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ABSTRACT: Artificial intelligence for science (Al4S) has
emerged as a new horizon in state-of-the-art scientific research, Molecular events
and single-molecule electronics could be considered an ideal o mm———— \
prototype in Al4S due to the opportunities in correlating high-
throughput and high-quality data with clear physical mechanisms. ®
Towards using artificial intelligence for single-molecule
electronics (AI4SME), the unsupervised extraction of low- B
probability events from the massive experimental data becomes
the key step, which has emerged for accurate detection of
different configurations and even structural changes in single- I
molecule junctions. However, the present algorithms suffer from Break junction measurement
the “uniform effect”, in which the majority events are erroneously allocated to minority ones, resulting in a relatively equal
spread of cluster sizes and hindering the investigations for charge transport mechanisms with subtle and complex
behaviors in single-molecule electronics. In this work, we propose a new multi-prototype clustering technique for precisely
discriminating molecular events during the break junction process, especially those occurring with a probability below 10%,
and further precisely extract the product species at the onset of the electric field-driven single-molecule keto-enol reaction
with a probability as low as 1.5%. Our work tackles the long-term bottleneck of uniform effect for the precise detection of
low-probability single-molecule events.
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1 Introduction

The emergence of artificial intelligence for science (AI4S) has
opened new horizons in scientific exploration of complex
challenges across catalyst discovery [1], drug screening [2], and
materials design [3], being increasingly integrated into scientific
discovery to accelerate research [4, 5]. In the realm of single-
molecule electronics, scientists selected only a few conductance
traces for each device due to the feasibility of experiments at the
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early stage [6], and later, the break junction (B]) method facilitated
the data acquisition efficiency and promoted the statistical analysis
on thousands of conductance traces, by emphasizing the molecular
signal without data selection [7-10]. However, many single-
molecule events with low-probability less than 10% during the
process, such as transient molecular configurations with short
lifetime [10—13], molecule-electrode connections with non-classic
bonding [14-16], and weak intramolecular interactions with short
plateau length and low junction formation probability (JFP) [10,
17-19], are often overlooked and obscured by the traditional
statistical analyses with large time and labor consuming. The
approach of artificial intelligence for single-molecule electronics
(AI4SME) offers the potential for effective extraction and precise
detection of low-probability events due to the capability of more
fine-grained data mining and pattern recognition.

Existing machine learning (ML) algorithms can be mainly
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categorized into supervised and unsupervised methods depending
on whether real data labeling is needed or not. For instance, Fu et
al. developed a supervised convolutional neural network (CNN)-
based model to identify molecular junction characteristics with
higher accuracy and robustness compared to non-deep learning
models [20]. Although great progress is achieved, the performance
of supervised learning relies heavily on the quality and quantity of
labeled data, which is a time-consuming and labor-intensive in
practice. In contrast, unsupervised machine learning algorithms
have shown advantages in discovering hidden patterns without
prior knowledge [21-25]. For instance, Liu et al. developed a hybrid
grid-based density-based spatial clustering of applications with
noise (DBSCAN) clustering algorithm to dissect the time-evolved
conductance behavior of single-molecule junctions, revealing
hidden patterns and dynamics [26]. New experimental phenomena,
such as the 0-o interactions between non-conjugated molecules
and the catalytic cycle of formate dehydrogenase, have been
discovered, benefiting the ability to identify these events [27, 28].
Although significant advancements are achieved, those prevailing
algorithms often overlook the intrinsic distributions of
experimental events, which often suffer from the “uniform effect”,
obscuring the low-probability data points [29-31]. Therefore, it is
of great significance to pursue more accurate algorithms to ensure
the true distributions of diverse molecular events, which enables us
to break through the long-term bottleneck for the AI4SME and
even AI4S.

(b)

In this study, we propose a multi-prototype clustering (MPC)
algorithm to detect low-probability single-molecule events in three
typical scenarios, including the quantification of junction formation
probability, recognition of low-probability stretching configuration
changes by in situ mechanical regulation and investigation of
structural changes by electric field-driven reaction. The results
demonstrate that our algorithm not only accurately distinguishes
the events between molecular junction and pure tunneling for the
evaluation of junction formation probability but also accurately
quantifies the events originating from molecular conformational
changes that occur with a probability of less than 10%. Moreover,
the MPC algorithm could extract the product species at the onset of
the electric field-driven single-molecule keto-enol reaction with
only 1.5% probability. The advance of the MPC algorithms
significantly promotes the quantitative evaluation of low-probability
single-molecule events, which demonstrates a new strategy in
AI4SME.

