𝐵𝑈) = 0.45, 𝑃(𝑆𝑂|𝐵𝑈) = 0.55.  

 

 SO & BC SO & BU SC & BC SC & BU 

Group 1 oligos 4,581,517 51,583,397 78,085 19,641,223 

Group 2 oligos 14,804,940 139,797,184 769,821 131,025,620 

Group 4 oligos 43,024,593 397,421,931 3,730,326 321,771,559 

Sum of all above 62,411,050 588,802,512 4,578,232 472,438,402 

Table 2. Number of C nucleotides that were (1) open and converted, (2) open and 

unconverted, (3) closed and converted, and (4) closed and unconverted summed from all positive 

control oligos. 

Generation of Thermodynamically Favored and Unfavored Structures.  

I generated the MFE structures using the Nupack mfe function for all oligo species. 

The parameters used for Nupack calculation are:  

Name Value Unit 

Temperature 55 ºC 

Salinity 1 M 

Table 3. Parameters used for Nupack calculation.  



For the thermodynamically unfavored structures, I treated the task of generating 

diverse and energetically feasible (though still thermodynamically unfavoured compared 

to the mfe) structures, as a multi-objective optimization problem. As one objective, I seek 

stable structures (minimum energy) and as another objective I require that these 

structures be different from the known mfe (structure distance maximization). 

To implement this strategy, I adapted ideas from multi-objective evolutionary 

algorithms [47], where I focus our search on non-dominated (Pareto-optimal) structures - 

structures that are either lower energy or further from (less like) the mfe compared to all 

other ones. I start with a population of randomly generated, valid structures (e.g., where 

only standard base pairs and no pseudoknots are allowed). At each iteration, I randomise 

the set of structures with operations commonly used within genetic algorithms (mutation 

and cross-over), while I preserve only the resulting structures that are valid but also non-

dominated. The set of structures that I consider for the evaluation of the algorithms is 

produced after several iteration of this optimization. I found that the Pareto front got solidly 

improved as the iteration moved forward (Fig. 18). In the end for each oligo, I have a pool 

of structures with free energy ranging from mfe to slightly above 0 kcal/mol, which can 

serve as stable candidate structures (with negative free energies) or thermodynamically 

unfavored negative-control structures (with positive free energies).  

For the validation of the statistical model (Fig. 14), I randomly selected a structure as 

the thermodynamically unfavored comparison structure following the two restrictions 

below: (1) the structure has at least 10 bases at different open and closed states from the 

mfe structure; (2) the free energy of the structure is above -2 kcal/mol.  

 



 

Figure 18. The iteration traces of the Pareto front being optimized. (a) from an example 

oligo target from Group 1; (b) from an example oligo target from Group 4. Each datapoint 

represents a structure preserved after each iteration. With the same distance from the mfe 

structure (same y-axis value), all datapoints steadily moved to the left, showing that their free 

energies got reduced as iterations moved forward.   
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Chapter 4. Structure Study of ssDNA with Pseudoknot 

Structures and Human Genome Subsequences  

 

4.1. Structure Study of ssDNA with Pseudoknot Structures.  

A pseudoknot structure occurs when nucleotides in the loop of a hairpin participate in 

hybridization to a set of nucleotides outside of the loop. Due to the technical details of the 

Nussinov algorithm for MFE structure prediction, DNA secondary structures with 

pseudoknot cannot generally be well predicted.  

The Group 5 oligos introduced in Chapter 2 were rationally designed to have 

pseudoknot secondary structures. In the meantime, the Nupack-predicted MFE structures 

for these oligos do not have pseudoknots and they generally have much fewer base pairs, 

resulting in a higher (less negative) free energy than the pseudoknot structures. Thus, the 

Nupack-predicted MFE structures are expected to be incorrect. For each Group 5 oligo, I 

fed both the designed pseudoknot structure and the Nupack predicted MFE structure into 

the probability model, along with the LYB-seq conversion data from these oligos (Fig. 

