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Abstract

For single-molecule electrical junction conductance measurements the data analysis
can be a key challenge because of the large datasets and large stochastic variation in
junction conformation from one junction formation cycle to the next. Here, a data
sorting algorithm was used to analyze the most dominant conductance groups for four
molecular systems. The algorithm was applied to data sorting of molecular junctions
repetitively formed during STM current-distance (/-s) retraction traces. The data was
recorded using the STM /(s) technique to form molecular junctions, which avoids direct
contact between the gold STM tip and gold substrate. The algorithm has been employed
to identify different dominant conductance features for two saturated molecular bridges
and two conjugated molecular bridges. The former molecular targets featured
thiolmethyl and isothiocyanate anchoring groups on each respective end of the
polymethylene molecular bridge, while the conjugated molecular wires featured thiol
anchoring groups. In each case the sorting algorithm is able to identify two main

junction conductance groups related to differing molecular junction configurations.
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This algorithm is demonstrated to effectively sort and rationalize complex molecular
junction formation datasets, where junction formation probably can be relatively low,
and thereby shows potential to quantify hidden features in single-molecule charge
transport data.
Introduction

Characterizing, quantifying and understanding electron transfer through molecular
junctions is a key challenge in molecular electronics [1-4]. Single molecule
measurements based on repetitive junction formation and breaking cycles contains a
plethora of physical and chemical information, which could be categorized and further
analyzed as mathematic datasets. Investigating such datasets with hand-selection
methods can be very challenging, especially if knowledge about the data is limited and
a priori assumptions about expected data characteristics are to be avoided [5].

From the experimental point of view, the most commonly used approaches for
molecular conductance measurements rely on repetitively building stable
metaljmolecule/metal junctions by collecting the current-distance profiles during
junction formation, typically with either scanning tunneling microscope (STM) based
techniques [6,7], mechanically controlled break junction methods (MCBJ) [8], or
conductive probe atomic force microscopy (C-AFM) [9]. Large numbers of the
resulting traces are then collected together and analyzed to then provide insight into the
junction electrical characteristics.

In cases where junction formation probabilities are high, and particularly with
“simpler” molecular wires which employ effective contacting groups, conductance
features can be generally readily recognized in histograms which include all junction
formation cycles. However, this is not always the case, as junction formation
probabilities (JFPs) can be low and there can be a large dispersion in junction
configurations, particularly for more complex systems. Junction formation probabilities
can also be method dependent. For example, the STM-BJ in which the STM tip is
crashed into the substrate at the start of every junction formation cycle can show much

higher JFPs in a range of 70-95% [10] than “non-contact” methods, such as the /(s)



method which avoids tip-to-substrate contact. The differing JFPs of the STM-BJ and
I(s) methods arise from different ways in which junction formation is achieved. The
STM-BJ method forms and cleaves an Au-Au contact before forming the Au-molecule-
Au junction. On the other hand, in the /(s) technique the STM tip is approached to the
substrate at constant bias voltage to reach a pre-determined set point tunnelling current
Io, which is set to below the current which would result in tip-to-substrate contact. The
STM tip is then pulled away from the substrate, while the tunnelling current (/) is
recorded as a function of the tip/substrate distance (s). The accumulated /-s traces then
provide a gateway to determining the molecular conductance (G), the junction break-
off distance and also the decay constant (f) if a homologous series of molecules is
measured [7,11-12].

The typically low JFPs of the STM-/(s) technique have meant that this technique
has typically relied on data sorting or selection procedures, particularly to remove the
current-distance traces which are “blank” traces in which there is no junction formation.
Such traces display an exponential current decay or are excessively noisy, for example
as a result of poorly contacted molecular wires. Early on in the technique’s innovation
such “filtering” was achieved through laborious hand-selection, although it was
recognized that this could introduce user bias and limit the size of the datasets [13].
This conventional data analysis relied on manual data selection through the recognition
of traces containing plateaus. The selected current-distance traces were then used to
construct conductance histograms, with the most probable conductance value(s) being
obtained from the position of the conductance peak [14]. Such procedures require prior
signal shape identification, and it is therefore difficult to completely avoid assumptions
about the expected outcome when the signal shape presents more variability. In addition,
some data features may remain unnoticed leading to loss of information [15].

