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Abstract

Since the single-wall carbon nanotubes (SWCNTs) were discovered in 1993, they have
attracted significant interest with their extraordinary electrical and optical properties in
addition to their remarkable mechanical strength and thermal conductivity. Single-
stranded DNA conjugated SWCNT have shown outstanding functionality in terms of
dispersibility and biocompatibility. In addition, some special DNA sequences have
presented an ability to recognize specific SWCNT species, called recognition sequences.
lon-exchange chromatography and aqueous two-phase (ATP) separation technique have
been widely used for SWCNT separation. However, little is known about the use of ATP as
an analytical technique. Furthermore, for bio-applications, DNA/SWCNT hybrids have
attracted significant interest due to their high solvatochromic sensitivity to changes in the
local environment, which enables their use as sensors. Recognition properties can provide
good candidates for molecular detection on the assumption that the recognition
DNA/SWCNT hybrids have structurally well-defined DNA wrappings. Thus, there is a
growing need for discovery of new recognition sequences. In this thesis, we explore new
methods to quantify difference in solvation/binding characteristics using ATP, and a new
approach to predicting recognition sequences using Machine Learning techniques. Finally,

a new concept for a DNA/SWCNT-based sensing system is demonstrated.



Chapter 1 : Introduction

1.1  Single-Walled Carbon Nanotube

A single-wall carbon nanotube (SWCNT) is a cylindrical nanostructure, that can be
thought of as made by wrapping a single layer of graphene into a seamless tube. Its
properties are sensitively determined by the precise way in which the graphene is rolled.
SWCNT diameters vary from 0.4 to 2 nm, while their length is in the micrometer range.'
Due to this quasi-one-dimensional character, SWCNTSs have unique physical, electrical,
and optical properties.® Since these nanostructures were discovered by Iijima et al.* and
Bethune et al.’, numerous studies have been conducted to understand their remarkable
properties and to explore possible applications.

The structure and properties of a given SWCNT are uniquely defined by a chiral
vector, Cp, connecting two sites on the two-dimensional graphene sheet (Figure 1.1). By
introducing basis vectors of the hexagonal honeycomb lattice, a; and a,, a chiral vector
can be expressed by

C, = naq + ma,
Thus, any SWCNT can be described by the pair of integers (n,m). For example, the chiral

vector shown in Figure 1.1 describes a (6,2)-SWCNT.



(a) (b) zigzag

Figure 1.1. (a) A molecular representation of a semi-conducting (6,5)-SWCNT. (b)
SWCNT configurations with the chiral vector €, and basis vectors a; and a,. For
example, the chiral vector shown by red arrow describes the (6,2)-SWCNT.

1.2  Single-Stranded Deoxyribonucleic Acid (DNA) as Aptamer
Deoxyribonucleic acid (DNA) is a biomolecule composed of nucleotides. Each
nucleotide is made up of a phosphate group, a sugar group and a nucleobase.® There are
four types of nucleobases: adenine (A), thymine (T), guanine (G) and cytosine (C). The
nucleotides are attached to one another to form a strand by covalent bonding between the
phosphate group of one nucleotide and the sugar group of the next. In double-stranded
DNA, the nucleobases on one strand are bound to the nucleobases on another strand,
following Watson-Crick base-pairing rules®, as presented in Figure 1.2. Double-stranded
DNA often exists in the celebrated two-strand, double-helix (B-DNA) structure. Other
forms, including the A, Z%, and S7 double helices or special structures such the G-quartets

formed by G-rich sequences® are, broadly speaking, exceptions.
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Figure 1.2. (a) Schematic representation of single-stranded DNA. (b) A molecular
representation of a double-stranded DNA. The nucleobases A, C, G, and T are represented
in cyan, green, yellow, and purple, respectively.

Some DNA or ribonucleic acid (RNA) sequences, called aptamers, can specifically
recognize a target molecule.” Among the biological polymers, single-stranded DNA
(ssDNA) is of great interest because of its unique and well-defined composition that can
be chosen from a gigantic library, as well as bio-comparability.'? Furthermore, it is known
that ssDNA aptamers are capable of selective binding to specific target molecules from

biological molecules'"!? to single chirality SWCNT, called ‘recognition sequence’.'>'*

1.3  Single-Stranded DNA/SWCNT Hybrid

During past few years hybrids of SWCNT and biomolecules have attracted

significant interest as bio-sensors for specific molecule detection!>'7, targeted drug



delivery'®, and in-vivo imaging!®. However, there are significant barriers to applying
SWCNT in those applications. First, due to its hydrophobicity, the SWCNT needs to be
functionalized, to be compatible with aqueous media. In addition, current fabrication
methods always produce a mixture of different SWCNTs with varying chirality.
Considerable efforts have been made to disperse individual SWCNTSs and to sort them by
length?%?! diameter??, and chirality using dispersal agents including small molecule
surfactants and biological polymers?*~2°., Among these, DNA/SWCNT hybrids stand out
for their remarkable colloidal stability.

It is known that the specificity and high binding affinity of aptamers to target
molecules can be achieved by DNA secondary structure motifs.? In ssDNA-SWCNT
hybrids, ssDNA sequences generally wrap SWCNT helically due to the intrinsic curvature
of sugar-phosphate backbone as well as m — 1 stacking between bases and the SWCNT
surface. Since the backbone is not specific to the sequence, the selective binding
characteristic of ssSDNA/SWCNT are likely due to the differences in the orientation of the
nucleobases. Several studies on computational molecular modeling of DNA/SWCNT?7-3!
have established a number of ordered structural motifs that ssDNA can adopt when
adsorbed onto an SWCNT (Figure 1.3). This indicates that the structural motifs of ssDNA
in its adsorbed state are significant in identifying its specific binding characteristics, which
provide a basis for SWCNT separation and molecule detection.

There are two separation methods that are primarily used for SWCNT separation:

13,32 14,33

ion-exchange chromatography (IEX), and aqueous two-phase (ATP) separation.

First, the ion-exchange chromatography method is based on differences in electrostatics



and hydrophobic interaction between the DNA/SWCNT hybrid and the positively charged
column. A notable success has been made by Tu et. al.!?; 26 recognition sequences were
identified from a total of 350 sequences by systematic search of the vast DNA library. Next,
more recently, the aqueous two-phase separation technique has been used with remarkable
success for SWCNT separation.'#*3 The ATP separation is based on aqueous solutions of
water-soluble polymers that separate into two phases.** The DNA/SWCNT hybrid
partitions into the two phases based on small differences in solvation free energy, and this
can be modulated by a modulant molecule. Thus, the ATP system potentially can offer a
way to quantify and rank the solvation properties of the DNA/SWCNT hybrid. Using the
ATP technique, Ao et. al*> have designed a systematic albeit limited search of the DNA
library by sequence pattern expansion, and successfully identified recognition sequences
with a success rate of ~15%.

In addition to the SWCNT separation, DNA/SWCNT hybrids have attracted
considerable interest due to their outstanding sensitivity to change in local environment,
enabling their use as sensors.'>”!7 It appears that the recognition sequences can form
structurally well-defined DNA/SWCNT hybrid, which determine the pattern/size of
exposed SWCNT surface. This can be the basis for molecular detection. Thus, recognition
sequence discovery is essential in sensing application.

So far, sequence screening has relied on experimental work, which is costly and
time-consuming. Moreover, the DNA sequence library is practically infinite in size. It is
very expensive to explore the library experimentally. Several studies explored the library

with the restriction of the chosen sequence expansion scheme, but the probability of finding



arecognition sequence still remains low (~15%).?> Clearly, a different and more systematic
approach to sequence prediction is needed. Furthermore, the traditional method*® for
preparation of DNA/SWCNT dispersion by direct sonication followed by centrifugation
for removing impurities is highly laborious, expensive, and time-consuming. Recently, a
new simple and rapid preparation method has been established by using replacement of
surfactant on SWCNT by DNA aided by methanol.’”*® However, little is known about the
nature of exchange mechanism.

Further experimental studies have been conducted to understand the structural basis
of sequence-specific recognition. Atomic force microscopy (AFM) based single-molecule

force spectroscopy,>**°

and solution based studies have provided quantitative information
on binding free energies and activation free energy for displacement of DNA aptamers by

surfactants.*!*> Fluorescence quenching studies have been used to infer wrapping

structures of recognition sequences.*



Figure 1.3." Example of a DNA p-barrel structure based on non-Watson-Crick base pairing.
(a) ssDNA strands placed adjacent and antiparallel to each other on a surface form a
periodic hydrogen-bonded 2D sheet structure. (¢) By following roll up vector (white dashed
line), a f§ -barrel structure can be created (b, d). (¢) ordered f-barrel structure with SWCNT.

" This image was taken from the literature:
Roxbury, D., Manohar, S. & Jagota, A. Molecular simulation of DNA f-sheet and f-barrel
structures on graphite and carbon nanotubes. J. Phys. Chem. C 114, 13267-13276 (2010).
8



1.4 Machine Learning in Bioinformatics

In recent years, Machine Learning has emerged as a powerful general methodology
with the ability to create well-performing predictive models from data by recognizing
unknown patterns, without requiring explicit programming instructions. In particular,
machine learning techniques have become essential in bioinformatics because it is
impractical to transform manually large amounts of raw sequence data into useful scientific
knowledge. Many of the important bioinformatics problems are well suited for
45,46

classification algorithms, including gene annotation,** protein function prediction,

peptide binding prediction,*”*® and DNA binding prediction.*

1.5 Scope of Thesis

Although many studies have been conducted to understand DNA sequence-specific
interaction on SWCNT, there is still considerable room for advancement. In this thesis,
experimental studies have been performed to investigate the nature of the sequence-specific
interaction between DNA and SWCNT. Furthermore, we combine the experimental and
machine learning techniques to not only establish a predictive model for recognition
sequence, but also to develop a new perception-based sensing system we call the Molecular
Perceptron. Below is an outline of this study:

Chapter 2 presents a study of the DNA/SWCNT hybrid partition in the ATP
system, specifically models for quantitatively analysis of the solvation characteristics of
various DNA/SWCNT hybrids. Using these models, we extract relative solvation free

energies and solubility parameters of various DNA/SWCNT hybrids. The two approaches
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are found to be consistent, providing some confidence in each as a method of quantifying
differences in solubility of various DNA/SWCNT hybrids.

Chapter 3 demonstrates the use of Machine Learning (ML) techniques to develop
a predictive model for recognition DNA sequences. To date, even though numerous studies
have reported a lot of physical understanding and a reasonable amount of data, our ability
to predict recognition sequences is still absent. We built models that classify query
sequences into recognition/non-recognition classes. Predictions were tested experimentally
using the ATP separation technique.

Chapter 4 investigates the kinetics of a surfactant-based replacement process aided
by methanol. We proposed a mechanistic model to analyze the kinetics and quantify
differences in binding characteristics in terms of activation energy of the replacement
process. Some recognition sequences showed significant difference in activation energy
for different species of SWCNT, suggesting that the methanol-aided replacement process
can be utilized as a promising low-cost and rapid way to identify recognition sequences.

Chapter 5 demonstrates a new perception-based sensing system for detection of
the ovarian cancer serum biomarker HE4 in the presence or absence of fetal bovine serum
(FBS) and bovine serum albumin (BSA) using ML techniques. The trained models
successfully detect not only the target biomarker (HE4), but also other analytes (BSA and
FBS). It is strongly suggestive of the idea that the perception mode of sensing can make

accurate judgements in a noisy sensing environment.
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Chapter 2 : Quantification of DNA/SWCNT Solvation

Differences by Aqueous Two Phase Separation’

Single wall carbon nanotubes (SWCNTs) coated with single-stranded DNA can be
effectively separated into various chiralities using an aqueous two-phase (ATP) system.
Partitioning is driven by small differences in the dissolution characteristics of the hybrid
between the two phases. Thus, in addition to being a separation technique, the ATP system
potentially also offers a way to quantify and rank the dissolution properties of the solute
(here the DNA/SWCNT hybrids), such as the solvation free energy or solubility. In this
study, we propose two different approaches to quantitatively analyze the ATP partitioning
of DNA/SWCNT hybrids. First, we present a model that extracts relative solvation free
energy of various DNA/SWCNT hybrids by using an expansion relative to a standard state.
Second, we extract a solubility parameter by analyzing the partitioning of hybrids in the
ATP system. The two approaches are found to be consistent, providing some confidence in

each as a method of quantifying differences in solubility of various DNA/SWCNT hybrids.

" This chapter has been published in Langmuir:

Yang, Y., Shankar, A., Aryaksama, T., Zheng, M. & Jagota, A. Quantification of
DNA/SWCNT Solvation Differences by Aqueous Two-Phase Separation. Langmuir 34,
18341843 (2018).
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2.1. Introduction

Carbon nanotubes have attracted considerable attention due to their outstanding
physical, electronic, and optical properties.!? Since these properties depend on it, sorting
single-wall carbon nanotubes (SWCNT) by chirality is of crucial importance.?
DNA/SWCNT hybrids have been used successfully to address this long-standing problem
of structure-based separation of complex mixtures of SWCNTSs. Recently, it has been
shown that SWCNTSs coated with single-stranded DNA can be effectively separated into
various chiralities using an aqueous two-phase (ATP) system.? Partitioning in the ATP
system is driven by small differences in the dissolution characteristics of the hybrid
between the two phases.* In this way, the ATP system is not only a separation technique,
but potentially also a way to quantify and rank the dissolution properties, such as the
solvation free energy or solubility.

Solute distribution in a two-phase system depends on the solute’s relative free
energy of solvation in the two phases, which in part depends on the exact structure of the
solute surface exposed to the phases. The single-wall carbon nanotube (SWCNT) — single
stranded DNA hybrid is essentially an amphiphilic system, with the DNA backbone being
the hydrophilic area and the DNA bases as well as the SWCNT surface being hydrophobic
regions.’> Various simulation studies have suggested that the DNA bases adsorb onto the
SWCNT surface and the backbone is away from the SWCNT surface and solvated by the
surrounding aqueous phase.®® This suggests that the net solvation energy of the hybrid
surface depends sensitively on the details of the DNA structure on the SWCNT surface. A

polymer aqueous two-phase (ATP) system consists of two separate but permeable water

15



phases which vary slightly in their physical properties due to the difference in the polymer
composition and concentration in the two phases.>'° The ATP system has been widely
used for separation of biomolecules as the phases do not denature the biomolecules, the
interfacial stress is much lower than in case of water — organic solvent system, and the
difference in solvation energy in these systems is small, which is ideal for separating
solutes with small structural differences.*!!

Recently, Khripin et al. and Fagan et al. showed that surfactant coated SWCNTs
could be separated very effectively into various chiralities using a polymer aqueous two-
phase system.'?!3 Further work by Ao et al.? has shown that partitioning of DNA-SWCNT
hybrids in a given polymer two-phase system is strongly sequence-dependent and can be
further modulated by salt and polymer additives. SWCNT partitioning in the ATP system
is determined by the difference in dissolution properties of DNA—SWCNT between the
two phases. Hence it is proposed that the DNA—SWCNT partitioning in the ATP is because
of sensitive dependence of the dissolution energy on the spatial distribution the DNA on
the SWCNT hybrid.

Here we present two different approaches for analyzing ATP partitioning of
DNA/SWCNT hybrids quantitatively. In both approaches, the system we consider
comprises the following elements: (a) the solvent, water, (b) two water-soluble solutes
(Dextran/DX and Polyethylene Glycol/PEG) that form the basic two-phase system (DX
and PEG-rich, respectively), (c¢) a modulant molecule (PVP) that adjusts differences in
solvation free energy or solubility so as to drive the final component, (d) solute (DNA-

SWCNT) from one phase to the other. The primary measurement for a given two-phase
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system (fixed DX/PEG concentration) is the partitioning of the solute between the two
phases, quantitatively the partition coefficient K, as a function of modulant concentration.
In the first approach, we propose that the solvation free energy of the solute in a
particular aqueous phase is related in a certain way to its solvation free energy in pure water.
We develop a method for quantitative interpretation of the partition coefficient in terms of
solvation free energy of the solute being studied, and factors that affect how the modulant
changes it. A discrete Taylor series is then adopted to interpret the developed model.
In the second approach, we investigate the use of solubility parameters to analyze the
partitioning of the hybrid in an ATP system. The solubility parameters, introduced by
Hildebrand'4, are defined as the square root of cohesive energy E,,;, divided by the molar

volume V.

6 = (Feer)” @.1)
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The basic idea is that solutes will dissolve in solvents with solubility parameters
not too different from their own, a kind of “like dissolves like”.!> The cohesive energy is
the energy necessary to separate the atoms or molecules from each other, thus it is the
energy required to break all interactions during vaporization. Furthermore, it has been
found that the solubility parameter is strongly related to the surface free energy.'®!” In
previous research, it has been proposed that the recognition sequence pairs (DNA/SWCNT
combinations that enable separation) have some special secondary structure that accounts
for their difference in solvation properties.® Thus differences among hybrids can likely be
interpreted as being due to differences in their surfaces, as defined by the arrangement of

DNA on the SWCNT surface.
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Formally, the Hildebrand solubility parameter considers only dispersion
interactions between molecules.'* For many polymer/solvent pairs, the cohesive energy is
also affected by polar group interactions and hydrogen bonding, which led to the
development of the Hansen solubility parameters.!> According to Hansen theory, the
cohesive energy can be considered as a sum of the contributions by dispersion forces E,

polar group effects E,, and hydrogen bonding Ej:

Econ = Eq + E, + Ey (2.2)
and the corresponding solubility parameters is
8% =65+ 6% + 67 (2.3)

To our knowledge, there have been no studies to quantify DNA/CNT hybrid
solubilities although the solubility parameters for DNA and SWCNT themselves have been
reported.!”"!” Here, we estimate solubility parameters for different species of the hybrids

by relating the partition coefficient with Hildebrand solubility parameters.

2.2. Methods’

HiPco SWCNT was obtained from Nanolntegris and single-stranded DNA was
purchased from Integrated DNA Technologies (IDT). Other chemicals were procured from

Sigma-Aldrich.

" Some of the experimental work described in this section was performed by Dr. Akshaya Shankar
of Lehigh University.
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For dispersion of SWCNTs with a given DNA sequence, a total volume of 1 mL of
the DNA and SWCNT mixture in phosphate buffer was sonicated in an ice bath for 90
minutes at a power level of 8 W. The SWCNT/DNA mass ratio was 1:1.5. After
centrifugation at 16100g for 90 min, the supernatant of the DNA-SWCNT dispersion was
collected. The dispersion was then passed through an Amicon 100 kDa filter and
resuspended in DI water three times in order to remove free DNA and the phosphate salts.
The concentration of the dispersion was adjusted such that at 20 times dilution, the
absorbance at 990 nm was ~0.5.

Aqueous two-phase systems consisting of Dextran (70 kDa) and PEG (6 kDa) were
prepared in DI water with different compositions: 10% (w/w) PEG/10% (w/w) Dextran
and 14 % (w/w) PEG/14 % (w/w) Dextran. The total volume of the aqueous two-phase
system including the DNA-SWCNT dispersion and PVP solution was fixed at 500 uL. The
volume of DNA-SWCNT dispersion added was fixed at 25 uL. Partition of SWCNTs in
the aqueous two-phase was obtained by vortex mixing of the PEG solution, Dextran
solution, PVP solution and DNA-SWCNT dispersion in a microcentrifuge tube for 1 min
followed by centrifugation at 16100g for 2 min. Figure 2.1 shows qualitatively the use of
PVP to adjust the phase in which the DNA/SWCNT hybrids reside. With increasing PVP
concentration the hybrids move from the bottom to the top phase.

Absorbance measurements were performed on a Varian Cary 50 spectrophotometer
over the wavelength range of 200—1100 nm using a 10 mm path length quartz microcuvette
to determine the concentration of DNA/SWCNT hybrid in each phase. Fractions of the top

and bottom phases were collected using a pipette and diluted for absorbance measurements.
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Blank top or bottom phases of ATP systems without SWCNTs were collected and diluted
in the same way as the corresponding SWCNT fractions for baseline measurements.

For quantitative analysis we decompose the absorbance spectra using methods
developed for analysis of surfactant exchange experiments.? Figure 2.2 shows a typical
decomposition of the absorbance spectra into contributions from (9,1), (8,3), and (6,5)
SWCNTs. By using this decomposition, we can separately track the change in absorbance
intensity of these three SWCNT chiralities. We chose to focus on these three SWCNTs
because of our UV-VIS-NIR instrument limitations and because of previous studies on

surfactant exchange kinetics on the same three SWCNTs.?°

(TAT), = Hipco nanotubes in aqueous two phase system

- DX-rich
With 0 mg With 0.02 With 0.04
PVP mg PVP mg PVP

Figure 2.1. The effect of PVP in aqueous two-phase system of 10% (w/w) PEG/10% (w/w)
Dextran. With the addition of PVP, the DNA-CNT hybrid moves from being mostly in the
bottom phase to mostly in the top phase.
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Figure 2.2. Fitted spectra showing contribution of different SWCNTs to the measured
spectrum

The primary measurement, concentration of the solute in each of the two phases, is
used to obtain the partition coefficient for the solute, which is defined as the ratio of its
concentrations in the two phases:

)
K =2 (2.4)

We found that an average of about 3% of the DNA/SWCNT hybrids are stuck at the
interface. To minimize the error due to the interface trapping, we use only concentration in
the bottom layer “A” and estimate the one in the top layer “#” by mass balance.

We assume equilibrium, that is, the chemical potential of the solute is the same in the
two phases («: = w):

Ue = puf + kgTlna, = u, = up + kgTlna, (2.5)
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where 1 is the chemical potential of the standard state; a is the solute activity; the subscript
t and b refer to top and bottom phases, respectively; kg is Boltzmann’s constant; 7 is
temperature. In the infinitely diluted condition the activity coefficient approaches unity,
and then equation (2.5) can be written as

ug + kgTInC, = up + kgTInG, (2.6)
Combining the equations (2.4) and (2.6), the partition coefficient can be expressed in terms

of the difference in standard chemical potential of the solute in the bottom and top phases,

K = exp (- 44E) 2.7)

kpT

In this two-phase system, absent the modulant (PVP), most of the DNA/SWCNT
hybrids partition to the bottom phase. As PVP is added to the system, the DNA/SWCNT
hybrids gradually transfer to the top phase. Figure 2.3 shows the partition coefficients as a
function of PVP concentration for various sequences paired with the (6,5) SWCNT. (The
fit to the data will be described later.) It can be seen that there is considerable DNA
sequence-dependent difference in the amount of PVP required to move the DNA/SWCNT
hybrids from the bottom phase to the top phase. Thus (a) the difference in chemical
potential is a function of both PVP concentration and the hybrid identity (specified by the
DNA sequence and SWCNT chirality), and hence (b) the concentration of PVP can be used
to probe quantitatively this difference.

