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ARTICLE INFO ABSTRACT

Dataset link: https://github.com/MatthiasHBus
ch/CrossAlloyTL

Ideally, datasets for training machine learning models consist of thousands of versatile data samples — a
scale that is seldom met in materials research to date. Transfer learning (TL) is widely used to mitigate data
scarcity in available training sets by leveraging knowledge from related domains, since models pretrained on
auxiliary datasets may learn structure—property relationships that are transferable from one to another. In this
work, the potential of TL for predicting the performance of small organic molecule dissolution modulators is
probed using corrosion inhibition responses of eleven Mg-based materials taken from the previously published
ExCorr database. A significant improvement in prediction accuracy is observed when transfer learning is
applied. However, for the dataset configuration studied here, the apparent cross-alloy TL gains are shown
not to arise from transferable structure-activity relationship (SAR) knowledge but rather from a learned alloy-
context signal embedded in the data. Seven Mg-based materials—six commercial alloys plus the high-purity
variant HPMg51—form a shared-SAR cluster with strongly correlated inhibitor rankings, such that molecules
labelled on one material are readily predictable for others within the cluster. Within this shared-SAR cluster,
extensive overlap reduces the effective training pool from approximately 900 records to only around 180
unique molecules, placing the task firmly in a small-data regime. In this setting, an in-context large language
model (Gemini 3.1 Pro) is the only approach that successfully learns meaningful SAR, with its pretrained
knowledge providing the transfer that the explicit source dataset fails to deliver.
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1. Introduction

Magnesium(Mg)-based materials combine low density with high
specific strength rendering them attractive for lightweight structural
applications in automotive and aerospace structures [1,2] and, more
recently, in biomedical engineering where it is used as base mate-
rial for bioresorbable implants [3,4]. Beyond their use in lightweight
structural applications, Mg-based materials are also gaining increas-
ing attention in energy applications, particularly as anode materials
in next-generation battery systems due to their high electrochemical
activity [5-8]. However, this same electrochemical activity - bene-
ficial or even functional in biomedical and energy-storage contexts
— also drives the susceptibility of Mg to rapid corrosion in humid
or saline environments, whereas structural applications would ideally
require near-passive or corrosion-immune behaviour. It is obvious that
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one needs to gain control over the corrosion rate of the used Mg-
based materials to unlock their full potential as lightweight engineering
materials [9-11].

Organic corrosion inhibitors have emerged as a promising solution
to gain control over the dissolution rate of Mg-based materials [12-14],
but their chemical space is essentially infinite and cannot be explored
based on experimental (high-throughput) techniques alone [14,15].
Naturally, predicting the corrosion inhibition performance of small
organic molecules for metallic substrates based on structure-activity
modelling has become a central challenge in computational corrosion
science over the course of the last decades [14-16] and can be con-
sidered a digital shadow for state-of-the-art high-throughput testing
approaches [17-24]. Predictive models for corrosion inhibitors are
frequently described as quantitative structure—property relationships
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(QSPR) in materials research. However, the endpoint of interest in
corrosion inhibition is not a static molecular or materials property,
but the functional ability of a compound to suppress an ongoing ma-
terials degradation process. Inhibition efficiency depends on dynamic
interfacial phenomena such as adsorption, surface coverage, charge
transfer, and modification of anodic and/or cathodic reaction rates.
Moreover, small organic inhibitors may also act through a corrosion-
promoter scavenging mechanism. By chelating Fe?*/Fe3* ions, which
are known to accelerate Mg corrosion through cathodic activation and
redox-mediated degradation pathways [25,26], the inhibitor decreases
the availability of electrochemically active iron species that increases
the corrosion activity of Mg-based materials by re-plating. Complex-
ation of Fe?*/Fe3* ions thereby reduces catalytic cathodic activity
and limits disruption of the passivating Mg(OH),-rich surface film.
Thus, the corrosion-affecting compound does not only protect Mg by
direct adsorption on the surface, but also by chemically deactivating
aggressive trace-metal species in the interfacial electrolyte. Thus, the
target quantity is more naturally interpreted as an activity, analogous
to biological activity in drug-discovery quantitative structure-activity
relationship (QSAR) studies where compounds are screened for their
biological or pharmacological activity (e.g. enzyme inhibition, receptor
binding, ion-channel modulation, cancer cell growth inhibition) [27-
29]. Consequently, dissolution modulators and more specifically cor-
rosion inhibitors may be considered as functional molecular agents
for materials protection. Like bio-active molecules in drug discovery,
they modify specific interactions of a substrate in a complex and
dynamic environment. Therefore, corrosion-inhibition efficiency can be
interpreted as an activity endpoint, supporting the use of QSAR-type
terminology despite the fact that the term QSPR has historically been
allocated in this research field.

Predictive modelling of small organic molecule dissolution modu-
lators (compounds that either inhibit or accelerate the dissolution of
Mg) is further complicated by the fact that the underlying training
data sets are small [15,30,31] from a machine learning perspective and
are usually confined to a small domain of applicability. As corrosion-
inhibitor research has not yet reached the level of data availability
typical of established big-data domains, transfer learning (TL) [32-34]
may provide a particularly valuable modelling framework, enabling
small experimental datasets to be leveraged more effectively by reusing
information across (un)related molecules and other substrates.

Commercial magnesium alloys differ in composition and
microstructure—from cast alloys to rare-earth-containing wrought al-
loys and high-purity Mg variants. Experimentalists routinely screen the
same inhibitor libraries across alloy families [12,13] to understand the
differences in corrosion mechanisms between the alloys. In turn, this
provides an ideal basis for the evaluation of TL, which facilitates the
development of one large prediction model across all alloys following
the same principle: learning from (dis)similar QSAR across available
datasets and transferring knowledge on how a set of inhibitors performs
on one material to another. For magnesium specifically, however, the
ExCorr screening data [13,14] have so far been used only to fit single-
alloy inhibitor-efficiency models [17-19]; none treats the alloy itself
as a variable, so cross-alloy transferability has not previously been
quantified. A complementary and rapidly maturing route is to predict
molecular properties with large language models [35-38], including a
recent in-context study on Mg inhibitors [39], although their apparent
performance raises a pretraining-corpus contamination concern that a
blinded follow-up addresses directly [40].