19a). The calculated supporting rates are summarized in Fig. 19b. As expected, I 

observed significantly lower supporting rates for the Nupack-predicted MFE structures.  

 



 

Figure 19. Study on Group 5 oligos with designed pseudoknot structures. (a) Expected 

pseudoknot structure (structure 1, positive reference) and Nupack predicted MFE structure 

(structure 2, negative reference) from an example oligo in Group 5. Note that different oligos in 

Group 5 might have different Nupack-predicted MFE structures. (b) Summary of the supporting 

rates for the Nupack-predicted MFE structures from Group 5 oligos. 

 

4.2. Structure Study of the Single-Stranded Subsequences from 

Human Genome.  

I next analyzed the LYB-seq results on the 1,057 human DNA subsequences. The 

selection process of these sequences from 212 human genes, and their chromosome 

locations, exon/intron status, GC content, and NUPACK predicted MFE structure are later 

described in section 4.3 Methods.  

For each DNA target, I first constructed a number of potential secondary structures 

using the Nupack suboptimal function [26, 27]. Because many structures obtained for a 

particular sequence were highly similar with only minor base pairing changes (e.g. base 



pair breathing at the end of hairpin stems), these do not really represent distinct 

metastable structural states that the molecule can adopt in solution. Thus, I next clustered 

these potential structures by pairwise Hamming distances with a hard-set distance 

threshold and selected the structure with the lowest folding energy in every cluster as a 

candidate structure (Fig. 20a).  

For each sequence, I compare all the candidate structures in the model two at a time 

and adopted a Condorcet winning strategy to select the dominant one, two, or three 

structures as the final output (Fig. 20b). Their supporting rates infer the fraction of DNA 

molecules that adopt these structures in solution respectively. Full details on analysis 

procedure of these subsequences are described in section 4.3 Methods later.  

 

 

Figure 20. Toy models demonstrating multiple structure profiling of biological 

subsequences. (a) Process of generating the candidate structures for each oligo target. (b) 



Pairwise comparison and Condorcet winning strategy that determines the dominant secondary 

structures for final output. Here I use 4 candidate structures (S1, S2, S3, and S4) as a toy model. 

Supporting rates are marked by the arrows. The number of winning matchups is tallied for each 

structure.  

Of all 1,057 human genome subsequences that underwent LYB-seq and the model 

analysis, 1,024 generated adequate NGS reads for analysis. Among them, I found 84% 

adopted 2 or more co-existing DNA secondary structures in solution (Fig. 21a).  

I further verified our conclusion in a quantitative way. Because open C nucleotides 

have higher CY than closed C nucleotides (Fig. 4c), the quality of a secondary structure 

prediction from a particular set of NGS reads can be quantitated as 𝑅%", the ratio of the 

CY for the C nucleotides predicted to be open divided by the CY of the C nucleotides 

predicted to be closed. For our rationally designed DNA sequences, the value of 𝑅%" is 

roughly 20 (8% vs. 0.4%). In contrast, a random secondary structure with no grounding 

in reality would presumably result in 𝑅%"  ~ 1. The higher the value of 𝑅%" , the more 

confident that I can be of the correctness of the structures. 

Consequently, the LYB-seq data for DNA sequences that adopt two distinct 

metastable secondary structures should be able to be divided into two subsets of reads, 

R1 and R2, with very different 𝑅%" values when compared against the two structures S1 

and S2. For oligos with 2 co-existing structures, the R1 reads produce high 𝑅%" values 

when compared to S1, but when the entire R1 and R2 datasets are combined, there is 

low 𝑅%" value to S1 (Fig. 21b). Fig. 21c shows an example with strong evidence for co-

existence of two structures as demonstration. The CY of all C nucleotides are calculated 



using only R1 or R2. All C nucleotides that are in different open/closed states in the two 

structures generate high CY (>13%) when open and low CY (≤2.1%) when closed, 

consistent with our previous observation.  

