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This thesis focuses on the examination of DNA electronic properties through the utilization 

of statistical feature extraction, machine learning algorithms, density functional theory (DFT), 

and Green's function method. The common discrepancies observed between experimental and 

theoretical results have driven us to develop a comprehensive theoretical simulation and 

modeling approach that is based on experimental outcomes. Initially, we investigate the effect of 

counterions and solvent dielectric on the conductance of B-form DNA, aiming to comprehend 

how they modulate DNA electronic properties. Our simulation results indicate that in dry DNA, 

the presence of counterions affects electron transmission at the lowest unoccupied molecular 

orbital (LUMO) energies. However, in a solution, counterions play a negligible role in 

transmission. By employing the polarizable continuum model calculations, we demonstrate that 



the transmission is significantly higher at both the highest occupied (HOMO) and lowest 

unoccupied molecular orbital (LUMO) energies in a water environment as opposed to a dry 

environment.  

Subsequently, we present a DNA sequence identification system based on the conductance 

characteristics of short-strand sequences, including a group that differs by a single mismatch. By 

training a gradient-boosted tree classifier model (XGBoost) on 1D conductance histograms, we 

achieve remarkably high accuracy, ranging from approximately 96% for sequences with a single 

mismatch to 99.5% otherwise. These accuracy metrics are attained in near real-time with a 

minimal number of ten SMBJ (Single Molecule Break Junction) measurements rather than 

hundreds or thousands. To improve the robustness of the identification system, by targeting 

specific sequences with a single base mismatch, we propose an approach based on combining 

XGBoost and a convolutional neural network with different input feature representations: 2D 

conductance probability distributions, with averaging over the experimental parameters. While 

the adoption of a 2D probability distribution is helpful with respect to classifier accuracy, we 

find that averaged conductance probability distributions are much more impactful and 

significantly enhance the prediction accuracy. Our quantitative analysis of multiple sequences 

shows an impressive performance boost (approximately 10%) for all sequences. Another key 

result that emerges from the method developed is evidence that lower voltage bias values 

produce more accurate classification accuracy.  

Moreover, to further address the low signal-to-noise ratio inherent in SMBJ measurements, 

we developed a Piecewise Linear Approximation method, which extracts plateau segments from 

a noisy time series trace. This method could remove noise content more effectively and keep all 

useful conductance information unchanged. The resulting conductance histograms, which are 



constructed purely from plateau segments, provide huge benefits in training subsequence 

machine learning models and focus on learning essential conductance features. Even with a 

sample size as small as five, our classification system is able to maintain its high accuracy. The 

enhanced machine learning approach with the Piecewise Linear Approximation method could 

significantly improve the efficiency and accuracy of SMBJ methods, making them more viable 

for practical applications. Although the basis of the analysis in this thesis is time series 

conductance data of less than a hundred DNA/RNA strands and their single base mismatches, 

our method is generally applicable to other single-molecule electrical data. We posit that our 

approach represents an emerging alternative to existing DNA sequence identification methods 

and should be of use in analyzing single molecule conductance data for sequence identification. 
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1 Introduction 

DNA (deoxyribonucleic acid) is the most essential and fundamental macromolecule that 

underlies the functioning of all life forms on our planet. Thorough research on DNA molecules 

has propelled them to become one of the leading materials in biomolecular electronics and 

nanotechnology primarily due to their molecular recognition, self-assembly, and long-range 

charge transport properties [1]. With the rapid advancements in nanoelectronics, traditional 

silicon-based devices gradually become unable to fulfill the continuous demands of decreasing 

component size and reducing energy consumption. Conversely, biomolecular electronic devices 

offer a potential solution by leveraging the unique properties of DNA molecules. They provide a 

bottom-up approach for constructing nanoscale devices with high resolution, while 

simultaneously ensuring energy efficiency through the utilization of chemical reactions plus 

enzymes [2]. Therefore, there have been extensive studies into the electronic properties of DNA, 

with both theoretical and experimental work, over the last two decades [1], [2], [3], [4], [5], [6], 

[7], [8], [9], [10], [11], [12], [13], [14], [15], [16], [17], [18]. However, a rich diversity in 

conclusions has emerged depending on different experimental methods, which often leads to 

significant discrepancies from the theoretical simulations. This calls for the need for a 

comprehensive and systematic examination that combines both experimental and theoretical 

perspectives on charge transport through nucleic acids. In this thesis, my research focuses on 

investigating the influences of environmental factors on DNA charge transport, analyzing the 

electronic properties of DNA molecules using conductance data measured with SMBJ (Single 

Molecule Break Junction) experiments, designing machine learning approaches for DNA/RNA 

sequence identification system, and developing statistical methods for essential conductance 

feature extraction for all SMBJ measurements.  

1.1 DNA Structure and History of DNA Sequencing  

Although every living being on the earth has its unique DNA strands, all the DNA molecules 

are composed of the same components: sugar-phosphate backbones and nitrogenous base-pairs. 

And there are only four different nitrogenous bases: Adenine (A), Thymine (T), Cytosine (C), 

and Guanine (G), which is called the Watson-Crick Model of DNA. Two nitrogenous bases 

combine to form one base pair: A and T bases will pair together; C and G bases will pair together 

[19]. DNA molecules exist as a nanoscale double helix structure, which stores an enormous 

amount of genetic information inside a tiny space. For example, every human cell has 

approximately 3 billion base pairs [20]. If people want to decrypt and understand all the 

information hiding inside the DNA strand, the first step must be finding the sequence of it. 

Therefore, the method to determine the arrangement of nitrogenous bases, DNA sequencing, has 

become one of the most indispensable techniques in our modern life. People are always trying to 

find quicker, cheaper, easier, and more accurate methods of DNA sequencing. In the meantime, 

people discovered more and more important applications to benefit our life, such as evolutionary 
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biology, virology (COVID-19), medicine (gene mutation diseases), forensics (find criminals), 

and so on [21], [22]. 

Since the 1970s, researchers have dedicated enormous amounts of effort and time to increase 

the throughput and accuracy, while also aiming to reduce the processing time and cost of DNA 

sequencing. Between 1970 and 2000, various fundamental methods were developed for small-

volume DNA sequencing. The first major breakthrough in sequencing technology was made by 

Fredrick Sanger in 1977, which relied on DNA chain termination [22]. This technique, also 

known as “Sanger Sequencing,” is one of the most widely used techniques during this period 

[22]. However, Sanger sequencing had limitations, as it can only sequence around 500 to 600 

base pairs in a single run. The Human Genome Project, for instance, took 13 years and nearly 

three billion dollars to map the complete human genome [20]. Around 2008, a new generation of 

sequencing methods emerged and quickly replaced the traditional Sanger-based techniques in the 

market. These methods, commonly referred to as next-generation or short-read sequencing 

methods, offered substantial improvements, particularly in terms of high throughput. They 

enabled the parallel sequencing of thousands to millions of DNA strands simultaneously [23]. 

Some of the well-known commercially available techniques are 454 pyrosequencing, Illumina 

(Solexa) sequencing, SOLiD sequencing, and ion torrent semiconductor sequencing. Each of 

these methods has its own advantages, such as higher accuracy (over 99.9%), lower cost, and 

faster processing time [24]. Nowadays, owing to the remarkable developments in high-

throughput sequencing techniques, it is possible to map the entire human genome within a day at 

a cost of approximately $1000. 

However, short-read sequencing methods share some common drawbacks. They require 

amplified identical DNA strands and the fragmentation of long strands into smaller segments 

(around 300 base pairs) to avoid the error rate increasing exponentially. Therefore, researchers 

have shifted their focus towards a different group of high-throughput sequencing methods known 

as long-read or third-generation sequencing methods [25]. These methods are designed to 

sequence one entire DNA molecule at once, which can span more than 30,000 base pairs. Long-

read methods have been found to be particularly advantageous in sequence assembly and 

resolving complex regions of DNA strands [26]. The two dominant long-read sequencing 

methods are single-molecule real-time (SMRT) sequencing by Pacific Bioscience and nanopore 

DNA sequencing by Oxford Nanopore Technologies. However, the error rate of these long-read 

methods is still higher than short-read methods, where the SMRT sequencer claims an error rate 

of less than 1% and the nanopore sequencer claims an error rate of less than 5%. Furthermore, 

the processing time and general cost of long-read methods are also less favorable compared to 

short-read methods [25]. Therefore, these huge challenges must be overcome before long-read 

methods can become reliable and replace short-read methods commercially. 

About 20 years ago, researchers conducted the first measurements of current flow through 

DNA molecules, which subsequently prompted numerous experiments and theoretical modeling 
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efforts to determine the electrical properties of DNA molecules and DNA nucleotides [2]. 

Researchers discovered that many features could affect the electrical properties of DNA, 

including the base sequence, strand length, DNA structure, and environmental conditions [27]. 

As a result, experiments have shown contradictory results regarding the electrical properties of 

DNA, with DNA being described concurrently as an insulator, conductor, and semiconductor. 

Researchers also found that each of the four nitrogenous bases (A, T, C, G) possess distinct 

electrical properties. For instance, the Guanine base has the lowest oxidation potential [28]. 

However, despite these experimental results, a well-established theoretical model that could 

explain the principles behind DNA electron transportation and the differences among electrical 

behavior of the nitrogenous bases is currently lacking [27]. The identification of DNA molecules 

and nucleotides using nanoelectronics remains an immensely critical aspect, particularly for the 

advancement of third-generation sequencing methods. By leveraging the advantage of NOT 

requiring synthetic DNA amplification, nanoelectronics based methods have the potential to 

hugely reduce laboratory costs, DNA sample preparation time, chemical reaction time, and 

associated potential errors. 

1.2 Solvent Conditions of DNA Molecules 

DNA is one of the leading materials in molecular electronics due to its self-assembly 

property and long-range charge transport [1]. It naturally exists in a solvent environment, 

surrounded by water and salt molecules. Depending on the sequence of DNA, the environmental 

factors, such as the dielectric constant of solvents and the position and/or local density of 

counterions surrounding DNA, become essential in determining DNA conformation and thus 

conductance. The electronic properties of DNA have been actively studied over the last two 

decades [1], [2], [3], [4], [5], [6], [7], [8], [9], [10], [11], [12], [13], [14], [15], [16], [17], [18]. 

However, the complex environment that a DNA molecule is in makes it challenging to analyze 

and interpret experimental results. Thus, modeling methods of varying degrees of complexity 

and accuracy become vital to understanding features in DNA conductance. 

In several experiments, DNA conductance has been measured in both hydrated and 

dehydrated conditions [9], [29]. These studies cannot easily separate the solvent contribution to 

conductance as some solvent molecules remain attached to the DNA even in the dehydrated case 

[30], [31], [32]. Initially, theoretical studies of charge transport were performed in a dehydrated 

environment [33] due to high computational costs. More recently, studies have begun modeling 

the role of the solvent environment in charge transport [1], [34], [35]. Kubař et al. suggested that 

the on-site energies can change with time by about 0.4 eV due to fluctuations in the solvent [36]. 

The off-diagonal hopping parameters can, in turn, affect DNA structure and transmission. 

Further, some studies included the influence of conformation and the solvent to investigate their 

joint role in determining conductance [27], [36]. Reference [27] suggested that solvent effects 

can decrease the sequence dependence of conductance. On the other hand, recent papers [16], 

[37] show that even a single base-pair mismatch can be detected experimentally in the presence 
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of a solvent. Further, [38] analyzed the experimentally obtained values of conductance using a 

pure machine learning approach and concluded that the experimental data show differences in 

the conductance of strands with a single mismatch.  

Wolter et al. used ab initio molecular dynamics simulation and concluded that DNA in a 

micro-hydrated environment, which retains the structure of the close solvation shell, shows 

charge transport properties similar to fully solvated DNA. They disagreed with experimental 

studies suggesting a strong humidity dependence of DNA conductance by arguing that in the 

presence of high humidity or solvent content, the conductivity of the residual solvent (not DNA) 

is measured [34]. The early work of Berashevich et al. studied the influence of humidity on DNA 

by hydrating base pairs with water molecules attached to the DNA bases [39]. They found 

hydration increased the band gap of bases and concluded that this would make the conductance 

sensitive to the water environment.  

The effect of solvent on the structural properties of DNA has also been studied 

computationally using molecular dynamics (MD) simulations [33], [40], [41], [42], [43]. These 

studies show that the interaction between DNA molecules and the solvent contributes to 

fluctuations, leading to changes in the energy of both molecular orbitals and ionization 

potentials. Previously, it also has been demonstrated that the solvent environment affects DNA 

conformation [15], [44], [45], [46]. The common B form is found at neutral pH and normal 

saline [47], while the A form prefers dry or dehydrated conditions. On the other hand, the A form 

has a shorter distance between the base pairs when compared to the B form. The base pairs of A 

form DNA are located away from the helical axis and are closer to the major groove [47]. Based 

on the prior work summarized above, it is challenging to distinguish the role of solvent 

environment and conformation from one another in modeling studies. To only reveal the role of 

the solvent, in this model study, we kept the DNA structure fixed and only changed the dielectric 

constant of the environment in our calculations. Apart from the solvent, counterions are also 

present close to the sugar-phosphate backbone. Positively charged counterions (such as Na+) are 

attracted to the negative charge on the phosphate group of the backbone. Prior studies have 

considered the effect of the counterions and concluded that they also affect DNA conductance. 

However, it has been difficult to reach clear conclusions due to the plethora of techniques and 

approximations [1], [27], [34], [48], [49].  

1.3 Machine Learning Approaches for DNA Sequence Identification 

Currently, no molecular detection and identification technique exists that can speedily, 

reliably, and without the need for amplification steps, detect or identify a low copy or a wide 

range of single biologically relevant molecules. A promising technique is an all-electronic 

method that would identify DNA/RNA based on the characteristic measurements of current [2]. 

This all-electronic DNA sequence identification system experiences nonlinear interactions 

between the substrate, sample, environment, and measuring system that are inherently stochastic 

[27], [28]. It has been extremely challenging for physics-based models to capture the differences 



5 

 

in current between nominally different DNA strands. With the emergence of machine learning 

tools over the last decade, there is an increased interest in utilizing these methods to identify 

molecules from the current’s signature. Recently, surface-enhanced Raman spectroscopy [50], 

scanning tunneling spectroscopy (STS) [18], [28], [51], scanning tunneling microscopy break 

junction (STM-BJ) [17], and the measurement of ionic current blockade in nanopores [52] have 

been used to identify/sequence single-stranded DNA, RNA, and peptides. Identification of small 

molecules from a mixture was also recently demonstrated using machine learning classification 

methods [37], [53], [54]. 

With the emerging development of machine learning, many researchers intend to utilize 

machine learning with DNA sequencing, especially for the development of new long-read 

sequencing methods. Korshoj et al. used scanning tunneling spectroscopy (STS) to measure the 

biophysical characters and calculate 9 different biophysical parameters of all four DNA 

nucleotides on one single molecule, which include LUMO, HOMO, bandgap, transition voltage, 

tunneling barrier height, ratio of effective mass at positive and negative biases and so on. By 

selecting and tuning these parameters for each nucleotide separately, they trained their machine-

learning algorithm to achieve an average confidence of 80.9% in predicting DNA nucleobases 

[28]. The same group used a similar approach, quantum tunneling spectroscopy (QTS) to 

measure and calculate 12 biophysical parameters of all four RNA (A, U, C, G) nucleotides on 

one single molecule. After optimal parameter tuning, they achieved the highest 99.8% prediction 

accuracy with their new machine learning algorithm [18]. Both algorithms need an enormous 

amount of data to preprocess and hand-picking features to reach high accuracy. Kolmogorov et 

al. designed an algorithm to identify single-molecule proteins with sub-nanopores. With charge 

linearized translocation of protein through pores with sub-nanometer diameters, they used 

several machine learning methods and reached high matches with the PrNMs protein database 

[52]. 

Besides finding biophysical parameters from STS and measuring ion charge from nanopores, 

the conductance of DNA is also a commonly used feature. Among all the electronic properties of 

DNA molecules, conductance is one of the most easily obtainable information. Fu et al. used 

scanning tunneling microscope-based break junction (STM-BJ) to measure the conductance 

traces of DNA molecules. Without any further, preprocess, they used a convolutional neural 

network (CNN) to extract features and classify the traces, which achieved the highest 97.6%, 

average of 93.18%, classification accuracy [37]. They were only focused on binary classification, 

comparing two DNA molecules, or identifying the mixture of them. Cabosart et al. group used 

mechanically controlled break-junction (MCBJ) measurements to classify DNA conductance 

value. They transformed raw conductance traces into individual 2D histograms. With an 

unsupervised machine learning algorithm, K-means++, 11 different DNA datasets cluster into 

three conductance value classes, which significantly improved the ability to extract DNA 

conductance value [53]. However, there is no quantitative measurement of how accurately the 

clustering was performed in this particular method. Hamill et al. used a single molecular break 
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junction (SMBJ) to obtain conductance traces (small molecules not DNA) and convert them into 

individual 1D histograms. With the principal component analysis (PCA) method, they trained 

binary classifiers from separately measured conductance traces of two molecules. The classifier 

sorted a mixture of data containing both molecules into two classes with an accuracy ratio of 

concentration [54]. However, they cannot guarantee that the conductance traces classified into 

class 1 truly belonged to class 1, due to the absence of true labels for the mixture data.  

Additionally, several researchers have explored/proposed single molecule all-electronic 

methods for DNA/RNA sequence [16], [55], [56], [57], [58], [59] and chemical [60], [61], [62], 

[63], [64], [65], [66], [67] identification. Broadly speaking, these methods probe the electrical 

properties of a single molecule by subjecting it to an external voltage source and recording the 

current (or equivalently, the conductance of the molecule) as the experiment is conducted. 

Within this paradigm, the identification of sequences rests on the hypothesis that different 

sequences exhibit different conductance properties, specifically, conductance probability 

distributions. Such distributions can, therefore, be viewed as “electronic fingerprints” of 

molecules. Statistical or machine learning methods can then be employed to design classifiers 

that can produce highly accurate results in near real-time [38], [68]. However, accurate 

identification of genetic sequences based on their electronic fingerprints can be extremely 

challenging since even the state-of-the-art methods are inherently stochastic, necessitating 

multiple experimental passes to collect a “corpus” of data for every molecule [37], [69], [70], 

[71], [72], [73], [74]. Of course, conductance probability distributions derived from a corpus of 

data benefit from noise averaging, resulting in more accurate descriptors of the underlying true 

electronic fingerprints. Nevertheless, from a usability perspective, the holy grail remains highly 

accurate and robust identification based on data collected from a single experimental pass.  

1.4 Optimal Piecewise-Linear Function Approximation Method 

The relentless pursuit of miniaturization in electronic devices has spearheaded the rapid 

development of molecular electronics, a field that aims to overcome the manufacturing limitation 

of silicon-based integrated circuits. In this context, several powerful experimental techniques 

have emerged that are dedicated to measuring the electronic properties of sub-nanometer scale 

single molecules. In this context, the all-electronic Single-molecule Break Junctions (SMBJ) 

have emerged as a leading technology [60], [75]. It enables the exploration of electronic 

properties at the scale of single molecules, such as a short strand DNA. The SMBJ technique 

offers a brand-new perspective of understanding the mechanics of quantum charge transport in 

single molecules and their potential applications in chemical structure analysis, biological marker 

detection, and nano-scale molecular electronics [60]. 

Current traces obtained from SMBJ experiment provide unique characteristics for identifying 

single molecules. Despite its groundbreaking potential, SMBJ faces significant challenges. The 

inherent noise in these traces is the major bottleneck, which stems from complex interactions 

between substrate, electrode, sample, environment, and measuring systems. If no molecule is 
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captured, the current trace of one SMBJ measurement would decay exponentially and contain 

most likely noises. Conversely, when molecules are present, the captured molecule would form 

an electrode–molecule–electrode structure, which measures the electronic characteristics of the 

molecule. Theoretically, these characteristics are not affected by small displacement changes. 

Therefore, one current trace would stay relatively constant, which forms a plateau [76], [77], 

[78], [79], [80], [81]. Among all raw current traces, these plateau segments contain the majority 

essential conductance features about the target molecule. These plateau conductance values are 

crucial for single molecules’ identification with SMBJ [82], [83], [84]. 

Various methods are proposed to handle the extremely low signal-to-noise ratio of single-

molecule measurements. Conventionally, for one molecule, thousands of iterations are required 

for a reliable analysis result. To segment the plateau, an empirical threshold could be directly 

applied to conductance traces [85]. In majority of studies, a 1D conductance histogram is 

constructed using thousands of current traces [56], [63], [65], [86], [87], [88] to capture the 

plateau conductance values. The conductance values of the target molecule could be represented 

with the location of peaks in a histogram (some of bins with highest counts). To accommodate 

the time (or distance between electrode) information along with conductance values, a 2D 

conductance histogram is another popular opinion [59], [62], [64], [66], [89], [90]. The resulting 

peak locations or plateau segments could provide a more accurate estimate of conductance value 

and distance measured. The high noise content in single-molecule measurements can be partially 

removed by averaging effect of 1D/2D histograms. With adequate large number of 

measurements, these methods could provide a reliable analysis result. In addition, various 

machine learning algorithms have been successfully applied to 1D/2D conductance histograms, 

providing a significant improvement of identification accuracy and efficiency [38], [73], [91], 

[92]. Some groups also tried to apply machine learning algorithms to extract the conductance 

plateau from an entire trace. For instance, using CNN-based weakly supervised learning with 

manual labeling the traces with plateau [73].  

The drawbacks of constructing one conductance histogram directly from raw current traces 

are inevitable: including all plateau (signal) and decay (noise) segments, demand for large 

number of measurements, and lack of precise estimation of molecule conductance. Since the 

noise contents are occupying a large portion, conductance peaks become contaminated and 

distorted. Unless all the decay segments are removed, histograms cannot exhibit the real 

conductance features. In another word, it is highly challenging to quantify one of the few 

conductance values from a large-deviation non-prominent peak. To overcome these limitations, 

it becomes vital to develop a method for extracting the plateau segments from each raw 

conductance trace, without the need of manual labeling the plateau points. Although, there are 

limited analysis methods in the molecular electronics field [74]. Time-series analysis is a well-

study topic for mathematics and statistics. Several works have developed algorithms to search 

linear segments iteratively until reach a local minimum or stopping criterion [93], [94], [95], 

[96]. After intensive investigation, we adopted the Optimal Piecewise-Linear Function 
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Approximation method [97]. We engineer this method to find an approximation that puts one 

conductance trace into several piecewise linear segments. Then, utilizing the slope of piecewise 

linear segments, we could easily isolate the plateau segments in the conductance traces. This 

method significantly enhances signal clarity and reduces the number of single-molecule 

measurements needed for reliable data. 

1.5 Overview of Viral Testing Methods 

In the past several decades, DNA sequencing techniques have undergone significant 

development, leading to profound advancements in our understanding of the DNA molecule and 

its applications in various disciplines, such as molecular biology, genomics, evolutionary 

biology, virology, medicine, forensics, and so on [21], [22]. Within these disciplines, a key 

challenge is the accurate identification and classification of genetic sequences and their 

mutations, particularly those involving single-base pair mismatches [98]. The ability to 

accurately identify mutations with single/few base-pair(s) mismatches holds particular 

significance in the context of viral testing, as evidenced during the recent COVID-19 pandemic.  

COVID-19 (coronavirus disease 2019) is an infectious disease caused by SARS-CoV-2 

(severe acute respiratory syndrome coronavirus 2). Since its first confirmed appearance at the 

end of 2019, COVID-19 has infected approximately 700 million people (10% of the world 

population) and resulted in the deaths of over 7 million people [99], [100]. Due to the virus's 

ongoing mutations, it is difficult to predict when the pandemic will come to an end. Each time 

the global weekly infection curve shows signs of decrease, a new COVID-19 variant with more 

transmissive or more virulence would take over and continue to break the infection records [99], 

[101]. Even if the pandemic ends, COVID-19 will likely become another recurrent disease that 

forever lives with the human species [102]. Abundant strategies have been developed to reduce 

transmission and stop the spreading of SARS-CoV-2: viral testing, contact tracing, and 

vaccination [103], [104].  

Broadly speaking, viral testing can be categorized into three different scenarios: diagnostic 

testing, screening testing, and public health surveillance [105]. Diagnostic methods are employed 

for individuals exhibiting COVID-19 symptoms or those who have had recent close contact with 

symptomatic individuals. The most important criterion of diagnostic methods is accuracy, which 

needs high sensitivity and specificity at the same time. High sensitivity means few false-negative 

results, where individuals with COVID-19 are incorrectly identified as negative. High specificity 

means few false-positive results, where individuals without the virus are mistakenly identified as 

having COVID-19 [103], [105]. Screening methods, on the other hand, are used for individuals 

without COVID-19 symptoms and no known close contact with symptomatic individuals. 

Because the percentage of asymptomatic SARS-CoV-2 infections is very high (about 40%), 

screening methods are essential for identifying undetected infected individuals and reducing 

further transmission [106], [107]. Unlike diagnostic testing, screening methods prioritize 

repeatability and testing time over high accuracy [108]. Public health surveillance methods are 
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designed to gain information at a population level rather than an individual level, which means 

cost and accessibility are the most vital features [105], [109]. However, there is no existing viral 

testing method that fully meets the essential criteria for all three scenarios. Based on these 

scenarios, numerous viral testing methods have been developed, and more than hundreds of them 

are commercially available after clearing FDA-EUA (Emergency Use Authorization of the 

United States Food and Drug Administration) [110], [111], [112].  

Viral testing can be broadly classified into two major categories: nucleic acid tests and 

protein tests (primarily antigen tests). Nucleic acid tests target some specific RNA (ribonucleic 

acid) genes in the virus. Among all nucleic acid tests, the RT-PCR (reverse transcriptase 

polymerase chain reaction) test is the most well-known method, which is highly accurate and 

widely available to the public. Several studies have shown that RT-PCR has nearly 100% 

sensitivity and specificity, making it the gold standard (above 99.99%) for viral testing [108], 

[112], [113]. However, the main drawback of RT-PCR remains its requirement for laboratory-

based testing, resulting in turnaround times ranging from 1 to 3 days. Under high demand, it 

would take a week or even longer [103], [108]. While some newer nucleic acid tests offer shorter 

assay times (between 1 to 4 hours), their accuracy suffers (with sensitivity 87% - 94%) and 

becomes less reliable than the gold standard (above 99.99%) [112]. Therefore, RT-PCR is still 

the dominant method for the diagnostic test.  

Protein tests in viral testing target either human antibodies or viral antigens. The human 

antibody tests are considered suboptimal for COVID-19 viral testing because of the possibility of 

corruption by residual antibodies from a previous infection or vaccination [103]. Among all 

protein tests, viral antigen tests have gradually become the most popular method, with the 

advantages of rapid turnaround time (15 minutes), low cost (about $10), and direct accessibility 

(at-home self-testing) [114]. While antigen-based methods sufficiently diagnose symptomatic 

patients, they face challenges in diagnosing asymptomatic patients. The sensitivity of these 

methods falls around 80% - 90%, leading to a large number of false-negative results. 

Consequently, confirmatory testing is often merited to avoid leaving COVID-19 carriers 

undetected and prevent further transmission of the virus [106], [107], [112]. However, no rapid 

viral testing method can compare to RT-PCR’s level of accuracy. Somewhat surprisingly, 

antigen-based methods remain the preferred choice for screening tests despite their limitations. 

Our method demonstrates that accurate classifiers can be built utilizing the electronic fingerprints 

of multiple COVID-19 variants and their single base-pair mismatches. 
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2 A Machine Learning Approach for DNA Sequence Identification 

The all-electronic Single Molecule Break Junction (SMBJ) method is an emerging alternative 

to traditional polymerase chain reaction (PCR) techniques for genetic sequencing and 

identification. Existing work indicates that the current traces recorded from SMBJ experiments 

contain unique signatures to identify known sequences from a dataset. However, the current 

traces are typically extremely noisy due to the stochastic and complex interactions between the 

substrate, sample, environment, and measuring system, necessitating hundreds or thousands of 

experimentations to obtain reliable and accurate results.  

In this chapter, we demonstrate that double-stranded DNA molecules can be classified 

extremely accurately using machine learning methods operating on experimental quantum 

transport data. Typical classification accuracies for molecules that are structurally different 

exceed 99.5%. Even in the case of DNA-RNA hybrids from E. coli with a single base pair 

mismatch, our methods are able to differentiate between them with an accuracy of over 96%. 

The overall accuracy over ten datasets of different molecules is 98.85%, with an average 

classification time of 27.49 µs (on a 2.2 GHz processor with 16 GB RAM) for each processed 

data input. However, we demonstrate that the accuracies of ‘problematic’ sequences such as S3 

and S4 can be boosted to around 99.5% if a two-stage classifier (a multiclass model cascaded 

with a binary model) is employed instead of a single-stage classifier. Our analysis and simulation 

results demonstrate the potential of combining current traces and ML methods as a diagnostic 

tool for real-time detection and classification of genetic sequences.  

2.1 Methodology 

2.1.1 Data acquisition  

All SMBJ experimental data are obtained directly from our collaborator, Josh Hihath’s 

group. For a more detailed experiment setup, please refer to [16]. The SMBJ experiments are 

conducted at room temperature using Molecular Imaging Pico-STM. The STM probe is 

connected to a Digital Instruments Nanoscope IIIa controller which records the current traces. 

Subsequently, the current traces are converted to conductance traces. 

For each experiment, a small volume of RNA:DNA hybrid molecule is first injected between 

two gold electrodes (the tip and substrate), meeting a desired concentration level. A bias voltage 

within the range of 50–300 mV is applied between the two gold electrodes. The STM probe, 

which is controlled by the LabView program, is then moved towards the substrate at a rate of 

approximately 80 nm/s until the current saturates the preamplifier (~100 nA). The tip is then 

retracted at the same rate until the current reaches the lower limit of the preamplifier (~10 pA). 

The whole process is repeated until the tip reaches the edge of the substrate. Among the 

thousands of collected traces, a significant number shows a predominantly exponentially 

decaying form, which implies that no molecules were captured between the tip and the substrate 
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(invalid experiment). A small number of current traces show steps and flat regions (in general, 

substantial deviations from an exponentially decaying characteristic), which is indicative of a 

successful molecular binding between the tip and the substrate.  

The SMBJ approach consists of a molecule binding to a conducting substrate on one end and 

a scanning microscope tip on the other end. The current flow between the tip and substrate is 

measured as a function of time. Figure 2-1 (a) shows an idealized schematic of the SMBJ 

experimental setup. Representative current traces without and with DNA molecular binding 

between the gold electrode and the substrate are shown in Figure 2-1 (b) and (c) respectively. In 

the absence of any binding, the current trace exhibits a predominantly exponential decay as the 

electrode is moved away from the substrate. Deviations from this behavior as shown by 

increases/dips in Figure 2-1 (c) are generally indicative of a successful molecular binding and a 

‘valid’ experiment. Our hypothesis is that unique signatures of the DNA molecule exist in the 

conductance (ratio of current to applied voltage) traces, specifically, conductance histograms 

(see Figure 2-6 and Figure 2-7), and automated classification of DNA strands should be possible 

using statistical and/or machine learning (ML) based approaches. 