The assumption that information can be transferred from one sys-
tem to another is evaluated using the performance of a predictive
machine-learning model as the probe in this work. Data samples of
the three most heavily measured Mg-alloys in the ExCorr [13,14]
electrochemical corrosion database (AZ31, AZ91, WE43) are used as
the target for the transfer, and the impact of TL is assessed based on
three elements. First, the prediction accuracy of different models is
compared when the training set is restricted to the target alloy (Exact,
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60 samples) versus when it is augmented with the remaining Mg-alloy
data (Close transfer, ~900 samples) or with all non-Mg corrosion data
as well (Far transfer, ~4000 samples) for several different molecular
property regression methods, to probe whether cross-alloy TL improves
the reliability of the prediction. Secondly, to distinguish the transfer
of generalisable structure-activity information from a cross-alloy-but-
same-molecule transfer, a molecule-disjoint variant of the standard
protocol is introduced: for each test fold, every record whose canonical
SMILES coincides with a test-fold molecule is removed from the source
pool, to provide insight into what is actually being transferred. The two
variants correspond to two distinct application scenarios. The first ap-
plication case revolves around screening molecules that have not been
measured on any material yet and the second focuses on predicting the
performance of an already-measured molecule for another substrate.
Moreover, a systematic Spearman rank-correlation analysis of inhibitor
performance orderings across the eleven considered Mg-based materials
is provided to interpret the TL and filtering results.

2. Data and methods
2.1. Dataset

A Mg-alloy subset of the ExCorr electrochemical corrosion inhibitor
database [14] is used as a data source for this study. The full dataset
comprises 5167 IE measurements on 1224 canonical molecules across
11 Mg-based materials as well as for Al-, Fe-, Cu- and Zn-based sub-
strates. AZ31, AZ91 and WE43 were chosen as target alloys and consti-
tute the testing set for this study because they are among the most heav-
ily measured Mg materials (>75 measurements) and jointly span the
commercial Al-Zn and rare-earth-containing magnesium alloy families.

Target-alloy protocol. For each target alloy the largest experimental
group with homogeneous conditions was identified, and its first 75
samples—which correspond to 75 distinct molecules, so that the folds
are molecule-disjoint within the target alloy—were partitioned into 5
disjoint test folds of 15 molecules each. For every fold the remaining
60 records form the target training set. The largest homogeneous
groups comprise 80 (AZ31), 76 (AZ91) and 79 (WE43) records, so the
truncation to the first 75 discards at most 5 records (<6%) per alloy. A
selection or ordering bias from this step (e.g. reflecting literature source
or screening batch) is therefore confined to a negligible fraction of the
data. This assumption is confirmed empirically in SI Sec. S14.

Transfer pools. The close pool (839 records, 178 unique canonical
molecules) consists of all Mg-alloy measurements whose alloy is not
in the target set. The far pool (3955 records, 1097 unique canonical
molecules) consists of all corrosion measurements on non-Mg base
materials (Al, Fe, Cu, Zn).

Filtered variants. For each fold, filtered variants of both pools were
generated by removing every record whose canonical SMILES coincides
with a test-fold molecule. On average this removes 96 records per
fold from the close pool (because all 15 test molecules recur in the
close pool, each appearing on roughly 5-8 other Mg materials) and
37 records from the far pool (3-10 of the 15 test molecules overlap,
each appearing on roughly 7 non-Mg substrates). Per-alloy and per-fold
overlap statistics are given in the supplementary material (Tables S1
and S2).

Sample counts. Per-alloy record counts and unique-molecule counts are
tabulated in SI Sec. S1 (Table S1). The close-pool members that dom-
inate the close transfer pool are AM50 (122 records, 104 molecules),
ZE41 (123 records, 105 molecules), E21 (117 records, 102 molecules)
and the high-purity and commercial-purity Mg group CPMg220/
CPMg342/HPMg50/HPMg51 (combined 416 records). Mg-0.8Ca con-
tributes 56 records to the close pool. In addition, it is analysed sepa-
rately as the outside-cluster contrast in Section 3.5, where it serves as
the target alloy. Because Mg-0.8Ca shares only a handful of molecules
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with the cluster alloys (Section 3.5), its 56 records have a negli-
gible effect on the main target-alloy results. The interpretation of
why Mg-0.8Ca behaves so differently—a combination of its distinct
Ca-containing microstructure and the different experimental bound-
ary conditions under which it was measured [13,41]—is deferred to
Section 3.5.

2.2. Transfer learning problem definition and terminology

In the standard transfer learning framework [32,33], a domain com-
prises both the feature space and the associated data distribution. In the
present study, domains are defined by the material system, i.e. the alloy
identity including its impurity state, together with the experimental
protocol under which the inhibitor data were generated. The shared
task across all domains is the regression of inhibition efficiency (IE)
from a molecule and its exposure context. AZ31, AZ91, and WE43 serve
as the target domains. Transfer is achieved by augmenting the target-
alloy training data with measurements from other Mg-based materials
(close transfer) or from non-Mg substrates (far transfer). Domain iden-
tity is supplied to the models as an input feature (Section 2.3). In this
work two transfer learning scenarios are considered:

» Scenario A — new-molecule screening of molecules never mea-
sured on any material: recurrence of a test molecule in the source
pool constitutes label leakage. Emulated by the molecule-disjoint
(filtered) settings.

+ Scenario B — cross-alloy calibration of a molecule already mea-
sured on another alloy: the same recurrence is the defining feature
of the task, not leakage. Emulated by the unfiltered settings.

Throughout this work, the term leakage refers exclusively to Sce-
nario A. In Scenario B the corresponding recurrence is instead described
as molecule overlap and the resulting gain as alloy-context transfer.
Consequently, the performance gap between filtered and unfiltered
settings (Section 2.5) quantifies the extent to which the apparent trans-
fer learning gain originates from cross-alloy calibration of previously
measured molecules.

2.3. Structural encoding and context

All feature-based models use 2048-bit Morgan fingerprints [42,43]
(radius 2, chirality-aware) computed with RDKit [44], concatenated
with three experimental context features: HCl%, NaCl%, and molar
concentration in mM. Under the close-transfer settings the model also
receives a one-hot alloy encoding; under the far-transfer settings it
additionally receives a one-hot base-material encoding. ChemProp is
trained on raw SMILES strings with the same context features supplied
as “x_d” extra descriptors.

2.4. Models
In the following section the potential of TL is probed for six different

model archetypes and their performance is assessed based on their
prediction accuracy.

kNN-Tanimoto (k =5, distance-weighted mean): a parameter-free
similarity look-up that predicts target IE as the weighted average
of the k most Tanimoto-similar training molecules.

Random Forest (RF, 200 trees; default scikit-learn [45] hyperpa-
rameters).

Gradient Boosting (GBR, 200 trees, depth 5, learning rate 0.05,
subsample 0.8).

Multi-Layer Perceptron (MLP, 256-128-64 hidden units, ReLU
activations, early stopping on a 15% validation split).
ChemProp D-MPNN [46,47] (hidden dim 300, 5 FFN layers, 5
training epochs, batch size 64, Adam optimiser with the
ChemProp v2 default Noam-type schedule: 2 warm-up epochs,
initial/maximum/final learning rate 104/1073/10~%).
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+ Gemini 3.1 Pro (google/gemini-3.1-pro-preview via
the OpenRouter API, reasoning effort minimal). The model is
given a chemist-role system prompt and an in-context “training
set” consisting of the per-fold training records (IUPAC names,
SMILES and labelled IE values) plus the experimental conditions,
and is asked to predict the IE of one held-out molecule per
call. The same per-fold molecule-disjoint filter is applied to its
in-context examples in the filtered settings. Each prediction is
averaged over 3 independent calls (against the 15-25 seeds of
the other models, owing to API cost). The in-context protocol
is adopted from an earlier study on LLMs for Mg-inhibitor pre-
diction [39]. Because the model is accessed through a closed
commercial API whose served weights may change over time, the
exact model identifier, provider, access dates, decoding parame-
ters, prompt templates and answer-parsing rules are documented
in SI Sec. S6. Additionally, the raw request/response transcripts of
every call are archived in the accompanying repository, ensuring
that the reported results remain auditable even if the endpoint
evolves.

