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Abstract: The scanning tunneling microscope-based break-junction (STM-BJ) technique is the 

most common method used to study electronic properties of single molecule junctions. It relies on 

repeatedly forming and rupturing an Au contact in an environment of the target molecules. The 

probability of junction formation is typically very large (~70-95%) prompting questions relating 

to how the nanoscale structure of the Au electrode before the metal point-contact ruptures alters 

junction formation. Here analyze conductance traces measured with the STM-BJ setup by 

combining correlation analysis and multiple machine-learning tools, including gradient boosted 

trees and neural networks. We show that two key features describing the Au-Au contact prior to 

rupture determine the extent of the contact relaxation (the snapback) and the probability of junction 

formation. Importantly, our data indicates strongly that molecular junctions are formed prior to the 

rupture of the Au-Au contact, explaining the high probability of junction formation observed in 

room-temperature solution measurements.  
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The scanning tunneling microscope-based break-junction (STM-BJ) technique has proven 

to be a unique and versatile tool for investigating the physio-chemical properties of single metal-

molecule-metal junctions.1-2 STM-BJ technique can robustly construct and characterize single 

molecular junctions of with molecules ranging from organic, inorganic and bio-molecules.3-8 It is 

also versatile in that it can be used to measure electronic, mechanical, thermoelectric and 

photoconducting properties of the junctions.9-14 In STM-BJ experiments, the impact that the 

nanoscale electrode structure and its evolution and relaxation upon elongation and rupture play on 

the molecular junction formation is not well studied or well understood.15-17 Recently, machine 

learning-assisted analyses have demonstrated the ability to analyze break-junction data to gain 

insights into molecular junction properties.18-22 Here we employ machine learning techniques, 

from simple correlation analysis to deep neural networks, to comprehensively analyze this 

problem, and show that we can learn more about the underlying factors that make STM-BJ 

measurement method robust, reliable and reproducible.  

 In the STM-BJ method, metal-molecule-metal junctions are repeatedly formed and 

elongated until they break, while the current across the junction is continuously measured under 

an applied bias voltage, producing a conductance versus distance trace. At the start of such a trace, 

the metal electrodes are in contact, resulting in a high conductance, and as the STM tip is pulled 

away, the conductance drops in steps until a value close to 1 G0, where G0 = 2e2/h is the 

conductance quantum. This indicates the formation of a single atomic Au-Au contact, which 

breaks upon further elongation. Following its rupture, a single-molecule junction conductance 

plateau is often observed indicating that a molecule bridges the gap between the electrodes.1-2 The 

average molecular plateau length is related to the molecular backbone length, however the plateau 

length varies significantly from trace to trace and can depend on the molecular configuration within 

the junction15. It could also be related to the junction formation probability which can depend on 

the linker groups23-24. This average plateau length, however, is not equal to the length of the 

molecular junction. The difference is often attributed to the fact that Au electrodes reorganize and 

relax when point-contact ruptures opening up a gap, known as the “snapback” distance, and this is 

used to account for the difference between the molecular junction length and the plateau length.25 

Usually, this snapback distance is reported as a single value23, 25-27. Here, we show that the 

snapback distance is affected by the structure of the Au contact formed prior to the formation of 

the molecular junction which is altered by the solvent, and thus depends on the experimental 
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conditions. Importantly, we also show that for individual traces, the measured snapback is not 

strongly correlated with the plateau length of a molecular junction, indicating that the plateau 

length is much less sensitive to the contact formation history. 

 

Figure 1. Sample piezo ramp (upper panel) and conductance versus time trace (lower panel) for a 
push-pull trace measured in 1,2,4-trichlorobenzene (TCB) at an applied bias of 100 mV and pulling 
rate of 15 nm/s. T1 indicates the time when the highest conductance (Gmax) is observed; T2 is the 
time when the initial Au contact ruptures. Lpull indicates the distance pulled after the contact breaks 
and Lpush indicates the distance pushed before the contact is reformed. 
 

