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 A B S T R A C T

Large language models (LLMs), such as GPT-4o, have shown promise in solving everyday tasks and addressing 
fundamental scientific challenges by leveraging extensive pre-trained knowledge. In this study, we investigate 
their potential to predict the efficiency of various organic compounds in inhibiting the corrosion of the 
magnesium alloy ZE41. Traditional approaches, such as Multilayer Perceptrons (MLPs), rely on non-contextual 
data, often necessitating large datasets and substantial effort per sample to achieve accurate predictions. These 
methods particularly struggle with small datasets as their training data and domain of applicability is limited 
to a small area of the available chemical space. LLMs can contextualize and interpret limited data points 
by drawing on their vast knowledge, including the chemical properties of molecules and their influence on 
corrosion processes in other materials (e.g. iron and aluminium). By prompting the model with a small dataset, 
LLMs can provide meaningful predictions without the need for extensive training. Our study demonstrates that 
LLMs can predict corrosion inhibition outcomes and outperform classical approaches, such as MLPs, having 
access to the identical number of training samples.
1. Introduction

In recent years, large language models (LLMs) have gained signifi-
cant attention in both public discourse and academic research, evolving 
from their original purpose in natural language processing to demon-
strating remarkable versatility across various domains [1,2]. Initially 
designed to handle tasks such as answering general questions, assisting 
in programming, and performing simple reasoning tasks, LLMs have 
since been applied to more complex challenges, including regression, 
prediction, and classification of numerical datasets.

To enhance the quality and accuracy of LLM-generated responses, 
researchers have developed strategies like prompt engineering and 
advanced techniques such as chain of thought (CoT [3]), tree of thought 
(ToT [4]), and skeleton of thought (SoT [5]). These methods en-
able LLMs to produce structured and well-reasoned outputs by al-
lowing them to engage in more reflective and self-guided problem-
solving processes. This growing recognition of LLMs as powerful tools 
has spurred their exploration in fields beyond traditional language 
processing, including chemistry.
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The idea of using natural language processing (NLP) based machine 
learning models for chemistry tasks is among the more recent research 
topics. Tetko et al. [6], for example, used models based on the trans-
former architecture trained on SMILES strings [7] to predict synthesis 
steps for molecules. A step further goes the idea to use LLMs that are not 
trained for one purpose with a special vocabulary, but instead for gen-
eral NLP tasks. The application of LLMs in chemistry, in particular, has 
emerged as a promising area of research, with efforts focused on how 
these models can effectively leverage chemical knowledge. Researchers 
have employed various approaches to enhance LLM performance in this 
domain. For example, Hatakeyama-Sato et al. [8] examined GPT-4’s 
ability to process and apply chemical knowledge through prompt-
based interactions, identifying both its potential and its limitations in 
reasoning and knowledge gaps. In addition, Jablonka et al. [1] re-
viewed techniques like fine-tuning GPT-2 and GPT-3.5 and connecting 
GPT-4 with external tools to improve its utility in chemistry-related 
tasks. Advancing this work, Bran et al. [9] developed ChemCrow, a 
tool that integrates simulations, internet access, and chemical APIs 
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Received 6 March 2025; Received in revised form 30 April 2025; Accepted 1 June 
vailable online 20 June 2025 
010-938X/© 2025 The Authors. Published by Elsevier Ltd. This is an open access a
2025

rticle under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ). 