In an attempt to ameliorate the influence of these issues in data-analysis,
unsupervised data-analysis algorithms have been proposed, which involve computer
processing and sorting of the current-distance or current-voltage data. These have used

a number of automatic data analysis methods and algorithms to filter, sort and display



the electrical data for large molecular junction datasets [5,15-21]. An early strategy to
achieve this was proposed by Jang et al. [22], in a method that they called a “last-step
analysis” (LSA). They applied this analysis to the conductance behavior of series of
thiol-terminated alkanes with the STM-BJ technique. In their last step analysis method,
only the final rapid drop of a conductance trace was used to plot the conductance
histogram. This procedure does not require any manual data preselection making the
results less subjective. As discussed in the preceding text compared to the STM-BJ,
data processing for STM-/(s) technique can be even more difficult because of the lower
junction formation probabilities. Here, Albrecht’s group have reported a specific
algorithm for the unsupervised data processing of large I(s) datasets [13]. In this
algorithm, each /(s) trace is divided into many bins with a selected bin width (BW).
Each bin will have a value for the number of plateaus-determining bin counts. Using a
sorting algorithm that recognizes plateau containing traces from the bin counts, the
traces containing plateau (molecular) features can be separated from both exponential
traces and those primarily related to the experimental noise. Their sorting algorithm and
program offered a robust method to identify the appropriate plateau feature contained
traces associated with the most probable junction configuration

Machine learning and artificial intelligence techniques have also been applied to
recognize and classify features within single-molecule break junction datasets
[16,21,23-26]. Machine learning based approaches are well suited for the analysis of
large experimental datasets without prior knowledge and can help to significantly
reduce the bias [27]. For instance, Lauritzen et al. [26] reported a data analysis method
that using recurrent neural networks (RNNs) trained on the traces of minimal cross-
sectional area, which could be deemed as a proxy for conductance in molecular
dynamics simulations. Based on this powerful technique, they separate two sets of
conductance traces. The machine learning approaches are capable of representing and
analyzing multiple aspects of measured data, but are ideally used in conjunction with
large amounts of data and training.

In 2018, our group also reported an efficient data sorting algorithm which was



specifically developed for the STM-/(s) measurement data with minimal training and
computing overhead [17]. The automatic data analysis process focuses on the removal
of traces where proper molecule junction formation does not occur. The remaining
traces pertaining to effective junction formation are then displayed using a conductance
mapping process which makes it possible to analyse the statistical diversity in the
dataset and recognize groups and sub-groups in the data. This captures the statistical
complexity of the molecular system in a straightforward way, enabling analysis of the
effects of molecular structure, contacts, environment and other physical parameters.
This algorithm has been validated through measurements of the model Au/1,8-
octanedithiol/Au system [12]. In this work, we expand the application scope of this data
sorting algorithm to four more complex molecular junction systems. The sorting
algorithm is evaluated against 4 different molecules, presenting differences in
conjugation (saturated versus m-conjugated molecular bridges), contacting groups
(thioanisole, thiomethyl and isothiocyanate used), length (biphenyl and terphenyl
bridges used) and targets presenting different anchoring groups at either terminus. This
diversity of molecular junctions helps us to ascertain the effectiveness of the sorting
algorithm across a diverse range of molecular targets. Our experimental results show
that this algorithm deals well with the variability of conductance dispersions across

large datasets and offers new insights into the studied molecular junctions.

Experimental

In this research, four different molecules were investigated in gold-gold electrode
junctions, which are chain-like 6-(methylthio) hexyl isothiocyanate (6MHI) and 8-
(methylthio) octyl isothiocyanate (8MOI), and bi- and ter-phenyl compounds
terminated symmetrically by thiol groups, including biphenyl-4,4’-dithiol (DBDT) and
p-terphenyl-4,4”’-dithiol (TBDT). The respective molecular structures are shown in
Figure 1a. In the measurements, | mM solutions of the target molecule in mesitylene
(99%) were prepared for each case. All these used molecules are commercially obtained.