 

 

Figure 21. LYB-seq and the probability model shows that most biological DNA sequences 

adopt two or more co-existing structures. (a) Distribution of the number of co-existing secondary 

structures observed in human DNA subsequences via LYB-seq. The remaining 33 sequences 

(out of 1,057) had too few NGS reads for confident secondary structure determination. (b) 

Verification of multiple co-existing structures. 𝑅)*+,%"  and 𝑅)*-.+,%"  represents the mean and 

median relative ratio CY for C nucleotides predicted to be open vs. those predicted to be closed. 

When the structure is supported by LYB-seq NGS reads, I expect high 𝑅%"  values. R1 represents 

the NGS read subset that distinctively supports structure 1 (S1), and so does R2 and R3, S2 and 

S3, respectively. The red boxes mark the NGS read subsets used for CY calculation and the 



structure that defines the open and closed states of C nucleotides. (c) Model output of one 

biological DNA subsequence with strong evidence for co-existence of 2 structures. (d) The two 

co-existing structures from the target in panel (a). The CY calculated using only R1 or R2 are 

marked next to corresponding C nucleotides, with the same colors representing the same loci.   

 

4.3. Methods 

Description of the Biological Subsequences.  

I selected 1,027 biological sequences from 212 human genes curated at COSMIC 

following the steps below: (1) downloaded the 212 curated genes from COSMIC (their 

alignment locations on the chromosomes are shown in Fig. 22a); (2) Calculated the 

partition function (∆G) of multiple 100-nt fragments of each gene (e.g. nt 1-100, 101-200, 

201-300, etc. ); (3) Remove the fragments with >6 nt homopolymer stretch; (4) select 4 

fragments with the lowest ∆G and 1 or 2 fragments with medium ∆G from each gene. 

These steps helped ensure that the 1,027 biological sequences selected have a wide 

distribution of GC contents and ∆G (Fig. 22c). I later calculated their mfe using Nupack 

and confirmed that their mfe also cover a wide range (Fig. 22b). In the end, 193 of the 

1,027 oligos are truncated from exon, 864 oligos are from intron, and 58 oligos span 

through intron and exon regions.  

 



 

Figure 22. Information of the 1,027 biological sequences. (a) chromosome position mapping 

of the 212 gene that these sequences were truncated from. (b) mfe of these sequences calculated 

by Nupack. (c) GC contents of these oligos. 

 

Analysis Pipeline for Biological Subsequences.  

All analysis was carried out in MATLAB. For each biological subsequence target, I 

extracted the conversion data from LYB-seq NGS reads as described. I ran the ‘subopt’ 

function of Nupack, with the temperature parameter set at 55 ºC and the energy gap at 2 

kcal/mol to generate multiple suboptimal structures. I clustered the structures using 

Hamming distance with a hard-set threshold of 8 nucleotides in different structural states 

and selected one structure from each cluster with the lowest free energy (Fig. 20a). These 

structures were used as candidate structures and fed into the model along with the 

conversion data. Next using the log-scaled probabilities acquired from the model, I made 



pairwise comparison between every pair of structures using all NGS reads and selected 

the top three structures with most wins (Fig. 20b). Finally, I compared the probabilities of 

all NGS reads against these three structures and the structures distinctively supported by 

≥ 20 reads were defined as the dominant co-existing structures. If a target had only 1 

structure generated by Nupack within the 2kcal/mol energy gap, I defined it the only 

dominant structure. If a target had 2 structures generated by Nupack within the energy 

gap, I defined the structure(s) supported distinctively by ≥20 reads as the dominant 

structure(s).   

 

Necessity of Introducing the Pairwise Comparison and Condorcet Winning 

Strategy.  

When an oligo target has multiple candidate structures within the 2 kcal/mol energy 

gap predicted by Nupack, the log-scaled probability matrix directly output from the model 

that compares all structures together might generate too many non-specific reads (reads 

that supports ≥2 different structures) and make it hard further analysis including 

identifying the dominant structures and calculating the supporting rates (Fig. 23a). To deal 

with this, I made pair-wise comparisons of the log-scaled probabilities between each pair 

of structures and selected the top three winning structures for a final comparison (Fig. 