Every (alloy, fold, setting, model) combination is averaged over
25 random seeds for RE/GBR/MLP/kNN-Tan, 15 seeds for ChemProp,
and 3 independent API calls for Gemini 3.1 Pro, totalling 3 x5 x5 x (4 x
25+ 15) = 8625 individual model fits and 3x5x5x 15x3 = 3375 Gemini
calls for the main experiment. The Mg-0.8Ca contrast adds 4x5x(4x25+
15) = 2300 further fits. The primary metric reported is the coefficient
of determination R? = 1 —SS,.,/SS,, on the held-out test fold. Pearson
correlation r—shown alongside R? in Fig. 1—and mean absolute error
(MAE), with full per-model r and MAE breakdowns are reported in the
SI (Fig. S5). R? is preferred for the main analysis because, unlike r,
it penalises systematic bias in absolute IE—the precise failure mode
the paper uses as a basis to assess the potential of the transfer. All
quantities are aggregated as mean + standard error across the 15 (alloy,
fold) combinations per setting. Because each test fold contains only
15 molecules, the per-fold aggregation is complemented by pooled
molecule-level statistics (Table S14); all central claims rest on setting-
to-setting differences that are consistent across all 15 combinations, not
on the absolute R? of any single fold.

2.5. Statistical comparison

The overlap delta 4z, of a model is defined as A, =R2 . —RZ% at
the close-transfer setting (i.e. Close-unfiltered minus Close-filtered). In
terms of Section 2.2, 4z, measures how much of the apparent TL benefit
is specific to Scenario B (cross-alloy calibration of already-measured
molecules); from the perspective of Scenario A (new-molecule screen-
ing) the same quantity is a leakage delta. A large Ag, indicates that
removing overlapping molecules eliminates most of the apparent TL
benefit. The significance of the exact-vs-close-filtered comparison with
a paired Wilcoxon signed-rank test over the 15 folds is provided to
compare different levels of transfer.

3. Results and discussion
3.1. Cross-alloy TL improves target-alloy prediction

Figs. 1 and 2 summarise the cross-alloy transfer learning (TL) ex-
periments on ExCorr. Fig. 1 reports the test-set R?> (left) and Pearson
r (right) of six model families across the five transfer settings, aver-
aged over the 15 (target alloy, fold) combinations. Fig. 2 pairs each
unfiltered TL scope with its molecule-disjoint counterpart, in which
the test molecules of the target alloy are removed from the source
pool before training; the vertical annotations give the overlap delta 4,
(Section 2.5).

Adding the close-Mg transfer pool unfiltered raises the mean R*
(averaged over the five fitted models) from —0.13 (Exact) to +0.39
(Close-unfiltered)—a AR? = 40.52 shift that takes the predictors from
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Fig. 1. Test-set R? (left) and Pearson r (right) across the five transfer settings. Mean + standard error over the 15 (target alloy, fold) combinations. Models: RF (red),
GBR (orange), MLP (purple), k\NN-Tanimoto (green), ChemProp D-MPNN (blue), and Gemini 3.1 Pro in-context (black). R? (left panel) penalises miscalibration of
the absolute IE scale, whereas Pearson r (right panel) reflects ranking only. The four calibrated regressors (RF, GBR, MLP, ChemProp) reach positive R? only in
the unfiltered transfer settings and fall back to negative values when filtered; the parameter-free KNN-Tanimoto stays negative in R?> throughout despite reaching
a high Pearson r in the unfiltered settings—it ranks molecules well but does not calibrate absolute IE. Gemini 3.1 Pro stays positive in R? in every setting and
attains the highest Pearson r in the filtered and Exact settings. The MAE companion to this figure is given in Fig. S5. (For interpretation of the references to
colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. 2. Filtered-versus-unfiltered TL. Left: close-pool comparison; right: far-pool comparison. Solid bars show unfiltered TL (with molecule overlap between test
set and source pool—Scenario B of Section 2.2); hatched bars show filtered TL (test molecules removed from source pool—Scenario A of Section 2.2); vertical
annotations give the overlap delta A,.. Every fitted model family loses 4z =+0.59 to +1.05 of variance explained on filtering. The parameter-free kNN-Tanimoto
shows the largest Ay, as expected for a method that can only exploit direct molecular re-use.

worse-than-mean-IE to recovering roughly 40% of test-set IE variance,
with the strongest model (GBR) reaching R?> = +0.68. Adding the far
pool provides essentially no further gain (mean R?=+0.37), consistent
with diminishing returns from increasingly dissimilar source data. The
gain is broadly architecture-agnostic among the four calibrated models.
In the close-unfiltered setting, RF, GBR, MLP and ChemProp span the
narrow band R? = 40.44—+0.68. The parameter-free kNN-Tanimoto
look-up is the lone outlier (R? =—0.14) which is discussed in more detail
below.

Filtering reverses these gains almost entirely. Removing the target’s
test molecules from the close pool—on average 96 records per fold,
corresponding to all 15 test molecules recurring in the close pool—
collapses the mean R? from +0.39 to —0.42. The overlap delta 4,
averages +0.81 across the five fitted models, ranging from +0.59 for
RF to +1.05 for kNN-Tanimoto. The same pattern holds for the far-pool
comparison (R =40.37 — —0.20, 4 g2 ~+0.57), and filtered close-pool
ranking performance is statistically indistinguishable from the Exact
baseline (paired Wilcoxon on Pearson r; Table S12). Gemini 3.1 Pro
marks an exception here and retains positive R2-values in all settings,
outperforming the other approaches on the exact and filtered settings
significantly.

3.2. Decomposition of the TL gain

The five settings of Fig. 1 together decompose the apparent TL gain
into two chemically interpretable components.

» Exact measures the small-data baseline—what each method ex-
tracts from ~60 target-alloy training samples without auxiliary
information.

Exact — filtered transfer (first step of Fig. 1) measures the
inhibitor-SAR contribution: what the model gains by seeing la-
bels for additional, non-overlapping molecules from neighbouring
alloys. In this case this step is essentially zero.

Filtered — unfiltered transfer (second step at each scope and
detailed in Fig. 2) measures the alloy-context contribution: what
the model gains by seeing labels for the same molecules on a
different alloy. This step is the main contribution of the TL gain
with Ag» ~+0.8.