Conductance measurements were performed using the previously reported STM-I(s)



method [7] in ambient conditions. The conductance measurements were performed with
300 mV bias voltage for 6 MHI and 8MOI molecular systems, and 100 mV bias voltage
for DBDT and TBDT molecular systems. The schematic illustration of a single
molecular junction with Au/Au contacts is shown in Figure 1b. All analytes and

solvents were obtained from commercial sources.
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Figure 1: (a) Molecular formula of measured molecules: 6-(methylthio) hexyl isothiocyanate (6MHI), 8-
(methylthio) octyl isothiocyanate (8MOI), biphenyl-4,4’-dithiol (DBDT) and p-terphenyl-4,4”’-dithiol
(TBDT); (b) A schematic illustration of a single molecular junction formed by STM-I(s) technique; (c) A

characteristic /(s) trace showing a plateau for Au/DBDT/Au.

All the data processing used the MATLAB algorithm reported by our group in
2018. [17] The I(s) traces recorded with the STM instrumentation can be exported into
a single ASCII document, which contains distance and current signals in n rows, as

illustrated in Figure 2a. For each target molecule, over 30000 I(s) traces were measured



and collected. This algorithm firstly removes noisy I(s) traces. Figure 2b shows typical
I(s) traces. The green lines feature plateau containing traces, which is a sign of the
formation of a molecular junction. In such traces, following the plateau the tunneling
current decays to zero with increasing tip-substrate distance as the molecular bridge is
broken.[28] The blue lines show a simple current decay with no molecular junction
being formed. The red lines in Figure 2b represent three types of noisy traces, which
can be filtered out by the X-filter, Y-filter, and peak-filter algorithm respectively, as
previously described. The X-filter algorithm removes current traces which does not
smoothly decay to zero during junction cleavage or where noise features appear in the
low current range. The Y-filter algorithm removes I(s) traces which exhibit an
oscillating or excessively noisy signal at the beginning of the current decay, which may
arise from poorly contacted molecules, contaminated tips or multiple interacting
molecules in the junction. The peak-filter algorithm helps to remove the undesired noisy
traces, for example with excessive instability and associated noise in the plateau region,

which would otherwise contribute to a deleteriously broad peak in the 1D conductance

histogram.
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Figure 2: (a) Data structure of /(s) data; (b) Green: plateau featuring /(s) traces; blue: decay traces without

molecular junction formation, red: noisy traces which would be removed by X-filter, Y-filter and Peak-

filter algorithms, respectively.



A conductance mapping algorithm was then applied to the experimental data. The
conductance mapping process is used to obtain the most dominant conductance values
for a given molecular target. To illustrate how this conductance mapping operates data
from Au/ 6MHI /Au molecular junction formation is used as an example. For each
single I(s) trace the Y-axis (current axis) is simply divided into many steps (bins). As
we discussed in the previous work, the bin numbers do not rely on the subjective
choices of the operator, but are based on a trial and error scheme [17]. The counts of
the data points are different in each bin, and the plateau region will always have a larger
bin count than adjacent bins that do not lie in the plateau region. Thus, the maximum
number of bin counts can be regarded as a criterion to separate the pure decay curve from the
plateau featuring curves. During the selection process, only two parameters need to be set, one
is the bin width (how many steps to divide the Y axis of current signal), while the other one is
the bin count number (how many data points fall in this bin width). An appropriate setting is
achieved after obtaining optimised 1D and 2D histograms. Notably, the software can list and
try many possible bin width and bin count combinations in a very short time. For further
explanations of the algorithm see reference [17]. As illustrated in Figure 3a, it seems that
the plateaus are distributed in a few different groups. The conductance map is then
divided into three regions based on the plateau counts and these are color coded red,