23b). Thus, our final output was narrowed down to just these three winning structures so 

that a sufficient fraction of the NGS reads could now give us specific information on 

structure distributions (Fig. 23c).  

 



 

Figure 23. Results from an example biological target as demonstration of the reason for 

introducing pairwise comparison and Condorcet winning strategy. (a) Heatmap of the log-

likelihood output matrix from the model, with 5 candidate structures. (b) Pairwise comparison 

winning strategy assigned structure 5, 4, and 2 as the three winning structures for final output. (c) 

Heatmap of the log-likelihood of all NGS reads of this oligo target corresponding to the three 

winning structures. 
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Chapter 5. Overall Conclusion and Discussion of DNA 

Structure Profiling.  

To conclude, I developed low-yield bisulfite sequencing (LYB-seq), a chemical probing 

method to experimentally profile the secondary structures of ssDNA targets with high-

throughput and molecular resolution. Based on the correlation of structure and reaction-

yield that I learned from LYB-seq results on rationally designed oligos with explicit 

secondary structures, I developed a probability-based computational model that maps 

each NGS read from the LYB-seq date to the most probable structure that the molecule 

might fold at during the reaction. With LYB-seq and the model integrated, I was able to 

profile the approximate fractions of multiple co-existing structures of any ssDNA target. I 

studied the secondary structures of oligos designed to have pseudoknot structures and 

biological subsequences truncated from human genome. The method performed well on 

the pseudoknot oligos, showing dominant existence of pseudoknot structures in solution 

as expected. For the biological subsequences, I found 84% of them existed at allosteric 

state 2 or more co-existing structures.  

LYB-Seq probes only C nucleotides. This adapts well to the nucleotide-independence 

assumption that enables the probability model, since C nucleotides are usually separated 

by other non-C nucleotides, so the conversions are more independent. Other existing 

RNA structure probing methods involving specific reverse transcriptase to generate the 

mutations from structures usually result in stronger interference between adjacent or 

nearby nucleotides due to the nature of polymerase. That being said, our probability 

model could be easily generalized to RNA structure probing methods as long as the 



independence assumption holds. On the other hand, this is a primary limitation of LYB-

Seq, making it not applicable to A/T-rich DNA sequences. A fraction of the NGS reads do 

not provide sufficient information to distinguish between two proposed secondary 

structures. One future research challenge will be looking for other base modification 

methods, e.g. oxidation, that targets other nucleotides and can be paralleled with LYB-

Seq to generate denser information.  

Our pipeline of generating the pool of candidate structures and feeding them into the 

model to select the correct ones belongs to a class of methods termed ‘sample and select’ 

[45]. These methods share a common difficulty: it is hard to guarantee a good pre-

generated ‘sample’. In our specific case, the Nupack suboptimal prediction itself is not 

completely accurate [46]; the energy gap of 2 kcal/mol does not guarantee sufficient 

suboptimal structures for all target oligos. My collaborators at Microsoft Research are now 

exploring the possibility of generating candidate structures without necessarily involving 

thermodynamic calculation, just like how I generated the thermodynamically unfavored 

structures, in the hope for more sufficient structure pools at lower computational cost.  

From our LYB-seq NGS data, I observed that C nucleotides in small, topologically 

constrained hairpins have higher CY than those in dangles and large loops, by a factor of 

3 to 5 (Fig. 4e, f). For model simplicity and to maintain single-molecule resolution, I did 

not consider the differences in CY for different types of open C nucleotides. In principle, 

a more sophisticated model that attempts to infer hairpin loop size and relative position 

of paired C's to hairpin stem ends can provide more accurate and detailed information to 

confirm or disconfirm proposed secondary structures. Furthermore, given that the kinetic 

nature of bisulfite conversion bias based on C nucleotide state, it is possible that 



integrating data from multiple longitudinal LYB-seq timepoints can give more information 

to further ascertain secondary structure and transitions between structures.  