The choice of DNA sequences was governed by the following considerations. We
have previously studied the (TAT) family and have shown in surfactant exchange
experiments that (TAT)4/(6,5) has properties quite distinct from its compositional cousins
(TAT)sT and (TAT);TA.3? Similarly (CCA)io is a recognition partner for (9,1). The
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remaining sequences represent a sample of repeat two-mer DNA sequences, all of the same

length (30-mers).

L N = (TAT)3T
- (a) 1 t(b) (TAT)3TA
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Figure 2.3. (a) Partition coefficient as a function of PVP concentration for a number of
sequences paired with the (6,5) SWCNT in a 10% DX/10% PEG ATP system. (b) Partition
coefficient for a reduced set of sequences with the (6,5) SWCNT in a 10% DX/10% PEG
ATP (solid) and in 14% DX/14% PEG ATP system (open). The data have been fitted using
a two-parameter function described in the text, equation (2.13).

2.3. Evaluation of Relative Solvation Free Energy of Hybrids

We first explore the idea that the solvation free energy of a DNA/SWCNT hybrid
in either of the two ATP phases can be regarded as related to its solvation free energy in
pure water, modulated both by the water-soluble polymers and by the modulant (PVP in
this case). We wish to create a model that allows us to extract quantitative relative values
of a property of the hybrid itself, absent the polymers and modulant. The use of such a
procedure is to produce a property of the hybrid that, we propose, can be interpreted as the

solvation free energy in pure water.
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For a given DX/PEG system, the experimental data in Figure 2.3 show that the
chemical potential x° depends on two factors: the concentration of the modulant (PVP) and
the solute composition (DNA/SWCNT hybrid). Assume that these effects are independent
and additive. Within either one of the two phases (“t” for “top phase”, “b” for “bottom
phase”), let the chemical potential be given by the following. (We considered several
different approaches to quantification of the data based on different assumption that capture
the modulation due to PVP. We present the one that is most consistent with the
experimental data.)

e = agp([PVP], Oy, (n,m, d) + 1y (§,n,m, d) (2.8)
where uS (n, m, d) is the solvation free energy of DNA/SWCNT hybrid in water per unit
length of the SWCNT, /is SWCNT length, @/, is a parameter through which the solvation
free energy is modulated, and f; , is a parameter related to adhesion between hybrid and
solution that depends on the polymer solution and the composition of the ssDNA/SWCNT.
Note that the chemical potential depends linearly on the length of the DNA/SWCNT. We
are assuming that its distribution can be represented by its mean value. (See Appendix for
a detailed discussion and justification of this assumption). Any given DNA/SWCNT hybrid
can be identified by the CNT chiral indices (n,m) and the DNA sequence ‘d’. The polymer

composition is represented by £. Substituting equation (2.8) into equation (2.7) we get

Aalul+ABL
K = exp (—%;”’) (2.9)
or
InK = —Aa'lu, — AB'l (2.10)
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where Ao’ and AR’ are (ap—ou)/ksT and (P»—p:)/ksT, respectively. Suppose that AR = 0,
and consider the equipartition case for which InK = 0. Because the Aa’ is, by assumption,
independent of hybrid type, equation (2.10) would then predict that regardless of
DNA/SWCNT composition, all curves on a plot of InK vs [modulant] would pass through
the same point when InK = 0. That is, as shown in Figure 2.4, Aa’ captures differences in
slope of the InK vs [modulant] plot. Now imagine a fixed modulant concentration [PVP],

say where Aa’=0. Then, it is clear that AR’ represents a vertical shift factor.

Aa changes A changes

0

[PVP] [PVP]

Figure 2.4. A schematic plot of InK vs. PVP concentration: (a) The parameter Ao captures
changes in slope whereas (b) Ap represents relative vertical shifts.

For now, consider it as an empirical, minimalist representation of the experimental
data using three factors, a quantity with units of energy that we provisionally term the
solvation free energy ug,, and two dimensionless parameters, Aa’ and Af’, that modulate
the first factor. Later we return to discuss their physical significance. Since, by supposition,
AP’ is independent of [PVP], it can be eliminated by taking a derivative of equation (2.10)

with respect to concentration [PVP]:
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dink _ dad’
d[pvP] = d[pPVP]

1uS,. @2.11)

l
m

. .. o\ dA
For any given ATP system consisting of the same polymer composition, the term d[PI‘jP]

equation (2.11) depends only on [PVP], by supposition. So, it can be eliminated by taking
the ratio of the LHS of equation (2.11) for two different DNA/SWCNT concentrations at a
fixed [PVP]. Thus, we can obtain the ratio of the solvation free energy in water for two

different hybrid compositions 4 and B in terms of the ratio of derivatives of experimental

data:
o dinK
Hw.a _ d[PVP]l, g
wo T K| . (2.12)
wB Qv

We assume that different DNA/SWCNT hybrids have the same length distribution so the
factor //l4 equals one. The right-hand side of equation (2.12) can be obtained in a model-
independent way by derivatives calculated from experimental data at the same PVP
concentration. Therefore, it offers a method to quantify the ranking of solvation free energy
of various DNA sequence and SWCNT chirality combinations. It is clear that in this
formulation the ratio of solvation free energy by itself does not indicate separability, in
which the factor AR’ plays a critical role. Since comparison has to be done at the same
[PVP], it is important to have a series of experimental plots in which each one overlaps at
least another one, or all overlap some shared standard.

Here we use a different method which is simpler and yields results very similar to
those following the procedure just described. We find that the experimental data (Figure
2.3) can be fitted well by:

InK = C,[PVP] + C, (2.13)
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where C; represents the “strength” of the influence of [PVP] on change of partition

coefficient and C: is the logarithm of partition coefficient in the absence of PVP. Using

eq. (2.13) in (2.12) then gives a single number for the ratio of solvation energy, independent

of [PVP]:

Hwa _ Cilalp

= : 2.14
e Cilpla ( )
Each calculated ratio was then standardized using a single reference, in this case the

sequence (TAT)3T, as shown in Figure 2.5. (The choice of reference hybrid is arbitrary —

we picked the one that required the least amount of PVP for equipartition.)
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010% DX/10% PEG ~ B14% DX/14% PEG

Figure 2.5. The relative solvation free energy for different DNA/(6,5)SWCNT hybrids in
ATP systems with two different polymer compositions. Each free energy is standardized
to (TAT);T paired with the (6,5) SWCNT by equation (2.14). Error bars show 90%
confidence intervals of the ratio of the fit parameter C; in equation (2.13).
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To test if the relative solvation free energy so extracted is independent of polymer
combination (as assumed in equation (2.8)), we repeated the experiment for a different
polymer composition, 14% DX and 14% PEG (for a reduced set of sequences). Figure 2.3b
shows the difference in the partition coefficients compared to the ATP system of 10% DX
and 10% PEG. In the new system, all the partition coefficient curves are shifted to the right;
more PVP is required to move the hybrids from bottom to top phase. The solvation free
energy was then obtained and compared to the results of the 10% DX and 10% PEG system,
presented in Figure 2.5. Evidently, the solvation free energy ratio extracted using equation
(2.14) is consistent between the two polymer compositions used.

We return now to extract the remaining two parameters, Aa’ and AB’. For a given
hybrid, K is measured as a function of [PVP]. So, the data can be stitched into an underlying
master curve for Aa’ and jumps in AR’ that depend only on the particular hybrid. The
details of the procedure are presented in the Appendix. Aa’ and AB'were estimated for
different chiralities and are presented in Figure 2.6. As expected, measurements of a
number of DNA/SWCNT sequences within the same polymer composition ATP system
can be collapsed into a single Aa’([PVP]) plot. We also found that the polymer
composition of ATP system significantly affects Aa’ and AR’ unlike the relative solvation
free energy (Figure 2.5). This suggests that the basic functional form chosen is appropriate.
The same analysis was implemented to obtain the relative solvation free energy and AB’
for different DNA sequences paired with the (8,3) and (9,1) SWCNT. The results are
consistent with those presented in the main text for the (6,5) SWCNT and can be found in

the Appendix.
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Figure 2.6. (a) Master curve for Aa’ for a number of sequences paired with (6,5) (black),
(8,3) (red) and (9,1) (blue) SWCNT in 10% DX/10% PEG ATP system (O) and with (6,5)
SWCNT in 14% DX/14% PEG ATP system (A). The data have been fitted by a linear
equation (solid line). (b) AB’ for a number of sequences paired with the (6,5) (8,3) or (9,1)
SWCNT in different polymer composition ATP systems. Sequences (TAT)sT, (TAT)a,
(GT)1s, and (GC);15 paired with (6,5) SWCNT were examined in 14% DX/14% PEG ATP
system. The error bars on AB' show 90% confidence intervals for the parameter A’ in
equation (2.27).

The basic forms assumed for the difference in chemical potential (egs. 2.8 & 2.10)
can be viewed as an expansion relative to solvation free energy in pure water. The chemical
potential differences (or the partition coefficients) are continuous functions of [PVP] but
are also functions of discrete variables: the sequences and chiralities (n,m,d). Thus, we
propose an interpretation of eqs. 2.8 & 2.10 as a continuous/discrete Taylor series
expansion:
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dAu([PVP],éE,nm,d) [

— o
Au([PVP],&E,n,m,d) = Au® + APVE]

PVP] + w(n,m,d) (2.15)

where Au° is the chemical potential difference at the reference state for a chosen particular
sequence of DNA on SWCNT at [PVP] = 0; w(n,m,d) is a parameter describing the
discrete difference in the chemical potential in terms of the hybrid species. Let

Ap*(&€,n,m,d) be the value of Ay at [PVP] = 0. Then,

dAu([PVP],Enm,d) [

Aﬂ([PVP]r gl n,m, d) = d[PVP]

PVP] + Au*(é,n,m,d) (2.16)

According to the experimental observation shown in Figure 2.3 and Figure 2.6a, both Au
and Aa’ are found to be linear in [PVP]; specifically, let Aa’ = ¢; + c,[PVP] (see
Appendix). Substituting this into equation (2.10) and comparing with equation (2.16)

establishes the correspondence that

dAp([PVPlEnmd) 0
d[PVP] = ~CliksT =109

and

Au*(¢,n,m,d) = —(AB" + c ul)lkgT (2.16b)
Thus, the term c, is directly related to how the chemical potential difference changes with
[PVP]. Moreover, because in our system the intercept c; is small, equation (2.16b) suggests
a meaning for AB'; it essentially corresponds to Au*.

We see, for example, that (GT)15 and (CCA)10 behave very differently even though
the lengths are same (30mers). This clearly confirms that the solvation free energy
difference depends strongly on the DNA sequence. It is interesting to compare the solvation
free energy with binding affinity of DNA sequences on SWCNT. Our group previously

reported the activation energy for removal of several DNA sequences from different
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species of SWCNT by a surfactant molecule. We found that the rate at which a surfactant
removes (CCA)o is about ten times slower than removal of (TAT)s (from (6,5)).2° This
appears to correlate with the fact that it takes considerably larger amounts of PVP to move
the (CCA)10/(6,5) hybrid to the top phase. It is also reported that (GT)15/(6,5) is removed
about 7 times slower than (TAT)4/(6,5).8 However, our results from ATP partitioning show
that (GT)15/(6,5) differs only slightly from (TAT)4/(6,5). This suggests that the order of
hydrophilicity may not be directly correlated with the order of binding activation energy.
For the surfactant exchange experiment, we previously proposed that a defect in the DNA
coating admits adsorption of the surfactant, which is the activated state, following which
the surfactant can replace DNA from the entire SWCNT.? The defects can be created due
to local disorder in the DNA strand arrangement, or be thermally activated. Thus, defects
in DNA coverage on SWCNT is a very important factor to determine the activation energy.
On the other hand, the solvation free energy is related to the hydration interaction which is
dependent more on the average spatial distribution of hydrophilic groups rather than the

rare few defects.?

2.4. Evaluation of Solubility Parameters

We now consider an alternative analysis of the ATP experiment. Ao et al.’?
suggested that the difference in partitioning arises from its surface functionalities, i.e., the
surface free energy of the hybrids. It is well known that the surface free energy is directly

related to the intermolecular forces in liquid, and Hildebrand and Scott?' reported that this
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force can be measured in terms of the heat of the vaporization, or its square root, the

solubility parameter o.

The expression for the partition coefficient in terms of solubility parameters was

derived by Srebrenik and Cohen??:
InkK = 2L[(8, — 6,)% — (8, — 6;)] + In22 (2.17)
RT Vp

where the subscripts a, » and i denote the solvents a, » and solute i, and V is the molar
volume. In this study, @ and b are top and bottom phases, respectively, and i is a species of
hybrid. There are several assumptions involved in the derivation of equation (2.17). The
solutions are assumed to be regular so that the total volume remaining unchanged. The
geometric mean approximation is used to estimate the cohesive energy density between
dissimilar molecules (i.e., @ and i or b and i), i.e., it can be given by the geometric mean of
the homogeneous cohesive energy density of two molecules: 6%, = 8,46;; anddz; = 85, 0;;.
This assumption is based on an analogy with the semi-quantitative relation for

intermolecular forces called the combining relation.??

In solubility parameter theory, the solubility parameter for mixtures, §, depends directly
on the relative amount present, and it can thus be related to the volume fraction ¢; and

solubility parameters §; of the components by the expression

§=Y¢;6 (2.18)

where the summation extends over all components, i.e., PEG, Dextran, water, and PVP in
our system. Although the use of such an expression for mixtures is not always
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quantitatively accurate,?* it has been widely used successfully. For any given ATP system,
the amounts of PEG, Dextran and water are constant. Thus, within the same polymer

composition, the equation (2.18) can be rewritten as a function of PVP concentration:
Se/p = Aesp + PpvpSpyp (2.19)

where A¢/p, = Pe/ppecOpEc + Pi/b,0x0Dx + Pr/pwOw and the subscript z, b for top and
bottom phase, respectively. Assume that the concentration of PVP is equal in both phases
so that ¢pyp = ¢ pyp = Py pyp. Substituting equation (2.19) into (2.17), the partition

coefficient becomes

InK = —t[A? - A% + 2(A, — Ap)(BpveSeve — 5, ([PVPD)] + 1nV1; (2.20)

Here, by incorporating the PVP term in equation (2.19), we have assumed that PVP is in
sufficient excess such that it affects the solubility parameter of the solution. It can also
affect the solubility parameter of the hybrid in equation (2.20), say by adsorbing to its
surface. For small PVP conditions, the PVP term in equation (2.19) can be ignored. Then,

the partition coefficient can be rewritten as
InK = -L[A? — A} — 2(A, — Ap)8;([PVP])] + 1nV12 (2.20a)

Let us use equation (2.20a) to see, approximately, how the solubility parameter of the

hybrid compares to that of the two aqueous phases. Neglect the logarithm term ln% since
b

V; = V,. By rearranging the remaining equation for §;([PVP]), equation (2.20a) becomes

RTInK Ac+Ap s . .
VA = Here, 6;/, = A¢/p and the second term is numerically

6;([PVP]) = —
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dominant. Thus, approximately, the solubility parameter of hybrid §; can be estimated to
be an average value of the solubility parameters of the top and bottom phases: &;([PVP]) =~

5¢+6 .. . .
%, that is, its value lies between those of the two phases. Because the solubility

parameters of the top and bottom phases themselves differ only slightly, the ATP system

is able to discriminate between solutes with small difference in solubility.

To extract the solubility parameter of the hybrid, §;, the remaining parameters need
to be determined. First, the solubility parameter and molar volume for each component
were obtained from the literature and the values are listed in Table 2.1.272° The volume
fractions of PEG and Dextran are estimated from the phase diagram of PEG and Dextran

system.?? Next, molar volume of the hybrid is given by
Vi = nri%ybrichntNAvo (2.21)

where the length of SWCNT, L,;, is set to be 200 nm,*! N,,, is Avogadro number, and
the radius of hybrid, 73,y pria, is determined as 7,y prig = Tene + dep; the radius of SWCNT,

Tent» 18 calculated from its (n, m) indices in A:3

Tene = 0.783,/(n + m)2 — nm (2.22)

and the distance from SWCNT to the backbone, d,, is determined to be 0.592 nm.” We
recognize that the molar volume could be sequence-dependent even for the same species
of the SWCNT because DNA structure on its surface may be different, but neglect these

differences.
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Finally, the solubility parameters of each hybrid are calculated using equation (2.20)
and shown in Figure 2.8. It is not surprising that the values of the solubility parameters of
all hybrids are close to those of water because the hybrid is well dispersed in water. The
solubility parameter is an intrinsic property; we presume that it changes as a function of
PVP concentration because PVP absorbs on the hybrid surface. As shown in Figure 2.8,
the solubility parameter changes linearly with [PVP], which is consistent with

concentration-dependent adsorption of PVP on the hybrid.

Fitting the dependence of solubility parameter by a linear function provides two
quantities: the slope and intercept. The intercept (Figure 2.7) is significant because by
excluding the effect of PVP it reflects an intrinsic property of the hybrid. However, for the
compositions studied here, we find that the differences between intercept values (Figure
2.7) are not statistically significant. As shown in Figure 2.8, the solubility parameters
decrease slightly as PVP concentration increases, with different slopes characteristic of
each hybrid. The larger the slope of the solubility parameter variation with respect to [PVP],
the lower the value of [PVP] required to move that hybrid from bottom to top phase.
Therefore, the difference in the effectiveness of PVP can be seen by plotting the slopes
(Figure 2.9). It is not surprising that the slope is smaller at high polymer concentration
conditions, which can be interpreted in terms of entropy or adsorption theory. It also shows
that the solubility of (TAT)4/(6,5) is most easily modulated by the PVP concentration.
Among the sequences of DNA with the same length, (GT)15/(6,5) has significantly smaller

values than others.
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Table 2.1. Hildebrand (&) and Hansen (&4, 6, 6) solubility parameters and molar volume
(V) of water and polymers used in this study. The solubility parameters of SWCNT are
presented as reference. Units are MPa®%> for solubility parameter and m*/mol for molar

volume.
5@ 81 8," 5,° Vs 103¢
PEG 19.71 17.56 3.22 8.31 4.992
DX 38.6 243 19.9 22.5 43.82
water 47.8 15.5 16.0 42.3 0.018
PVP 243 18.8 13.4 7.5 8.330
SWCNT 20.8 18.0 7.8 6.9 52.76 — 56.24

2Hildebrand solubility parameters were calculated by geometric mean of the corresponding
Hansen solubility parameters. PHansen solubility parameters were taken from the

literature.!7-2>-27

‘Molar volumes of polymers and water were calculated from

corresponding specific volume, which were taken from the literature.?®?* Molar volume of
SWCNT can be calculated by equation (2.21) using the radius of SWCNT (7,,;), given by
equation (2.22), instead of that of hybrid (7,ypria)-

44.894

44.892

44.89

parameter

g

44 .888

at [PVP] =0

solubility

44.886

44.884

B10% DX/10% PEG

014% DX/14% PEG

Figure 2.7. Hildebrand solubility parameters at [PVP] = 0 for a number of sequences paired
with the (6,5) SWCNT in the DX/PEG ATP system. Error bars show 90% confidence

intervals for the intercept given by a two parameter linear fit.
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Previously in Figure 2.3b, we found that more PVP is required to change the
partition at higher polymer concentrations. In terms of solubility parameters, hybrids move
from bottom to top phase as the solubility parameter of hybrid approaches that of top phase
due to the PVP absorption on the hybrid. Therefore, as shown in Figure 2.10, if the
solubility parameter of hybrid is independent of the polymer combination, the difference
in the solubility parameter between the hybrid and the top phase is greater at high polymer
concentration conditions. As expected, the solubility parameters at both the bottom and top
phases at high polymer concentration are smaller than at lower polymer concentration, for
example the values of the solubility parameter in the (AC)is hybrid system are §; =
43.95, 6, = 45.80 in 10% PEG/10% DX system and 6; = 43.90,6, = 45.74 in 14%

PEG/14% DX system, respectively.

To better understand the solubility parameter of the hybrids, we compared the
values of the hybrid with those of free DNA and the SWCNT (Table 2.1). To the best of
our knowledge, no studies have been reported the solubility parameter of the ssDNA, but
dsDNA is § = 29.7 MPa’* (8, = 19.0, §, = 20.0, and 5, = 11.0)'*, much less than that
of the hybrid as we report here. Since dsDNA is stabilized by forming a helical structure
in which the hydrophobic bases hydrogen-bond and stack with each other, we might expect
that the solubility characteristics of ssDNA to be very different from that of dsDNA.
Therefore, we have investigated the solubility parameter of ssDNA using same method
presented here. Poly(T) of four different length (10, 30 and 60 and 90-mers), poly(A) of
two different length (30 and 50-mers), and poly(C) (30-mers) in 10% PEG/10% DX ATP
system were examined, shown in the Appendix. The solubility parameter of ssDNA was

37



determined to be 44.91 MPa’ by an average of the intercepts. It is noteworthy that this
value is quite close to those of the hybrids. This is consistent with our structural models for
the hybrid in which the SWCNT is well-covered by ssDNA with its bases and the sugar-
phosphate backbone both exposed to the solvent. Small differences in (rare) wrapping
structure defects are captured by the differences in hybrid solubility parameters. The high
sensitivity of the ATP technique to these small differences makes it well-suited as a method
to quantitatively discriminate between different hybrid species, something that it is

currently not possible to predict.

