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Despite the remarkable success of machine learning in materials science, challenges persist in gaining
mechanistic insights, especially in low-data regimes where dataset sizes limit the precise applicability
of machine learning. The prevailing reliance on high-confidence predictions from the models often
leaves the underlying decision-making mechanisms opaque, limiting scientific understanding. This
study presents an alternative approach that emphasizes understanding the model decision-making
process over individual predictions, enabling the extraction of scientifically meaningful insights from
small datasets. Focusing on 107 small organic molecules and their corrosion inhibition properties as a
case study, we systematically evaluate 29 molecular featurization methods and 9 target
representations, generating over 12 thousand model configurations to identify robust feature-target
pairings. We reveal common trends by reverse engineering the best-performing models based on
featurization methods of physicochemical descriptors, hashed fingerprints, and structural keys, which
we integrate with domain knowledge to create a molecular substructure template for candidate
molecules. Using this template, we filter a toxicity database to identify non-toxic corrosion inhibitors,
aiming to replace the de facto but hazardous corrosion inhibitor hexavalent chromium. The resulting

candidate’s efficacy is validated through electrochemical testing, illustrating the feasibility of
achieving mechanistic insights from statistical models in data-scarce environments.

In Douglas Adams’ Hitchhikers Guide to the Galaxy, an alien race seeks the
“Answer to the Ultimate Question of Life, the Universe, and Everything”. A
planet-sized computer, Deep Thought, is tasked with calculating the answer.
After seven and a half million years, it finally reveals the answer: 42. This
result baffles the programmers, as they realize they don’t actually know what
the “Ultimate Question” is. Deep Thought explains that without under-
standing the true nature of the question, the answer has no real meaning.
We face a similar challenge today in machine learning applica-
tions to materials science. On the one hand, machine learning models
have been widely successful in materials sciences for autonomous
experimentation, materials property interpolations, structure optimi-
zation, and chemical space exploration“’. Recent advances, such as
creating continuous material property representations through gen-
erative autoencoder approaches’, and utilizing the inherent graph

structure of molecules through graph neural network architectures™",
allowed researchers to investigate previously unexplored chemical
spaces. On the other hand, training such methods is resource-inten-
sive, requiring substantial computational power and large datasets—
more than ten thousand, in some cases tens of millions of data points
for predictive accuracy. Data scarcity and expensive target generation
prevent cutting-edge architectures to be used with experimental
datasets, and limit the use of such models to simplified DFT simulation
predictions. Yet, even with high benchmark scores, a recent study
showed that model predictions may not generalize well to new mate-
rials spaces''. Most importantly, generalized or not, the scientific
insights within these models remain largely opaque, meaning that even
when models make accurate predictions, the mechanisms behind these
“answers” are not transferred to scientists'>"”. Like Deep Thought’s
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answer, these predictions are limited in their impact without a deeper
understanding of the “questions” they are addressing.

The materials science community has already made significant pro-
gress in building the foundation for explainable and interpretable
models""*. However, most of the published literature on explainability
focuses on bigger models, despite most materials discovery problems hap-
pening in low- to no-data regime. For this reason, with this paper, we intend
to go in the opposite direction of the present mainstream deep-learning
focus and ask: Is it possible to gain scientific insights from predictive models
with lower prediction metrics based on small datasets? The answer, we
believe, is yes. We see that representation is key; with the right representa-
tion and reverse engineering machine learning models based on different
data representations, we can identify common trends—which combined
with domain expertise, can allow the scientist to see new trends that were
previously unattainable.

Here, we present an unorthodox framework to transform statistical
models into scientific insight. Instead of relying on low-confidence indivi-
dual predictions of models trained with scarce data, we train and then
reverse engineer multiple models at once to understand their decision-
making mechanisms. We combine the resulting insights with the scientific
intuition of the domain expert. Our work is performed on small organic
molecules and their corrosion inhibition properties, but it can principally be
applied to any materials discovery task.

Although approaches to interpret machine learning models, such as
permutation feature importance”, local interpretable model agnostic
explanations™, and Shapley additive explanations’ have been widely used in
other scientific fields, specifically in the domain of corrosion and inhibition
prediction, there have been limited works™*. Compared to neighboring
scientific fields more often than not two points plagued the corrosion
inhibition researchers (i) the features most important in predictive perfor-
mance were identified, but no scientific reasoning were built on top of the
models to reason why the model predictions were improving when they
were present in the prediction process due to the complex multi-scale nature
of corrosion phenomena, and (ii) the limited size of the datasets (often
around 20 samples or so) caused eager but early conclusions to be drawn,
such as the debated correlations between quantum chemical descriptors and
corrosion inhibition performance”**. We aimed to instill more trustworthy
conclusions to be drawn from predictive models by coming up with a
method of reasoning of how different model representations can be aligned
to solve the same problem, hypothesize for potential influences of the fea-
tures, and validate our hypothesis experimentally.

For gaining scientific insights from statistical investigations, achieving
the best representation is important. Here we converge to the best repre-
sentation for our dataset by systematically analyzing 29 widespread open-
access methods that convert molecules into a set of features (hereinafter
referred to as “featurization”), and 9 different target representations of
experimentally acquired electrochemical data on around 100 molecules (for
details see our previous work™), to be used as model targets. After settling on
the optimum description by looking at different feature-target combinations
(which results in more than 12,000 model configurations), we can use
complementary descriptions with the lowest root mean squared error
(RMSE) together to capture common trends existing in all. We use such
trends to come up with a searchable template molecule that can be used to
filter existing larger databases. In our case, we use a toxicity database, as our
goal is to find a non-toxic molecule with the potential to replace the cur-
rently in-use domineering hexavalent chromium: a highly inhibitive but
deadly corrosion inhibitor prohibited by the EU REACH (Registration,
Evaluation, Authorization, and Restriction of Chemicals) regulationz". We
validate the insight gained from this approach by performing electro-
chemical measurements of the recommended molecule, showing that
gaining mechanistic insight with statistical models is possible for small
datasets. The result of this work is expected not only to assist in developing
green and sustainable alternative inhibition approaches to corrosion, which
eats away 3.1% of the global GDP”, but also expected to serve as a guiding
framework for other data-scarce materials discovery problems.

Results and discussion

Describing corrosion inhibition

The description of the problem is key for the machine learning models to
extract all possible information from the signal present in the data. This
involves not only selecting the appropriate set of features (the set of numbers
used for prediction) but also choosing the correct form for both the features
and targets (the set of numbers to predict). This is not only a factor to
consider when improving the prediction performance of models. It becomes
even more important when models are used for gaining mechanistic insights
similar to various spectroscopies, as demonstrated in this paper.

To reveal the best description of corrosion inhibition, we have set up a
large span of target and feature representations: 9 targets, 29 featurization
methods, 3 feature selection approaches (include all, recursive feature
elimination (RFE), SHAP-based), combined with 4 different feature scaling
methods (no-scaling, minmax, standard, power) and 4 different regression
model architectures (random forest (RF), XGBoost (XGB), support vector
machine (SVR), k-nearest neighbors (KNN)). This search space of the
optimal description consisted of more than 12,000 configurations. The
models based on these configurations were trained with 95 small organic
molecules with 10-fold cross validation, and validated with a left-out vali-
dation set of 12 other molecules. Target values were obtained from time-
resolved electrochemical experiments of electrochemical impedance spec-
troscopy (EIS) and linear polarization resistance (LPR), discussed in more
detail in our previous publication®. After training, the best models are
identified by comparing cross-validation root mean squared (CV-RMSE)
values (all converted into the scale of inhibition power IP). Afterwards, the
models’ hyperparameters are optimized with Bayesian optimization, and
the left-out validation set was used to check the prediction performance of
the models. The ranking of the predictive performances of the models can be
found in the Supplementary Figs. 1-2.

Figure 1 presents the ranking of different featurization methods for the
best 4 targets, and their mean. In this case, “best” means the ranking of
models with the lowest CV-RMSE error for a given representation. The inset
shows the CV-RMSE performance distribution of models with different
featurizations, feature selection methods, feature scaling, and model archi-
tectures; pooled for different targets. For the best target (IE_EIS24h), a
similar pooling for all other configurations but the featurization methods
resulted in the performance distribution of different featurization schemes
unfolded on the right, with featurization schemes corresponding to the same
labels as featurization ranking for different targets on the left. This results in
featurization methods ordered from best to worst for target IE_EIS24h.
Lowercase labels correspond to hashed fingerprints or structural keys (also
highlighted with _fp suffix), capitalized labels correspond to physico-
chemical descriptors.