 
Figure 2-1. Raw experimental input data. (a) An idealized schematic of the single-molecule 

break junction (SMBJ) approach for conductance measurement. The measurement setup includes 

a bias voltage and a preamplifier [115]. (b) Sample current trace with no DNA binding between 

the gold electrode and the substrate. (c) Sample current trace with DNA binding between the 

gold electrode and the substrate. 
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We use ten datasets of experimentally obtained current traces to validate our ML approach. 

Each dataset contains a mix of valid (with molecular binding) and invalid (no molecular binding) 

traces. In the next section, we explain how the invalid traces were automatically pre-filtered prior 

to classifier training. Table 2-2 provides the details of the ten datasets. Some salient features of 

the datasets are as follows. First, although S2, S6, S7, S8, and S9 are of the same strand, tests 

were conducted using three different bias voltages. Second, S4 and S5 are mismatched versions 

of S3, which corresponds to mRNA from E. coli: O157:H7 with its fully matched DNA duplex 

and is known to produce both Shiga toxins (Stx) 1 and 2. S4 and S5 have the same DNA 

complement as S3. The mRNA from S4 corresponds to E. coli O175:H28. It has a single 

mismatch at base 14 of S3 (A is substituted by G) and is known to lead to Stx 2. The mRNA 

from S5 which corresponds to E. coli E1a, has a single mismatch at base 8 of S3 (C is substituted 

by T) and is nontoxic as it does not produce either Stx 1 or 2. 

2.1.2 Data pre-processing  

A series of pre-processing steps were used to convert the experimentally obtained SMBJ 

current traces to conductance histograms for training our ML models. Since the recorded current 

values are the outputs of a preamplifier, which has a noise floor of 10 pA and an upper limit of 

100 nA, all current traces were first limited to the threshold range [10 pA − 100 nA].  

Due to uncertainties in the data acquisition process, sometimes an experiment is conducted 

even when no molecule is attached to the electrode. Such experiments are deemed to be invalid. 

Invalid current traces exhibit a predominantly exponential decay over time. Since our datasets 

had a mix of valid and invalid traces for each molecule, we designed the second pre-processing 

step. We fit an exponential regression model, 𝑦 = 𝑎 · 𝑒−𝑏·𝑥, 𝑏 > 0, to each clipped current trace 

and used the R2 statistic from the fit to accept/reject the trace. Specifically, if the computed R2 

statistic is greater than some chosen threshold, β, we reject the trace as `invalid’ (experiment 

conducted with no molecular binding); otherwise, the trace is accepted. Even though the standard 

error of regression is a better choice for nonlinear regression models, we determined through 

extensive experimentation that the R2 statistic works well for our purposes. Starting with about 

1400−7000 traces for each of our 10 data classes, we found that approximately 50−90% of the 

data were rejected at this step for β = 0.95, 70-96% of the current traces were rejected for β = 

0.90, and 78-98% of the current traces were rejected for β = 0.87 (see Table 2-1). Given the 

scarcity of experimental data, a prudent choice of β is necessary to retain as much data as 

possible, while rejecting the most obviously invalid current traces.  

In the third step, all accepted current traces were low pass filtered (LPF). Two different LPFs 

were used, one for data classes S1−S9 with a cutoff frequency of 9 kHz and another for data 

class S10 with a cutoff frequency of 3 kHz. Since the sampling rate during the data acquisition 

phase for S10 was 10 kHz, compared to 30 kHz for S1−S9, all S10 current traces were linearly 

interpolated by a factor of 3 after low pass filtration.  
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Table 2-1. Data availability after R2 test* 

 𝑹𝟐 ≤ 𝜷 =  𝟏  𝑹𝟐 ≤ 𝜷 =  𝟎. 𝟗𝟓  𝑹𝟐 ≤ 𝜷 =  𝟎. 𝟗  𝑹𝟐 ≤ 𝜷 =  𝟎. 𝟖𝟕 

S1 5254  528 10.05%  176 3.35%  103 1.96% 

S2 5008  1212 24.20%  729 14.56%  571 11.40% 

S3 7008  1997 28.50%  872 12.44%  532 7.59% 

S4 6187  2347 37.93%  1254 20.27%  874 14.13% 

S5 5420  1804 33.28%  926 17.08%  604 11.14% 

S6 4998  2280 45.62%  1497 29.95%  1142 22.85% 

S7 1369  538 39.30%  299 21.84%  206 15.05% 

S8 4171  2034 48.77%  1097 26.30%  831 19.92% 

S9 4719  1697 35.96%  856 18.14%  601 12.74% 

S10 5037  1578 31.33%  938 18.62%  670 13.30% 
* Columns 2, 3, 5, and 7 show the number of data samples in each dataset at different values of the 

R2 test threshold parameter, β. Columns 4, 6, and 8 show the percentage of samples remaining. 

 
 

Finally, all current traces were converted to conductance traces using eq. below: 

 𝐶𝑜𝑛𝑑𝑢𝑐𝑡𝑎𝑛𝑐𝑒 =
 𝑐𝑢𝑟𝑟𝑒𝑛𝑡

𝑉𝑏𝑖𝑎𝑠
 (2-1) 

where current is in units of 10 nA and Vbias is the bias voltage in volts. The unit of conductance is 

G0, the conductance quantum, and is defined as follows: 𝐺0 =
2𝑒2

ℎ
= 7.748 · 10−5 𝑆, where 𝑒 is 

the elementary charge and ℎ is Planck’s constant. For our datasets, the conductance values turn 

out to be in the range [10−6.5 − 10−0.5] 𝐺0.  

Figure 2-2 summarizes the sequence of pre-processing steps. Training vectors for our ML 

models are probability histograms computed from sample conductance traces. The efficacy of 

the pre-processing routine in smoothing out the histograms is demonstrated in Figure 2-3 which 

compares the conductance histograms for data class S1 computed from raw current traces vs. 

processed traces. 

 
Figure 2-2. Sequence of pre-processing steps for converting raw current traces to conductance 

traces.  
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Figure 2-3. Representative large sample conductance histograms for data class S1 using 

threshold parameter β = 1. (a) Derived from raw current traces. (b) Derived from processed 

current traces. 

We used the Python implementation of the XGboost package available at [116]. Two critical 

hyperparameters within XGboost are the number of trees/estimators, Nest, and the depth of each 

tree/estimator, Dest. Optimal values of these parameters were determined based on an exhaustive 

grid search on values indicated below:  

D_est = {1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 16, 18, 20} 

N_est = {10, 50, 100, 150, 200, 250, 300, 350, 400, 500, 600, 700} 

Based on validation accuracies, we determined that reasonable values are (Nest = 200, Dest = 

2) or (Nest = 150, Dest = 3). For all simulations, we chose the first parameter combination to 

reduce the computational time. All other parameters were left at their default values. In 

particular, the default value of the learning rate or shrinkage parameter is 0.3. 

2.1.3 Data visualization 

The t-stochastic neighbor embedding (t-SNE) method [117] is a powerful local structure-

preserving mapping method to visualize high-dimensional data in two dimensions. A key 

parameter in t-SNE is ‘perplexity’, which controls the number of neighbors used by the 

algorithm to determine the local structure of a point. It is important to observe that not much 

should be made of the exact distance by which two distant points may be displayed on the low 

dimensional map generated by t-SNE since the algorithm is agnostic to ‘global distance 

information’ in the native feature space. An interesting discussion regarding the interpretability 

of t-SNE maps can be found in [118]. A recent application of the t-SNE algorithm to single-cell 

transcriptomics can be found in [119]. Figure 2-4 shows the t-SNE visualizations of our ten 600-

dimensional conductance probability histogram datasets (1000 per class) for β = 1, 0.95, and 

0.87, based on a Barnes-Hut approximation with perplexity value = 30 and an initial 100-

dimensional principal components analysis (PCA) projection. Overall, there appears to be a 
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separation between the points in the different datasets. However, three important observations 

are in order.  

 

Figure 2-4. t-SNE visualization of our datasets. (a) R2  β = 1, (b) R2  β = 0.95, and (c) R2  β = 

0.87. We have adopted the same ‘bluish’ color scheme for S2, S6, S7, S8, and S9 since they 

correspond to the same molecule, though with three different biases.  

First, the separation between S3 and S4, which differ by a single mismatch, appears to 

improve as β decreases. As far as these two classes are concerned, we should therefore expect a 

classifier to benefit from an aggressive R2 test-based pre-filtering of the data.  

Second, the choice of bias voltage matters. This is evident from an examination of the 

clusters depicted by (S2,S8), (S6,S9), and S7. Although these datasets correspond to the same 

strand, we see from Table 2-2 that the bias voltage is 10 mV for (S2,S8), 100 mV for (S6,S9), 

and 200 mV for S7. Experiments conducted with different bias voltages on the same molecule 

can induce very different conductance properties, which is evident in the histograms in Figure 

2-6 as well as in the natural separation we observe between (S2,S8), (S6,S9) and S7 in Figure 

2-4. This lends some empirical evidence that a target class labeling scheme based on a (strand, 

bias voltage) tuple may be a more prudent choice than a purely strand-based labeling scheme 

which may result in a diffuse cluster of identically labeled points occupying a wide swathe in the 

feature space, which can be detrimental to an ML-based classification approach.  
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Third, we observe that the S10 cloud map ‘straddles’ the (S2,S8) cloud considerably and no 

amount of R2 filtering appears to ameliorate this issue, unlike S3 and S4. In fact, without the aid 

of class labels, it would be natural to expect one cluster formed by S2, S8, and S10. It is 

interesting to note that our first and third observations regarding (S3,S4) and (S2,S8,S10) are 

also validated by classical multidimensional scaling [120] projection plots (see Figure 2-5).  

 
Figure 2-5. Classical multidimensional scaling (MDS) visualizations. MDS visualizations of S2, 

S3, S4, S8, and S10 datasets for (a) R2  β = 1, (b) R2  β = 0.95, and (c) R2  β = 0.87.  

2.2 Results and Discussion  

2.2.1 Overview of classification approach 

Raw current traces from SMBJ experiments [16] (see Figure 2-1) are first converted to 

conductance traces through a series of pre-processing steps, which are discussed in Section 2.1.2. 

Histograms are then derived from the conductance traces. Figure 2-1 shows the empirical large 

sample conductance histograms for our ten datasets (see Table 2-2 for details) using an R2 test 

threshold of β = 0.95. We refer to these histograms as large sample histograms since these are 

based on thousands of conductance traces for each dataset (see Table 2-1 for number of traces). 

From a practical perspective, however, strand-level identification needs to be made from 

reasonably accurate histograms constructed from the fewest number of conductance traces 

possible. This is necessary to avoid imposing a costly experimental burden, which can 
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potentially detract from the adoption of current-based methods for applications that demand 

almost real-time genetic sequence determination.  

Table 2-2. Details of the ten datasets used for baseline classifier. 

Label Sequence Bias Note Solvent / Buffer 

S1 Octane dithiol 0.30 V Not a DNA/RNA mesitylene 

S2 
5’-CCC GGG CCC GGG-3’ 

3’-GGG CCC GGG CCC-5’ 
0.01 V  

100mMP+100uL

+30uL 

S3 
5’-CGA CCC CTC  UUG AAC-3’ 

3’-GCT GGG GAG AAC TTG-5’ 
0.05 V E. coli O157:H7 

10uL+75uM+60

0MC_50BC_20

RR 

S4 
5’-CGA CCC CTC  UUG AGC-3’ 

3’-GCT GGG GAG AAC TTG-5’ 
0.05 V 

E. coli O175:H28 

One mismatch from S3 
30ul+7.5uM+Rg 

S5 
5’-CGA CCC CCC  UUG AAC-3’ 

3’-GCT GGG GAG  AAC TTG-5’ 
0.30 V 

E. coli ED1a 

One mismatch from S3 
75uM+10uL 

S6 

5’-CCC GGG CCC GGG-3’ 

3’-GGG CCC GGG CCC-5’ 

 

0.10 V 

Same as S2 

 

100mMP+100uL

+30uL 

S7 0.20 V 
100mMP+100uL

+30uL 

S8 0.01 V 
100mMP+100uL

+20uL 

S9 0.10 V 
100mMP+100uL

+50uL 

S10 5’-GGG TTT GGG-3’ 0.01 V 
G-quadruplex 

secondary structures 

100mMP+100uL

+30uL 

 

Ideally, we would like to conduct a successful (with molecular binding) experiment once and 

be able to predict the strand from the resulting conductance values. However, given the 

substantial noise and uncertainty inherently associated with the current state of SMBJ 

experimentation, a compromise is necessary. We train and evaluate our classifiers based on H-

sample conductance histograms - histograms constructed from randomly sampled H ‘valid’ 

conductance traces (whether a trace is deemed valid or not is determined by the R2 test threshold 

β) - and study the impact of the parameter H on classifier accuracy. Henceforth, we will refer to 

histograms constructed from reasonably small values of H, e.g. H ≤ 20, as small sample 

histograms. Additionally, we define any histogram based on H = 30 as a baseline histogram. 

Figure 2-7 shows a representative large sample, baseline, and small sample (H = 10) histograms 
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for datasets S1 and S8. We observe that while the conductance distribution of S8 changes 

significantly at H = 30 (note the multiple peaks in the conductance range [10−4, 10−2] 𝐺0), the 

distribution of the baseline histogram for S1 appears to be relatively consistent with its large 

sample counterpart. The significant change in the conductance histogram for S8 at H = 30 

probably alludes to unique contact configurations between DNA and electrodes. Nevertheless, 

expecting consistently perfect experimental conditions is a luxury in practice, and classifier 

models need to be relatively robust to such uncertainties.  

 
Figure 2-6. Large sample histograms of all data classes. The R2 test is: ‘accept current trace if R2 

≤ β = 0.95’. After the current traces are R2 filtered, one histogram is constructed per class, using 

all available current traces, which are converted to conductance traces after low pass filtration 

(see Figure 2-2 and Figure 2-3 for details).  

Starting with the ten datasets, we trained classifier models using two different target class 

labeling schemes. In the first scheme, unique DNA strands were assigned different class labels, 

irrespective of the voltage bias used for current measurement during SMBJ experiments. Since 

data types S2, S6, S7, S8, and S9 are of the same DNA strand, we end up with six target classes, 

[S1, {S2, S6, S7, S8, S9}, S3, S4, S5, S10], with this labeling scheme (called TLS-1). In the 

second scheme (called TLS-2), the datasets are assigned unique class labels based on the (strand, 

voltage bias) tuple. Although S2, S6, S7, S8, and S9 pertain to the same DNA strand, 

experimentations on S2 and S8 were conducted with a 10 mV bias, in contrast to 100 mV for S6 

and S9 and 200 mV for S7 (see Table 2-2). Based on the conductance histograms shown in 

Figure 2-6, prima facie there appear to be enough differences induced by the choice of the bias 
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voltage, to warrant consideration of a labeling scheme based on (strand type, bias voltage). With 

this scheme, we have eight target classes, [S1, {S2, S8}, S3, S4, S5, {S6, S9}, {S7}, S10].  

 
Figure 2-7. Comparison of large sample, baseline, and small sample histograms. (a), (d) Large 

sample, (b), (e) baseline (H = 30) and (c), (f) small sample (H = 10) conductance probability 

histograms for datasets S1 (a-c) and S8 (d-f).  

For both labeling schemes, we randomly partitioned our conductance traces, 70% for training 

and 30% for testing. To reduce any potential bias due to the initial split, each simulation was 

repeated 100 times with a random train/test split. For each simulation, H traces were sampled 

randomly from each class to generate a conductance histogram. This process was repeated for a 

total of Nhist = 700 times per class, where Nhist is the number of histograms. The total number of 

training samples is, therefore, 4200 for TLS-1 (six classes) and 5600 for TLS-2 (eight classes). A 

similar procedure was adopted for evaluating classifier performance, except we chose Nhist = 300 

per class. The total number of testing samples is therefore 1800 for TLS-1 and 2400 for TLS- 2. 

All accuracy metrics reported in the following sections are averaged over 100 random test splits.  

The histograms for each target class can be constructed either from the set of conductance vs. 

time traces, 𝑔(𝑡), or the set of corresponding conductance magnitude trace, |𝐺(𝜔)|, where 

|𝐺(𝜔)| is the magnitude of the Fourier Transform of 𝑔(𝑡). Henceforth, we will refer to |𝐺(𝜔)| 

simply as the conductance spectrum. We evaluate the performance of four different classifier 

models:  

• Approach 1: (see Figure 2-8) Extreme gradient boosting (XGboost) on 600-bin histograms 

constructed from 𝐻 conductance traces sampled randomly from the set 𝑔(𝑡). 
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• Approach 2: (see Figure 2-9) XGboost on 600-bin histograms constructed from 𝐻 

conductance traces sampled randomly from the set |𝐺(𝜔)|. 

• Approach 3: (see Figure 2-10) Multilayer perceptron (MLP with two hidden layers, 600−64

−8(6)−8(6) with ReLu activation; numbers within parentheses refer to TLS-1) on 600-bin 

histograms constructed from H conductance traces sampled randomly from the set 𝑔(𝑡). 

From our experience, shallower networks tended to perform better than deeper networks, 

possibly due to the inherently noisy nature of the conductance traces. 

• Approach 4: (see Figure 2-11) A distance-based classification scheme on 600-bin histograms 

constructed from 𝐻 conductance traces sampled randomly from the set 𝑔(𝑡). For each target 

class, one ‘large sample template histogram’ is constructed using all training data for that 

class. A test histogram (constructed from 𝐻 samples), say 𝑡, is assigned to class 𝑖 if the 

Euclidean distance between 𝑡 and 𝐻𝑖 is the smallest, where 𝐻𝑖 is the large sample template 

histogram of the 𝑖𝑡ℎ class. 

Since the performances of other approaches are generally at par with or slightly worse than 

approach 1, we will concentrate on the performance of the boosted method in the next section. 

Broadly speaking, XGboost [121] is a fast and scalable implementation of a gradient-boosted 

decision tree framework [122]. Gradient boosting is an ensemble learning method wherein weak 

base learners (usually decision trees) are added sequentially, one at each iteration, to minimize a 

suitably defined loss function evaluated on the previous learner. Within XGboost, the loss 

function is cross entropy for multiclass classification problems. For details on gradient boosting 

in general, we refer the reader to Hastie’s article [120]. We used the Python implementation of 

the XGboost package [116]. Two critical hyperparameters within an XGboost framework are the 

number of trees/estimators, Nest, and the depth of each tree/estimator, Dest. Based on extensive 

hyperparameter optimization, we chose Nest = 200 and Dest = 2.  

Let Nbins denote the number of bins for a conductance probability histogram. We define a 

baseline classifier as one which is characterized by the following parameters: (i) Nbins = 600 (i.e., 

each training sample is a 600-dimensional probability vector), (ii) R2 ≤ β = 0.95 in the pre-

processing sequence, and (iii) H = 30.  

In the subsequent Section 2.2.2-2.2.5, we first discuss the performances of the baseline 

classifiers for both target class labeling schemes, followed by an analysis of their sensitivities to 

the choice of Nbins, β, and H. Irrespective of the choice of Nbins, β, and H, we have consistently 

used Nhist = 700 per class for training and Nhist = 300 per class for testing. All classifier accuracy 

results reported are averaged over 100 evaluations. Finally, we discuss a secondary binary 

classifier for S3 and S4 in Section 2.2.6. We refer the reader to Section 2.1.3 for t-SNE and 

multidimensional scaling maps of our data. These low-dimensional visualizations provide broad 

insights into the structure of the data and are useful in deriving insights into classifier 

performance.  
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2.2.2 Performance of baseline classifiers 

Figure 2-8 shows the confusion matrices of the baseline classifiers for both target class 

labeling schemes. We recall that datasets S2, S6, S7, S8, and S9 pertain to the same DNA strand, 

though with three different bias voltages. First, we observe that classifier accuracies for these 

five datasets are not affected by the choice of the labeling scheme. Highly accurate strand-level 

identification is possible whether the data is labeled based purely on strand type or a finer (strand 

type, bias voltage) tuple. Any ML framework should be able to utilize data from instrumentation 

that uses less sensitive current amplifiers. Lower sensitivity current amplifiers require a larger 

bias to record current. As the bias increases, molecular conformation may change in manners that 

are not yet fully understood or characterized. Consequently, the ability to detect a strand 

independent of the bias applied is invaluable. Second, we observe that classes S3 and S4 can be 

differentiated with an accuracy exceeding 96.5%, despite the fact that S4 is just a single 

mismatch mutant of S3. Although TLS-2 seems to enjoy a slight edge in performance as far as 

S3 and S4 are concerned, the difference is not appreciable to claim a definite advantage for any 

particular labeling scheme. Third, we note that class S5 poses no issues for the baseline 

classifiers and is always identified perfectly. Fourth, whenever (S2, S8) is misclassified, it is 

predicted to be S10, and vice versa. This is consistent with the low-dimensional visualization 

shown in Figure 2-4 and Figure 2-5. Finally, we observe that, barring S3 and S4, the XGboost 

baseline classifiers work phenomenally well with individual class accuracies exceeding 99.5% 

for H = 30. For S3 and S4, the accuracies are within 96.2-96.7%. Our investigations indicate that 

instead of a single classifier, a tandem classifier architecture, consisting of a primary classifier 

involving all classes and a secondary binary classifier operating only on S3 and S4 (see Table 

2-3), can significantly boost the prediction accuracies of classes S3 and S4 to approximately 

99.5%. Additional discussions are available in Section 2.2.6.  

 
Figure 2-8. Confusion matrices for baseline classifiers. (a) Confusion matrices corresponding to 

target labeling scheme TLS-1 with 6 classes. (b) Confusion matrices corresponding to target 

labeling scheme TLS-2 with 8 classes.  
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Figure 2-9. Confusion matrices for XGBoost classifiers with magnitude of the Fourier 

Transform. (a) Confusion matrices corresponding to target labeling scheme TLS-1 with 6 

classes. (b) Confusion matrices corresponding to target labeling scheme TLS-2 with 8 classes.  

 
Figure 2-10. Confusion matrices for Multilayer perceptron classifiers. (a) Confusion matrices 

corresponding to target labeling scheme TLS-1 with 6 classes. (b) Confusion matrices 

corresponding to target labeling scheme TLS-2 with 8 classes.  

 
Figure 2-11. Confusion matrices for distance-based classifiers. (a) Confusion matrices 

corresponding to target labeling scheme TLS-1 with 6 classes. (b) Confusion matrices 

corresponding to target labeling scheme TLS-2 with 8 classes.  
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2.2.3 R2 test threshold parameter 

First, we focus on the performance analysis of baseline classifiers with respect to the R2 test 

threshold parameter, β. Figure 2-12 (a) and (b) show the accuracy of the baseline classifiers with 

respect to (w.r.t) the R2 test threshold parameter, β, corresponding to the two different target 

labeling schemes, maintaining Nbins = 600 and H = 30 (for detailed confusion matrices, see 

Appendix Figure A-1). Intuitively, we should expect a higher number of invalid (no molecule) or 

somewhat invalid (traces that are substantially similar to an exponential decay) traces to be 

rejected for lower values of β. Provided an adequate number of traces are retained after this step, 

this should yield a clean pool of valid traces to sample from, which should translate to improved 

or similar classifier accuracies. However, we observe that the accuracy for S1 drops significantly 

for lower values β with both labeling schemes, as does the accuracy for S7 for TLS-2. This can 

be explained by the fact that only 103 and 207 current traces remain for S1 and S7 respectively, 

when β = 0.87. Even though Nhist = 700 for all classes during training, the shallow pool of traces 

to sample from means that a substantial number of the training histograms for these two classes 

are reasonably similar and do not contribute to classifier learning. On the other hand, datasets S3 

and S4 show an almost 8% improvement in accuracy as β is lowered from 1.0 to 0.87. This result 

can be further understood by observing the t-SNE visualization (see Figure 2-4), which shows a 

mostly clean separation between the S3 and S4 clouds at β = 0.87. At the lower end of β, 532 and 

874 current traces remain for S3 and S4 respectively, enough for meaningful repeated sampling. 

We postulate that for reasonably high values of β, small/medium sample training histograms of 

these two classes are somewhat contaminated by invalid or substantially invalid traces, which 

masks out the true differences we expect between the two classes. A lower value of β which 

aggressively filters out raw traces, decreases the odds of histogram contamination, and allows the 

classifier to discover subtle differences, leading to a substantial enhancement in accuracy. 

Therefore, we conclude that a ‘one β fits all’ policy need not be the most prudent choice for all 

classes of data.  
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Figure 2-12. Performance analysis of baseline classifiers with respect to (w.r.t) β, Nbins, and H.  

(a), (b) Accuracy of baseline classifiers w.r.t the R2 test threshold parameter, β, corresponding to 

target labeling scheme TLS-1 with 6 classes (a) and TLS-2 with 8 classes (b). We chose the same 

color but different line types to distinguish between datasets [S2,S8], [S6,S9], and [S7], which 

are of the same strand but use different bias voltages.  

(c), (d) Accuracy of baseline classifiers w.r.t the number of histogram bins, Nbins, corresponding 

to target labeling scheme TLS-1 with 6 classes (c) and TLS-2 with 8 classes (d). Similar color 
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schemes and line types as in (a, b) have been used to distinguish between datasets [S2,S8], 

[S6,S9], and [S7]. 

(e), (f) Accuracy of baseline classifiers w.r.t the number of traces used to compute a conductance 

histogram, H, corresponding to target labeling scheme TLS-1 with 6 classes (e) and TLS-2 with 

8 classes (f). We chose the same color but different line types to distinguish between datasets 

[S2,S8], [S6,S9], and S7, which are of the same strand but use different bias voltages. 

2.2.4 Number of histogram bins 

We then focus on performance analysis of baseline classifiers with respect to the number of 

histogram bins, Nbins. Figure 2-12 (c) and (d) show the accuracy of the baseline classifiers w.r.t 

the number of histogram bins, Nbins, corresponding to the two different target labeling schemes, 

maintaining β = 0.95 and H = 30 (for detailed confusion matrices, see Appendix Figure A-2). 

Typically, histograms with small bin widths are preferred because they closely resemble the 

underlying probability distribution. This is affirmed in Figure 2-12 (c) and (d), where we observe 

that the accuracies are generally highest when the number of bins is large (600), except for 

classes 3 and 4. For these two classes, we observe that a coarse binning strategy with just 60 bins 

has better accuracy for both labeling schemes, which is evidence that ‘finer is not always better’ 

when it comes to choosing the granularity of the conductance histograms. While we do not have 

a definite explanation for why a smaller number of bins is better for S3 and S4, we conjecture 

that a fine binning strategy, especially when coupled with smallish values of H, generates 

‘pseudo-features’ that are detrimental to learning by overfitting due to curse of dimensionality. 

We conjecture that a coarse binning strategy with its inherent noise averaging properties appears 

to avoid this issue and may be a better choice for distinguishing between molecules that differ in 

one or few mismatches.  

It is also interesting to note that Nbins = 200 appears to be a reasonable choice for all classes 

for both labeling schemes, except S3, S4, and S10. While we have addressed the issues with (S3, 

S4) in the preceding paragraph, we hypothesize that the increased accuracy of S10 as Nbins 

increases is related to the low-dimensional overlap of S2, S8, and S10, as illustrated in Figure 

2-4 and Figure 2-5. Stated differently, these three classes benefit from a sufficiently high number 

of dimensions (bins), which allows the classifier to narrow in on the fine differences between 

(S2, S8) and S10. In general, coarse binning has the effect of smoothing out these subtle 

differences, resulting in a drop in class accuracy. 

2.2.5 Number of sample traces 

Finally, we focus on performance analysis of baseline classifiers with respect to the number 

of traces used to compute a conductance histogram, H. Figure 2-12 (e) and (f) show the accuracy 

of the baseline classifiers w.r.t the number of traces used to compute a conductance histogram, 

H, corresponding to the two different target labeling schemes, maintaining Nbins = 600 and β = 

0.95 (for detailed confusion matrices, see Appendix Figure A-3). In this case, we expect ‘more is 

better’ from a performance perspective when it comes to choosing a proper value for H, since 
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histograms constructed from a sufficiently large number of traces should more closely 

approximate the underlying conductance distribution. This is corroborated in Figure 2-12 (e) and 

(f), with the only exception being S7 for TLS-2. For this class, accuracy shows a consistently 

decreasing trend, dropping from almost 100% to 98.9% as H is increased from 10 to 50. From 

our simulations, we find that the misclassification probabilities for S7 are 0.009 and 0.011 for H 

= 40 and 50 respectively, and in both cases, the probability that S7 is predicted to be S5 is 0.007, 

based on results averaged over 100 runs. Therefore, whenever S7 is misclassified, about 70% of 

the time, it is incorrectly predicted to be S5. At first glance, the reason for this exception might 

appear to be related to data scarcity since dataset S7 has 538 valid conductance traces to sample 

from at β = 0.95. With larger values of H such as 40 or 50, it is plausible that the corpus of 

training histograms for S7 is not diverse enough for the ensemble classifiers to properly learn to 

distinguish S7 from other classes in the database. However, if we observe the accuracy of S1, it 

does not exhibit a similar performance degradation as S7, despite the fact that only 528 valid 

traces remain at β = 0.95. An explanation for this contradictory behavior can be derived from a 

visual examination of the large sample conductance histograms shown in Figure 2-6. To the 

naked eye, the large sample histograms for S5 and S7 appear somewhat similar, while S1 stands 

out from all other datasets due to its pronounced peak at a conductance value of 

approximately 10−6 𝐺0. For smaller values of H, we believe that the inherent small sample 

variability induces small differences (which can be viewed as additive noise) between S5 and S7 

histograms, which aids with classifier generalization. Stated differently, we suspect that the 

XGboost classifier may be overfitting on S7 at larger values of H, which could be compounded 

by the data scarcity issue. On the other hand, we hypothesize that the acuity of the signature 

dominant peak at 10−5 𝐺0 for S1 is relatively immune to the choice of H, which ensures that its 

classification accuracy remains consistently high across H. 

While a higher value of H may be generally better from a performance perspective, it 

imposes an undue burden in practice since an SMBJ experiment needs to be conducted multiple 

times to make a highly accurate visual prediction. Specifically, if the probability of any 

experiment being valid (with molecular binding) is p, which of course depends on the R2 test 

threshold parameter β, the average number of times an experiment needs to be conducted is H/p. 

2.2.6 Analysis of secondary binary classifier for S3 and S4 

In the above sections, we have established that a single XGboost classifier works 

phenomenally well in classifying the ten datasets into six (strand-based) classes or eight (strand, 

bias voltage-based) classes, with the exception of S3 and S4 which differ by a single mismatch. 