2 Results and discussion

2.1 The multi-prototype clustering algorithm

Low-probability events, such as configuration transformations, are
often obscured by traditional conductance-distance histogram
analysis and misattributed by existing clustering algorithms, as
illustrated by the green curves shown in Figs. 1(a) and 1(b). The
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Figure1 The current challenge in low-probability events detection and the overview of the MPC algorithm. (a) Low-probability events are obscured by traditional
statistical analysis. (b) Low-probability events are misattributed by existing clustering algorithms. (c) Schematic of the MPC algorithm, which mainly consists of the

splitting and the merging stages.
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challenge of misattribution mainly arises from the following
reasons. Firstly, the existing algorithms assume that clusters are
spherical and uniformly distributed, and they typically start with
one prototype per cluster for subsequent iterations. This
assumption can be problematic when the experimental datasets
have non-spherical shapes and varying distributions [32]. If the
initial prototypes are not representative of the actual cluster centers,
the algorithm may converge to a suboptimal solution that creates
clusters of similar size [33]. Secondly, the optimization often seeks
to minimize local within-cluster variance at each step, which tends
to produce clusters of similar sizes [30, 31]. These reasons make the
existing methods often fall into the pitfall of “uniform effect” by
allocating majority events to minority ones, as shown in Fig. 1(b),
which has been a long-term bottleneck for accurately identifying
low-probability event.

To resolve the uniform effect, we designed the MPC algorithm
that used multiple prototypes to represent one cluster, thereby
accommodating more complex data with clusters of varying shapes
and sizes [34]. We sought a global optimum by combining the
advantages of partitioning and hierarchical methods to accurately
uncover the minority molecular junction events within imbalanced
data distributions [35]. As shown in Fig. 1(c), there are two main
steps in the MPC algorithm. To better capture the shape and
distribution of each cluster, we first adopted a splitting strategy to
separate data into small sub-clusters and simplify the datasets by
generating sufficient prototypes. Subsequently, a hierarchical
clustering strategy was designed to merge the sub-clusters with high
similarity and generate the final clusters with different shapes
and sizes.

To enhance the differentiation of sample curves, specific
segments were delineated based on the conductance range of
interest and then subjected to min-max normalization. This will
also reduce the interference of noise points and outliers on distance
calculations. After such preprocessing, the MPC finely splits the
entire dataset by generating multiple prototypes. The majority class
generates more prototypes, while the minority class generates fewer
prototypes. This approach reveals latent minority patterns and
accurately models the data distribution. To autonomously
determine the optimal number of prototypes and to ensure their
representativeness, we adopted a strategy that combines competitive
learning with the gradual addition of prototypes. Competitive
learning is responsible for updating existing prototypes, where for
each sample, the nearest prototype serves as the winner and moves
closer to the sample to learn its patterns, while other prototypes are
penalized by moving away from the sample (Fig. 1(c)(I)) [36].
Prototype generation is determined by the size of the sub-clusters
and the distribution of their density peaks [37] (Fig. 1(c)(Il)). Larger
sub-clusters and those with more distant density peaks are more
likely to contain more prototypes. Prototype updating and
generation were alternately performed. When a prototype with zero
wins is encountered, the splitting phase ends [38]. Ultimately, each
prototype belongs to only one sub-cluster.

The splitting stage was designed to capture subtle data patterns
but with a potential risk of over-segmentation for larger sub-
clusters. To restore the true distribution of the data, sub-clusters
were merged appropriately according to their similarity. The
assessment of sub-cluster similarity is based on two pivotal
characteristics of break junction data traces: the conductance value
and the plateau shape (Fig. 1(c)(III)). Specifically, we employed the
envelopes of conductance histograms to perform a quantitative
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evaluation of the similarity in conductance features. This approach
transcends the most probable peak values by integrating the
distribution information of all samples within the sub-clusters, thus
facilitating a more comprehensive and robust assessment. For the
plateau shape similarity, we utilized the Euclidean distance between
prototypes, which proves to be remarkably effective in assessing the
similarity of time series signals [39]. The prototypes learned
through the process are much smoother than the original traces,
while also capturing the conductance variation patterns of the
subclusters. Using these prototypes to assess the similarity between
subclusters further reduces the interference from noise and outliers
within the subclusters. Then, we adopted a bottom-up hierarchical
agglomerative approach to merge sub-clusters based on the joint
similarity (Fig. 1(c)(IV)), preventing the minority classes from being
mixed with the majority classes again [40].