Targets. The 9 targets are the combination of data coming from 3 dif-
ferent electrochemical experimental methods, denoted with respective
suffixes (Bode modulus at 10~ Hz measured at 24th hour through EIS,
_EIS24h; linear polarization resistance measured at 24th hour, _24 h;
linear polarization resistances averaged through the first 24 h, _avg),
represented in 3 different forms (raw electrochemical data, R;;; inhibition
efficiency, IE; inhibition power, IP).

Compared to the rest of the factors, target representation by far had the
most impact on the predictive performance of the models. Looking at the
CV-RMSE distributions for the different targets, the best model for the best
target IE_EIS24h resulted in a CV-RMSE of 2.73, whereas the best model for
the worst target Rp_avg resulted in a CV-RMSE of 6.87, an increase of 152%.

Models based on time-averaged experiments (_avg) performed worse
than others, indicating that the prediction of time-dependent phenomena
might be more difficult than the prediction of a stabilized reaction after a
given time, in this case, after 24 h. R, models also showed poorer prediction
performance compared to IE and IP models.

It was observed that although the best models were in the form of IE,
the prediction performance from IP models was more consistent. IE_avg
and IE_24h had very large distributions of predictive performance. It is
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Fig. 1 | Ranking of featurization methods based on prediction performance for
the top four targets, and their mean. The y-axis lists featurization methods, ordered
from best to worst for the target IE_EIS24h, which resulted in models with the lowest
cross-validation root mean square error (CV-RMSE). Physicochemical descriptors
are capitalized, whereas structural keys/fingerprints are denoted with suffix _fp in

case of absence/presence based encoding, and _fp_count for count based encoding.

The inset displays CV-RMSE distributions for models across all targets, incorpor-
ating variations in featurization methods, feature selection approaches, feature
scaling, and model architectures. For the target IE_EIS24h, the distribution of
prediction performance for each featurization method is shown on the right, aligned
with the corresponding rankings on the left.

hard to say with certainty whether consistent behavior from IP models is
dataset-independent—if that is the case, this would mean that the
logarithmic form of IP (clog,,(R,)), in comparison to the hyperbolic
form of IE (¢ R; 1), stabilizes the model prediction performance, which
would make sense for finding edge cases such as good corrosion inhi-
bitors. R;, models had a lesser distribution, but their performances were
consistently worse. Worst IP and IE_EIS24h models were almost always
better than the best R, models. This underlines the importance of target
representation—it seems that normalization offered by IE and IP
transformations allows models to capture corrosion inhibition in a more
accurate manner.

Features. The 29 different featurization methods create a wide span of
features in a different manner, consisting of 0D (bulk properties and
physicochemical descriptors that contain no information about molecule
geometry or atom connectivity, e.g., molecular weight, logP octanol-
water partition coefficient, contained atom presence and counts), 1D
(representations that include information on bonding or bonding frag-
ments, e.g., presence/absence of molecular fragments, hydrogen bond
donor or acceptor counts, number of rings, number of functional

groups), 2D (molecule graph invariant properties, e.g., topological polar
surface area, autocorrelation descriptors), and 3D (topographical mole-
cule shape information, e.g., geometrical, three-dimensional distances
and connectivities) descriptors. The featurization methods can broadly
be split into three different categories: physicochemical descriptors (e.g.,
PaDEL™), structural keys (e.g., MACCS™), and hashed fingerprints (e.g.,
atompair-count™).

Physicochemical calculators generate information about the physical
and chemical properties of the whole molecule, such as the surface area
occupied by polar atoms and their attached hydrogens, the number of
electronegative atoms that can act as hydrogen bond donor/acceptor, the
molecule Van der Waals radii surface area of its atoms, or even more
obscure and derivative properties such as the topological Balaban index that
measures the branching and connectivity of a molecular graph, among
many others. The combination of these types of features holds promise in
highlighting the properties most relevant for the target molecule behavior
we are interested in.

Structural keys encode the molecule structure into a binary bit value (0
or 1) where each bit corresponds to a pre-defined structural feature, such as
the presence/absence of a benzene ring. If the molecule has the pre-defined
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feature, the bit position corresponding to this feature is set to 1; otherwise, it
is set to 0. It is important to realize that structural keys cannot encode
structural features not pre-defined in their fragment library.

Hashed fingerprints solve this problem by not requiring a pre-defined
fragment library, where all possible molecular fragments smaller than the
specified size are converted into numeric values using various algorithms. A
data of arbitrary size can then be converted into a fixed-size vector using a
hash function. The size of this vector is often chosen to be a power of two,
default option used being 1024 or 2048. The values of such a vector corre-
spond to the absence/presence of particular molecular fragments, which are
denoted as “bits".

One such molecular fragment generation approach would be path-
based fingerprints (e.g., Daylight fingerprint based rdkit fp’'), where
branching paths in the molecular graph are analyzed for a given length and
hashed in a fixed vector. A different path-based approach would be atom
pairs™, where pairs of atoms with the shortest path connecting them would
form substructures to be hashed. Circular fingerprints offer another option,
where the circular environments of each atom up to a given radius are used
to construct molecular fragments (e.g., extended-connectivity ECFP,
functional-class FCFP fingerprints*). Such fingerprints can be encoded in
binary to indicate the presence/absence of a given molecular fragment, or
can specify the number of occurrences of that molecular fragment by taking
integer values for the count-based fingerprinting approach. The flexibility
offered by hashing might also cause problems in interpretability, however,
since a molecular database may contain a very large amount of molecular
fragments, and hashing them into a fixed range can result in “bit collisions”,
where different molecule fragments would be converted into the same
hashed bit value.

For the best target IE_EIS24h, the top three featurization methods were
all based on hashed fingerprints: atompair fp-count, rdkit fp
and pattern_fp. Looking at the mean ranking of the best four targets,
atompair fp-count, rdkit fp, pattern fp, avalon fp,
avalon fp-count, layered fp hashed fingerprints, and PaDEL,
RAKit3D, Mordred physicochemical descriptors resulted in average
rankings of less than 10, on average producing more predictive models than
other featurization approaches. Compared to alternatives, ECFP and
pharmacophore featurization methods commonly used in many drug
discovery problems were inferior in describing corrosion inhibition.

The distribution of the ranking for different targets shows that the
choice of the featurization method is heavily dependent on the target. For all
IP target representations, however, it was remarkable that avalon_fp con-
sistently resulted in models with the lowest CV-RMSE values. The trends of
using fingerprints based on presence/absence compared to counts were also
dependent on the featurization method: atompair performed better for
counts, but rdkit, fcfp and avalon fingerprints performed better in
presence/absence binary form. Addition of 3D descriptors to the RDKit2D
improved ranking consistently, highlighting the importance of 3D molecule
effects for corrosion inhibition. Whereas for pharmacophore descrip-
tors, ranking of 2D seems better, but both are quite similar in CV-RMSE
values, indicating models do not take advantage of additional 3D descriptors
offered by this featurization method. Given that pharmacophore
descriptors were created to work with molecule interactions with a specific
biological target, such as a protein or an enzyme, it is normal that the
important 3D features do not directly transfer to other problem domains.

Looking at the best target (IE_EIS24h) CV-RMSE distributions for the
featurization methods, the best model for the best featurization method,
atompair_fp-count, resulted in a CV-RMSE of 2.73, whereas the best model
for the worst featurization method resulted in a CV-RMSE of 4.06, an
increase of 49%. The distribution for every featurization method was a result
of scaling, feature selection, and model architecture.

There was no one best method for choosing any of these details for
model configurations, as they all result in similar distributions for CV-
RMSE (see Supplementary Figs. 3-5). However, by examining the ranking
of all models based on CV-RMSE (see accompanying file), we can quali-
tatively identify trends among the top-performing models.

Out of the ten models with the lowest CV-RMSE, all had IE_EIS24h as
a target. For featurization methods, two were based on atompair fp-
count, sixon rdkit_ fp,onewaspattern fpandoneonRdKit3D
descriptors. It is interesting to note that only one model was based on
physicochemical descriptors, and the rest were based on hashed finger-
prints. Feature scaling showed a mix of methods, with the key takeaway
being that any scaling is beneficial compared to none: only one model did
not use scaling (which was based on RF architecture, which is a scale-
independent model), while the others were evenly split, with three models
each using minmax, power, and standard scaling.

For feature selection, nine out of ten models used RFE, suggesting it
may be a better choice for standardized use despite the drawback of
requiring manual selection of the number of features beforehand. The rest of
the analysis in this paper used RFE-based feature selection to refine the
feature set, ultimately selecting down to the top 10 features of every
configuration.

