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A ML Framework for Genetic Sequence
Identification Using 2D Electrical Conductance
Probability Distributions from Mixed Data Sets

Yiren Wang “, Hongning Wang

Abstract—Genetic sequence identification from electrical char-
acterization of single molecules has emerged as a promising al-
ternative to traditional approaches. Since electrical data on single
molecules is extremely noisy due to the limitations of even state-of-
the-art approaches, achieving high detection rates is challenging,
particularly when the task involves being able to distinguish a
sequence from its single base-pair mismatches. To address this
issue, we propose an architecture based on combining a convo-
lutional neural network with an ensemble learning method, XG-
Boost. In addition, four different input feature representations
are considered, 1D conductance probability distributions and 2D
conductance versus distance probability distributions which can be
viewed as images, with or without averaging over the experimental
parameters. The with averaging case corresponds to feature matri-
ces derived from mixed datasets. We find that 2D probability distri-
butions are helpful with respect to classifier accuracy, but averaged
conductance probability distributions are much more impactful
and significantly enhance prediction accuracy. Our quantitative
analysis of multiple sequences shows an impressive performance
increase of approximately 10% for all sequences. While the basis
of our analysis is conductance data of DNA strands and their single
base-pair mismatches, our method is generally applicable to other
single-molecule identification based on their conductance.

Index Terms—Convolutional neural networks, decision
trees, DNA, ensemble learning, genetic mutations, probability
distribution.

I. INTRODUCTION

DNA sequence, a complex strand of nucleotides, is the
blueprint of every living organism, including viruses. In
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the past several decades, DNA sequencing techniques have
undergone significant development, leading to profound ad-
vancements in our understanding of the DNA molecule and its
applications in various disciplines, such as molecular biology,
genomics, evolutionary biology, virology, medicine, forensics,
medicine, and forensics [1], [2]. 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 [3]. The ability to accu-
rately identify mutations with single/few base-pair mismatches
holds particular significance in the context of viral testing, as
evidenced during the recent COVID-19 pandemic.

In recent years, several researchers have explored/proposed
single molecule all-electronic methods for DNA/RNA sequenc-
ing [4], [5], [6], [7], [8], [9] and chemical [10], [11], [12],
[13],[14], [15],[16], [17] 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 iden-
tification 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 which can produce highly accurate results
in near real-time [18], [19]. 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 [20], [21],
[22], [23], [24], [25], [26]. Of course, conductance probability
distributions derived from a corpus of data benefit from noise
averaging, resulting in more accurate descriptors of the under-
lying 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.

In this paper, 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 paper (published in reference [27]) was collected
using the single molecule break junction approach under a
range of experimental parameters: applied voltage bias, current
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amplifier sensitivity, distance between electrodes, and ramp rate
(explained in the Methods section). As a benchmarking step, we
first applied the XGBoost classifier to one-dimensional (1D) dis-
tributions without averaging [18], which yielded low accuracies
(83.96%). We then develop a new methodology involving two-
dimensional (2D) conductance distributions and an architecture
that integrates a convolutional neural network and an XGBoost
classifier. Additionally, we investigated averaged conductance
distributions, where the averaging is over the experimental pa-
rameters. Our primary research objective was to explore whether
these variations could utilize electronic fingerprints to detect se-
quences with a higher accuracy. Our secondary objectives were
to obtain insights into the number of experimental passes needed
to construct reliable conductance distributions and perform a
statistical analysis to determine the role of the applied voltage
in determining the accuracy of sequence identification. In the
Results section, the developed method is used to 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) twenty experimental passes are adequate to yield classi-
fiers which exceed 90% accuracy for six of the ten sequences
considered, but at least fifty passes are needed for four other
sequences, and (iv) data collected from experiments conducted
at lower voltage biases tend to produce better classifiers.