Two factors explain why the inhibitor-SAR step is flat. First, the
close pool contributes few new molecules to the target’s chemical
space: the inhibitor libraries used across Mg-based materials in ExCorr
overlap heavily, so the bulk of the 839 close-pool records are repeat
measurements of molecules already present on the target alloy; the 839
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close-pool records contain 178 unique molecules. With cluster-alloy
rankings at Spearman r = 0.67-0.92 (Fig. 3), a labelled measurement
on one cluster member carries essentially the same information as
the same molecule measured on another cluster alloy—at least that
is the information that the models extract. Second, the inhibitor SAR
on Mg alloys is genuinely complex [17-19,39]: labels from the few
new molecules in the close pool are too few to pin down predictive
performance on a SAR that does not reduce to a small number of easily
extrapolable descriptors. The flat SAR step is therefore partly a property
of ExCorr specifically whereas a source pool with broader chemical
diversity could in principle reveal genuine SAR transfer that ExCorr
cannot expose.

The alloy-context step is easy for the mirror reasons, though not
as trivial as “any regressor can do it”. The alloy-to-alloy effect on
the IE of an already-known molecule is, at leading order, a monotone
re-scaling captured by the pairwise Spearman structure of Fig. 3—a
one-dimensional transformation that the four calibrated regressors (RF,
GBR, MLP, ChemProp) all fit to a similar quality (R%?=+40.44 to +0.68).
The parameter-free kNN-Tanimoto look-up, by contrast, ranks well—
reaching Pearson r = +0.87 in Close-unfiltered, indistinguishable from
the calibrated models’ band r = +0.75—+0.88 (Tables S4, S14)—but
does not estimate the rescaling and ends up with negative R? in every
TL setting (Fig. 1, Table S3): cross-alloy rescaling needs a parametric
fit. The same molecular overlap that handicaps SAR transfer becomes
an advantage here, providing many paired (same-molecule, different-
alloy) observations from which the rescaling is estimable with little
data. This is further supported by the observation that the ChemProp
D-MPNN does not stand out among the calibrated regressors, but the
reason is probably that the ExCorr training pool is simply too small for
a graph neural network to extract additional structure beyond what the
tabular regressors capture. The alloys are, after all, qualitatively similar
rather than identical.

In other words, the large A, of this step measures the gain from ap-
plying a rescale mapping to the same molecule under a different label,
not the discovery of any new chemistry. This asymmetry—not the raw
size of the source pool—is what this cross-alloy TL benchmark on Ex-
Corr implicitly measures. Reporting molecule-disjoint metrics alongside
the standard ones, as done in this work, makes this distinction visible
and cleanly separates genuinely transferable chemistry from re-use of
labelled reference compounds—a separation worth keeping in mind for
any small-data cross-alloy or cross-substrate transfer learning evalua-
tion. Gemini 3.1 Pro is the sole exception to this pattern: it retains
positive R? in every setting, including the molecule-disjoint filtered
ones (Fig. 1). The result is consistent with pretraining supplying trans-
ferable SAR knowledge beyond that available in the ExCorr training
data. This observation is examined in greater detail in Section 3.6.

3.3. The SAR-similarity cluster explains both the gain and its filter-
sensitivity

Fig. 3 shows the pairwise Spearman rank correlation of inhibitor
rankings between the 11 Mg systems. Seven Mg materials—the com-
mercial alloys AM50, AZ31, AZ91, E21, WE43 and ZE41 together with
the high-purity variant HPMg51—form a tight cluster with pairwise
r = 0.67-0.92 (each pair computed over 73-100 shared molecules;
95% bootstrap CI lower bound >0.52 for every pair, and the cluster is
preserved when the top-decile-IE anchor molecules are excluded (see
SI Sec. S4)). Within this cluster, a molecule’s effectiveness ranking is
largely conserved from one material to another. The three target alloys
analysed in this work (outlined in black) all sit firmly inside this cluster.

This ranking conservation grounds both main results of Sections
3.1-3.2. Because the materials in the cluster share a common inhibitor
ordering, a model trained on any one of them can predict the others
almost by look-up: the labelled molecules recur across alloys, and the
IE ranking they induce transfers nearly verbatim. Conversely, removing
the recurring molecules from the source pool erases the apparent
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Fig. 3. SAR-similarity structure across Mg materials. Pairwise Spearman rank
correlation of inhibitor rankings across the 11 Mg-based materials in the
ExCorr database. The highest correlation (r > 0.85) was observed for the Al-
containing alloys in the investigated dataset (AM50, AZ31, AZ91) whereas
the three target alloys chosen for this study (AZ31, AZ91, WE43; outlined)
are located within a tightly correlated cluster of seven Mg materials (six
commercial alloys plus high-purity HPMg51; upper-left block) with pairwise
rankings at r=0.67-0.92. The high-Fe impurity variants (middle block) form a
looser second cluster, and Mg-0.8Ca (bottom row) is the sole alloy outside any
cluster, correlating with the others at r < 0.35. However, the pronounced drop
in r for Mg-0.8Ca has to be interpreted with caution, as this dataset originates
from a separate testing campaign with different experimental conditions while
the other ten materials were investigated under the same boundary conditions.

benefit—what remains are unseen molecules whose IE values the model
must predict without direct labelled neighbours. The cluster’s existence
is therefore responsible for both the large cross-alloy TL gain and
its filter-sensitivity. We emphasise that the cluster structure describes
correlated inhibitor rankings, not identical alloy corrosion behaviour in
absolute terms: two cluster members agree on which molecules inhibit
best, but not necessarily on the absolute IE values.

From a modelling perspective this means that any calibrated
regressor—from a random forest to a 300-dimensional graph network—
can exploit the shared ranking under unfiltered TL with similar
variance-explained quality, while a parameter-free nearest-neighbour
lookup ranks molecules well but cannot calibrate absolute IE. The task
reduces to the near-monotone cross-alloy re-scaling of a neighbouring
alloy’s label for the same molecule. It also means that extrapolation
beyond the molecules present in the joint Mg-alloy dataset is not
genuinely supported by cross-alloy TL. A practical consequence is that,
once a candidate inhibitor has been measured on one cluster member,
repeating the measurement on a second cluster member adds little new
information if performed at identical experimental conditions. Hence,
screening budgets are better spent on measuring new molecules not
yet present in the joint dataset, on alloys outside the cluster where
the SAR diverges and independent measurements carry non-redundant
information, or on re-measuring molecules under different conditions
(e.g. composition and concentration of the background electrolyte, in-
hibitor concentration, electrolyte-volume-to-sample-surface-area ratio,
initial pH, and alloy processing route and microstructure). From a
materials-engineering perspective, the correlation matrix of Fig. 3 may
serve as a practical decision tool. If the inhibitor rankings of a newly
developed Mg alloy correlate strongly with those of the main cluster it
is likely that the existing joint dataset may serve as basis for inhibitor
pre-selection. Conversely, weak correlations would indicate an out-of-
distribution alloy for which an independent screening campaign may
be required.
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3.4. Spearman correlation coefficients in context with alloy properties