green and blue in Figure 3b.
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Figure 3: Data automatically generated by the algorithm for Au|6MHI|JAu molecular junction formation.
(a) Current mapping grouped for Au|6MHI|Au in five plateau mean value regions to get insights in the
most dominant peak; (b) Current mapping for Au|6MHI|Au with color-coded grouping into three count
ranges based on the plateau counts; (c) Current mapping for Au| 6MHI|Au of the ideal plateau region ,

four refined groups which are color coded represent the most dominant conductance peak and sub-
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groups; (d) 1D current histogram plotted with /(s) traces from the group 1 (yellow in Figure 3c; (e) 1D
current histogram plotted by /(s) traces from the group 2 (purple) in Figure 3c; (f) 1D current histogram
plotted with /(s) traces from the group 3 (black) in Figure 3c; (g) 1D current histogram plotted with /(s)

traces from the group 4 (orange) in Figure 3c. After determining the dominant current groups in (d)-(g),

the peak conductance can be determined from G = —

As shown in Figure 3b, count range 1 (red) represents very small count values as
occurs, for example in the steep decay region of the I-s curve with no plateau features.
Count range 2 in Figure 3b (green) reflects the 1(s) curves with short plateau or small
noisy peaks, while group 3 (blue) is related to the plateau region with plateau curves of
sufficient extension. Based on the conductance mapping function, optimized plateau
distribution mapping was obtained next. As shown in Figure 3c, for Au|6MHI|Au
molecular junction, there are four separable plateau distribution regions, which are
distinguished by different colors. These are referred to as different “conductance

groups”.

This algorithm then plotted a 1D current histogram for each conductance region
(group) automatically, as shown in Figure 3d-g. Figure 3d corresponds to group 1
(yellow) in Figure 3c. Figure 3e corresponds to group 2 (purple) in Figure 3c. Figure
3f corresponds to group 3 (black) in Figure 3c, and Figure 3e corresponds to group 4
(orange) in Figure 3c. The region (group) having the most data points is considered as
the most probable (dominant) conductance group, while the other regions would be
considered as the sub-group. In this measurement, group 1 contains 1021 I(s) curves,
group 2 contains 1401 I(s) curves, group 3 contains 126 I(s) curves, and group 4
contains 28 I(s) curves. The Au/6MHI/Au molecular junction group 2 (purple) in

Figure 3c was the dominant conductance group.

To analyze further the molecular junctions, an estimated total break-off distance
Stotar CaN be calculated using equation 1. S;,,; 1S usually compared to the length of the
fully extended molecular junction, typically obtained by molecular modelling. If a

comparable value is obtained between the theoretical molecular length and
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experimental S;,:; value, this indicates a molecule successfully bridging the gap
between the two gold electrodes.
Stotat = So +AS (1)

In this equation, AS represents the distance retracted by the STM tip from the set
point current distance to the junction break-off point, after which the plateau decays
smoothly to zero current as shown in Figure 1c¢ (where the two dotted lines intersect).
The experimental AS can be calculated for each molecular system using a statistical
analysis. While S, is the distance between the STM tip and substrate at a predetermined

set point current (I,).[30] S, can be calculated by the following equation:[30]

In(Gox~Bi2s)
So = ain) 2)
ds

Where G, = 77400 nS, Vbias is the applied voltage between tip and substrate. %SU)
can be obtained as the slope of In(l) versus distance (I(s) traces are selected from those

where no molecule is linked between electrodes). For each of molecular system, we

calculated 30 %S(D values to further obtain their average value. Here, the S, data were

recorded as 0.38 nm for Au[DBDT|Au, 0.41 nm for Au[TDBD|Au, 0.34nm for
Au|6MHI|Au isothiocyanate, and 0.36 nm for Au|8MOI|Au molecular junctions.