To evaluate the algorithm, we conducted systematic experiments
with many representative unsupervised algorithms on three typical
single-molecule event detection datasets with varying complexities,
including K-means (the most typical K-centers clustering
technique) [41], spectral clustering (SC, classic graph-based
algorithm) [22], multi-parameter vector-based classification
(MPVC) [42]. The first dataset comprises pure solvent tunneling
traces and molecular conductance traces, with various relative
proportions to simulate the JFP of single-molecule electrical
measurement. The second dataset contains conductance traces
from two molecular conformations with different occurrence
probabilities in addition to the conductance of pure tunneling. The
final dataset originated from the reaction equilibrium established by
voltage-driven keto-enol tautomerism. Together, these datasets
encompass a wide variety of distributions and conductance
characteristics, ranging from highly imbalanced to balanced
scenarios, with diverse conductance change behaviors. This
diversity ensures a comprehensive evaluation of our method across
different experimental conditions.

We assessed the clustering results by the adjusted Rand index
(ARI) metric, which is not dependent on the type of categorical
data or cluster size and is well-suited for the scenarios of
unsupervised learning [43, 44]. Since ARI computation requires
true labels, we implemented a rigorous manually annotation
process on the first two datasets involving multiple annotators and
cross-validation to minimize human bias.

2.2 Quantification of junction formation probability

The quantification of JFP in single-molecule electrical
measurements was calculated through the ratio between molecular
tunneling and pure tunneling without a molecular junction, which
is crucial for advancing the scientific understanding of single-
molecule electronics [45—47]. Therefore, the MPC algorithm was
first used in the scenario of JFP quantification on a two-pattern
dataset, which was acquired from a scanning tunneling microscope
B] (STM-B]) experiment of the target molecule MPP (4-[4-
(methylthio)phenyl]pyridine, C,,H;;NS) concentration of 0.01 mM.
The single-molecule conductance of MPP was measured under a
bias voltage of 0.1 V between the gold tip and substrate. Due to the
dynamic stochastic nature of break junction process, two typical
events occur, including pure tunneling and molecular tunneling,
depending on whether the target molecule is connected between
the electrodes or not, as shown in Fig. 2(a), the corresponding
conductance traces and the statistical histogram of the whole
dataset are presented in Fig. 2(b) [48]. The MPP data traces clearly
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Figure 2 The quantification results of junction formation probability. (a) Typical junction configurations of pure tunneling (labeled as T) and MPP molecular tunneling
(labeled as M). (b) The statistical results of the MPP molecule. Left: two-dimensional (2D) conductance-distance histogram; right: 1D conductance histogram; and the
inset shows the individual conductance traces of pure tunneling (blue) and molecular tunneling (orange). (c) The ARI values of each clustering algorithm under different
JEP scenarios, from the molecular tunneling being the minority class to the majority class. (d) The results comparison of four clustering algorithms against the ground

truth when JFP = 5%. (e) The results comparison of four clustering algorithms against the ground truth when JFP = 95%.

display a plateau with the conductance value of 10> G, where G,
represents the conductance quantum and equals 2e’/h (77.5 S, h is
PlancK’s constant). For this whole dataset, the JFP calculated from
the results of the MPC clustering is 93%, which is essentially
consistent with the 96% obtained through step length filtering,
indicating that the MPC method is effective. To further evaluate the
generality of the MPC method, we simulated different scenarios of
various JEPs by manually constructing 11 datasets, each consisting
of 700 conductance-distance traces, including pure tunneling
signals (labeled as T) and the MPP tunneling signals (labeled as M),
with the JFP ranging from 5% to 95%. The clustering results of four
algorithms in different scenarios are shown in Fig. 2(c) and Table
S3 in the Electronic Supplementary Material (ESM). Notably, the
MPC algorithm consistently achieves the highest ARI scores across
all scenarios, with an average score of 0.998. In contrast, the scores
of the other three algorithms are consistently lower than that of the
MPC, especially under the imbalanced conditions when the JFP is
10% (molecular tunneling is the low-probability event) and 90%
(pure tunneling is the low-probability event). For better
comparison, the detailed clustering results from each algorithm
under the circumstances of JFP = 5% and JFP = 95% are shown in
Figs. 2(d) and 2(e) (other clustering results are shown in Fig. S1 in
the ESM). Under both conditions, the results of the MPC algorithm
are consistent with the ground truth, while the other three
algorithms show varying levels of misclassification. Particularly in
the case of JFP = 95%, the K-means, SC, and MPVC algorithms
cluster many samples from major clusters into minor clusters,
demonstrating the characteristic of “uniform effect” [30]. In the
case of JEP = 5%, the K-means and SC perform better than in the
case of JEP = 95%, because pure tunneling data is naturally denser
and has lower within-class variance than that of the molecular
tunneling data.
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The results show that the MPC algorithm emerges as the
superior clustering solution across all test datasets, with an average
ARI improvement of 15.4%, 13.4%, and 16.2% compared to those
of the K-means, SC, and MPVC algorithms, respectively.
Specifically, on imbalanced data (where the minority class
constitutes less than 20%), the average ARI improvement increase
to 51.5%, 38.4%, and 45.5%. The results demonstrate that our MPC
algorithm can precisely differentiate molecular tunneling events
from pure tunneling events in conditions of extreme data
imbalance, providing an important and reliable method for
accurately quantifying the JFP of single-molecule electronics.