II. METHOD
A. Datasets

The dataset used contains several thousands of current traces
corresponding to ten unique 12 base-pair (bp) short DNA seg-
ments from one of three variants of the SARS-CoV-2 genome
[27], as detailed in Table S.I of Supplemental Material. These
variants are the Alpha variant B.1.1.7, Beta variant B.1.351,
and the Delta variant B.1.167 [28]. 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_ MM 1, Beta_MM 1,
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
Alpha_MM?2, Beta_MM?2, and Delta_MM?2 are hypothetical
sequences that could produce the same virus protein as the PM
sequences [27]. Table S.I of Supplemental Material shows the
exact mutation locations for these sequences. Detailed rationale
and conductance data can be found in [27].

The current traces are sensitive to the choice of experi-
mental parameters such as the applied voltage bias, ramp rate
(i.e., the rate at which the two electrical contacts are sepa-
rated), and the sensitivity of the current amplifier used to mea-
sure conductance. The voltage bias was chosen from the set
{0.03, 0.05, 0.10, 0.15, 0.20, 0.30} V, the ramp rate applied
was from the set {3, 5, 10, 20} V/s, and the current amplifier
sensitivity is either 10 nA/V or 1 nA/V (better resolution). As
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Fig. 1. The sequence of pre-processing steps (shown within red boxes) for
converting raw current traces to conductance traces.

shown in Table S.I of Supplemental Material, this results in a
total of 39 experimental datasets of conductance traces for the
ten COVID-19 sequences. We will discuss the impact of voltage
bias on classifier accuracy in detail later.

B. Pre-Processing Procedure

A series of pre-processing steps were carried out to convert
the experimentally obtained ‘raw’ current traces to suitable con-
ductance traces, which are then used to derive the conductance
histograms for training our ML models. Fig. 1 summarizes
the pre-processing steps. Fig. 2(a) shows a DNA between the
two electrodes, where the applied bias drives the current flow,
the ramp rate determines how fast the distance between the
electrodes increases, and the preamplifier can also be varied
in the experiments. The recorded current values are the outputs
of a preamplifier, which depends on the selection of a current
amplifier of either 1 nA/V or 10 nA/V sensitivity [27]. Since an
amplifier of 1 nA/V sensitivity has a noise floor of 1 pA and an
upper limit of 10 nA, we first clipped all current traces recorded
with such an amplifier to the range [1 pA — 10 nA]. Similarly,
since a 10 nA/V amplifier has a noise floor of 10 pA and an
upper limit of 100 nA, we clipped all current traces recorded
with such an amplifier to the range [10 pA — 100 nA].

Next, we fit an exponential regression model, y =a -
e "% b > 0, to each high/low clipped current trace and used the
R? statistic from the fit to accept/reject the trace. Since molecular
binding between the tip and the substrate (see Fig. 2(a)) on
every run of the experimental procedure is not guaranteed,
it is possible for “spurious” current/conductance traces to be
recorded, which need to be filtered out. Since these spurious
traces are predominantly exponentially decaying (in contrast,
traces with molecular binding exhibit plateaus), we adopted an
R? test to eliminate such traces (invalid data). Specifically, if the
computed R? statistic is greater than some chosen threshold,
B, we reject the trace as ‘invalid’ (experiment conducted with
no molecular binding); otherwise, the trace is accepted (see
Fig. 2(b) for comparison). We chose a threshold of 8 = 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 ? 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 8 = 0.95. There were two
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Fig. 2. (a) Schematic of the experimental method. (b) A comparison between
two conductance versus distance traces, a valid trace (blue) vs. an invalid trace
(red). (c) 1D conductance histogram and (d) 2D conductance histogram of valid
trace.

exceptions: E7 corresponding to Alpha_MM?2 (42% accepted)
and E13 corresponding to Alpha_PM (20% accepted).

For the Beta variant, other than E25, E26, and E27 (cor-
responding to Beta_PM), 56-86% of the current traces were
accepted at 8 = 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 5 = 0.95.