For model architectures, seven models used SVR, two RF, and one
XGB. This indicates that the SVR architecture’s robustness to outliers and
noisy data may be particularly valuable when working with real-world
experimental data.

Gaining mechanistic insight through algorithmic feature
selection

Having established an optimal model description, we now shift focus to our
primary objective: leveraging this refined description to uncover novel
mechanistic insights. The premise is that the features that make a model
more predictive are also likely to be those most relevant to the underlying
physicochemical mechanisms of corrosion inhibition. This makes feature
selection methods in machine learning not only a routine for improving
model prediction performance, but also a tool for extracting scientific
insight hidden in the data statistics.

After identifying key features through algorithmic selection, it is
essential to develop an intuition about their relevance to the system. Our
goal was to identify whether and how the algorithmically chosen features
can be used as a tool to gain mechanistic insight about corrosion inhibition.
With that goal in mind, we selected one featurization method from each
category for further experimentation: PaDEL for physicochemical
descriptors, maccs_fp for predefined structural keys, and
atompair fp-count for hashed fingerprints. The selection was based
on the highest predictive performance of each category.

The choice of MACCS (Molecular ACCess System) over a potentially
more predictive featurization method is based on two key reasons. First,
given the narrow range of IE_EIS24h CV-RMSE distributions, explain-
ability takes precedence over pure predictive performance. While accurately
predicting the behavior of individual molecules may be challenging for such
small-scale models, the primary objective is to predict general mechanistic
trends based on the selected features, a task that is comparatively more
feasible. MACCS is ideal for this, as due to its predefined nature, it is extre-
mely clear what each feature corresponds to. Second, not every featurization
method allows explainability in the first place. In our preliminary experi-
ments with visualizing rdkit fp features, we have observed a consider-
able amount of bit collision—where different molecule substructures are
mapped to the same feature column bit. This not only most likely reduces
predictive performance but also complicates explainability, as it becomes
unclear which substructure is driving the prediction. Other fingerprints,
such as Avalon, does not allow visualization in the first place, preventing
explainability.

The next sections first analyze the interpretation of hashed
atompair fp-count fingerprints through bit visualization. We show
that by making artificial changes in the prediction queries, we can gauge the
response of a given feature. Since visualization into substructures is not
possible for physicochemical descriptors and other featurization methods,
in the following section, we show how to use Bayesian optimization as a tool
for understanding the model decision-making process with PaDEL fea-
turization. Finally, we use SHAP analysis for deciphering feature influence
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Fig. 2 | Example molecules that contain key fea- c-n-c c-c-C c-4x-O S-2x-n
tures identified by the feature selection algorithm,
visualized as “bits”. The SMILES-like strings cor-
responding to the bit are presented in the top left,
and the corresponding structures are highlighted in N/IKN ’\\I/IKN 0 l\{/‘kN
yellow and gray on the molecules. Aliphatic atoms Hl‘\l\ V4 HN\,\fl OH HN\,\fl
are highlighted in gray and in uppercase letters, N
aromatic atoms in yellow and in lowercase letters. Bit 200 Bit 311 Bit 453 Bit 478

S.2%-C S n-n CCC

0]
/\)j\OH l\\l/lkN l\\l/[KN AM/MrYO
/
HN— HN—yf/
Bit 479 Bit 576 Bit 1016 Bit 1295

for the best models based on atompair-count, PaDEL, and MACCS,
and we demonstrate how we can use models based on different featurization
methods to gain a united mechanistic insight.

Visualizing algorithmically selected fingerprints for finding the
corrosion inhibition structural building blocks

Figure 2 demonstrates the algorithmically selected features from the best
atompair-count featurization visualized as corresponding molecular
substructures, here denoted as ’bits’. The substructures are recorded at the
time the fingerprints are generated. Later, these substructures are used to
map the features back to the corresponding parts of each molecule. As
mentioned before, atompair featurization describes the molecular sub-
structures as two atoms and the number of atoms between them. For
example, the bit corresponding to feature 478 is a sulfur and nitrogen with
two atoms in between, and can be written in a SMILES-like format as S-(2x)-
n, where x corresponds to any atom, and uppercase/lowercase denotes
aliphaticity/aromaticity. In the same manner, bit 479 would be S-(2X)-C, bit
576 S=C, and so on.

Based on the selected features we can see that the model “thinks" that
substructures involving triplets of aromatic (bit 200, bit 311) and aliphatic
carbons (bit 1295), nitrogen-nitrogen couples (bit 1016), sulfur directly
attached to carbon (bit 576), sulfur attached to nitrogen with two atoms in
between (bit 478), sulfur attached to carbon with two atoms in between (bit
479), and aliphatic carbon attached to aromatic carbon with three atoms in
between (bit 453) are important in predicting corrosion inhibition. Feature
selection identifies these substructures as corrosion inhibition-critical
substructures.

These substructures align with the mainstream literature conclusions,
which highlight that sulfur and nitrogen atoms often serve as anchoring
points to the surface. Additionally, aromatic groups may contribute not only
through steric effects that help repel detrimental chloride ions but also
through their electron-donating or -withdrawing properties, which can
influence direct interactions with the metallic surface or modulate electron
density redistribution within attached functional groups. Meanwhile, long
aliphatic chains further enhance steric hindrance, both factors being critical
for effective corrosion inhibition®’. Especially the fact that sulfur, critical for
the inhibition of copper intermetallics of AA2024-T3***, was identified as
important solely by the model, with no prior domain expertise or previous
scientific insight, shows that models can capture physicochemical insights.
This shows promise in reverse engineering statistics into mechanisms, and
for that, understanding the model decision-making process is key.

The visualized molecule substructures already give mechanistic tips,
but to understand how every feature contributes to the model in a detailed
manner, and to explore what would’ve happened if only that particular
feature had a different value, we have produced counterfactual predictions.
To form counterfactuals, we have kept every other feature constant while

changing only the analyzed feature to its maximum or minimum value
found in the dataset, and then examined how the predictions of the model
changed.

Figure 3 presents examples from the counterfactual predictions for
top-performing molecules for the selected features and their corresponding
visualized bits. For a counterfactual prediction, the feature to be analyzed is
modified to its maximum and minimum value found in the dataset, while
keeping all the other features at their original values. In this way, the effect of
every feature on a set of given molecules can be analyzed independently
from other features.

Here, we present the influence of feature 478 vs. 479, and feature 576 vs.
1016, as they capture interesting interpretable trends. Feature 576 is directly
related to the surface bonding opportunity offered by the sulfur atom, where
the predicted efficiency increases with an increase in the number of thione
bonds. The only cases where the maximum does not correspond to an
increase are the two derivatives of 1,2,4 triazoles. This makes sense struc-
turally, as the maximum sulfur amount found in the dataset is four, which in
the case of the smaller five-ring structures, might hinder bonding instead of
supporting. Therefore, depending on the ring size, excess sulfur not con-
tributing to bonding might not be beneficial for inhibition.

Feature 478 and 479 are also connected to the sulfur behavior. Feature
478 and 479 correspond to very similar substructure bits with the only
difference being the end atom: bit 478 is a sulfur atom connected to a
nitrogen atom with two atoms in between (S-2x-n), bit 479 is a sulfur atom
connected to a carbon atom with two atoms in between (S-2x-c). Despite
their similar structures, an increase of feat 478 resulted in a decrease of
predicted inhibition efficiency for all molecules, whereas an increase of feat
479 on the contrary, increased predictions.

Clearly, there is something important about this bond distance to
be present in 20% of the features. In cyclic structures made up of five or
six atoms, in either case where sulfur is in the ring or attached as a
branching functional group, this sulfur-nitrogen distance would put
sulfur and nitrogen on opposite sites of the ring. If the molecule benefits
from sulfur and nitrogen being close to one another for corrosion
inhibition—such as the formation of bidentate chelates—this position
would prevent nitrogen from working together with sulfur in bonding,
and highly electronegative nitrogen would draw excess electrons
necessary for bonding away from the sulfur donation centers. In com-
bination with trends of feature 1016, where maximum nitrogen-
nitrogen pairs cause a decrease in predicted corrosion efficiency, it is
clear that the position of nitrogen is very important for maximizing
corrosion inhibition performance.