Nevertheless, based on our observations in conjunction with Figure 2-4, we recommend that 

experimental data on the same strand but with different bias voltages be coded as different 

classes. We have also demonstrated the challenges in designing a monolithic classifier with one 

set of values for (Nbins, β, H) which works equally well for all data classes. An alternate 

architectural option might be to employ a 2-stage tandem classifier where S3 and S4 are 
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combined as one target class, say superclass 3_4, in the first-stage primary classifier, followed by 

a second-stage binary classifier operating on S3 and S4 with a lower value of β and other 

parameters, suitably tuned for these classes. In this option, the second stage classifier is invoked 

if the prediction from the first stage indicates a ‘class 3_4’. Another architectural option might be 

to design the primary classifier with 6 or 8 classes (S3 and S4 coded as different classes) and pair 

it with a secondary binary classifier operating on S3 and S4 for additional verification. If both 

classifiers predict the same class, that should obviously enhance the likelihood of correct 

identification. We believe that this tandem classifier approach, although motivated by our need 

to reject invalid experimental observations (driven by the R2 test threshold, β), will be useful to 

distinguish between strands with similar conductance distributions, even if uncertainties 

associated with experimental conditions are rendered moot. In this section, we discuss the 

performance of a secondary binary classifier operating on S3 and S4 only.  

Often, the performance of an unsupervised clustering algorithm on a labeled database is used 

as a benchmark for classifier performance. Toward that goal, we report the performance of a 

baseline spectral clustering algorithm on S3 and S4, using Nbins = 600 and H = 30. Given a set of 

n points, {𝑥𝑖 ∶ 1 ≤ 𝑖 ≤ 𝑛}, in d-dimensional space, the steps involved in a spectral clustering 

[123] approach are as follows: (i) construct a similarity graph on the n points, (ii) perform an 

eigen-decomposition of the Laplacian matrix of the similarity graph, and (iii) use a clustering 

method such as k-means to cluster the points using the p (p  d), eigenvectors of the graph 

Laplacian corresponding to the p smallest eigenvalues. The similarity between points xi and xj in 

the similarity graph is computed as follows: 

 𝑠𝑖𝑗 =  exp (−‖𝑥𝑖 − 𝑥𝑗‖
2

/ 𝜎2 ) (2-2) 

where  is the scale parameter. Several methods exist for constructing the similarity graph; we 

use the nearest neighbor graph construct with a specified number of neighbors for each point. In 

addition, several forms of the Laplacian matrix are possible; we use the symmetric normalized 

Laplacian matrix defined in [124]. Figure 2-13 shows the class accuracies as a function of the 

number of neighbors, for p = 2,  = 1, and β = 1, 0.95, and 0.87 (these simulations were 

conducted in MATLAB). Generally speaking, the clustering quality can be sensitive to the 

choice of . For our datasets, however, we found that the solution is robust to 𝜎 ∈ [0.5, 2]. 

Representative benchmark accuracy indices for S3 and S4 are (i) [82.9, 90.8] % for β = 1, (ii) 

[99.2, 91.3] % for β = 0.95, and (iii) [100, 99.1] % for β = 0.87, all numbers corresponding to 20-

nearest neighbor similarity graphs. We observe that the spectral clustering method works 

remarkably well for both classes at β = 0.87. At β = 0.95, the accuracy of S3 is almost 8% better 

than the accuracy of S4, which, quite interestingly, is reversed at β = 1. While some degree of 

explanation of this behavior can be offered from a graph-cut viewpoint of the spectral clustering 

method, possibly applied to a low dimensional projection of the data, it is not necessary for the 

context of this thesis.  
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Figure 2-13. Clustering of S3 and S4 data. Class accuracies obtained from spectral clustering of 

S3 and S4 conductance histogram data (1000 per class) as a function of the number of neighbors 

used to construct a similarity graph on the data, using Nbins = 600 and H = 30. 

We now discuss the performance of a secondary binary support vector machine (SVM) 

classifier trained with 700/300 training/testing histograms per class. Our choice of SVM as the 

classification algorithm was driven primarily by the clean separation which appears to exist 

between two-dimensional projections of the two classes at β = 0.87, as is evident from the t-SNE 

and classical multidimensional scaling (MDS) [120] visualizations in Figure 2-4 and Figure 2-5. 

Simulations were conducted in MATLAB using a vanilla SVM (linear kernel) with a 

regularization parameter of C = 1. The matrix of training histograms was standardized on a per-

bin basis. While we did not find any evidence that standardization enhances XGboost’s 

performance, the binary SVM classifier benefitted immensely from standardized data. Viewing 

the mismatched sample, S4, as the positive class and S3 as the negative class, training with 

unstandardized data resulted in substantially lower sensitivities but relatively high specificities, 

which is not desirable if detection of a mutant strain is the primary objective, even at the expense 

of a slightly higher false positive rate. Please see Figure 2-14 for details. 
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Figure 2-14. Binary SVM classifier on S3 and S4. We view the mismatched sample, S4, as the 

positive sample and S3 as the negative sample. This figure illustrates the impact of data 

standardization on the sensitivity and specificity of a binary vanilla SVM classifier (linear kernel 

with regularization parameter C = 1) operating on S3 and S4 with (a) R2  β = 1, (b) R2  β = 

0.95, and (c) R2  β = 0.87. When the data is standardized, the classifier is naturally balanced 

which leads to approximately equal sensitivities and specificities. When the data is not 

standardized, we end up with a rather low sensitivity but high specificity classifier. While it is 

feasible to tune the classifier balance with unstandardized data, the primary objective of this 

figure is to illustrate the tremendous impact of standardization on the same baseline classifier.  

Table 2-3 presents the classification accuracies with standardized data as a function of H and 

β, averaged over 100 runs, for Nbins = 600 and 60. First, we observe that class accuracies reach 

almost 100% for (β = 0.87, H  30) and coarse binned histograms work almost as well as fine-

grained histograms. The only cases where coarse histograms are decidedly better than fine 

histograms are when (β = 1, H  20), but these aren’t of practical interest due to rather low-class 

accuracies. Second, the class accuracies drop significantly as β increases, which is consistent 

with the behavior of the primary XGboost classifier. At H = 30, the drop is almost 7-8%, 

comparable to what we saw in Figure 2-12 (a) and (b). Third, at baseline values of (β = 0.95, 

Nbins = 600, H = 30), class accuracies are [99.45, 99.57] %, which are almost 2.5-3% better than 
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the accuracies indicated in Figure 2-8 for the primary classifier. This demonstrates the benefit of 

using a tandem classifier approach compared to a monolithic model.  

Table 2-3. Class accuracies in percentages for a secondary binary  

SVM classifier operating on S3 and S4* 

H 
β = 1 β = 0.95 β = 0.87 

 

H 
β = 1 β = 0.95 β = 0.87 

S3 S4 S3 S4 S3 S4 S3 S4 S3 S4 S3 S4 

10 76.53 76.73 91.33 90.54 98.41 97.82 10 81.34 78.03 91.57 89.52 96.07 94.76 

20 85.97 86.17 98.48 97.46 99.88 99.39 20 89.69 88.78 96.54 95.94 98.53 98.56 

30 92.36 92.67 99.45 99.57 100.00 99.89 30 92.87 92.53 98.42 98.23 99.60 99.65 

40 95.33 95.12 99.80 99.13 100.00 100.00 40 95.03 95.12 98.86 98.94 100.00 99.96 

50 97.08 97.05 99.82 99.99 100.00 100.00 50 96.43 96.69 99.42 99.36 100.00 100.00 

* The left and right tables correspond to Nbins = 600 and Nbins = 60 respectively. The accented rows 

and columns correspond to baseline parameter values (β = 0.95, Nbins = 600, H = 30). For 

comparison, the (S3,S4) class accuracies obtained from spectral clustering with (Nbins = 600, H = 30) 

are (i) [82.9, 90.8] % for β = 1, (ii) [99.2, 91.3] % for β = 0.95, and (iii) [100, 99.1] % for β = 0.87. 

2.3 Summary 

Identification of genetic material from signatures in current traces has been pursued for over 

a decade. The conductance histograms from experimentally measured currents are intrinsically 

noisy, with values ranging over three orders of magnitude. Further, physics-based theory and 

modeling approaches have so far been ineffective in capturing the noisy nature of experimental 

data with enough accuracy to reveal sequence information. This is because the number of atoms 

involved is extremely large, the environment fluctuates, and there are a large number of DNA-

contact configurations, which makes it impossible to model the system in a realistic manner. As 

a result, identifying genetic material from current traces has remained a challenge. In this work, 

we have demonstrated that an ML-based approach using experimentally obtained current traces 

is extremely successful in identifying DNA strands. Conductance traces were sampled randomly 

(H at a time) to construct the conductance histograms and an XGboost classifier was trained on 

the histograms. The computational time for strand identification from raw experimental data 

using a trained model is as small as 28 µs, which makes our approach suitable for real-time 

implementation. For molecules that are sufficiently different structurally, we obtain an accuracy 

of 99.5% with β ≥ 0.95 and H as small as 20 – 30. For DNA-RNA hybrids from E. coli with just 

a single base pair mismatch, our methods can achieve similar accuracy, but with a more stringent 

set of parameters, β = 0.90 and H = 50. In general, we observe that a monolithic classifier model 

trained on multiple data classes may not provide comparably high accuracy for genetic samples 

which differ by a single mismatch, especially if H is kept reasonably low in the interest of rapid 

detection and classification in practice. Our investigations reveal that a tandem classifier 

approach, where the first stage is a multiclass classifier and the second stage is a binary classifier 

operating exclusively on molecules with single base pair mismatches, can be an attractive 
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architectural proposition for boosting the accuracies of such samples to around 99.5% with a 

reasonable H = 30. Overall, our approach shows tremendous potential for accurate, fast, cheap, 

and amplification-free DNA strand identification. Extremely short computational times, along 

with demonstrated high accuracies, make single-molecule sensing using the current traces 

possible in real time and establishes it as a feasible candidate for diverse time-critical sequence 

identification applications, including clinical diagnostics.  
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3 Utilize 2D Electrical Conductance Probability Distributions from 

Mixed Data Sets 

In this thesis, we demonstrate that accurate classifiers can be built utilizing the electronic 

fingerprints of multiple COVID-19 variants and their single base-pair mismatches. The data used 

in this chapter (published in reference [91]) was collected using the single molecule break 

junction (SMBJ) approach under a range of experimental parameters: applied voltage bias, 

current amplifier sensitivity, distance between electrodes, and ramp rate (explained in the 

Methods Section 3.1). As a benchmarking step, we first applied the method we proposed in [38] 

to the data, which yielded low accuracies (83.96%). Then we develop a new methodology based 

on (i) two-dimensional (2D) conductance probability distributions instead of one-dimensional 

(1D) distributions and (ii) averaged (over the experimental parameters) conductance distributions 

instead of non-averaged distributions. We trained XGBoost classifiers on 1D distributions and 

convolutional neural networks paired with XGBoost classifiers on 2D distributions. Our primary 

research objective was to explore whether any or both of the above variations would better 

capture the electronic fingerprints of the sequences, which could translate to improved classifier 

models. Our secondary objectives were: (i) how many experimental passes are needed to 

construct reliable conductance distributions? and (ii) what role does the value of the applied 

voltage between the electrodes play, if any? We provide an in-depth analysis of our 

investigations in the Results Section 3.2. Our investigations show that: (i) averaged conductance 

distributions provide an across-the-board enhancement in classifier accuracy (92.09%), (ii) 

adoption of 2D distributions can be beneficial for some sequences (93.27%), (iii) 20 

experimental passes are adequate to yield classifiers which exceed 90% accuracy for six of the 

ten sequences considered in this chapter, but at least 50 passes are needed for four other 

sequences, (iv) data collected from experiments conducted at lower voltage biases tend to 

produce better classifiers, and, (v) higher biases can produce contradictory behavior in classifier 

accuracy, depending on the sequence type. 

3.1 Methodology 

3.1.1 Conductance datasets 

The data for the conductance is from reference [91], which used the SMBJ method for data 

collection. A simplified overview of this method is shown in Figure 3-1. The experimental 

apparatus consists of two electrodes, the metal substrate, and the tip. Initially, a layer of self-

assembled DNA molecules is fabricated on the substrate and a fixed voltage bias is applied 

between the tip and substrate. In the next step, the metal tip approaches the surface and contacts 

the substrate resulting in a large current. The tip is then slowly retracted, with the distance 

between the tip and substrate increasing and the current is continuously monitored as a function 

of time. In many measurements, a DNA molecule is attached between the tip and substrate, 

which yields a current versus time trace that is nonexponential (has plateaus) - these are the 
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measurements that are of interest. There are other spurious measurements where there is no DNA 

between the tip and substrate, and these result in an exponential decrease in current versus time. 

Finally, with further retraction of the tip, the DNA loses contact with the substrate as shown in 

Figure 3-1, at which point, the current falls to zero (the noise floor of the apparatus). The method 

is intrinsically noisy because the atomistic details of the contact between the DNA and metal can 

have multiple configurations, see Figure 3-2. Further, the immediate environment of the DNA as 

the tip is retracted can also change between measurements. Yet several studies have obtained 

insights on molecular scale transport using this method that was pioneered in the 1980s [125]. 

The ramp rate in Figure 3-1 determines how fast the distance between the tip and substrate 

increases with time when the tip is retracted. In reference [91], the experimental datasets used a 

voltage bias from the set {0.03, 0.05, 0.10, 0.15, 0.20, 0.30} 𝑉 and a ramp rate from the set 

{3, 5, 10, 20} 𝑉/𝑠. Further, both the lower and upper limit of the current range is set by the 

amplifier. For the current amplifiers with 1 and 10 nA/V sensitivities, the current range is [1 pA 

– 10 nA] and [10 pA – 100 nA] respectively [91]. The experimentally measured current is 

sensitive to the applied voltage bias, ramp rate (i.e., the rate at which the two electrical contacts 

are separated), and the sensitivity of the current amplifier.  

  
Figure 3-1. (a) A self-assembled layer of DNA, (b) The tip initially makes contact with the 

substrate when the current is large. (c) As the tip is retracted current flows from the tip to the 

substrate via the DNA. Only one DNA strand is shown for clarity. (d) With further retraction of 

the tip, electrical contact is broken, and the current becomes zero. The current is continuously 

monitored during the tip retraction process. 
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Figure 3-2. Twenty conductance traces that randomly sampled from one dataset, which comes 

from same DNA molecule and same experimental setup. 

The dataset used in this work contains several thousands of current traces corresponding to 

ten unique 12 base-pair (bp) short DNA segments from one of three variants of the SARS-CoV-2 

genome published in [91], and detailed in Table 3-1. These variants are the Alpha variant 

B.1.1.7, Beta variant B.1.351, and the Delta variant B.1.167 [101]. Of the ten DNA sequences, 

three are perfectly matched with the target Alpha, Beta, and Delta variants, which we refer to as 

Alpha_PM, Beta_PM, and Delta_PM (perfect match) sequences, respectively. The others 

correspond to sequences of the same length but with a single base pair mismatch, which we refer 

to as mismatches (MM). The mismatch sequences denoted by Alpha_MM1, Beta_MM1, and 

Delta_MM1 are derived from the wild-type SARS-CoV-2 virus, which also exists in some of the 

unmutated segments of Alpha, Beta, and Delta variants. The mismatch sequences denoted by 

Alpha_MM2, Beta_MM2, and Delta_MM2 are hypothetical sequences that could produce the 

same virus protein as the PM sequences [91]. Table 3-1 shows the exact mutation locations for 

the ten sequences considered along with the experimental parameters for measurement, which 

resulted in a total of 39 datasets. 

Data acquisition. We relied on SMBJ measurements to capture the conductance 

characteristics of the DNA sequences. Generally, these experiments (preparing the RNA-DNA 

hybrids and obtaining conductance traces) take around 4 hours to generate 5,000 conductance 

traces. We obtained all SMBJ experimental data from [91]. For a detailed explanation and 

experimental setup, refer to [16], [38]. The experimentally obtained SMBJ current traces are not 

uniform in duration. This limits the applicability of machine learning classification methods like 

XGBoost. Therefore, a series of pre-processing steps are used to convert the SMBJ current traces 

to probability histograms, as explained in the following Section 3.1.2 and [38]. These histograms 

have a uniform number of logarithmically spaced bins, introducing uniformity to the current 

traces. Additionally, a single probability histogram is constructed from multiple traces, thus 

averaging out the presence of random, high-frequency noise. 
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Table 3-1. Summary of the 39 COVID-19 datasets used. 

Label Sequence Voltage Bias 
Current 

Amplifier 
Ramp Rate 

E1 
Alpha variant, mismatch 1 

 

3’- GGG  TGA  ATA  CCA -5’ 

5’- CCC  ACU AAU GGU -3’ 

0.10 V 1 nA/V 5 V/s 

E2 0.15 V 10 nA/V 3 V/s 

E3 0.10 V 10 nA/V 10 V/s 

E4 0.15 V 10 nA/V 10 V/s 

E5 0.20 V 10 nA/V 10 V/s 

E6 
Alpha variant, mismatch 2 

 

3’- GGG  TGA  ATA  CCA -5’ 

5’- CCC  ACU UAC GGU -3’ 

0.15 V 1 nA/V 3 V/s 

E7 0.10 V 1 nA/V 10 V/s 

E8 0.10 V 10 nA/V 10 V/s 

E9 0.15 V 10 nA/V 10 V/s 

E10 0.20 V 10 nA/V 20 V/s 

E11 
Alpha variant, perfect match 

 

3’- GGG TGA  ATA  CCA -5’ 

5’- CCC  ACU UAU GGU -3’ 

0.05 V 1 nA/V 3 V/s 

E12 0.10 V 1 nA/V 3 V/s 

E13 0.10 V 1 nA/V 20 V/s 

E14 0.10 V 10 nA/V 10 V/s 

E15 0.20 V 10 nA/V 10 V/s 

E16 Beta variant, mismatch 1 

3’- CCA  CAA  TTT  CCA -5’ 

5’-GGU GUU GAA GGU-3’ 

0.10 V 10 nA/V 20 V/s 

E17 0.05 V 10 nA/V 20 V/s 

E18 0.10 V 10 nA/V 20 V/s 

E19 Beta variant, mismatch 2 

3’- CCA  CAA  TTT  CCA -5’ 

5’-GGU GUU AAG GGU-3’ 

0.30 V 10 nA/V 20 V/s 

E20 0.30 V 10 nA/V 20 V/s 

E21 0.10 V 10 nA/V 20 V/s 

E22 Beta variant, mismatch 3 

3’- CCA  CAA  TTT  CCA -5’ 

5’-AGU GUU AAA GGU-3’ 

0.05 V 10 nA/V 20 V/s 

E23 0.10 V 10 nA/V 20 V/s 

E24 0.10 V 10 nA/V 20 V/s 

E25 Beta variant, perfect match 

3’- CCA  CAA  TTT  CCA -5’ 

5’-GGU GUU AAA GGU-3’ 

0.05 V 1 nA/V 20 V/s 

E26 0.10 V 1 nA/V 20 V/s 

E27 0.10 V 10 nA/V 20 V/s 

E51 
Delta variant, mismatch 1 

3’-TCG  TTT GGA  ACA-5’ 

5’-AGC ACA CCU UGU-3’ 

0.03 V 10 nA/V 20 V/s 

E52 0.03 V 10 nA/V 20 V/s 

E53 0.10 V 10 nA/V 20 V/s 

E54 0.10 V 10 nA/V 20 V/s 

E55 
Delta variant, mismatch 2 

3’-TCG  TTT GGA  ACA-5’ 

5’-AGC AAG CCU UGU-3’ 

0.03 V 10 nA/V 20 V/s 

E56 0.10 V 10 nA/V 20 V/s 

E57 0.10 V 10 nA/V 20 V/s 

E58 0.20 V 10 nA/V 20 V/s 

E59 
Delta variant, perfect match 

3’-TCG  TTT GGA  ACA-5’ 

5’-AGC AAA CCU UGU-3’ 

0.03 V 10 nA/V 20 V/s 

E60 0.03 V 10 nA/V 20 V/s 

E61 0.10 V 10 nA/V 20 V/s 

E62 0.20 V 10 nA/V 20 V/s 
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Data visualization. The dataset used contains several thousands of current traces 

corresponding to ten unique 12 base-pair (bp) short DNA segments from one of three variants of 

the SARS-CoV-2 genome [91], as detailed in Table 3-1. Appendix Figure B-1, Appendix Figure 

B-2, Appendix Figure B-3 show the empirical large sample 1D conductance histograms for our 

39 datasets (see Table 3-1) using an R2 test threshold of β = 0.95. We refer to these histograms as 

large sample histograms since these are based on thousands of conductance traces for each 

dataset. Each row in Appendix Figure B-1, Appendix Figure B-2, Appendix Figure B-3 

represents a specific sequence (e.g., Alpha_MM1, Beta_PM, etc.). The variability in the shapes 

of the histograms shown in each row can be attributed to the inherent stochasticity of the SMBJ 

experimental procedure and/or variations in experimental parameters such as voltage bias and 

ramp rate. Similarly, Appendix Figure B-4, Appendix Figure B-5, Appendix Figure B-6 show 

the empirical large sample 2D conductance histograms for our 39 datasets using an R2 test 

threshold of β = 0.95.  

3.1.2 Pre-processing procedure  

A series of pre-processing steps were carried out to convert the experimentally obtained 

‘raw’ current traces to suitable conductance traces, which are then used to derive the 

conductance histograms for training our ML models. Figure 3-3 summarizes the sequence of pre-

processing steps. First, the current traces were clipped to the range [1 pA – 10 nA] or [10 pA – 

100 nA] depending on the amplifier used. Next, we fit an exponential regression model, 𝑦 = 𝑎 ·

𝑒−𝑏·𝑥, 𝑏 > 0, to each high/low clipped current trace and used the R2 statistic from the fit to 

accept/reject the trace. Since molecular binding between the tip and the substrate on every run of 

the experimental procedure is not guaranteed, the spurious current traces which are 

predominantly exponentially decaying (in contrast, traces with molecular binding exhibit 

plateaus) are removed using a R2 test (invalid data). Specifically, if the computed 𝑅2 statistic is 

greater than some chosen threshold, 𝛽, we reject the trace as ‘invalid’); otherwise, the trace is 

accepted. We chose a threshold of 𝛽 = 0.95 to achieve a balance between filtering out invalid 

data and retention of adequate data for training and validation. Even though the standard error of 

regression is a better choice for nonlinear regression models, we determined through extensive 

experimentation that the 𝑅2 statistic works well for our purposes. We started with about 

2000−5000 traces for each of the 39 datasets. For the Alpha variant, we found that approximately 

60−85% of the data were accepted at 𝛽 = 0.95. There were two exceptions: E7 corresponding to 

Alpha_MM2 (42% accepted) and E13 corresponding to Alpha_PM (20% accepted). For the Beta 

variant, other than E25, E26, and E27 (corresponding to Beta_PM), 56-86% of the current traces 

were accepted at 𝛽 = 0.95. For Beta_PM, the acceptance rate was 20-23%. For the Delta 

variant, we found that approximately 71−90% of the data were accepted at 𝛽 = 0.95. 
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Figure 3-3. Sequence of pre-processing steps (shown within red boxes) for converting raw 

current traces to conductance traces. 

In the third step, all accepted current traces were low-pass filtered to mitigate high-frequency 

noise. Since the sampling frequency for all 39 datasets is 10 kHz., we used a low pass filter with 

a cutoff frequency of 3 kHz.  

In the fourth step, all current traces were converted to conductance traces using the equation 

below: 

 𝐶𝑜𝑛𝑑𝑢𝑐𝑡𝑎𝑛𝑐𝑒 (𝐺0) =
 𝐶𝑢𝑟𝑟𝑒𝑛𝑡 

𝑉𝑏𝑖𝑎𝑠
 (3-1) 

where 𝐶𝑢𝑟𝑟𝑒𝑛𝑡 is in units of 𝑛𝐴 and 𝑉𝑏𝑖𝑎𝑠 is the bias voltage in volts. The unit 𝐺0 in the above 

equation is the conductance quantum and is defined as follows: 𝐺0 =
2𝑞2

ℎ
= 7.748 · 10−5 𝑆, 

where 𝑞 is the elementary charge and ℎ is Planck’s constant. For our datasets, the conductance 

values turn out to be in the range [10−7.5 − 10−1.5] 𝐺0.  

The conductance versus time 𝑔(𝑡) traces obtained after the previous step are then 

recalibrated to conductance versus distance 𝑔(𝑥) traces using the eq. below:  

 𝑥 = 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 (𝑛𝑚) = 4 ⋅ 𝑡 ⋅ 𝑅𝑎𝑚𝑝 𝑅𝑎𝑡𝑒 (3-2) 

where each time step is 10−4 s, corresponding to a sampling frequency of 10 kHz. Ramp rate, in 

𝑉/𝑠, is the voltage applied to control the rate at which the distance between the two electrodes 

changes. The factor ‘4’ in eq. (3-2) accounts for the fact that the velocity of the top electrode is 

proportional to the piezo displacement, which is 4 nm/V. The distance between the electrodes is 

in units of nm, and most measurements have a distance value of less than 0.4 nm. Therefore, we 

choose [0−0.4] nm as the range of distance values for creating histograms.  

3.1.3 Histogram construction  

The conductance vs. distance traces are then sampled to compute 2D and 1D histograms 

(viewed as probability distributions), which are used to train/test the classifiers. Figure 3-4 shows 

sample 2D and 1D histograms constructed from a single conductance trace along with a 

schematic of the experimental setup and the parameters (bias, ramp rate, current amplifier 
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sensitivity). For each of the ten COVID-19 sequences, we sample 𝐻 current traces randomly and 

construct a conductance probability distribution (histogram). The detailed procedure for 

converting a current trace to a conductance trace is discussed below. 

While a low value of 𝐻 (ideally one, see Figure 3-4) would be preferable to reduce the 

experimental burden, conductance histograms constructed from individual or very few current 

traces are extremely noisy, yielding poor classification accuracy. Our experiments suggest that a 

reasonable compromise between experimental burden and accuracy is provided by choosing a 

baseline value of 𝐻 =  30. In the following sections, we have experimented with two different 

sampling methods for the conductance traces, resulting in either a conductance histogram or an 

average conductance histogram, and two different histogram representations, 1D or 2D. We 

discuss these below. 

We will first clarify the distinction between a conductance histogram and an average 

conductance histogram. There are 5 different labels associated with Alpha_MM1: E1, E2, E3, 

E4, and E5. These labels correspond to different choices of experimental parameters (voltage 

bias, current amplifier sensitivity, and ramp rate) for the same sequence (see Table 3-1). When 

constructing a histogram for Alpha_MM1 from 𝐻 conductance traces, we have two choices: (i) 

sample all 𝐻 traces from a particular combination of experimental parameters (e.g., E3, 

corresponding to a bias of 0.1 V, a current amplifier sensitivity of 10 nA/V, and a ramp rate of 10 

V/s, or (ii) sample H traces randomly from all combinations of experimental parameters (mixed 

data sets). A histogram (properly normalized) constructed using the first sampling approach 

represents a conditional probability distribution of conductance values conditioned on the 

specific experimental parameters. We refer to such a histogram as a conductance 

histogram/probability distribution. In contrast, a histogram constructed using the second 

sampling approach represents an average (unconditional) probability distribution, averaged over 

all combinations of experimental parameters. We refer to such a histogram as an average 

conductance histogram/probability distribution. 

 

Figure 3-4. (a) Schematic of the SMBJ experimental method, (b) a single conductance versus 

distance trace, (c) derived 1D conductance histogram, and (d) derived 2D conductance 

histogram. 
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Irrespective of the method used to sample 𝐻 conductance traces, we can construct either a 1D 

histogram or a 2D histogram. We now elaborate on the procedures. As recorded, each 

conductance trace is a function of time, which can be recalibrated in terms of the distance 

between the two contacts (as time increases, so does the inter-electrode distance), as discussed in 

Section 3.1.2. Since the majority value of the inter-electrode distance is approximately less than 

0.4 nm, we divide the range of distance values, [0−0.4] nm, into a number of distance bins, 

which we denote by 𝑁𝑏𝑖𝑛𝑠−𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒. Similarly, the range of conductance values is divided into a 

number of conductance bins, which we denote by 𝑁𝑏𝑖𝑛𝑠. A set of H randomly sampled 

conductance vs. inter-electrode distance traces is then binned along both the distance (𝑥) axis 

and the conductance (𝑦) axis, yielding a 2D conductance vs. distance histogram. The 2D 

histograms, therefore, provide additional information regarding the inter-electrode distance 

where conductance change occurs, which we have found can be critical in successfully 

distinguishing between certain SARS-CoV-2 variants. By summing over the distance axis, we 

can marginalize the 2D histogram, yielding a 1D conductance histogram. Please refer to 

Appendix Figure B-1, Appendix Figure B-2, Appendix Figure B-3, and Appendix Figure B-4, 

Appendix Figure B-5, Appendix Figure B-6 for 1D and 2D histograms, respectively, for each 

experimental dataset. Conceptually, the 2D histograms can be viewed as equivalent to a time-

frequency analysis (e.g., short-time Fourier Transform), whereas 1D histograms can be viewed 

as equivalent to a Fourier Transform. We wish to emphasize that this analogy is merely 

pedagogical, and we do not convert the data to the frequency domain.  

Next, we construct 1000 histograms for each sequence, 70% of which are used for classifier 

training and validation, while the rest (30%) are used for testing.  

3.1.4 Machine learning architecture 

We used the Tensorflow implementation of CNN, with a learning rate based on the Adam 

optimizer [126]. We employ categorical cross entropy for the multiclass classification. Figure 

3-6 shows the architecture of our stacked CNN feature extractor and XGBoost model. The inputs 

to the XGBoost model are the outputs of the flattening layer from a CNN model trained with a 

fully connected classifier. Adopting an ensemble classifier model (XGBoost) instead of a 

traditional fully connected classifier results in an enhancement of more than 5% classifier 

accuracy. Figure 3-5 shows the comparison between the CNN-only approach and the CNN + 

XGBoost approach. We reckon this is due to the inherent stochasticity of the experimental data, 

which introduces a variance in the conductance probability distributions. Ensemble learning 

methods, in general, are better suited to data that is noisy and exhibit high variance. All 

codes/data used for generating the results are available as a Python package [127]. 
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Figure 3-5. Confusion matrices for Approach A4 using (a) CNN + XGBoost and (b) CNN only 

as a machine learning algorithm for classification. 