2.3 Recognition of low-probability

configurations by in situ mechanical regulation

stretching

Based on the JFP determination, the junction configuration
evolution in the break junction process, especially the
configurations with low probability but easily being neglected, is the
next crucial issue for single-molecule electronics. In situ regulation
of molecular junction configurations offers a unique way to control
and monitor the charge transport through molecular electronic
devices. Therefore, distinguishing different molecular junction
configurations is vital for understanding the fundamental properties
and functions of molecules [8, 49]. We further validated the
effectiveness of the MPC algorithm in uncovering the latent
configurations in the scenarios exhibiting more intricate single-
molecule events with different probabilities. The core of the target
molecule composition is indacenodithiophene (IDT), flanked by
two 1,3-diethyl-2-thiobarbituric anchoring groups (IDT-T). The
molecule has multiple binding sites on the anchoring groups,
leading to different events of junction configurations during the
break junction process.

As reported in our previous work, there might be at least three
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events during the break junction process of the IDT-T molecule
[50]. For the convenience of elaboration, we labeled these three
types of events as A, B, and C, respectively, as shown in Fig. 3(a).
Event A suggests the pure tunnelling without conductance plateau
(blue curve in the inset of Fig. 3(b)). Event B shows that the two
electrodes are bonded with the sulfur (S) atoms at both ends with a
plateau of high conductance (orange curve in the inset of Fig. 3(b)).
Event C represents a process during stretching where a structure
initially forms with one end bonded to nitrogen atom and the other
to sulfur, then transitions to a state where both ends are bonded to
sulfur. Accordingly, its conductance trace (green curve in the inset
of Fig. 3(b)) exhibits a conductance jumping feature. The statistical
conductance histogram of the whole dataset is shown in Fig. 3(b).
The histogram explicitly illustrates a plateau correlating to a
conductance value of 10°? G, while the different events are
difficult to distinguish. For quantitative evaluation, we manually
labeled the data and removed noise traces with a final dataset
including 324 traces of event A, 1667 traces of event B, and
149 traces of event C (only 6.96% in all traces with low probability).
Then, we applied the MPC algorithm to distinguish between
different molecular events, and the statistical results of different
clusters are shown in Fig. 3(c). It is obvious that the three junction
configuration events are clearly separated by the MPC algorithm.
For comparison, the ARI values of the four results obtained from
different clustering algorithms were calculated. As shown in
Fig. 3(d), MPC achieved the highest ARI score of 0.95, which is

236%, 348%, and 135%, which are higher than those of the K-
means, SC, and MPVC, respectively. For further investigation, we
analyzed the actual number of samples of each type in the
clustering results. As shown in Fig. 3(e), the MPC algorithm
demonstrates the most accurate alignment with the ground truth in
identifying the low-probability Event C from the unbalanced
dataset. Such effectiveness is attributed to the fact that the MPC
algorithm divided the dataset into 13 sub-clusters in the splitting
phase (Fig. S2 in the ESM), capturing three distinctly different
conductance change patterns. The MPC then adaptively determine
the optimal number of clusters to be 3 (Fig. S3 in the ESM). In
contrast, varying degrees of uniform effects are exhibited in the
clustering results of the other three algorithms, with an obvious
misclassification among samples across these three categories. The
conductance statistics for each cluster obtained by these algorithms
are shown in Fig. S4 in the ESM. The results demonstrate that the
MPC algorithm can well quantify the probability of different
molecular junction configurations during stretching, which
provides guidance for research on junction configuration evolution
and precise regulation.