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 con-
ductance traces using the equation below:

Conductance (Gy) = Current (1)
‘/bias
where C'urrent is the measured current in nA and Vp;.s iS
the bias voltage in Volts. The unit Gy in the above equation
is the conductance quantum and is defined as follows: Gy =
% = 7.748 - 107° S, where ¢ is the elementary charge and h is
Planck’s constant. For our datasets, the conductance values turn
out to be in the range [10~75 — 10715 Go.
The conductance versus time, g(t), traces obtained after the
previous step are then recalibrated to conductance versus dis-
tance, g(d), traces using the eq. below:

d = 4-t- Ramp Rate 2)

where d is the inter-electrode distance in nm (see Fig. 2(a)) and
t =10~* s, corresponding to a sampling frequency of 10 kHz.
The factor ‘4’ in (2) accounts for the fact that the velocity of the
top electrode is proportional to the piezo displacement, which
is 4 nm/V.

C. Histogram Construction

The conductance vs. distance traces are then sampled to
compute 2D and 1D histograms (viewed as probability distri-
butions), which are used to train/test the classifiers. Fig. 2(a)
shows a schematic of the experimental setup and the parameters
(bias, ramp rate, current amplifier sensitivity). Fig. 2(c) and (d)
show the 1D and 2D histograms constructed from a single valid
conductance trace. 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) would be preferable to
reduce the experimental burden, conductance histograms con-
structed from individual or very few current traces are extremely
noisy, yielding poor classification accuracy.

Our experiments suggest that a reasonable compromise be-
tween experimental burden and accuracy is provided by choos-
ing a baseline value of I = 30. In this paper, we have exper-
imented with two different sampling methods for the conduc-
tance traces, resulting in either a conductance histogram or an
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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: El, E2, E3,
E4, and ES5. These labels correspond to different choices of
experimental parameters (voltage bias, current amplifier sen-
sitivity, and ramp rate) for the same sequence (see Table S.I
of Supplemental Material). When constructing a histogram for
Alpha_MM1 from H conductance traces, we have two choices:
(1) sample all H traces from a particular combination of exper-
imental 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 (prop-
erly 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 sec-
ond sampling approach represents an average (unconditional)
probability distribution, averaged over all combinations of ex-
perimental parameters. We refer to such a histogram as an
average conductance histogram/probability distribution.

Irrespective of the method used to sample H conductance
traces, we can construct either a 1D histogram or a 2D histogram.
Since most of the inter-electrode distances are less than 0.4 nm,
we divide the range of distance values, [0 — 0.4] nm, into a
number of distance bins, denoted by Ny s—Distance- Similarly,
the range of conductance values is divided into a number of
conductance bins, denoted by Ny;,s. A set of H randomly
sampled conductance vs. inter-electrode distance traces is then
binned along both the distance (z) axis and the conductance
(y) axis, yielding a 2D conductance vs. distance histogram. By
summing over the distance axis, we can marginalize the 2D
histogram, yielding a 1D conductance histogram. Please refer to
Fig. S1, S2, S3 and S4, S5, S6 of Supplemental Material 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.

D. Machine Learning Architecture

Following the procedure outlined in the previous section, we
constructed 1000 1D and 2D histograms for each sequence, 70%
of which are used for classifier training and validation, while the
rest (30%) are used for testing.

We chose the XGBoost classifier model when the input
representations are 1D histograms and a convolutional neural
network (CNN) paired to an XGBoost classifier when the input
representations are 2D histograms. It is important to note that
the CNN and the XGBoost classifier were not trained jointly. In
fact, the CNN model was trained along with a fully connected

Batch Normalization
Max Pooling

v I

FC (28800-64-32-n) XGBoost

Fig.3. The sequence of components in the stacked CNN and XGBoost model.
FC stands for fully connected layer and n denotes the number of target classes.

classifier, as is the norm. However, since ensemble classifiers
are, in general, better suited to data that are noisy and exhibit
high variance, we reckoned an ensemble classifier, operating on
the features extracted by the CNN, might perform better than
a single fully connected classifier. As discussed in the Results
section, such an approach indeed results in an enhancement of
classification accuracy by an average of 5%.