https://www.elsevier.com/locate/corsci
https://www.elsevier.com/locate/corsci
https://orcid.org/0009-0004-0420-119X
https://orcid.org/0009-0009-4199-3292
https://orcid.org/0000-0002-0349-0899
https://orcid.org/0000-0002-9658-9619
https://orcid.org/0000-0002-1239-4778
https://orcid.org/0000-0001-8264-0885
https://orcid.org/0000-0003-4312-7629
https://orcid.org/0000-0002-9542-9146
https://doi.org/10.5281/zenodo.14882459
https://doi.org/10.5281/zenodo.14882459
https://doi.org/10.5281/zenodo.14882459
https://doi.org/10.5281/zenodo.14882459
https://doi.org/10.5281/zenodo.14882459
https://doi.org/10.5281/zenodo.14882459
https://doi.org/10.5281/zenodo.14882459
https://doi.org/10.5281/zenodo.14882459
https://doi.org/10.5281/zenodo.14882459
https://doi.org/10.5281/zenodo.14882459
https://doi.org/10.5281/zenodo.14882459
https://doi.org/10.5281/zenodo.14882459
https://doi.org/10.5281/zenodo.14882459
https://doi.org/10.5281/zenodo.14882459
https://doi.org/10.5281/zenodo.14882459
https://doi.org/10.5281/zenodo.14882459
https://doi.org/10.5281/zenodo.14882459
https://doi.org/10.5281/zenodo.14882459
https://doi.org/10.5281/zenodo.14882459
https://doi.org/10.5281/zenodo.14882459
https://doi.org/10.5281/zenodo.14882459
https://doi.org/10.5281/zenodo.14882459
https://doi.org/10.5281/zenodo.14882459
https://doi.org/10.5281/zenodo.14882459
https://doi.org/10.5281/zenodo.14882459
https://doi.org/10.5281/zenodo.14882459
https://doi.org/10.5281/zenodo.14882459
https://doi.org/10.5281/zenodo.14882459
https://doi.org/10.5281/zenodo.14882459
https://doi.org/10.5281/zenodo.14882459
https://doi.org/10.5281/zenodo.14882459
https://doi.org/10.5281/zenodo.14882459
https://doi.org/10.5281/zenodo.14882459
https://doi.org/10.5281/zenodo.14882459
https://doi.org/10.5281/zenodo.14882459
https://doi.org/10.5281/zenodo.14882459
https://doi.org/10.5281/zenodo.14882459
https://doi.org/10.5281/zenodo.14882459
https://doi.org/10.5281/zenodo.14882459
mailto:matthias.busch@tuhh.de
mailto:christian.feiler@hereon.de
mailto:roland.aydin@hereon.de
https://doi.org/10.1016/j.corsci.2025.113080
https://doi.org/10.1016/j.corsci.2025.113080
http://creativecommons.org/licenses/by/4.0/


M. Busch et al.

 

Corrosion Science 255 (2025) 113080 
to extend LLM capabilities in molecular transformations and property 
predictions. Moreover, Jablonka et al. [10] demonstrated the potential 
of fine-tuned GPT-3 models in tasks such as classification, regression, 
and molecule design, while Zhang et al. [11] trained a domain-specific 
LLM, ChemLLM, on a large chemical database, showcasing the value 
of specialized models in chemical research.A very recent assessment of 
the capabilities of fine-tuned LLMs was done by Van Herck et al. [12]. 
This study provides an overview of the performance of fine-tuned open 
source LLMs on a variety of datasets from different fields in chem-
istry and material sciences. The authors showed that fine-tuning LLMs 
enables them to outperform classical machine learning approaches in 
various classification tasks.

Magnesium (Mg) and its alloys are increasingly used in various 
novel industrial applications due to their abundance, affordability, 
and versatility. However, the high chemical reactivity of magnesium 
requires domain-specific adjustments of its degradation behavior. In 
transportation [13,14], corrosion must be prevented to avoid critical 
material failure. In medical applications (e.g. temporary biodegradable 
stents or bone screws [15,16]), the degradation rate must be pre-
cisely controlled to match varying treatment or patient healing rates. 
For energy applications like Mg-air primary [17,18] and secondary 
batteries [19], a steady rate of Mg dissolution is essential to ensure 
constant energy output [20]. Several strategies, including alloying and 
surface coatings, have been developed to regulate the degradation of 
Mg-based materials [21,22]. A promising approach involves the use 
of small organic molecules, which have shown significant potential in 
controlling the dissolution properties of pure Mg and its alloys [23,24]. 
The vast chemical diversity of organic modulators is a major advantage, 
offering nearly limitless possibilities for tailored solutions. The number 
of available organic compounds is rapidly growing, with 120 million 
new compounds reported in the last decade alone. Estimates suggest 
that there could be as many as 1063 [25] organic compounds with 
useful properties, making the chemical space effectively infinite. Recent 
advancements in automation, robotics, and combinatorial chemistry 
are enabling the synthesis of larger and more diverse chemical libraries, 
and the integration of computer-assisted synthesis methods further 
accelerates the growth of available compounds [26].