The correlation structure of Fig. 3 may reflect mechanistic dif-
ferences between the different Mg-based materials. It should be em-
phasised that the subsequently discussed reasons for the uncovered
correlations (or lack thereof) are hypotheses and that their assessment
is based on the statistical evidence discussed in this work. Never-
theless, their interpretation is consistent with the observed ranking
correlations, with the compositional and impurity metadata of Ta-
ble S21, and with the established electrochemistry of Mg corrosion [5,
9,10,25,26]. However, a deep electrochemical and meta data-resolved
analysis is required to further substantiate the uncovered material-
dependent behaviour and provide evidence for the individual mech-
anisms proposed below. AM50, AZ31 and AZ91 (Al-containing com-
mercial Mg-alloys) exhibit very similar inhibitor ranking behaviour,
reflected by the consistently high Spearman correlations among these
alloys. This similarity is consistent with their shared alloying ele-
ments, microstructural characteristics and corrosion-control mecha-
nisms. In Al-containing Mg alloys, iron impurities are largely incorpo-
rated into Al-Fe-Mn-type intermetallic phases, which are significantly
less cathodically active than elemental Fe [9,10]. As a result, cor-
rosion is not governed by noble Fe-driven micro-galvanic coupling
but instead by processes such as surface-film formation, adsorption of
organic species, and precipitation of Mg-containing corrosion products,
as well as comparably weak galvanic coupling between Al-containing
secondary phases and the Mg matrix. Consequently, small organic
molecules tend to influence corrosion through generic surface inter-
actions rather than through strong iron-complexation effects, leading
to a stable and highly reproducible inhibitor ranking across this alloy
group. WE43, ZE41 and E21 (rare-earth-containing Mg-alloys) cluster
closely with the Al-containing alloys, albeit with slightly reduced cor-
relation strength. In these materials, rare-earth elements and Zr modify
impurity distribution in a manner analogous to aluminium. Iron is
scavenged into RE- or Zr-containing phases, reducing the cathodic ef-
ficiency of Fe-bearing particles and suppressing Fe redeposition during
corrosion [5,13]. As a consequence, the inhibitor-ranking behaviour is
less governed by suppression of Fe-driven cathodic activity and more
by how the organic molecules affect Mg matrix dissolution, interfa-
cial adsorption, and the formation or destabilisation of Mg-containing
corrosion products and electrolyte-derived precipitates. The hypothesis
that organic molecules may act through mechanisms similar to those
operating in Al-containing alloys is consistent with the observation
that their relative performance remains highly conserved within this
group, which would in turn explain the strong correlations observed.
Although HPMg51 and HPMg50 have comparable bulk impurity levels,
they occupy distinctly different positions in the correlation matrix,
consistent with a critical role of impurity elemental composition and
distribution within the Mg matrix, rather than total impurity content.
HPMg51 correlates reasonably well with the main alloy cluster which
is consistent with its Fe-containing impurity particles being chemically
modified by significant incorporation of Al and Zr. These elements
reduce the cathodic activity of Fe, suppress Fe2*/Fe3* re-deposition,
and thereby limit impurity-driven galvanic corrosion [5]. As a result,
corrosion of HPMg51 is governed largely by matrix- and surface-film-
controlled processes, and small organic molecules rank similarly to how
they do on AZ, AM, and RE-containing alloys. In contrast, the weak
correlation of HPMg50 with the alloy group is consistent with its Fe
impurities remaining electrochemically active. In this material, Fe-rich
particles often contain insufficient Al or Zr to suppress their cathodic
behaviour, leading to sustained micro-galvanic corrosion and dynamic
Fe re-deposition. Under these conditions, corrosion becomes strongly
controlled by Fe redox chemistry, and organic molecules that can
suppress Fe activity or complex dissolved iron gain disproportionate
importance. Such a shift in the hierarchy of inhibitor effectiveness
away from the alloy-like pattern would explain the low correlations of
HPMg50 with the other alloys despite similar nominal purity. HPMg50
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can therefore be regarded as a transitional case between alloy-like Mg
materials and commercial-purity Mg: although its nominal impurity
level is low, the electrochemical activity of its Fe-containing particles
causes inhibitor rankings to shift towards the Fe-controlled regime
observed for CP Mg. Commercial purity Mg (CPMg220 and CPMg342)
forms a clearly distinct group, positioned far from the alloy cluster
in the correlation matrix. In these materials, corrosion is dominated
by abundant Fe-rich impurity particles that act as highly efficient
cathodes [5,11]. Continuous Fe re-deposition amplifies cathodic area
and accelerates corrosion, making the system particularly sensitive
to the iron-binding capability of organic molecules [25,26]. Conse-
quently, inhibitors that are highly effective on CP Mg are often those
that suppress iron re-deposition, while adsorption-type inhibitors that
perform well on alloys may be far less effective. Such an impurity-
controlled corrosion regime reshuffles inhibitor rankings relative to
those observed for alloys and offers a consistent explanation for the
limited correlation between CP Mg and alloyed systems.

3.5. Mg-0.8Ca as an out-of-distribution contrast

Mg-0.8Ca is the only alloy in ExCorr that lies outside the SAR-
similarity cluster, with Spearman rank correlations of r <0.35 against
every other Mg material (see Fig. 3). Mg-0.8Ca’s molecular overlap
with the other alloys is also small (11-45 shared molecules per pair,
versus 73-100 within the commercial cluster). Hence, individual Mg-
0.8Ca pairwise correlations carry substantial sampling uncertainty (SI
Sec. S4) and are only utilised to support the qualitative claim that Mg-
0.8Ca lies uniformly outside the cluster. Consistency with this picture
would require that cross-alloy TL cannot recover accurate predictions
for Mg-0.8Ca under any setting.

This assumption is tested by rerunning the full experimental
pipeline with Mg-0.8Ca as the target alloy. Because Mg-0.8Ca has only
56 records with 49 unique molecules, a 4-fold split is used rather
than the 75/15 5-fold protocol of the main experiment. Fig. 4 shows
the Mg-0.8Ca result alongside the main target-alloy result for direct
comparison.

The Mg-0.8Ca Exact baseline is already mediocre—the best fitted
model (ChemProp) reaches only R> = —0.39, and the mean across
the four calibrated fitted models is R> ~ —0.96. Switching on cross-
alloy transfer further degrades the model. In the Close-unfiltered setting
the best Mg-0.8Ca model still has R?> = —3.46 (ChemProp), the mean
drops to R ~ 7.3, and MLP and kKNN-Tanimoto fall to R? = —12 and
R? <50 respectively. The same pattern holds in every transfer setting.
The Exact-to-Close-unfiltered shift is therefore Az, ~ -3 to —50 on
Mg-0.8Ca—a degradation—versus 4z = +0.52 for the cluster-resident
target alloys (an improvement). The contrast is consistent with the main
result: cross-alloy TL appears contingent on IE-ranking similarity to the
target, and outside the cluster the source pool actively pulls predictions
away from the target-alloy IE scale.