 

Figure 3-6. Sequence of components in the stacked CNN and XGBoost model. FC stands for 

fully connected layer. 
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3.2 Results and Discussions 

We present results from four different input data representations, which are dictated by (i) 

choice of 1D histograms or 2D histograms, and (ii) choice of conductance histograms or average 

conductance histograms. Our main motivation for studying the performance of 2D distributions 

is to examine whether such distributions are any more informative than 1D distributions. Table 

3-2 summarizes the four possible input data representations, the ML algorithm used, and the 

average (over 100 trials) accuracy for a baseline classifier. We define a baseline classifier as one 

that is characterized by the following parameters: (i) prefiltering with 𝑅2 ≤ 𝛽 = 0.95, (ii) 

histograms from 𝐻 = 30 current traces, and (iii) number of conductance bins 𝑁𝑏𝑖𝑛𝑠 = 600 (for 

both 1D and 2D histograms) and number of distance bins 𝑁𝑏𝑖𝑛𝑠−𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 = 10 for 2D histograms 

(equal to 1 for a 1D histogram). Average accuracy over 100 trials for sample sizes 𝐻 =

 10 and 30 are also included in Table 3-2. In general, the performance of the classifier depends 

on the choice of the parameters 𝛽, 𝐻, and 𝑁𝑏𝑖𝑛𝑠, of which the sample size parameter 𝐻 has the 

most pronounced effect. 

3.2.1 Performance of baseline classifier 

In this section, we discuss the performance of a baseline classifier by comparing in detail the 

differences between approaches A1 (worst performing) and A4 (best performing) indicated in 

Table 3-2. We observe that for small sample sizes such as 𝐻 = 10, approach A4, which utilizes 

2D average conductance histograms and a CNN + XGBoost classifier, always has a similar or 

slightly better overall accuracy than approach A2, which utilizes 1D average histograms and an 

XGBoost classifier. We also observe that the accuracy improves by 7-8% when average 

conductance histograms (whether 1D or 2D) are used, compared to conductance histograms 

which are conditioned on experimental parameters. This can be verified by comparing the 

accuracies of approaches A1 vs. A2 and approaches A3 vs. A4, shown in Table 3-2. 

Table 3-2. Summary of four different input data representations, ML algorithms used, and 

corresponding classification accuracies. 

 

Approach 
Histogram 

dimensionality 

Average 

conductance 

histogram? 

ML algorithm 

Average accuracy 

𝐻 = 30 

(baseline) 
𝐻 = 10 

A1 [38] 1D No XGBoost 83.96% 74.50% 

A2 1D Yes XGBoost 92.09% 82.60% 

A3 2D No CNN + XGBoost 85.60% 75.96% 

A4 2D Yes CNN + XGBoost 93.27% 85.57% 
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Our primary research objective is as follows: “Can the PM (perfect match) and MM 

(mismatch) sequences for each COVID-19 variant (Alpha, Beta, Delta) be identified with high 

accuracy?”. For each of the three variants, we treat the PM and MM sequences as different target 

classes. This results in three classifiers, one each for the three variants; specifically, (i) 3-class 

classifiers for the Alpha and Delta variants since these variants have one PM class and two MM 

classes, and (ii) a 4-class classifier for the Beta variant since this variant has one PM class and 

three MM classes. 

Figure 3-7 shows the confusion matrices for the Alpha, Beta, and Delta baseline classifiers; 

panels (a) correspond to Approach A1 [38], while panels (d) correspond to Approach A4. Please 

refer to Figure 3-7 for the confusion matrices of all four approaches. Comparing Figure 3-7 (a) 

and (d), we see that 1D histograms work reasonably well (≈ 90% accuracy) for distinguishing 

the Alpha_MM2 class, but there is major confusion between the Alpha_MM1 and Alpha_PM 

classes (the 1D histograms for these classes are very similar). However, usage of 2D average 

histograms provides an across-the-board improvement in classification accuracy, approximately 

8% for Alpha_MM2 and 13-15% for the Alpha_MM1 and Alpha_PM classes. The case for the 

Beta classifier is rather interesting. Comparing Figure 3-7 (b) and (e), we can see that although 

1D histograms can distinguish the Beta_PM class perfectly, the accuracy is approximately 75-

78% for the three mismatch classes. This suggests that 1D histograms for the Beta_PM class 

must be strikingly dissimilar to the three mismatch classes, which is indeed the case, as 

evidenced by Appendix Figure B-2. Usage of 2D average histograms boosts the accuracies of the 

mismatch class Beta_MM2 by about 20% and Beta_MM3 by about 12%, although there is still 

room for improvement as far as Beta_MM1 and Beta_MM3 classes are concerned (roughly 15% 

confusion between these two classes). Finally, comparing Figure 3-7 (c) and (f), we observe that 

2D average histograms provide an average accuracy boost of approximately 4-10% for the Delta 

classes. 
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Figure 3-7. Confusion matrices for baseline classifiers: (a) Approach A1, (b) Approach A2, (c) 

Approach A3, and (d) Approach A4. The differences between these four approaches are 

summarized in Table 3-2. 

3.2.2 Performance analysis of baseline classifiers w.r.t sample size, H 

In this section, we address the impact of the parameter 𝐻, which tends to affect classifier 

accuracy the most. Intuitively, we expect larger values of 𝐻 to yield better classifier models since 

the relatively high stochasticity inherent in the current traces will tend to be ‘averaged out’ as 𝐻 

increases, revealing the underlying true probability distribution. From a ‘usability’ perspective, a 

value of 𝐻 = 1 is ideal since it implies that a sequence determination can be made at run time 

after every experiment. However, state-of-the-art experimentation currently precludes operating 

at an ideal value of 𝐻. 
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Figure 3-8 shows the overall classification accuracy for all four approaches indicated in 

Table 3-2 with respect to the sample size, 𝐻, while keeping 𝛽 = 0.95, 𝑁𝑏𝑖𝑛𝑠 = 600, and 

𝑁𝑏𝑖𝑛𝑠−𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 = 10. A similar plot over an extended range of 𝐻, 𝐻 ∈ [10,100], appears in 

Figure 3-9. The reason why we study all four approaches in this section is that Figure 3-8 

provides some clues regarding the relative efficacies of the two data representational attributes, 

(i) 2D vs. 1D histograms and (ii) average histogram or not, as discussed in the subsequent 

paragraphs. 

From the top row in Figure 3-8, we observe that for the Alpha variant, approach A4 is better 

than A2, which is significantly better (about 10%) than A3 and A1. This suggests that averaged 

histograms are more impactful in the case of Alpha variants, particularly for the Alpha_PM and 

Alpha_MM1 sequences. We also observe that approach A4 is approximately 95% accurate for 

Alpha variants when 𝐻 = 10, compared to ≈ 87% for approach A2. However, as 𝐻 increases, 

the two approaches become comparable and are visually indistinguishable for 𝐻 ≥ 40. 

Therefore, for the Alpha variant, we conclude that approach A4 is preferable over approach A2, 

particularly for smaller values of 𝐻.  
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Figure 3-8. Performance analysis of baseline classifiers with respect to 𝐻 for the four approaches 

indicated in Table 3-2. (a) Alpha sequences, (b) Beta sequences, and (c) Delta sequences. The 

same color scheme has been used to distinguish between the four approaches. 

From the bottom row in Figure 3-8, we observe that the plots for the Delta variant are slightly 

different from the Alpha variant. In this case, approach A2 is the best overall, followed by 

approach A4, even for smaller values of 𝐻. In fact, for the Delta_MM1 sequence, A2 is 

approximately 6% better than A4 when 𝐻 = 10. We also observe that neither of the two 

approaches can provide a 95% classification accuracy or better (our intended benchmark) for all 

three Delta variants even when 𝐻 = 50. In general, we have found that Delta variants are harder 

to classify than Alpha variants. 

Finally, the case for the Beta variant turns out to be significantly different than the Alpha and 

Delta variants. From the middle row in Figure 3-8, we observe that the Beta_PM class is easiest 

to classify, reaching almost 100% accuracy at 𝐻 = 10, irrespective of which of the four 

approaches is used. For the Beta_MM1 and Beta_MM3 sequences, averaged 2D histograms 

(approach A4) perform marginally better than non-averaged 2D histograms (approach A3), and 

either of these two approaches is better than approaches A1 and A2 which utilize 1D histograms. 

This phenomenon is similar to what we observed for the Alpha sequences. For Beta_MM2, 

however, approach A2 performs marginally better than approach A4, as is the case for the Delta 

variant sequences. In fact, if we compare the blue/green and red/black curves for Beta_MM2, we 

observe that averaged histograms provide almost 23-24% improvement over non-averaged 

histograms when 𝐻 = 10. 

We now summarize the observations/inferences from the preceding discussion. While we 

embarked on this analysis with the goal of being able to state unequivocally which of the four 

approaches is best, it turns out that no straightforward answer exists. Disregarding the Beta_PM 

sequence for which all four approaches provide 100% accuracy even for 𝐻 = 10, we find that 

averaged 2D histograms (approach A4) perform best for all three Alpha sequences and the 

Beta_MM1/MM3 sequences. However, averaged 1D histograms (approach A2) perform best for 

all three Delta sequences and the Beta_MM2 sequence. Our investigations suggest that while 

averaged conductance histograms are preferred over conditional histograms when experiments 

on COVID-19 variants and their mismatches are conducted using a range of experimental 

parameter values, the choice of a 1D or 2D histogram is sequence-dependent. The exact reason 

why some sequences benefit from a time/tip distance indexed conductance distribution, but not 

all, is not understood at this point and is subject to further theoretical investigation. 
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Figure 3-9. Performance analysis of baseline classifiers with respect to H for the four approaches. 
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3.2.3 Impact of applied bias on classifier accuracy  

So far, we have discussed the performance of our baseline classifiers and their sensitivities to 

the histogram-related parameter, H. In this section, we explore how the SMBJ experimental 

parameter, voltage bias, impacts classification accuracy. Obviously, this analysis necessitates a 

fine-grained data labeling scheme that is cognizant of the sequence and the voltage bias. Since 

the majority of datasets in Table 3-1 have been recorded using a current amplifier with a 

sensitivity of 10 𝑛𝐴/𝑉 and a ramp rate of 10 𝑉/𝑠, we first filtered Table 3-1 based on these two 

parameters. Subsequently, we combined datasets that pertain to the same sequence and applied 

bias.  

For example, for the Alpha variant, the filtered datasets are E3, E4, E5, E8, E9, E14, and 

E15, all of which were recorded using a 10 𝑛𝐴/𝑉 amplifier and a 10 𝑉/𝑠 ramp rate, although 

they differ in the applied bias (0.10 𝑉, 0.15 𝑉, and 0.20 𝑉). We refer to this subset of seven 

datasets as the Alpha variant for our analysis in this section. For the Beta variant, the filtered 

datasets are E16, E17, E18, E21, E22, E23, E24, and E27, which differ in the applied bias 

(0.05 𝑉 and 0.10 𝑉). However, since E16 and E18 correspond to the same sequence 

(Beta_MM1) and a bias value of 0.10 𝑉, we combined these two datasets. Similarly, E23 and 

E24 were combined since they both correspond to Beta_MM3 and a bias value of 0.10 𝑉. This 

resulted in six datasets for the Beta variant, E16 ∪ E18, E17, E21, E22, E23 ∪ E24, and E27, 

where ∪ denotes the set union. Following an identical procedure, we end up with eight datasets 

for the Delta variant, E51 ∪ E52, E53 ∪ E54, E55, E56 ∪ E57, E58, E59 ∪ E60, E61, and E62.  

Next, we generated histograms using approach A3 (2D non-averaged histograms, see Table 

3-2) and 𝐻 =  100. A reasonably large value of 𝐻 was chosen to minimize the effect of 

sampling-induced uncertainties on classifier performance. It is important to note that each such 

histogram represents a unique combination of the tuple (sequence, voltage bias). These 

histograms described in the previous paragraph are then used to train and test independent 

classifiers for each of the three variants (Alpha, Beta, and Delta): (i) a 7-class classifier for the 

Alpha variant, (ii) a 6-class classifier for the Beta variant, and (iii) an 8-class classifier for the 

Delta variant. Table 3-3 shows the classifier accuracies for Alpha, Beta, and Delta variants as a 

function of applied bias. The confusion matrices for these three classifiers are shown in Figure 

3-10, Figure 3-11, and Figure 3-12. Results for classifiers trained on histograms with 𝐻 = 30 are 

shown in Table 3-4. 
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Table 3-3. Classifier accuracies for Alpha, Beta, and Delta variants as a function of applied bias 

 Dataset Accuracy Dataset Accuracy Dataset Accuracy 

Voltage Bias 0.10 V 0.15 V 0.20 V 

Alpha 

variant 

MM1 E3 99.47 % E4 86.30 % E5 74.92 % 

MM2 E8 99.62 % E9 99.24 %   

PM E14 99.78 %   E15 37.10 % 

Mean accuracy  99.62 %  97.77 %  56.01 % 

 

Voltage Bias 0.05 V 0.10 V  

Beta 

variant 

MM1 E17 99.30 % E16 ∪ E18 90.41 %   

MM2   E21 84.12 %   

MM3 E22 99.88 % E23 ∪ E24 92.61 %   

PM   E27 97.89 %   

Mean accuracy  99.59 %  91.26 %   

 

Voltage Bias 0.03 V 0.10 V 0.20 V 

Delta 

variant 

MM1 E51 ∪ E52 95.45 % E53 ∪ E54 89.83 %   

MM2 E55 99.92 % E56 ∪ E57 90.41 % E58 99.99 % 

PM E59 ∪ E60 98.89 % E61 95.36 % E62 99.69 % 

Mean accuracy  98.09 %  91.87 %  99.84 % 

All histograms generated using 𝐻 =  100. All datasets referenced in this table were recorded using a 

current amplifier of sensitivity 10 𝑛𝐴/𝑉 and a ramp rate of 10 𝑉/𝑠. 

 

 

Figure 3-10. Confusion matrix of 7-class classifier for Alpha variant (approach A3, 𝐻 = 100). 
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Figure 3-11. Confusion matrix of 6-class classifier for Beta variant (approach A3, 𝐻 = 100). 

 

Figure 3-12. Confusion matrix of 8-class classifier for Delta variant (approach A3, 𝐻 = 100). 

A general observation from Table 3-3 is that lower biases result in higher accuracies if we 

restrict ourselves to a moderate bias range [0.03, 0.15] 𝑉. This is true for all three variants. 
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However, when the bias is 0.20 𝑉, we observe contradictory behaviors for the Alpha and Delta 

variants. While the accuracy drops precipitously for the Alpha sequences E5 (Alpha_MM1) and 

E15 (Alpha_PM) at a bias of 0.20 𝑉, it approaches almost 100% for the Delta variant sequences 

E58 (Delta_MM2) and E62 (Delta_PM). This contradictory behavior can be validated by using 

an information-theoretic criterion, namely the Jensen-Shannon metric, as explained in Section 

3.2.4 (see Figure 3-13 in particular). 

The preceding discussion regarding the contradictory behavior exhibited by the Alpha and 

Delta variant sequences at a bias of 0.20 𝑉 raises an interesting question: are some DNA 

sequences naturally more susceptible to higher applied bias? Could it be due to some structural 

deformations within the sequence, which are induced by higher bias values? We leave this as an 

open question for now, pending additional theoretical investigation. 

Table 3-4 shows the classifier accuracies for Alpha, Beta, and Delta variants as a function of 

applied bias using approach A3 and 𝐻 = 30. The trend observed from Table 3-3 (lower biases 

result in higher accuracies) holds when classifiers are trained with 𝐻 = 30 histograms, although 

the impact is somewhat obfuscated by sampling-induced uncertainties.  

Table 3-4. Classifier accuracies for Alpha, Beta, and Delta variants as a function of applied bias 

 Dataset Accuracy Dataset Accuracy Dataset Accuracy 

Voltage Bias 0.10 V 0.15 V 0.20 V 

Alpha 

variant 

MM1 E3 90.03 % E4 83.49 % E5 62.70 % 

MM2 E8 90.93 % E9 89.43 %   

PM E14 91.80 %   E15 44.29 % 

Mean accuracy  90.92 %  86.46 %  53.50 % 

 

Voltage Bias 0.05 V 0.10 V  

Beta 

variant 

MM1 E17 93.66 % E16 ∪ E18 72.60 %   

MM2   E21 60.97 %   

MM3 E22 97.46 % E23 ∪ E24 76.13 %   

PM   E27 99.99 %   

Mean accuracy  95.56 %  77.42 %   

 

Voltage Bias 0.03 V 0.10 V 0.20 V 

Delta 

variant 

MM1 E51 ∪ E52 81.65 % E53 ∪ E54 66.27 %   

MM2 E55 96.61 % E56 ∪ E57 77.91 % E58 99.64 % 

PM E59 ∪ E60 88.72 % E61 82.12 % E62 99.44 % 

Mean accuracy  89.00 %  75.43 %  99.54 % 

All histograms generated using 𝐻 =  30. All datasets referenced in this table were recorded using a 

current amplifier of sensitivity 10 nA/V and a ramp rate of 10 V/s. 
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3.2.4 Validation by Jensen-Shannon metric 

In order to better understand the contradictory behavior exhibited by the Alpha and Delta 

variants at a bias of 0.20 V (see Table 3-3), we first observe from the confusion matrix shown in 

Figure 3-10 that Alpha variant E5 (Alpha_MM1) is most often confused with E15 (Alpha_PM). 

Specifically, the probability that E5 is misclassified as E15 is 0.412, and the probability that E15 

is misclassified as E5 is 0.584. Clearly, such high misclassification rates should imply a high 

degree of similarity between the histograms of E5 and E15. In order to verify this conjecture, we 

computed the pairwise Jensen-Shannon (J-S) distances[128] between the E5 and E15 histograms 

(normalized as probability distributions) and derived the cumulative distribution function (CDF) 

of J-S distances. Given two discrete probability distributions 𝑝𝑥 and 𝑞𝑥 on some random variable 

𝑥, let 𝑚𝑥 denote the pointwise mean of 𝑝𝑥 and 𝑞𝑥, i.e., 𝑚𝑥 =
𝑝𝑥 + 𝑞𝑥

2
. Then, the Jensen-Shannon 

(J-S) distance between 𝑝𝑥 and 𝑞𝑥 is defined as:  

 J-S distance = √
𝐷(𝑝𝑥 ∥ 𝑚𝑥) + 𝐷(𝑞𝑥 ∥ 𝑚𝑥)

2
 (3-3) 

where 𝐷(𝑝𝑥 ∥ 𝑚𝑥) denotes the Kullback–Leibler divergence (KLD) of 𝑚𝑥 from 𝑝𝑥, defined as 

follows: 

 𝐷(𝑝𝑥 ∥ 𝑚𝑥) = ∑ 𝑝𝑥(𝑖) log (
𝑝𝑥(𝑖)

𝑚𝑥(𝑖)
)

 

𝑖

 (3-4) 

While the KLD is not necessarily symmetric, the Jensen-Shannon distance is. In the context 

of our data, let 𝑝𝑥 denote a (1D) conductance distribution for the E5 class and 𝑞𝑥 denote a (1D) 

conductance distribution for the E15 class. Suppose we have 1000 conductance representations 

for each class. We compute the J-S distances between each pair {𝑝𝑥(𝑚), 𝑞𝑥(𝑛): 1 ≤ 𝑚, 𝑛 ≤

1000} and then plot the cumulative distribution function (CDF) of the computed J-S distances. 

This CDF plot is shown in Figure 3-13(a). Since the entire probability mass of J-S distance is 

concentrated within the band [0.120, 0.175], we can infer that there is substantial similarity 

between the E5 and E15 histograms, which helps explain the high misclassification rates.  

In contrast, we observe from the confusion matrix in Figure 3-12 that Delta variant E58 

(Delta_MM2) is very occasionally confused with E56 ∪ E57 (Delta_MM2), which occurs with a 

probability of 0.00027. Similarly, Delta variant E62 (Delta_PM) is very occasionally confused 

with E58 (Delta_MM2) or E61 (Delta_PM), and each occurs with a probability of 0.00013. 

These extremely small misclassification rates should imply a low degree of similarity between 

the histograms of (i) E58 and E56 ∪ E57, (ii) E62 and E58, and (iii) E62 and E61. This 

conjecture can be verified by examining the corresponding CDF plots of J-S distances shown in 

Figure 3-13(b). We observe that the CDF plots in this case have shifted to the right and the 

probability mass of J-S distance is almost entirely concentrated within the band [0.290, 0.485]. 

Since the trailing edge of this distance band has shifted to the right compared to what we observe 
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for the Alpha variant, we can infer that the degree of similarity between the “problematic” Delta 

classes is relatively small, which helps explain the small misclassification rates for E58 and E62. 

 

Figure 3-13. Cumulative distribution functions (CDF) of Jensen-Shannon distances for (a) Alpha 

variant datasets E5 and E15, both tested at 0.20 V and (b) Delta variant datasets E58 and E61, 

both tested at 0.20 V. For the Alpha variant, since E5 is most confused with E15 (see Figure 

3-10), we show the CDF of the Jensen-Shannon distance between E5 and E15. For the Delta 

variant, since E58 is very occasionally confused with (E56 ∪ E57) and E62 (see Figure 3-12), we 

show the CDF of the Jensen-Shannon distance between E58 and (E56 ∪ E57), and, between E58 

and E62. Additionally, since E61 is very occasionally confused with E62 (see Figure 3-12), we 

show the CDF of the Jensen-Shannon distance between E61 and E62. 

3.3 Summary 

The identification of genetic material and chemical detection from the conductance of single 

molecules has been pursued for over a decade. The noisy nature of the experimental 

measurements on single molecules has been a challenge in enabling robust identification. 

Further, physics-based modeling has failed to theoretically discern between molecules by 

accounting for the possible contact configurations and environmental fluctuations. In this 

chapter, we propose a methodology based on multiple machine-learning techniques and two 

different methods for data representation to identify DNA strands with high accuracy. 
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Accompanying the developed method is the release of a software package that can be used in a 

wide range of molecular conductance data [127]. 

Experimentally, the distance between the metal electrodes is varied during an SMBJ run, and 

conductance is measured as a function of time. As a result of the intrinsically noisy nature of the 

experiments, the conductance values are not completely reproducible if experiments are repeated 

on the same molecule. This prompted us to represent the data as conventional 1D conductance 

probability distributions and, additionally, as a 2D probability distribution, which depends on 

both the conductance value and inter-electrode separation. We studied the accuracy of detection 

both with and without averaging the conductance distribution over experimental parameters. In 

conjunction with 2D distributions, we have experimented with a convolutional neural network 

paired with an XGBoost classifier. Our investigations reveal that: (i) averaged conductance 

distributions have a significant impact on classifier accuracy, boosting it by as much as 21%, (ii) 

2D conductance distributions are beneficial for some sequences, but not all, and (iii) the backend 

XGBoost classifier whose input is data from a convolutional neural network provides better 

accuracy than a densely connected classifier usually adopted with a convolutional neural 

network. Finally, the classifier models were used to study the impact of the applied voltage 

between the two electrodes on accurate sequence detection. We find prima facie evidence that 

relatively large biases can be detrimental to the development of accurate classifier models. 

Overall, our classification approach exhibits significant potential for accurate, amplification-free 

DNA sequence identification. Importantly, while our analysis focused on COVID-19 data, the 

computational method proposed in this thesis should be of use in analyzing arbitrary single-

molecule conductance data for sequence identification. 
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4 Conductance Segments Extraction with Piecewise Linear 

Approximation Method 

In this paper, we propose an approach based on combining the Piecewise Linear 

Approximation (PLA) method, machine learning models (ensemble learning method XGBoost), 

and neural networks (CNN as feature extractor). Different from the preprocessing procedures 

that were previously developed by our group, the PLA could remove noise content more 

effectively and keep all useful content unchanged. The resulting conductance histograms, which 

are constructed purely from plateau segments, provide up to 4.22% improvement in average 

classification accuracy. Then XGBoost and CNN methods could focus on learning essential 

conductance features instead of some random features created by noise, which output an average 

accuracy of 96.31% compared with 83.96% of the previous ML classification system. Especially 

with a smaller sample size, as few as 5, our classification system is able to maintain its high 

accuracy by over 80% for most variants (excluding Beta_MM1 and Beta_MM3 variants). 

Impressively, using a constant 30 sample size, classification accuracy of the exceptional variants 

could increase from about 83% to 97% by tuning cutoff slope, which is a parameter introduced 

by the PLA method. The approach proposed in this paper could significantly improve the 

efficiency and accuracy of SMBJ methods, making them more viable for practical applications. 

 

4.1 Methodology 

Broadly speaking, an SMBJ experiment involves capturing a molecule between two 

electrodes and measuring the current passing through the molecule in response to an applied 

voltage bias. Figure 4-1 shows an idealized setup of SMBJ experiments: A large number of 

identical molecules are placed on a gold substrate (plane electrode) and a gold tip (atomically 

sharp electrode) is pulling up repeatedly with thousands of iterations. By applying a constant 

voltage bias, the system will measure the current passing between the gold substrate and the gold 

tip during each iteration. Within one iteration, the measurement starts with the gold tip touching 

the gold substrate, which reads a large saturation current. Then, the gold tip pulls up at a constant 

velocity until the measured current is below the lower limit of the preamplifier. If no molecule is 

captured during one iteration, the recorded current would drop exponentially (see Figure 4-1). 

These decay segments contain most likely noises, instead of real conductance values obtained 

from target molecules. On the other hand, the captured molecule would form an electrode–

molecule–electrode structure, which measures the electronic characteristics of the molecule. 

Theoretically, these characteristics are not affected by small displacement changes (i.e. gold tip 

pulling). Therefore, the current passing through the molecule will stay the same (plus some 

noise) across a period of time. We call these relative constant current measurements, plateau 

segments. Among all raw current traces, these plateau segments contain the majority of essential 

information (conductance values) about the target molecule.  
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Figure 4-1. One iteration of the SMBJ measurement. A trace that captures nothing will directly 

go from step (1) to step (5). A trace that captures a DNA molecule, will go through all (1) – (5) 

steps. The plateau segment is most likely to occur between steps (2) and (3).  

As discussed in the Introduction, plateau segments act as direct features of molecular 

interaction, free from the decay seen when no molecule is bound. Efficient identification and 

classification of these plateau segments is essential to improve the signal-to-noise ratio and 

reduce the number of measurements needed, thus making SMBJ methods more practical for real-

world applications. We adopted the Optimal Piecewise-Linear Function Approximation [97] as 

the most suitable method for extracting plateau segments from SMBJ traces. This method uses 

piecewise linear functions to approximate nonlinear functions for which only sample points are 

available. In the section below, we will give a brief overview of this method. For further details, 

please refer to [97]. 

In the context of SMBJ measurements, a raw conductance trace is some discrete nonlinear 

function of time. However, as shown in Section 3.1.2, it can be remapped to an equivalent 

function 𝑓(𝑑) = 𝑔, where 𝑔 denotes conductance and 𝑑 denotes the tip distance from the 

substrate (discretized, 𝑑 ∈ {𝑑1, 𝑑2, … , 𝑑𝑛}, where 𝑛 denotes the number of samples of 𝑔). 

Throughout this section, we will work with conductance as a function of tip distance 

representation. Since the conductance values span several orders of magnitude, it is customary to 

work with log conductance values, i.e., the actual conductance values are 10𝑔. Let ℙ denote the 

ordered set of 𝑛 samples of a single experimental conductance trace, i.e., ℙ =
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{(𝑑1, 𝑔1),  (𝑑2, 𝑔2),  … , (𝑑𝑛, 𝑔𝑛)}, where 𝑑1 < 𝑑2 < . . . < 𝑑𝑛. The objective of the linear 

approximation/segmentation method is to find a set of 𝑆 linear segments, 𝕃 ∈ {𝐿1, 𝐿2, … , 𝐿𝑆}, that 

best approximates 𝑓(𝑑) = 𝑔. Each linear segment 𝐿𝑠 is used to approximate the corresponding 

subset of 𝑚 number of samples from ℙ, what we will denote by ℙ𝑠. Since the lengths of the 

linear segments are not necessarily identical, we will use a subscript 𝑠 on 𝑚, i.e., 𝑚𝑠 denotes the 

number of time instants in the segment 𝐿𝑠, or alternately, in ℙ𝑠. To summarize: 

 
ℙ𝑠 = {(𝑑𝑘(𝑠), 𝑔𝑘(𝑠)),  (𝑑𝑘(𝑠)+1,  𝑔𝑘(𝑠)+1),  …   , (𝑑𝑘(𝑠)+𝑚(𝑠)−1,  𝑔𝑘(𝑠)+𝑚(𝑠)−1)} 

𝐿𝑠 = {(𝑥, 𝑦):  𝑦 = 𝑎𝑠𝑥 + 𝑏𝑠,   𝑥 ∈ {𝑑𝑘(𝑠),  𝑑𝑘(𝑠)+1,  … 𝑑𝑘(𝑠)+𝑚(𝑠)−1}} 
(4-1) 

where 𝑘(𝑠) and 𝑘(𝑠) + 𝑚(𝑠) − 1 are the distance indices of the first and last points in ℙ𝑠, 

(𝑎𝑠, 𝑏𝑠) are the slope and intercepts of the linear segment 𝐿𝑠, and 𝑠 = 1, 2, … , 𝑆. We will require 

that successive segments “overlap in distance”, i.e., the last point of the 𝑠𝑡ℎ linear segment is 

identical to the first point of the (𝑠 + 1)𝑡ℎ segment, 𝑑𝑘(𝑠)+𝑚(𝑠)−1 = 𝑑𝑘(𝑠+1). However, we do not 

require that our piecewise linear approximation (PLA) method be continuous at the breakpoints. 

There is a limited number of molecular bonding (plateaus on a conductance trace) that can 

occur during one SMBJ experimental run. A careful examination of our data reveals that any 

conductance trace has a maximum of three plateaus and four relatively steep conductance 

transitions, two of which are between the three plateaus, and the other two account for possible 

initial (i.e., before the first plateau) and final (i.e., after the last plateau) transitions which we 

have observed in our data, leading to a total of seven linear segments. In our algorithm, we will 

therefore use 𝑆 ≤ 10. To find the best piecewise-linear approximation for a specific value of 𝑆 

(for 𝑆 = 1, this is the linear least squares problem, for 𝑆 > 1, it is known as the segmented linear 

least squares problem), we minimize the residual or sum of squared error (SSE), as shown 

below:  

 min 𝐸 = ∑ ∑ (𝑔𝑗 − 𝑎𝑠𝑑𝑗 − 𝑏𝑠)
2

𝑘(𝑠)+𝑚(𝑠)−1

𝑗 = 𝑘(𝑠)

 w. r. t  {𝑎𝑠, 𝑏𝑠: 1 ≤ 𝑠 ≤ 𝑆} 

𝑆

𝑠 = 1

 (4-2) 

Since the first point of the (𝑠 + 1)𝑡ℎ linear segment is identical to the last point of the 𝑠𝑡ℎ 

segment, eq. (4-2) can rewritten as follows: 

 min 𝐸 = ∑   ∑ (𝑔𝑗 − 𝑎𝑠𝑑𝑗 − 𝑏𝑠)
2

𝑘(𝑠+1)

𝑗 = 𝑘(𝑠)

𝑆

𝑠=1

 w. r. t  {𝑎𝑠, 𝑏𝑠: 1 ≤ 𝑠 ≤ 𝑆}  (4-3) 

The optimum SSE is a monotonically decreasing function of 𝑆, i.e., SSE → 0 as 𝑆 → 𝑛 − 1. 