Note that we have considered the Hildebrand parameter as a single parameter that
represents solubility characteristics, not dispersion force parameters. The concept of the
Hildebrand parameter has been used not only to interpret the partitioning of hybrid in the
ATP system, but also to successfully extract the solubility parameter as an intrinsic
property of the hybrid. Multiple-component concepts, such as Hansen solubility parameter,
can be used to extract partial parameters from different contributions, which can help to
better understand the intermolecular interactions of hybrids. Further work can be
implemented by applying Hansen solubility parameter. This requires three solubility
parameters, so more experimental work is required to calculate them uniquely. We suggest
this for future work; see Appendix for a discussion of how to extract Hansen solubility

parameters from ATP experiments.
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Figure 2.8. Hildebrand solubility parameters as a function of PVP concentration for a
number of sequences paired with (6,5) SWCNT in 10% DX/10% PEG ATP system.
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Figure 2.9. Slopes of Hildebrand solubility parameters for a number of sequences paired
with (6,5) SWCNT in DX/PEG ATP system. Error bars show 90% confidence intervals for
the slope.
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Figure 2.10. Schematic diagram showing the Hildebrand solubility parameters of a
DNA/SWCNT hybrid relative to the top and bottom phases for two different compositions.
The diagram illustrates why it takes a greater amount of PVP to shift hybrids from the
bottom to the top phase as the concentration of PEG and DX is increased.
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2.5. Conclusions

In this study, we have measured the partition coefficient as a function of PVP
concentration for a number of sequences paired with three different species of SWCNT in
ATP system. To analyze the partitioning of DNA/SWCNT hybrids, we proposed two
different approaches which relate the measurements of partition coefficient to the solvation
free energy or solubility.

First, based on an expansion of free energy difference from a reference state and
composition, the relative solvation free energies have been extracted for a number of
DNA/SWCNT hybrid combinations. The solvation free energies obtained from two
different solvent compositions shows consistent values. Furthermore, the extracted values
of Aa’, representing the effect of modulant, were obtained as master curve from all hybrid
combination within the same polymer composition, as expected. Thus, we suggest that the
model can reasonably quantify our experimental observation.

Next, a method has been proposed for estimating the Hildebrand solubility
parameters of the hybrids. The value of solubility parameter at [PVP] = 0, which could be
interpreted as an in intrinsic property of each hybrid, do not exhibit statistically significant
differences. The solubility parameter decreases with increasing [PVP], presumably
because of its adsorption on the DNA/SWCNT. This shows that PVP can modulate the
solubility of the hybrid by modifying its surface. The sensitivity to [PVP], characterized
by the rate of reduction of the Hildebrand parameter with [PVP], varies with hybrid
composition, indicating that the interaction between PVP and the hybrids is sequence-

dependent. To compare this difference in the interaction, we compare the slope of solubility
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parameter. This comparison clearly shows that the sequence (TAT)4, known as the
recognition sequence for (6,5) SWCNT, and (GT)is, known for its strong affinity to
SWCNT, have stronger sensitivity to [PVP] than other hybrids. These results suggest that
the measurement of the slope and intercept of the solubility parameter for various hybrid
combination can provide quantitative insight into aspects of DNA structure on the nanotube
underlying the sequence-specific interaction. Note that the particular ATP system we have
studied here (DX/PEG) is not ideal for successful separation of SWCNT species.
Generally, the partition coefficient can be determined accurately only when it is on the
order of 1; otherwise, experimental errors become large. Ideally, the partition coefficient
should be approximately unity at [PVP] ~ 0; this would allow more accurate extraction of
the intrinsic solubility parameter (absent the modulant) as the intercept of the [PVP] vs. §;
plot. Although our system (DX/PEQG) is not ideal from this point of view, it serves well the
purpose of extracting and comparing quantitatively the solubility characteristics of
DNA/SWCNT hybrids.

To compare the two approaches offered in this work, the values of the relative
solvation free energies and the slope of the solubility parameters has been transformed to

compare them in the same manner. The slope of the solubility parameter (Figure 2.9) is

normalized to (TAT)4/(6,5) SWCNT by §, = Sl . Here, the sequences of (TAT)4

S(TAT)4~S(CA)15
and (CA)15 were chosen because they have minimum and maximum values in range of all
the sequences paired with the (6,5) SWCNT as shown in Figure 2.9. Then the values of §;
were compared with the relative solvation free energy which, here, is standardized to

(TAT)4 paired with the (6,5) SWCNT instead of (TAT)3T. The results are presented in
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Figure 2.11. It is interesting that the transformed values from two different approaches are
in good agreement with each other.

Both approaches developed in this study have some limitations. While both provide
quantitative data, neither contains direct information about underlying structural
differences. Also, the solvation free energy method only provides values relative to a
reference hybrid. (To the best of our knowledge, no study has yet reported absolute values
of the solvation free energy of DNA/SWCNT hybrids.) For the solubility parameter
approach, the (DX/PEG) system turned out to have some limitations because of small
measured difference in the values of InK (or the corresponding &) when [PVP] = 0. This
limitation can likely be alleviated by choosing other ATP systems. We leave this as future
work.

In summary, the ATP system can be used for not only separation technique but also
a method by which to quantify and rank the dissolution properties such as the solvation
free energy or the solubility. We expect that such quantification can provide a basis for

data-analytic searches for new sequences.
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Figure 2.11. Comparison between the normalized solvation free energy and the slope of
the solubility parameters. Error bars on §, show 90% confidence intervals for the
normalized slope given by a two parameters linear function. Error bars on
uy(seq.)/us (TAT,) show 90% confidence intervals for the ratio of the fit parameter C;
in equation (2.13).
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2.8. Appendix

2.8.1. Additional data analysis for (8,3) and (9,1) chirality of SWCNT
The relative solvation free energy for different DNA sequences paired with (8,3) and
(9,1) SWCNT hybrids were obtained in the same way as in the main text. The results are

consistent with those presented in the main text for the (6,5) SWCNT.

10, (seq.)/ 1, (TAT;T)

010% DX/10% PEG  014% DX/14% PEG

Figure 2.12. The solvation free energy for ATP systems with two different polymer
compositions. Each free energy is standardized to (TAT)3T paired with the (8,3) SWCNT
by equation (2.14). Error bars show 90% confidence intervals of the ratio of the fit
parameter C; in equation (2.13).
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1O, (seq.)/ 10, (TATST)
\

A

010% DX/10% PEG  0O14% DX/14% PEG

Figure 2.13. The solvation free energy for ATP systems with two different polymer
compositions. Each free energy is standardized to (TAT)3T paired with the (9,1) SWCNT

by equation (2.14). Error bars show 90% confidence intervals of the ratio of the fit
parameter C; in equation (2.13).

2.8.2. Determination of Ac’ and ApS’

First, the relative solvation free energy can be estimated using equation (2.14).

Using eq. (2.10) A’ can be written as

InK+AB'
Aa’ = —( )
T

(2.23)

Since both Aa’ and A’ are relative properties, they can be set to zero at an arbitrarily

chosen point. We assumed that Af’ is zero for a sequence A of hybrid so the equation (2.23)
for the sequence A becomes

InK

A’y =~y (2.24a)

WA
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Then A’ for other sequences of DNA hybrid can be described as

InK
g,

A !
4+ a4 'B/A) (2.24b)

B l“\(/)le

Aa'|3 = _(

Here, the subscript B/A means that AB’|,4 is relative to AB’|, which is set to be zero.
Because the experimental data shows that In K is linear in [PVP], we assume that Aa’ also
is linear to [PVP]:

Aa’ = ¢, + c,[PVP] (2.25)

InK . .
where c¢; and ¢, are unknown parameters. Let y = e which can be obtained from the
w

experimental data. Here, / is set to be 200 nm.’! As defined, Aa’ has a master curve for
various hybrid combinations, so ¢; and ¢, are constant for the entire data set. Then,
equations (2.24a) and (2.24b) can be rewritten in terms of y, ¢; and c;:

Yla =1 + c;[PVP] (2.26a)
and

AR g0

luy|p

le =C + Cy [PVP] + (226b)

Suppose that we have experimental data at n different concentration for m hybrid
combinations. Then we have n x m equations of type (2.23) which can be expressed in the
similar form in (2.26b). Then c;, c; and AB'|sq/4 can be estimated by solving the

following system of equation (in a least-squares sense).
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1 [PVP],s, O O O O - 0 O Ya1

. . . . . . . . C1 .

1 [PVPlsy 0 0 0 0 - 0 0O R Yan

1 [PVPly; 1 0 0 0 — 0 0 || ~8B'saltis], Y1

E E E E E E . E E _Aﬂ’CA/ll’[svl — : 227
1 [PVPlg, 1 0 0 0 - 0 O ; ¢ Yn (2.27)
L [PVPLy 0 0 0 0 o 1 || L]y,

: : S N AV WA =

1 [PVPly, 0 0 0 O - 0 1 Yin

This procedure was repeated for different chiralities and the obtained results for AB’ are

shown in Figure 2.6Db.

2.8.3. The effect of the hybrid length distribution

In the main text, we assumed that the SWCNT length distribution in each phase is
narrow enough to be represented by its mean value, and that this mean value is the same in
the two phases so that their ratio is unity. Here we explore further the conditions under
which the assumption of replacing length by its mean value is an acceptable approximation.
To do so, we compute the expected value of partition coefficient when the solute
(DNA/SWCNT hybrid) has a distribution of lengths.

First, we start with the probability of a nanotube of certain length / placed in bottom
phase, p», and top phase, p::

—urepl/kgT
Dy = 2L TL ) (2.28)

where Z = exp (—22) + exp (— 2£) and W'ty is the solvation free energy of top or
P\" ier P\" ier /

bottom phase per unit length.
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For a given SWCNT, its optical absorption is proportional to the total length of that
SWCNT in the sample.” That is, the partition coefficient K can be written as the ratio of
the total length of that SWCNT in each phase. The total length of nanotubes in the bottom
or top phase can be obtained in terms of the product of the probability of finding it in either
phase and the number probability of finding SWCNT of a certain length:

Leyy = N Jy IpWpejpdl (2.29)
where N is the total number of the nanotubes and p(/) is the number probability of finding
SWCNT of certain length /. The corresponding partition coefficient is

Ly _ Jy pOppal

K="%2=">
Le [, w®pedl

(2.30)

Here, Ip(l) gives the length distribution p;(1). Let us set p;(1) = Ip(1)/l where | =
fooo Ip(D)dl and assume for the sake of concreteness that the probability has Gaussian

distribution

1 1-0?
P = exn (- 7) (2.31)

Finally, the partition coefficient can be reduced to

prl—(l)dl
K = 0 1+exp (Aull/kgT) (232)
f°°pl—(l)dl

0 1+exp (—Aull/kgT)

where Au' = p'y — ;.

" Fagan, J. A.; et al. Length-Dependent Optical Effects in Single-Wall Carbon Nanotubes.
J. Am. Chem. Soc. 2007, 129, 10607-10612.
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First, we note that in the case of very narrow distribution when p; (1) approaches
the delta function §(1), K takes the form given by equation (2.7), as expected. Also, if
Ap = 0, then K=1 identically, regardless of the length distribution.

In most experiments, the CNTs have a reasonably broad distribution but
measurements are necessarily made for relatively small Ay, because otherwise K would
either be immeasurably small or large. We wish to establish whether equation (2.7) is still
accurate under such conditions. When Ay is small enough, the equation (2.32) can be
simplified by series expansion to

[P p(D(A-Aw/2kpT)dl
f0°° p1(D(1+Aurl/2kpT)dl

(2.33)

For the special case where p; (1) is given by the Normal distribution as defined above, these
integrals can be evaluated if the distribution is narrow enough that we can ignore

contributions from fictitious negative lengths. The partition coefficient then becomes

— — 2 -

1-Aurl/2kpT Aurl Auprl

K= T (1o 2E) a2 (2.34)
1+Aurl/2kgT 2kpT kT

This is identical to the form given by equation (7) in the appropriate limit of Au = 0:

Aurl Aurl
K = exp (—ﬁ) ~1- (2.35)

This indicates that for the interpretation of partition coefficient, for small departures from
the equipartition state, i.e., when Ay’ is small, the length distribution can be regarded as
narrow-enough to be represented simply by its mean value.

Further to demonstrate that the assumption of narrow length distribution or small
Ay’ is valid for our experimental results, equation (2.32) was numerically solved as a

function of Ay’ when pi(I) has Normal distribution with given value of [ and 6. The mean
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length [ was roughly estimated as 200 nm" and the standard deviation ¢ was varied in the
range from 20 to 200 nm.

Our experimental data have shown In K to be a linear function of [PVP]. Since Ay’ is linear
in In K by the definition of the partition coefficient, Ay’ also can be presented as a linear
function of [PVP] in our experimental range. That is, it is known by experiment that In K
is linear in Ayu’. Based on the results represented in Figure 2.14, In K is linear to Au’ only
if either Ay’ or o is small enough. Because our experimental results show linear behavior,
they are likely to be in such range. Thus, the comparison justifies that the length distribution

can be represented by its mean value.

In K

1 1 1 1 1 1 1

-4
-0.02 -0.015 -001 -0005 O 0005 001 0015 0.02

Ap' (KT/nm)

Figure 2.14. In K as a function of Ay’ with [ = 200 nm for various o, which is evaluated
by solving equation (2.32) numerically.

" Hearst, J. E. The specific volume of various cationic forms of deoxyribonucleic acid. J.
Mol. Biol. 1962, 4, 415-7.
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2.8.4. Estimating the solubility parameter of single-stranded DNA"

We conducted ATP experiments using poly(T) ssDNA of four different lengths (Tho,
T30, Teo, and Too), poly(A) ssDNA of two different lengths (Aszo, Aso), and poly(C) ssDNA
(C30). The absorbance was monitored from 200 to 400 nm using a UV/vis/NIR
spectrophotometer. A prominent peak was observed at 266 nm for the ssDNA. The
partition coefficients were then obtained using equation (2.4), shown in Figure 2.15a. The
solubility parameters of each ssDNA type were calculated using equation (2.20) in the
same way as in the main text. The molar volumes for each type of ssDNA were calculated
as the product of the specific volume (0.55 ml/g ?) and their molecular weights (3059,
9075.8, 18204.5, 26714.3, 9329.3, 15574.3, and 8611.0 Da for T1o, T30, Teo, Too, Az0, Aso,

and Cso, respectively).

(a) MR | AR | MR | T
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Figure 2.15. (a) Partition coefficients and (b) Hildebrand solubility parameters as a function
of PVP concentration for poly(T) of four different lengths (T10, T30, Teo, and Too), poly(A)
ssDNA of two different lengths (A3o, Aso), and poly(C) ssDNA (Cszo) in 10% DX/10% PEG
ATP system. The solid lines are fits using a two-parameter linear function.

" The experimental work in this section has been performed by Thibault Aryaksama (ESPCI, Paris,
France) at Lehigh University.
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2.8.5. Hansen Solubility Parameter
From the equation (2.3), the expression of the partition coefficient shown in equation (2.20)

can be replaced by the following

InK = %Z [(5k,t - 5k.i)2 ~ (8 — 5k,i)2] + lny% (2.36)

where the summation extends over all the partial contribution terms (k = d, p, h) and d, p,
h denotes dispersion, polar, and hydrogen bonding contribution, respectively. The

solubility parameters for top and bottom phase &y ;/p) are then replaced by their

approximate expression in terms of the volume fraction of each component:
Siet/by = Biee/y + PpvpOipve (2.37)

Here, By, /by = Pr,t/b)pEcO(t/b).pEC + Phi(t/D)0xO(t/0).0x + Prest/D)wO(t/p)w and 1S
constant for a given polymer composition. Substituting equation (2.37) to (2.36), the

partition coefficient is then
Vi Vi
InK = [X(Bit” = Bip) + 2 X (Bit — Biep) (PpvpOrpve — Oki)] + an_; (2.38)

To calculate a set of solubility parameters for a given hybrid, &y ;, at least three different
sets of experimental data sets are required. We recognized that the change of By ¢/ by

PVP concentration is too small to make valid sets to solve equation (2.38). Thus, we

recommend the use of experimental data set from different polymer composition.
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2.8.6. Link to Public Repository:
The following link is to a public repository where we provide a collection of scripts for
spectra decomposition and solvation free energy and solubility parameter analysis.

https://bitbucket.org/jagotagrouplehigh/dna_swcnt_atp/
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Chapter 3 : Learning to Predict Single-Wall Carbon Nanotube-

Recognition DNA Sequences

DNA/SWCNT hybrids have enabled many applications because of their special ability to
disperse and sort SWCNTs by their chirality and handedness. Much work has been done
to discover recognition sequences which recognize specific chiralities of SWCNT, and
significant progress has been made in understanding the underlying structure and
thermodynamics of these hybrids. Nevertheless, de novo prediction of recognition
sequences remains essentially impossible and the success rate for their discovery by search
of the vast ssDNA library is very low. Here, we report an effective way of predicting
recognition sequences based on machine learning analysis of existing experimental
sequence data sets. Multiple input feature construction methods (position-specific, term-
frequency, combined or segmented term frequency vector, and motif-based feature) were
used and compared. The transformed features were used to train several classifier
algorithms (logistic regression, support vector machine and artificial neural network).
Trained models were used to predict new sets of recognition sequences, and consensus
among a number of models was used successfully to counteract the limited size of the data

set. Predictions were tested using aqueous two-phase separation. New data thus acquired

" This chapter has been published in npj Computational Materials:
Y Yang, M. Zheng, A. Jagota. “Learning to predict single-wall carbon nanotube-

recognition DNA sequences” npj Computational Materials. 2019, 5:3;
https://doi.org/10.1038/s41524-018-0142-3
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was used to retrain the models by adding an experimentally tested new set of predicted
sequences to the original set. The frequency of finding correct recognition sequences by
the trained model increased to >50% from the ~10% success rate in the original training

data set.
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3.1. Introduction

In recent years, machine learning has emerged as a powerful general methodology
with the ability to create well-performing predictive models from data. In particular, these
techniques have become essential in bioinformatics because it is impractical to transform
manually large amounts of raw sequence data into useful scientific knowledge, without
requiring explicit programming instruction. Many of the important bioinformatics
problems are well suited for classification algorithms, including gene annotation,' protein
function prediction,?? peptide binding prediction,*> and DNA binding prediction.®

Single-wall carbon nanotubes (SWCNTSs) comprise a family of nanomaterials with
remarkable electronic, optical, and mechanical properties.” The structure of SWCNTSs can
be viewed as a cylinder obtained by rolling a hexagonal graphene sheet. The properties of
SWCNTs are highly dependent on exactly how the graphene sheet is rolled, which is
identifiable by chiral indices (n,m); all synthetic methods result in mixtures of different
chiralities. Especially for electronic and optical applications, chirality control of the
SWCNTs is of critical importance.®® A number of strategies for SWCNT separation by
their chirality have been developed,'®!? and notable success has been achieved using
special short DNA sequences called recognition sequences.'>'* These recognize specific
corresponding partner SWCNTs by forming special hybrids with sufficiently different
physical and chemical properties to enable their separation from mixtures.'> Furthermore,
there is evidence that special recognition DNA/SWCNT hybrids are also effective as

biosensors for specific molecular detection.'®!8
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Several studies have contributed to our understanding of the structural basis for
sequence-specific recognition. Computational molecular modeling!®-23 has established a
number of ordered structural motifs that single-stranded DNA (ssDNA) can adopt when
adsorbed onto an SWCNT. Single-molecule force spectroscopy,?*?> and solution based
studies have provided quantitative information on strength of association between ssDNA
and SWCNTSs.?%?7 Aqueous two-phase (ATP) separations have been analyzed to quantify
solubility of DNA-SWCNTs,!*?82% and fluorescence quenching studies have been used to
infer wrapping structures of recognition sequences.°

Despite all this knowledge and understanding, we have essentially no ability to
predict ssDNA sequences that will form recognition pairs with SWCNTs. Discovery of
new recognition sequences has relied upon systematic searches through the vast sequence
space of ssDNA. For example, Tu et. al.*' designed a systematic search of the DNA library
by sequence pattern expansion, and achieved a success rate of ~7%. In another recent
study?® some sequence patterns were found in a directed and limited search of a reduced
(12-mer, T/C bases only) DNA library, achieving somewhat better performance (success
rate of ~10%). We may surmise that the probability of finding a recognition sequence,
conditioned upon this sequence expansion scheme, is no better than about 10%. Thus,
although we have a lot of physical understanding and a reasonable amount of data, our
ability to predict recognition sequences is still absent, and the search process remains time-
consuming and inefficient — the number of distinct sequences in the sequence space is

enormous. (For the typical sequence lengths / in the range 10 — 30, there are 10° — 10'®
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distinct sequences.) Clearly, a different and more systematic approach to sequence
prediction is needed.

Here, we investigate a new approach to prediction of recognition sequences using
machine learning techniques. The aim is to create models to classify query sequences as
either recognition or non-recognition. Multiple input feature construction methods
including n-gram position-specific vector (psv), n-gram term-frequency vector (zfv),

632 were used. The models were built

combined or segmented #fv, and motif-based features
using a machine learning tool (WEKA).* As an initial study for the work presented in this
manuscript, we manually tried a// the algorithms that the WEKA package provides for
binary classification using unigram and trigram position specific vector (psv) features. This
preliminary study showed that ANN and random-forest methods worked best. However,
both are of similar complexity. We decided to try three different algorithms, each
algorithm representing a different level of complexity. Specifically, we used three different
algorithms: logistic regression (LR, simplest),** support vector machine (SVM, moderately
complex),® and artificial neural network (ANN, most complex)?°.

After training and validation using labeled data, they were used to predict new recognition
sequences. The relatively small data-set size, a common issue in applying machine
learning techniques to problems in materials science,® was mitigated by choosing
consensus sequences from a number of models, i.e., we combined multiple models by
cross-validation and selected the sequences only from the intersection of each set of

classifier results. Predictions were tested experimentally using the ATP separation

technique.’” We retrained the model using the updated data set. This cycle of prediction,
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testing, and retraining was repeated twice. Models were built on DNA sequence
information only. To interpret the results in the context of previous computational'®->* and

experimental work,!3-242°

we examined discovered motif using saliency measures within
the ANN models. This study is the first attempt to predict recognition sequences for

SWCNTs by adopting machine learning techniques.

3.2. Materials and Methods

3.2.1. Data Collection”

The available data on ssDNA sequences that form recognition pairs with specific
SWCNTs has been obtained under varying conditions (e.g., solution conditions), sequence
lengths (~8-30), and classification methods (ion-exchange chromatography, ATP, etc.).
Here, we chose a recently reported set of sequences®® that were all handled under identical
conditions. To reduce complexity, in this set the DNA base type was restricted to the 2-
letter (Thymine; T/Cytosine;C) alphabet and DNA length was fixed to be 12 bases. This set
initially contained 9 recognition sequences (labeled as ‘Y’) and 73 non-recognition
sequences (labeled as ‘N”).