This can also be used as a design principle: (i) as the atompair distance
atatopological distance of 4 between C-S increases relative to N-S, and (ii) as
the presence of neighboring nitrogen atoms that do not contribute to surface
binding decreases, the corrosion inhibition performance increases.
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Fig. 3 | Creating counterfactual predictions for molecules with highest target corresponding feature is changed to the min/max found in the original featurization
values in the experimental dataset. The x-axis shows the molecules, and the y-axis  dataset, and then the same model is used for predictions. Visualization of the features
shows the predictions. For actual predictions, the atompair-count model with  as bits on example molecules is shown at the bottom right of the plots, and corre-
the lowest CV-RMSE is used for predictions. For min/max, only the value for the sponding SMILES-like strings are shown on the bottom left.
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Fig. 4 | Molecules most similar to the pseudomolecule for the similarity metric
cosine similarity. EPA toxicity classification shown next to the molecules: 1 highly
toxic, 2 moderately toxic, 3 slightly toxic, and 4 practically non-toxic. Molecular
featurization was done with PaDEL, and the dataset used was a toxicity database
curated from previously published work™.

From these results, we argue that the potential of counterfactuals for
gaining mechanistic insight is promising. Before diving deeper into
mechanistic insights, we would also like to demonstrate a way of analyzing
the physicochemical features, and afterwards combine both with a more
complete analysis in the section on SHAP analysis.

Bayesian optimization as a tool for understanding model
decision-making process

Bayesian optimization is a statistical method for optimizing any black-box
objective function that lacks an analytical form and is expensive to evaluate.
Instead of the true objective function, Bayesian optimization uses a surrogate
model that is an approximation of the objective function. This cheaper-to-
analyze alternative is used to extrapolate the function with a measure of
uncertainty. An acquisition function is used to select the next point to
sample. This selection can be a combination of exploration (searching areas
of the n-dimensional search space where the surrogate model is uncertain,
active learning) and exploitation (searching areas where the surrogate model

predicts high objective function values, Bayesian optimization). In a
sequential manner, the objective function is evaluated at the selected point,
the surrogate is updated based on the gained information, and the acquisition
function decides on the next point to be evaluated. This process is repeated
iteratively, while with every step, the global optimum of the surrogate model
converges towards the global optimum of the objective function.

Bayesian optimization can also assist in illuminating the black-box
function of corrosion inhibition. The advantage of using physicochemical
descriptors as model features is the clarity of the features—every feature is
defined clearly, whether it is heteroatom content, ring number, electro-
negativity, or any other interesting physicochemical quality. However, the
disadvantage is often that the calculated descriptors are quite arcane;
therefore, it is difficult to have an intuitive understanding of what kind of
molecule structure would result in the quantitative value of a descriptor.
This can potentially make interpretation difficult. The reversed problem is
even more difficult: given multiple such features, a molecular chemist or a
materials scientist would have a hard time converting these quantitative
parameters into an actual molecule. Bayesian optimization offers a way out
of this thorny reverse-design problem.

In our case, the black-box function to be optimized was the best model
based on PaDEL featurization. We were looking for the selected feature
values that would result in the highest inhibition efficiency. After initializing
the optimization with samples in our dataset combined with 2000 samples
with randomized features to be analyzed, Bayesian optimization was run for
1000 iterations. The features that resulted in the optimized maximum were
the optimal molecule parameters that the model predicts will lead to the best
inhibition efficiency. We call this artificial creation an optimized
“pseudomolecule”.

This ideal “pseudomolecule” can be used as a template for finding real
molecules that are similar. We can compare the pseudomolecule with
molecules from any given database and find the molecules most similar to it.
For this, we used a previously published toxicity database™ that contains
over 10,000 molecules. The choice of selecting a toxicity database was
deliberate—aside from predictions from our model, the database would also
provide information on the toxicity of compounds. We calculated similarity
between our candidate pseudomolecule and the molecules in the toxicity
database with the cosine similarity metric. The most similar 20 molecules
are presented in Fig. 4 in descending order in similarity. The EPA toxicity
classifications of the molecules are also presented with the molecules, which
correspond to: 1 highly toxic, 2 moderately toxic, 3 slightly toxic, and 4
practically non-toxic™.

What we see from this figure is a complementary picture to the results
from the previous model with atompair-count featurization. The most
similar real molecule in the dataset to our pseudomolecule is 2-mercapto-
benzimidazole, which is a known, good corrosion inhibitor and already
present in our training dataset (measured IE 94.6%). Other molecules are
not present in our dataset. One common theme across all molecules was the
presence of bulky benzene groups. Most benzene groups were without any
heteroatoms, but some molecules had pyridine, pyrimidine, or dioxolane
rings. Connected to the benzene groups, most of the molecules had
hydrocarbon chains with secondary/tertiary amines, ketone, or carboxylic
acid functional groups. Some molecules had sulfur, always in close presence
to nitrogen. Similar to the atompair-count case, S-N at a four-atom
distance was not present in the molecules.

This type of analysis is particularly useful for gaining a mechanistic
understanding with greater confidence when working with limited data.
One key advantage is its ability to serve as a tool for interpolation rather than
extrapolation. Since optimization focuses on feature value boundaries
already present in the dataset, the model operates within familiar territory,
enabling more reliable interpolation within those boundaries. The addition
of toxicity values also gives the choice of selecting non-toxic molecules for
further experimentation.

In the next section, we show how the combination of this sort of reverse
engineering and SHAP analysis helps to understand what the “perfect”
molecule for corrosion inhibition would be according to statistical models.
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SHAP analysis for deciphering feature influence

SHAP (SHapley Additive exPlanations) analysis is a method originating
from game theory’". The SHAP value in the context of a machine learning
model is the expected individual contribution of a feature to the model
prediction. The SHAP value for any given feature i is calculated as:

'(n — —1)!
= L o —wor,

CCN—i

where v is a characteristic function that maps every coalition of n features to
aprediction. Here, v is the machine learning model, and Cis such a coalition
—a group of features working together. |C| is the number of features in
coalition C. |C|! is the number of ways coalition C can form. (n — |C| — 1)!is
the number of ways the rest of the features can join to the coalition after
feature i joins. n! gives the number of ways to form a coalition from n
features. The resulting term W is the weight for marginal con-
tribution, or the probability of feature i making a contribution to coalition C.
The term v(C U {i}) — v(C) is the marginal contribution of feature i to the
coalition C. All the marginal contributions of a feature with their probability
of making those contributions are weighed with respect to the weights for
marginal contribution, then summed over all coalitions that which the
feature can make a marginal contribution. This gives the expected marginal
contribution, in other terms, the SHAP value. In this way, all the possible
coalitions that a feature can contribute to are considered, and a feature’s
individual contribution as well as the interactions between features are
evaluated.

Figure 5 presents SHAP beeswarm plots for (a) atompair-count, (b)
PaDEL, and (c) MACCS featurization methods. The beeswarm plot
represents the distribution of the feature impact of SHAP values across a
dataset. Each point in the plot represents the SHAP value of a feature for a
specific instance, with color indicating feature value. Beeswarm plots can
identify which features influence the model’s predictions the most, through
the direction (positive or negative) and magnitude of these influences across
the dataset. Positive SHAP value contributions mean that the value of that
feature is expected to increase the corrosion inhibition efficiency of a given
instance, and vice versa. This helps in interpreting the model, uncovering
feature importance, and detecting patterns in the predictions.

The importance of pH has been identified in our previous work™, and it
is also present as a feature in all of the presented model featurizations. A
detailed analysis will not be repeated here; however, we would like to
highlight that pH was always chosen as one of the most important features of
the models, despite having no linear correlation with targets. Based on
SHAP dependency plots in our previous works and the beeswarm plots here,
we observe that models have very negative SHAP values for very large and
very small feature values. The reason becomes clear when one observes the
Pourbaix diagram of Al, where aluminum oxide is stable and protective in
the pH range of 4-9, but starts to disintegrate below and above this range.
The models capture that behavior quite well, proving that, given the right
features, mechanistic behavior resulting from the environment-substrate
interactions can be captured.

Atompair-count fingerprints. Figure 5a shows SHAP beeswarm plots
for atompair-count fingerprints. The visualization of the molecule
substructures as bits, as seen in the previous section, allows us to explain
the feature SHAP behavior. The notation used in this section is used as
before: uppercase for aliphatic, lowercase for aromatic atoms, / for
denoting structures corresponding to multiple atoms or bonds, and nx
for the number # of any atoms in between.

Feature 576 corresponds to substructure bit ¢/C=S, a carbon-sulfur
double bond. The presence of sulfur is expected to increase the inhibition
efficiency predictions, and it has the biggest impact on model predictions.
This is in line with trends seen from literature, which mentions the high
tendency of sulfur to bond with copper””, which would also allow the
organic molecules to bond with Cu-based intermetallics of the AA2024-T3
substrate, which are the root cause for localized corrosion™ ™. If the

intermetallics are protected, it would greatly decrease the microgalvanic
driving forces that cause localized corrosion of the alloy. For this reason, it is
not surprising that sulfur presence is the most important feature, but it is
nonetheless remarkable that the model has learned the importance of
bonding with such a clear tendency. Analysis of other model SHAP values
shows that this is not a coincidence.