In order to strike a balance between the residual error and model parsimony (the number of 

segments), a penalty term of the form 𝜆𝑆, where 𝜆 is some tunable non-negative multiplier and 𝑆 

is the number of linear segments, can be added to the cost function in eq. (4-3). For instance, a 

penalty term of the form 𝜆𝑆, where 𝜆 is some tunable non-negative multiplier and 𝑆 is the 
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number of linear segments. However, we do not include such a penalty term and instead adopt an 

early termination criterion which is explained subsequently. 

For 𝑆 = 1, it is well known that the solution of eq. (4-3) is given by: 

 𝑎1 =
𝑑𝑇𝑔̅̅ ̅̅ ̅ − 𝑑̅𝑔̅

𝑑2̅̅ ̅ − (𝑑̅)
2 ,   𝑏1 = 𝑔̅ − 𝑎1𝑑̅  (4-4) 

where 𝑑̅ = (
1

𝑛
) ∑ 𝑑𝑗

𝑛
𝑗=1  and 𝑔̅ = (

1

𝑛
) ∑ 𝑔𝑗

𝑛
𝑗=1  are the sample means of the tip distance values 

{𝑑1, 𝑑2, … 𝑑𝑛} and conductance values {𝑔1, 𝑔2, … 𝑔𝑛} respectively, 𝑑𝑇𝑔̅̅ ̅̅ ̅ = (
1

𝑛
) ∑ 𝑑𝑗

𝑛
𝑗=1 𝑔𝑗, and 

𝑑2̅̅ ̅ = (
1

𝑛
) ∑ 𝑑𝑗

2𝑛
𝑗=1  is the sample second moment of distances. For 𝑆 ≥ 2, the minimization 

problem in eq. (4-3) can be solved using the following dynamic programming recursion: 

 𝐹(𝑗, 𝑆) = min
𝑆 ≤ 𝑖 ≤ 𝑗

(𝐹(𝑖, 𝑆 − 1) + 𝐸(𝑖, 𝑗)),     (see Figure 4-2) (4-5) 

where 𝐹(𝑗, 𝑆) is the minimum cost to approximate the set of 𝑗 points 

{(𝑑1, 𝑔1),  (𝑑2, 𝑔2), … (𝑑𝑖 , 𝑔𝑖),  … , (𝑑𝑗 , 𝑔𝑗)} with exactly 𝑆 segments and 𝐸(𝑖, 𝑗) =

∑ (𝑔𝑘 − 𝑎𝑥𝑘 − 𝑏)2𝑗
𝑘=𝑖  is the minimum SSE incurred when the points 

{(𝑑𝑖, 𝑔𝑖),  (𝑑𝑖+1, 𝑔𝑖+1), … , (𝑑𝑗 , 𝑔𝑗)} are approximated by a single linear segment. Assuming that 

the cost of approximating any set of points by 0 segments is 0, the minimum cost of 

approximating at least two points by one segment is 𝐹(𝑗, 1) = 𝐸(1, 𝑗), for all 𝑗 > 1. A 

pseudocode and the proof of correctness of the recursion shown in eq. (4-5), which runs in 

𝑂(𝑛3) time (assuming 𝑛 > 𝑆), is available in [97]. 
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Figure 4-2. Suppose the red line in the figure is the last segment of the optimum 𝑆-segment PLA 

of the 𝑛 points shown by a ‘×’. Then, the cost of the optimum PLA is given by 𝐹(𝑛, 𝑆) =

𝐹(𝑖, 𝑆 − 1) + 𝐸(𝑖, 𝑛), where 𝐹(𝑖, 𝑆 − 1) denotes the optimum (𝑆 − 1)-segment PLA of the 

points {𝑝1, 𝑝2, … 𝑝𝑖} and 𝐸(𝑖, 𝑛) denotes the residual corresponding to the best linear 

approximation of the points {𝑝𝑖, 𝑝𝑖+1, … 𝑝𝑛}. In general, the best 𝑆-segment PLA of the 𝑗 points 

{𝑝1, 𝑝2, … , 𝑝𝑖, 𝑝𝑖+1, … 𝑝𝑗} is given by 𝐹(𝑗, 𝑆) = min
𝑆≤𝑖≤𝑗

(𝐹(𝑖, 𝑆 − 1) + 𝐸(𝑖, 𝑗)). 

As indicated previously, the usual way of controlling the model parsimony is to introduce a 

penalty parameter in the cost function which is proportional to the number of segments. 

However, we start the recursive process with 𝑆 = 1 and adopt an early termination criterion,  

 
𝐹(𝑛,  𝑠 − 1) − 𝐹(𝑛, 𝑠)

𝐹(𝑛, 𝑠)
≤ 𝛽 (4-6) 

where 𝛽 is some user-defined tolerance parameter. Lower values of 𝛽 result in a larger 

number of recursive steps, which translates to piecewise linear approximations with a larger 

number of segments, and vice versa. Based on extensive experimentation, we have found that, 

for our dataset, 𝛽 = 0.7 provides a reasonable balance between the goodness of fit and model 

parsimony. Figure 4-3 illustrates the PLA method for different values of 𝛽, and corresponding 

number of liner segments 𝑆. 
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Figure 4-3. (a) Representative raw conductance trace. For panel (b), (c), and (d), the slopes of the 

segments and the SSE’s are indicated in the panel legends. For instance, 𝑎1 is the slope of the 

leftmost segment, segment numbers increasing from left to right. (b) With 𝛽 = 6.0, PLA method 

outputs one segment for the representative raw conductance trace. (c) With 𝛽 = 0.7, PLA 

method outputs three segments. (d) 𝛽 = 0.3, PLA method outputs four segments. 

Recall that our hypothesis is that the primary “information-bearing” segments of a 

conductance trace are its plateaus or plateau-like regions, while the steep transitions primarily 

contribute to noise when conductance histograms are constructed from a batch of traces. 

Logically therefore, after a conductance trace has been approximated by a piecewise linear 

curve, we elect to keep only those portions of the trace that correspond to linear approximations 

with absolute values of slopes smaller than a prescribed threshold. We call this threshold the 

“cutoff slope”, denoted by 𝐴𝑐𝑜. Referring to eq. (4-1), the set of points ℙ𝑠 in the conductance 

trace is retained (for histogram computation) only if |𝑎𝑠| < 𝐴𝑐𝑜. We refer to segments in the 

conductance trace that meet this criterion as eligible segments. Suppose 𝐴𝑐𝑜 = 6. Referring to 

Figure 4-3, if the recursion process terminates with one linear segment (panel b), we see that the 

entire conductance trace is eliminated (i.e., this trace will not be used for histogram 

computation). However, if the recursion process terminates with three linear segments (panel c), 

only the portion of the trace that corresponds to the third linear segment with absolute value of 

slope |𝑎3| = 5.738 is eligible (i.e., only the portion of the trace corresponding to the third linear 

segment will be used for histogram computation). Similarly, if the recursion process terminates 

with four linear segments (panel d), only the portions of the trace that correspond to the third and 

fourth linear segments are eligible.  

As discussed in the previous paragraph, for a given value of the cutoff slope, entire traces can 

be deemed ineligible, or certain segments of a trace can be deemed ineligible. A trace is retained 

if it contains at least one segment that meets the cutoff slope criterion; otherwise, it is eliminated. 

Lower values of the cutoff slope decrease the probability of a trace being retained (or conversely, 

increase the probability of a trace being eliminated). Figure 4-4 (a) shows the percentage of all 

Beta variant conductance traces in our database which are retained as a function of the cutoff 

slope. For example, when 𝐴𝑐𝑜 = 4, we see that about 50% of all traces for the mismatch 

sequences have at least one eligible segment and are therefore retained (in contrast, about 90% of 

all traces for the perfect match sequence are retained). As 𝐴𝑐𝑜 → 100, almost all traces for all 

Beta sequences have at least one eligible segment and are retained. Figure 4-4 (b, c) shows the 

percentage of the number of eligible segments per retained conductance trace. For instance, 

when 𝐴𝑐𝑜 = 4, about 80% of the conductance traces retained have a single eligible segment, 

about 18% have two eligible segments, and about 2% have three or more eligible segments. 

While Figure 4-4 is specifically for the Beta sequences, similar observations hold for the Alpha 

and Delta sequences. Since approximately 98% of the eligible traces for all sequences have 

either one or two plateau-like segments, we chose 𝐴𝑐𝑜 = 4 for all baseline simulations discussed 

in Section 4.2.  
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Figure 4-4. The effect of cutoff slope on: (a) the percentage of conductance traces retained and 

(b) the percentage of number of eligible segments per retained conductance trace. A segment is 

deemed eligible if the absolute value of its slope is smaller than the cutoff slope.  
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Figure 4-5 illustrates our overall workflow. In contrast to our previous work [38], [129], and 

Figure 3-3 which used an 𝑅2 test to eliminate an “invalid conductance trace” (arising when 

molecule is bound to the tip, resulting in an exponential decay of the current/conductance) and a 

low pass filter to reduce the noise, we adopt the PLA method which plays the dual role of a 

selective trace/trace segment retention mechanism and a low pass filter. Notice that the filtration 

role is achieved since only those conductance segments whose slopes are less than the specified 

cutoff value are retained for histogram computation.  

 

Figure 4-5. Flowchart illustrating our overall workflow. Please note that 𝑔̃(𝑑) is eliminated if 

there is no eligible segment after PLA preprocessing procedure.  

Figure 4-6 shows the PLA method removed the noise within the edge region of conductance 

histograms, where steep conductance transitions commonly occurred. It also removes the 

10−5.5~10−4.5𝐺0 noise and shows the conductance peak more clearly in the desirable region. 

Additional details regarding the role of the high/low clipping, the procedure for converting a 

𝑔(𝑡) trace to a 𝑔(𝑑) trace, and 1D/2D histogram computation are provided in Section 3.1.2 and 

3.1.3. Appendix Figure B-7, Appendix Figure B-8, Appendix Figure B-9 show the resulting 1D 

histograms, and Appendix Figure B-10, Appendix Figure B-11, Appendix Figure B-12 show the 

resulting 2D histograms. In the next section, we discuss the performance of classifiers when 

histograms (inputs to the classifiers) are computed using the modified conductance traces 

obtained after the PLA preprocessing procedure.  
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Figure 4-6. PLA procedure removes ineligible segments affecting conductance histograms. (a) 

PLA procedure outputs six segments for a representative raw conductance trace. (b) The (one 

sample) histogram of this trace. (c) The empirical large sample histogram for entire dataset of 

this trace. Panel (d), (e), and (f) are after removal of ineligible segments. (d) The second and fifth 

segments are retained with 𝐴𝑐𝑜 = 4. (e) The (one sample) histogram of the retained trace. (f) The 

empirical large sample histogram for entire dataset of the retained traces (only eligible 

segments). 

4.2 Results and Discussions 

Recall from the previous section that, given a conductance trace 𝑔(𝑑), the output of passing 

it through the piecewise linear approximation (PLA) method is either a rejected trace or a 

modified conductance trace 𝑔̃(𝑑) with segments which can be approximated by a linear function 

with an absolute value of slope less than a prespecified threshold, 𝐴𝑐𝑜. Instead of using the set of 

raw conductance traces 𝑔(𝑑), the set of modified conductance traces 𝑔̃(𝑑) is used for 

constructing conductance histograms, which can be either 1D or 2D (explained subsequently). In 

this section, we will evaluate the effectiveness of the PLA method on extracting suitable 

conductance features from SMBJ traces, which ultimately affects the accuracy of classifier 

models.  

To ensure consistency with our previous work, we have used the same dataset that we 

previously used in Section 3. The dataset contains ten unique 12 base-pair DNA segments from 

one of three variants of the SARS-Cov-2 genome. The three variants are Alpha B.1.1.7, Beta 

B.1.351, and Delta B.1.167 [101]. There are a few experiments performed for each of the ten 

DNA sequences, and each experiment contains several thousands of current traces. As shown in 
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Table 3-1, there are 39 experimental datasets in total for the ten DNA sequences, which includes 

a choice of experimental parameters (ramp rate, current amplifier sensitivity, and applied bias). 

Of the ten DNA sequences, three are perfectly matched with the target Alpha, Beta, and Delta 

variants, referred to as Alpha_PM, Beta_PM, and Delta_PM (perfect match), 

respectively. The others correspond to sequences of the same length but with a single base pair 

mismatch, referred to as mismatches (MM). The mismatch sequences are denoted by 

Alpha_MM1, Alpha_MM2, Beta_MM1, Beta_MM2, Beta_MM3, Delta_MM1, and 

Delta_MM2. Table 3-1 shows the exact mutation locations for these sequences. For detailed 

discussion about experimental rationale and source of conductance data please refer to [129] and 

[91].  

As recorded, each conductance trace is a function of time, which can be converted in terms of 

the distance between the two electrodes. We divide the range of distance values, [0, 0.4] nm, into 

a number of distance bins, which we denote by Nbins_Distance. Similarly, the range of conductance 

values, [10−7.5, 10−1.5] 𝐺0, is divided into a number of conductance bins, which we denote by 

Nbins. We chose Nbins = 600 for both 1D and 2D histograms and Nbins_Distance = 10 for 2D 

histograms (equal to 1 for a 1D histogram). Additional details regarding 1D/2D histogram 

construction are available in Section 3.1.3.  

Figure 4-7 shows the empirical large sample (constructed from a large number of 

conductance traces) 1D/2D histograms of a representative dataset, for three different 

preprocessing procedures: (i) no preprocessing (i.e., all experimentally recorded traces are used 

to construct the 1D/2D histograms), shown in panels (a) and (d), (ii) 𝑅2 test + LPF preprocessing 

procedure adopted in our previous work [38], which is intended to filter out “invalid” traces or 

those with no molecular binding (i.e., all experimentally recorded traces which pass the 𝑅2 test 

with a threshold of 0.95 are used to construct the 1D/2D histograms), shown in panels (b) and 

(e), and (iii) with PLA preprocessing procedure instead of 𝑅2+LPF (i.e., all experimentally 

recorded traces which pass the PLA method with at least one eligible segment are used to 

construct the 1D/2D histograms), shown in panels (c) and (f). From Figure 4-7 (a) and (d), we 

can observe that the histogram constructed from the raw conductance traces with no 

preprocessing is noisy and shows relatively random and ill-defined conductance features (large 

peaks for 1D histogram, yellow blocks for 2D histograms). In contrast, we observe from Figure 

4-7 (b) and (e) that the histograms computed after 𝑅2+LPF procedure show a bimodal 

distribution with peaks around 10−5.5 𝐺0 and 10−4 𝐺0. The PLA processed histogram shown in 

Figure 4-7 (c), however, has a pronounced dominant peak at approximately 10−5.5 𝐺0, which 

occurs at a distance of 0.3-0.4 nm, as can be inferred by comparing the corresponding 2D 

histograms shown in Figure 4-7 (e) and (f). We can therefore also infer that the conductance 

peak at 10−4 𝐺0 observed in Figure 4-7 (b) occurs when the tip distance is ≈ 0.1 nm, which is 

less likely to represent the conductance value of a 12 base-pair DNA sequence. Based on the 

dimension of DNA, 0.1 nm tip distance is too short for the occurrence of a DNA molecule. 
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Figure 4-7. Representative empirical large sample histograms for the Delta_MM2 sequence, 

dataset E57. (a, d) 1D and 2D histograms constructed from raw conductance traces without any 

preprocessing. (b, e) 1D and 2D histograms with 𝑅2 test (threshold of 0.95) + LPF procedure.  

(c, f) 1D and 2D histograms with PLA procedure (𝐴𝑐𝑜 = 4) instead of 𝑅2+LPF.  

4.2.1 Performance of baseline classifiers  

Given a set of modified conductance traces 𝑔̃(𝑑) for each of the ten sequences, we sample H 

traces randomly and construct 1000 histograms for each sequence, 70% of which are used for 

classifier training and validation, while the rest are used for testing. Similar to our previous work 

[129], Section 3.2.1, we adopt four different input data representations which are dictated by: (i) 

choice of 1D histograms or 2D histograms, and (ii) choice of conductance histograms or average 

conductance histograms. Consider the Alpha_MM1 sequence which has 5 different labels: E1, 

E2, E3, E4, and E5 (see Table 3-1). These labels correspond to different choices of experimental 

parameters, voltage bias, current amplifier sensitivity, and ramp rate. When constructing a 

histogram for Alpha_MM1 from H traces, we can either sample all H traces from a particular 

combination of experimental parameters (e.g., E3, corresponding to a bias of 0.1V, a current 

amplifier sensitivity of 10 nA/V, and a ramp rate of 10 V/s) or sample H traces randomly from 

all combinations of experimental parameters. A histogram (properly normalized) constructed 

using the first sampling approach represents a conditional probability distribution of conductance 

values, conditioned on the specific experimental parameters. We refer to such a histogram as a 

conductance histogram/probability distribution. In contrast, a histogram constructed using the 

second sampling approach represents an average (unconditional) probability distribution, 
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averaged over all combinations of experimental parameters. We refer to such a histogram as an 

average conductance histogram/probability distribution. 

For 1D histograms, we have used the XGBoost classifier [120], [121], [122]. Two critical 

hyperparameters within an XGboost framework are the number of trees/estimators, Nest, and the 

depth of each tree/estimator, Dest. Based on extensive hyperparameter optimization, we chose Nest 

= 200 and Dest = 2. For 2D histograms, we use a Convolutional Neural Network (CNN) for 

feature extraction, which is paired with an XGBoost classifier (see Figure 4-13). 

In this section, we discuss the performance of a baseline classifier which is characterized by 

the following parameters: (i) prefiltering with R2 ≤ 0.95 plus LPF, or, using the PLA procedure 

with |𝐴𝑐𝑜| = 4, (ii) histograms from H = 30 traces, and (iii) number of conductance bins Nbins = 

600, number of distance bins Nbins_Distance = 10 for 2D histograms. Table 4-1 compares the overall 

classifier accuracies of the two preprocessing approaches (𝑅2+LPF or PLA) for the four different 

input representations. We observe that the PLA procedure provides a substantial improvement in 

classification accuracy (average 2.77%) for all four input representations. Although the 

improvement is most pronounced for approach A3 (non-averaged 2D histograms), the best 

performer is approach A4, closely followed by A2, both of which use averaged histograms as 

input features. This consistent performance improvement underscores the effectiveness of the 

PLA procedure and highlights its potential as a critical step in SMBJ experimental data analysis.  

Table 4-1. Summary of four different input data representations, ML algorithms used, and 

corresponding classification accuracies for two preprocessing approaches, 𝑅2+LPF or PLA. 

Approach 
Histogram 

dimensionality 

Average 

conductance 

histogram? 

ML algorithm 

Average accuracy, H = 30 

(over 100 trials) 

𝑅2 + LPF PLA 

A1  1D No XGBoost 83.96% 
85.45% 

(+1.49%) 

A2 1D Yes XGBoost 92.09% 
95.61% 

(+3.52%) 

A3 2D No 
CNN + 

XGBoost 
86.40% 

90.62% 

(+4.22%) 

A4 2D Yes 
CNN + 

XGBoost 
94.45% 

96.31% 

(+1.86%) 

 

4.2.2 Performance analysis of baseline classifiers w.r.t sample size, H 

In this section, we address the impact of the sample size parameter H on the accuracy of a 

baseline classifier. Figure 4-8 shows the classification accuracy for the best performer from 



66 

 

Table 4-1, approach A4, with respect to the sample size parameter H, keeping 𝐴𝑐𝑜 =  4, Nbins = 

600, and Nbins_Distance = 10. Intuitively, we expect larger values of H to yield better classifier 

accuracies since the stochasticity inherent in the experimental traces will tend to be averaged out 

as H increases, revealing the underlying true probability distribution. From a usability 

perspective, however, a highly accurate classifier model operating on histograms constructed 

from a single trace (H = 1) is ideal since sequence determination can be made at run time after 

every experimental run, thereby reducing the data collection overhead. We observe that the 

classifier accuracies do indeed exhibit the expected trend. In fact, the accuracy is over 99% when 

𝐻 =  40 for all sequences, except the Beta_MM1 and Beta_MM3 sequences, a phenomenon that 

was also observed and reported in our previous work [129] which was based on 𝑅2+LPF 

procedure. Other than the two Beta variants, accuracy over 90% can be achieved even with 

sample values as low as 𝐻 = 10, which takes us close to our desired goal. In Section 3.2.2, we 

remarked “… we find that averaged 2D histograms (approach A4) perform best for all three 

Alpha sequences and the Beta_MM1/MM3 sequences. However, averaged 1D histograms 

(approach A2) perform best for all three Delta sequences and the Beta_MM2 sequence.” Clearly, 

this statement stands invalidated if the PLA procedure approach is adopted, in which case 

approach A4 outperforms approach A2 for every single sequence (see Figure 4-10). 

 
Figure 4-8. Performance analysis of baseline classifier with respect to H for approach A4. 

In order to better understand the role of the two preprocessing methods, we compare the 

classifier accuracies for the ten sequences when 𝐻 =  30. As shown in Figure 4-11 (the 

confusion matrices used to generate this figure are shown in Figure 4-9 and Figure 4-10), the 

PLA preprocessing procedure is almost universally superior to our previous 𝑅2+LPF 

preprocessing approach, the most significant beneficiaries being the Delta group variants, in 

particular Delta_PM and Delta_MM1, followed by Delta_MM2. In Section 3.2.2, we reported 

that “In general, we have found that Delta variants are harder to classify than Alpha variants.” As 

Figure 4-11 shows, this statement is no longer valid, and both the Alpha and Delta variants can 

be detected with a very high degree of accuracy (> 99%), simply by adopting a PLA-based 

approach.  

Figure 4-9 shows the confusion matrices of baseline classifier results for all four approaches 

using 𝑅2 test and low pass filter. Figure 4-9 (a) and (b) are the same confusion matrices from the 
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previous publication [129]. Figure 4-9 (c) and (d) are new confusion matrices of 4 stacked CNN 

and XGBoost model (see Figure 4-13).  

 

 

 

 
Figure 4-9. Confusion matrices for baseline classifiers: (a) Approach A1, (b) Approach A2, (c) 

Approach A3, and (d) Approach A4 using 𝑅2 test and low pass filter.  
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Figure 4-10. Confusion matrices for baseline classifiers using Linear Piecewise Approximation 

method: (a) Approach A1, (b) Approach A2, (c) Approach A3, and (d) Approach A4. The 

differences between these four approaches are summarized in Table 4-1. 

However, our previous 𝑅2+LPF approach still turns out to be better (by 4.6%) for the 

Beta_MM3 sequence. Since the histograms are directly affected by the choice of the cutoff slope 

threshold in the PLA procedure, it is logical to ask at this point whether increasing the slope 

threshold, thereby retaining a greater number of linear segments, might improve the accuracy of 

the Beta_MM3 sequence, and to a certain extent, the Beta_MM1 sequence (notice that the PLA 



69 

 

procedure narrowly outperforms the 𝑅2+LPF procedure), since these two sequences are 

misclassified w.r.t each other approximately 17% of the time. We will revisit this issue in the 

next section, after an analysis of classifier accuracies with respect to the choice of the cutoff 

slope.  

 

Figure 4-11. Comparison of baseline classifier accuracies for 𝐻 = 30, approach A4, when the 

traces are 𝑅2+LPF processed (previous work [129]) vs. PLA processed (current work).  

4.2.3 Impact of cutoff slope on classifier accuracy 

The cutoff slope threshold, 𝐴𝑐𝑜, in the piecewise linear approximation procedure is a critical 

parameter that directly affects the conductance histograms after the traces are processed. In 

Figure 4-4, we analyzed how the number of retained segments changed with the choice of 𝐴𝑐𝑜. 

In this section, we study its impact on the accuracy of the classifier models. Figure 4-12 shows 

the classifier accuracies for approach A4 as a function of 𝐴𝑐𝑜, maintaining the baseline 

conditions H = 30, Nbins = 600, and Nbins_Distance = 10. We observe that for all sequences, except 

Beta_MM1 and Beta_MM3, the optimal (w.r.t classifier accuracy) value of the cutoff slope 

threshold is 𝐴𝑐𝑜 = 4, with most of the performance gain occurring between 1 ≤ 𝐴𝑐𝑜 ≤ 3. 
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Beyond 𝐴𝑐𝑜 = 4, classifier performance saturates for most of the sequences, barring Beta_MM1 

and Beta_MM3, with two sequences (Alpha_MM1 and Alpha_PM) exhibiting a slight 

performance dip. When the threshold value is small (e.g., 1 or 2), the linear segmentation method 

purges too much of the information-bearing regions of the conductance traces, regions that 

contribute to the accuracy of the computed histograms and therefore the classifier performance. 

For the Beta_MM1 and Beta_MM3 sequences, however, we observe a steady improvement in 

accuracy until 𝐴𝑐𝑜 = 80. At this value of the cutoff slope, the accuracies are 96.52% and 

97.58%%, which dramatically increased from 82.62% and 83.48% at 𝐴𝑐𝑜 = 4, for the 

Beta_MM1 and Beta_MM3 sequences respectively. Please note that we still obtain on average 2 

segments per retained traces with 𝐴𝑐𝑜 = 80. 

 

Figure 4-12. Impact of cutoff slope on classifier accuracy for approach A4. (a) For Alpha 

variants, classifier performance saturates after 𝐴𝑐𝑜 = 4. (b) For Beta_MM2 and Beta_PM, 

classifier performance saturates after 𝐴𝑐𝑜 = 4. For Beta_MM1 and Beta_MM3, classifier 

performance saturates after 𝐴𝑐𝑜 = 80. (c) For Delta variants, classifier performance saturates 

after 𝐴𝑐𝑜 = 4. 
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Figure 4-13. Sequence of components in the stacked CNN and XGBoost model. FC stands for 

fully connected layer. 

We utilized the Tensorflow implementation of CNN with a learning rate based on the Adam 

optimizer. For the multiclass classifications, we employed categorical cross entropy as the loss 

function. Figure 4-13 shows the structure of the CNN feature extractor and the XGBoost model. 

Starting from the method in our previous approach, we identified that a CNN feature extractor 

with greater depth obtains superior accuracy on the linear approximation treated data. We 

hypothesize that this is due to the decreased noise and stochasticity in the filtered Linear 

Approximation data vis-à-vis the R95 filtered data, which reduces the effect of overfitting on 

more complex models. This allows a more complex CNN model to identify more features of the 

experimental data without suffering from over-generalization (see Figure 4-13). Accordingly, we 

added two additional sets of convolutional, batch normalization, ReLU, and Max Pooling layers 

to the CNN feature extractor. Finally, we passed the output of the flattening layer as the input for 

the XGBoost model (instead of the traditional fully connected layers) for classification into 

target classes.  

4.3 Summary 

This chapter presents a statistical and machine learning method for enhancing the accuracy 

and efficiency of conductance measurements in SMBJ experiments. By utilizing the PLA 

method, conductance plateau segments are effectively and precisely isolated, enhancing the 

clarity of conductance data and mitigating the noise inherent in SMBJ measurements. The 

resulting plateau-only conductance histograms enabled more effective training of machine 

learning models, resulting in substantial improvements in classification accuracy across various 

configurations. The combination of PLA with XGBoost and CNN-based models demonstrated an 
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average accuracy improvement of up to 4.22% compared to traditional low-pass filtering 

approaches. 

These findings highlight the potential of PLA as an effective processing tool to enhance the 

practicality of SMBJ experiments. By focusing solely on stable conductance segments, our 

approach ensures that the derived features are more representative of the intrinsic molecular 

properties, which is crucial for identifying subtle variations between different molecular variants 

and conformations. Additionally, the robustness of this method across multiple machine learning 

configurations indicates its versatility, suggesting that PLA could be employed in a broader 

range of single-molecule analysis techniques, including other types of experimental setups 

involving molecular junctions or time-series data.  

Future work will focus on optimizing the PLA for various molecular targets and expanding 

its application to different types of single-molecule systems, such as protein interactions, 

chemical sensing, and real-time biological processes. By continuing to enhance these methods, 

we aim to push the boundaries of what is achievable with SMBJ technology, ultimately paving 

the way for more practical and scalable applications in molecular electronics, nanotechnology, 

and biochemical sensing. 
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5 Role of Counterions and Solvent Dielectric on the Conductance 

of B-DNA 

DNA naturally exists in a solvent environment, comprising of water and salt molecules such 

as sodium, potassium, magnesium, etc. Along with the sequence, the solvent conditions become 

a vital factor determining DNA structure and thus its conductance. Over the last two decades, 

researchers have measured DNA conductivity both in hydrated and almost dry (dehydrated) 

conditions. However, due to experimental limitations (the precise control of the environment), it 

is very difficult to analyze the conductance results in terms of individual contributions to the 

environment. Therefore, modeling studies can help us to gain a valuable understanding of 

various factors playing a role in charge transport phenomena. DNA naturally has negative 

charges located at the phosphate groups in the backbone, which provides both the connections 

between the base pairs and the structural support for the double helix. Positively charged ions 

such as the sodium ion (Na+), one of the most commonly used counterions, balance the negative 

charges at the backbone. This modeling study investigates the role of counterions both with and 

without the solvent (water) environment in charge transport through double-stranded DNA. Our 

computational experiments show that in dry DNA, the presence of counterions affects electron 

transmission at the lowest unoccupied molecular orbital energies. However, in solution, the 

counterions have a negligible role in transmission. Using the polarizable continuum model 

calculations, we demonstrate that the transmission is significantly higher at both the highest 

occupied and lowest unoccupied molecular orbital energies in a water environment as opposed to 

in a dry one. Moreover, calculations also show that the energy levels of neighboring bases are 

more closely aligned to ease electron flow in the solution. 

The rich diversity in conclusions reached depends on the experimental and modeling 

methods and calls for a continued systematic study of the problem. In this modeling study, we 

focus on investigating the roles of Na+ ions and the solvent environment in determining the 

intrinsic conductance through DNA. The importance of this model study is that the results help 

us understand the role of solvent and counterions alone in determining the transmission without 

convolving the structural effects. We use the textbook forms of B-DNA with the sequence of 5′-

CCCGCGCCC-3′. We chose this sequence based on previously published work [15], [130]. Our 

results show that Na+ ions can significantly impact the charge transport properties of the DNA 

strand depending on the dielectric constant of the environment. In the dehydrated condition (low 

dielectric constant), the addition of Na+ ions lowers the band gap to 0.77 eV compared with 

water (high dielectric constant), which has a band gap of 4.03 eV. This difference is because Na+ 

ions add unoccupied energy levels in the band gap of the DNA in a dehydrated condition. In 

contrast, for the water solvent, Na+ counterions add unoccupied energy levels that have higher 

energy than the LUMO (lowest unoccupied molecular orbital), which is primarily located on the 

DNA. This observation can be attributed to the high dielectric constant of water, which reduces 

the interaction between DNA and Na+ ions due to the charge screening effect. To demonstrate 
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the generalizability of our conclusions, we applied the same simulation procedure to various 

DNA sequences with different lengths. Please refer to Section 5.2.5 for detailed discussions. 