Computational

In order to better characterize the molecular junctions considered in this work, we
have performed electronic structure calculations using Density Functional Theory
(DFT) and electronic transport calculations using a non-equilibrium Green’s function
(NEGF) formalism within the Fisher-Lee approach.[14] DFT calculations have been
performed using the very efficient localized-orbital basis set code Fireball.[14] A basis
sets of sp®d® numerical orbitals for Au, sp® for N, C and S, and s for H have been used
to determine the atomic configuration and the electronic properties of the junctions. The
corresponding cut-off radii (in atomic units) are s = 4.6, p =5.2, d = 4.1 (Au), s =4.2,
p=42(N),s=45p=45(C),s=3.1p=39(S), and s =4.1 (H). Following a

previously developed procedure,[12] we have used gold electrodes of 35 atoms. This
11



code uses the local density approximation (LDA) through the McWeda formalism[36].

All the junctions have been optimized using DFT until the forces went below 0.05 eV/A.

Results and discussion

For Aul6MHI|Au molecular system, we replotted the 1D conductance histogram
with the I(s) traces from the dominant region as shown in Figure 4a, where the peak
position indicates a conductance value is 6.6 nS. Figure 4b shows the distribution of AS
values for all the measurements, the average experimental break off value is found to
be 0.6 + 0.3nm, where the error bar was calculated as the full width at half maximum
(FWHM) of the peak fitting in Figure 4b, the relative S;,:,; could be obtained as 0.94 +
0.3 nm which agrees well with the molecular size.

To provide further insight into the experimental results, a conductance histogram
has been plotted for group 1 of Au|6MHI|Au, which is the region containing the second
highest plateau data count, as shown in Figure 4c. The conductance value from this
group 1 of Au|6MHIJAu molecular junctions is 3.2 nS. The ideal molecular length for
6MHI (from sulfur atom to sulfur atom) is 1.12 nm, the relative break-off distance is
found to be 0.65 nm, which gives an S;,:,; Value of 0.99 nm. This result agrees well to
the molecular junction length of 1.01 nm (estimated using ChemBio3D Ultra 20.0)
when the isothiocyanate group tilts on the gold electrode and the relative molecular
junction length was calculated from one side gold electrode atom to another side N
atom. We notice that similar S;,:; is recorded for group 1 and group 2. This suggests
that the different conductance value recorded between these two different groups might
result from different surface binding geometries with similar overall junction lengths.

We subsequently plotted the conductance histogram obtained from group 3. There
are only 126 valid I(s) curves contained in that region. Compared to group 1 and 2, the
data volume of group 3 is dramatically reduced. The 1D conductance histogram of
group 3 is shown in Figure 4e, with the peak position giving the higher conductance
value of 13.3 nS. The break-off distance calculation reveals more details of the

molecular junctions accounting for group 3. As shown in Figure 4f, the average
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experimental break off value obtained from group 3 is 0.39 nm, giving an S;,;4; 0f 0.73
nm. Importantly, this S;,;4; Value is considerably smaller than the 6MHI molecular
length. If the 6MHI molecular bridge is tilted between the gold contacts at the point of
junction cleavage then the break-off distance would be decreased. In addition, in this
kind of configuration electrons could tunnel through the molecular junction without
having to tunnel through the whole molecular backbone, thereby “short-circuiting”
through bond transport which could effectively reduce the junction resistance. These
experimental findings support the fact that higher conductance of the molecular

junction could be driven by the tilted bridging molecules in the contact gap.
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Figure 4: (a) 1D conductance histogram of Au|6MHI|Au (group 2, the dominant region); (b) Break off
distance histogram for the molecular junctions, where the inset is the gaussian peak fitting; (c) 1D
conductance histogram of Au|6MHI| Au (group 1); (d) Break off distance histograms; (e) 1D conductance

histogram of Au|6MHI|Au (group 3); (f) Break off distance histograms.