However, even with the most sophisticated high-throughput tech-
niques available today [27–29], researchers can only explore a tiny 
fraction of this space. Fortunately, quantitative structure–property or 
structure–activity relationships (QSPR, QSAR) techniques have emerged
as tools to efficiently search larger regions of chemical space with 
significantly less time and effort, rendering them invaluable for short-
listing molecules with desirable properties for specific applications [30–
37], but require extensive, reliable, chemically diverse, and balanced 
training datasets to achieve accurate and generalizable predictions.

Unfortunately, the available training data in the field of corrosion 
modulator research is quite limited from a machine learning point of 
view as a large part of chemicals that are labeled with an IE value are 
proprietary data and not available to the public domain. Fortunately, 
LLMs show great potential to mitigate the lack of available training data 
by utilizing their extensive base knowledge to understand contextual 
data and enhance model predictions. By drawing on a vast reposi-
tory of scientific information, LLMs can help bridge gaps in existing 
datasets, supporting more accurate and reliable predictions of inhibi-
tion efficiency without the immediate need for additional experimental 
data.

This study compares and evaluates various prediction approaches 
for the corrosion inhibiting effect of small organic molecules for mag-
nesium that utilize LLMs. The models include general models, such as 
o1 and Llama-3.1-405B, as well as two specialized LLMs, ChemLLM 
and ChemBERTa. These models are provided with exemplary data 
points and compared to baseline results from a basic neural network 
architecture that we have previously published. The baselines consist 
of an MLP from Schiessler et al. [38].
2 
We hypothesize that, with LLM-based prediction approaches, re-
placing the full set of input data for the MLP with only the molecule 
names and their SMILES strings [7] can lead to at least the same 
prediction accuracy on the test set. This would simplify building a 
feature prediction model since no additional input data would be 
needed. We further hypothesize that if the molecule names and SMILES 
strings are combined with the MLP input data, the prediction results 
may be further improved by leveraging the pre-trained knowledge of 
the LLMs. This approach is particularly important given that the dataset 
contains only 75 samples, and increasing its size requires significant 
effort. Moreover, we performed a number of sanity checks to eliminate 
the risk that the training corpus of the used LLMs contains the original 
manuscript that is used as a benchmark in this work.

2. Results and discussion

Naturally, the small size of the dataset with only 75 samples raises 
concerns about the generalizability of the findings. To test the gener-
alizability of the LLM-based approaches, the best performing variants 
are applied to four more corrosion datasets, for which the results can be 
found in the supplementary information. Additionally, our hypothesis 
is that the approaches presented in this study mitigate this risk due 
to the fact that the LLMs they are based on have been pre-trained on 
very large and versatile training data and are not specifically built for 
this prediction task. In this context, we want to emphasize that the 
predictive models were developed as if the blind test set did not exist. 
By withholding the blind test set from all pre-processing and training 
steps for all models that are evaluated in this work it is ensured that 
the blind test set probes the generalizability of the models.

The prediction approaches that we will probe in the next paragraphs 
are categorized into three groups: non-LLM approaches used to gener-
ate reference results (baselines), approaches using LLMs that have been 
fine-tuned on chemical texts/data (specialized LLMs) and approaches 
that rely on the use of general LLMs without fine-tuning (general LLMs). 
The main text mainly focuses on the error metrics root mean squared 
error (RMSE), mean absolute error (MAE) and correlation (Pearson r) to 
compare different approaches. In the supplementary information, sam-
ple based comparisons can be found, such as box plots for prediction 
distributions.

2.1. Prediction accuracy of baseline models

Three non-LLM approaches were chosen as baselines. The first one 
is taken from a recent paper, Schiessler et al. [38], and the data 
that was used within it is used as basis to test our hypotheses. The 
other two baseline models are implemented using the Python library 
Chemprop [39,40], which builds a neural network with molecular 
graphs as input. The first Chemprop implementation relies solely on 
the molecular structure for prediction, while the second architecture 
additionally uses the descriptors that the MLP also receives as input.