In addition, we find that the high dielectric constant increases the electronic coupling 

between the molecular orbitals of the DNA and yields a smaller on-site energy separation 

between them. Therefore, the transmission is at least two orders of magnitude larger at the 

HOMO (highest occupied molecular orbital) and LUMO regions of the DNA with the water 

solvent. The rest of this chapter is structured as follows. Section 5.1 discusses our simulation 

procedure, including density functional theory (DFT) and charge transport calculations with 

Green’s function method. In Section 5.2, we compare energy levels, transmission plots, wave 

function analysis, and hopping parameters of the DNA molecule in both water and dry cases. 

Finally, we summarize the concluding remarks in Section 5.3.  

5.1 Methodology 

The simulation procedure can be broken down into three steps: obtaining the atomic 

coordinates of the DNA molecule and counterions, performing density functional theory (DFT) 

calculations, and calculating the transmission using Green’s function approach. (see Figure 5-1).  

 
Figure 5-1. The flow chart of simulation procedures. 
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5.1.1 DFT calculations  

We first obtain the atomic coordinates of the double-stranded B-DNA using the Nucleic Acid 

Builder [131]. Then, we add counterions along the backbone using the approach in Qi et al. 

[132]. The minimization of Na+ ions is performed with a single strand of B-conformation DNA 

consisting of three bases and the phosphate backbone while the DNA is held fixed. The relative 

dielectric constant of unity (dry) was used. Qi et al. found that the sodium atom should be at a 

location of 2-3 Å away from the phosphate group (see Appendix C for the precise coordinates 

used). We followed this with DFT calculations to find the Fock and overlap matrices of the DNA 

strand with counterions. As we are probing the role of the solvent dielectric in this work, we 

keep the coordinates of the DNA and counterions fixed. The only difference between dry 

(dehydrated) and water (hydrated) DNA is the value of the dielectric constant in the DFT 

calculations. While energy-minimized coordinates for atoms in dry DNA would be more 

appropriate, force fields for the dehydrated condition are not available, and so in this 

computational study, we use the same coordinates in both cases. In a solvent environment, we 

expect the location of the counterion to be further away from the phosphate.  

In calculating the impact of the solvent, ab initio studies have concluded that the 

polarizability of the solvent is the essential factor affecting ionization potential [133], [134], 

[135]. Studies show that the polarizable continuum model (PCM) captures the screening effect of 

the solvent without the need to include explicit water molecules [135]. Therefore, to account for 

the water solvent, we use the PCM. The DFT calculations are carried out with the B3LYP/6-

31G(d,p) basis set [136] with one counterion at every phosphate backbone, with the total charge 

of the system being zero. We choose this basis set based on a balance between calculation 

accuracy and reasonable computational cost. We verified that our results are consistent with 

different basis sets: B3LYP/6-311G(d,p), B3LYP/cc-pVDZ, and B3LYP/cc-pVTZ. Please refer 

to Section 5.2.3 for detailed discussions. Note that the terminal bases at the 5′ end do not include 

the phosphate groups. After reaching convergence, the Fock and overlap matrices obtained from 

the DFT calculations are used in the transport calculations, which is the third and final step. To 

understand the role of counterions in influencing transport, we randomly select one of the 16 Na+ 

ions and remove its coordinate right before DFT calculation. We refer to these calculations as the 

“removed Na+” case, and the total charge of the system is set to -1. The simulation procedure is 

kept identical for all cases. Thus, overall, we investigate four different cases: water Na+ (ε = 

78.3553, with 16 Na+ ions), water removed Na+ (ε = 78.3553, with 15 Na+ ions), dry Na+ (ε = 1, 

with 16 Na+ ions), and dry removed Na+ (ε = 1, with 15 Na+ ions). 

5.1.2 Charge transport calculations 

Phase coherent transmission of electrons from one contact to the other through the DNA 

involves using the Hamiltonian from the DFT calculations discussed in Section 5.1.1 (called the 

coherent case). In the coherent case, the quantum mechanical phase of the electron evolves as per 

the single-particle Schrödinger equation, and the electron does not feel the influence of the other 
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degrees of freedom such as lattice vibrations and solvent environment. We know from prior 

work that the coherent case yields very low values of the transmission compared to experiments. 

Decoherence, which represents the interaction of the effective single-particle Hamiltonian with 

other degrees of freedom, helps us move closer to explaining a set of experiments [132]. Thus, 

here, we present results for the decoherent case. For the comparison between coherent and 

decoherent cases, we refer readers to Section 5.2.4. 

The charge transport calculations are carried out using the Green’s function method by 

closely following the method used in Refs. [132] and [137]. To model decoherence, we used 

decoherence probes at each atom in the system [137]. Our primary constraint is setting the net 

current at each probe equal to zero. The electrical contacts are made at the cytosine bases in the 

3′-end and 5′-end to mimic an experimental configuration (see Figure 5-2).  

 
Figure 5-2. The sequence and the atomic structure of the B-DNA strand. The yellow arrows 

represent the contact and open boundary conditions. The yellow highlight atoms on the two ends 

are where the contact self-energies are applied. 

To obtain the Fock (𝐻0) and overlap (𝑆0) matrices from the DFT calculations (Section 

5.1.1), we set the dielectric constant to be 78.3553 and 1.0 for wet and dry conditions, 

respectively via the PCM model. Using Löwdin transformation, the nonorthogonal basis set Fock 

matrix 𝐻0 is converted to an orthogonal basis set Hamiltonian H: 

 𝐻 = 𝑆0

−
1
2𝐻0𝑆0

−
1
2 (5-1) 

The diagonal elements of 𝐻 represent the energy levels at each atomic orbital of the system. 

The off-diagonal elements of 𝐻 represent the coupling between the different atomic orbitals. 

With energy levels and coupling in place, we used the Green’s function method; in particular, the 

retarded Green’s function (𝐺𝑟), is calculated using  

 [𝐸 − (𝐻 + 𝛴𝐿 + 𝛴𝑅 + 𝛴𝐷)]𝐺𝑟 = 𝐼, (5-2) 
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where E is the energy and H is the Hamiltonian. 𝛴𝐿(𝑅) is the left (right) contact retarded self-

energy, which represents the coupling strength of the contacts to the DNA molecule. The self-

energy 𝛴𝐷 is due to the decoherence probes. Using the wide-band limit approximation [138], we 

assume an energy-independent self-energy, which is defined as 

 𝛴𝐿(𝑅) = −𝑖𝛤𝐿(𝑅)/2, (5-3) 

where 𝑖 is the imaginary unit, and 𝛤𝐿(𝑅) the coupling strength between the DNA and the left 

(right) contact. 

The self-energy due to the phase-breaking probe (𝛴𝐷) represents the influence of these 

probes on the DNA. They are defined in a similar manner: 

 𝛴𝐷 = − ∑
𝑖𝛤𝑗

2𝑗 . (5-4) 

The summation over j on the right-hand side is over the probes. Γ𝑗 represents the coupling 

strength between the probe and the DNA is taken as an energy-independent parameter.  

We set the left (right) contact scattering rate ΓL(ΓR) to 100 meV and the decoherence 

scattering rate to 10 meV, which are within the acceptable range [132], [139]. The temperature is 

assumed to be 298K. The current at the 𝑖𝑡ℎ probe is defined as 

 𝐼𝑖 =
2𝑞

ℎ
∑ ∫ 𝑇𝑖𝑗(𝐸)[𝑓𝑖(𝐸) − 𝑓𝑗(𝐸)]𝑑𝐸

+∞

−∞

𝑁

𝑗=1

 (5-5) 

 𝐼𝑖 =
2𝑒

ℎ
∑ 𝑇𝑖𝑗(𝜇𝑖 − 𝜇𝑗)

𝑁

𝑗=1
,  𝑖 = 1,2,3, . . . , 𝑁, (5-6) 

where 𝑇𝑖𝑗 = 𝛤𝑖𝐺
𝑟𝛤𝑗𝐺𝑎 is the transmission probability between the 𝑖𝑡ℎ and 𝑗𝑡ℎ probes, 𝐺𝑎 =

(𝐺𝑟)† 
 is the advanced Green’s function, and 𝑓𝑖(𝐸) = (1 + exp (

𝐸−𝐸𝑓𝑖

𝑘𝑇
))

−1

is the Fermi 

distribution. 𝑁 is the total number of probes in the system (including the contact atoms) and 

𝑁𝑐𝑜𝑛𝑡𝑎𝑐𝑡𝑠 is the total number of probes on contact atoms.  

To ensure current continuity, the current at each probe with respect to energy is set to zero. In 

our calculations, we applied the decoherence probes at each atom; thus, we have the number of 

probes 𝑁𝑏 = 𝑁 − 𝑁𝑐𝑜𝑛𝑡𝑎𝑐𝑡𝑠. This condition yields 𝑁𝑏 independent equations that help derive the 

following relation [140]. 

 𝜇𝑖 − 𝜇𝐿 = (∑ 𝑊𝑖𝑗
−1𝑇𝑗𝑅

𝑁𝑏

𝑗=1
) (𝜇𝑅 − 𝜇𝐿),  𝑖 = 1,2,3, . . . , 𝑁𝑏, (5-7) 

where 𝑊𝑖𝑗
−1 is the inverse of 𝑊𝑖𝑗 = (1 − 𝑅𝑖𝑖)𝛿𝑖𝑗 − 𝑇𝑖𝑗(1 − 𝛿𝑖𝑗), and 𝑅𝑖𝑖 is the reflection 

probability at probe i , and is given by 𝑅𝑖𝑖 = 1 − ∑ 𝑇𝑖𝑗

𝑁

𝑖≠𝑗
. Further, since the current at the left 

and right contacts is not zero, we can write the equation for current as 
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 𝐼𝐿 = −𝐼𝑅 =
2𝑒

ℎ
𝑇𝑒𝑓𝑓(𝜇𝐿 − 𝜇𝑅). (5-8) 

Comparing eq. (5-6) to eq. (5-8), we obtain the effective transmission: 

 𝑇𝑒𝑓𝑓 = 𝑇𝐿𝑅 + ∑ 𝑇𝐿𝑖𝑊𝑖𝑗
−1𝑇𝑗𝑅

𝑁𝑏

𝑖,𝑗=1
, (5-9) 

where 𝑇𝐿𝑅 is the coherent transmission from the left to the right contact, and the second term is 

the decoherent transmission component. 

5.2 Results and Discussion 

To study the role of static counterions (Na+) and solvent in affecting charge transport, we 

start by investigating the water Na+ and dry Na+ cases. We use the PCM with the dielectric 

constant (ε) to model the solvent. We first observe that the band gap significantly depends on the 

dielectric constant. For the dry Na+ case, the band gap is 0.77 eV, much smaller than the value of 

4.03 eV for the water Na+ case (see the first row of Table 5-1).  

Table 5-1: HOMO band, LUMO band, and Band gap comparisons between four different cases. 

 
Water (ε = 78.3553) Dry (ε = 1) 

Removed Na+ Na+ Removed Na+ Na+ 

Band gap (eV) 4.0795 4.0333 0.4560 0.7714 

HOMO 

Band 

HOMO (eV) -5.0708 -5.0771 -2.1045 -3.4365 

Location Guanine Guanine Guanine Guanine 

Levels 9 9 10 9 

Bandwidth (eV) 0.3941 0.3927 1.3323 1.0344 

Level density (eV-1) 22.8368 22.9183 7.5058 8.7007 

LUMO 

Band 

LUMO (eV) -0.9913 -1.0438 -1.6485 -2.6651 

Location Cytosine Cytosine Na+ Na+ 

Levels 9 9 15 16 

Bandwidth (eV) 0.2204 0.2468 1.3353 1.2952 

Level density (eV-1) 40.8348 36.4668 11.2334 12.3533 

 

The transmission is a measure of electron flow between the left and right contacts through 

the DNA (Figure 5-2). As discussed in the Methods Section 5.1, the electrons interact with the 

decoherence probes as they flow through the DNA. It has been previously shown that the 

conductance of DNA molecules can be altered by conformation and solvent environments [15], 

[44], [45], [46]. However, their individual effect in determining the conductance is hard to 

distinguish in prior modeling studies. Our goal is to systematically understand how counterions 

and solvent dielectric individually influence the transmission. Therefore, we keep the DNA 
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coordinates or geometry fixed throughout our calculations, and we compare our results for 

transmission obtained from the same DNA structure with counterions in the dry and water 

environments.  

5.2.1 Role of counterions and solvent dielectric 

Figure 5-3 shows that the transmission of the water Na+ case at the HOMO and LUMO bands 

is primarily through the atoms of the DNA bases rather than Na+ ions. This is further enunciated 

by plotting the wave functions of the highest nine HOMO and the lowest nine LUMO energy 

levels in Figure 5-3 (b) and (c). The wave functions at these energy levels all lie on the guanines 

(HOMO band) and cytosines (LUMO band). A previous computational study [141] used 

structures with Na+ ions placed further away than in our calculations (2-3 Å from the phosphate 

group), and they found that the HOMO and LUMO levels are determined by the DNA bases, 

similar to our results. In Figure 5-3 (a), we note that the band of energies around 0 eV is due to 

electron transport along the Na+ ions since the wave functions of these energy levels are 

primarily localized on Na+ ions.  

For the dry Na+ case, we also observe that the transmission at the HOMO band is through the 

DNA molecule (see Figure 5-4). Figure 5-4 (b) shows that the highest nine HOMO band wave 

functions lie on the guanines. In contrast, the transmission at the LUMO band present around 

energies of -2 eV is due to Na+ ions. The wave functions corresponding to the lowest sixteen 

LUMO energies all lie on the Na+ ions, as shown in Figure 5-4 (c). The transmission resonances 

at the unoccupied orbitals around −0.8 𝑒𝑉 are due to transport through both the DNA molecule 

and the Na+ ions because the wave functions at these energies are localized on either cytosines or 

Na+ ions.  

Although the actual HOMO energy level is essential, the energy separation between 

molecular orbitals and their spatial distribution is also critical for the electrons to hop from one 

energy level to another, which leads to better transmission. For easier comparison, we define the 

number of energy levels divided by the Bandwidth as level density. We observe that the level 

density depends on the dielectric constant from the results summarized in Table 5-1. In general, 

the water cases have a higher level density than the dry cases, and thus larger transmission. 

Similarly, LUMO bands have higher level density than HOMO bands, and thus larger 

transmission. Although the transmission is not linearly proportional to level density, their 

correlation is not neglectable.  
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Figure 5-3. (a) Decoherent transmission of DNA with Na+ ions in water environment (water 

Na+). The arrowed-boxes indicate the localization of several energy levels based on wave 

function plots. (b) The wave functions of the highest nine HOMO energy levels (HOMO band) 

are localized on guanine bases. (c) The wave functions of the lowest nine LUMO energy levels 

(LUMO band) are localized on cytosine bases.  

 
Figure 5-4. (a) Decoherent transmission of DNA with Na+ ions in a dry environment (dry Na+). 

The arrowed- boxes indicate the localization of several energy levels based on wave function 

plots. (b) The wave functions of the highest nine HOMO energy levels (HOMO band) are 

localized on guanine bases. (c) The wave functions of the lowest sixteen LUMO energy levels 

(LUMO band) are localized on Na+ ions. The energies above the LUMO band (-1 eV onwards) 

consist of energy levels on the cytosine and Na+ ions (not shown here). See Section 5.2.4 for 

coherent results, which lend further support to these observations. 
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To further investigate the role of counterions, we performed a simulation by randomly 

removing one of the 16 Na+ counterions from the DNA model and setting the system’s total 

charge to a negative one. For instance, by removing the seventh Na+ ion from the water Na+ case, 

no significant difference in transmission occurs at the HOMO and LUMO energies, as seen in 

Figure 5-5 (a). Only the transmission peaks at energies above the LUMO band become smaller. 

This characteristic, besides the wave function, provides evidence that the band of energy levels 

around 0 eV is formed by Na+ ions. The level densities of both HOMO and LUMO bands stay 

relatively constant with or without removing one of the 16 Na+ ions.  

In comparison, removing the seventh Na+ ion from the dry Na+ case lowers the transmission 

of the LUMO band significantly in Figure 5-5 (b). Missing one Na+ ion breaks the transport 

pathway of electrons, which is clearly built on 16 Na+ ions. While the LUMO Bandwidth stays 

relatively constant, the level density decreases by about 1.1 eV-1 after losing one energy level. 

Therefore, in Figure 5-5 (b), the LUMO levels of both dry cases are aligned for easy comparison. 

Meanwhile, we noticed HOMO-1 of the dry removed Na+ case coincides with the HOMO of the 

dry Na+ case. A higher occupied energy level appears in the dry removed Na+ case beyond the 

original HOMO band of the dry Na+ case. The location of this new HOMO energy level further 

decreases the band gap to 0.46eV. One extra energy level in the HOMO band causes its 

Bandwidth to extend by about 0.3 eV and its level density to decrease by about 1.2 eV-1. As a 

result, the average transmission value across the HOMO band is slightly lower than the dry Na+ 

case.  

 
Figure 5-5. Comparison of the transmission plots with (green) and without (blue) the seventh 

Na+ ion removed. All other counterions are present. (a) No significant difference is seen with the 

water solvent. (b) A significant difference is observed for dry cases at both the HOMO and 

LUMO bands. For subplot (b), we have shifted the energy to align the LUMO level of both 

molecules for easy comparison.  
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5.2.2 Hopping parameters between neighboring bases 

To understand the underlying reasons for the above observations on the role of the solvent 

and counterions in transport properties, we analyze the width of the HOMO and LUMO bands, 

the on-site potential at the bases, and the hopping strength between neighboring bases. For this, 

we first arrange the Hamiltonian 𝐻 [from eq. (5-1)] in the order of DNA bases,  

 𝐻 = [

𝐻11 𝐻12 ⋯ 𝐻1𝑁

𝐻21 𝐻22 ⋮

⋮ ⋱
𝐻𝑁1 ⋯ 𝐻𝑁𝑁

] (5-10) 

where 𝑁 is the number of bases (𝑁 = 18). The diagonal subblocks 𝐻𝑖𝑖 correspond to the 

Hamiltonian of base i, and the off-diagonal subblock 𝐻𝑖𝑗 represents the coupling between bases i 

and j. Then we perform the following transform to diagonalize all diagonal subblocks of 𝐻,  

 𝐻̂ = 𝑈†𝐻𝑈 (5-11) 

where 𝑈 is a block diagonal matrix. To obtain 𝑈, we calculate the eigenvectors of each subblock 

of 𝐻, then construct the entire 𝑈 matrix,  

 𝑈 = [

𝑈11 0 ⋯ 0

0 𝑈22 ⋮

⋮ ⋱
0 ⋯ 𝑈𝑁𝑁

] and 𝑈𝑖𝑖 = 𝑒𝑖𝑔𝑒𝑛𝑣𝑒𝑐𝑡𝑜𝑟𝑠(𝐻𝑖𝑖) (5-12) 

The resulting Hamiltonian 𝐻̂ is similar in form to eq. (5-10). The diagonal subblocks of 𝐻̂ 

correspond to the energy levels of each DNA base, and the off-diagonal subblocks represent the 

hopping strength between energy levels on two different bases. Finally, in our discussion below, 

we restrict ourselves to one energy level (such as HOMO or LUMO).  

The HOMO band of the water case lies from -5.47 to -5.08 eV, corresponding to a 

Bandwidth of 0.39 eV (see Table 5-1). In comparison, the HOMO level density of the dry case is 

about 2.6 times smaller. The underlying reason for this is the low dielectric constant in the dry 

case. It results in a larger separation (smaller level density) between the on-site energy levels at 

the bases corresponding to the HOMO band. On the other hand, the high dielectric constant of 

water makes the on-site energies corresponding to the HOMO band energetically closer (larger 

level density). 

The on-site potential of the bases corresponding to the HOMO band in the water and dry 

cases are shown in Figure 5-6. Although the hopping terms are similar in the two cases 

(especially coupling between G-G neighbor bases), the on-site potentials of the water case are 

more uniform and closer together. This behavior can also be seen by comparing their coefficients 

of variation which are −0.0581 (water case) vs −0.1811 (dry case). The HOMO level density of 

the water case is 22.92 eV-1, which is about 2.6 times larger than the dry case (8.70 eV-1). As a 

result, the average transmission value across the HOMO band is approximately one to two orders 
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of magnitude larger in the water case as opposed to the dry case. Therefore, the electrons travel 

through the DNA more efficiently in the water case. 

The on-site potentials of the bases corresponding to the LUMO band in the water and dry 

cases are shown in Figure 5-7. Unlike all other bands, the LUMO band of the dry Na+ case 

comprises 16 energy levels localized on the 16 Na+ ions instead of the DNA molecule. The on-

site potentials of the Na+ ions in the LUMO band range in energies from -2.43 to -1.45 eV. The 

hopping terms between Na+ ions in the LUMO band are primarily in the range of 50-70 meV. 

 
Figure 5-6. The hopping parameters between neighboring bases at (a) the highest 18 HOMO 

levels of the water Na+ case and (b) the highest 18 HOMO levels of the dry Na+ case. Units are 

in meV. For (a) and (b), the coefficient of variation of the on-site potentials is −0.0581 and 

−0.1811, respectively.  

 
Figure 5-7. The hopping parameters between neighboring bases at (a) the lowest 18 LUMO 

levels of the water Na+ case, (b) the lowest 16 LUMO levels of the dry Na+ case, and (c) the even 

higher LUMO levels (LUMO + 16 ~ LUMO + 33) of the dry Na+ case. Units are in meV.  
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5.2.3 Larger basis set  

In the context of the level of theory for the density functional theory (DFT) calculations, the 

B3LYP/6-31G(d,p) has been used to calculate the ionization potential of nucleobases 

extensively. These calculations find the B3LYP/6-31G(d,p) to yield the correct trend in 

ionization potential as experiments but with an offset in values of about 300 meV. Other more 

expensive methods, such as CCSD, MP2, and cc-pVTZ, may give a higher accuracy for the 

ionization potential, but what makes B3LYP/6-31G(d,p) a method of choice is a balance between 

calculation accuracy and reasonable computational cost. Since our system under study comprises 

a relatively large molecular structure (~700 atoms), we need to use the entire Hamiltonian and 

Overlap matrices to calculate the transport properties.  

Table 5-2. Number of functions with various basis sets. Using the same 9 base pair DNA.  

  H - He Li - Ne Na - Ar 
# of 

functions 

Pople basis 

sets 

(s=1, p=3, 

d=5, d*=6) 

6-31G [2s] → 2 [3s2p] → 9 [4s3p] → 13 3943 

6-31G(d,p) [2s1p] → 5 [3s2p1d*] → 15 [4s3p1d*] → 19 6823 

6-311G(d,p) [3s1p] → 6 [4s3p1d] → 18 [6s5p1d] → 26 8290 

Correlation-

consistent 

basis sets 

(s=1, p=3, 

d=5, f=7) 

cc-pVDZ [2s1p] → 5 [3s2p1d] → 14 [4s3p1d] → 18 6444 

cc-pVTZ [3s2p1d] → 14 [4s3p2d1f] → 30 [5s4p2d1f] → 34 14326 

     

* The 6 d-type polarization function is added to 6-31G set, while only 5 to 6-311G. For both 6-31G and 6-

311G sets, f-type functions are added in groups of 7. 

 

To demonstrate that our results are more or less basis-set-independent, we performed the 

same simulation procedure as the one discussed in Section 5.1 on the sequence of 5’-

CCCGCGCCC-3’ with three different basis sets for DFT calculation: (a) B3LYP/6-311G(d,p), 

(b) B3LYP/cc-pVDZ, and (c) B3LYP/cc-pVTZ (see Table 5-2). Please note that B3LYP/6-

311G(d,p) and B3LYP/cc-pVTZ are larger basis sets than B3LYP/6-31G(d,p). To evaluate the 

robustness, we focused on B3LYP/cc-pVTZ as a benchmark since it has been shown to yield 

more accurate results but with an increase in computational time. The transmission and wave 

function plots calculated using B3LYP/cc-pVTZ are shown in the following figures. A 

comparison between calculations (Figure 5-3 vs. Figure 5-8 and Figure 5-4 vs. Figure 5-9) 

indicates that using the B3LYP/cc-pVTZ basis set produces results consistent with the B3LYP/6-

31G(d,p) basis set. Analysis of the LUMO orbitals under dehydrated conditions (see Figure 5-9) 
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shows that orbitals are still localized on Na+ ions when the cc-pVTZ basis set is used. Similarly, 

in the water solvent (as shown in Figure 5-8), HOMO orbitals continue to be localized on 

Guanine bases. In addition, the transmission and wave function plots, calculated using B3LYP/6-

311G(d,p) and B3LYP/cc-pVDZ, show the same behavior (see Figure 5-10, Figure 5-11, Figure 

5-12, Figure 5-13). Therefore, we anticipate the B3LYP/6-31G(d,p) basis set provides a balance 

between accuracy and computational cost and the conclusions drawn in the paper are accurate 

enough to be considered as robust and independent of the choice of basis sets. 

 
Figure 5-8. DFT calculations with B3LYP/cc-pVTZ basis set for (a) Decoherent transmission of 

DNA with Na+ ions in water environment (Water Na+). The arrowed-boxes indicate the 

localization of several energy levels based on wavefunction plots. (b) The wavefunctions of the 

highest nine HOMO energy levels (HOMO band) are localized on Guanine bases. (c) The 

wavefunctions of the lowest nine LUMO energy levels (LUMO band) are localized on Cytosine 

bases. 



86 

 

 
Figure 5-9. DFT calculations with B3LYP/cc-pVTZ basis set for (a) Decoherent transmission of 

DNA with Na+ ions in a dry environment (Dry Na+). (b) The wavefunctions of the highest nine 

HOMO energy levels (HOMO band) are localized on Guanine bases. (c) The wavefunctions of 

the lowest sixteen LUMO energy levels (LUMO band) are localized on Na+ ions.  

 
Figure 5-10. DFT calculations with B3LYP/6-311G(d,p) basis set for (a) Decoherent 

transmission of DNA with Na+ ions in a water environment (Water Na+). (b) The wavefunctions 

of the highest nine HOMO energy levels (HOMO band) are localized on Guanine bases. (c) The 

wavefunctions of the lowest nine LUMO energy levels (LUMO band) are localized on Cytosine 

bases. 



87 

 

 
Figure 5-11. DFT calculations with B3LYP/6-311G(d,p) basis set for (a) Decoherent 

transmission of DNA with Na+ ions in a dry environment (Dry Na+). (b) The wavefunctions of 

the highest nine HOMO energy levels (HOMO band) are localized on Guanine bases. (c) The 

wavefunctions of the lowest sixteen LUMO energy levels (LUMO band) are localized on Na+ 

ions.  

 
Figure 5-12. DFT calculations with B3LYP/cc-pVDZ basis set for (a) Decoherent transmission 

of DNA with Na+ ions in a water environment (Water Na+). (b) The wavefunctions of the highest 

nine HOMO energy levels (HOMO band) are localized on Guanine bases. (c) The wavefunctions 

of the lowest nine LUMO energy levels (LUMO band) are localized on Cytosine bases. 
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Figure 5-13. DFT calculations with B3LYP/cc-pVDZ basis set for (a) Decoherent transmission 

of DNA with Na+ ions in a dry environment (Dry Na+). (b) The wavefunctions of the highest 

nine HOMO energy levels (HOMO band) are localized on Guanine bases. (c) The wavefunctions 

of the lowest sixteen LUMO energy levels (LUMO band) are localized on Na+ ions.  

5.2.4 Coherent transmission with no Na+ ions 

We performed coherent transmission calculations along with decoherent ones which are 

extensively discussed. As discussed in Section 5.1.2, eq. (5-9) shows that effective (decoherent) 

transmission is equal to coherent transmission plus the component of decoherence probes. Figure 

5-14 shows the Water Na+ case, and Figure 5-15 shows the Dry Na+ case. Both plots show no 

significant differences between the trend of decoherent and coherent transmissions. Therefore, 

we can conclude the same discussions and results as the ones in Section 5.2.1. In addition, we 

add another simulation where all Na+ ions are removed from the Hamiltonian, called Water No 

Na+ case and Dry No Na+ case (see Table 5-3), which further supports our observations. Figure 

5-14 shows the comparison between Water Na+ case and Water No Na+ case. Figure 5-15 shows 

the comparison between Dry Na+ case and Dry No Na+ case.  

Table 5-3: HOMO band, LUMO band, and Band gap comparisons between four different cases. 

 
Water (ε = 78.3553) Dry (ε = 1) 

No Na+ Na+ No Na+ Na+ 

Band gap (eV) 4.0527 4.0333 2.5689 0.7714 

HOMO 

Band 

HOMO (eV) -5.0703 -5.0771 -3.4358 -3.4365 

Location Guanine Guanine Guanine Guanine 

Levels 9 9 9 9 
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Bandwidth (eV) 0.3962 0.3927 1.0307 1.0344 

Level density 

(eV-1) 
22.7158 22.9183 8.7319 8.7007 

LUMO 

Band 

LUMO (eV) -1.0176 -1.0438 -0.8669 -2.6651 

Location Cytosine Cytosine Cytosine Na+ 

Levels 9 9 9 16 

Bandwidth (eV) 0.2309 0.2468 0.7401 1.2952 

Level density 

(eV-1) 
38.9779 36.4668 12.1605 12.3533 

 

 

 
Figure 5-14. Transmission of DNA with Na+ ions in an implicit water environment. (a) 

Decoherent transmission, which is the same plot as Figure 5-3 (a). (b) Coherent transmission 

shows the same trend. (c, d) Comparison between Water Na+ case and Water No Na+ case. 



90 

 

 

 
Figure 5-15. Transmission of DNA with Na+ ions in a dry environment. (a) Decoherent 

transmission, which is the same plot as Figure 5-4 (a). (b) Coherent transmission shows the same 

trend. (c, d) Comparison between Water Na+ case and Water No Na+ case.  

5.2.5 Results for other DNA sequences 

In Section 5.2.1, our discussion focused on one specific nine-base-pair DNA sequence (5’-

CCCGCGCCC-3’). However, our conclusions are not limited to this specific sequence. In order 

to show that our conclusions can apply to other short-strand DNA, we applied the same 

simulation procedure as the one discussed in Section 5.1 with B3LYP/6-31G(d,p) basis sets for 

DFT calculation to various DNA strands with different sequences and lengths as shown below: 

1. 5’-CCCCCC-3’ 

    3’-GGGGGG-5’                                            (Figure 5-16 and Figure 5-17) 

2. 5’-TTTTTT-3’ 

    3’-AAAAAA-5’                                            (Figure 5-18 and Figure 5-19) 

3. 5’-CCCTTTCCC-3’ 
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    3’-GGGAAAGGG-5’                                   (Figure 5-20 and Figure 5-21) 

4. 5’-GGCGCGCGGGCGGGC-3’ 

    3’-CCGCGCGCCCGCCCG-5’                    (Figure 5-22 and Figure 5-23) 

5. 5’-GGCGCAAAAACGGGC-3’ 

    3’-CCGCGTTTTTGCCCG-5’                     (Figure 5-24 and Figure 5-25) 

We chose these sequences based on previously published work. DNA strands 1~3 come from 

[141]. DNA strands 4~5 come from [132]. 