To test our predicted sequences experimentally, we utilized the ATP separation
technique. Preparation of DNA/SWCNT hybrids and ATP separation followed the
protocols described in ref 37. Briefly, CoOMoCAT SWCNTs (1 mg, SG65i grade and

EG150X grade; Southwest Nanotechnologies) were suspended in 1 mL of deionized water

" The experimental part was performed at National Institute of Standards and Technology (NIST)
in Gaithersburg, MD, in direct collaboration with Dr. Ming Zheng of NIST.
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with 0.1 M NaCl (Sigma-Aldrich) and 2 mg ssDNA (Integrated DNA Technologies). The
DNA/SWCNT mixture was dispersed using tip sonication with a power output of 8 W for
1.5 h in an ice bath. The dispersion was then centrifuged at 16,000 g for 1.5 h and the
supernatant was collected. Typically, an ATP system comprising 7.76% PEG (MW 6 kDa,
Alfa Aesar) and 15% polyacrylamide (PAM, 10 kDa, Sigma-Aldrich), denoted as
PEG/PAM, was used for SWCNT separation, but 16 % poly(vinylpyrrolidone) (PVP, MW
10 kDa, Sigma-Aldrich) and 11 % Dextran 70 (DX, MW ~70 kDa, TCI) ATP system,
denoted as PVP/DX, was used for some of the DNA/SWCNT hybrids. Both DX and PVP
were used as DNA-SWCNT partition modulators. UV-vis—NIR absorbance
measurements were performed on a Varian Cary 5000 spectrophotometer over the

wavelength range of 200—1400 nm.

3.2.2. Feature Construction

We wish to build models that predict the class to which a sequence belongs (i.e.,
recognition or non-recognition). Choice of sequence representation by features is
important for classifier algorithms to function well. We investigated several input feature
construction (or sequence encoding) methods: position-specific vector (psv), term
frequency vector (¢fv), combined #fv, segmented ¢fv, and motif-based feature vector (mfv),
described schematically in Figure 3.1.

A common input feature construction technique in bioinformatics is fixed-length
overlapping n-gram analysis, which breaks sequences into subsequences using various
types of vocabulary, in the case of DNA the nucleotides or the codon types.*® Using the
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method, sequences can be represented by overlapping n-gram patterns.

The Position-Specific Vector encoding method uses an indicator vector to represent
each n-gram word at each position. Thus, a given sequence S can be represented by
psv(S) = {wi1, Wiz, ..., w;; }, where w;; € n-gram vocabulary; / is the number of positions
that is given by (L —n + 1); L is sequence length. For example, for the sequence 4 =
TTCTCC, with n = 2, w;; € {TT,TC,CT,CC} and psv(4) = {TT,TC,CT,TC,CC}. To
enter into the ML models, the psv is converted into binary features using the one-attribute-
per-value approach (i.e., {TT, TC, CT, CC} ~ {(1,0,0,0), (0,1,0,0), ..., (0,0,0,1)}) by a built-
in function in WEKA.** The psv represents the entire base position information but is not
suitable for long sequences as the size of the feature vector becomes large. In addition,
sequences with different lengths cannot be compared easily, because they result in feature
vectors of different sizes.

The term frequency vector (tfv) defines the feature vector using the frequency of
the n-gram in the sequence. For sequence 4, tfv(A) = {1/5,2/5,1/5,1/5}. The tfv

method loses global positional sequence information — several different sequences
correspond to the same #fv — unless the word length approaches that of the sequence itself.
The psv method, on the other hand, contains the complete sequence information in that
there is a 1-1 mapping between psv and the original sequence, but by treating each base as
a feature it does not capture more complex features very efficiently. The ¢ method is
computational inexpensive, and can accommodate different sequence lengths.** However,
it has a limitation that many sequences give the same v, e.g, tfv(Ty,) = tfv(Ty3) =
{1,0}, especially for small n.
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Previous work?® suggests that both frequency and position information could be
important for sequence prediction, and so we considered a new encoding scheme that
combines features of psv and #fv. The basic idea of the method is to divide a sequence into
m (m€[1,L]) smaller segments of roughly equal length /s (/y = L/m). We construct a ¢fv for
each segment, and then #fv for the entire sequence S in the following way to include position
information of each segment: tfv,,,(S) = {tfv,(seg,), tfv,(seg,), ..., tfvn(segm)}.
Contribution to the #fv from terms that straddle segment boundaries are made according to
a weighted average of their occupancy in either segment. For example, for sequence 4,

where m =2 and n = 2, segment 1 = TTC, segment 2 = TCC, and overlapped segment =

CT,so tfv,,(4) = [{1/2_5 ) 1/2_5 , O'5/2_5 ’ 0}' {O' 1/2.5 ’ 0'5/2.5 ’ 1/2.5}]'

With a similar purpose in mind, but in a simpler way, a combined #v method was also
investigated. Using n-grams with different n, different properties can be captured. For
example, unigram is based only on the base frequency, while trigram captures some of the
location information as well as their frequency. Thus, by combining different n-gram
features, one can capture more information. The combined #fv can be formed as following:
tfvi-a—..i(S) = {tfv1(S), tfv2(S), ..., tf Vi (S)}-

We next considered features based on motifs. The basic hypothesis of this method
is that there are recurring patterns or motifs in the DNA sequence which recognize a special
type of SWCNT. We employed a motif-discovery tool called MERCI?? to search for motif
patterns. In order to systematically select discriminative motif features, we ranked the
motifs based on their conditional probabilities that a sequence is labeled “Y’, given motif:

P(Y|motif). The top ten recognition and non-recognition motifs were chosen for use as
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features. Maximum motif lengths were limited to 5 - 7 bases for recognition motifs and 5
bases for non-recognition motifs. The extracted motifs were coded as a 20-dimensional
binary feature vector, mfv. Entry m is set to ‘1’ if motif m occurs in a given sequence and
‘0’ otherwise.

Note that the range of all feature vectors were rescaled to the range in [—1, 1] to weigh all

features equally.

4 N\ 4 N
n-gram based Pattern based
(. J (. J
' |
[ |
s N s N s N
osition-specific vector, term frequency vector .
g : ’ b g ’ Motif based feature
psv, (n=1,2,3) tfv,(n=1-5)
(. T J (. T J . T J
( N\ ( ) ( N A
Example for T/C comb. Example for T/C comb. * Extracted by MERCI
psv; = {T, C} tfv; = {fr, fo} * Invariant with position in sequence.
psv, = {TT, TC, CT, CC} tfva = {frr, fro for, focd * Contain agap(_)
psvs = {TTT, TTC, TCT, TCC, tfvs = {frrr, frie fren frec s freo * Maximum motif length is
CTT, CTC, CCT, CCC} T o e Jeaal) 4 — 6 bases for recognition motifs,
~ - ~ o 5 bases for non-recognition motifs.
* Feature vector is formed using
p < motif appearance (a) for motif m in
Modified tfv a given sequence S: '
L ) 4, (S) = 1, m occurs in seq.S
: N [ : N m 0, otherwise
Combined tfv Segmented tfv,, , * Motif feature vector, mfv
sequence A - seg, Segy, ... Segn mfv(S) = {am1(S), amz (S), ..., amzo (S)}
n=1,2; {tfv, tfv;} tfVmn = {tfva(segi), ..., tfvn(segm)} Ex. sequence A = TTCTCT
n _ 1'3f {tfv,, tfvs} Ex. A=TTCTCC, m=2,n=2; sequence B= CTTTCT
n =2,3; {tfv,, tfvs} seg, = TTC, ,seg., =CT sequence C = TCTTCCCTT
=123 vy v fust || 4 (seg 4seq,,) ={0.4, 0.4, 0.2, 0}, - Motif * ’ can identify
tfva( +segi,) ={ } both sequence Aand B not C.
tfv;2(A) = {04, 04,02, O, } mfv(A) = mfv(B) = {1}, mfv(C) = {0}
A AN J/ & J

“motif-discover tool (ref. 32)

Figure 3.1. Overview of input feature construction methods explored. Feature types can be
broadly categorized into two types: n-gram-based and pattern-based. The n-gram feature
vectors represent DNA sequences as a collection of n-gram entities in a position-specific
manner (psv), in terms appearance frequency (term frequency vector, #fv), or some
combination of these two. In the pattern-based feature vector, following discovery of
motifs in the training set, the DNA sequences are represented by the occurrence or absence
of a given motif in that sequence.
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3.2.3. Learning, Validation, and Evaluation

We began by evaluating a number of common learning algorithms for binary

classification: logistic regression (LR) with ridge estimator,*’

support vector machine
(SVM) using sequential minimal optimization (SMO),*' and feedforward artificial neural
network (ANN). To build and validate the classification models, we employed the open-
source machine learning tool WEKA*.

To optimize the artificial neural network models, we trained them with different numbers
of hidden layers (N;) and hidden nodes (V;). Additionally, we optimized the cost factor 7,
the ratio of false positive to false negative “cost” to vary from ‘1°. By maximizing y, we
reduce the chance of failure in follow-up experiments.

We also tried automated ML packages to explore all models and adjust the
hyperparameters automatically using the Auto-WEKA#* and “h20”* AutoML packages.
Both packages return choices for algorithms and hyperparameters — examples are provided
in SI. However, because of lack of transparency, we decided to focus on the three chosen
algorithms along with “manual” optimization of hyperparameters.

The performance of each the classifier was evaluated using a standard 10-forld
cross-validation. Because the sample set is relatively small, and examples with the Y’
label smaller still, we chose not to use strategies that include training, test, and validation
subsets. Instead of so splitting the training set, we tested our models by using them to
predict new sets of sequences that were tested experimentally. Evaluation results can be
examined by the confusion matrix, which reports the number of true positive (TP), false
positive (FP), false negative (FN), and true negative (TN) predictions. To measure
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prediction quality, we computed the conventional evaluation parameters such as precision

TP TP

2Prc'Recall
), recall (R = =T
TP+FP TP+FN

Prc+Recall

(Prc =

), or Fl-score (F! = ).
In addition, the performance was evaluated using the area under the receiver operating
characteristic (ROC) curve, known as AUC.
To validate the models with newly identified sequences, normalized prediction error E is
calculated by

E=)t —t.|/2n (3.1)
Here, t. is the prediction probability for each instance calculated by the classifier and ¢ is

the experimentally determined truth value, ‘1’ for recognition sequences, ‘—1’ for non-

recognition sequences, and ‘0’ for marginal sequences, and 7 is the number of instances.

3.3. Results and Discussion

3.3.1. Initial models — Training, validation, prediction, and evaluation

The overall scheme of our approach is shown in

Figure 3.2. During the first round of learning, the models were trained by using
three types of algorithms (LR, SVM, and ANN) with n-gram psv and #fv (n = 1-3) using
the data set described in data collection section (listed in Table 3.1). The final models that
gave the highest precision were chosen. This is because precision is directly related to the
ability to find new recognition sequence (TP) correctly in the experiment, which is the most
labor-intensive and time-consuming part of the entire process. The performance of models
is shown in Table 3.2. Once a model was built, we generated a query sequence set,

including all possible sequences (~2'?). These were then classified as recognition or non-
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recognition sequence using each of our previously trained models. Each model typically
predicted hundreds of recognition sequences, still far too many to test. Furthermore,
because our training set is small relative to the size of the query sequence set (i.e. 82 vs.
4014), one needs to be wary of overfitting. To resolve these issues, we combined multiple
models by cross validation; sequences for experimental testing were selected only from the
intersection of each set of classifier results.
We experimentally tested the 10 most frequently occurring sequences among the sequences
predicted to be recognition by our classifiers (Table 3.3). We identified 5 sequences
(labelled “Y’) that lead to partitioning of only one particular (rn,;m) SWCNT species with
high yield. Figure 3.3 shows the absorbance spectra of the purified SWCNT species by the
five sequences and the starting material. In each spectrum of the purified species, the
observed sharp peaks correspond to the characteristic optical transitions of a particular (n,m)
species. Considering the prediction efficiency, this is a remarkable result, with prediction
efficiency of 50%, a significant improvement over the ~10% frequency of recognition
sequences in the training set.?® We also found two marginal sequences that could not safely
be classified as recognition sequence because they had insufficient yield or selectivity
although they did show enrichment of a particular (n,;) SWCNT species in a given phase.
These sequences were labeled as non-recognition sequence in order to maximize stringency
of ‘Y’ labels in the training set.

The previously trained models were then evaluated based on their prediction errors
on the newly tested sequences using eq. (3.1) (depicted as a heat map in Figure 3.4a). The

total prediction errors among the models using psv are not significantly different from each
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other, while the models using #fv showed considerable difference. Compared within the
same input feature construction method, the trigram ANNSs are better on both, showing the

normalized prediction error of 0.38 and 0.423 for psv and #fv, respectively.
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Figure 3.2. Overall scheme to develop a model to predict and test DNA recognition
sequences. First, the training data set is collected using the ATP technique. If the
DNA/CNT hybrid can allow partitioning one type of SWCNT in either the top or the
bottom phase, that sequence is labeled as a recognition sequence (“Y”). This is done via the
NIR absorbance spectra of sorted fractions. Once the data are collected, the DNA
sequences and their labels are encoded to a numeric vector, which is called input feature
construction. Then, the models with three different types of classification algorithms are
trained using the training set feature vectors. A generated query sequence set including all
possible sequences (~2'?) in the 12 mer C/T library are then classified using the trained
models. Limitations due to small data set size are mitigated by choosing the consensus of
a number of models. The predicted recognition sequences are tested using the ATP
technique again. The new data are added to the existing labeled sequence data and the
models are retrained. This procedure was repeated twice.
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Table 3.1. Training data set of DNA sequences and partner SWCNT species with their
corresponding labels, used to develop the predictive models in the first round of learning.
The data set was identified by Ao et al. (2014)'° using the ATP technique. If the DNA/CNT
hybrid can allow partitioning one type of SWCNT in either the top or the bottom phase,
that sequence is labeled as a recognition sequence (‘Y”). To reduce complexity, the DNA
base type was restricted to the 2-letter (T/C) alphabet and DNA length was fixed to be 12

bases.
# Sequence CNT species Class # Sequence CNT species  Class
1 TTTCTCCTCTCT N 26 TTTCCCCCCTTT (8.,5),(9,6),(9.9) Y
2 TCTTTCCTCTCT N 27 TTCTTTTTTCTT N
3 TCTCTTCTCTCT N 28 TTCTTCCTTCTT N
4 TCTCTCTTCTCT N 29 TTCTCTTCTCTT N
5 TCTCTCCTTTCT N 30 TTCTCCCCTCTT N
6 TCTCTCCTCTTT N 31 TTCCTTTTCCTT N
7 CCTCTCCTCTCT N 32 TTCCTCCTCCTT N
8 TCCCTCCTCTCT N 33 TTCCCTTCCCTT N
9 TCTCCCCTCTCT N 34 TTCCCCCCCCTT N
10 TCTCTCCCCTCT N 35 TCTTTTTTTTCT N
11 TCTCTCCTCCCT (10,2) Y 36 TCTTTCCTTTCT N
12 TCTCTCCTCTCC N 37 TCTTCTTCTTCT N
13 TCCCCCccceece N 38 TCTTCCCCTTCT N
14 CCCCTCCCcccecec N 39 TCTCTTTTCTCT N
15 CCCCCTCCCCCC (10,3) Y 40 TCTCTCCTCTCT (7,3) Y
16 CCCCCCTCCCCC N 41 TCTCCTTCCTCT N
17 CCCCCCCTCCCC N 42 TCTCCCCCCTCT N
18 CCCCCCCCCTCC N 43 TCCTTTTTTCCT N
19 TTTTTTTTTTTT N 44 TCCTTCCTTCCT N
20 TTTTTCCTTTTT N 45 TCCTCTTCTCCT N
21 TTTTCTTCTTTT N 46 TCCTCCCCTCCT N
22 TTTTCCCCTTTT (11,1) Y 47 TCCCTTTTCCCT N
23 TTTCTTTTCTTT N 48 TCCCTCCTCCCT N
24 TTTCTCCTCTTT N 49 TCCCCTTCCCCT N
25 TTTCCTTCCTTT N 50 TCCCCCCCCCCT (8,5) Y
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# Sequence CNT species  Class # Sequence CNT species  Class
51 CTTTTTTTTTTC N 67 CCTTTTTTTTCC N
52 CTTTTCCTTTTC 68 CCTTTCCTTTCC
53 CTTTCTTCTTTC N 69 CCTTCTTCTTCC N
54 CTTTCCCCTTTC N 70 CCTTCCCCTTCC N
55 CTTCTTTTCTTC N 71  CCTCTTTTCTCC N
56 CTTCTCCTCTTC N 72  CCTCTCCTCTCC N
57 CTTCCTTCCTTC N 73  CCTCCTTCCTCC N
58 CTTCCCCCCTTC (11,2) Y 74 CCTCCCCCCTCC N
59 CTCTTTTTTCTC N 75 CCCTTTTTTCCC N
60 CTCTTCCTTCTC N 76 CCCTTCCTTCCC N
61 CTCTCTTCTCTC N 77 CCCTCTTCTCCC N
62 CTCTCCCCTCTC N 78 CCCTCCCCTCCC N
63 CTCCTTTTCCTC N 79 CCCCTTTTCCCC N
64 CTCCTCCTCCTC N 80 CCCCTCCTCCCC N
65 CTCCCTTCCCTC N 81 CCCCCTTCCCCC (8.8),(9,7) Y
66 CTCCCCCCCCTC N 82 (CcCccceecececececece (11,0) Y
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Table 3.2. Validation results of the initial models using n-gram position-specific vector
(psv) and term frequency vector (¢fv). Note that an empty cell indicates there were no true
positives. The evaluation factors were obtained by 10-fold cross-validation in the training
set. In general, SVM showed poor performance (especially with #fv). Notice that none of
models with unigram (n = 1) #fv can classify any recognition sequences in the training set
correctly. The best performances in terms of F/-score or S~ are highlighted.

psv(n=1) psv(n=2) psv(n=3)
LR ANN SVM LR ANN SVM LR ANN SVM
y=5
y=1
Optimization y=25 y=2 N=L y=2 N1 N 38 y=
Nh:30
Precision 0.286 0.357 0.222 0.278 0.200 0.143
Recall 0.222 0.556 0.222 0.556 0.222 0.111
F'-score 0.250 0.435 0.222 0.370 0.211 0.125
S’ 0.577 0.717 0.564 0.690 0.557 0.515
#v(n=1) W (n=2) #v(n=3)
LR ANN SVM LR ANN SVM LR ANN SVM
Optimization y= y=15 ~
Nl:2, Nh:4
Precision 0.200 0.500 0.500
Recall 0.111 0.111 0.333
F'-score 0.143 0.182 0.400
S’ 0.529 0.549 0.646
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Table 3.3. DNA sequences predicted by our classifiers and tested using ATP separation.
‘Y’ denotes recognition sequence and ‘N’ denotes non-recognition sequence. The
superscript <*> denotes marginal sequence due to its low yield or selectivity.

Initial models

1% retrained models

Name Sequence CNT Clas Name Sequence CNT Clas
SPpECICS S SPECICS S

S0  CTTCCCCCCCCT  (7,3) Y  SIl  TTTTCCCCCCTC N
02 CTTCCC CCC CCC N SI2  TITCCCCCCCIC (7,5) N’
S03  TTTCCCCCCCCC  (6,4) Y  SI3  TITTICCCCCCT  (9,6) N’
S04  TTTCCCCCCCCT N Sl4 TITTITCCCCCT  (10.2) Y
S05 TTTTCCCCCCCT  (10.4) NN EREPSS (8,5) N’
S06 TTTTCCCCCCCC  (8,5) Y  S16 TITCICCCCCCT (7.6),(65) Y
S07 CTCCCTCCCCCT  (7.6) Nos17 o (O (8,5) N’
S08  CCTTTC CCCCCT N SI8 CCCCCCCCCTIC (11,0) Y
S09  CCTTCCCCCCCT  (9,7) N°  S19 TITTTCCCCCCC  (8,5) Y
SI0  CCCCCTCCCCCT  (7,5) Y  S20 TICTCCCCCCCT  (8,5) Y
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Figure 3.3. Absorbance spectra of SWCNT species purified by ATP using new sequences
and the starting CoMoCAT (EG150X) mixture. The SWCNT species have been identified
by their E11 and E22 peak positions (M1 for metallic species). Each spectrum is normalized
at the E11 peak position (M1 for metallic species) and the baseline level of each spectrum
was manually offset for visual clarity.
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Figure 3.4. Absolute prediction error heat map of (a) initial models and (b) 1% retrained
models vs. experimentally identified sequences. Total prediction errors were calculated
using eq (3.1) then normalized by twice the number of instances (= 2 x10): For the initial
models with psv, values are 0.4, 0.4, 0.395, 0.4, 0.38, and 0.4 for unigram LR, bigram LR
and ANN, trigram LR, ANN, and SVM, respectively. For the initial models with #fv, values
are 0.479, 0.564, and 0.423 for bigram LR, trigram LR and ANN, respectively. For the 1%
retrained models with psv, values are 0.638, 0.605, 0.763, 0.394, 0.8, 0.42, 0.405, and 0.6
for unigram LR and ANN, bigram LR, ANN, and SVM, trigram LR, ANN, and SVM,
respectively. For the 1% retrained models with #fv, values are 0.6, 0.434, 0.317, and 0.324
for bigram LR and ANN and trigram LR and ANN, respectively. Overall, ANN for both
trigram psv and #fv of initial models and LR and ANN with trigram ¢fv of 1% retrained
models showed the best performance (highlighted with blue box).

3.3.2. Retrained models — Training, validation, and prediction

In the second round of learning, the training set was updated by including newly
determined sequences by ATP separation, and the models were retrained. Ten new
recognition sequences (S11-S20) were predicted and tested experimentally.

Although most retrained models showed improved validation performance (Table 3.4), the
actual prediction performance of 50% remained the same as that of the initial models (Table

3.3, Figure 3.3). Note that only one sequence was determined as non-recognition sequence
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and the remaining 4 were deemed marginal (Table 3.3). This indicates that the retrained
models performed somewhat better than initial models but not well enough to drastically
increase the prediction efficiency. Four of ten predicted sequences interestingly have an
ability to purify (8,5) species. Evidently, our retrained models are likely to predict

recognition sequences for (8,5) species.