In Fig.  1, the three metrics – root mean squared error (RMSE), 
mean absolute error (MAE), and correlation – are depicted for the three 
baseline approaches. It can be observed that the MLP performs similarly 
to the second Chemprop implementation, except in the correlation 
metric, where the Chemprop implementation with descriptors slightly 
outperforms the neural network-based approach from our recent work 
Schiessler et al. [38]. However, the first Chemprop implementation, 
which only uses molecular graphs as input data without the descriptors, 
performs significantly worse than the other approaches. Using the 
blind test set that was selected to compare different machine learning 
approaches in this study, it is apparent that a model using molecular 
graphs as input does not outperform a traditional neural network 
approach that relies on distinct molecular descriptors as input features. 
Adding these descriptors as additional information to the input vector 
of the graph-based model improves the correlation between predicted 
and experimental values. However, this slight bump in the correlation 
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Fig. 1. Overview of the baseline results using different evaluation metrics. The MLP 
results are sourced from Schiessler et al. [38]. The correlation metric indicates the 
relationship between the predictions and the experimental values, where higher values 
signify better results (right). Conversely, lower values for the error metrics RMSE 
(center) and MAE (left) denote improved performance.

might not justify the additional effort of applying a graph-based neural 
network instead of directly using a classic MLP approach.

The reason for the lack of predictive power using the Chemprop 
approaches might be the large neural networks inside the model that 
are trained on a very small training set. One could potentially mitigate 
this by using transfer learning to build a feature extraction model for 
molecules and, in a second step, training a neural net on these features. 
These features could be more useful for the prediction task than the 
features extracted for the MLP. However, this is just an assumption and 
finding a dataset together with labels that result in a fitting feature 
extraction model can be difficult given that data in the domain of 
corrosion research is already scarce. Fortunately, in the LLMs that we 
will probe in the next chapter for their capability to predict corrosion 
inhibition efficiencies of small organic molecules, the transfer learning 
is automatically included because of their pre-trained knowledge.

2.2. Using domain-specific LLMs for predicting IEs

Since we are interested in predicting the impact of small organic 
molecules on the corrosion rate of ZE41, an intuitive choice is to probe 
the performance of LLMs that are tailored to the domain of chemistry. 
Here we chose ChemBERTa [41,42] and ChemLLM [11] to compete 
with our original neural network model.

ChemLLM is a larger model, prompted with variants containing 
2 billion and 8 billion parameters. However, this model was unable 
to effectively analyze the training dataset or predict the corrosion 
inhibition efficiencies. The ChemLLM variants yielded near-zero or 
negative correlation and MAEs of 90–95, so we have omitted their plots 
from the main text. For reproducibility, all ChemLLM model code is 
included in our project repository (see Section ‘‘Code availability’’). 
The results obtained from ChemLLM show that the prediction task is 
not trivial for language models. Knowledge about the molecules and 
the problem setting is not enough to make accurate predictions. For 
a prediction task, an LLM has to be able to analyze a large amount 
of data, find patterns in it and apply this knowledge to a test sample. 
ChemLLM seemingly does not have these abilities. The results of the 
second domain-specific LLM (ChemBERTa) are shown in Fig.  2. We fed 
ChemBERTa only the SMILES string and attached a regression head, 
trained on our data, that directly outputs predicted efficiencies. The 
names of the ChemBERTa variants indicate different training set sizes 
and modes. The parameter counts of the ChemBERTa variants range 
from 3.4 million (for the first 6 MLM and MTR variants) to 83 million 
(for the Zinc-250k versions). Their performance varied, and without the 
use of descriptors, they consistently produced significantly less accurate 
3 
Fig. 2. Overview of the mean absolute errors (MAEs) for the predictions of the Chem-
BERTa approaches using varying sets of parameters. The red dashed line represents the 
MLP results from our previous study for direct comparison.

predictions than the baseline MLP from our previous work Schiessler 
et al. [38]. Incorporating descriptors into the input improved accuracy 
to a level comparable with the graph-based networks; only the ‘‘77M-
MLM’’ variant slightly outperformed the baseline MLP in MAE. The 
other models were unable to achieve this level of accuracy. The results 
indicate that additional features (the ChemBERTa outputs) fed into an 
MLP (here the regression head) can decrease the prediction quality. 
This again raises the question of whether the effort required to compute 
molecular descriptors and feed them into an expensive LLM is justified, 
given that a simple neural network achieves similar accuracy. This 
serves as an important reminder that simply adding more training data 
is not a panacea—instead, judicious use of existing data is crucial for 
building robust models. 

2.3. Putting general LLMs to the test

In the next chapter, we will put a number of more general LLMs 
to the test as they created the impression that they have an accurate 
answer to all questions in recent years. We selected four OpenAI models 
(GPT-3.5, GPT-4o, o1, and o3-mini) and Meta’s open LLM Llama-3.1-
405B for our experiments. For each model, four different prompting 
strategies were explored (for details see method Section 3.2.4). Each 
configuration was tested in two variants: firstly, feeding the models 
only molecular names and SMILES strings; and secondly – similar to the 
preceding chapters – with the additional set of molecular descriptors.