The transmission and wavefunction plots are shown in the figure below. For all investigated 

sequences, the wavefunctions of the HOMO band are localized on Guanine or Adenine bases. 

These wavefunctions form a transmission channel from left to right using Guanine or Adenine 

bases. The channel could utilize both strands of a DNA molecule based on the sequence. The 

HOMO band’s energy levels are consistent with the number of base pairs. With a water solvent, 

the wavefunctions of the LUMO band are localized on Cytosine or Thymine bases. Under 

dehydrated conditions, the wavefunctions of the LUMO band are localized on Na+ ions. These 

wavefunctions form two separate channels from left to right (along both backbones of a DNA 

molecule) using Na+ ions. The LUMO band’s energy levels are consistent with the number of 

base pairs or Na+ ions, respectively. These results show that regardless of the sequence or length, 

depending on the dielectric constant of the environment, Na+ ions can significantly impact the 

charge transport properties of the DNA molecules. Based on the additional calculations, we 

believe our conclusions can be generalized to other short-strand DNA sequences. 

 
Figure 5-16. DFT calculations with 5’-CCCCCC-3’ sequence for (a) Decoherent transmission of 

DNA with Na+ ions in a water environment (Water Na+). (b) The wavefunctions of the highest 

six HOMO energy levels (HOMO band) are localized on Guanine bases. (c) The wavefunctions 

of the lowest six LUMO energy levels (LUMO band) are localized on Cytosine bases. 
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Figure 5-17. DFT calculations with 5’-CCCCCC-3’ sequence for (a) Decoherent transmission of 

DNA with Na+ ions in a dry environment (Dry Na+). (b) The wavefunctions of the highest six 

HOMO energy levels (HOMO band) are localized on Guanine bases. (c) The wavefunctions of 

the lowest ten LUMO energy levels (LUMO band) are localized on Na+ ions. 

 
Figure 5-18. DFT calculations with 5’-TTTTTT-3’ sequence for (a) Decoherent transmission of 

DNA with Na+ ions in a water environment (Water Na+). (b) The wavefunctions of the highest 

six HOMO energy levels (HOMO band) are localized on Adenine bases. (c) The wavefunctions 

of the lowest six LUMO energy levels (LUMO band) are localized on Thymine bases. 
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Figure 5-19. DFT calculations with 5’-TTTTTT-3’ sequence for (a) Decoherent transmission of 

DNA with Na+ ions in a dry environment (Dry Na+). (b) The wavefunctions of the highest six 

HOMO energy levels (HOMO band) are localized on Adenine bases. (c) The wavefunctions of 

the lowest ten LUMO energy levels (LUMO band) are localized on Na+ ions. 

 
Figure 5-20. DFT calculations with 5’-CCCTTTCCC-3’ sequence for (a) Decoherent 

transmission of DNA with Na+ ions in a water environment (Water Na+). (b) The wavefunctions 

of the highest nine HOMO energy levels (HOMO band) are localized on Guanine or Adenine 

bases. (c) The wavefunctions of the lowest nine LUMO energy levels (LUMO band) are 

localized on Cytosine or Thymine bases. 
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Figure 5-21. DFT calculations with 5’-CCCTTTCCC-3’ sequence for (a) Decoherent 

transmission of DNA with Na+ ions in a dry environment (Dry Na+). (b) The wavefunctions of 

the highest nine HOMO energy levels (HOMO band) are localized on Guanine or Adenine bases. 

(c) The wavefunctions of the lowest sixteen LUMO energy levels (LUMO band) are localized on 

Na+ ions. 

 
Figure 5-22. DFT calculations with 5’-GGCGCGCGGGCGGGC-3’ sequence for (a) Decoherent 

transmission of DNA with Na+ ions in a water environment (Water Na+). (b) The wavefunctions 

of the highest fifteen HOMO energy levels (HOMO band) are localized on Guanine or Adenine 

bases. (c) The wavefunctions of the lowest fifteen LUMO energy levels (LUMO band) are 

localized on Cytosine or Thymine bases. 
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Figure 5-23. DFT calculations with 5’-GGCGCGCGGGCGGGC-3’ sequence for (a) Decoherent 

transmission of DNA with Na+ ions in a dry environment (Dry Na+). (b) The wavefunctions of 

the highest fifteen HOMO energy levels (HOMO band) are localized on Guanine or Adenine 

bases. (c) The wavefunctions of the lowest twenty-eight LUMO energy levels (LUMO band) are 

localized on Na+ ions. 

 
Figure 5-24. DFT calculations with 5’-GGCGCAAAAACGGGC-3’ sequence for (a) Decoherent 

transmission of DNA with Na+ ions in a water environment (Water Na+). (b) The wavefunctions 

of the highest fifteen HOMO energy levels (HOMO band) are localized on Guanine or Adenine 

bases. (c) The wavefunctions of the lowest fifteen LUMO energy levels (LUMO band) are 

localized on Cytosine or Thymine bases. 
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Figure 5-25. DFT calculations with 5’-GGCGCAAAAACGGGC-3’ sequence for (a) Decoherent 

transmission of DNA with Na+ ions in a dry environment (Dry Na+). (b) The wavefunctions of 

the highest fifteen HOMO energy levels (HOMO band) are localized on Guanine or Adenine 

bases. (c) The wavefunctions of the lowest twenty-eight LUMO energy levels (LUMO band) are 

localized on Na+ ions. 

5.3 Summary 

It has been challenging to obtain clear trends in the underlying physics of DNA conduction 

due to the complexity of environmental conditions. This situation has motivated us to 

computationally study an important aspect encountered--the effect of the solvent and counterions 

for a static configuration of atoms. We consider a nine-base-pair double-stranded B-DNA and 

study the role of counterion arrangement and solvent dielectric constant to determine if there are 

clear trends in the underlying physics. We use the PCM model for the solvent and consider the 

dry and fully hydrated environments. By performing calculations on six different DNA 

sequences, we emphasize the generalizability of the results (additional results are presented in 

Section 5.2.5). 

Depending on the dielectric constant of the surrounding medium, the Na+ ion is found to 

significantly impact the charge transport properties of the DNA. From the molecular energy level 

perspective, Na+ ions add unoccupied energy levels in the band gap of the DNA in the dry case. 

On the other hand, the water case adds unoccupied energy levels that have higher energy than the 

LUMO, which is primarily located on the cytosine bases. Because of the high dielectric constant 

of water, the interaction between DNA and Na+ ions is effectively screened. In addition, from the 

charge transport perspective, the transmission is at least two orders of magnitude larger at the 

HOMO and LUMO regions of the DNA in the water case than in the dry case. The observed 

narrower spread of on-site potentials (at the HOMO and LUMO bands) with a water 

environment supports higher transmission. 
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In summary, our simulation results demonstrate that it is essential to consider counterions as 

an individual factor when analyzing the DNA conductance experiments done in the dry case but 

not necessarily in the water solvent. The higher the dielectric constant, the higher the charge 

screening effect, thus lowering the coupling between Na+ ions and DNA molecules. As the 

presence of Na+ ions added energy levels within the band gap of the DNA in the dehydrated 

condition (the dry case), this can further be relevant to utilizing DNA in nanoelectronics 

applications.  
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6 Influence of Explicit Water Molecules on the Electronic 

Properties of DNA 

The interaction between DNA molecules and their surrounding environment is crucial in 

understanding the electronic properties of DNA. In the previous chapters, we performed DFT 

calculations on a DNA system with the polarizable continuum model (PCM) which tries to 

capture the screening effect of the solvent without the need to include explicit water molecules 

[135]. However, during the analysis of DNA conductance traces from SMBJ experiment, we 

noticed that there is an abnormal conductance peak constantly appearing around 10−2 𝐺0. As 

suggested by Xiang et al., this conductance peak is likely to be contributed by water molecules 

[62]. Although we developed statistical methods to remove this peak for better Machine 

Learning classification results, we believe that it is critical to understand the effect of explicit 

water molecules from a theoretical perspective.  

Since the complexity and computational cost of DFT calculations grow significantly as the 

system size increases, the majority of DNA electronic properties studies use PCM or other 

models to mimic the effect of water molecules. Only a few groups have previously tried to 

capture the effect of water solvent in charge transfer of biomolecules using explicit water 

molecules in DFT calculations [34], [62], [142], [143], [144], [145], [146], [147], [148]. With 

less than five explicit water molecules per DNA base pair, several studies have shown that the 

effect of water is not significant [62], [142], [143], [146]. Wolter et al. showed that transport of 

electric charge in a micro solvated molecular system will exhibit similar characteristics as in full 

water solvent, where at least 12 explicit water molecules are needed per DNA base pair [34]. 

Fukuzawa et al. demonstrated that a solvent shell with explicit water molecules of thickness 8Å 

is necessary to incorporate the water solvent effect [145]. Westerhoff et al. performed 

comprehensive calculations by including explicit water molecules within a certain distance away 

from DNA. They found that 4.5 A and 5.5 A water systems were able to mimic the “infinite” 

solvation used in the experimental studies [144]. They also compared the difference between 

explicit water molecules and the PCM model using SemiEmpirical Born-Oppenheimer 

Molecular Dynamics. They concluded that while the PCM model may not perfectly describe the 

DNA system in all cases, in most situations, the method does reasonably well [144].  

Previous work has shown that including a “sufficient amount” of explicit water molecules 

could affect the conductivity of DNA molecules. However, there is no uniform conclusion to 

determine the quantitative amount of water molecules. In this chapter, we perform DFT 

calculations including explicit water molecules and identify the connection between simulation 

results and experimental observations. 
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6.1 Methodology  

In a typical MD (Molecular Dynamics) simulation, a DNA strand is solvated with thousands 

of water molecules and is accompanied by counterions to neutralize its negative charge. Using 

the TIP3P (transferable intermolecular potential with 3 points) model, we generate a 12bp (12-

base-pair) DNA sequence (5′-GGGCCCGGGCCC-3′) surrounded with 6177 water molecules 

and 22 Na⁺ ions. This DNA system is impossible to model with a good DFT model. To reduce 

the number of atoms to a more tractable one, we only keep the water molecules and Na⁺ ions 

within the certain range of DNA molecules, see Table 6-1. For example, within 4Å of DNA 

molecules, there are 192 water molecules and 11 Na⁺ ions, which leads to the DNA system 

having a net charge of -11. That is approximately 16 explicit water molecules per DNA base 

pair.  

Table 6-1. Number of water molecules and Na⁺ ions near DNA molecules 

Distance around  

DNA (Å) 

Number of water 

molecules 
Number of Na+ ions Charge 

1 0 0 -22 

2 0 0 -22 

3 94 8 -14 

4 192 11 -11 

5 359 18 -4 

6 554 21 -1 

7 762 22 0 

8 992 22 0 

9 1256 22 0 

10 1529 22 0 

 

In order to reduce the computational complexity, we start our calculations with shorter DNA 

sequences: one 2bp DNA (5′-GG-3′), one 4bp DNA (5′-CCGG-3′), and one 6bp DNA (5′-

CCCGGG-3′). The structures are obtained by trimming the above discussed 12bp DNA obtained 

from MD simulations. In these simpler models, the solvent molecules within 4Å of DNA and the 

closest Na⁺ ions are retained, making the net charge zero. For 2bp case, there are 30 water 

molecules and 2 Na⁺ ions, see Figure 6-1 (a). For 4bp case, there are 53 water molecules and 6 

Na⁺ ions, see Figure 6-4 (a). For 6bp case, there are 86 water molecules and 10 Na⁺ ions, see 

Figure 6-5 (a). Note that since there are not enough Na⁺ ions within 4Å of 6bp DNA molecules, 

we include extra Na⁺ ions within 5Å to make the system charge neutral. On average, there are 14 

water molecules per DNA base pair, which is comparable to previous studies [34], [144], [145]. 

To determine the effect of explicit water molecules along with PCM and Na⁺ ions, we perform 
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two comparison calculations: (1) No PCM case, where explicit water molecules and Na⁺ ions are 

included without turning on the PCM model. The relative dielectric constant here is 𝜀 = 1. (2) 

With PCM case, where apart from including the explicit water molecules and Na⁺ ions, the PCM 

model is turned on. The relative dielectric constant in these calculations is 𝜀 = 78.3553. We 

perform similar DFT, wavefunction, and transmission calculations as in previous chapters.  

6.2 Results and Discussion 

For 2bp DNA (5′-GG-3′), a large difference in bandgap value between the “No PCM” 

(0.8422 eV) and “With PCM” (4.5829 eV) case is observed as shown in Figure 6-1 (b) and (c). 

Further, in the energy range from −4 to − 1 eV, the “No PCM” case has six more energy levels 

than the “With PCM” case.  

 
Figure 6-1. A 2-base-pair DNA model with explicit water molecules. (a) Atomic location of 30 

water molecules and 2 Na⁺ ions, within 4Å of DNA molecules. (b) and (c) plot the HOMO (blue) 

and LUMO (red) energy levels. Dash lines represent energy levels localized on water molecules 

or Na⁺ ions. (b) “No PCM” case has a bandgap of 0.8422 eV. (c) “With PCM” case has a 

bandgap of 4.5829 eV.  

We study the region of wavefunction localization corresponding to the various energy levels 

ranging from HOMO-25 to LUMO+25. For the “No PCM” case (see Figure 6-2 (c)), the 

wavefunctions of LUMO to LUMO+5 energy levels are localized on Na⁺ ions and water 

molecules. As shown in Figure 6-2 (d), the lowest unoccupied level with wavefunction 

localization on the DNA molecule is LUMO+6 (followed by LUMO+8), which are on cytosine 

bases. In contrast, for the “With PCM” case, the wavefunctions are localized on the cytosine base 

of the DNA molecules for both LUMO and LUMO+1 energy levels. Then the wavefunctions of 

LUMO+2, LUMO+3, LUMO+5 and other higher energy levels are localized on the Na+ ions and 

water molecules. At the HOMO and nearby energy levels, for both “No PCM” and “With PCM” 

cases, the wavefunction is localized on the guanine base, see Figure 6-2 (a) and Figure 6-3 (a). 

We also observe from Figure 6-2 (b) that in the “No PCM” case, the wavefunctions of HOMO-3 

to HOMO-6 energy levels are localized on water molecules. Similarly, in the “With PCM” case, 

the wavefunctions of HOMO-4, HOMO-6, and HOMO-7 are all localized on water molecules, 
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see Figure 6-3 (c). The effect of explicit water molecules is most obvious in these occupied 

energy levels near HOMO. 

In Figure 6-1 (b), we used dash lines to represent the energy levels whose wavefunction is 

localized on water molecules or Na+ ions, until the first energy level that is localized on the DNA 

molecule. While the bandgap is 0.8422 eV in the “No PCM” case, the energy difference between 

the lowest unoccupied energy level and the highest occupied energy level whose wavefunctions 

are both on the DNA is 3.2771 eV. In comparison, the “With PCM” case, has HOMO and 

LUMO levels both localized on the DNA molecules, and the bandgap is 4.5829 eV.  

 
Figure 6-2. The wavefunctions of No PCM case. (a) The wavefunctions of HOMO, HOMO-1, 

HOMO-2 are localized on guanine bases. (b) The wavefunctions of HOMO-3 ~ HOMO-6 are 

localized on water molecules. (c) The wavefunctions of LUMO ~ LUMO+5 are localized on Na+ 

ions and water molecules. (d) The wavefunctions of LUMO+6, LUMO+8 are localized on 

cytosine bases. 
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Figure 6-3. The wavefunctions of With PCM case. (a) The wavefunctions of HOMO, HOMO-1 

are localized on guanine bases. (b) The wavefunctions of HOMO-2, HOMO-3, HOMO-5 are 

localized on cytosine bases. (c) The wavefunctions of HOMO-4, HOMO-6, HOMO-7 are 

localized on water molecules. (d) The wavefunctions of LUMO, LUMO+1 are localized on 

cytosine bases. (e) The wavefunctions of LUMO+2. LUMO+3, LUMO+5 are localized on Na+ 

ions and water molecules. (f) The wavefunctions of LUMO+4, LUMO+6 are localized on 

guanine bases. 

For 4bp DNA (5′-CCGG-3′), there is a large difference in bandgap values between the “No 

PCM” (1.0925 eV) and “With PCM” (4.4390 eV) cases, as seen in Figure 6-4 (b) and (c). We 

find that the wavefunctions of LUMO to LUMO+7 energy levels are localized on Na+ ions and 

water molecules in the “No PCM” case (similar to the 2bp results). The lowest energy level for 

which the wavefunction is localized on the DNA molecule is LUMO+8 (followed by 

LUMO+10), at the cytosine and guanine bases. For “With PCM” case, while the LUMO, 

LUMO+1, LUMO+2, LUMO+4 wavefunctions are localized on cytosine bases, the LUMO+5, 

LUMO+6, LUMO+7, LUMO+10 wavefunctions are localized on the guanine bases. They each 

form a clear channel to enable charge transport. The wavefunctions of LUMO+3, LUMO+8, 

LUMO+9 and other higher energy levels are on the Na+ ions and water molecules.  

For HOMO energy levels, the “No PCM” case shows some critical changes from the 2bp 

case. The wavefunctions of HOMO to HOMO-4 are localized on water molecules (no longer on 

the bases). The wavefunctions corresponding to HOMO-5, HOMO-8, HOMO-10, HOMO-18 

and HOMO-24, are localized on the guanine bases. Most other wavefunctions corresponding to 

the HOMO to HOMO-25 energy levels are localized on water molecules. In contrast, for the 

“With PCM” case, the wavefunctions of HOMO to HOMO-3 are localized on the guanine bases 

while the HOMO-4 to HOMO-7 wavefunctions are localized on cytosine bases. They each form 
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a clear channel to enable charge transport. In the lower energy levels, HOMO-10 and HOMO-11, 

the wavefunctions have a larger component on the explicit water molecules.  

In Figure 6-4 (b), the dashed lines represent the energy levels that are localized on water 

molecules or Na+ ions, until the first energy level that is localized on DNA molecules which is 

shown by a solid line. In the “No PCM” case, instead of a bandgap of 1.0925 eV, the difference 

in energy levels between the lowest unoccupied and highest occupied states that lie on the DNA 

molecules is 3.8684 eV. For “With PCM” case, the HOMO and LUMO levels are localized on 

the DNA molecules and the bandgap is 4.4390 eV. Compared with 2bp DNA, the difference of 

bandgap (lie on the DNA molecules) becomes smaller for 4bp DNA.  

 

Figure 6-4. A 4-base-pair DNA model with explicit water molecules. (a) Atomic location of 53 

water molecules and 6 Na⁺ ions, within 4Å of DNA molecules. (b) and (c) plot the HOMO (blue) 

and LUMO (red) energy levels. Dash lines represent energy levels localized on water molecules 

or Na⁺ ions. (b) “No PCM” case has a bandgap of 1.0925 eV. (c) “With PCM” case has a 

bandgap of 4.4390 eV.  

For 6bp DNA (5′-CCCGGG-3′), we again observe a large difference in the bandgap for the 

“No PCM” (0.1711 eV) and “With PCM” (4.3557 eV) cases, see Figure 6-5 (b) and (c). The 

wavefunctions localization of the LUMO and HOMO energy levels is similar to the 4bp case. 

For the “No PCM” case, the wavefunctions of LUMO toLUMO+8 energy levels are localized on 

Na+ ions and water molecules. This localization creates a path for charge transport at these 

energies via the Na+ ions and water molecules. The lowest unoccupied wavefunctions with 

significant localization on the DNA molecule are LUMO+9 and LUMO+10, on cytosine and 

guanine bases. In the “With PCM” case, the wavefunctions are localized on the DNA molecules. 

The wavefunctions of several LUMO levels again form channels through cytosine and guanine 

bases to enable charge transport. The LUMO+9, LUMO+12 and other higher energy levels have 

wavefunctions on the Na+ ions and water molecules. 

Like the 4bp case, the wavefunctions of HOMO to HOMO-4 are localized on water 

molecules. In the absence of Na+ ions, the wavefunctions on the water molecules do not form a 

clear channel. The wavefunctions don’t localize on DNA molecules until HOMO-5, HOMO-6, 

HOMO-9, HOMO-12 and HOMO-21, and they are all on guanine bases. For the “With PCM” 
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case, the wavefunction of HOMO is localized on the guanine bases. The wavefunctions of 

several HOMO levels again form two channels through cytosine and guanine bases to enable 

charge transport. For lower lying occupied energy levels, HOMO-13 and HOMO-15, the 

wavefunction component on the explicit water molecules becomes more significant. 

If we compute the energy difference between the lowest unoccupied (LUMO+9) and highest 

occupied (HOMO+5) states where the wavefunctions are on the DNA bases, we find a gap of 

3.0678 eV. In Figure 6-5 (b), we used dash lines to represent the energy levels that are localized 

on water molecules or Na+ ions, until the first energy level that is localized on DNA molecules is 

observed. For “With PCM” case, since HOMO and LUMO levels are already localized on DNA 

molecules, the bandgap is 4.3557 eV. 

 

Figure 6-5. A 6-base-pair DNA model with explicit water molecules. (a) Atomic location of 86 

water molecules and 10 Na⁺ ions, within 5Å of DNA molecules. (b) and (c) plot the HOMO 

(blue) and LUMO (red) energy levels. Dash lines represent energy levels localized on water 

molecules or Na⁺ ions. (b) “No PCM” case has a bandgap of 0.1711 eV. (c) “With PCM” case 

has a bandgap of 4.3557 eV.  

After analyzing the results of adding explicit water molecules to the DNA system, we can 

compare these results with the ones of previous chapters, where only implicit water solvent is 

used for calculations. We find that our previous observations hold, but can be made more 

comprehensive: 

● When including implicit water solvent for the DNA system (“With PCM” case/Water case).  

o The wavefunction of HOMO band is localized on Guanine or Adenine bases. 

o The wavefunction of LUMO band is localized on Cytosine or Thymine bases.  

o Additional explicit water molecules have no major influence on close-to-bandgap energy 

levels. The effect of explicit water molecules only starts to appear in lower occupied and 

higher unoccupied energy levels. 

● When excluding implicit water solvent for DNA system (“No PCM” case/Dry case). 

o The wavefunction of the HOMO band is localized on Guanine or Adenine bases. But if 

explicit water molecules are present, the localization moves to water molecules.  
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o The wavefunction of LUMO level is localized on Na+ ions and explicit water molecules 

(if present). 

o Additional explicit water molecules help reduce the bandgap, which is similar to the 

effect of Na+ ions. However, the wavefunctions of water molecules are unable to form a 

clear channel to enable charge transport, without involving Na+ ions.  

6.3 Summary 

In Table 6-2, we summarized the HOMO, LUMO and bandgap energy values of 2bp, 4bp, 

and 6bp DNA. For all “No PCM” cases, the bandgap of entire system is minimal. But once we 

move the occupied energy levels from water to DNA molecules and the unoccupied energy 

levels from Na+ ions to DNA molecules, the bandgap is greatly increased. The difference of 

energy levels between “No PCM” and “With PCM” cases also become much similar to each 

other, if we only focus on DNA molecules.  

Table 6-2. The HOMO, LUMO and bandgap energy values of “No PCM” and “With PCM” cases. 

Case 

HOMO LUMO Bandgap 

Entire 

System 

DNA 

Molecule 

Only 

Entire 

System 

DNA 

Molecule 

Only 

Entire 

System 

DNA 

Molecule 

Only 

2bp No PCM -4.4632 eV -4.4632 eV -3.6210 eV -1.1861 eV 0.8422 eV 3.2771 eV 

2bp With PCM -5.5881 eV -1.0052 eV 4.5829 eV 

4bp No PCM -4.7601 eV -5.4143 eV -3.6676 eV -1.5459 eV 1.0925 eV 3.8684 eV 

4bp With PCM -5.5000 eV -1.0610 eV 4.4390 eV 

6bp No PCM -4.8093 eV -5.3427 eV -4.6382 eV -2.2749 eV 0.1711 eV 3.0678 eV 

6bp With PCM -5.4964 eV -1.1407 eV 4.3557 eV 
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7 Summary and Future Work 

7.1 Summary 

In this thesis, we investigated the DNA electronic properties through data-driven approaches 

(statistical feature extraction and machine learning algorithms) and physics-driven approaches 

(density functional theory and Green's function method). The topics covered in this thesis are 

summarized below. 

In Chapter 1, we discussed the fundamentals of DNA structure and the evolution of DNA 

sequencing techniques. We reviewed previous work, modeling challenges, experimental 

limitations, and potential applications of DNA electronic properties (conductance). Additionally, 

we emphasized the discrepancies between modeling and experimental results, paving the way for 

development of domain-specific machine learning (ML) algorithms to overcome these 

challenges.  

In Chapter 2, we demonstrated the initial design of a ML based classification system for 

DNA sequence identification using conductance measurements from a Single Molecule Break 

Junction experiment. We presented a detailed description of the methods for data acquisition, 

pre-processing, visualization, and the XGBoost classifier. By systematically analyzing classifier 

performance under various parameters, we showed that over 99.5% accuracy can be achieved for 

short-strand DNA molecules that are structurally different with only 20~30 conductance 

measurements. However, the classifier model may not provide comparably high accuracy for 

genetic samples that differ by a single base mismatch, especially if the sample size is kept 

reasonably low in the interest of rapid detection and classification in practice. 

In Chapter 3, we extended the target of the ML classification system to COVID-19 datasets, 

which primarily have single base mismatches. Since the performance of the algorithm discussed 

in Chapter 2 was inadequate, we experimented with both 1D and 2D conductance probability 

distributions. The 2D distributions depend on conductance as a function of inter-electrode 

distance. We studied the accuracy of detection with and without averaging of the conductance 

distribution over experimental parameters. In conjunction with 2D distributions, we have 

experimented with a CNN paired with an XGBoost classifier. We showed that (i) averaged 

conductance distributions have a significant impact on classifier accuracy, (ii) 2D conductance 

distributions are beneficial for some sequences, and (iii) the backend XGBoost classifier whose 

input is a feature vector extracted from a CNN classifier provides better accuracy than a densely 

connected classifier usually adopted with a CNN. 

In Chapter 4, we addressed the low signal-to-noise ratio of SMBJ measurements by 

proposing a Piecewise Linear Approximation (PLA) method. By utilizing the PLA method, 

conductance plateau segments are effectively and precisely isolated, enhancing the clarity of 

conductance data, mitigating the noise inherent in SMBJ measurements, and increasing average 

accuracy up to 4.22%. The resulting plateau-only conductance histograms enabled more 
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effective training of machine learning models, resulting in substantial improvements in 

classification accuracy across various configurations, which increased from 83.96% (initial 

design) to 96.31% (best configuration). Especially with a smaller sample size, as few as 5, our 

classification system is able to achieve a high accuracy of over 80% for most variants (excluding 

Beta_MM1 and Beta_MM3 variants, which turned out to be particularly hard to classify). 

Impressively, using a sample size of 30 sample, the classification accuracy of Beta_MM1 and 

Beta_MM3 variants increases from about 83% to 97% by tuning the cutoff slope, a tunable 

parameter in the PLA method. These findings highlight the potential of PLA as an effective 

preprocessing tool to enhance the quality of SMBJ data. Additionally, the robustness of this 

method across multiple machine learning configurations indicates its versatility, suggesting that 

PLA could be employed in a broader range of single-molecule analysis techniques, including 

other types of experimental setups involving molecular junctions or time-series data.  

In Chapter 5, we investigated the role of solvent dielectric constant (implicit water 

molecules)  and Na+ counterions on the conductance of B-DNA using DFT (Density Functional 

Theory) and charge transport calculations (Green’s Function and Büttiker Probes). We presented 

a detailed description of the methods for DFT and charge transport calculations. Our simulation 

results demonstrate that it is essential to consider counterions separately when analyzing the 

DNA conductance experiments done in a dry environment, but not necessarily with a water 

solvent. The higher the dielectric constant, the higher the charge screening effect, thus lowering 

the coupling between Na+ ions and DNA molecules. By performing calculations on six different 

DNA sequences and four different basis sets of DFT calculations, we demonstrated the 

generalizability of our results.  

In Chapter 6, we explored the influence of explicit water molecules on the conductance of B-

DNA using the same modeling approach as in the previous chapter. We find that our 

observations from implicit water molecules still hold valid. For water solvent conditions, 

additional explicit water molecules have no major influence on close-to-bandgap energy levels. 

The effect of explicit water molecules only starts to appear in lower occupied energy levels (less 

than HOMO) and higher unoccupied energy levels (larger than LUMO). For dry conditions, 

additional explicit water molecules help reduce the bandgap, which is similar to the effect of Na+ 

ions. However, the wavefunctions of water molecules are unable to form a clear channel to 

enable charge transport, without involving Na+ ions.  

7.2 Future Work 

While this study has advanced the understanding of DNA electronic properties and sequence 

identification, several directions remain open for further exploration. First, we could optimize the 

PLA for various molecular targets and expand its application to different types of single-

molecule systems, such as protein interactions, chemical sensing, and real-time biological 

processes. Designing a highly accurate classifier model operating on histograms constructed 

from a single trace is most beneficial. We expect that generative AI models would be beneficial 
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for achieving that gold standard. Adoption of explainable AI and feature importance ranking 

procedures can help in providing a strong connection between the experimental and modeling 

results.  

Building on the expansive knowledge earned through the data-driven approach, theory 

development becomes even more critical. It is crucial to move beyond traditional physics-based 

theories and modeling approaches which are ineffective in a highly stochastic environment as in 

the SMBJ approach. The majority of existing theoretical simulation results have significant 

discrepancies from experimental ones, which can be as high as two orders of magnitude when 

predicting the conductance of DNA molecules. Since it is nearly impossible to model a DNA 

system in a realistic manner when considering all possible factors (such as DNA internal 

structure, environmental fluctuations, DNA-contact configuration), experiment-based theories 

that leverage extensive experimental data would be a beneficial direction. For instance, it may be 

possible to develop a simplified DNA dynamic system or a coarse-grained DNA structure to 

mimic an SMBJ experiment.  
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Appendix A Detail Confusion Matrices 
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Appendix Figure A-1. Performance analysis of baseline classifiers with respect to the R2 test threshold 

parameter, β . The left-column and right-column figures correspond to TLS-1 with 6 classes and TLS-2 with 8 

classes respectively. The confusion matrices correspond to baseline parameter values (Nbins = 600, H = 30) and 

changing parameter β. (a), (b) for β = 0.87. (c), (d) for β = 0.90. (e), (f) for β = 0.95 (same as Figure 2-8). (g), 

(h) for β = 0.99. (i), (j) for β = 1.00 
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Appendix Figure A-2. Performance analysis of baseline classifiers with respect to number of histogram bins, 

Nbins. The left-column and right-column figures correspond to TLS-1 with 6 classes and TLS-2 with 8 classes 

respectively. The confusion matrices correspond to baseline parameter values (β = 0.95, H = 30) and changing 

parameter Nbins. (a), (b) for Nbins = 10. (c), (d) for Nbins = 20. (e), (f) for Nbins = 30. (g), (h) for Nbins = 40. (i), (j) 

for Nbins = 50. (k), (l) for Nbins = 60. (m), (n) for Nbins = 75. (o), (p) for Nbins = 100. (q), (r) for Nbins = 120. (s), (t) 

for Nbins = 150. (u), (v) for Nbins = 200. (w), (x) for Nbins = 300. (y), (z) for Nbins = 400. (aa), (ab) for Nbins = 500. 