To probe the structure of the Au contact and determine snapback distances, we modified 

the standard STM-BJ measurement. The Au contact is initially pulled apart, then pushed back to 

remake contact, and finally pulled apart again. A sample “pull-push”26, 28 conductance trace with 

the accompanying voltage ramp applied to the piezoelectric transducer that controls the substrate 

motion relative to the tip is shown in Figure 1 plotted against time. These measurements are made 

in a solvent, 1,2,4-trichlorobenzene (TCB), on a Au-coated substrate. As indicated in Figure 1, the 

time at which the Au-Au contact has the highest conductance (Gmax) is designated as T1 and occurs 

before a single atomic contact forms. This single-atom Au-Au contact breaks at time T2, and this 

corresponds to the time when a large conductance drop is seen just below 1 G0. The displacement 

at T2 is denoted as Lbreak. Beyond T2, conductance drops to the instrument noise floor (~ 10-5 G0) 

if there is no molecule and remains at this level through the end of the pulling phase (light blue 
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shaded region in Figure 1 designated Lpull) and into the beginning of the pushing phase of the 

measurement. On pushing the electrodes further together (dark blue shaded region in Figure 1 

designated Lpush), a contact is formed again. We use a conductance threshold of 0.05 G0 to indicate 

contact formation (although other thresholds up to 1 G0 do not alter our findings). We see that the 

time required to reform a Au-Au contact while pushing is greater than the time the electrodes are 

pulled apart after breaking the contact (i.e. Lpush > Lpull). This is due to the snapback reflecting that 

the Au electrodes reorganize and relax after the contact is broken. The snapback is defined as Lpush 

− Lpull. For our analysis, we also consider three additional features related to the Au-Au contact 

evolution: the slope of the conductance versus distance trace for the Au region (mAu), which is 

determined by doing a linear regression on the region between T1 and T2; the length of the plateau 

around 1 G0 (L1) and length of the plateau around 2 G0 (L2). If the measurements are done in a 

solution of molecules, after T2, instead of dropping into noise floor, a molecular conductance 

plateau is observed (see SI Figure S1 for a sample trace). The length of this plateau in a trace is 

the distance between the first and last point in the trace that is within the molecular conductance 

region as determined from a one-dimensional conductance histogram. These five parameters, Gmax, 

L1, L2, Lbreak and mAu describe evolution of the Au contact which we use to analysis the relation 

between snapback, molecular plateau length and the Au contact formation history. 

 

Figure 2. Two-dimensional (2D) correlation histograms constructed from 24,880 selected push-
pull traces of 4,4''-diamino-p-terphenyl 0.1 mM in TCB solution. Black dashed lines are contour 
lines of 2D Gaussian fits. Snapback versus (a) Gmax with a Pearson correlation coefficient of 0.412; 
(b) Lbreak with a Pearson correlation coefficient is 0.679 and (c) Molecular plateau length with a 
Pearson correlation coefficient is -0.265. See SI Figure S4e-h for histograms of raw data. 
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 To demonstrate the correlation between these five parameters, two-dimensional correlation 

histograms are constructed from 24,880 measurements with 4,4”-diamino-p-terphenyl from a TCB 

solution. Figures 2a and 2b shows the correlation between snapback and Gmax and Lbreak, 

respectively. We see that snapback is positively correlated with both parameters though the 

correlation between snapback and Lbreak is much stronger. To rationalize this finding, we note that 

in addition to structural changes, the force required to elongate a contact also stretches the Au-Au 

bonds within the tip asperities and the single atomic contact.15 Like a spring, which will recoil 

more the more it is stretched, elongating the bonds over a larger distance (a larger Lbreak) will result 

in a larger relaxation upon rupture, resulting in a larger snapback. Moreover, a larger Gmax indicates 

that the contact cross-section has many more atoms, and such a thicker contact will require a longer 

elongation to break resulting in a larger snapback. Figure 2c shows the correlation plot between 

snapback and molecular plateau length and reveals they are very weakly and negatively correlated. 

Since a larger snapback results in a wider gap right after the rupture of Au-Au point contact, it is 

reasonable that larger snapback reduces the further displacement needed to break the molecular 

junction, and results in a shorter plateau length. The small magnitude of correlation, however, is 

surprising. It indicates that the Au contacts relax fully only after the rupture of Au-molecule-Au 

junction. This can be rationalized by considering that the molecule can provide a force necessary 

to hold the electrodes in a slightly stretched form preventing them from relaxing as illustrated in 

SI Figure S5. However, this requires the molecule to be bridging across the electrodes even before 

the Au-Au point contact breaks, otherwise the relaxation will occur before the molecular bridge 

forms. This picture is indeed consistent with molecular dynamic simulations.29-30  

 To fully understand the impact of the Au-Au contact evolution history on snapback and 

plateau length, we plot in Figure 3a, the absolute value of their correlations with the five measured 

parameters: we can see that snapback depends primarily on Gmax and Lbreak, and not strongly on L1, 

L2 and mAu. However, none of these parameters are strongly correlated with molecular junction 

plateau length, indicating the plateau length is not determined by the evolution of the Au contact 

prior to rupture. 
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Figure 3. Metrics characterizing the importance of different parameters in determining snapback 
(blue bars) and molecular plateau length (red bars), for measurements in a 0.1 mM solution of 
4,4''-diamino-p-terphenyl in TCB. The metrics are: (a) the magnitude of the correlation, (b) the 
total information entropy gain during the training of XGBoost models, (c) the permutation 
importance according to XGBoost models and (d) the mutual information coefficient (MIC). 
 