Mg—Ca alloys represent a fundamentally different corrosion class
and therefore appear as extreme outliers in the correlation matrix.
In Mg-0.8Ca, corrosion is governed primarily by the anodically active
Mg, Ca phase rather than by cathodic impurity particles [4]. Iron plays
only a secondary role, while Ca®* chemistry dominates the formation
and stability of protective surface layers. Small organic molecules
influence corrosion mainly by interacting with Ca®* as well as Mg?*,
for example by complexation or precipitation, which can accelerate cor-
rosion instead of inhibiting it. Because the controlling species and re-
action pathways differ from those in Fe-controlled or matrix-controlled
systems, the relative ranking of organic molecules in Mg-0.8Ca becomes
effectively decoupled from that observed for all other materials, which
might be one of the major reasons to result in a correlation that
is essentially zero. However, the weak correlation of Mg-0.8Ca with
the remaining Mg materials cannot be attributed unambiguously to
alloy chemistry alone. The Mg-0.8Ca data was curated from a separate
work [41], whereas most other Mg-alloy data were taken from a more



M. Busch et al.

Corrosion Science 273 (2026) 114276

—$— RF $—- MLP —$— ChemProp (D-MPNN)
GBR  —%— kNN-Tanimoto === Gemini 3.1 Pro
1.0 A
0.0 1 — e
= 0.5 < —25711\ '41/1
3 &)
% 0.0 Q —5.04
= S |
- S -7.54 T
g -0.51 2
R ~ —10.0+ |
| ~
L0 ~12.5 \ 1
_1.5 T T T T _15.0 T T T
Exact Close Close Far Far Exact Close Close Far Far
filt. unfilt. filt. unfilt. filt. unfilt. filt. unfilt.

In-cluster (AZ31, AZ91, WE43)

Mg-0.8Ca (outside cluster)

Fig. 4. Mg-0.8Ca contrast experiment. Both panels show R? but on different y-axis ranges (note the scale change between the panels). Left panel: main target-alloy
mean (AZ31, AZ91, WE43), shares the y-range of Fig. 1. Right panel: Mg-0.8Ca—the one magnesium alloy outside the SAR cluster (see Fig. 3). For the in-cluster
targets, the four calibrated fitted models reproduce the canonical TL pattern: Exact R> ~ —0.13 rises to Close-unfiltered R? ~ +0.39 and collapses again under
filtering. For Mg-0.8Ca, Exact is only mildly negative (R?>~—0.4 to —1.8) but cross-alloy transfer makes predictions worse, not better: Close- and Far-transfer R>
fall to —2 to —12 for the four calibrated fitted models and to R><-50 for kNN-Tanimoto (off-scale below the Mg-0.8Ca panel). For this out-of-distribution target,
cross-alloy TL leads to a substantial deterioration of the predictive performance. Gemini 3.1 Pro (black) is the exception: on Mg-0.8Ca it stays near R>~0 (—0.29
to +0.11) in every setting, never following the fitted models into strongly negative territory.

comprehensive screening campaign [13]. These two testing campaigns
differ in several experimentally relevant parameters, including inhibitor
concentration, NaCl concentration and electrolyte-volume-to-surface-
area ratio. In particular, the inhibitors for the investigation of Mg-0.8Ca
were tested at substantially lower and, in part, compound-specific
concentrations whereas the majority of the modulators in the larger
campaign was exposed to a fixed-concentration during experimental
screening. In addition, the electrolyte-volume-to-surface-area ratio was
approximately 10 for Mg-0.8Ca. This ratio was significantly smaller
(1-2.8) for HPMg50 and the Al- and RE-containing alloy chips, whereas
CPMg220 was tested at a ratio which was approximately one order of
magnitude higher. These differences can influence both the apparent
inhibition efficiencies and concomitantly their rank ordering. Indeed,
the existing data directly demonstrate that the operating concentra-
tion alone can strongly affect the inhibitor performance: same-alloy,
same-electrolyte rankings are conserved under moderate concentration
changes (Spearman r=0.90-0.93 for 20-32 mM vs. 50 mM) but collapse
to r ~ 0 at 0.5-2mM—the dilution factor separating the Mg-0.8Ca
campaign from the main one (SI Sec. S11, Fig. S7). A concentration
gap of this size is therefore by itself capable of destroying ranking
similarity. The low Mg-0.8Ca correlations must consequently be read
as the combined outcome of its distinct Ca-containing microstructure
and the different boundary conditions. Disentangling the two would
require re-measuring a subset of inhibitors under the main campaign’s
conditions—the single most valuable follow-up to this study. Mg-0.8Ca
is thus an out-of-distribution target in the sense of Section 2.2, differing
in both material system and protocol, rather than a general repre-
sentative of Mg—Ca alloys. Importantly, the conclusion is unaffected
by which factor dominates: In the present data, cross-alloy TL fails
whenever differences in material chemistry or experimental protocol
decorrelate the target’s Spearman-ranked inhibitor performance from
the source pool. Tracking the Spearman correlation coefficients in
a multi-material dataset provides a robust starting point for a first
educated guess on the probability for an effective transfer of domain
knowledge from one material to others. The resulting matrix can be ex-
ploited as a map of dominant corrosion-controlling mechanisms rather
than merely a statistical comparison of inhibitor performance. Like
molecules sharing similar structural features, different metallic alloys
will cluster when they share similar corrosion-controlling features. For
Mg-based materials, one dominating aspect is the suppression of Fe

activity after dissolution (e.g. by scavenging it from the electrolyte to
prevent replating) and its distribution in the matrix. The decrease from
alloyed Mg to high-purity Mg, then to commercial-purity Mg, and fi-
nally to Mg-Ca alloys reflects a systematic shift from matrix-controlled
to Fe-controlled and ultimately to anodic-phase-controlled corrosion.
The contrasting behaviour of HPMg51 and HPMg50 highlights that im-
purity distribution, not total impurity level, governs whether a material
behaves in an alloy-like or impurity-dominated manner.

3.6. Gemini 3.1 Pro: in-context LLM prediction and a zero-shot contami-
nation check

The Gemini 3.1 Pro in-context baseline reproduces the main SAR-
cluster pattern of Section 3.1 qualitatively—higher R? in the unfiltered
TL settings than in the filtered/Exact ones, and a clear filter-sensitivity
(Rzlose,unfilt = +0.36 vs. Réose,mt = +0.11)—but the absolute level of
its filtered/Exact performance is higher than for any of the five fitted
models. Where RF, GBR, MLP, kNN-Tan and ChemProp collapse to
negative R> once test molecules are removed from the training pool
or omitted entirely (down to R> = —1.2 for kNN-Tanimoto), Gemini
still reaches close-filtered R%=+0.11, far-filtered RZ=+0.19 and Exact
R? = 40.04 averaged across the three target alloys (Fig. 5; per-alloy
breakdown in Fig. S1).