With accelerating advances in machine learning, it is now highly possible that complex 

problems such as nucleic acid secondary structure prediction from sequence can be more 

accurately solved using neural networks, rather than rules-based biophysical models. 

Machine learning approaches, however, require a massive number of labeled instances 

to serve as training data. It has been heretofore difficult to obtain large and accurate 

secondary structure datasets, due to the low-throughput nature of X-ray crystallography, 

melting temperature experiments, and other techniques. LYB-seq leverages the 

secondary structure dependence on bisulfite reaction kinetics and uses NGS to generate 

large secondary-structure informing datasets on thousands of different DNA species. In 

principle, this approach can be further scaled up to millions of distinct nucleic acid species, 

and thus can enable the development of machine learning based predictors of secondary 

structure.   

 

 

  



Chapter 6. Building a Novel Convective qPCR Device with 

High Multiplex Capability and Rapid Turnaround 

Molecular detection of particular DNA or RNA sequences has been of increasing 

clinical significance with advances in understanding of the correlations between genomics 

and diseases. DNA diagnostic systems help clinicians make decisions and take actions, 

and pathogen identification and disease prognosis are essential for precision medicine.  

The quantitative polymerase chain reaction (qPCR) and microarrays have long been 

popular tools for molecular detection of DNA. However, qPCR assays typically are 

restricted by the level of multiplexing and microarrays have drawback of long turnarounds.  

My lab mates and I developed a toroidal chamber for the detection of DNA via 

convective PCR [48]. The device allows for scalable and massive multiplexing, rapid 

turnaround times, single-nucleotide discrimination and precise quantification in a portable, 

affordable and battery-powered instrument. The toroidal PCR system is enabled by two 

technologies: (1) reliable convection PCR using an annular reaction chamber, and (2) a 

pre-quenched microarray that allows multiplexed readout via spatial separation. 

Convection PCR achieves thermal cycling of a PCR reaction mixture using passive 

movement of fluid owing to temperature-induced density differences. The pre-quenched 

microarray is integrated in the consumable allowing probe hybridization to occur 

concurrently with convection PCR amplification and thus enables real-time detection and 

quantification of DNA in under 30 min.  

My contribution focused on the engineering of the reaction chamber and the 

instrumentation of the portable battery-driven device. The design and fabrication of the 



pre-quenched microarrays were conducted by my lab mate Dmitriy Khodakov, and thus 

will not be covered in this thesis.  

 

6.1. The Design of Toroidal Reaction Chamber 

Rayleigh-Bénard thermal convection is the physical principle that as an aqueous 

solution is heated, it becomes less dense and rises due to gravity; in contrast, a colder 

solution is denser and falls. In the toroidal PCR system, we designed a chip that includes 

an annular (donut shaped) reaction chamber in which the DNA sample and PCR reagents 

are loaded (Fig. 24). The chip is then sealed and vertically mounted on one side to a 

95 °C heater and on the other side to a 60 °C heater. The fluid at the 95 ºC zone becomes 

less dense and rises, and subsequently moves to the 60 ºC zone where it is cooled and 

falls to the bottom of the chamber due to increased density.  

 



 

Figure 24. Design of the toroidal reaction chamber. (a) PCR mixture comprising DNA 

template, primers, DNA polymerase and deoxynucleotide triphosphates (dNTPs) is loaded via 

the bottom loading port into the donut-shaped reaction chamber. Subsequently, the left side of 

the chip is heated to 95 °C and the right side to 60 °C. Because water is less dense at higher 

temperatures, the reaction solution will rise on the left side as it is heated and fall on the right 

side as it is cooled, achieving autonomous thermal cycles with only two constant-temperature 

heaters. For each lap around the donut-shaped ‘racetrack’, amplicons have a chance to hybridize 

to the surface-functionalized probe array printed in the 60 °C zone. (b) Picture of a solution of 

food coloring being loaded into the toroidal PCR chip, with a US dime for size comparison.  
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6.2. Results 