 The correlation analysis, however, only interprets the linear relations between these 

parameters. In order to confirm these findings and to see if there might be some nonlinear relations 

that could change the conclusion, we also apply a few other methods to characterize the importance 

of these five parameters on snapback and the molecular junction plateau length. The first method, 

gradient boosted trees (GBT)31-32 is a machine learning algorithm with high expressivity and 

generalizability. GBT can find non-linear relations between parameters and has been widely used 

for feature extraction and selection.33-35 For the analysis here, we use the XGBoost36 package, 

which is one of the most powerful and frequently used implementation of GBT. In a typical GBT 

model, many decision trees are constructed to determine the dependent variable (say snapback or 

plateau length) from the independent variables (Gmax, Lbreak, L1, L2 and mAu). Each decision tree is 

made of many if-then-else decision nodes and the path taken through these nodes determines the 

output of a tree. During the training process, these nodes are built recursively on the independent 

variables (a process known as splitting) to satisfy the maximization of information entropy gain 

after applying the corresponding if-then-else rules. 

 We show in Figure 3b the importance of each parameter in determining snapback or plateau 

length. This importance is evaluated as the average information entropy gain for a parameter over 

all the splitting done during the tree construction process. We see that Gmax and Lbreak are important 

parameters in predicting snapback and no parameter that describes the gold contact structure 

predicts the molecular plateau length. With this XGBoost model, we also measure the permutation 

importance of each feature, shown in Figure 3c. The permutation importance37-38 is a robust metric 
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against bias on a parameter distribution or model design; permutation importance of one parameter 

is defined as the performance drop of the model when we randomly shuffle the parameter to make 

it irrelevant. If the parameter is important, the model will perform worse without it. Here, we find 

that Lbreak is very helpful in determining the snapback while all other parameters are not critical.  

 In Figure 3d, we show the maximum information coefficients (MIC)39-41 between the 

parameters and snapback or plateau length using the minepy package.39 MIC measures the 

dependence between two parameters that are either linearly or non-linearly related; it reflects the 

noise level in the data regardless of what the actual underlying relation between the parameters is. 

Again, we can see that Lbreak has a high importance in determining the snapback, Gmax has some 

importance, but the other three are negligibly important. For the plateau length, however, none of 

the parameters are important. This confirms our earlier hypothesis that molecular junctions are 

formed prior to the rupture of the Au-Au contact. 

 

Figure 4. The most probable (a) Gmax, (b) Lbreak, and (c) snapback for 6 different solvents 
determined from Gaussian fits to histogram data, from pure solvent measurements; (d) The 
molecular plateau length for 4,4''-diamino-p-terphenyl solutions of 4 different solvents.  
Abbreviations for solvents used are as follows: PO = 1-phenyloctane, TD = tetradecane, TCB = 
1,2,4-trichlorobenzene, BN = 1-bromonaphthalene, IN = 1-iodonaphthalene, BA = 4-
bromoanisole. See SI Figure S2 and S4 for raw data. 
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To determine if our results are limited by the fact that we use just five manually-selected 

parameters, we try next to see if we can predict the snapback and plateau lengths by exploiting all 

the information on the Au contact evolution history, i.e. the trace through T2. For this, we build a 

convolutional neural network (CNN)-based deep learning model. Deep learning algorithms on 

conductance traces have been proven effective and to be able to extract information other than 

basic features like length and mean conductance.42-44 By constructing two models with the 

identical structure to predict the snapback and plateau length, we find that the correlation between 

prediction and the actual value is 73.1% for snapback, and only 32.4% for plateau length (see SI 

section 3 for details). This indicates that CNN algorithm also recognizes the weak correlation 

between the molecular junction plateau length and the Au contact evolution prior to junction 

formation. 