The MAEs of the results are depicted in Figs.  3 and 4. Generally, 
o1 or o3-mini, being the newest models, return the best results in 
every configuration except for the configuration with descriptors and 
with pre-analysis. Interestingly, this approach returns the overall best 
predictions, where GPT-4o outperforms o1 and o3-mini.

Meta Llama-3.1-405B
Meta’s Llama-3.1-405B shows the lowest prediction accuracy with-

out descriptors across all prompting strategies, with correlation values 
(supplementary information) at most around 0, indicating no capability 
to predict the impact of compounds on the magnesium corrosion pro-
cess from the molecular structure. However, adding descriptor data to 
the prompt improves Llama’s prediction quality across all prompting 
strategies, outperforming GPT-3.5 in three of four approaches and 
nearly reaching the baseline MLP with the pre-analysis prompting 
strategy. Notably, it outperforms the baseline MLP with respect to 
correlation (Fig.  5).
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Fig. 3. Overview of the general LLM results: MAEs without the additional descriptor input. The red dashed line shows the MLP result for comparison. The prompting approaches 
denote one ChatGPT-written and three manually written prompting strategies. The basic few-shot approach does not include any helping steps, which the manually refined prompt 
does include. The pre-analysis denotes one prompt to preemptively analyze the training data before the prediction step.
Fig. 4. Overview of the general LLM results: MAEs with the additional descriptor input. The red dashed line shows the MLP result for comparison. The prompting approaches 
denote one ChatGPT-written and three manually written prompting strategies. The basic few-shot approach does not include any helping steps, which the manually refined prompt 
does include. The pre-analysis denotes four prompts to preemptively analyze the training data before the prediction step.
GPT-3.5
GPT-3.5 consistently shows high MAE values and does not benefit 

from more sophisticated prompting approaches. Adding descriptors to 
the prompt does not change prediction quality, except for a slight 
increase in MAE. GPT-3.5 does not surpass the baseline in any metric 
with any approach. These results indicate that GPT-3.5 is not able to 
follow instructive prompts to be able to profit from more advanced 
prompting strategies.

GPT-4o
GPT-4o’s performance varies considerably depending on prompting 

approach. Without descriptors, performance progresses from weakest 
with ChatGPT-generated prompts to strongest with the pre-analysis 
approach, which surpasses baseline results. With descriptors, results 
are mixed: ChatGPT-generated prompts show improvement but remain 
insufficient, while the basic few-shot approach surprisingly decreases 
in accuracy. The refined approach with descriptors exceeds baseline 
performance, and the pre-analysis approach yields the study’s best MAE 
scores.
4 
GPT-4o displays the highest sensitivity to prompting strategy, with 
pre-analysis prompting providing substantial improvements. This sug-
gests limitations in context window utilization and data analysis capa-
bilities without proper guidance, particularly for numerical data.

o1
o1 generally outperforms GPT-4o by 5–10 MAE IE in configura-

tions without descriptors. With descriptors, performance differences 
vary more substantially. Unlike GPT-4o, o1 shows less dependency 
on prompting refinement, improving by only ∼ 8 MAE IE from basic 
few-shot to pre-analysis approaches (compared to GPT-4o’s ∼ 34 MAE 
IE improvement). This indicates o1’s superior capability to indepen-
dently analyze molecular structures and formulate effective prediction 
workflows without extensive guidance.

While GPT-4o achieves the best overall MAE (43.4 vs. o1’s 48.2) 
with optimized prompting, both models reach similar correlation scores 
(∼ 86%). This suggests qualitatively similar predictions with different 
quantitative accuracy, possibly indicating GPT-4o’s broader knowledge 
base versus o1’s stronger reasoning abilities.
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Fig. 5. Overview of the general LLM results: correlations with the additional descriptor input. The red dashed line shows the MLP result for comparison. The prompting approaches 
denote one ChatGPT-written and three manually written prompting strategies. The basic few-shot approach does not include any helping steps, which the manually refined prompt 
does include. The pre-analysis denotes four prompts to preemptively analyze the training data before the prediction step.
o3-mini
o3-mini shows remarkably consistent prediction accuracy across 

all prompting approaches without descriptors (MAE range 57–65). It 
outperforms other LLMs in three of four approaches but is still out-
performed by o1 in the approach with pre-analysis. With descriptors, 
it performs similarly to o1. Most notably, o3-mini is the only model 
that approaches baseline MLP performance with ChatGPT-generated 
prompts, demonstrating the highest prompting-scheme independence. 
However, it does not match the peak performance of GPT-4o or o1, 
with correlation metrics approximately 10% lower than these models.