24 Investigation of structural changes by electric field-

driven reaction

In a confined nanospace, the reactions were characterized by an
extremely low concentration of reactant molecules, particularly at
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Figure3 Recognition of different junction configurations with low probability. (a) Three types of IDT-T single-molecule events schematic diagram. A represents no
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anchor position during stretching (corresponding to a change from low conductance to high conductance). (b) The statistical results of the entire dataset. Left side: 2D
conductance-distance histogram; right side: 1D conductance histogram; and inset: three typical conductance traces. (c) 2D conductance-distance histograms and 1D
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the initial stage, making it challenging to perform accurate
quantification for reaction dynamics [51, 52], which offers a
potential solution for quantitative assessments of reactants and
products within such limited volumes [53]. However, conventional
classification methods are hindered by the uniform effect, which
makes it difficult to accurately distinguish the formed products
during the initial stages, particularly at the onset of the reaction. To
address this issue, we considered employing our MPC method to
extract information about low-probability species during the
chemical reaction, which potentially allows us to better understand
and quantify the thermodynamics in a confined nanospace. The
evaluation was conducted by an electric field-driven single-
molecule keto-enol reaction (Fig. 4(a)), and single-molecule
measurement of a keto-enol equilibrium was achieved by adjusting
the bias voltage between the electrodes at room temperature [54].
The typical conductance traces of the two molecular forms are
shown in Fig. 4(b). It has been reported that the enol form appears
with low probability at low bias but becomes more and more
pronounced with increased bias. However, traditional one-
dimensional (1D) conductance histogram can only allow for
qualitative observation and cannot quantitatively describe the
transition process, as shown in Fig. S5 in the ESM.

To evaluate the reaction process quantitatively, we applied the
above four clustering algorithms to characterize the state
distribution under different biases. The results of the MPC
algorithm are shown in Fig. 4(c), and the results of the other three
algorithms are shown in Fig. S6 in the ESM. In this evaluation, the
MPC algorithm achieves an impressive result in classifying low-
probability high conductance events, which account for only 1.5%
when the bias is 0.1 V. In contrast, the proportion of high-
conductance events classified by the SC algorithm is 14.9% at the
same bias condition. The K-means algorithm exhibits a nearly equal
distribution of different conductance stages, where the proportion

C)) (b)

of low conductance for keto state (“L”) and high conductance for
enol state (“H”) events are classified to be 50.1% and 49.9%,
respectively. On the other hand, the results of the MPVC algorithm
show that the proportion of high-conductance events (66.9%) is
higher than that of low-conductance events (33.1%), which
obviously contradicts the results of qualitative analysis. It can be
clearly seen from the statistical results that there are different
degrees of misclassification in the high-conductivity events
classified by the other three comparison algorithms.

Further investigation results of the clustering effects of the four
algorithms under different biases is shown in Fig. 4(d). The results
show that the MPC algorithm indicates an increasing trend in the
proportion of high-conductance data with increasing bias voltage,
consistent with the results of qualitative analysis by histogram
statistical methods. Specifically, the proportion of the “H” state
remains below 10% at the bias voltages ranging from 0.1 to 0.3 V.
When the bias increases beyond 0.4 V, the proportion of the “H”
state starts to increase significantly, reaching nearly 60% at 0.6 V. In
comparison, spectral clustering shows a higher proportion of the
“H” state, consistently around 15%, when the bias is below 0.4 V.
For K-means, the proportions of the “H” state at the bias ranging
from 0.1 to 0.3 V are around 50%, which indicates that the
algorithm tends to distribute samples into two clusters evenly.
Moreover, the proportions of MPVC show a fluctuation, not
reflecting the bias-dependent trend. The results demonstrate the
valuable capability of MPC in the identification of rare events for
quantitatively evaluating the single-molecule reaction process.