The mapping results of Au|8MOI|Au molecular junctions, automatically generated by

the algorithm, are shown in Figure 5a and b. There are four distinct conductance groups
14



as shown in Figure 5b, where region 1 (red) is the dominant one. The 1D conductance
histogram is shown in Figure 5c, where the peak position lies at a conductance value of
2.2 nS. Figure 5d shows the distribution of AS for all the measurements, the average
experimental break off value is 0.33 + 0.2nm, and the relative S;,;4; 1S 0.74 + 0.2nm.
The measured break-off distance is smaller than the theoretical molecular size of SMOI.
This result indicates an unexpected tilt of the bridging molecules between the STM tip
and substrate at the average junction breaking length. Such a tilting of the bridging

molecule could lead to a higher measured conductance value.
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molecular junctions grouped into few regions after removing the noisy /(s) traces. (b) Conductance
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conductance peak and sub-groups, where group (1) red is the most possible conductance region. (c) The
1D conductance histogram plotted by the /(s) traces that came from group 1 in Figure 5b; (d) Break off

distance histogram, where the inset is the gaussian peak fitting.
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We further compared this asymmetric Au|CH3;S — (CH;), — NCS]Au molecular
junction to the previous reported symmetric Au|SCN — (CH,),, — NCS|Au junction
[31]. Conductance values have been reported as 15.5 nS (2 x 10~*G, ) for Au|NCS —
(CH,)¢ — NCS|Au, and 2.6 nS (0.34 x 10~*G,) for Au|SCN — (CH,)g — NCS|Au.
This comparison shows that the asymmetric anchoring groups of the Au|CH3;S —
(CH;), — NCS|Au molecular junction lead to a lower conductance than for the
symmetric analogue, Au|SCN — (CH,),, — NCS|Au. It is worth noting that it has been
previously found for asymmetric anchoring group systems, that while the conductance
decreases with the molecular length, the attenuation with length is slower than the
Au|NCS — (CH;),, — NCS|Au [31]. This conductivity decreases due to the asymmetry
of the molecular junction had been reported in our previous research [12] which has
been rationalized by the breaking of junction symmetry, the variation of
electrode|molecule coupling and the energy level alignment.

The mapping results of Au|DBDT|Au and Au|TBDTJAu junctions automatically
generated by the algorithm are shown in Figure 6. For the Au|DBDT|Au junction, there
are four main distinct conductance groups, where the group 1 (in Figure 6b) represents
the dominant conductance group. The rough conductance behavior of AuTBDT|Au
junctions is shown in Figure 6c. There are four refined conductance groups in Figure

6d, where group 2 is the dominant conductance group.
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Figure 6: Data automatically generated by the algorithm: (a) Conductance mapping for Au|DBDT|Au
molecular junctions with color-coded grouping into three main regions based on the plateau counts. (b)
Conductance mapping of the ideal plateau region, four refined regions were grouped to examine the
most dominant conductance peak and sub-groups, where group 1 is the dominant conductance group.
(c) Conductance mapping for Au|TBDT|Au molecular junctions with color-coded grouping into three
main regions based on the plateau counts. (d) Conductance mapping of the ideal plateau regions, four
refined regions were grouped to examine the most dominant conductance peak and sub-groups, where
group 2 is the dominant group.

The dominant 1D conductance histogram of Au|DBDT|Au, is shown in Figure 7a,
and this is plotted from the I(s) traces from group 2 in Figure 6b, where the conductance
is recorded as 118 nS following a gaussian peak fitting. Figure 7b shows the distribution
of AS for all the measurements, the peak position is 0.87 + 0.4nm, so the relative
Stotar 1S Obtained as 1.25 + 0.4nm, which agrees well with an ideal molecular junction
length of 1.29 nm (estimated using ChemBio3D Ultra 20.0). This result proves the
bridged DBDT molecule is successfully linked between two gold electrodes, while the

Au-S bonds are formed on each side.
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Figure 7: (a) 1D conductance histogram of Au|DBDT|Au; (b) Break-off distance histograms for the
molecular junctions, where the inset is the Gauss peak fitting; (c) 1D conductance histogram of
Au|TBDT|Au; (d) Break-off distance histograms, where the inset is the Gauss peak fitting.