Fig. 3 shows the architecture of our stacked CNN feature
extractor and XGBoost model. We reiterate that the inputs to
the XGBoost model are the outputs of the flattening layer from
a CNN model trained with a fully connected classifier. For our
simulations, we used the Tensorflow implementation of CNN
with a learning rate based on the Adam optimizer [29] and a
categorical cross-entropy loss function. All codes/data used for
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TABLE I
SUMMARY CLASSIFICATION ACCURACIES OF FOUR DIFFERENT INPUT DATA REPRESENTATIONS, ML ALGORITHMS

Average accuracy

Histogram Average
Approach . . . conductance ML algorithm _
pp dimensionality histoeram? & H = 30 H=10
gram: (baseline)

Al [18] 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%

generating the results in this paper are available as a Python
package [30].

III. RESULTS AND DISCUSSIONS

We present results from four different input data represen-
tations, 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 I 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 base-
line classifier as one which is characterized by the following
parameters: (i) prefiltering with R? < 3 = 0.95, (ii) histograms
from H = 30 current traces, and (iii) number of conductance
bins Npins = 600 (for both 1D and 2D histograms) and number
of distance bins Ny;ns— 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 I. In
general, the performance of the classifier depends on the choice
of the parameters 5, H, and Np;,s, of which the sample size
parameter H has the most pronounced effect.

A. Performance of Baseline Classifier

In this section, we discuss the performance of the baseline
classifier by comparing in detail the differences between ap-
proaches Al (worst performing) and A4 (best performing) indi-
cated in Table I. 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 Al vs. A2 and approaches A3 vs. A4,
shown in Table 1.

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.

Fig. 4 shows the confusion matrices for the Alpha, Beta, and
Delta baseline classifiers; panels (a,b,c) correspond to Approach
A1 [18], while panels (d,e,f) correspond to Approach A4. Please
refer to Fig. S8 of Supplemental Material for the confusion
matrices of all four approaches. Comparing Fig. 4(a) and (d), we
see that 1D histograms work reasonably well (= 90% accuracy)
for distinguishing the Alpha_MM?2 class, but there is major
confusion between the Alpha_ MM 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_MM?2 and 13-15% for the Alpha_MMI1 and Alpha_PM
classes. The case for the Beta classifier is rather interesting.
Comparing Fig. 4(b) and (e), we can see that although 1D
histograms can distinguish the Beta_PM class perfectly, the ac-
curacy 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 Fig. S2 of Supplemental
Material. 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_MMI1 and Beta_MM3 classes are concerned (roughly
15% confusion between these two classes). Finally, comparing
Fig. 4(c) and (f), we observe that 2D average histograms provide
an average accuracy boost of approximately 4-10% for the Delta
classes.

B. 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
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Fig. 4. Confusion matrices for baseline classifiers: (a), (b), (c) for approach Al (d), (e), () for approach A4. The differences between these two approaches are

summarized in Table 1.

traces will tend to be ‘averaged out’ as H increases, revealing
the underlying true probability distribution. From a ‘usability’
perspective, the value of H =1 is ideal since it implies that
a sequence determination can be made at run time after every
experiment. However, the state-of-the-art experimentation cur-
rently precludes operating at an ideal value of H.

Fig. 5 shows the overall classification accuracy for all four
approaches indicated in Table I with respect to the sample
size H, while keeping 8 = 0.95, Npins—Distance = 10, and
Npins = 600. A similar plot over an extended range of H,
H € [10100], appears in Fig. S9 of Supplemental Material. The
reason why we study all four approaches in this section is that
Fig. 5 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 Fig. 5, we observe that for the Alpha
variant, approach A4 is better than A2, which is significantly
better (about 10%) than A3 and A 1. This suggests that averaged
histograms are more impactful in the case of Alpha variants,
particularly for the Alpha PM and Alpha_MMI1 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 be-
come 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.

From the bottom row in Fig. 5, 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 signif-
icantly different than the Alpha and Delta variants. From the
middle row in Fig. 5, 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 Al and A2 which utilize 1D his-
tograms. This phenomenon is similar to what we observed for
the Alpha sequences. For Beta_ MM?2, 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_MM?2, 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 pre-
ceding discussion. While we embarked on this analysis with
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Fig. 5.