Feature 453 corresponds to substructure bit ¢/C-4x=0. High values
have a positive impact on the model, whereas low values expect to have a
minor negative one. Analysis of molecules that contain this bit reveal that
the majority had a ccccC=0 substructure. That corresponds to an aromatic
ring with alcohol, ketone, or carboxylic acid functional groups. Assuming
that they are not near the substrate anchoring sulfur/nitrogen groups, such
structures would indeed push away the corrosive Cl ions through steric
hindrance.

Feature 1295 corresponds to the substructure bit C-X-C. Higher
feature values result in a sharp decrease of SHAP values, and lower
values of it result in minor positive values. The majority of molecules
containing this feature include CCC and CNC substructures, which are
characteristic of aliphatic hydrocarbon chains. These chains exhibit low
reactivity, limiting their interaction with both the surface and the sur-
rounding environment. The prevalence of these groups is a character-
istic quality of surfactants, where a long aliphatic tail is typically attached
to a carboxylic or amino group. Such surfactants are recognized as
effective inhibitors under specific conditions for substrates like carbon
steels'*. In these cases, the presence of long tails likely contributes to
corrosion inhibition by providing steric hindrance. However, this was
not the case for this alloy system. An excessive presence of such chains
can lead to a bulky structure with decreased molecule solubility without
contributing to surface bonding, which must have been the dominant
negative effect.

Feature 479 corresponds to substructure bit ¢/C-2x-S, sulfur bon-
ded to any two atoms bonded to a carbon atom. Whereas feature 576
contained information on double-bonded sulfur, this one contains
information on single-bonded sulfur. Analogous to feature 576, higher
values correspond to significantly increased SHAP values. It seems that
sulfur with this topological distance to carbon is predicted to contribute
significantly to corrosion inhibition. As previously discussed through
counterfactual analysis, this sulfur-carbon distance is notably peculiar.
For cyclic structures composed of five- or six-membered rings, where
sulfur is incorporated within the ring or attached as a functional group,
this distance positions sulfur and carbon farther apart, on the opposite
sides of the ring. This means that this feature value can be maximized
through dithiocarbamate-like structures, or S attached to ring structures.
This observation suggests a structural configuration in which sulfur is
either bonded as a functional group to one of the ring’s vertices or
directly integrated into the ring structure.

Trends for the rest of the features are less straightforward to analyze.
Feature 1016 corresponds to n-n, aromatic nitrogen connected together. It
seems that a high n-n presence results in more activity, expected to push the
predictions more to higher and lower values. Feature 200 corresponds to c-
x-¢/C, where higher values decrease the SHAP values, which might be
related to aromaticity degree. Feature 478 corresponds to n-2x-/=S, where
the presence of it is making a molecule take more extreme SHAP values.
Feature 311 corresponds to ccc, which again is related to the aromaticity
degree, and the influence on the model is low.

Based on these observations, it seems that the correct combination of ¢/
C=S, ¢/C-4x=0, ¢/C-2x-S, and n-2x-/=S might result in ideal model
predictions.

PaDEL descriptors. Figure 5b shows SHAP beeswarm plots for PADEL
descriptors. The descriptions of the computationally generated descrip-
tors are quite often not adequately documented, which requires double-
checking multiple sources. Analysis of the descriptors below is primarily
based on the book Molecular descriptors for chemoinformatics®, and the
documentation pages of numerous descriptor calculator packages.
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Fig. 5 | SHAP beeswarm plots displaying how
features in a dataset impact model output for
featurization. a atom pair-count, b PaDEL,

¢ MACCS. Each dot represents an individual model
instance (molecule), which pile up along each fea-
ture row to show density. Each row corresponds to
one feature, which is sorted by the mean of absolute
SHAP values. Color is used to display the original
value of a feature, whereas the SHAP value is the
impact of a given feature value on the model output.
Large values correspond to larger expected model
impact.
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nS represents the number of sulfur atoms in the molecule. An increase ATSC stands for Centered Autocorrelation of a Topological Structure

in the number of sulfur is expected to increase model predictions. It is the
descriptor with the highest impact, and the presence or absence of sulfur is
predicted to be critical in the inhibition property of the molecule. It is
directly related to features 576 and 479 of the atompair-count fingerprints.

(also known as Moreau-Broto autocorrelation). Autocorrelation descriptors
calculate the correlation between a specific atomic property, such as atomic
mass, at a defined topological distance within the molecule. They capture
how a property is distributed across the molecular structure. The property
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values are “centered” by subtracting the mean property value across the
molecule.

ATSC3m reflects how the atomic mass is distributed and correlated
across atoms that are three bonds apart in a molecule. 3 refers to the “lag”,
which indicates the topological distance between atoms being considered in
the molecule, in this case, three bonds. m denotes that the descriptor is
weighted by atomic mass. A higher ATSC3m value suggests significant
variation in atomic masses at this specific distance, indicating that heavier
and lighter atoms are more differently positioned in relation to each other. A
lower value indicates that there is little variation in the atomic masses of
atoms that are three bonds apart. Since high ATSC3m values are expected to
result in a significant drop in the majority of prediction values, neighbors
that are two atoms apart and similar to one another in atomic mass could be
more suitable for inhibitor molecule structures.

AATSC4v quantifies the autocorrelation of atomic van der Waals
volumes within a molecule at a topological distance of four bonds, further
normalized with respect to molecule size before calculating the auto-
correlation. Higher values did not markedly improve prediction perfor-
mance, but lower values certainly hindered it. This can be observed for
straight-chain structures larger than butane. However, for higher values,
individual or fused ring systems exhibit greater topological distances and
hence greater potential. Examples include carbon atoms in aromatic rings
such as benzene, benzimidazole, benzotriazole, or cyclopentanes. Addi-
tionally, the presence of two neighboring heteroatoms, such as nitrogen in
five-membered rings like imidazoles, can also contribute to these increased
distances.

The behavior of VRI_DzZ was difficult to analyze. Dz are a mod-
ification of ATSC descriptors that use topological distance in conjunction
with properties of atoms (see Dz* pg.33"). Official PADEL documentation
describes VR1_DzZ as a “Randic-like indices eigenvector-based index from
Barysz matrix / weighted by atomic number" (see Randic-like pg.164, VRA1
pg.717%, calculation of Barysz distance matrix*), which is defined by
coefficients of the eigenvector associated with the largest negative eigenva-
lue. It is related to local vertex invariants able to provide discrimination
among graph vertices. However, its non-linear, complicated effect is difficult
to analyze in isolation, where high values seem to hinder the inhibition
efficiency; therefore, it is not further discussed, as tying it to the molecular
structure is not accessible.

GATS stands for Geary Autocorrelation of Topological Structure. Like
ATSC, GATS descriptors are used to quantify the autocorrelation of a
specific atomic property over a defined topological distance in a molecule.
GATS differs from other types of autocorrelation by including a normal-
ization factor, which adjusts for the number of atoms and bonds considered,
providing a scale-independent measure. A strong positive correlation pro-
duceslow GATS values between 0 and 1, negative autocorrelation produces
values larger than 1, whereas no correlation corresponds to a value of 1
(pg32").

GATS3s provides a measure of how the Sanderson electro-
negativity varies across the molecule at a topological distance of three
bonds. 3 again refers to the lag. s denotes that the descriptor is
weighted by atomic Sanderson electronegativity, which is a specific
measure of electronegativity that describes the ability of an atom to
attract electrons in a chemical bond. High GATS3s values indicate a
significant variation in electronegativity values among atoms that are
three bonds apart. This might occur in molecules with a mix of atoms
that have widely differing electronegativities, as for heteroatoms (e.g.,
sulfur, nitrogen, oxygen) in an organic molecule. Low GATS3s values
suggest uniformity in electronegativity at this distance. Similar elec-
tronegativities would indicate less variation in the ability to attract
electrons across the molecule. The SHAP values seem to increase
with increasing GATS3s values, suggesting that for ideal inhibitors
atoms at 3-bond distance should have a higher electronegativity
difference.

GATS2s is similar to GATS3s with the only difference being the
topological distance, which is 2 in this case. This suggests molecules with

atoms at 2-bond distance with differing electronegativities would result in
higher target values. Unlike GATS3s, high GATS2s values decrease the
model performance for two outliers.