Such a gap raises an obvious concern: that Gemini has already
encountered the ExCorr (molecule, IE) pairs during pretraining and
is essentially recalling memorised labels rather than performing in-
context structure-activity reasoning. This hypothesis is tested with a
zero-shot variant in which the model receives the same chemist-role
system prompt and the same experimental conditions for the held-out
molecule, but no in-context training examples whatsoever (no Exact
pool, no transfer pool). Each of the 75 molecules per target alloy is
queried 3 times.

The result (Fig. 5, hatched bars, Table S13) is clear: zero-shot R? is
negative on all three alloys (R? €[—0.66, —0.17]), meaning the zero-shot
predictor is worse than predicting the mean IE; Pearson r is +0.16 for
AZ31, +0.22 for AZ91 and +0.15 for WE43; and MAE is 100%-147% IE,
roughly 1.5x the in-context filtered-setting MAE. Were Gemini rely-
ing on memorised ExCorr labels, the zero-shot probe would inherit
them and reach performance comparable to the filtered in-context
setting. The in-context performance therefore reflects genuine use of
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Fig. 5. Gemini 3.1 Pro: in-context settings vs. zero-shot. For each target alloy, coloured bars show the per-setting R? of the in-context Gemini predictions and
the hatched white bars show the zero-shot baseline obtained without any in-context training records. Zero-shot R? is negative on every alloy (R?€[-0.66,—0.17],
Table S13), with Pearson r nevertheless reaching +0.15-+0.22—a small ranking signal that is statistically significant when pooled across the three alloys (see
SI). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

the supplied training records, not pretraining-corpus contamination.
Our companion study [40] provides a blinding methodology to dis-
tinguish memorisation-driven from knowledge-driven correlation. With
the zero-shot correlation already at the edge of insignificance, there is
no prior signal here whose origin would need to be disentangled, so
that methodology is not required.

Three further controls bracket the mechanism (details in SI Secs. S13
and S15). Randomly permuting the IE labels among the in-context
examples [48] collapses the Exact performance from R? = +0.13, r =
+0.67 to RZ = —0.90, r = +0.10—the zero-shot level—so the molecule—
label association in the prompt, not its format or a recalled prior,
drives the accuracy (Table S17). Re-serving the same examples in three
random orders changes R? by at most 0.06: the predictions are robust
to prompt order. Conversely, enriching the shallow models with ~210
RDKit physicochemical descriptors does not close the gap (best shallow
r=0.37 vs. 0.69 in-context; Table S19). The LLM’s small-data advan-
tage is thus neither input richness nor label recall—leaving pretrained
chemical knowledge exploited through genuine in-context learning as
the operative mechanism. The consistently positive (but low) zero-
shot Pearson r indicates a basic qualitative grasp of the Mg-inhibitor
SAR that predates the in-context examples—a useful prior in ranking
terms, but with negative R? it cannot account for the filtered-setting
variance-explained gap.

The mechanism behind Gemini’s dominance in the filtered and
Exact settings is then straightforward: once molecule-level leakage
is removed, every fitted model is effectively training on ~60 target-
alloy records, a regime in which conventional small-data ML pipelines
on ExCorr have previously been shown to underperform in-context
LLMs [39]. Pretraining has, in effect, supplied TL that the explicit Mg-
alloy source pool turned out not to provide. This TL probably happens
on a different level and covers rather general molecular properties
and chemical knowledge and leads to a more efficient training sample
usage.

The detailed cross-model comparison in the supplementary material
confirms the same ordering: across all filtered/Exact settings the in-
context LLM is the only method that retains useful predictive power,
while the fitted baselines close the gap only in the unfiltered settings
where the explicit transfer pool already supplies the labelled-molecule
information.

3.7. Limitations and future work

The zero-shot probe cannot prove whether the ExCorr dataset is
absent from Gemini’s pretraining corpus, only that pretraining-corpus

recall of labels is not driving the in-context performance: Gemini has
some prior knowledge of Mg-corrosion chemistry, but at a low level
consistent with the zero-shot Pearson r of 0.15-0.22 and R? values of
—0.17 to —0.66. Should future models exhibit a substantial zero-shot
correlation, the blinding methodology of our companion study [40]
allows distinguishing memorisation from genuine chemical knowledge.
However, for the present setting the near-absent zero-shot signal makes
that distinction unnecessary.

The null SAR-transfer result found in this study is partly a prop-
erty of ExCorr itself. Because the close pool consists almost entirely
of molecules already present on the target alloy, the filtered setting
removes most of the pool and leaves too few new molecules to reveal
whether genuine SAR transfer is possible. A broader source pool,
with inhibitor libraries deliberately designed to overlap less between
alloys, could separate SAR transfer from labelled-molecule re-use more
cleanly.

The Mg-0.8Ca contrast deliberately combines differences in both
alloy chemistry and experimental protocol (Section 3.5), making it a
particularly stringent test case for cross-alloy transfer learning. Unlike
the cluster-resident alloys, Mg-0.8Ca occupies an out-of-distribution
region of the dataset with respect to both materials characteristics and
testing conditions. The analysis of SI Sec. S11 shows that the concentra-
tion difference between the two screening campaigns alone is sufficient
to eliminate ranking similarity. Same-alloy, same-electrolyte rankings
remain highly correlated under moderate concentration changes but
collapse at the dilution factor separating the Mg-0.8Ca campaign from
the main one. Consequently, the outside-cluster position of Mg-0.8Ca
can most likely not be attributed solely to its Ca-containing microstruc-
ture and the observed drop in correlation is more appropriately inter-
preted as the combined consequence of alloy chemistry and experimen-
tal boundary conditions. Disentangling the two effects would require
remeasuring a subset of reference inhibitors on Mg-0.8Ca under the
conditions of the main screening campaign. Such an experiment could
potentially isolate the alloy-chemistry contribution and represents the
most informative follow-up to the present study. Importantly, the cen-
tral transfer learning conclusion does not depend on which factor
dominates since in the present dataset cross-alloy TL fails whenever the
inhibitor ranking of the target domain becomes decorrelated from that
of the source domains. This observation seems to be independent of the
physical origin of that decorrelation and substantiates why Mg-0.8Ca
serves as a deliberately challenging stress test of the transfer learning
framework rather than as a general representative of Mg-Ca alloys.
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4. Conclusion

Cross-alloy TL on ExCorr is technically effective but practically
limited: the only information that transfers is a near-monotone IE re-
scaling for molecules already measured on a correlated alloy. The
inhibitor-SAR component, which is what would make TL useful for
screening genuinely new candidates, contributes only insignificantly.
Given ExCorr’s heavy cross-alloy molecular overlap, this null result
does not rule out SAR transfer in principle but shows that the current
experimental database cannot expose it.