Table 3.4. Validation results of 1% retrained models using n-gram position-specific vector
(psv) and term frequency vector (¢fV)

psv(n=1) psv(n=2) psv(n=3)
LR ANN SVM LR ANN SVM LR ANN SVM
y=1.7
y=1 _ y=22
Optimization ~ y=1.1 N2, N =6 y=3 N=3, y= y=1 N 1 2
Nh:23
Precision 0.200 0.304 0.308 0.467 0.462  0.300 0.400 0.364
Recall 0.143 0.500 0.286 0.500 0.429 0429 0.429 0.286
F'-score 0.167 0.378 0.296 0.483 0.444 0353 0.414 0.320
S’ 0.520 0.647 0.585 0.699 0.669  0.625 0.657 0.598
yv(n=1) #v(n=2) #v(n=3)
LR ANN SVM LR ANN SVM LR ANN SVM
r=1 r=1
Optimization y=1.5 N-1 N6 y=1 N-1 N6
Precision 0.500 0.500 0.714 0.400
Recall 0.071 0.214 0.357 0.286
F'-score 0.125 0.300 0.476 0.333
S’ 0.529 0.588 0.666 0.604
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3.3.3. Design of improved models

In the first round, to find optimal models, we used cross-validation. Although
cross-validation is designed to minimize overfitting, there is still some concern because the
validation set is not independent of the training set. In the second phase, we estimate the
model performance based on the prediction errors calculated using a newly tested sequence

set that is independent of training sets.

Figure 3.4b shows the prediction errors of the retrained models. In general, the models with
tfv gave smaller error than models with psv. For the models with psv, bigram ANN and
trigram ANN and LR perform much better (with the error of 0.394, 0.405, and 0.42,
respectively) than others. Among the models with #fv, trigram LR and ANN showed smaller
error of 0.317 and 0.324.

Although the prior models already showed very good performance, we explored
improved training methods to further enhance the prediction accuracy in next round of
experiments. First, we selected and focused on #fv, for its ability to handle sequences of
different lengths. Next, we dropped the use of SVM since validation results revealed that
SVM models are generally poor (Table 3.2 & Table 3.4 and Figure 3.4). We also found
that the models with small n-gram of psv and #fv showed poor performance (Table 3.2 &
Table 3.4), so higher n-gram (n = 3-5) tfv were examined in 2™ retrained models.  For
ANN models, in most cases we found best performance with a single layer. Additionally,
given the size of our training set, we restricted N, to be single and N, to be no larger than

twice the size of the feature vector to avoid overfitting.
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The overall optimization was previously performed on the precision because it is
more important to classify actual non-recognition sequence incorrectly (i.e., low FP) than
to classify actual recognition sequence incorrectly (i.e., high FN) when we test the
predicted sequences in the lab. However, a better indicator of model quality should account
for both FP and FN, so F' and S scores were subsequently used for optimization.
Furthermore, additional feature construction methods were examined as described in the
section 3.2.2.

The motif were searched by the motif-mining tool, MERCI,*? with the minimal
occurrence frequency for positive sequences fp and the maximal occurrence frequency for
negative sequences fy. It is worth noting that the motifs identified when fy is set to zero
(motifs are absent from the negative set) contained at least 8 bases (Table 3.5). This may
indicate that the minimum length of the recognition sequence pattern is 8 bases, which is
consistent with the fact that most recognition sequences found so far contain 8 bases or
more. Furthermore, earlier computation studies have shown that the ssDNA/SWCNT free
energy can be minimized by maximizing base/SWCNT stacking and inter-base hydrogen
bonding, which requires ssDNA of sufficient length that can wrap a nanotube at least one
round.?! The motif discovery results would suggest that at least 8 bases are required to wrap
around SWCNT tightly. Longer motifs may play a stronger role in distinguishing
recognition sequences, but considering that our DNA length is 12 bases, the motif should
not be too long. Using 8 bases motifs allows only four degrees of freedom which can result
in too limited a search. Thus, we set the maximum motif lengths to be 5 to 7 for recognition

motifs. For non-recognition motifs, there are more short motifs. When the maximum motif
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length is 6 or more, the number of motifs with P(N|motif) = 1 is larger than 10, and the
top 10 motifs cannot be selected. Thus, the maximum motif lengths were limited to 5 bases
for non-recognition motif. The motifs were ranked based on their conditional probabilities
of a recognition or non-recognition sequence given motif, P(Y or N|motif), shown in
Figure 3.5. Top 10 motifs for both recognition and non-recognition motifs were chosen for

use as features, listed in Table 3.5.

Table 3.5. Base motifs used for recognition and non-recognition classes.

Recognition motifs

Non-recognition
motifs

Lree<5 Lyec<6 Lyee <7 Lyon-ree <5
cccccC TCCCCC CCCCCTT CTCTT
TTCCC cccccC TCCCCCT CTTCT
CCCC CCCCTT TTCCCCC TCCTT
TCCCC TTTCCC CCCCTTC TCTT
C CcCC TTCCCC CCCCTTT TCTTC
CCC CCCCCT CCTCCCT TCTTT
CCCTT CCCCCC TTCTCCC TTCCT
CCCCT TT CCC TTTCCCC C TCT
TCCC TTCCC TTTTCCC CCTCT
T CCC CCCC TCCCCC CTTTT
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Figure 3.5. Top ranking base motifs with varying maximum length of motifs from 5 to 7
for recognition sets and maximum length of 5 for non-recognition set.
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Finally, we retrained the models using LR and ANN with simple #/v, combined or
segmented #fv, and motif-based features using the updated training set (Table 3.6 and
Figure 3.6).

Top five models that gave the highest F'-scores are listed in Table 3.7. In general, ANN
showed better performance than LR, and trigram ¢fv and motif-based features showed high
performance. ANN with simple trigram #fv (¢/v3) shows the best performance, while the
combined bigram & trigram #fv (#fv2-3) and bi-segmented trigram #fv (¢/v>,3) show third best
performances. It is interesting that combined or segmented trigram #fv do not perform better
than simple #fv, even though they already contain simple #/v inside. This implies that
irrelevant features can cause poor performance, which leads to the need for a saliency

analysis.
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Table 3.6. Validation results of the 2" retrained models with different input feature
construction methods. Top two models with each input feature construction methods were
listed. The evaluation factors were obtained by 10-fold cross-validation in the training set.

Algorithms Feature Optimization Precision Recall F'score S’
IR vy y=13 0.474 0.474 0.474 0.677
tfvs y=1 0.385 0.526 0.444 0.667
1fvs N, =11, y=1 0.600 0.632 0.615 0.768
ANN
vy N, =6 0.444 0.421 0.432 0.650
R combined #fv , 0.533 0.421 0.471 0.668
combined #fv, | 0.533 0.421 0.471 0.668
ANN combined #fv, | N, =4 0.556 0.526 0.541 0.710
combined#fv , . N, =9 0.529 0.474 0.500 0.689
segmented tﬁ/z,3 0.471 0.421 0.444 0.646
LR segmented Zfi/2,4 0.385 0.526 0.444 0.704
ANN segmented tﬁ/z’3 N, =9 0.556 0.526 0.541 0.710
segmented tﬁ/z,z N, =2 0.450 0.474 0.462 0.676
R motif (L < 6) 0.480 0.632 0.545 0.770
motif (L <5) 0.429 0.474 0.450 0.675
ANN motif (L <7) N, =4 0.529 0.474 0.500 0.678
motif (L < 6) N, =3 0.500 0.421 0.457 0.647

Table 3.7. Top five 2" retrained models showing best performance

Algorithms  Feature Optimization Precision Recall F'—score
ANN tv; N =11, =1 0.600 0.632 0.615
LR motif (L < 6) 0.480 0.632 0.545
ANN combined #fv, , N, =4 0.556 0.526 0.541
ANN segmented tﬁ/z,3 N,=9 0.556 0.526 0.541
ANN combined #fv, , . N, =9 0.529 0.474 0.500
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Figure 3.6. ROC curve performances of top two (a) LR models and (b) ANN models with

each input feature construction methods. In general, ANN models show higher AUC than
LR models.
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3.3.4. Saliency analysis and overall observations

The saliency measures can be used to identify important input features.** Figure 3.7

shows that the saliency of segmented #/v43 ANN models is high in the features of the first
and last segment (i.e., at the ends of the sequences). Previous studies on the displacement
of ssDNA by surfactants®®?’ suggest that the difference between recognition and non-
recognition sequences is due to structural differences at sequence ends. Saliency results
support that experimental finding.
Saliency also can be used to study model performance by examining the number of
irrelevant features, defined by when the standard deviation is larger than the mean value.
We rank models by the ratio of the irrelevant to total features. The top 4 models with lowest
irrelevant feature ratio are #fv3, motif-based feature with L,.. = 7, the combined #fv>_3, and
tfvi-2-3. These four are also the top 4 ANN models based on the validation results.

Figure 3.8 shows the n-gram frequency of the final training set. Recognition
sequences evidently contain higher frequency of ‘CCC’, especially in the newly discovered

sequences (red box). This is consistent with a previous experimental finding.?®
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Figure 3.8. Heatmap analysis of relative enrichment of trigram terms in recognition
sequences. The horizontal axis represents each of the eight 3-gram words. The vertical
axis represents individual experimentally tested sequences. Those inside the red rectangle
are new sequences discovered in this work. Grey in the rightmost column represents a
label of “Y”, i.e., that of a recognition sequence. The heatmap itself displays the frequency
of occurrence of that word in that particular sequence.
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3.4. Conclusions

The DNA/SWCNT hybrid system comprises a vast set of sequence/(n,m)
combinations. A small fraction of these form recognition pairs that allow separation of
individual (n,m) SWCNT from a mixture. Our considerable knowledge about their
structure and thermodynamics has not previously translated into an ability to predict
recognition sequences. Here, we systematically applied machine learning techniques to
predict recognition sequences. For simplicity and illustrative purposes, we restricted
ourselves to a 12-mer sequences with a 2-letter alphabet (C & T). ML models were trained
on available data, and re-trained twice based on new experimental data. We showed a
remarkable increase in the frequency of recognition sequences from 10% in the original
training set to >50% in the model-predicted sequence sets.

To design an improved model, detailed analyses were carried out. Performance was
measured in terms of evaluation parameters (F'—score) by cross-validation and prediction
errors on the newly tested sets. Often model performance depends strongly on choice of
sequence representation by input features. We chose a number of feature representation
methods including #fv, psv, and mixed models. These methods have competing advantages
when it comes to capturing information embedded in a set of sequences. When predicting
new sequences to be tested experimentally, we chose on the basis of consensus of a number
of methods, on the notion that the intersection of predictions made by different models
would mitigate the limitations of our data set size and feature encoding schemes.

Among individual models, prediction performance of the #/v models was generally

better than psv; trigram ¢fv models showed smaller prediction error. Based on these
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analyses, we directed attention to ANN and LR using #v. We also explored new input
feature construction methods such as combined or segmented ¢fv, and motif-based features.
We obtained highly encouraging models that showed an improved F'-score of ~ 27% when
compared to the best previous model. In general, the ANN algorithm in combination with
trigram ¢fv showed the best performance.

As aids to model interpretation, we investigated the discovered motif and feature
saliency. We found that the top ranked motifs found with no motif-length limitation
contained at least 8 bases. This result may suggest that at least 8 bases are needed to tightly
wrap around SWCNT to exhibit a specific binding characteristic. According to the saliency
analysis, the sequence at the ends contributes more to the classification, consistent with
experiment.?%-2’

One may question the representation of recognition DNA sequence prediction as a
binary classification problem, since each pairs with a different SWCNT. Success despite
this assumption, indicates that recognition sequences may share common features although
individual recognition sequences recognize a particular (n,m) species. Although our model
is promising, we believe that there is considerable room for improvement. For example,
recognition sequences differ in terms of selectivity, represented by purification yield.
Some special sequences are known to be capable of separating enantiomers?®. Yet, in the
current model, these are all assigned the same label/score.

These considerations suggest future research in two major directions: one is to
develop resolution-based multi-level classification. For example, multi-level classification

would allow us to capture improvement in the model between the first and second rounds
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of experiment by allowing cases labeled as N* to be accounted for as their own level of
classification. The other is the study of methods for the interpretability of ML models such
as saliency analysis. More broadly, bio/nano hybrid materials made of inorganic
nanostructures and sequence-defined polymers such as DNA and peptides represent an
emerging class of materials that have many promising applications. Design of this new
class of material inevitably has to solve the challenging problem of efficient exploration of
a vast sequence space. The learnings we obtained in this work should provide some insight

to the more general sequence selection problem.
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3.7. Appendix

3.7.1. Scoring Factor, S

We have introduced a new scoring factor, S:

S = TP-FN n TN—FP (3.2)
p 1-p

where p is the frequency (estimate of probability) of the positive instances (i.e., recognition
sequence) in the original data set. This is based on the consideration that TP and FN are
drawn from positive instances with probability p, and TN and FP from negative instances
with probability 1-p, and a correct (incorrect) classification should gain +1 point,
respectively. The scaling by probability is important, because it gives more credit

(punishment) to the correct (incorrect) prediction of less frequent and more interesting

events. Here, the probability p is approximated by TP;J where Ny is the number of total
T

instances (N = TP + FP + FN + TN). Then, eq (3.2) can be rewritten in terms of recall

FP
FP+TN

and false positive rate (FPR = ) as S = 2Ny (R — FPR). Finally, the factor S is

normalized as eq (S2), so that it can be compared directly with the F' score.

_ S/2N7+1 _ R—FPR+1
2 - 2

Sl

(3.3)
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3.7.2. Saliency Analysis

It is well known that saliency measures in feedforward ANN can be used to assess a
feature’s relative importance.* ™ The higher a saliency value, the stronger the relationship
between input feature and output.

Derivative-based saliency measures were developed by Ruck et. al." in which the
sensitivity of the network output to its input feature can be expressed by the derivative of
an output with respect to a given input. When the sigmoid function is used for a

feedforward single hidden layer ANN, the derivative is

0z;
6_; = 2i(1 = 2) Tyt y WiXm (1 = X3) Wiy 34

where z; is the output node 7 in the output layer, x; is the input feature &, x1, is the output
of node m in hidden layer, wj,, is the weight connecting node & in the input layer to node
m in the hidden layer, w?; is the weight connecting node  in the hidden layer to node i in
the output layer, and N, is the number of nodes in the hidden layer.

The integrated saliency is defined by

Ay = Yixes Li Dixyeny, i (x,w) (3.5a)

axk
where X is the n-dimensional input features, S is the set of p training vectors, w is the

weights in the network, and Dy, is a set of R points for input x; which will be sampled.”

* W. Ruck, D., Rogers, S. & Kabrisky, M. Feature Selection Using a Multilayer Perceptron.
Journal of Neural Network Computing 2, (1993).
" Belue, L. M. & Bauer, K. W. Determining input features for multilayer perceptrons.
Neurocomputing 7, 111-121 (1995).
¥ Steppe, J. M. & Bauer, K. W. Feature saliency measures. Comput. Math. with Appl. 33, 109-126
(1997).
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Here, % (x, w) can be obtained by eq (3.4). To compare the errors in different models, eq
k

(3.5a) is normalized by the total number of the derivatives,

A, = 2 (3.5b)

npR

The feedforward single layer ANN was trained at least 101 times with randomly initialized
weights, from which the average of normalized saliency A, was obtained.

The averaged saliency of top two ANN models for each feature are shown in Figure 3.7,
3.9,and 3.11. (Positive saliency indicates that the input feature is related to the recognition
class; negative saliency indicates it is related to the non-recognition class.)

Figure 3.11 shows the normalized saliency of ANN with motif-based features models.
Generally, saliencies of the recognition/non-recognition motifs are positive/negative. Also,
longer motifs tend to show higher absolute values of saliency, suggesting that the longer
motifs have more significant information. In general, the non-recognition motifs show low
saliency values compared to the recognition motifs even though the conditional
probabilities of non-recognition motifs are much higher during motif selection (Figure 3.5).
We suggest that there are more of the non-recognition motifs than the recognition motifs
in entire motif space; or, the recognition motifs are highly relevant in determining the
recognition sequences as compared to non-recognition motifs. This can explain why few

recognition sequences are found in random searches of DNA library.
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tfv (top) and 4-gram ¢fv (bottom) calculated by eq. (3.5b). Error bar represents standard
deviation.
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Figure 3.11. Average of normalized saliency of the feedforward ANN models with motif-
based feature (L. < 6) (top) and (L. < 7) (bottom) calculated by eq. (3.5b). Error bar
represents standard deviation. The first ten sequences are recognition motifs while the
second ten are non-recognition motifs.

3.7.3. Probability of Finding Recognition Sequences

Based on our initial training set, the population of recognition sequence is ~ 0.1

(9 recognition sequences and 73 non-recognition sequences). Suppose that the population

is a normal distribution with standard deviation, o: N(u,0) where u is 0.1 and o is

assumed to be 0.1 (black dotted line in Figure 3.12). Note that the standard deviation might

be much smaller than 0.1 because we set a high standard when defining the recognition
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sequence, however, to show the extreme case, we set the standard deviation to a relatively
large value (0.1). Similarly, the population of the recognition sequence in the predicted set
is 0.5 (5 recognition sequences and 5 non-recognition sequence for each set predicted by
initial and 1% retrained model), and the population can be presented as N(0.5,0.1), shown
as red solid line in Figure 3.12.

Suppose we randomly sample 10 test sequences in the entire sequence space for 12 mer
C/T library (2'?). According to the central limit theorem, the mean is the same and the
standard deviation of the sampling distribution is the value obtained by dividing the

standard deviation of the population, o, by the sample size, n, so the sampling distribution

g

is (u, \/_ﬁ) (blue dashed line in Figure 3.12). As shown in Figure 3.12, the random sampling

distribution is much narrower than that of the training set and is far from the population in
the predicted set by our models. This demonstrates that it is very unlikely that 50% success

rate could be achieved by random sampling.
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(black dotted line) and when ten sequences are randomly drawn from the population of
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3.7.4. MERCI"' Command Example

perl MERCI.pl -p TClZ pos.txt
-n TClZ neg.txt

g1

-gl 12

-k ALL

-0 TCl2 rec motif 17

-fp 1

-fn 83

-1 7

Here, ‘-p filename’ and ‘-n filename’ set the file with the positive (recognition) and
negative (non-recognition) sequences. The file should be in Fasta format. ‘-k value’ sets
the number of motifs requested. ‘4LL’ means all the possible motifs requested. ‘-g value’
and ‘-gl value’ set the maximal number of gaps and maximal gap length. ‘-o file’ set the
output file where motifs will be saved. ‘-fp value’ and ‘-fn value’ set the minimal frequency
for the positive sequences fp and the maximal frequency for the negative sequences f,
respectively. The frequency should be an absolute number between 0 and the total number
of positive (negative) sequences. We set fp = 1 and fy = 83 (the number of non-recognition
sequences in the training set) when we discover recognition motifs, so that all the possible
recognition motif can be searched. When we discover non-recognition motifs, we use fp =
10 and fy = 10. This is because it is seen that we have more non-recognition motifs based

on the portion on non-recognition sequences in the training set, so limited fp and fv could

" Vens, C., Rosso, M.-N. & Danchin, E. G. J. Identifying discriminative classification-based motifs
in biological sequences. Bioinformatics 27, 1231-1238 (2011).
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provide more robust motifs. ‘-/’ sets the maximal length of motif. In this study, we vary
the maximal length of motif, /, from 5 to 7 for recognition sequences and set to 6 for non-

recognition sequences.

3.7.5. WEKA"™ Command Example - Artificial Neural Network

java weka.classifiers.functions.MultilayerPerceptron

-L 0.3

-M 0.2

-N 500

-E 20

-H 11

-S 0

-t ./trainingSet/TC tfv 3gram.arff

-threshold-file ./WEKAresults/roc/tfv3/TC tfv 3gram seedl.arff

> . /WEKAresults/tfv3/ TC tfv 3gram seed0l

First, specify the learning algorithm (‘weka.classifiers.functions.MultilayerPerceptron’ for
ANN / ‘weka.classifiers.functions.Logistic’ for LR / "weka.classifiers.functions.SMO’ for
SVM). *-L value’, *-M value’, *-N value’, ‘-E value’ set the learning rate, momentum, the
number of epochs, and the number of consecutive increases of error allowed for validation
testing, respectively. ‘-H value’ sets the number of hidden nodes in a single hidden layer

that was optimized manually. ‘-S value’ sets the value used to seed the random number

" Witten, 1. H., Frank, E. & Hall, M. a. Data Mining: Practical Machine Learning Tools and
Techniques. Annals of Physics 54, (2011)
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generator which was varied to get randomly initialized models required for saliency
analysis. ‘-t filename’ sets the training file. ‘-threshold-file filename’ set the file to save the
threshold data required to obtain ROC curve. “> filename’ in the last sentence saves the
model parameters and cross-validation results as the filename.

The models using LR and SVM can be implemented in a similar way.

3.7.6. Automated machine learning packages (Auto-WEKA " and h2o *

AutoML)

Even though we presented results based on our choice of three algorithms and manual
optimization of hyperparameters in the main manuscript, we also tried automated ML
packages to explore all models and adjust the hyperparameters. To be consistent with the
models used throughout this work, we used the Auto-WEKA package. In addition, to
compare with the WEKA package, we used the “h20” AutoML package. Both packages
return choices for algorithms and hyperparameters. We tested both packages with the
trigram #fv of the training set that was used for the 2" retrained model.

First, the Auto-WEKA searched more than 3,000 different models through the joint space
of WEKA’s learning algorithms and their hyperparameters to maximize F’-score. Each
model was evaluated by 10-fold cross-validation. The results show that the locally

weighted learning (LWL) model using repeated incremental pruning to produce error

* Kotthoff, L., Thornton, C., Hoos, H. H., Hutter, F. & Leyton-Brown, K. Auto-WEKA 2.0 Automatic
model selection and hyperparameter optimization in WEKA. Journal of Machine Learning Research 17,
(2016).
" Aiello, S., Eckstrand, E., Fu, A., Landry, M., and Aboyoun, P. Machine Learning with R and H2O.
(http://h20.ai/resources/, 2018).
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reduction (RIPPER) with reduced feature set by feature selection showed the best
performance (F’-score = 0.649). This value is comparable to the best values we obtained
using manually optimized ANN models. This provides some extra assurance that our
manual search has resulted in a near-optimal choice of model and hyperparameters.
However, Auto-WEKA results could not be reproduced on multiple executions, nor even
by using the optimized hyperparameter setting for the chosen “best” model. Given this
finding and the lack of transparency, we much prefer to present results based on our choice
of three algorithms and “manual” optimization.