GATSIp is also similar to GATS3, but in this case, the topological
distance is 1, so it considers neighboring atoms. p indicates that the
descriptor is weighted by atomic polarizability. GATS1p, therefore, is a
measure of how the property of atomic polarizability varies over the
structure of the molecule for neighboring atoms. Polarizability is a measure
of how easily the electron cloud around an atom can be distorted by an
electric field, which is related to the size of the atom and its electron density
distribution. Lower GATS1p values seem to increase the model predictions.
A low GATSlp value suggests that the atomic polarizability of adjacent
atoms is quite similar. This would occur in molecules where atoms have
similar sizes and electronic environments, leading to little variation in how
easily their electron clouds can be distorted.

The BCUTp-11 descriptor reflects the distribution of polarizable atoms
in a molecule. BCUT stands for Burden - CAS - University of Texas
eigenvalues. It refers to a set of molecular descriptors derived from the
Burden matrix, a matrix which captures a desired property correlation
between every atom in a molecule. p indicates that the descriptor is weighted
by atomic polarizability. 11 signifies the lowest eigenvalue obtained from the
Burden matrix. A low eigenvalue typically indicates that the molecule’s
polarizability is relatively evenly distributed or that there are no extreme
variations in polarizability across the molecule. Conversely, a higher
eigenvalue suggests more significant variations, possibly indicating regions
of the molecule with high and low polarizability. In the case for this model,
its effect was not straightforward to analyze, but it was observed that higher
values corresponded to a more limited absolute impact, suggesting less
active molecules, which may not be desirable for inhibitor molecule design.

minHBa refers to the calculated minimum hydrogen bond
acceptor strength in a molecule. A hydrogen bond is the electrostatic
attraction between a hydrogen atom covalently bonded to a more
electronegative atom or group, the “donor”, and another electro-
negative atom that has a lone pair of electrons, the “acceptor”. Main
hydrogen bond donors and acceptors are electronegative atoms like N
and O, which have lone pairs of electrons that can attract the hydrogen
atom. The minHBa descriptor specifically focuses on identifying the
weakest hydrogen bond acceptor within the molecule—a high minHBa
value would mean that even the least effective hydrogen bond acceptor
in the molecule has a relatively high hydrogen bonding potential. A
high minHBa seemed to increase the prediction values. This suggests
that C atoms with higher hydrogen bond acceptor values would assist
in improving predictions. This might be related to the aromaticity: as it
was found that aromatic rings act as hydrogen bond acceptors®,
therefore, compared to aliphatic C chains, the presence of aromatic
rings might increase the minHBa values. A high hydrogen bonding
capacity would help in the self-assembly process by creating more
intact monolayers as the organic molecules adsorb to the surface with
one part, and attach with one another through hydrogen bonding.*" A
tighter bonding between adsorbed molecules would hinder chlorides
from penetrating in between. However, the influence of the descriptor
on the model is weaker than the rest of the features.

Summarizing the strongest interpretable influences that would result in
a higher predicted inhibition efficiency for AA2024-T3 alloy:

* High number of sulfur atoms.
The molecule likely contains multiple sulfur atoms. Sulfur is relatively
electronegative (though less so than oxygen and nitrogen) and can
participate in various chemical environments, such as thiols (-SH),
thioethers (R-S-R’), or disulfides (R-S-S-R).
» High GATS3s and GATS2s: high variation in electronegativity at a
three- and two-bond distance.
This suggests that at a distance of three- and two-bonds, there is a
significant difference in the Sanderson electronegativity values. This
could mean that there are alternating patterns of atoms with high and
low electronegativities. The presence of highly electronegative
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heteroatoms such as sulfur, nitrogen, and oxygen, combined with less
electronegative atoms such as carbon at three- and two-bonds
distance, would result in higher descriptor values.

* Low ATSC3m: low variation in atomic mass at a three-bond distance.
The low ATSC3m value indicates minimal variation in atomic mass
at a distance of three bonds. This implies that the atoms in the
molecule, despite the different types, have similar masses. Since sulfur
has a relatively high atomic mass compared to carbon, oxygen,
nitrogen, or hydrogen, this would result from structures with only a
small amount of sulfur at the periphery of the structure, leading to a
more uniform mass distribution.

* Low GATSIp: low variation in polarizability at a one-bond distance.
The low GATS1p value indicates uniformity in atomic polarizability
for neighboring atoms. This suggests that the atoms connected
directly to each other do not vary much in their polarizability, which
could be the case if they are similar types of atoms or atoms with
similar electronic environments.

Molecular structures corresponding to such trends would include
several sulfur atoms, either in a linear arrangement or part of cyclic struc-
tures. Alternating electronegativities of N/O with carbon at two/three-bonds
distance (structures of -S/N/O-X-C- / -S/N/O-X-X-C-) would result in high
GATS2s/GATS3s. Sanderson electronegativities increase in order of
C<S<N<O (2.75<2.96<3.19<3.65, in Pauling units); therefore, N/O coupled
with C would contribute more to the increase in GATS2s and GATS3s. This
also coincides with feature 478 and 479 bits ¢/C-2x-S and n-2x-/=S from
atompair-count fingerprints. Despite the presence of heavy sulfur, the
molecule’s structure would need to consist mainly of atoms of similar mass,
meaning structures with long carbon chains or multiple cyclic structures are
necessary to give rise to low ATSC3m. In addition, adjacent atoms should
have similar polarizability values, indicating a lack of highly polarizable
atoms directly bonded to less polarizable ones, again pointing towards long
carbon chains or cyclic structures. Derivatives of larger thiols (R-SH) and
thioethers (R;-S-R,), as well as cyclic thiophene and benzothiophene-like
molecules, would satisfy such criteria.

MACCS keys. Figure 5¢ shows SHAP beeswarm plots for MACCS keys.
Despite lower prediction performance, MACCS was added to the pre-
viously studied featurization methods because MACCS features are
completely predetermined and very interpretable. The MACCS keys were
interpreted based on the Mayachemtools MACCS keys documentation™.

The MACCS 47 key corresponds to the S-/=x/X-n/N substructure. The
presence of such a substructure is expected to increase the inhibition effi-
ciency predictions for almost all molecules. This matches with the GATS2s
requirements from PaDEL featurization, as the S-X-N structure would have
a higher electronegativity difference at two-bond distance.

The MACCS 73 key corresponds to the S=X substructure, which
matches the bit 576 from atompair-count featurization. The presence of a
double bond with sulfur, along with the S-X-N substructure, has the largest
impact on higher inhibition value predictions. The rest of the features
influence the model significantly less. As discussed before, sulfur presence is
critical for inhibition, and multiple models consistently using related fea-
tures underline this.

The MACCS 158 key corresponds to the C-N substructure.
Nitrogen presence is expected to decrease the model predictions. This
was counterintuitive, as S-X-N presence was expected to increase the
predictions. One explanation might be that in the presence of sulfur,
the model overshoots the predictions, and this feature decreases it to
the expected values. This was actually observed for counterfactual
predictions (Fig. 3), where when feature 576 (corresponding to C=S)
is artificially replaced with the maximum values found in the dataset,
the predictions went above the theoretical maximum of 100% for the
majority of well-performing molecules. Meanwhile, if there’s no
sulfur present, the molecules are often just not expected to work as
corrosion inhibitors for the selected AA2024-T3 substrate.

The MACCS 59 key corresponds to the S-x-x substructure (sulfur
bonded to any atom with a non-aromatic bond, whereas that atom is
bonded to another with an aromatic bond). For structures where sulfur is
bonded to an aromatic ring structure, its presence often can be correlated
with an increase in the model predictions, although the underlying rela-
tionship seems to be complex.

The MACCS 139 key corresponds to the OH substructure. This would
be present in carboxylic acids and alcohols, and its presence is expected to
increase the model predictions. MACCS 139 shows similarity to feature 453
from atompair-count featurization.

The MACCS 162 key corresponds to the presence of an aromatic
substructure. Its presence is expected to slightly decrease the model pre-
dictions. This could be working with MACCS 59, where the aromaticity
effect in combination with sulfur presence determines the complete effect of
the ring structures.

The MACCS 146 key corresponds to the condition where O < 2. This
would act as a carboxylic acid detector, as one acid group would need at least
two oxygen atoms. When this condition is true, and there are no acid groups
on the molecule, the predictions of the model are expected to decrease. In
combination with MACCS 139, this would determine the influence of single
carboxylic acid functional groups.

The MACCS 65 key corresponds to the c-n substructure. Its influence
on the model is very weak and mixed.

Taken together, the combined information of all keys suggests that
molecules containing S=C/C-N substructures, coupled with carboxylic acid
groups and limited C-N bonding, may exhibit strong corrosion inhibition
potential.