ANSYS Simulation of Convection Flows in Different Chamber Geometries 

I performed simulation of the fluid dynamics of convection flow in the reaction 

chambers of different geometries, in order to confirm that the donut-shaped reaction 

chamber provides the optimal performance. For comparison, I also simulated ‘pizza’-

shaped, square-shaped, and capillary-shaped chambers. The following models were 

applied to the simulation:  

(1) Viscosity – laminar 

(2) Energy equation – on 

(3) Water density – Boussinesq 

(4) Water viscosity – Piecewise-linear as following 4.6e-4 kg/(m•s) at 60 ºC, 4.0e-4 

kg/(m•s) at 70 ºC, 3.6e-4 kg/(m•s) at 80 ºC, and 3.2e-4 kg/(m•s) at 90 ºC.  

(5)  Water density - 1000kg/m3 

(6) Coefficient of thermal expansion – 0.17e-3 K-1 

(7) Heat capacity – 4.182kJ/(kg•K) 

(8) Thermal conductivity – 0.6W/(m•K) 

Fig. 25 shows the geometry building and heating conditions applied for the 4 

chambers evaluated. The right planes of each insert show simulated temperature gradient 

formed withing each of the geometries.  

 



 

Figure 25. Illustration of the geometry building and heating conditions for (a) Donut-shaped 

chambers, (b) Pizza-shaped chambers, (c) Square-shaped chambers, and (d) Capillary chambers 

(GeneReach, Taiwan). The ‘Donut-’, ‘Square-‘ and ‘Pizza-shaped’ chambers were all 0.36 mm 

thick, 10 mm in diameter (or width for the Square), and were all applied the same boundary 

conditions: 95 ºC heating on the left orange zones, 60 ºC heating on the right orange zones, and 

the green zones in the middle were set as adiabatic walls. The Capillary had a diameter of 2 mm 

and a height of 18 mm. The Capillary had different boundary conditions from the previous three 

configurations to mimic the real conditions of our experiment: 95 ºC heating at the bottom 

orange zone, 24 ºC at the top orange zone, and adiabatic for the green wall. All four 

configurations were simulated for half of the whole volume, with their mirror cross-section with 

the xy-plane set to be symmetry.  

  

Fluid dynamic profiles revealed distribution of the flow velocities within each chamber 

geometry (Fig. 26). All four chambers displayed the expected buoyancy-driven convection 

flow. Red arrows show potential location of dead zone formation. Thus, for the donut-
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shaped chamber (Fig. 26a), only two dead zones with back flow were predicted. However, 

during our fluorescence particle tracking experiments we did not observe any of them 

(shown by dashed arrows), thus the predicted dead zones can be attributed to the 

imperfect simulation method. Pizza-shaped chambers had one large dead zone predicted 

(Fig. 26b). The zone did not have a back flow but was characterized by the flow speed 

close to zero. The low speed zone had a size of around 10% of the entire chamber volume. 

Based on our understanding, this zone, in particular, had the highest probability of 

uncontrolled PCR conditions prone to primer dimer formation and unspecific amplification. 

In the square-shaped chamber (Fig. 26c), the observed flow pattern was similar to the 

one predicted for the Toroidal PCR chamber. Besides the dead zones with the back-flow 

zones, there were four slow-moving zones at the corners of the chamber. Two of these 

zones located in the 95 ºC zone and could not contribute to unspecific amplification. The 

rest of the slow-moving zones were predicted in the 60 ºC side. Theoretically, since the 

temperature in those zones was supposed to be very well controlled, the zones could not 

contribute much to unspecific amplification and primer dimer formation given appropriate 

primer designs. The capillary chamber (Fig. 26d), also had one predicted slow0-moving 

zone. Along with uneven temperature distribution (Fig. 25d), this zone could significantly 

contribute to primer dimer formation and unspecific amplification.  

In conclusion, the donut-shaped chamber provides the optimal flow for the PCR 

reactions with uniform convection and the least dead volume.  