(ac), (ad) for Nbins = 600 (same as Figure 2-8). 
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Appendix Figure A-3. Performance analysis of baseline classifiers with respect to the number of traces used to 

compute a conductance histogram, H. The left-column and right-column figures correspond to TLS-1 with 6 

classes and TLS-2 with 8 classes respectively. The confusion matrices correspond to baseline parameter values 

(β = 0.95, Nbins = 600) and changing parameter H. (a), (b) for H = 10. (c), (d) for H = 20. (e), (f) for H = 30 

(same as Figure 2-8). (g), (h) for H = 40. (i), (j) for H = 50. 
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Appendix B 1D and 2D Conductance Histogram of COVID-19 
 

 

Appendix Figure B-1. Empirical large sample 1D conductance histograms for Alpha variant, with exponential 

fitting, R2 test (𝛽 = 0.95), and low pass filter.  



132 

 

 

Appendix Figure B-2. Empirical large sample 1D conductance histograms for Beta variant, with exponential 

fitting, R2 test (𝛽 = 0.95), and low pass filter.  
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Appendix Figure B-3. Empirical large sample 1D conductance histograms for Delta variant, with exponential 

fitting, R2 test (𝛽 = 0.95), and low pass filter.  

 

Appendix Figure B-4. Empirical large sample 2D conductance histograms for Alpha variant, with exponential 

fitting, R2 test (𝛽 = 0.95), and low pass filter. For better visualization, all elements which have a value larger 

than 0.001 are represented using the same color scheme as the value 0.001. 
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Appendix Figure B-5. Empirical large sample 2D conductance histograms for Beta variant, with exponential 

fitting, R2 test (𝛽 = 0.95), and low pass filter. For better visualization, all elements which have a value larger 

than 0.001 are represented using the same color scheme as the value 0.001. 
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Appendix Figure B-6. Empirical large sample 2D conductance histograms for Delta variant, with exponential 

fitting, R2 test (𝛽 = 0.95), and low pass filter. For better visualization, all elements which have a value larger 

than 0.001 are represented using the same color scheme as the value 0.001. 

 

 

Appendix Figure B-7. Empirical large sample 1D conductance histograms for Alpha variant, Piecewise Linear 

Approximation method, with 𝛽 = 0.7 and 𝐴𝑐𝑜 = 4. 
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Appendix Figure B-8. Empirical large sample 1D conductance histograms for Beta variant, Piecewise Linear 

Approximation method, with 𝛽 = 0.7 and 𝐴𝑐𝑜 = 4.  
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Appendix Figure B-9. Empirical large sample 1D conductance histograms for Delta variant, Piecewise Linear 

Approximation method, with 𝛽 = 0.7 and 𝐴𝑐𝑜 = 4.  

 

Appendix Figure B-10. Empirical large sample 2D conductance histograms for Alpha variant, Piecewise Linear 

Approximation method, with 𝛽 = 0.7 and 𝐴𝑐𝑜 = 4. For better visualization, all elements which have a value 

larger than 0.0005 are represented using the same color scheme as the value 0.0005. 
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Appendix Figure B-11. Empirical large sample 2D conductance histograms for Beta variant, Piecewise Linear 

Approximation method, with 𝛽 = 0.7 and 𝐴𝑐𝑜 = 4. For better visualization, all elements which have a value 

larger than 0.0005 are represented using the same color scheme as the value 0.0005. 
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Appendix Figure B-12. Empirical large sample 2D conductance histograms for Delta variant, Piecewise Linear 

Approximation method, with 𝛽 = 0.7 and 𝐴𝑐𝑜 = 4. For better visualization, all elements which have a value 

larger than 0.0005 are represented using the same color scheme as the value 0.0005. 
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Appendix C Coordinates of the DNA Molecule  
We list each atom’s (x, y, z) coordinates for our modeling system below. Sodium ions are located at the end 

of the list. The sodium ion highlighted in bold is the 7th Na+ ion we removed in Section 5 (see Figure 5-5).  

 

H -0.4230 -8.1500 -2.0940 

O  0.4270 -7.8260 -1.7880 

C  1.4430 -7.5100 -2.7560 

H  1.1000 -6.7450 -3.4530 

H  1.6740 -8.4230 -3.3050 

C  2.6950 -7.0200 -2.0530 

H  3.5740 -7.0560 -2.6960 

O  2.4770 -5.6300 -1.8230 

C  2.3080 -5.3330 -0.4520 

H  3.1120 -4.6850 -0.1020 

N  1.0980 -4.4680 -0.3700 

C -0.1510 -5.0050 -0.3990 

H -0.2760 -6.0740 -0.4820 

C -1.2540 -4.2170 -0.3250 

H -2.2470 -4.6650 -0.3500 

C -1.0350 -2.8050 -0.2150 

N -2.0660 -1.9770 -0.1380 

H -1.8700 -0.9890 -0.0620 

H -3.0100 -2.3360 -0.1560 

N  0.1990 -2.2870 -0.1870 

C  1.2890 -3.0930 -0.2630 

O  2.4450 -2.6510 -0.2410 

C  2.9500 -7.6070 -0.6650 

H  2.5860 -8.6290 -0.5540 

C  2.1480 -6.6790  0.2470 

H  1.3440 -7.2410  0.7220 

H  2.8040 -6.2670  1.0140 

O  4.3240 -7.5450 -0.3070 

P  4.7280 -7.6260  1.2390 

O  6.0090 -8.3560  1.3800 

O  3.5920 -8.1640  2.0210 

O  4.9450 -6.0810  1.5920 

C  5.5820 -5.2270  0.6240 

H  4.8550 -4.8090 -0.0720 

H  6.3060 -5.8290  0.0750 

C  6.3060 -4.0950  1.3270 

H  7.0380 -3.6070  0.6840 

O  5.3130 -3.0990  1.5570 

C  5.0020 -2.9580  2.9280 

H  5.2720 -1.9610  3.2780 

N  3.5150 -2.9690  3.0100 

C  2.8190 -4.1380  2.9810 

H  3.3460 -5.0770  2.8980 

C  1.4640 -4.1480  3.0550 

H  0.9240 -5.0950  3.0300 

C  0.8110 -2.8780  3.1650 

N -0.5090 -2.8130  3.2420 

H -0.9300 -1.8980  3.3190 

H -1.0620 -3.6580  3.2240 

N  1.5060 -1.7330  3.1930 

C  2.8610 -1.7440  3.1170 

O  3.5360 -0.7080  3.1390 

C  6.8580 -4.4200  2.7150 

H  7.1640 -5.4600  2.8260 

C  5.6640 -4.1410  3.6270 

H  5.3440 -5.0690  4.1020 

H  5.9520 -3.4220  4.3940 

O  7.9330 -3.5620  3.0730 

P  8.3080 -3.3900  4.6190 

O  9.7730 -3.2280  4.7600 

O  7.7050 -4.4930  5.4010 

O  7.5750 -2.0130  4.9720 

C  7.5880 -0.9480  4.0040 

H  6.7540 -1.0370  3.3080 

H  8.5280 -1.0100  3.4550 

C  7.5090  0.3940  4.7070 

H  7.8150  1.2190  4.0640 

O  6.1200  0.6160  4.9370 

C  5.7850  0.5470  6.3080 

H  5.4170  1.5120  6.6580 

N  4.5890 -0.3360  6.3900 

C  4.7130 -1.6900  6.3610 

H  5.6910 -2.1400  6.2780 

C  3.6230 -2.4950  6.4350 

H  3.7430 -3.5780  6.4100 

C  2.3480 -1.8520  6.5450 

N  1.2420 -2.5750  6.6220 

H  0.3640 -2.0830  6.6980 

H  1.2910 -3.5840  6.6040 

N  2.2370 -0.5170  6.5730 

C  3.3400  0.2700  6.4970 

O  3.2770  1.5060  6.5190 

C  8.1460  0.4550  6.0950 

H  9.0050 -0.2070  6.2050 

C  7.0160 -0.0210  7.0070 

H  7.3020 -0.9590  7.4820 
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H  6.8260  0.7300  7.7740 

O  8.5120  1.7810  6.4530 

P  8.7140  2.1400  7.9990 

O  9.8040  3.1330  8.1400 

O  8.8740  0.8940  8.7810 

O  7.3120  2.8240  8.3520 

C  6.6960  3.6930  7.3840 

H  6.0740  3.1300  6.6890 

H  7.4920  4.1950  6.8340 

C  5.8430  4.7320  8.0870 

H  5.6060  5.5790  7.4430 

O  4.5890  4.0960  8.3170 

C  4.3590  3.8430  9.6880 

H  3.4950  4.4080 10.0390 

N  3.9100  2.4250  9.7700 

C  4.6630  1.2710  9.7560 

H  5.7380  1.3280  9.6750 

N  3.9540  0.1710  9.8450 

C  2.6400  0.6290  9.9240 

C  1.4260 -0.0960 10.0370 

O  1.2570 -1.3110 10.0930 

N  0.3190  0.7640 10.0870 

H -0.5860  0.3460 10.1680 

C  0.3790  2.1430 10.0340 

N -0.7910  2.7830 10.0970 

H -1.7090  2.3670 10.1670 

H -0.7570  3.7910 10.0500 

N  1.5190  2.8220  9.9280 

C  2.6030  2.0030  9.8790 

C  6.3230  5.1570  9.4750 

H  7.4070  5.1270  9.5860 

C  5.6880  4.1070 10.3870 

H  6.4710  3.5160 10.8620 

H  5.0930  4.6030 11.1540 

O  5.8390  6.4440  9.8330 

P  5.7920  6.8540 11.3790 

O  6.0900  8.2970 11.5200 

O  6.6540  5.9390 12.1610 

O  4.2550  6.5820 11.7320 

C  3.2460  6.9240 10.7640 

H  3.0730  6.1030 10.0680 

H  3.5950  7.7980 10.2150 

C  1.9460  7.2630 11.4670 

H  1.2560  7.8090 10.8230 

O  1.3050  6.0110 11.6970 

C  1.2680  5.6710 13.0680 

H  0.2370  5.6200 13.4180 

N  1.7380  4.2600 13.1500 

C  3.0640  3.9600 13.1210 

H  3.7940  4.7520 13.0380 

C  3.4930  2.6740 13.1950 

H  4.5600  2.4520 13.1700 

C  2.4860  1.6610 13.3050 

N  2.8330  0.3850 13.3820 

H  2.0940 -0.2990 13.4590 

H  3.8080  0.1200 13.3640 

N  1.1830  1.9680 13.3330 

C  0.7750  3.2600 13.2570 

O -0.4190  3.5820 13.2790 

C  2.0840  7.8880 12.8550 

H  2.9780  8.5010 12.9660 

C  2.1880  6.6660 13.7670 

H  3.1690  6.6490 14.2420 

H  1.4150  6.7170 14.5330 

O  0.9360  8.6450 13.2130 

P  0.6570  8.9490 14.7590 

O  0.0500 10.2920 14.9000 

O  1.8920  8.7160 15.5410 

O -0.4270  7.8260 15.1120 

C -1.4430  7.5100 14.1440 

H -1.1000  6.7450 13.4470 

H -1.6740  8.4230 13.5950 

C -2.6950  7.0200 14.8470 

H -3.5740  7.0560 14.2040 

O -2.4770  5.6300 15.0770 

C -2.3080  5.3330 16.4480 

H -3.1120  4.6860 16.7990 

N -1.0980  4.4680 16.5300 

C  0.2320  4.8270 16.5160 

H  0.5090  5.8680 16.4350 

N  1.0590  3.8140 16.6050 

C  0.2180  2.7050 16.6840 

C  0.5320  1.3260 16.7970 

O  1.6350  0.7900 16.8530 

N -0.6280  0.5400 16.8470 

H -0.5090 -0.4500 16.9290 

C -1.9210  1.0230 16.7940 

N -2.8910  0.1080 16.8570 

H -2.7780 -0.8930 16.9270 

H -3.8390  0.4520 16.8100 

N -2.2140  2.3170 16.6880 

C -1.1010  3.0940 16.6390 

C -2.9500  7.6070 16.2350 

H -2.5860  8.6290 16.3460 

C -2.1480  6.6790 17.1470 

H -1.3440  7.2410 17.6220 
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H -2.8040  6.2670 17.9140 

O -4.3240  7.5450 16.5930 

P -4.7280  7.6260 18.1390 

O -6.0090  8.3560 18.2800 

O -3.5920  8.1640 18.9210 

O -4.9450  6.0810 18.4920 

C -5.5820  5.2270 17.5240 

H -4.8550  4.8090 16.8280 

H -6.3060  5.8290 16.9750 

C -6.3060  4.0950 18.2270 

H -7.0380  3.6070 17.5840 

O -5.3130  3.0990 18.4570 

C -5.0020  2.9580 19.8280 

H -5.2720  1.9610 20.1780 

N -3.5150  2.9690 19.9100 

C -2.8190  4.1380 19.8810 

H -3.3460  5.0770 19.7980 

C -1.4640  4.1480 19.9550 

H -0.9240  5.0950 19.9300 

C -0.8110  2.8780 20.0650 

N  0.5090  2.8130 20.1420 

H  0.9300  1.8980 20.2190 

H  1.0620  3.6580 20.1240 

N -1.5060  1.7330 20.0930 

C -2.8610  1.7440 20.0170 

O -3.5360  0.7080 20.0390 

C -6.8580  4.4200 19.6150 

H -7.1640  5.4600 19.7260 

C -5.6640  4.1410 20.5270 

H -5.3440  5.0690 21.0020 

H -5.9520  3.4220 21.2940 

O -7.9330  3.5620 19.9730 

P -8.3080  3.3900 21.5190 

O -9.7730  3.2280 21.6600 

O -7.7050  4.4930 22.3010 

O -7.5750  2.0130 21.8720 

C -7.5880  0.9480 20.9040 

H -6.7540  1.0370 20.2080 

H -8.5280  1.0100 20.3550 

C -7.5090 -0.3940 21.6070 

H -7.8150 -1.2190 20.9640 

O -6.1200 -0.6160 21.8370 

C -5.7850 -0.5470 23.2080 

H -5.4170 -1.5120 23.5580 

N -4.5890  0.3360 23.2900 

C -4.7130  1.6900 23.2610 

H -5.6910  2.1400 23.1780 

C -3.6230  2.4950 23.3350 

H -3.7430  3.5780 23.3100 

C -2.3480  1.8520 23.4450 

N -1.2420  2.5750 23.5220 

H -0.3640  2.0830 23.5980 

H -1.2910  3.5840 23.5040 

N -2.2370  0.5170 23.4730 

C -3.3400 -0.2700 23.3970 

O -3.2770 -1.5060 23.4190 

C -8.1460 -0.4550 22.9950 

H -9.0050  0.2070 23.1050 

C -7.0160  0.0210 23.9070 

H -7.3020  0.9590 24.3820 

H -6.8260 -0.7300 24.6740 

O -8.5120 -1.7810 23.3530 

P -8.7140 -2.1400 24.8990 

O -9.8040 -3.1330 25.0400 

O -8.8740 -0.8940 25.6810 

O -7.3120 -2.8240 25.2520 

C -6.6960 -3.6930 24.2840 

H -6.0740 -3.1300 23.5890 

H -7.4920 -4.1950 23.7340 

C -5.8430 -4.7320 24.9870 

H -5.6060 -5.5790 24.3430 

O -4.5890 -4.0960 25.2170 

C -4.3590 -3.8430 26.5880 

H -3.4950 -4.4070 26.9380 

N -3.9100 -2.4250 26.6700 

C -4.8060 -1.4030 26.6410 

H -5.8620 -1.6150 26.5580 

C -4.3980 -0.1110 26.7150 

H -5.1320  0.6950 26.6900 

C -2.9880  0.1180 26.8250 

N -2.5180  1.3540 26.9020 

H -1.5180  1.4720 26.9780 

H -3.1500  2.1410 26.8840 

N -2.1140 -0.8960 26.8530 

C -2.5430 -2.1820 26.7770 

O -1.7660 -3.1440 26.7990 

C -6.3230 -5.1570 26.3750 

H -7.4070 -5.1270 26.4860 

C -5.6880 -4.1070 27.2870 

H -6.4710 -3.5160 27.7620 

H -5.0930 -4.6030 28.0540 

O -5.8390 -6.4440 26.7330 

H -6.1150 -6.7540 27.5990 

H  7.6200  2.9210 29.1350 

O  7.5750  2.0130 28.8280 

C  7.5880  0.9480 29.7960 
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H  6.7540  1.0370 30.4920 

H  8.5280  1.0100 30.3450 

C  7.5090 -0.3940 29.0930 

H  7.8150 -1.2190 29.7360 

O  6.1200 -0.6160 28.8630 

C  5.7850 -0.5470 27.4920 

H  5.4180 -1.5120 27.1410 

N  4.5890  0.3360 27.4100 

C  4.5200  1.7120 27.4240 

H  5.4240  2.2970 27.5050 

N  3.3000  2.1860 27.3350 

C  2.5060  1.0430 27.2560 

C  1.0970  0.9160 27.1430 

O  0.2460  1.7990 27.0870 

N  0.7070 -0.4300 27.0930 

H -0.2710 -0.6230 27.0110 

C  1.5660 -1.5100 27.1460 

N  0.9960 -2.7160 27.0830 

H  0.0090 -2.9190 27.0130 

H  1.6170 -3.5110 27.1300 

N  2.8880 -1.3900 27.2520 

C  3.2830 -0.0910 27.3010 

C  8.1460 -0.4550 27.7050 

H  9.0050  0.2070 27.5950 

C  7.0160  0.0210 26.7930 

H  7.3020  0.9590 26.3180 

H  6.8260 -0.7300 26.0260 

O  8.5120 -1.7810 27.3470 

P  8.7140 -2.1400 25.8010 

O  9.8040 -3.1330 25.6600 

O  8.8740 -0.8940 25.0190 

O  7.3120 -2.8240 25.4480 

C  6.6960 -3.6930 26.4160 

H  6.0740 -3.1300 27.1110 

H  7.4920 -4.1950 26.9660 

C  5.8430 -4.7320 25.7130 

H  5.6060 -5.5790 26.3570 

O  4.5890 -4.0960 25.4830 

C  4.3590 -3.8430 24.1120 

H  3.4950 -4.4080 23.7610 

N  3.9100 -2.4250 24.0300 

C  4.6630 -1.2710 24.0440 

H  5.7380 -1.3280 24.1250 

N  3.9540 -0.1710 23.9550 

C  2.6400 -0.6290 23.8760 

C  1.4260  0.0960 23.7630 

O  1.2570  1.3110 23.7070 

N  0.3190 -0.7640 23.7130 

H -0.5860 -0.3460 23.6320 

C  0.3790 -2.1430 23.7660 

N -0.7910 -2.7830 23.7030 

H -1.7090 -2.3670 23.6330 

H -0.7570 -3.7910 23.7500 

N  1.5190 -2.8220 23.8720 

C  2.6030 -2.0030 23.9210 

C  6.3230 -5.1570 24.3250 

H  7.4070 -5.1270 24.2140 

C  5.6880 -4.1070 23.4130 

H  6.4710 -3.5160 22.9380 

H  5.0930 -4.6030 22.6460 

O  5.8390 -6.4440 23.9670 

P  5.7920 -6.8540 22.4210 

O  6.0900 -8.2970 22.2800 

O  6.6540 -5.9390 21.6390 

O  4.2550 -6.5820 22.0680 

C  3.2460 -6.9240 23.0360 

H  3.0730 -6.1030 23.7320 

H  3.5950 -7.7980 23.5850 

C  1.9460 -7.2630 22.3330 

H  1.2560 -7.8090 22.9770 

O  1.3050 -6.0110 22.1030 

C  1.2680 -5.6710 20.7320 

H  0.2370 -5.6200 20.3800 

N  1.7380 -4.2600 20.6500 

C  3.0250 -3.7690 20.6640 

H  3.8610 -4.4480 20.7450 

N  3.0980 -2.4630 20.5750 

C  1.7660 -2.0610 20.4960 

C  1.2100 -0.7600 20.3830 

O  1.7870  0.3220 20.3270 

N -0.1910 -0.8060 20.3330 

H -0.6770  0.0640 20.2510 

C -0.9530 -1.9560 20.3860 

N -2.2750 -1.7870 20.3230 

H -2.7730 -0.9110 20.2530 

H -2.8390 -2.6230 20.3700 

N -0.4290 -3.1760 20.4920 

C  0.9280 -3.1500 20.5410 

C  2.0840 -7.8880 20.9450 

H  2.9780 -8.5010 20.8340 

C  2.1880 -6.6660 20.0330 

H  3.1690 -6.6490 19.5580 

H  1.4150 -6.7170 19.2670 

O  0.9360 -8.6450 20.5870 

P  0.6570 -8.9490 19.0410 

O  0.0500  -10.2920 18.9000 



144 

 

O  1.8920 -8.7160 18.2590 

O -0.4270 -7.8260 18.6880 

C -1.4430 -7.5100 19.6560 

H -1.1000 -6.7450 20.3530 

H -1.6740 -8.4230 20.2050 

C -2.6950 -7.0200 18.9530 

H -3.5740 -7.0560 19.5960 

O -2.4770 -5.6300 18.7230 

C -2.3080 -5.3330 17.3520 

H -3.1120 -4.6850 17.0020 

N -1.0980 -4.4680 17.2700 

C  0.1510 -5.0050 17.2990 

H  0.2760 -6.0740 17.3820 

C  1.2540 -4.2170 17.2250 

H  2.2470 -4.6650 17.2500 

C  1.0350 -2.8050 17.1150 

N  2.0660 -1.9770 17.0380 

H  1.8700 -0.9890 16.9620 

H  3.0100 -2.3360 17.0560 

N -0.1990 -2.2870 17.0870 

C -1.2890 -3.0930 17.1630 

O -2.4450 -2.6510 17.1410 

C -2.9500 -7.6070 17.5650 

H -2.5860 -8.6290 17.4540 

C -2.1480 -6.6790 16.6530 

H -1.3440 -7.2410 16.1780 

H -2.8040 -6.2670 15.8860 

O -4.3240 -7.5450 17.2070 

P -4.7280 -7.6260 15.6610 

O -6.0090 -8.3560 15.5200 

O -3.5920 -8.1640 14.8790 

O -4.9450 -6.0810 15.3080 

C -5.5820 -5.2270 16.2760 

H -4.8550 -4.8090 16.9720 

H -6.3060 -5.8290 16.8250 

C -6.3060 -4.0950 15.5730 

H -7.0380 -3.6070 16.2160 

O -5.3130 -3.0990 15.3430 

C -5.0020 -2.9580 13.9720 

H -5.2720 -1.9620 13.6210 

N -3.5150 -2.9690 13.8900 

C -2.6500 -4.0420 13.9040 

H -3.0370 -5.0470 13.9850 

N -1.3850 -3.7080 13.8150 

C -1.4140 -2.3170 13.7360 

C -0.3490 -1.3860 13.6230 

O  0.8580 -1.6000 13.5670 

N -0.8250 -0.0680 13.5730 

H -0.1480  0.6630 13.4920 

C -2.1550  0.3010 13.6260 

N -2.4020  1.6120 13.5630 

H -1.7220  2.3560 13.4930 

H -3.3720  1.8910 13.6100 

N -3.1530 -0.5730 13.7320 

C -2.7090 -1.8560 13.7810 

C -6.8580 -4.4200 14.1850 

H -7.1640 -5.4600 14.0740 

C -5.6640 -4.1410 13.2730 

H -5.3440 -5.0690 12.7980 

H -5.9520 -3.4220 12.5060 

O -7.9330 -3.5620 13.8270 

P -8.3080 -3.3900 12.2810 

O -9.7730 -3.2280 12.1400 

O -7.7050 -4.4930 11.4990 

O -7.5750 -2.0130 11.9280 

C -7.5880 -0.9480 12.8960 

H -6.7540 -1.0370 13.5920 

H -8.5280 -1.0100 13.4450 

C -7.5090  0.3940 12.1930 

H -7.8150  1.2190 12.8360 

O -6.1200  0.6160 11.9630 

C -5.7850  0.5470 10.5920 

H -5.4170  1.5120 10.2420 

N -4.5890 -0.3360 10.5100 

C -4.7130 -1.6900 10.5390 

H -5.6910 -2.1400 10.6220 

C -3.6230 -2.4950 10.4650 

H -3.7430 -3.5780 10.4900 

C -2.3480 -1.8520 10.3550 

N -1.2420 -2.5750 10.2780 

H -0.3640 -2.0830 10.2020 

H -1.2910 -3.5840 10.2960 

N -2.2370 -0.5170 10.3270 

C -3.3400  0.2700 10.4030 

O -3.2770  1.5060 10.3810 

C -8.1460  0.4550 10.8050 

H -9.0050 -0.2070 10.6950 

C -7.0160 -0.0210  9.8930 

H -7.3020 -0.9590  9.4180 

H -6.8260  0.7300  9.1260 

O -8.5120  1.7810 10.4470 

P -8.7140  2.1400  8.9010 

O -9.8040  3.1330  8.7600 

O -8.8740  0.8940  8.1190 

O -7.3120  2.8240  8.5480 

C -6.6960  3.6930  9.5160 
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H -6.0740  3.1300 10.2110 

H -7.4920  4.1950 10.0660 

C -5.8430  4.7320  8.8130 

H -5.6060  5.5790  9.4570 

O -4.5890  4.0960  8.5830 

C -4.3590  3.8430  7.2120 

H -3.4950  4.4080  6.8610 

N -3.9100  2.4250  7.1300 

C -4.6630  1.2710  7.1440 

H -5.7380  1.3280  7.2250 

N -3.9540  0.1710  7.0550 

C -2.6400  0.6290  6.9760 

C -1.4260 -0.0960  6.8630 

O -1.2570 -1.3110  6.8070 

N -0.3190  0.7640  6.8130 

H  0.5860  0.3460  6.7320 

C -0.3790  2.1430  6.8660 

N  0.7910  2.7830  6.8030 

H  1.7090  2.3670  6.7330 

H  0.7570  3.7910  6.8500 

N -1.5190  2.8220  6.9720 

C -2.6030  2.0030  7.0210 

C -6.3230  5.1570  7.4250 

H -7.4070  5.1270  7.3140 

C -5.6880  4.1070  6.5130 

H -6.4710  3.5160  6.0380 

H -5.0930  4.6030  5.7460 

O -5.8390  6.4440  7.0670 

P -5.7920  6.8540  5.5210 

O -6.0900  8.2970  5.3800 

O -6.6540  5.9390  4.7390 

O -4.2550  6.5820  5.1680 

C -3.2460  6.9240  6.1360 

H -3.0730  6.1030  6.8320 

H -3.5950  7.7980  6.6850 

C -1.9460  7.2630  5.4330 

H -1.2560  7.8090  6.0770 

O -1.3050  6.0110  5.2030 

C -1.2680  5.6710  3.8320 

H -0.2370  5.6200  3.4800 

N -1.7380  4.2600  3.7500 

C -3.0250  3.7690  3.7640 

H -3.8610  4.4480  3.8450 

N -3.0980  2.4630  3.6750 

C -1.7660  2.0610  3.5960 

C -1.2100  0.7600  3.4830 

O -1.7870 -0.3220  3.4270 

N  0.1910  0.8060  3.4330 

H  0.6770 -0.0640  3.3510 

C  0.9530  1.9560  3.4860 

N  2.2750  1.7870  3.4230 

H  2.7730  0.9110  3.3530 

H  2.8390  2.6230  3.4700 

N  0.4290  3.1760  3.5920 

C -0.9280  3.1500  3.6410 

C -2.0840  7.8880  4.0450 

H -2.9780  8.5010  3.9340 

C -2.1880  6.6660  3.1330 

H -3.1690  6.6490  2.6580 

H -1.4150  6.7170  2.3670 

O -0.9360  8.6450  3.6870 

P -0.6570  8.9490  2.1410 

O -0.0500 10.2920  2.0000 

O -1.8920  8.7160  1.3590 

O  0.4270  7.8260  1.7880 

C  1.4430  7.5100  2.7560 

H  1.1000  6.7450  3.4530 

H  1.6740  8.4230  3.3050 

C  2.6950  7.0200  2.0530 

H  3.5740  7.0560  2.6960 

O  2.4770  5.6300  1.8230 

C  2.3080  5.3330  0.4520 

H  3.1120  4.6860  0.1010 

N  1.0980  4.4680  0.3700 

C -0.2320  4.8270  0.3840 

H -0.5090  5.8680  0.4650 

N -1.0590  3.8140  0.2950 

C -0.2180  2.7050  0.2160 

C -0.5320  1.3260  0.1030 

O -1.6350  0.7900  0.0470 

N  0.6280  0.5400  0.0530 

H  0.5090 -0.4500 -0.0290 

C  1.9210  1.0230  0.1060 

N  2.8910  0.1080  0.0430 

H  2.7780 -0.8930 -0.0270 

H  3.8390  0.4520  0.0900 

N  2.2140  2.3170  0.2120 

C  1.1010  3.0940  0.2610 

C  2.9500  7.6070  0.6650 

H  2.5860  8.6290  0.5540 

C  2.1480  6.6790 -0.2470 

H  1.3440  7.2410 -0.7220 

H  2.8040  6.2670 -1.0140 

O  4.3240  7.5450  0.3070 

H  4.5340  7.9030 -0.5590 

Na 5.2048 -8.0672  3.8233 
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Na 8.5147 -3.3530  7.3796 

Na 8.8594  2.2923 10.7596 

Na 5.8205  7.0616 14.1396 

Na 0.5576  9.1339 17.5196 

Na -4.9172  7.7179 20.8996 

Na -8.5147  3.3530 24.2796 

Na  -10.8572 -1.8907 26.5159 

Na 10.8572 -1.8907 24.1841 

Na 5.8205 -7.0616 19.6604 

Na 0.5576 -9.1339 16.2804 

Na -4.9172 -7.7179 12.9004 

Na -8.5147 -3.3530  9.5204 

Na -8.8594  2.2923  6.1404 

Na -5.8205  7.0616  2.7604 

Na -0.5305  9.5858 -0.4433 

 