Performance analysis of baseline classifiers with respect to H for the four approaches indicated in Table I. (a) Alpha sequences, (b) Beta sequences, and

(c) Delta sequences. The same color scheme has been used to distinguish between the four approaches.

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_ MM?2
sequence. Our investigations suggest that while averaged con-
ductance 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/distance
indexed conductance distribution, but not all, is not understood
at this point and is subject to further theoretical investigation.

C. 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 param-
eter, H. In this section, we explore how the experimental param-
eter, 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 S.I of Supplemental Material
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
S.I of Supplemental Material based on these two parameters.
Subsequently, we combined datasets which pertain to the same
sequence and applied bias.

For example, for the Alpha variant, the filtered datasets are E3,
E4, ES, 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 U E18,
E17, E21, E22, E23 U E24, and E27, where U denotes the set
union. Following an identical procedure, we end up with eight
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TABLE II
CLASSIFIER ACCURACIES FOR ALPHA, BETA, AND DELTA VARIANTS AS A FUNCTION OF APPLIED BIAS

Dataset Accuracy Dataset Accuracy Dataset Accuracy
Voltage Bias 0.10 vV 0.15V 020V
MMI1 E3 99.47 % E4 86.30 % ES 74.92 %
v‘:'rli’:l‘st MM2 ES8 99.62 % E9 99.24 %
PM El4 99.78 % El5 37.10 %
Mean accuracy 99.62 % 97.77 % 56.01 %
Voltage Bias 0.05V 0.10V
MMI1 E17 99.30% EI6UEI8  90.41 %
Beta MM2 E21 84.12 %
variant MM3 E22 99.88% E23UE24  92.61 %
PM E27 97.89 %
Mean accuracy 99.59 % 91.26 %
Voltage Bias 003V 0.10V 020V
MM1 E51 UES2 9545% E53UES5S4  89.83%
Vlzfll;z . MM2 ES5 99.92% E56 UES7  90.41 % ES8 99.99 %
PM E59 UE60  98.89 % Eol 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.

datasets for the Delta variant, ES1 U E52, E53 U E54, E55, E56
U E57, ES8, E59 U E60, E61, and E62.

Next, we generated histograms using approach A3 (2D non-
averaged histograms, see Table I) 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 unigue combination
of the tuple (sequence, voltage bias). These histograms described
in the previous paragraph are then used to train and test indepen-
dent 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 II 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
Fig. S10, S11, and S12 of Supplemental Material. Results for
classifiers trained on histograms with H = 30 are shown in Table
S.IT of Supplemental Material.

A general observation from Table II 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.
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 ES (Alpha_MM1)
and E15 (Alpha_PM) at a bias of 0.20 V, it approaches al-
most 100% for the Delta variant sequences E58 (Delta_MM?2)
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 5 of Supplemen-
tal material (see Fig. S13 in particular).

The preceding discussion regarding the contradictory behav-
ior 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.

IV. CONCLUSION

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 measure-
ments 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 paper, we propose a methodology based on multiple
machine learning techniques and two different methods for
data representation to identify DNA strands with high accuracy.
Accompanying the developed method is the release of a soft-
ware package that can be used for a wide range of molecular
conductance data [30].

Experimentally, the distance between the metal electrodes is
varied, and conductance is measured as a function of time. As
a result of the intrinsically noisy nature of the experiments, the
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conductance values are not completely reproducible if experi-
ments 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 distribu-
tion, which depends on both the conductance value and inter-
electrode separation. We studied the accuracy of detection both
with pure datasets (no averaging over experimental parameters)
and mixed datasets that involved averaging the conductance
distribution over experimental parameters. In conjunction with
2D distributions, we have proposed an architecture consisting
of a convolutional neural network paired with an XGBoost
classifier. Our work shows that (i) averaged (mixed data) distri-
butions have a significant impact on classifier accuracy, boosting
it by as much as 21%, (ii) 2D conductance distributions are
beneficial for some sequences, and (iii) the backend XGBoost
classifier whose input is feature maps from a convolutional
neural network provides better accuracy than a fully connected
layer 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 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 paper should be of use
in analyzing arbitrary single-molecule conductance data.
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