Next, the h20 AutoML package was used to compare with the Auto-WEKA results. The
10-fold cross-validation results shows that the best model is ANN (F’-score = 0.688).
However, the ANN model has too many hidden nodes (200), which strongly implies it is
overfitting, given the limited size of our dataset. (The default value of the number of hidden
nodes is 200 and there is no option to set the hyperparameter range in the h2o AutoML
package.)

Overall, we believe that our model in the main manuscript is well-optimized and more

reliable than the models produced by the automated ML packages.

3.7.7. Link to Public Repository:

The following link is to a public repository where we provide a collection of scripts for
translation from sequence data to features. We have also included details and typical
example scripts for WEKA, MERCI, and code for saliency analysis.

https://bitbucket.org/jagotagrouplehigh/dna_swent ml/
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Chapter 4 : DNA-Wrapped Carbon Nanotubes via Methanol-

Aided Replacement of Surfactants’

DNA/SWCNT hybrids have attracted recent interest due to their ability for SWCNT
separation and their use as promising agents in biosensing and bioimaging applications.
In order to perform such SWCNT separation and application development, special DNA
sequences are needed that have an ability to recognize specific chiral SWCNT, called
recognition sequences. So far, sequence screening has relied on various sorting methods
which are costly and time-consuming. Recently, a new simple, rapid way to produce
DNA/SWCNT hybrids was reported using replacement of strong surfactant on SWCNT by
DNA, aided by methanol. However, little is known about the nature of the exchange
mechanism. Here, we investigated the kinetics of the replacement process aided by
methanol. A mechanistic model was proposed to analyze and extract the activation energy
of the exchange process. We found that some recognition sequences have significantly
different activation energy for different species of SWCNT, while some sequences do not.
The results suggest that the replacement process does not always produce the same
structure of DNA/SWCNT that was produced by traditional direct sonication. In addition,
for some sequences, it takes too long to reach the equilibrium wrapping configuration,

suggesting that the replacement method might not be suitable to make DNA/SWCNT

" This work has been performed in collaboration with Dr. Arjun Sharma of Lehigh University,
Guillaume Noetinger of ESPCI (Paris, France), and Dr. Ming Zheng of National Institute of
Standards and Technology.
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hybrids for these sequences. Nevertheless, our results suggest that the methanol-aided
replacement process not only can reduce preparation time for DNA/SWCNT dispersion,
but also could be useful as a promising low-cost, rapid way to identify recognition

sequences.
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4.1 Introduction

Single-wall carbon nanotubes (SWCNTSs) are tubular nanostructures obtained
conceptually by rolling a two-dimensional graphene sheet.! The structure of a given
SWCNT is uniquely defined by a chiral vector that specifies how the graphene sheet is
rolled into a tube. The chiral vector is typically expressed by chiral indices (n,m),
representing the number of steps taken along each of two unit cell vectors.! Since the
electrical and optical properties of SWCNTs are highly dependent on their chirality, its
control is significant in many applications.>? Previous studies have reported that certain
special short single-stranded DNA (ssDNA) sequences have recognition ability toward
partner SWCNT species.*® Furthermore, ssDNA-wrapped SWCNT (DNA/SWCNT) have
attracted considerable interest not only for their ability to be dispersed and sorted in
aqueous solution, but also for the sensitivity of their optical properties to molecular
analytes, which enables their use as promising agents in biosensing and bioimaging
applications.5™

In order to utilize DNA/SWCNT in applications, it is necessary to build a well-
identified DNA/SWCNT library. Since the DNA sequence library is practically infinite in
size, a search strategy is required. Significant effort has been expended to discover
recognition sequences — SWCNT pairs, and significant progress has been made in
understanding the underlying structure and thermodynamics of these hybrids.'%!
Furthermore, a recent study has reported remarkable improvement in success rate of
finding recognition sequences with a new approach using machine learning techniques.'®

Nevertheless, the pace of the process is still severely limited by experimental generation of
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DNA/SWCNT samples. In particular, preparation of DNA/SWCNT via direct sonication
of DNA and SWCNT mixtures!® followed by a centrifugation for removing impurities is
highly laborious and time-consuming. Recent studies have established a new technique for
preparing DNA/SWCNTs by replacing surfactants in methanol/water solution (Figure
4.1).202! 1t sped up the preparation with high SWCNT recovery by carrying out the
sonication and centrifugation once with a surfactant followed by the replacement of the
surfactant by any chosen DNA sequence. However, the nature of exchange mechanism is
not fully understood at this time. For example, the DNA/SWCNT hybrids prepared via
direct sonication are likely to form equilibrium structures unless the constituents are
damaged. However, it is not clear whether the methanol aided surfactant replacement
produces equilibrium structures immediately or over a period of time. Furthermore, the
final structure of DNA/SWCNT can be dependent on the reaction conditions such as the
concentration of methanol or DNA and temperature, which is directly related to the
reaction rate.

In this study, we investigated the kinetics of the replacement process of several
DNA sequences and SWCNTs. We used a surfactant molecule, sodium deoxycholate
(SDC), for initial nanotube dispersion, then replaced it by DNA, aided by the addition of
MeOH. By monitoring the kinetics using optical spectroscopy, our aim was to determine
the relative binding characteristics for ssDNA on SWCNTs. A mechanistic model was
developed for desorption of SDC and adsorption of DNA on the nanotube surface. The
activation energy for the replacement process was extracted to quantitatively compare the

binding characteristics for each DNA on SWCNT. We found that the replacement process
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is highly sequence- and chirality-dependent. This finding shows that DNA/SWCNT
preparation aided by MeOH could be a low-cost and rapid way to identify

recognition/resolving sequences for sorting and sensing applications.

Surfactant/SWCNT dispersion DNA/SWCNT dispersion

0

Figure 4.1. Schematic illustration for the methanol-aided exchange process of surfactant
on the surface of SWCNTs by DNA

4.2 Materials and Methods

4.2.1 Materials

Cobalt—molybdenum catalyst (CoMoCAT, SG65i grade) SWCNT was purchased from
Southwest Nanotechnologies. Single-stranded DNA (ssDNA) was obtained from
Integrated DNA Technologies (IDT). Sodium deoxycholate (SDC) (BioXtra, >98%), and
methanol (MeOH) were acquired from Sigma-Aldrich and used without modification. The

DNA sequences were chosen were among those reported as recognition sequences.

Specifically, (TAT)4, (TTA)4TT, and (CCA)1o are recognition sequences for (6,5), (8,3),

111



and (9,1), respectively; they have also been studied in the exchange reaction of
DNA/SWCNT by sodium dodecylbenzenesulfonate (SDBS). Other sequences,
(TTA)2(ATT)2 and (TG)2T4(GT)2, were chosen as the 12mer recognition sequences for (8,3)
and (9,1), respectively. (CCA)4 and (TAT)10 were additionally examined to investigate the

effect of sequence length.

4.2.2 Sample Preparation’

The CoMoCAT SWCNTs suspended in a 10 g/L of SDC solution were sonicated
using tip sonicator for 1 h at a power of 1 W/mL. The dispersion was then centrifuged for
1 h at 1885 rad/s (Beckman J-2 centrifuge, JA-20 rotor) to remove SWCNT aggregates and

residual impurities, and the supernatant was recovered.?!

4.2.3 Exchange Procedure

SDC/SWCNT dispersion was diluted such that the final concentration of SWCNT
was 5 mg/L. DNA was then added into the SDC/SWCNT dispersion in a 40:1 weight ratio
of DNA to SWCNT. The DNA and SDC/SWCNT mixture was placed in a water bath at a
chosen temperature. The volume of methanol was chosen to end up with various
concentration (20 to 50 v/v %). The desired amount of methanol was held in a quartz
cuvette at the same temperature. Once the temperature of the two solutions stabilized, the

DNA and SDC/SWCNT mixture was added to the cuvette and mixed gently using a pipette.

" The sample of SDC dispersed SWCNT was prepared by Dr. Ming Zheng at National Institutes of
Standards and Technology in Gaithersburg, MD.
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4.2.4 Spectroscopy Measurements
It has been reported that peak position in absorbance and intensity in fluorescence are very
sensitive to change in local environment of SWCNT. This allows SWCNT to sense changes
in the material wrapping it.?? In this manner, the peak shift in absorbance and intensity
changes in fluorescence can be used as a measure of DNA or SDC coverage, which is
directly correlated to the progress of the replacement reaction.
The absorbance spectrum of the sample was monitored immediately after the addition of
the mixture of DNA, MeOH, and SDC/SWCNT dispersion and then at 2 min intervals in
the range from 200 to 1100 nm using a UV/vis/NIP spectrophotometer (Varian Cary 50) at
various temperatures, 15°-35 °C. A prominent peak was observed at 983 nm and 990 nm
for the (6,5)-SWCNT covered by SDC and ssDNA, respectively, indicative of the E11
bandgap transition. The absorbance spectra of the SDC/SWCNT dispersion in the presence
of DNA and MeOH were measured at 5 °C and after overnight incubation at 40 °C as
controls. In addition, the SDC/SWCNT dispersion with DNA in absence of MeOH was
measured as another control.

Fluorescence spectra were recorded on a Fluorolog-3 fluorometer (HORIBA Jobin
Yvon) in conjunction with a near-NIR sensitive PMT. The excitation source was a 450-W
Xenon lamp. Emission wavelengths from 900-1200 nm with increments of 1 nm and slit
widths of 8 nm were used. The excitation were performed at 569 nm and 572 nm for

SDC/(6,5)-SWCNT and DNA/(6,5)-SWCNT hybrids, 668 nm and 672 nm for SDC/(8,3)-

" The fluorescence spectroscopic measurements were performed by Dr. Arjun Sharma of Lehigh
University.
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SWCNT and DNA/(8,3)-SWCNT, and 695 nm and 698 nm for SDC/(9,1)-SWCNT and
DNA/(9,1)-SWCNT, respectively. Additionally, dark count correction factors were applied
with integration time of 1 s. For controls without methanol and with or without free DNA,
excitations were done at 569 nm. Note that the SWCNT mixture is rich in (6,5)-SWCNT,
therefore, we measured (6,5)-SWCNT peak intensity in most cases, but (8,3) and (9,1)-

SWCNT were also measured for their recognition sequences.

4.2.5 Spectra decomposition

The absorbance spectra were decomposed into individual Voigt profiles,
convolution of Gaussian and Lorentzian profiles (see Supporting Information for details).
Figure 4.2 shows a typical decomposition of the absorbance spectra into contributions from
species in the mixture. We assume that the peak location can be used as a linear measure
of how far the reaction has proceeded based on the fact that the peak shift is caused by the
replacement of wrapping molecules®?. (See also Supporting Information for a discussion
of the correlation between peak shift and the reaction progress.) In fluorescence spectra,
the intensity change is dominant as the replacement proceeds, so the intensity change of

each SWCNT species was used as a measure of reaction progress.
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Figure 4.2. Decomposition of measured absorbance of SDC-coated SWCNTs and (TAT)4-
coated SWCNTs into contributions from four CNT species.

4.3 Results and discussions

We investigated the kinetics of SDC replacement by DNA on SWCNT facilitated
by methanol in aqueous solution using optical peak shift and intensity changes. To find the
optimal conditions that allow kinetic observations in a reasonable time (2 h) at mild
temperatures, preliminary experiments were carried out by monitoring the kinetics of
absorbance while varying the concentrations of MeOH and DNA. It was found that the
overall reaction is very sensitive to changes of the MeOH concentration. For example, the
reaction was completed quickly at room temperature (25 °C) at high concentrations of
methanol (60%) while replacement hardly progressed at low concentration of methanol
(20%) (Figure 4.3a). To examine the effect of the DNA concentration, we compared the
absorbance spectra of the SDC/SWCNT with different concentration of (TAT)4 incubated
at room temperature for 30 min with the control sample which was incubated overnight at

40 °C. We assumed that the control sample was entirely converted to DNA-covered
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SWCNT. Figure 4.4a shows that 30x mass excess of DNA to SWCNT is sufficient to reach
the reaction completion. Based on these results, we chose for our study the experimental

conditions of 40 v/v% MeOH concentration with 40x mass excess of DNA to SWCNT.

(a) , (b) 5,
——20% MeOH ® ¢ ¢ 8 8 8 enoMeoH
@ o o
——40% MeOH °>9$. °
0,
3 | ——60% MeOH 25 S o ® ® § o ©20%MeoH

0 25% MeOH

0 30% MeOH
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N
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N
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Figure 4.3. MeOH concentration-dependent kinetics measured, (a) by absorbance, and (b)
by fluorescence. (a) The absorbance was measured by the peak shift for the (TAT)4/(6,5)-
SWCNT. The peak locations of (6,5)-SWCNT were obtained by decomposing the spectra
(b) the fluorescence was measured by decay of the peak for (6,5)-SWCNT with the
excitation wavelength of 569 nm. Note that the SDC/SWCNT sample with 40% MeOH
sample immediately aggregates in absence of DNA.
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Figure 4.4. (a) SDC/SWCNT replaced by (TAT)s under incubation for 30 min at 40 °C
with different DNA concentration (5:1 to 40:1 mass excess of DNA to SWCNT) and the
control sample which we assume to be entirely DNA-covered SWCNT (i.e., incubated
overnight at 40 °C). Note that all samples were prepared with 40 v/v% MeOH
concentration. The 30x excess or higher concentration of DNA results in a complete peak
shift. (b) Time evolution of absorbance and fluorescence spectra for SDC/SWCNT
replaced by (TAT)s, showing an instantaneous peak shift in absorbance and intensity
changes in fluorescence, followed by slow changes. (c) Absorbance spectra for
(TAT)4«/SWCNT species show peak shift as SDC is replaced by DNA on SWCNT. The
spectra of the sample without DNA (black) and the immediate scan after DNA addition at
5 °C (blue) are seen to be identical. The spectrum of the immediate scan after DNA addition
at 20 °C (cyan) shows a slight redshift. (d) Temperature-dependent kinetics in the
absorbance measured by the peak shift for the (6,5)-SWCNT. The peak location of each
species of SWCNT was obtained by decomposing the spectra. Data show an instantaneous
initial increase (indicated by arrows along y-axis), followed by a further gradual increase.
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Figure 4.5. (a) The effect of MeOH concentration, DNA sequence, and the temperature on
the initial fluorescence intensity drop for (6,5)-SWCNT. The results show that the initial
intensity drop does not change with DNA sequence or temperature at fixed MeOH
concentration, but depends linearly on the MeOH concentration. Note that all data were
measured at room temperature except for the sample with temperature notation (+); all data
were measure in a 40:1 weight ratio of DNA to SWCNT except for the sample with notation
(o in blue). (b) The effect of the temperature on the initial peak shift in the absorbance.

The kinetics in absorbance and fluorescence were observed. Figure 4.4b shows
time-evolution of absorbance and fluorescence spectra of SDC/SWCNT for the (6,5)-
SWCNT peak. By comparing the spectrum taken immediately after addition to MeOH to

that of the control sample prepared in the absence of MeOH, we see clearly that there is an
118



instantaneous peak shift in absorbance and change in fluorescence intensity. We also found
subsequent time-dependent slow changes in absorbance peak location. Note that the
fluorescence showed no major changes over time after the initial drop occurred.

Next, we measured the kinetics of SDC/(6,5)-SWCNT with varying MeOH
concentration in the absence of DNA. As shown in Figure 4.3b, the fluorescence peak
intensity values for (6,5)-SWCNT show an instantaneous drop that increases as methanol
concentration increases. Interestingly, addition of methanol to a 40% total sample volume
immediately aggregates SWCNTSs in absence of DNA. It is worth noting that SDC/SWCNT
in presence of DNA at even higher MeOH concentrations (60%) is stable.?! This suggests
the hypothesis that the initial drop is observed due to the (likely partial) desorption of SDC
by MeOH. Figure 4.5a presents the initial drop as a function of the concentration of MeOH.
Note that the initial drop was obtained by subtracting the intensity of a given sample at ¢ =
0 from the intensity of the sample without MeOH. The data suggest that the initial intensity
drop does not change with DNA sequence or temperature, but it depends linearly on the
MeOH concentration, which is only associated with SDC, not DNA. Figure 4.6 also shows
that the absorbance spectra of DNA/SWCNT does not change in the presence or absence
of MeOH. Therefore, we suggest that the interaction between DNA and MeOH is

negligible, and we propose that the initial drop can be used as a measure of SDC desorption.

119



o©
o

05 ——no MeOH
——33% MeOH
4
0 ——50% MeOH
—60% MeOH

Absorbance
o o
N w

o
-

il 1

900 950 1000 1050 1100
Wavelength (nm)

o

Figure 4.6. Absorbance spectra of TTA(TAT)ATT/(6,5)-SWCNT in various
concentration of MeOH.

4.3.1 SDC replacement process by DNA

The SDC exchange process by different DNA sequences was monitored using the
absorbance and fluorescence spectra for the (6,5) and (8,3)-SWCNT. Figure 4.4¢ depicts
the absorbance spectra of the pure SDC-covered SWCNT, the initial mixture measured
immediately at 5 °C and 20 °C, and the final mixture obtained after incubation overnight
at 40 °C. The spectra of pure SDC-covered SWCNT and the initial mixture at 5 °C are seen
to be identical while a slight difference is observed in the initial mixture at 20 °C. This
indicates that the replacement reaction has not started at 5 °C; it starts at higher temperature.
On the contrary, the uniform instantaneous intensity drop in fluorescence is observed
regardless of the temperature (Figure 4.5a). Especially at high MeOH concentration
(>40%), most SDCs are destabilized as soon as MeOH is added. This is supported by the
previous experiments in which, in the absence of DNA, 40% MeOH shows instantaneous

SWCNT aggregation. We interpret this difference to mean that the effect of MeOH on
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partially destabilizing SDC adsorption is nearly instantaneous. The temperature-dependent
kinetics were then measured by the peak shift of each chirality (Figure 4.4d for
(TAT)4/(6,5)-SWCNT, other sequences are shown in Appendix). We observed a rapid
initial peak shift followed by a gradual increase over longer periods of time. We interpret
the initial increase as a nearly instantaneous, partial and disordered, adsorption of DNA
bases on regions of SWCNT exposed by desorption of SDC. We then interpret the gradual
increase over the next two hours as conformational changes of DNA/SWCNT structures as
they approach equilibrium.

Based on these experimental findings, we therefore propose a three-step model for
the interaction of DNA with the SDC/SWCNT hybrid, sketched in Figure 4.7. The initial
state consists of an aqueous solution containing SDC/SWCNT and dissolved excess DNA.
Prior to addition of MeOH, this state is indefinitely stable. Upon addition of MeOH, the
steps are as follows: (1) instantaneous partial SDC desorption by MeOH (desorption
increases with MeOH concentration); (2) rapid partial adsorption of DNA to SWCNT
surface exposed by SDC desorption; (3) time-dependent DNA rearrangement (and

adsorption) which we will model as a simple pseudo-first-order reaction.

1. SDC desorption by MeOH 11. DNA adsorption with fast diffusion 111. DNA relocation
(SWCNT is NOT fully wrapped by DNA) (SWCNT is fully wrapped by DNA)
< &
5 g veryfast fast slow 9 e
= % wn X
e "' o
40 1 DNA:CNT ', y |
40% MeOH O OZ E

Figure 4.7. Schematic illustration of the mechanistic model for the exchange process of
SDC on the surface of SWCNTs by DNA.
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The first SDC desorption step is too fast for to see its temperature dependence, as
depicted in Figure 4.5a. At the second step, we suggest that the rapid initial peak shift can
be interpreted by a competitive adsorption isotherm. The initial peak shift (Ap;) is
calculated by the difference between the peak location at 5 °C and the peak location
intermediately measured at a given temperature. Figure 4.5b reveals the linear dependence
of In (Ap,) on 1/T where Ap, was scaled to be in range of [0,1]. Furthermore, we
investigated the sequence-dependence of the exchange process. We found a significant
difference in initial DNA adsorption rate between T/A or T/G rich sequences versus C/A
rich sequences. The C/A rich sequences, (CCA)4and (CCA)1o, are initially replaced faster
than other T/A or T/G rich sequences, as presented in Figure 4.5b.

We hypothesize that most SDCs are desorbed and DNAs are partially adsorbed
rapidly in stages 1 and 2. This is supported by the prior experimental data that the
instantaneous SWCNT aggregation occurred in 40% MeOH in absence of DNA. The rate
of stage 3, we propose, is limited not by DNA adsorption but by DNA rearrangement on

SWCNTs.

4.3.2 Kinetics of DNA Rearrangement
The kinetics of the gradual rearrangement of DNA is analyzed as an activated process to
extract the activation energy. The DNA rearrangement can be modeled as a simple first-
order reaction where a disordered DNA on SWCNT (4) forms an ordered structure (B) as
shown below:

A58 4.1)
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Then, the rate of production of B, DNA rearrangement on the SWCNT surface, can be

expressed by
- = k[A] 4.2)

By assuming the transition state theory and quasi-equilibrium states, the concentration of
DNA on the SWCNT in ordered structure can be found:

[B] = [Blo + [A]o{1 — exp (—kt)} (4.3)

where [A]y and [B], are initial concentration of disordered and ordered structure of
DNA/SWCNT. Note that the initial quick DNA adsorption (step 2) was observed, thus we
cannot apply the initial condition such that [B], = 0 at = 0.
We previously assumed that the absorbance peak location (p) is linearly dependent on how
far the reaction has proceeded which is directly related to the concentration of each
SWCNT so that following the peak location is the same as following the reaction.
Therefore, eq (4.3) can be represented as a function of peak shifts:

Ap = Ap; — Cexp (—kt) (4.4)
Here, Ap is calculated by subtracting the peak location of initial mixture at 5 °C from the
peak location at a given temperature and time, Ap; is the initial peak shift, and C is constant
related to [A],.

Based on Eyring reaction rate theory, the overall reaction constant £ is

k=hkyexp (-2 4 A5*) (4.52)

kT ~ kp

AS*
kB

In(k) = In(k,) — (4.5b)
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Therefore, the activation enthalpy can be obtained from the slope of In(k) versus 1/7 in the
Eyring plot. Details are described in the Appendix.