Comparative analysis of the prompting strategies
The evolution from GPT-4o to o1 to o3-mini shows progressively 

decreasing dependency on prompt optimization. As reasoning models, 
o1 and o3-mini’s architectures focus on iterative answer improvement 
rather than raw parameter count, enabling more consistent task un-
derstanding regardless of prompt formulation. However, their reduced 
parameter count may limit access to specialized knowledge required for 
achieving optimal results in niche domains.

Within this study, prompts written by ChatGPT result in very in-
accurate predictions, which are overly verbose and lack clear task 
structure—o3-mini is the exception, as it successfully interprets them. 
The basic few-shot approach performed better for most LLMs, especially 
o1, showing that a short, well-structured prompt leads to more accurate 
predictions than a long, non-optimized prompt with unnecessary tasks 
and information. Manually optimized prompts further improve the per-
formance across LLMs, with GPT-4o benefiting most significantly ( 35 
IE MAE reduction versus  14 IE for o3-mini). Additionally, prompt sep-
aration strategies substantially benefited GPT-4o but provided minimal 
improvement for the reasoning LLMs o1 and o3-mini.

2.4. Do they already know the answer to the question?

Their good prediction accuracy leads to the question of whether 
some of the LLMs might have been trained on the paper Schiessler 
et al. [38]. In this publication, a table with the names and labels of 
the blind test set samples is included and the publication date precedes 
the knowledge cutoff of OpenAI’s newer GPT models. Therefore, the 
paper could be part of the training corpus of one or more of these 
models. However, no evidence was found to support this hypothesis. 
This was tested using greedy decoding to continue text excerpts from 
the publication. Furthermore, it is assumed, that if the LLMs were 
trained on the test set, the prediction error would be significantly lower. 
5 
Fig. 6. Overview of the best results from each group using different evaluation metrics. 
The MLP results are sourced from Schiessler et al. [38]. The correlation metric indicates 
the relationship between the predictions and the experimental values, where higher 
values signify better results. Conversely, lower values for the error metrics RMSE 
(root mean squared error) and MAE (mean absolute error) denote improved model 
performance.

Notably, approaches using only names and SMILES strings should 
perform better, as the publication includes the names and IE values but 
lacks descriptors. However, unraveling the thought process of LLMs is 
one of the current limitations as there are no tools available yet that 
allow us to shed light on the black box.

2.5. Rise of the transformers?

Over the course of the preceding chapters, we compared multi-
ple approaches for predicting the corrosion inhibiting effect of small 
organic molecule dissolution modulators for the Mg alloy ZE41. As 
it is easy to lose oneself in the myriad of tested variants, we will 
compare each group’s best performing approach together with the 
chosen benchmark model from Schiessler et al. [38] (see Fig.  6).

As apparent from Fig.  6, neither the best performing chemical 
graph-based approach (RMSE = 71.9, MAE = 62.1, 𝑟𝑝𝑒𝑎𝑟𝑠𝑜𝑛 = 66.3%) 
nor the best performing chemistry domain-specific LLM ChemBERTa 
(RMSE = 68.4, MAE = 58.2, 𝑟𝑝𝑒𝑎𝑟𝑠𝑜𝑛 = 66.2%) significantly outperformed 
the MLP baseline model (RMSE = 73.0, MAE = 61.3, 𝑟𝑝𝑒𝑎𝑟𝑠𝑜𝑛 = 60.0%). It 
is noteworthy that the correlation between the second domain-specific 
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LLM (ChemLLM) and the experimental values was essentially zero. 
Finally, some of the approaches based on more recently published 
general LLMs (o1, o3-mini and GPT-4o) outperformed the MLP baseline 
significantly with GPT-4o being the best-performing model (RMSE =
50.5, MAE = 43.4, 𝑟𝑝𝑒𝑎𝑟𝑠𝑜𝑛 = 85.8%) whereas GPT-3.5 and Llama 3.1 
405B did not outperform the benchmark MLP model by Schiessler 
et al. [38] under any prompting strategy.