 



 

Figure 26. Distribution of the flow velocities in a (a) donut-shaped chamber, (b) pizza-

shaped chamber, (c) square-shaped chamber, and (d) capillary-shaped chamber.  
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Implementation of the Portable Device 

To facilitate the adoption of the toroidal PCR assay for a variety of applications that 

require portability and rapid turnaround, I developed and built a portable toroidal PCR 

instrument (Fig. 27). The device mainly consists of five modules: (1) a mechanical 

mechanism to mount the chip against the heaters with sufficient force to ensure good 

thermal contact; (2) a closed-loop thermal system to ensure the chip is differentially 

heated to the desired temperatures; (3) an optics setup to illuminate the chip and filter out 

scattered light to reduce fluorescence background; (4) a camera to acquire fluorescence 

images; and (5) a microcontroller to coordinate timing of all components. In total, the cost 

of the components of this breadboard prototype was roughly US$2,500, with the bulk of 

the cost from the camera (an iPhone 6S, US$600), the optical filters (ThorLabs MF530-

43 and Chroma AT575LP, US$500), the light-emitting diode (LED) light source (ThorLabs 

LED1B, US$325) and the LED driver (ThorLabs M530L4, US$296). The electrical 

diagram for the temperature controller and measurement of the kinetic traces of the 

heaters targeting temperature-setpoints of 95 ºC and 60 ºC are shown in Fig. 28.  

 



 

Figure 27. The portable toroidal PCR device. (a) Simplified schematic of the loading, heater-

clamping and imaging modules. (b) Picture of the device, using an iPhone 6S as a portable 

camera. This prototype is fully battery powered (12 V) and does not require an external power 

supply.  
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Figure 28. Temperature controller for the battery-powered Toroidal PCR device. (a) 

Electrical diagram for the temperature controller implemented on the Arduino Mega 2560 circuit 

board. (b) Kinetic traces of the heaters' temperatures targeting temperature-setpoints of 95 ºC and 

60 ºC. 

 

Validation of the Device with a Bacterial Detection Panel 

We validated the functionality of the device with a bacterial detection panel [48]. The 

DNA sequence encoding the 16S ribosomal RNA and 23S ribosomal RNA in bacteria are 

mostly conserved but contains nine hypervariable regions with sequences that differ 

across species but are conserved within strains of the same species. For this 15-plex 

bacterial panel, we constructed 15 different probes that target distinct 16S sequences 

(located in the V3 hypervariable region) that serve as signatures for 15 important bacterial 

species frequently implicated in nosocomial (hospital acquired) infections, including the 

most common ESKAPE bacteria.  
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We used low quantities of the E. cloacae bacterial gDNA as input and were able to 

successfully detect and discriminate down to 10 colony forming units (CFU), equivalent 

to 70 copies of the rRNA gene target (Fig. 29).  

We then tested the device with other 6 different pathogenic bacteria’s DNA. 0.5 to 1.0 

ng of purified genomic DNA was used as input. Note that the input sample for C. 

pneumoniae was a mixture of the C. pneumoniae DNA and DNA from HEp-2 cells (as 

sold by ATCC). The intracellular pathogen C. pneumoniae is usually cultivated in host 

cells (HEp-2), thus extraction of the C. pneumoniae DNA was accompanied by co-

extraction of host DNA. Thus, the C. pneumoniae input sample also contained human 

gDNA. 

 

 

 

Figure 29. Toroidal PCR amplification and detection of low quantities of the E. cloacae 

bacterial gDNA. Serial dilutions of bacterial genomic DNA were made in 1×TE buffer supplied 

with 0.01% of Tween-20.  
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Figure 30. Detection results of 6 different pathogenic bacteria’s DNA. All of them showed 

an exponential amplification curve clearly distinguishing the bacterial species of input DNA.  
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To summarize, the portable battery-driven toroidal PCR device showed a robust 

performance, successfully detecting bacterial DNA with a LOD down to 10 CFU within 30 

min.  
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