Figure 4.8 shows the Eyring plot for various DNA on (6,5)- and (8,3)-SWCNT and
the slope for each DNA/SWCNT hybrid that represents the relative enthalpy (AH* /kp).
Previously, our group investigated the activation energies for the removal of DNA from a
given SWCNT species by a surfactant molecule, SDBS, and reported that DNA sequence
has noticeably higher activation energy on its recognition-partner species of SWCNT than
on non-partner species'>. Interestingly, it has been found that the activation energy of the
reverse reaction in the presence of MeOH is chirality dependent for some DNA sequences.
For example, (TAT)s and (TTA)2(ATT): have lower activation energy on their partner
species of SWCNT (i.e., (TAT)4/(6,5)-SWCNT and (TTA)2(ATT)2/(8,3)-SWCNT). Note
that (TG)2T4(GT)2, known as the (9,1) recognition sequence, !¢ also showed considerable
difference in the activation energy between (6,5) and (8,3)-SWCNT. Although other
sequences such as (CCA)io and (TTA)4TT have shown the ability to sort SWCNT species,*
they showed no differentiation between (6,5) and (8,3)-SWCNT. This suggests that, in the
surfactant replacement route, not all DNA sequences are forming the same structure of
DNA/SWCNT as those prepared via direct sonication.

In general, T/A rich sequences are seen to have lower activation enthalpy than T/G
rich sequences. In addition, we found that (CCA)10 shows similar activation energy to that

of T/A rich ~12-mer sequences even though (CCA)io is much longer.
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Figure 4.8. Eyring plots for the exchange process of SDC on (6,5) or (8,3)-SWCNT by
different DNA sequences and the relative activation enthalpy (AH* /k) estimated from the
slope of Eyring plot.
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Although (CCA)¢ is a considerably longer sequence than other sequences we tested,
no significant difference in activation enthalpy was observed. Since the kinetics are seen
to be sequence dependent, it could not be appropriate to examine the length effect by
comparing different lengths in different sequence combinations. Thus, we additionally
tested 12-mer C/A rich sequence, (CCA)s, and 30-mer T/A rich sequence, (TAT)io. It is
interesting to note that (CCA)4 shows a significantly faster reaction than T/A or T/G rich
sequences of the same length (Figure 4.8). It is worth noting that C/A rich sequences,
including (CCA)10, exhibited abnormal behavior in aqueous two-phase solution that
required more PVP to move the SWCNT into the top phase, indicating higher
hydrophilicity of the hybrid surface compared to others.?*

Furthermore, (TAT)1o showed an extremely slow reaction. For example, the peak
location did not reach its final value (i.e., the peak location of DNA-covered SWCNT) even
after 20 h at 50 °C, suggesting that the reaction was not completed (Figure 4.10). A similar
instantaneous drop in fluorescence was still observed (Figure 4.5a) and no aggregation was
detected. This experimental finding indicates that although some DNA covered the free
sites on SWCNT as SDC was desorbed (i.e., the first and second stage in Figure 4.7), it
still takes a long time to complete the rearrangement of DNA required to completely cover

the SWCNT with DNA.
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4.4  Conclusions

We have investigated the kinetics of the SDC exchange process by DNA, aided by
the addition of MeOH. Observations suggest a three-stage process in which partial SDC is
immediately desorbed by the addition of MeOH, DNA then (also rapidly) adsorbs to
SWCNT surface exposed by SDC desorption, followed by a slower process interpreted as
DNA rearrangement on the SWCNT surface as the system moves towards its equilibrium
state. The activation energies for each DNA sequence on (6,5) and (8,3)-SWCNT were
extracted to quantitatively compare their binding characteristics. We found two classes of
behavior in Figure 4.8. Class 1 shows significant different activation energies between (6,5)
and (8,3)-SWCNT. This class includes some recognition sequences, e.g., (TAT)4,
(TTA)2(ATT)2, and (TG)2T4(GT)2. In contrast, Class 2 presents no chirality-dependence
on the activation energy. The Class 2 includes the non-recognition sequence, (CCA)a4, also
some recognition sequences, €.g., (TTA)4TT and (CCA)1o. This suggests that the newly
developed MeOH aided replacement process does not always produce the same structure
of DNA/SWCNT as does direct sonication. For example, the Class 1 sequences
presumably have same structure as that prepared by direct sonication, so they exhibit
chirality-dependence. However, the Class 2 sequences are formed in slightly different
DNA/SWCNT structure, so their recognition ability to its partner species of SWCNT is
lost. This finding strongly suggest that the recognition ability is based on the secondary
structure of DNA on SWCNT. To demonstrate this interpretation, further experiments are

required.
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4.7 Appendix

4.7.1 Spectral Decomposition based on Voigt Profile
An individual spectrum of pure SWCNT species is well-approximated by a Voigt

profile which is the convolution of a Gaussian, G(x'; ¢), and a Lorentzian, L(x — x'; y).

V(x;0,y) = fjooo G(x";0)L(x —x";y)dx’' 4.7)

) 1 x2 . _ )4
where G (x; 0) = —==exp (—ﬁ) and L(x;y) = T2 1y2)’

Here, o is the standard deviation of the Gaussian profile, y is the half-width at half-
maximum (HWHM) of the Lorentzian profile, and x is the shift from the line center. The

Voigt profile can be evaluated using the real part of the Faddeeva function w(z):

Re[w(2)]

V(x;0,y) =i

(4.8)

where z = % and w(z) = e % erfc(—iz).

The spectra of a mixture of SWCNT is considered as a sum of the spectra of pure species.
Thus, fit the spectra of the mixture of SWCNT as a sum of contributions from each of the
purified species by adjusting the fitting coefficients: peak position, peak height, o, and y.
Figure 4.2 shows a typical decomposition of the absorbance spectra into contributions from

species in the mixture.
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4.7.2 Correlation between Peak Shift and Reaction Progress
Let us consider a dominant peak like (6,5) that is not really influenced by its

neighbors (although it strongly affects them). For this peak (let’s assume it is Gaussian),

let
A=15)?
fi@) = agexp (- 325) (4.92)
_ _ (-2p)?
fo@) = apexp( ot ) (4.9b)

Suppose that the spectra sum as f =af; +(1—a) fp» where « indicates the extent to

which the reaction has proceeded with value of 1’ denoting fully surfactant coated and ‘0’

representing fully DNA coated SWCNTs. So,
f=aa exp[—(/l ~2)} (207 )] +(1-a)a, exp[—(/l ~2,) (202 )} (4.10)

The peak location, A, is given by the solution of

of _

=0=
oA 0

*_ *_ 2 *_ *_ 2
aa, E2 exp [——('1 As) ] +(1-a)apd afD) exp [— @A)y ] =0 4.11)
D

2 2 2
s 205 20p

It is not obvious that the solution of this equation goes from one limit to the other according

to . Let’s look at some special cases. Firstly, we know that

*__ 2
E2 «1 (4.122)
EIor 1 (4.12b)
D
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This is because our shifts (~ 5 nm) are small compared to the peak width (~20 nm). So,

we approximate the exponentials in the previous equation by ‘1’ and our equation becomes:

aas(’l—_f%r(l—a)a[,wzo (4.13)
O-s GD
This can be solved for A",
Ju aa,cpA, +(1—a)aDofz/1D “.14)

aacp+(1-a)a,o;
Suppose that the two peaks are such that a,0, =a,o.. This could be because they have
the same standard deviation and amplitude, for example. In that case,

A =ai +(1-a)4, (4.15)
That is, under the assumption that the peak shift is small compared to standard deviation
and that the amplitude and standard deviation of the DNA-coated and surfactant-coated
cases are very similar, then one can say that just following the peak location is the same as
following the reaction.

Creating counter examples where following the peak position is not a good idea is

not so difficult. For example, take the case, as occurs in fluorescence spectroscopy where,

say, dg >>da,. Then it is clear from looking at the solution for the peak position A" that

for most of the reaction the peak position will not change from A ; it would be much better

to follow the peak amplitude to follow the reaction.
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4.7.3 Effect of Oxidant on SDC/SWCNT and DNA/SWCNT"

To demonstrate the stability of SDC surface adsorption on SWCNT in solution we
treated SDC/SWCNT to a one electron oxidant reagent, K,Ir(Cl)s (Potassium
Hexachloroiridate). Fluorescence emission peak intensity measurements show that
SDC/SWNCT are resistant to quenching even at increasing concentrations (1 uM - 10 uM)
of KoIr(Cl)s (Figure 4.9a). On the other hand, DNA/SWCNT at the same KIr(Cl)s
concentration range show an increased fluorescence quenching (Figure 4.9b). It is well
known that surfactants like SDC tightly pack around SWCNT, thereby limiting solvent
access to the SWCNT surface. Based on our prior work?* DNA oligomers form secondary
structures on SWCNT that are specific to nucleotide sequence and SWCNT chirality. It is
hypothesized that only some DNA oligomers form highly ordered conformations on
specific SWCNTs, also known as recognition sequences. Hence DNA/SWCNT are
generally very much susceptible to changes in solvent dielectric environment which

manifests as large changes in fluorescence emission intensity.

* This work has been performed by Dr. Arjun Sharma of Lehigh University.
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Figure 4.9. Comparison of fluorescence emission spectra of (a) SDC/SWCNT and (b)
TTA(TAT)2ATT/(6,5)-SWCNT in presence of Kaolr(Cl)s, a strong oxidizing reagent in
solution (1 uM — 10 uM) . The fluorescence intensity values of SDC/SWCNT barely
change while the emission peak of TTA(TAT)ATT/(6,5)-SWCNT shows substantial
fluorescence quenching with increasing concentrations of KzIr(Cl)s. The controls include
SDC/SWCNT (solid black dashed line) and TTA(TAT)>ATT/(6,5)-SWCNT (solid yellow

dashed line) in absence of KxIr(Cl)e.
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4.7.4 DNA Rearrangement Kinetics and Transition State Theory

Consider a reaction of DNA rearrangement on SWCNT where disordered structure
of DNA on SWCNT (A4) forms an ordered structure DNA/SWCNT (B). The rate of
production of B is then expressed by eq (4.2) in the main text of this chapter. Similarly, the

rate of consumption of 4 can be found

—— = —k[A] (4.16)
Integrating [A] with respect to ¢, we can obtain

[A] = [A], exp(—kt) (4.17)

Plugging the expression into eq (4.2),
—— = k[A] = k[A], exp(—kt) (4.18)
Transition state theory assumes that there is an intermediate step in which a transition

complex, BY, is formed.

k k
ASBf3B (4.19)
The rate of change in the concentration of intermediate complex (B¥) can be found:

U~ s [A] ~ -y [B¥] — ky[BY] (4.20)

It is assumed that the reactants and the transition state are in a quasi-equilibrium:
ki[A] = k_4[B¥] (4.21)
Therefore, the rate equation (4.20) can be simplified to

B _ _p [B] = — KLk, 4] = _% (4.22)

. . k
where k is overall reaction rate constant (k = K*k,, K¥ = k—l)
-1
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Then, integrating the right-hand side of equation (4.22) with respect to ¢ and applying an
initial condition,

[A] = [A]lp and [B] = [B],att =0
Finally, the concentration of ordered structure of DNA on the SWCNT [B] can be found
by eq (4.3) in the main text.

Using thermodynamic relationships, activation enthalpy, entropy, and free energies can be

found:
AG* = —kzTInK* = AH* — TAS* (4.23)
Thus,
§_ _AaHt | ast
InK*¥ = ot + P (4.24)

Then, the overall reaction constant & is

F S
k =kyexp(— %T + AkiB) (4.252)
In(k) = In(k,) — %’; + Ak—f (4.25b)

Therefore, the activation enthalpy can be obtained from the slope of In(k) versus 1/7 in the

Eyring plot.
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4.7.5 Raw Data of Temperature-dependent Kinetics in Absorbance for

Various DNA on (6,5)-SWCNT
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Figure 4.10. Temperature-dependent kinetics measured by the peak shift in the absorbance
spectrum for the (6,5)-SWCNT. The peak location of each species of SWCNT was
obtained by decomposing the spectra. Note that all the kinetic experiments shown here
were performed at 40 v/v% MeOH concentration. Note that for some sequences, e.g.,
(TAT)1o, it takes too long to reach equilibrium wrapping configuration, and the exchange
method might not be a good way to make DNA-CNTs for these sequences.

138



4.7.6 Link to Public Repository:
The following link is to a public repository where we provide a collection of scripts for
spectral decomposition based on Voigt profile and kinetic analysis.

https://bitbucket.org/jagotagrouplehigh/dna_swcnt SDCexchange/
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Chapter 5 : Molecular Perceptron: A New Perception-based
Sensor to Detect Ovarian Cancer Biomarker using Machine

Learning’

Ovarian cancer is the fifth-leading cause of cancer-related deaths among females in the
United States. Early and accurate detection of cancer can significantly improve the five-
year survival rate. One of two FDA-approved serum biomarkers for ovarian cancer,
Human epididymis protein 4 (HE4), provides noticeable sensitivity and specificity for
ovarian cancer diagnosis. Current research on sensing applications has largely been
based on one-to-one recognition. However, this is an inefficient way to detect various
molecules since it requires the same number of receptors as the number of molecules one
wishes to detect. To detect a combination of various analytes simultaneously, an effective
and automatic data processing system is essential. In this study, we propose a new
perception-based sensing system using weakly-specific sensor arrays that can be analyzed
by an artificial perception model, we call the Molecular Perceptron. We demonstrate that
the Molecular Perceptron can detect HE4 in the presence or absence of other analytes.
The Molecular Perceptron is based on the DNA/SWCNT system, which has attracted

considerable interest due to its unique optical properties and their strong sensitivity to

* Portions of this work have been submitted as grant proposal to Designing Materials to
Revolutionize and Engineer our Future program of National Science Foundation. This work has
been performed in direct collaboration with Dr. Ming Zheng at National Institute of Standards and
Technology (Gaithersburg, MD) and Dr. Daniel Heller, Dr. Zvi Yaari, and Alex Settle at Memorial
Sloan Kettering Cancer Center (New York, NY).
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changes in the local environment. DNA/SWCNT hybrids were utilized to optically detect
the analytes by observing changes in the fluorescence spectra of each SWCNT. Using the
experimental data, machine learning models were trained using three different algorithms:
Support Vector Machine, Random Forest, and Artificial Neural Network. Overall, the
machine learning models achieved remarkable trainability giving F'-scores of ~0.95. It is
strongly suggestive of the idea that the perception mode of sensing can make accurate

judgements in a noisy sensing environment.
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5.1 Introduction

Cancer patient prognosis and quality of life are significantly affected by the failure
to accurately diagnose disease at an early stage. One such example is ovarian cancer, the
fifth-leading cause of cancer-related deaths among females in the United States and first
among gynecologic malignancies,' resulting in 22,000 new cases and 14,000 deaths per
year.! There is currently no method to achieve early, accurate diagnosis, nor are there
strategies to rapidly determine patient response to treatment in order to inform the choice
of therapy. The five-year relative survival rate for all patients diagnosed with ovarian
cancer is 44%.2 If detected at stage one, five-year survival rates are approximately 91%.?

Conventionally, serum CA-125 measurements and ultrasonography have been used
to detect ovarian carcinoma but these methods do not result in early stage detection and
convey little survival benefit.*> Human epididymis protein 4 (HE4) is one of two FDA-
approved serum biomarkers for ovarian cancer, along with CA-125, and plays a factor in
ovarian tumorigenesis.® This protein is overexpressed by malignant epithelial cells” and
found in increased levels in patient serum,®? ascites,'® and uterine fluid.!" Serum-based
HE4 provides similar sensitivity and specificity for ovarian cancer diagnosis as CA-125,
although it may be more useful in differentiating benign from malignant disease.?

The DNA/SWCNT system has been widely used in biosensing applications due to
its strong optical absorption in the near-infrared (NIR) region and high sensitivity to the
local environment.'?"'® Current research on sensing applications is primarily based on
specific one-to-one recognition-based sensing. This is conceptually simple and easier to

design and interpret. However, it imposes strong requirements on needing to find one-to-
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one recognition pairs since it requires the same number of receptors as the number of
molecules to detect. Thus, it is an inefficient way by which to detect various molecules.
For example, in a real system, biofluids contain a plethora of molecules that together can
accurately define the physiological state of a person. A grand challenge is to sense this
entirety by a single device. We believe that rather than attempting to accomplish this on a
one-to-one recognition basis, it is far more effective to grasp it by perception. This leads
us the need of a perception-based system with multiple receptors; each one captures certain
features of the target molecule and the overall ensemble response is then analyzed by an
artificial model resulting in perception. In past, Staii et. al.'” have shown the feasibility of
perception-based sensing utilizing an Electronic Nose-based system'® by a DNA-decorated
field-effect transistor, but exhibited limited success.

Here, we propose a new perception-based system using DNA/SWCNT hybrids
along with a machine learning (ML) framework to construct an artificial perception system
that we call a Molecular Perceptron. We demonstrate a Molecular Perceptron for
detection of the ovarian cancer serum biomarker HE4 in the presence or absence of fetal
bovine serum (FBS) and bovine serum albumin (BSA) using machine learning techniques.
Optical responses induced by analytes, represented by both fluorescence peak position and
intensity changes, were obtained. We then built an artificial perception model using
machine learning methods. To find the best model, three different algorithms (support
vector machine (SVM), random forest (RF), and artificial neural network (ANN)) were
examined, with multiple input feature vector representations including different missing

value/outlier treatments, DNA sequence encoding method, and creating feature vectors by
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Principal Components Analysis (PCA). In addition to varying input feature vectors, we
examined three different ways to define target variables (bi-class, multi-class, and multi-
label classification). The classification algorithms, performance validation, and
optimization were implemented using the Scikit-learn machine learning library.!® The
models successfully detect not only the target biomarker (HE4), but also other analytes
(BSA and FBS). Furthermore, the feature importance within the RF models and saliency
within the ANN models were analyzed to extract physical meaning, as well as to help in

the feature selection.

5.2 Materials and Methods

5.2.1 Data Collection”

To develop training sets for the machine learning models, we began with a small

set of previously identified recognition sequences,'*?°

showing the ability to recognize
specific molecules such as certain SWCNT species, protein, or their relatives, as listed in
Table 5.1. Each sequence was used to disperse a synthetic mixture of SWCNTSs containing
~ 10 semiconducting chiral species (e.g. SG65i from Sigma Aldrich). The analyte, a
specific cancer biomarker HE4, was introduced to the DNA-SWCNTSs in presence or
absence of bovine serum albumin (BSA) or fetal bovine serum (FBS). Near-infrared

photoluminescence spectra were acquired on these samples. The spectroscopy was

conducted using a custom-built high-throughput setup that allows for measurements

" This work has been performed by Dr. Daniel A Heller, Dr. Zvi Yaari, and Alex Settle at the
Memorial Sloan Kettering Cancer Center, New York, NY.
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directly within 96 or 384 well plates, with each well containing the SWCNT synthetic
mixture dispersed by one type of sequence, followed by the addition of different analytes.
The instrumentation consists of an epifluorescence microscope with automated translation
stage programmed for high-throughput data collection. The samples were excited at 660
nm and 730 nm using a supercontinuum light source. Spectra was acquired using a
Princeton Instruments IsoPlane spectrometer coupled to a NIRvana 640x512 InGaAs array

detector.

Table 5.1. Initial DNA sequence set. The sequences were chosen from previously identified
recognition sequences or their relatives.

DNA sequence  Specialty

(G2 Relative of (GT)20 (8,4), (7,4), and (5,5)-recognition?’

(ATT)s Relative of (ATT)4 (7,5)-recognition?

(AT)1 Protein-recognition!*

(AT)1s Protein-recognition'*

(AT)20 Protein-recognition!*

(AC)15 Non-recognition, but shows special characteristic in ATP system?!
(TCT)s (6,5) and (6,6)-recognition

T3C3T3C5Ts (6,5)-recognition

C3ToCs (8,3)-recognition

C3T3C (6,4), (9,1), (7,3), and (9,2)-recognition
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5.2.2 Data Preprocessing

The dataset comprises the photoluminescence spectra of each combination of
DNA-SWCNT hybrid exposed to different combinations of a small number of analytes
(HE4, BSA, FBS). That is, we have total N-M-L combinations where N is the number of
DNA sequences, M is the number of SWCNT chiralites, and L is the number of analyte
combinations. The spectra are analyzed to yield two parameters for each SWCNT type: the
relative peak position and intensity:

dwl; = wl; — wl, (5.1a)

or

dint, = 24 (5.1b)

where wl, and int, are the wavelength and intensity of a control sample (DNA/SWCNT
without analyte); wl; and int; are the wavelength and intensity of DNA/SWCNT with
analyte combination, i. We have considered five different analyte combinations for each
DNA/CNT pair (i.e., L = 5): HE4, BSA, BSA+HE4, FBS, and FBS+HE4. In this way, each
DNA/SWCNT/analyte combination has two relative spectroscopic measurement values
(dwl;, dint;).

Next, we identify input and output (target) variables for the machine learning
algorithm. The input variables include DNA sequence, SWCNT chirality, DNA
modification, and the two spectroscopically measured parameters (dwl;, dint;). The
output variable could be analyte type or concentration of each analyte. The learning
problem is defined by the target variable. If it is continuous (e.g., concentration) the

problem would be considered as regression, and if it is a discrete number of values, the
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problem would be considered as classification. In a classification problem, if there are only
two classes (e.g., yes/no or 1/0), it is a binary classification problem. If there are three or
more classes and each example is assigned to only one class, this is called ‘multi-class’
classification; if each example can be assigned multiple classes, this is called ‘multi-label’
classification. Our problem is originally of multi-label classification, but we can consider
the output class as the presence or absence of HE4 (bi-class) or consider the output class
as every analyte combination present in training set (multi-class).

For learning models, categorical data (such as SWCNT chirality and analyte type)
must be transformed to numeric values, for which we use the common one-hot encoding
technique.?> We encode the DNA sequence by taking two or three bases as a ferm, then
encoding each sequence as its term-frequency vector.>> We have considered several ways
to construct feature vectors and present the experimental results for the best-performing
ones. Figure 5.1 depicts the overall scheme for the input feature construction.