2.6. Conclusion

This study demonstrates that using large language models (LLMs) 
like GPT-4o for prediction tasks on small datasets offers clear advan-
tages (see Fig.  6). The predictions made by GPT-4o, especially when 
given additional contextual information, significantly outperform those 
from a traditional MLP as well as all other approaches that have been 
explored in this study. Several factors contribute to this result.

First, more recent LLMs (e.g. OpenAI’s GPT-4o) already have sub-
stantial built-in knowledge, which makes them more efficient with 
training data. Similar to transfer learning, these later models do not 
need to learn basic scientific principles from scratch. LLMs understand 
molecules, their functional groups, and basic chemistry related to cor-
rosion. This means the training samples are used only for the actual 
task—figuring out how the molecules affect corrosion.

Second, the ability to interpret input data in string format, like 
molecule names and their SMILES strings, improves the predictions. 
Even using only this data, some models perform better—e.g., o1 achieve
an MAE of 51.6 compared to the MLP baseline’s 61.3. When combined 
with the MLP descriptor input data, the accuracy improves further to 
an MAE of 43.4 for GPT-4o.

Third, the ability to generalize from pre-existing knowledge and 
training data plays a key role. Despite likely recognizing the molecules 
in the dataset, chemistry-specialized models like ChemBERTa and 
ChemLLM show limited predictive capability for corrosion inhibition. 
This indicates that domain knowledge alone is insufficient—effective 
reasoning abilities are equally important. Newer general LLMs sig-
nificantly outperform chemistry-specialized alternatives. Most models 
can improve with well-structured prompting strategies, but the oldest 
models struggled to follow these instructions. By contrast, the reasoning 
models show less dependency on the prompt, because they are able to 
instruct themselves well enough. o1 outperforms the baseline using an 
unoptimized prompting strategy. Similarly, splitting the prompt mainly 
improves non reasoning LLMs, probably because reasoning LLMs can 
handle much larger context windows without detailed instructions.

The generalizability of the general LLM-based prediction approaches
shows mixed results correlating to the representativity of the training 
set in terms of chemical space overlap with the respective test set. 
The results clearly show generalizability to different datasets, but with 
partly diminished correlation. The results, further analysis on the gen-
eralizability and an analysis of the applicability domain can be found 
in the supplementary information (chapters 1 and 2). Furthermore, 
the differences in prediction consistency are remarkable, especially 
when comparing LLM-based approaches with the baseline MLP. An 
in-depth analysis of a selection of the distributions is provided in the 
supplementary information (chapter 3), which shows that the variance 
of GPT-4o’s predictions is much more inconsistent than that of the MLP.

Overall, the results show the power of LLMs in predicting corrosion 
inhibition efficiency on small datasets. The ability to use pre-trained 
knowledge, incorporate additional data, and generalize from training 
examples makes them highly effective for this type of task. Building 
an accurate model to screen the chemical space of potential corro-
sion modulators is an important aspect of corrosion science. With the 
screening, potential candidates for laboratory tests can be identified. 
A more accurate screening model reduces the number of costly, time-
consuming laboratory tests. Likewise, training on a smaller base dataset 
minimizes the number of compounds that must undergo real-world 
experiments. However, this study does not yet relate to real world ap-
plications, as all the data is laboratory-scale. That means, the behavior 
of a corrosion modulator might change significantly when putting it 
into a coating. 
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2.7. Outlook

Nonetheless, tailored models based on traditional approaches like 
the MLP used as benchmark in this study or other supervised learning 
approaches based on random forests [43] or kernel principal covariates 
regression will remain important tools in the next decades as they 
allow to generate reliable models despite being restricted to a smaller 
domain of the chemical compound space compared to LLMs with 
their inherent capability to generalize better across large domains of 
chemical space [44].

As evidenced by this work, large language models will drive the 
next paradigm shift in materials research—pushing the limits of pre-
diction accuracy in quantitative structure–property relationship mod-
els and related tasks, especially when provided with additional con-
text (e.g., molecule names, SMILES strings, and experimental details). 
The LLM-based approaches presented in this work will synergize with 
iterative experimental campaigns to rationally increase the founda-
tion for in-context learning by adopting active learning or design of 
experimental strategies.