We now turn to measurements made in different solvents to understand how the 

environment affects the elongation and rupture of Au contacts. Figure 4a shows Gmax determined 

from a series of measurements in different solvents commonly used for STM-BJ measurements, 

all obtained from commercial sources (see Figure 4 caption for list). Figure 4b shows Lbreak for 

these same solvents and Figure 4c shows the measured snapback. From Figures 4a-c we see that 

Gmax, Lbreak and snapback follow the same trends. We find that solvents with a low snapback value, 

such as phenyloctane (PO) and tetradecane (TD), are those which interact weakly with Au 

electrodes, and solely through Van der Waals interactions. By contrast, solvents with high 

snapback values, such as 1-bromonaphthalene (BN), 1-iodonaphthalene (IN) and 4-bromoanisole 

(BA), interact more strongly with the soft Au atoms through their soft halide group. Solvent-Au 

binding energy calculations45 confirm this finding. Since these solvent molecules bind to 

undercoordinated Au atoms that are pulled out of the surface, they stabilize the newly-formed Au 

surface, and thus decrease the energy required to elongate the Au contact. This in turn allows for 

a longer Lbreak. Since we have shown above that Lbreak is positively correlated with the snapback 

distance, solvents that passivate undercoordinated Au atoms are likely to lead to a longer snapback. 

In Figure 4d we show the measured molecular plateau length of 4,4''-diamino-p-terphenyl solution 

in TD, TCB, BN and BA. We find the plateau lengths are similar across different solvents and do 

not follow the trend seen with the snapback, likely because the linker-Au interaction is much less 

affected by the solvent effect. Additionally, this is consistent with our finding that the plateau 

length is very weakly correlated to the Gmax, Lbreak and snapback. 
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Figure 5. (a) The importance of different features in determining the existence of molecular 
junction (green bars) for the TCB solution of 1,3-propanediamine, as the magnitude of correlation 
(upper) and the tree-splitting importance according of the XGBoost models (lower). (b) Illustration 
of the pathway for the rupture of a short (upper) and long (lower) 1G0 contact with a short molecule 
in parallel to the contact. A molecular junction remains only in the upper path with a short Au-Au 
contact. 
 

For long molecules like 4,4''-diamino-p-terphenyl, nearly every Au-contact that is ruptures 

forms a molecular junction, so we turn to 1,3-diaminopropane to see if the junction formation 

probability differs in shorter molecules. We repeat the modified break-junction measurement 

illustrated in Figure 1 in a solution of 1,3-diaminopropane in TCB and analyze our data. Figure 5a 

and 5b shows the correlation (absolute values) and tree-splitting importance (average information 

entropy gain of the XGBoost model) of junction formation probability versus Gmax, Lbreak, L1, L2 

and BAu. We can see that the junction formation probability is negatively correlated with the L1 

(the length of the 1G0 plateau), but is much less correlated with any other parameter. This indicates 

that junctions with smaller L1 have a higher chance of forming a molecular junction while those 

with a longer L1 are less likely to form a molecular junction. This is consistent with our earlier 

hypothesis that the molecules bind to the two electrodes in parallel to the gold point-contact. For 

junctions with short L1, a pre-existing molecular bridge is likely to survive after the Au point-

contact ruptures as illustrated in the upper pathway in Figure 5c. For junctions with longer L1, the 

molecular bridge is likely to rupture before the Au-Au point contacts ruptures as illustrated in the 

lower pathway in Figure 5b. Together, these findings confirm our hypothesis that molecular 

junctions form prior to the rupture of the metal-contact in STM-BJ measurements. 

In conclusion, through modified STM-BJ experiments we have shown that the relaxation 

of Au electrodes after breaking a point contact depends on the environment around the gold 
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electrode. We show that this snapback is mainly dependent on two parameters that describe the 

Au contact prior to rupture: Gmax (highest conductance) and Lbreak (displacement until rupture). We 

however find that the molecular plateau length is only weakly and negatively correlated to the 

snapback, and is nearly independent on the parameters describing the Au contact. We find that the 

molecular junction plateau length and the junction formation probability for short molecules is 

mostly independent on the Au contact structure prior to rupture but we do find that it is negatively 

correlated with the length of the 1-G0 plateau. These results indicate that the molecules are bound 

to the Au electrode before the Au point contact ruptures. A complete relaxation of the electrodes 

happens only after the molecular junction also ruptures. These findings provide key insights into 

the versatility of STM-BJ measurements to form and characterize molecular conductance 

signatures in a ranger of solvents and environments.  
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