The dominant 1D conductance histogram of Au[TBDT|Au, as shown in Figure 7c,
which is plotted from the I(s) traces from group 2 in Figure 6d, where the conductance
was recorded as 32 nS after a gaussian peak fitting. Figure 7d shows the distribution of
AS from this measurement, where the peak position is 0.64 + 0.25 nm, so the relative
Stotar COUld be obtained as 1.05 + 0.3 nm. This measured break-off distance is smaller
than the molecular size of TBDT, and it is smaller than the break-off distance of the
Au|DBDT|Au system. This result indicates an unexpected tilt of TDBT bridging

between the STM tip and substrate. In addition, we found that, the conductance values
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(118 nS and 32 nS) of Au|DBDT|Au and Au|TDBT|Au junctions obtained using the
MATLAB algorithm agree within acceptable limits with the manual selected
conductance values (126 nS and 23 nS) we reported in previous research [14]
suggesting reliable attributes of this data selection algorithm.

The specific conductance values of Au/6MHI/Au, Au/8MOI/Au, Au/DBDT/Au
and Au/TBDT/Au are listed in Table 1. By comparing the electrical properties of
molecular bridges containing saturated polymethylene chains with the oligo-phenyl
bridged molecular junctions, it is clear that the conductances of oligo-phenyl based
molecular junctions are significantly greater than polymethylene backbone molecular
junctions even when they have similar molecular length. This finding is completely in
line with the expectations that the conjugated backbones have greatly enhanced

electrical conductance compared to the non-conjugated bridges.

Table 1: The conductance values and break-off distances of Au/6MHI/Au,

Au/8MOI/Au, Au/DBDT/Au and Au/TBDT/Au systems based on unsupervised data

analysis.
Molecule Ideal Dominant Sw(nm) Experimental
molecular conductance break-off
junction length (nS) distance (nm)
6MHI 1.12 6.6 0.60 + 0.3 0.94+0.3
8MOI 1.36 22 0.38+0.2 0.74 + 0.2
DBDT 1.29 118 087+ 0.4 1.25+04
TBDT 1.69 32 0.64 £ 0.3 1.05+0.3

In order to analyze the influence of a variety of plausible atomic configurations in
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the studied molecular junctions, we have performed electronic structure calculations
using Density Functional Theory (DFT) and electronic transport calculations using a
non-equilibrium Green’s function (NEGF) formalism within the Fisher-Lee approach
[32,33]. DFT calculations have been performed using the very efficient localized-
orbital basis set code Fireball [34,35]. This code uses the local density approximation
(LDA) through the McWeda formalism [36]. First, we have considered different
possible TBDT molecular junction configurations, including molecular junctions with
two TBDT molecules. The corresponding atomic configurations are represented in

Figure 8a for the representative configurations used in the modelling.

a) b)

0.1

— AWTBDT /Au

0.001 | — AwTBDT /AU

— AW2TBDT JAu
AW2TBDT /Au

of

0.0001

BE V)

Figure 8: (a) DFT-optimized possible atomic configurations of several TBDT-based molecular junctions.
From left to right, (i) standard TBDT junction with both thiol groups deprotonated (i.e. Au-S bonds), (ii)
TBDT junction with one connection through a deprotonated thiol and the other connection retaining the
H atom on the thiol, (iii) one TBDT molecule with a neighboring one connected through a sulfur bridge
and finally (iv) one TBDT molecule with a neighboring TBDT connected to the same electrode. (b)

Corresponding electronic transmissions.