There are several ways to construct feature vectors by defining examples and
features differently. We aim to form a proper feature space to enhance machine learning
model performance. When considering each DNA/SWCNT/analyte hybrid as a single
example (fvtypel in Table 5.2), the number of examples can be maximized. However, from
a practical point of view, single DNA/SWCNT hybrid seems to lack sufficient information
to predict the presence of the analyte. It is also diametrically opposed to the main idea of
the Molecular Perceptron. Another extreme case (fvtype4 in Table 5.2) considers each
DNA/SWCNT/analyte combination as a single example and each set of measurements

(dwl;, dint;) with different DNA sequence and SWCNT chirality as features. A single
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example of this feature vector contains much more information, but the number of
examples is equal to the number of combinations of analytes (five in our dataset). Both
futype2 and fvtype3 have plenty of information in a single example. Considering feature
vector expandability for new data, DNA library is much larger than SWCNT library, so it
is more likely to add new DNA sequences rather than introduce new species of SWCNT.
Since fvtype3 can be easily expandable with more DNA sequence data, we decided to
construct feature vector using fvtype3.

The feature vector involves some missing values that occur due to unobserved data
or outliers that are abnormally large. In the case of unobserved data, we eliminate an
example (complete-example set) or feature (complete-feature set) that includes missing
values. For outliers, we eliminate an example if dwl; > 20 nm.

Note that the range of all feature vectors were rescaled to the range in [0, 1] to weigh all

features equally.

5.2.3 Feature Space Reduction using Principal Component Analysis (PCA)
Feature selection is also very important to achieve better model performance. It is
particularly a concern if the feature space is large, because there is otherwise greater chance
of overfitting. In order to reduce the feature space, we used principal component analysis
(PCA) to find the directions of greatest variation in the dataset. This allows us to define
fewer but more relevant features of which we used the first five principal components.

The preprocessing including PCA was implemented in R.
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Example:
( DNA unigram tfv \ Measurement data
sequences AT GC ]
Sequence encoding dwl; and dint;
|:> e.g., term frequency |:>
vector (tfv) @
. Fi rev r
Categorical data L e.cto
o o construction
SWCNT chiralit SWCNT chiralit e.g., futypel —4
(6,5) {1,0,0, ..., 0}
(83) |:> One-hot encoding |:> {0,1,0,..,0}
DNA modification DNA modification Example:
5’-amine {1,0,0,..,0} (GT)1,/(6,5)-SWCNT/HE4 using fvtypel
3’-amine {0,1,0,..,0} [ ,{1,0,0, ..., 0}, ...
K j {1,0,0, ..., 0}, {dwl; and dint,}]

Figure 5.1. Overall scheme for input feature construction. First, DNA sequence is encoded
to numeric vector using term-frequency method.?? All the categorical data such as SWCNT
chirality and DNA modification are also transformed to numeric vectors using one-hot
encoding technique. The numeric vectors can be then combined in various ways as shown
in Table 5.2. This figure presents an example of a feature vector for a single example
obtained by the fitypel method.
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Table 5.2. Feature vector construction types: DNA sequence, DNA modification, SWCNT chirality, and the analyte combination
can be transformed to a numeric vector, as shown in Figure 5.1. The numeric vectors representing different classes (DNA
sequence, SWCNT chirality, etc.) can be combined in various ways as presented in this table.

Name Feature vector Single example # of # of
representation example features
p P . o DNA/modification/
[{DNA sequence}, {Modification type}, {Chirality}, {Measurements set} ] SWCNT/analyte .
fvtypel N-ML  44M+P+S
e.g., [{0, 12, 12, 0}, {0,0,0,0,1}, {1,0,0,...,0}, {dwl, dInt}] e.g., (GT)i2/none/

(6,5)-SWCNT/HE4

[{Chirality}, {Measurements set for each DNA sequence} ]
SWCNT/analyte

M-L M+S-
e.g., [(1,0,0,...,0}, {dWlseqr, dWlseqz, ..., AWlseqn, dItseqy, AlNtsegy, ..., dIntseqn}]  c.g., (6,5)-SWCNT/HE4 0

fvtype2

[{DNA sequence}, {Modification type}, {Measurements set for each chirality}] DNA/analyte
fvtype3 OL 4 +P+S-M
c.g., —MO. HN. HN. Ow. M0.0.0.0.HW. ﬁ&S\NAm.mv. ey &S\:m.d. &N.;mﬁm.mu. ey &N.\:\rﬁm.dz €.g. AQHV_N\BOBO\IMK_.

{Measurements set for each chirality with different DNA sequence}
Analyte

W/\ﬂv\@@h. 0 W M &S\NMNQH.AQ.WV. . &S\NMQQH.AMW..:. . &S\NMQQZ.AQ.WV. . &S\NMQQZ.AMW..:. W O.m.w mmh.
e &NsﬁmeH.Am.mv. ey &NSHMNQH.AMW..NV. ey &Nsﬁmmﬁz.ﬁm.m&. ey &NSHMNQZ.AMW..NV

L S-O-M
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Note that N is the number of sequences in training set; M is the number of chirality in training set; L is the number of analyte
combination; P is the number of modification type; Q is number of DNA/modification combination (Q < N+P); & is size of n-
gram in term frequency vector; S is the number or measurement type.



5.2.4 Learning, Validation, and Evaluation

In order to find the best ML model, we examined three different algorithms (support
vector machine, SVM, random forest, RF, and artificial neural network, ANN), each with
multiple input feature vectors including bi/trigram term-frequency vector for DNA
sequence encoding, different missing value treatment (elimination of example or feature),
DNA sequence feature existence, and feature vectors by PCA. In addition, we examined
bi-class, multi-class, and multi-label classification algorithms. Each model was evaluated
by 10-fold cross-validation. Classification algorithms and cross-validation approaches
were implemented using the Scikit-learn machine learning library.!” Since
hyperparameters, such as learning rate and activation function, have a significant impact
on model performance, we used Bayesian hyperparameter optimization to find optimal

hyperparameters to maximize F'-score, implemented in HyperOpt.
yperp p yperOp

5.3 Results and Discussion

5.3.1 Spectroscopic Data Analysis

First, we demonstrated that the response of DNA/SWCNT intensity to HE4 can
vary according to DNA sequences. Figure 5.2a clearly shows the sequence dependence of
the spectroscopic characteristic on HE4. In particular, the peak shift (dwl;) not only shows
strong dependence on DNA sequence, but also can be either positive or negative. (In

general, the intensity decreases as HE4 is added.) It is interesting to note that the peak shift

" The experimental work was carried out by Alex Settle, Dr. Zvi Yaari, and Dr. Danial Heller at
Memorial Sloan Kettering Cancer Center, New York, NY.
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and intensity changes appear not to be correlated with each other. This indicates that there
is not simple rule such as the peak is blue/red shifted as a response to HE4 for single species
of SWCNT. Also, the sequence dependence can be evidence that each DNA/SWCNT
structure is sequence-dependent, which affects the binding ability of HE4 on
DNA/SWCNT.

In addition to the sequence dependence, we examined the response of
DNA/SWCNT to HE4 in the presence or absence of other interferents (e.g., BSA and FBS).
We found that some sequences show significant difference in peak shift and intensity
changes. Note that most sequences generally showed the differences in the intensity in
presence of HE4 (see Figure 5.6 in Appendix). Figure 5.2b depicts the special sequence,
(ATT)s, which shows significant difference in both peak shift and intensity changes, on
(7,5)-SWCNT in different analyte conditions. Both peak shift and intensity is significantly
decreased in presence of HE4 regardless of the presence of BSA and FBS.

We also found that most DNA sequences showed specific response to HE4. This
was expected by the fact that the initial sequences set was derived from structurally well-
defined DNA/SWCNTs that have previously enabled separation’® or molecular sensing'*

(Table 5.1).
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Figure 5.2. (a) DNA sequence dependence of (7,5)-SWCNT response to HE4; (b) Response
of the (ATT)s-(7,5) SWCNT to HE4 vs. interferents. Note that (ATT)s-(7,5) SWCNT is
depicted by the red bar in panel (a).

5.3.2 Machine Learning Model Development

The overall scheme of our approach is presented in Figure 5.3. Each model was
optimized, and the model performance was estimated by the F!-score using 10-fold cross-
validation. Note that the target label from the lower right model in Figure 5.3 was labeled
as the target label in the multi-label classification, but in practice, all three classification
types were used.

The best models that gave the highest F'-scores are listed in Table 5.3. In general,
RF showed better performance than ANN and SVM. In particular, SVM showed poor
performance in multi-class/multi-label classification. The performance of bi-class
classifiers is slightly better than multi-class and multi-label classifiers. In terms of the
missing value treatment, complete-example set showed better performance than complete-

feature set. For multi-class/multi-label classification, it is seen that DNA sequence
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information rarely has an impact on the model performance. However, this is unlikely to

be correct, as will be discussed later. Overall, the validation results are highly encouraging

given that the F'—scores achieved approach the maximum value of 1.0.

1. Data Collection

2. Data Preprocessing

3. ML Model Development

DNA/CNT  Analyte *  DNA sequence encoding Input features
e Categorical values translation
-t’ + C e Feature vector construction DNA sequences,
i *  Missing values and outliers SWCNT chirality,
peak shift,
treatment intensity change HE4

*  Feature space reduction
by PCA

15 or » ML
Classifier

1

‘ BSA
s FBS

°
)
4

® HE4

o’ HE4+BSA Top 5 PCs

HE4+FBS

— Control
— +HE4

PC2 (16.45%)
5 o &
°

‘.
¥ 4
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Intensity (a.u.)

®FBS

n

1000 1100 1200 1300 2 1 0 1 2
Emission wavelength (nm) PC1 (58.81%)

Figure 5.3. Overall scheme to develop a Molecular Perceptron to detect HE4. First, to
collect data for the training set, near-IR photoluminescence spectra were measured for
various DNA/SWCNT/analyte combinations. The picture presents high-throughput near-
IR fluorescence spectroscopy. Each well contains a single DNA sequence and the entire
complement of SWCNTs in presence or absence of analytes.” The corresponding target
label depends on a classification type. For example, if a bi-class classification is
considered, the target labels would be the presence or absence of HE4. For multi-class
classification, the target labels will be different analyte combinations. For multi-label
classification, the target labels will be each analyte type. Note that the target label from the
ML classifier, depicted in lower right, is presented as the target label in multi-label
classification, but in practice, all three classification types were used. Data preprocessing
step involves translation of all categorical values to a numeric vector, missing values and
outlier treatment, feature vector construction, and feature space reduction. Once the feature
vector is created, the models with three different types of classification algorithms and
feature extraction method are trained using the training set feature vectors.

" The picture and spectra on the left in Figure 5.3 were created by Dr. Daniel Heller at Memorial
Sloan Kettering Cancer Center, New York, NY.
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Table 5.3. Top five bi-class and multi-class/multi-label algorithms (ALG) showing
excellent trainability

Bi-class classifier Multi-class/multi-label classifier

Feature vector ALG Fl-score Output type Feature vector ALG F'-score
PCA Bigram
Bigram RF  0.947 Multi-class gra RF  0.930
complete-example
complete-example
Bigram RE 0942 Multi-class noDNA RE 0930
complete-feature complete-example
Trigram RE 0942 Multi-label noDNA RE 0930
complete-feature complete-example
Bigram SVM  0.927 Multi-label noDNA ANN  0.927
complete-example complete-example
Trigram ANN  0.927 Multi-class Trigram RF 0923

complete-example

complete-example

5.3.3 Feature Importance and Saliency Analysis

Although PCA can combine correlated features and reduce the dimensionality of
feature space, it is difficult to understand what exactly the principal components mean,
because they are combinations of the original features. Furthermore, it is important to note
that the criteria for PCA are completely unsupervised. For example, PC1 can be correlated
with other factors such as DNA length and PC2 can be correlated with an analyte
concentration. While, the feature importance and saliency analysis depend on the output
class, so the analysis selects dimensions which lead to an improved classifier performance.
In addition, the analysis can provide a physical meaning, for example, which SWCNT
chirality is more sensitive to detect an analyte or which nucleobase is more important. This
analysis may reduce future experimental work.

Figure 5.4 shows the feature importance of top two bi-class and multi-class models.

The results show that DNA sequence feature has negligible importance for determining the
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output class. However, this is unlikely to be correct based on the prior knowledge that DNA
sequences do show selective recognition on SWCNT with different electrostatic, solvation,
and energetic characteristics?®?!?#2°_ In addition, the DNA sequence-dependence on the
SWCNT emission response to HE4 has been observed, as depicted in Figure 5.2a and
Figure 5.6. This implies that the current choice of feature vector likely does not capture
salient information from the DNA sequences, which might be caused by the feature vector
type. For example, the feature vector type we used (fvtype3) combines the chirality and
spectroscopic measurement values (dwl;, dint;). Since the measurement values have more
direct information on the HE4 detection, it can be considered overwhelming compared to
other features such as DNA sequences. On the other hands, the fvfype2 combines the DNA
sequence and spectroscopic measurement values. It is likely that the trained model by
fvtype2 feature vector will help to reveal sequence dependence in HE4 detection. As the
previous model by the input feature vector of futype3 showed, it is likely that the model
trained by the input feature vector of futype2 helps to demonstrate the sequence-
dependence in HE4 detection. This leads to further model development and feature

importance analysis with the feature vector type, fvtype2, to see the sequence dependence.
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Figure 5.4. Feature importance of top two bi-class and multi-class models. (a)
PCA/Bigram/complete-example feature vector using bi-class RF; (b) Trigram/complete-
feature feature vector using bi-class RF; (¢) Bigram/complete-example feature vector using
multi-class RF; (d) noDNA/complete-example feature vector using multi-class RF.
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5.4  Conclusions

We demonstrated a new perception-based sensing system using machine learning
techniques to detect the ovarian cancer biomarker HE4 in the presence or absence of other
analytes (BSA and FBS). The DNA/SWCNT hybrids were utilized to optically detect the
analytes by observing changes in the peak intensity and peak location of each SWCNT.
Using the experimental data, the machine learning models were trained. Overall, the
models achieved remarkable trainability giving F'-scores of ~0.95. This is strongly
suggestive of the idea that the perception mode of sensing can make accurate predictions.

The feature importance and saliency analysis of the trained models imply that the
current feature vector may not capture relevant information in DNA sequences. This may
be because the feature vector type fvtype3 emphasizes the effect of SWCNT chirality by
combining chirality and measurement values. Further work is required to resolve the
problem of insufficient DNA information in current feature vectors; we suggest the use of
the feature vector constructed by fitype2 that combines DNA sequence and measurement
values. We expect that the feature importance results of two different feature construction
type (fvtype2 and futype3) can complement each other, which can improve model
performance by feature selection based on the results.

Furthermore, we found that most DNA sequences in the initial set showed specific
response to HE4. Note that our initial sequence set was derived from previously identified
recognition sequences. By the fact that recognition sequences can form structurally well-
defined DNA/SWCNTSs,?%?7 it can be interpreted that there is more chance of finding a

special sequence for analytes detection in a set of pre-identified recognition sequences. We
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can connect this study to our previous work on the recognition sequences predictive model
using ML technique. The predictive model can provide good candidates for the Molecular
Perceptron.

So far, we have considered the sensing model as the classification problem.
However, from an early detection perspective, it is advisable to monitor the analyte
concentration, even if the concentrations of target analytes are not in the range to determine
the class. This can be resolved by utilizing a multi-target regression model that takes the
output as the analyte concentration. To build the regression model, additional experimental
in difference concentration of analytes is required.

Finally, we would like to note that the methods developed herein to detect a given
analyte using molecular perceptron can be expanded to detect any number of important
bioanalytes, and allow multiplexed detection via the use of multiple SWCNT chiralities
and/or separately-addressable sensors. Eventually, these ideas both have the potential to

change clinical practice to screen and detect disease at early stages.
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5.7 Appendix

5.7.1 Dimensionality Reduction by Principal Component Analysis (PCA)

In order to reduce the feature space, we used principal component analysis (PCA)
to find the directions of most variation in the dataset. As shown in Figure 5.5a, there is an
overlap between the examples for the complete-feature set that is labelled as analytes. On
the other hands, the examples of the complete-example set are well spread along the first
and second principal component axes (Figure 5.5b). To train ML model, we used five of
the most contributed principal components.

It is worth noting that the direction of the eigenvector of features of DNA sequence is seen
to be orthogonal to the direction in which the output data (i.e., HE4 presence) are the most
spread out. Based on the observation, we created the feature vector without DNA sequence

features.
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Figure 5.5. Principal component analysis (PCA) of (a) complete-feature and (b) complete-
example set. In complete-feature set, the analyte-labelled examples are overlapped,
however, in complete-example set, the labelled examples are well spread out. Vectors (blue
arrow) represent eigenvectors and are scaled to the square root of their eigenvalue.

164



5.7.2 Raw data of peak shift (dwl;) and peak intensity change (dint;)

In general, most sequences showed differences in the intensity in presence of HE4

regardless of the presence of BSA and FBS.
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Figure 5.6. Heatmap analysis of peak shift (dwl;) and intensity changes (dint;) in
presence/absence of the analyte. The horizontal axis represents the peak shift (left) and
intensity changes (right) for each analyte combination (HE4, BSA, BSA+HE4, FBS, and
FBS+HE4). The vertical axis represents each DNA/SWCNT combination. A total of 11
chiral SWCNTs with each DNA sequences were measured except for the modified DNA
sequences; (6,5), (8,4), (8,3), (7,5), (7,6), (10,3), (9,5), (9,4), (8,6), (10,2), and (8,7)-
SWCNT are shown in each row. Four of chiral SWCNT were measured for the modified
sequences; (10,2), (9,4), (8,6), and (8,7)-SWCNT are shown in each row for modified
sequences. The colorbar represents the peak shift and intensity change values. Different
range was for dwl; and dint;.
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5.7.3 Link to Public Repository:

The following link is to a public repository where we provide a collection of scripts for
translation from DNA sequence and optical spectra data to features and machine learning
models.

https://bitbucket.org/jagotagrouplehigh/dna_swcnt_mp/
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Chapter 6 : Conclusion

6.1 Experimental Characterization of DNA/SWCNT Hybrid

It is well-known that some special DNA/SWCNT hybrids have different ordered
structures enabling their use for separation of SWCNT species. Aqueous two-phase (ATP)
systems have been used to separate SWCNTs using the difference in partitioning of
DNA/SWCNT hybrid in the ATP. The partitioning is determined by the difference in
solvation properties which can result from the secondary structure of DNA on SWCNT. In
chapter 2, we proposed two ways to extract the solvation properties of DNA/SWCNT using
the ATP system: relative solvation free energy in water, uy, o/uy, g, and the Hildebrand
solubility parameter, &;. The results from two different approaches are found to be
consistent with each other, providing some confidence in each as a method of quantifying
differences in solubility of various DNA/SWCNT hybrids. In chapter 4, we measure the
binding characteristics of DNA on SWCNT by observing the kinetics of the SDC exchange
process by DNA, aided by the addition of methanol. The activation energies for the DNA
rearrangement process were estimated using Eyring kinetics. We found that the activation
energies of some recognition sequences present significant difference between (6,5) and
(8,3)-SWCNT, while the non-recognition sequence presents no chirality-dependence on
the activation energy. We expect that such quantification can provide a basis for data-

analytic searches for new sequences.
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6.2 SWCNT-Recognition DNA Sequence Prediction

For many years, much effort has been expended on finding SWCNT-recognition
sequences. However, this has not lead to the ability to predict recognition sequences.
Recently, machine learning applications in bioinformatics have attracted considerable
interest because of their ability to transform large amounts of raw sequence data into useful
scientific knowledge, without requiring explicit programming instructions. As such, we
utilized machine learning techniques to discover new recognition sequences in the vast
ssDNA library. In chapter 3, we built machine learning models based on the DNA sequence
information. We found a remarkable increase in the frequency of recognition sequences

from 10% in the original training set to >50% in the model-predicted sequence sets.

6.3 New Perception-based Sensing System using Machine Learning

Current research on sensing applications has been mostly based on one-to-one recognition.
However, it is impossible and inefficient to find receptors for each of the molecule in a
complex sample. To detect various molecules simultaneously, an effective and automatic
data processing system is essential. In chapter 5, a new perception-based sensing system
named Molecular Perceptron is proposed. We demonstrated the perception-based sensing
system using machine learning techniques to detect the ovarian cancer biomarker HE4 in
the presence or absence of other analytes (BSA and FBS). The DNA/SWCNT hybrids were
utilized to optically detect the analytes. Encouragingly, the models achieved remarkable

trainability with the F'-score of ~0.95.
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6.4  Future work

In chapter 2, we introduced a way to estimate the Hildebrand solubility parameters
for DNA/SWCNT hybrid. The Hildebrand solubility parameter considers only dispersion
interactions between molecules.! For many polymer/solvent pairs, the cohesive energy is
also affected by polar group interactions and hydrogen bonding, thus multiple-component
concepts, such as Hansen solubility parameters,? can be used to extract partial parameters
from different contributions, which can help to better understand the intermolecular
interactions of hybrids. In order to extract Hansen solubility parameters from ATP system,
three solubility parameters are required, so more experimental work is needed to calculate
them uniquely.

In chapter 3, we considered the recognition DNA sequence prediction as a binary
classification problem despite each pair with a different SWCNT. In addition, it is known
that some special sequences have the separability of enantiomers,’ which means that the
recognition sequences can be differed in terms of selectivity/yield. In this respect, the
predictive model can be expanded to a resolution-based multi-level classification. More
broadly, our approach will provide some insight to the sequence selection problem for
bio/nano hybrid materials made of inorganic nanostructures and sequence-defined
polymers such as DNA and peptides.

In chapter 4, the preliminary findings suggest that the structure of DNA on SWCNT
prepared by the exchange process can be different compared to that prepared by direct
sonication, which is related to the recognition ability. The ATP separation technique can

be utilized to test the recognition ability of the DNA/SWCNT hybrid. Furthermore,
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additional treatment after the exchange process such as mild sonication or incubation at
high temperature can be studied systematically to obtain the same structure as that prepared
by direct sonication.

In chapter 5, the sensing model was considered as a classification problem.
However, from a diagnostic perspective, it is advisable to monitor the concentration of
analytes. A multi-target regression model can be considered to predict the analyte
concentration. Additional experimental in difference concentration of analytes is required
to build the regression model.

Overall, all studies presented in this dissertation can be connected (Figure 6.1). The
properties of DNA/SWCNT obtained by experiments in Chapter 2 and 4 could be utilized
to build a model to predict new recognition sequences. The predictive model can provide
good candidates for the Molecular Perceptron system by its high probability of having

well-defined secondary structure.
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Figure 6.1. Schematic pipeline for future work. It mainly comprises two systems: (top)
Recognition sequence prediction and (bottom) Molecular Perceptron. The sequence
predictive model can generate well-chosen sequence candidates for Molecular Perceptron.
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