Given the clustering results, a quantitative comparison based on
the change in free energy difference AG (the free energy difference
between “L” and “H” states) at different biases was further made. A
detailed theoretical investigation into the enolization isomerization
of acetone, utilized as a simplified model, has been thoroughly
performed in the presence of an external electric field (EEF) [48].
Although the results are specific to the acetone structure, they are
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Figure4 Evaluation results on the reaction product of voltage-driven keto-enol tautomerism. (a) The junction structures of the keto and enol forms under an electric
field. (b) The typical conductance traces for the keto form (blue, with low conductance plateau) and enol form (orange, with high conductance plateau). (c) Distribution
probabilities of states “L” (blue) and “H” (orange) at different bias voltages based on clustering results using the MPC algorithm. (d) Percentages of high-conductance data
in each clustering result under different bias voltages. (e) The linear fitting between AG and bias voltage based on clustering results from MPC.
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expected to provide insights that may enhance the understanding of
keto-enol tautomerism behavior. The calculations reveal that the
reaction energy of keto-enol isomerization in EEF exhibits
approximately linearly related to the electric field strength (Fig. S7
in the ESM). In particular, when a stronger uniform electric field is
applied along the positive direction of the z-axis (F, (V/nm) < 0), it
leads to a reduction in the value of the activation energy and AG,
indicating that higher EEF strength is more favorable for the
formation of enol. Therefore, the relationship between the
equilibrium constant (K ;) and the bias voltage can be defined
through AG as —RTInK; ; = AG = L x V + AG,, where L is the
slope, V is the electric field strength, and AG, is the Gibbs free
energy change under standard condition in the absence of EEF [55,
56]. We estimated the K| based on the ratio of “H” to “L”
obtained by different clustering algorithms. The estimated AG
values at different biases using MPC are shown in Fig. 4(e) (the
results summarized by the other three algorithms are shown in Fig.
S8 in the ESM). The coefficient of determination (R?) obtained from
linear regression on the scatter plot can assess the reliability of the
computational results. The MPC algorithm exhibits a good linear
relationship with an R* value of 0.95. In contrast, the SC algorithm
exhibits a lower R? value of 0.70. Moreover, both the K-means and
MPVC algorithms even yield positive slopes, which fail to reflect
the experimental observation that higher field strength favors the
generation of the enol form compound. Overall, the MPC
algorithm vyields the results that are closest to the theoretical
calculations in both qualitative and quantitative analysis. This
suggests that the MPC algorithm has the potential to evaluate
reaction thermodynamics by digging deep into single-molecule
conductance data. This suggests that the MPC algorithm provides
the potential to evaluate the reaction thermodynamics by
characterizing single-molecule conductance data.

To ensure the comprehensiveness of the performance validation,
we also conducted additional experiments on host-guest
interactions and r-stacked dimers datasets. The results are shown in
Figs. S9-S12 in the ESM, which demonstrate that the MPC
algorithm can accurately distinguishing between different molecular
events and configurations across diverse scenarios. Moreover, more
comparisons with two representative algorithms, including
DBSCAN [57] and Gaussian mixture model (GMM) [58], were
conducted (see Figs. S13-S16 in the ESM), which further validates
the superior performance of the MPC algorithm in identifying low-
probability events in single-molecule electronics. Additionally, the
MPC algorithm exhibits a certain level of robustness to noise, as
illustrated in Fig. S17 in the ESM.

3 Conclusions

In this study, we propose an MPC algorithm to address the
inherent challenges of identifying low-probability events in single-
molecule electronics and validate it across several typical scenarios.
For the quantification of different junction formation probabilities
of an MPP molecular junction, MPC consistently achieved the best
performance across 11 different sub-datasets, with an average ARI
score of 0.998 higher than other compared algorithms. For the
junction configuration recognition during the dynamic stretching
of the IDT-T molecular junction, the MPC algorithm’s ARI score
are 236%, 348%, and 135% higher than those of the three
benchmark methods, K-means, SC, and MPVC, respectively. For
the structural changes detection in the electric field-driven single-
molecule keto-enol reaction process, the MPC algorithm can
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precisely extract the product species at the onset of the electric field-
driven single-molecule keto-enol reaction with only 1.5%
probability, enabling the calculation of the equilibrium constant and
the quantitative evaluation of reaction thermodynamics. The
significant advancements in the MPC algorithm demonstrate its
applicability to diverse data distributions, particularly overcoming
the uniformity effect on imbalanced data, paving the way for more
nuanced and precise scientific insights in the realm of single-
molecule electronics. It is envisioned that this algorithm will have
broad applications across various scientific domains, helping to
uncover underlying physical and chemical mechanisms that were
previously elusive.

Electronic Supplementary Material: Supplementary material
(details of the algorithm design, theoretical calculations, Figs.
S1-S17, and Tables S1-S3) is available in the online version of this
article at https://doi.org/10.26599/NR.2025.94907276.
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