From left to right, we have (i) a standard TBDT molecular junction with connection
of the TBDT to the gold electrodes through sulfur atoms forming Au-S chemisorption
bonds, (ii) the same junction but with one thiol retaining its hydrogen atom while the
other is deprotonated, (iii) one molecule connected to the gold electrode with a
neighboring molecule connected to the sulfur atom forming a disulfide bridge, and

finally (iv) one molecule connected but with a neighboring molecule connected
20



alongside it as illustrated. The sulfur-sulfur binding configuration (disulfide bond
between neighboring molecules) was proposed in a previous study, which suggested
that disulfide-mediated dimerization of BDT contributes to an experimentally observed
low conductance feature.[37] In the present work, the main objective of these
calculations is to show that several different configurations may lead to similar
conductance measurements. In addition, complex configurations are likely to occur
experimentally when an STM tip penetrates a dense TBDT self-assembled monolayer,
since opportunities exist to pick up multiple molecules from such dense molecule arrays.
After having optimizing the geometry of these configurations, the corresponding
electronic transmissions were calculated. The results are presented in Figure 8b in
electronic transmission plots of T(E) versus E-Er. As can be observed, although the
transmission curves are all highly different it is still possible to get very similar
transmission values, at the Fermi level, for very different junction configurations.
Namely, the black and green transmission practically coincide around the Fermi energy.
The black curve corresponds to the standard deprotonated thiol configuration while the
green curve corresponds to the arrangement with a neighboring molecule connected to
one electrode besides the main molecular bridge. These two strikingly different
configurations present roughly the same conductance, of 20.6 and 24.6 nS, respectively.
We think there are two possible explanations for this similarity in the conductance: first,
the overall configuration is a bit different and the atomic positions are slightly different
due to the close presence of the non-bridging TBDT. Second, due to the proximity of
this second molecule, the electrostatics of the first molecule is slightly modified, as the
result of a close molecular dipole for example. In any case, we only presented here a
possible configuration, which could lead to different conductance plateaus, as observed
experimentally, but this configuration might not be realistic. On another hand, the
junction involving two molecules and a sulfur bridge presents a very high conductance,
234 nS, while the junction involving the connection through a thiol group presents a
very low conductance of 7.9 nS. These results give further insight into the experimental

configuration by affirming the different junction configuration can produce markedly
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different conductance groups, which justifies the multiple groups observed after the
data sorting algorithm, but it also shows that care is needed since it is also possible for
different configurations to having coinciding conductance. These findings show the
importance that both a data sorting analysis complemented with theoretical
computations are needed to gain insight into the influence of different configurations

on junction electrical properties.
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Figure 9: (a) From left to right, DFT-optimized atomic configurations of DBDT, 8MOI and 6MHI molecular

junctions; (b) Corresponding electronic transmissions.

In the same manner, we have also analyzed DBDT, 6MHI and 8MOI molecular
junctions. The corresponding DFT-optimized atomic configurations are represented in
Figure 9a. As already observed experimentally, the 6MHI and 8MOI containing
junctions exhibit much lower conductance than their TBDT counterpart despite similar
lengths, with conductance value of 8.5 and 0.75 nS, respectively. By comparing the
conductance behavior of these two groups of molecular junction systems, we found that
increased extent of conjugation can lead to much higher conductance. As expected, the
DBDT molecular junction presents a higher conductance, of 130 nS, than the TDBT

junctions, due to the longer molecular length of the latter.

Conclusion

In this study, the conductance of four molecular junctions with Au|Au contacts has
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been investigated using STM-I(s) technique. A fully automated MATLAB data sorting
algorithm was used to analyze the most dominant conductance groups for Aul6MHI|Au,
Au|8MOI|Au, Au|DBDT|Au and Au|TBDT|Au systems. Summarizing the experimental
results detailed above, the following general observations can be made. For each
molecular system studied the sorting algorithm is able to distinguish multiple
conductance groups and highlight the dominant one. The data sorting algorithm
provides conductance values which are consistent with literature and expectations, with
the dominant conductance group of the conjugated molecular bridges showing
significantly higher conductance than the similar length non-conjugated molecular
bridges. Analysis of the junction breaking distances of separate groups can give insights
into possible conformational differences between different conductance groups, as
shown in particular for the example of Au|6MHI|Au junctions. It is additionally noted
that the measured break-off distance values of Aul8BMOI|Au and Au[TBDT|Au are
shorter than their respective molecular length, which indicates a possible tilted

configuration of the bridging molecules at the point of junction breaking.
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