Adding Mg-alloy source data significantly improves prediction accu-
racy, but the gain vanishes entirely under molecule-disjoint filtering for
every fitted model. Only Gemini 3.1 Pro retains predictive power in the
filtered, ~60-molecule regime, with pretraining supplying the transfer
the explicit source pool does not [39].

The inhibitor-SAR contribution is zero: non-overlapping source
molecules do not improve prediction. The entire correlation gain stems
from alloy-context transfer, i.e. a monotone IE re-scaling for molecules
already tested on a cluster-neighbour alloy.

Seven Mg-based materials (six commercial alloys and the high-
purity variant HPMg51) share a common inhibitor ranking (pairwise
Spearman r >0.67)—they agree on which molecules inhibit best, though
not necessarily on absolute IE values. This ranking similarity is what
enables the alloy-context re-scaling. Mg-0.8Ca, the sole outlier (fitted-
model R? < -2 for transfer settings), is consistent with cross-alloy TL
being bound to the direct similarity of molecule labels between alloys.

Within the SAR-similarity cluster, alloy similarity itself is therefore
not the bottleneck for cross-alloy TL—the chemical diversity of the
experimental molecule set is. Future Mg-inhibitor screening campaigns
on cluster-resident alloys should prioritise testing chemically distinct
molecules across alloys rather than re-measuring previously tested
molecules on each new cluster member: the latter only re-encodes
information already in the joint dataset, whereas the former would let
cross-alloy TL deliver the SAR-transfer potential the present database
cannot expose.

Finally, the present study highlights an important limitation of
current QSAR/QSPR approaches for dissolution modulator discovery
which is not limited to Mg-based materials. The models commonly rely
primarily on descriptors derived from the chemical structure of the
tested compounds. While such descriptors are essential and work well
for studies using data of a single metal or one of its alloys, the present
results show that a generalisable model that is predictive of inhibitor
performance cannot be derived based on molecular properties alone.
The results indicate (and this does not come as a surprise) that the re-
sponse depends strongly on the investigated material, its impurity state,
microstructure as well as on the experimental boundary conditions
under which the inhibition performance of the small organic molecules
is assessed. This became particularly apparent for Mg-0.8Ca, where
the reduced correlation with the remaining Mg materials cannot be
assigned unambiguously to the distinct Ca-containing alloy chemistry
or to differences in the testing protocol alone, but most likely reflects a
combination of both. A further complication is that corrosion inhibition
data in the literature are reported using different performance metrics,
such as inhibition efficiency, inhibition power [49] or symmetrised
inhibition efficiency [50] to name a few concepts. These metrics are
not always directly interchangeable, because conversion between them
requires knowledge of the underlying uninhibited baseline experiment,
reference corrosion rate or reference hydrogen-evolution/weight-loss
value, which is often not reported. Consequently, even nominally sim-
ilar inhibitor performance values may encode different experimental
assumptions, further limiting the direct comparability of datasets. As a
follow-up to a recent review on the past decades of corrosion-inhibitor
research [14], a unified string-based representation, conceptually re-
lated to SMILES, is currently being developed to encode inhibitor,
material and environment information in a single machine-readable
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format. This representation is intended to enable the training of next-
generation QSAR/QSPR models by combining relevant features of the
tested modulators with rich metadata from experimental protocols
and tested substrate to create the foundation for more comprehensive
models.

CRediT authorship contribution statement

Matthias Busch: Writing — original draft, Visualization, Software,
Methodology, Investigation, Formal analysis, Conceptualization. Mar-
ius Tacke: Writing — review & editing. Sviatlana V. Lamaka: Writing
— review & editing, Funding acquisition. Mikhail L. Zheludkevich:
Writing — review & editing. Christian J. Cyron: Writing — review &
editing, Funding acquisition. Roland C. Aydin: Writing — review &
editing, Supervision, Conceptualization. Christian Feiler: Writing —
original draft, Visualization, Supervision, Conceptualization.

Code availability

The source code for all experiments, including LLM prompt tem-
plates, MPNN training scripts, and analysis pipelines, is available at
https://github.com/MatthiasHBusch/CrossAlloyTL.

Declaration of Generative AI and Al-assisted technologies in the
writing process

During the preparation of this work the authors used Claude Code in
order to review the manuscript for errors and possible improvements.
This includes rephrasing of parts of the manuscript. After using this
tool/service, the authors reviewed and edited the content as needed
and take full responsibility for the content of the published article.

Funding

Funding via project 535656357 by Deutsche Forschungsgemein-
schaft (DFG) is gratefully acknowledged: https://gepris.dfg.de/gepris/
projekt/535656357

Declaration of competing interest

The authors declare that they have no known competing finan-
cial interests or personal relationships that could have appeared to
influence the work reported in this paper.

Acknowledgements

M.B,, S.V.L., M.L.Z.,, C.J.C., R.C.A. and C.F. acknowledge funding
by the Deutsche Forschungsgemeinschaft (DFG; project 535656357).
We gratefully acknowledge the support of the Helmholtz-Gemeinschaft
Deutscher Forschungszentren (HGF).

Appendix A. Supplementary data

The supplementary information file supplement.pdf provides
per-alloy record counts and per-fold test/pool molecule-overlap statis-
tics (Tables S1-S2), full per-model per-setting metrics (R2, Pearson r
and MAE; Tables $3-S5), the per-target-alloy R> breakdown (Fig. S1,
Table S6), the cluster-robustness analysis with bootstrap CIs and
anchor-exclusion partial correlations (Table S7, Fig. S2), pairwise IE-
scatter examples (Figs. S3-S4), the complete Mg-0.8Ca contrast results
for the fitted models (Table S8) and for Gemini 3.1 Pro (Table S9),
feature/hyperparameter details (Tables S10-S11), the paired Wilcoxon
comparison of the Exact and Close-filtered settings (Table S12), the
Gemini 3.1 Pro zero-shot contamination check (Table S13), the Pearson
r and MAE companion figure to main text Fig. 1 (Fig. S5), pooled
Pearson-r p-values (Table S14), the covariate-shift analysis of the
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transfer pools (Sec. S10, Fig. S6), the rank-stability analysis under
inhibitor-concentration changes (Sec. S11, Fig. S7, Table S15), the
ChemProp hyperparameter-sensitivity grid (Sec. S12), the in-context
label-shuffle and prompt-order controls (Sec. S13, Table S17), the
fold- and sample-selection robustness checks (Sec. S14, Table S18),
the descriptor-enriched shallow baselines (Sec. S15, Table S19), the
continuous alloy-composition encoding variants (Sec. S16, Table S20),
and the measured materials characteristics and boundary conditions
(Sec. S17, Table S21).

Supplementary material related to this article can be found online
at https://doi.org/10.1016/j.corsci.2026.114276.

Data availability

The experimental corrosion dataset and all model predictions are
available at https://github.com/MatthiasHBusch/CrossAlloyTL.
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