The common trends. Combining the insights from all three featuriza-
tions, we deduce that the presence of S=C would improve the model
predictions. S=C can form in sulfur analogs of carbonyl and carboxyl
group thiocarbonyl and dithiocarboxyl groups, and would act as the
anchor binding the molecule to the substrate. This substructure would
ideally have N as its neighbor to C, which seems to have a positive
influence on the inhibition. This might potentially be a result of N
assisting with the bonding through the S, or through its electronegativity,
stabilize the hydrogen bonding formed between the molecules during the
self-assembly process. This gives us a molecular structure template for an
ideal corrosion inhibitor:

S

SN S
R NH

where R, can be S for dithiocarboxylic acids, or a longer chain that
starts with S for dithiocarbamate structures. R; and R, can contain and/or be
merged together into single or fused ring structures. This, in combination
with carboxyl presence, would fulfill the criteria from different
featurizations.

These patterns are found in the structure of the commonly used
corrosion inhibitors such as 2-mercaptopyrimidine, ammonium pyrro-
lidinedithiocarbamate, and 3-amino-1,2-4-triazole-5-thiol®’. Literature
suggests that S and N heteroatom containing organic molecules can
stabilize AA2024-T3 aluminum oxide by covering the surface through
sulfatization, or can adsorb on the copper-rich intermetallics, suppres-
sing the cathodic reactions, which often is the driving force of corrosion
in the surrounding area”. Notably, even without any expert-guided
feature selection, through observing the trends hidden in the dataset
statistics alone, the results of this methodology corroborate the previous
spectroscopy results that aimed to uncover mechanisms responsible for
structures responsible for corrosion inhibition of various organic
molecules™.
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Fig. 6 | Non-toxic molecules from the toxicity database that fit the trends
observed from different featurization methods. Top-left: 5-ethyl-5-(1-(ethylthio)
ethyl)-2-thiobarbituric acid, top-right: sulfocarbathione, bottom-left: 2-thiobarbi-
turic acid, bottom-right: 5-methyl-2-thiohydantoin.
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The C(=S)N (and also c(=S)N, C(=S)n, c¢(=S)n for aromaticity var-
iants) SMILES string can be converted into a SMARTS pattern, with which
molecule databases can searched for this substructure. For the toxicity
database we have used in this study (which contains more than 10,000
molecules), this search ends up in 123 hits of this database, which can be
used as lead candidates for exploring potential, yet untested, corrosion
inhibitors. These resulting lead molecules can be further constrained to
include the trend coming from atompair-count featurization of feature 453
¢/C-4x=0, where its presence is expected to increase model predictions. The
presence of ¢/C-4x=0 molecular fragment further decreases the lead
molecules to 10. Among these, the molecules with EPA classification 3 and 4
are displayed in Fig. 6: 5-ethyl-5-(1-(ethylthio)ethyl)-2-thiobarbituric acid,
sulfocarbathione,2-thiobarbituric acid, and 5-methyl-2-thiohydantoin.

Out of the displayed four molecules, only 2-thiobarbituric acid (Fig. 6,
lower-left) was available to purchase off the shelf. To show the validity of our
gained insight, we have conducted electrochemical experiments using the
same methodology used to acquire previous targets to curate the original
training dataset”. We have tested 1 mM 2-thiobarbituric acid and adjusted
its pH to 7.0, as the original solution had a pH of 2.3, much lower than the
thermodynamic stability window of AL, O3, which is between 4 and 8.5”.

Electrochemical impedance measurements performed after 24h of
electrolyte exposure show that 2-thiobarbituric acid is indeed a promising
molecule for corrosion inhibition. A comparison of the diameters of the
suppressed semicircles shown in the Nyquist plot of Fig. 7a shows that the
addition of thiobarbituric acid enlarges the diameter significantly, which is
related to an increase in the polarization resistance and overall corrosion
inhibition of the surface. Bode plots of Fig. 7b demonstrate that the addition
of thiobarbituric acid increased the impedance modulus values measured at
102 Hz, which represents the corrosion resistance of the inhibitor-surface
interface”. Impedance modulus values were raised to 64.2 + 14.5 kOhm cm?
in the presence of thiobarbituric acid, which corresponded to an inhibition
efficiency of 84.1 + 3.5%. An interesting observation consistent throughout
samples was that while the open circuit potential (OCP) values were con-
stant around —520 mV vs. Ag||AgCl throughout the first 24 h (similar to
uninhibited values), the linear polarization resistance values kept increasing
throughout time, without showing any signs of slowing down. These
observations indicate that thiobarbituric acid can work as a strong corrosion
inhibitor, and other corrosion inhibitor candidate molecules presented at
Fig. 6 should also be tested for their potential.

This paper demonstrates that mechanistic insights can be derived from
machine learning models to design novel functional molecules. Rather than
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Fig. 7 | Electrochemical impedance spectroscopy of AA2024-T3 alloy exposed to
0.1M NaCl electrolytes with or without 2-thiobarbituric acid for 24 h. a Nyquist, b
Bode modulus and phase angle plots, Inset shows a zoom in of lower resistance values.

focusing on predicting individual molecule performance from small data-
sets—a task that is inherently limited by dataset size—we can reverse-
engineer statistical models to understand their decision-making processes.
By representing molecules using various featurization methods and
applying feature elimination techniques to identify the most important
features, we gain insight into which feature combinations represent the
problem best. These insights can then be integrated with the domain
knowledge of scientists to utilize machine learning models beyond their
typical “black-box” functionality.

However, it is crucial to remain aware of the limitations of different
molecular representations. For example, while hashing-based methods are
more generalizable, they may lead to bit collisions, making models volatile
and less interpretable. Fingerprint techniques, though useful, may overlook
subtle molecular changes if these do not alter the structural fragments being
represented, whereas physicochemical descriptors may be more suitable for
capturing such nuances. Nevertheless, fingerprints can effectively capture
broader trends, as they are closely tied to molecular structure, and their
interpretation is often more straightforward since they represent visualiz-
able substructures—provided there are no bit collisions.

The combination of diverse molecular representations holds sig-
nificant, largely untapped potential for scientific discovery via statistical
models. Agreement among models that use different featurization methods
can enable feature selection to serve as a powerful tool—similar to how
multiple spectroscopic techniques are combined in materials science to
achieve a more comprehensive understanding of the studied scientific
phenomena. Additionally, SHAP (SHapley Additive exPlanations) analysis
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offers promise in isolating the effects of complex trends, and it is highly
effective in creating controlled variables within a materials research fra-
mework. Insights gained from different representations can complement
one another, forming the basis for testable hypotheses, as illustrated here in
the discovery of a novel corrosion inhibitor, 2-thiobarbituric acid for
AA2024-T3.

Next to what has been studied in this work, further insights can be
gained by manipulating molecular structures—such as adding or removing
fragments—at no additional cost after the model has been trained, allowing
for the testing of trends in the material properties of interest. If these insights
can then be integrated into generative chemical foundation models, it would
enable the rapid design of new molecules at a fraction of the original cost.

Methods

Generation of electrochemical targets

Target generation experiments are discussed in a detailed manner in our
previous publications™. This work is based on 107 organic molecules tested
as corrosion inhibitors for the same substrate, AA2024-T3. The targets
corresponded to three different electrochemical experiments: EIS per-
formed at 24th hour (_EIS24h), linear polarization resistance experiments
performed at 24th hour (_24 h), and linear polarization resistance values
averaged through time (_avg) with trapezoidal integration™:

(r) = ; ! - / Zf R,(t)dt @)

1 KR () + R (1)
Tt k:zl 2 (8 = i) )

where tris the final measurement time, ¢, is the initial measurement time,
and k is the index for the performed discrete measurements. The results
from these experiments are represented in three different forms: raw elec-
trochemical polarization resistance values Ry, R, values converted into
inhibition efficiencies (IE) with:

inh __ pblank
RP RP

IE = - 4)
h
R;“
and into inhibition power (IP) with
inh
P
IP = 10log,, Rk (5)
P

where superscripts “inh” and “blank” stand for samples exposed to organic
molecules or only to NaCl, respectively. These three different experimental
approaches with three different representations resulted in nine different
potential target values.

Generation of fingerprints and physicochemical descriptors
The SMILES strings of 107 small organic molecules are first desalted
(removal of jonic metal parts from the strings) for correct descriptor cal-
culation, then converted into structural fingerprints and physicochemical
descriptors with the open-source Python cheminformatics packages
RDKit (v.2023.03.3)” and molfeat (v. 0.9.2)™ to use as features of the
machine learning models. Using these packages, 29 different methods were
chosen for converting molecules into tabular numeric features. These
represented the most popular cheminformatics tools for digitizing mole-
cules. Every feature dataset was supplemented with pH-based experimental
features: pH, (.. (PH measurement before the experiments), pH,ger (pPH
measurement after the experiments), pHaverage (average of before and after
values), and pHy.r. (difference between before and after values). The
resulting datasets contained between 18 and 2052 features.

Machine-learning model training and comparison

Targets 107 samples are split into two sets: a training set with 95 samples,
and a set-aside validation set with 12 samples. This was achieved through the
verstack (v.3.9.2)” package using a continuous stratified split so that the
target data distributions in both sets are statistically similar.

Features The feature datasets for training samples are cleaned with the
help of scikit-learn package (v. 1.5.0). If the training datasets had
missing values for any samples, these are filled with the median of that
feature. To eliminate redundancies found in the molecular representation,
the model features with variances lower than 0.1, and features correlated to
others with a Pearson correlation value of more than 0.8 are removed.
Afterwards, features are scaled with three different scikit -learn scaler
functions to assist the model learning process: MinMaxScaler, Stan-
dardScaler, PowerTransformer. Features with and without scaling
are algorithmically selected with two different sparse feature selection
methods: one based on the RFE method of scikit-learn which uses
impurity-based feature importance on RF estimators (RFE), and the other
based on RFE of the Probatus package (v. 3.0.0)”, which uses SHAP-
based feature importance (RFEsiap). RFE was repeated 1000 times with
random seeds, RFEgpap used 5-fold randomized cross-validation search.
Feature selection was carried out to prevent flooding the model with irre-
levant features, as high-dimensionality of the feature space would result in
fitting the noise rather than the signal, commonly known as overfitting.
Another reason was to capture only the features most relevant to the
mechanism of corrosion inhibition, which is expected from highly pre-
dictive features. The top ten selected features from RFE, or the optimum
number of selected features revealed from RFEgp were used for the actual
models.

Models After scaling and feature selection, different featuriza-
tion schemes are combined with different target representations to be
modeled with four different regression architectures, three imple-
mented in scikit-learn: random forest™, support vec-
tor machine”, k-nearest neighbors®, and xgboost
implemented in the xgboost package (v. 1.7.6)°". The optimization
scoring function used was negative root mean squared error. Baye-
sian optimization was employed using the bayes-opt package (v.
1.4.3)* to find the optimal hyperparameters based on a 10-fold cross-
validation score, where the data is divided into 10 random subsets. In
each iteration, 9 subsets are used for training, and the remaining
1 subset is used for testing, allowing the model’s generalization
performance to be evaluated across different train-test splits. Opti-
mized hyperparameters and their ranges were:

* Random forest: number of trees (10, 1000), maximum tree depth (1,
50), minimum number of samples required to split (2, 25), maximum
ratio of used features: (0.1, 1)

* Support vector machine: regularization parameter C (0.001, 1000), the
margin of tolerance ¢ (0.001, 10), kernel coefficient y (0.001, 100), radial
basis function kernel

* K-nearest neighbors: number of neighbors (1, 10), weighing for the
neighbors (uniform or distance-weighed), the distance metric to be
used for calculating ’'neighborhood’ (Euclidean, Manhattan, or
Minkowski)

* XGBoost: number of trees (100, 1000), maximum tree depth (2, 10),
learning rate (0.01, 0.1), fraction of the training data to be randomly
sampled for tree construction (0.1, 1.0), fraction of features randomly
sampled for tree construction (0.1, 1.0), minimum loss reduction
gamma required for further leaf node partition (0.1, 1.0), L1 regular-
ization (0.001, 100), L2 regularization (0.001, 100)

Detailed explanation of hyperparameters can be found in the
scikit-learn documentation and textbooks”. Learning curves and
prediction plots are recorded for further analysis. Regression performance
was quantified with R?, RMSE, and MAE. After quantification, models are
retrained with all training set with optimized hyperparameters and saved as
pickle files for further experiments.
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Visualizing fingerprints

atompair-count, rdkit-fp, and ECFP fingerprints are analyzed to identify
which molecular fragments the features correspond to, and further visua-
lized through the code provided.

Generating best pseudomolecules through Bayesian
optimization

The retrained models are optimized with Bayesian optimization. Now, the
optimized parameters were not the model hyperparameters, but the model
input values of algorithmically selected features and the predictions of the
selected model. The acquisition function used was upper confidence bound
with the default implemented hyperparameters. The bounds for optimiza-
tion for each feature were set based on the minimum and maximum values
observed in the original database, ensuring interpolation rather than
extrapolation. On top of all initial real molecule samples, 2000 random
samples were used to initialize the optimization, and 1000 iterations were
performed for optimizing the pseudomolecule. Pseudomolecule feature
scaling is inverted for further use for similarity analysis. The resulting fea-
tures represent the optimal artificial molecule parameters according to the
model, leading to the best target property and creating an ideal
pseudomolecule.

Curating the toxicity dataset for pseudomolecule similarity hits
To find the molecules most similar to the pseudomolecule, a query molecule
database is necessary. A database with a large collection of SMILES strings
and experimental toxicity values was chosen as the candidate database™.
The choice of selecting a toxicity database was deliberate. Aside from pre-
dictions from our model, such a database would provide information on the
toxicity of compounds. The training and evaluation sets from Supple-
mentary Table2 of the original study were combined, and the SMILES
strings along with their experimentally determined U.S. Environmental
Protection Agency (EPA) toxicity hazard classifications were extracted. The
EPA classifications corresponded to: I highly toxic, II moderately toxic, III
slightly toxic, IV practically non-toxic. After desalting the molecules,
generating descriptors, and cleaning the dataset, this process yielded over
10,000 candidate molecules. The similarity between molecules was calcu-
lated with cosine similarity S_ ,, where the similarity between two vectors is
calculated as:

cos?

SeM,P) = P _ i MiP, ©)
MR T S ME S P

where M; and P; are the i components of vectors M and P, respectively,
corresponding to the vector of the query molecule and the optimized
pseudomolecule, respectively. The resulting cosine similarity values span
from 1 to —1, from 1 meaning the vectors are oriented in the same direction
(complete similarity), to —1 meaning vectors are oriented in the opposite
direction (complete dissimilarity), and 0 indicating orthogonal vectors
(decorrelation). In-between values indicate intermediate similarity/
dissimilarity.

SHAP (SHapley Additive exPlanations) analysis

SHAP values are a concept from cooperative game theory used to fairly
distribute the payout among players based on their contributions. In
machine learning, each feature value of the instance is a player in a game
where the prediction is the payout. SHAP values are applied to interpret
complex models by attributing the contribution of each feature to the
model’s prediction for a specific instance. SHAP package (v. 0.42.1)* was
used to create SHAP beeswarm plots for optimized models based on 3
different featurization methods: atompair-count, PaDEL, and MACCS.

Validation experiments through electrochemical measurements
AA2024-T3 sheets with a thickness of 2 mm (Salomon’s Metalen B.V.,
the Netherlands) were cut into 20 X 20 mm specimens using an auto-
matic shear cutter. The samples were then sequentially ground with 320,

800, 1200, 2000, and 4000 grit papers on a rotating plate sander under
running water, followed by cleaning in isopropanol for 15min and
drying with compressed air. The resulting specimens were used for
electrochemical measurements. The electrochemical investigations con-
sisted of observing the OCP for 24 h, where a linear polarization resis-
tance (LPR) measurement was performed every hour to observe the
time-dependent behavior. For LPR measurements, the potentials were
scanned from —10 to +10mV vs. OCP at a rate of 0.5mV/s. After
concluding the 24-h observation, EIS measurements were performed,
where a 10 mV peak-to-peak amplitude sinusoidal AC perturbation was
applied from 10 to 10 mHz frequency range with 10 frequency points per
logarithmic decade. Flat three-electrode electrochemical cells (Corrtest
Instruments, China) were used to perform the experiments at room
temperature. The sample was used as the working electrode, platinum
mesh was used as the counter electrode, and Ag|AgCl (saturated KCI)
was used as the reference electrode. The exposed surface area was
0.785 cm?, exposed to a 250 ml 0.1 M NaCl 1 mM 2-thiobarbituric acid
electrolyte. The pH of the electrolyte was adjusted to 7.0 with an adequate
amount of NaOH, by analysing the solution pH with a Metrohm 913 pH
meter. All chemicals were purchased from Sigma-Aldrich. The electro-
chemical measurements were controlled with Biologic VSP-300 multi-
channel potentiostats with the help of EC-Lab software. The
electrochemical experiments were repeated three times to confirm the
reproducibility of the experiments.

Data availability
The data supporting this study's findings are available as supplementary
information.

Code availability
The codes used to calculate the results of this study are provided in the
accompanying files.
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