Moreover, the development in multiple directions—just stating clas-
sical models like OpenAI’s GPT-4o, reasoning models like o1 and mix-
ture of experts models like DeepSeek’s V-3—renders further improve-
ments likely. Another avenue is fine-tuning on domain-relevant texts 
(e.g., publications) and larger datasets to further improve prediction 
accuracy.

3. Methods

3.1. Data

The dataset used for this study is sourced from Schiessler et al. [38]. 
It comprises 75 sample molecules tested for their ability to modulate 
the corrosion rate of magnesium in NaCl solution. For a more detailed 
description of the experimental setup see our recent works Schiessler 
et al. [38,45]. The corrosion modulation is quantified in percentage 
based on the inhibition efficiency (IE) metric. A value of 100% denotes 
complete inhibition of corrosion, while 0% indicates no effect. Nega-
tive values, which are unbounded, represent acceleration of corrosion 
compared to a benchmark measurement in absence of any corrosion 
modulating agent. The inhibition efficiency (IE) serves as the label for 
all machine learning models discussed in this paper. This study employs 
the feature set that yielded the best results in Schiessler et al. [38], 
which consists of five features selected solely based on the training 
set (the first 60 samples) to augment the tested LLM architectures. 
Moreover, the used LLMs are fed with the isomeric SMILES string 
representation of the molecules used in the preceding study.

3.2. Prediction models

3.2.1. Selection of methods
The first method is the baseline multilayer perceptron (MLP). This 

method is selected because it is a previously published method [38] 
which also includes published results for the corrosion dataset primarily 
applied in this study. Hence the results can serve as a baseline for 
our methods. For a second baseline that can ingest both molecular 
structure and descriptors, we adopted the D-MPNN from Chemprop. It 
was decided to not use transfer learning, as every approach gets access 
to the same input data to show what each approach can achieve without 
access to additional data. In reality, scientists might not have access to 
a large transfer learning database, but a pre-trained LLM.

ChemBERTa and ChemLLM are two chemistry-specific LLMs mean-
ing they were trained on chemistry related texts. However, they are 
rather small models and their reasoning capabilities are diminished 
compared to the general LLMs. While ChemLLM is not able to follow 
simple prompt instructions, the smaller and older ChemBERTa is not 
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Fig. 7. Overview of the prompting strategies. With some exceptions, the prompting works like a chat starting at the top, where previous prompts and answers are also appended 
before the current prompt as chat history. This graphic shows the prompting schemes for the approaches without descriptors. When the descriptors are added to the input data, 
the pre-analysis prompt is expanded to a set of analyses with different focuses.
expected to perform better. Therefore, a different approach is used to 
incorporate its pre-trained knowledge via fine-tuning.

The main part of this study is the test of the prediction capabilities 
of general purpose LLMs without fine-tuning. It was decided to mainly 
use OpenAI’s models, because they offer different variants of state-of-
the-art technology. It is assumed that similar models from different 
providers achieve competitive results. As an open-model alternative, 
Meta’s Llama-3.1-405B was chosen, which is the largest model of their 
series. The prompting approaches are divided into two unoptimized and 
two optimized approaches. The unoptimized approaches show what can 
be achieved without prompt engineering while the optimized prompts 
show how the result can be improved if fitted to the problem. 

3.2.2. Baselines
The first baseline is derived from Schiessler et al. [38]. It is an MLP 

model that predicts the corrosion inhibition efficiency and is trained on 
molecular descriptors. The second and third baselines utilize a direct 
message passing neural network (D-MPNN) from Chemprop [39,40]. 
This architecture includes functionality that transforms SMILES strings 
into molecular graphs, which the D-MPNN is trained on. With this 
additional input, the model no longer relies solely on descriptors to 
encode molecular structure. However, it was found beneficial to include 
the five descriptors on which the MLP was trained. Consequently, 
two distinct approaches were adopted: one using only SMILES strings 
as input data, and another using both SMILES strings and the five 
descriptors.

3.2.3. Specialized LLMs
ChemBERTa [41,42] is based on the RoBERTa architecture and has 

approximately 3 to 100 million parameters, making it relatively small 
compared to other state-of-the-art large language models (LLMs). It 
lacks proper reasoning and reliable answering, making it less suitable 
for prediction tasks. Therefore, in this work, ChemBERTa was modified 
with a regression head to allow for the input of a molecule via a SMILES 
string and to utilize its pre-trained chemical knowledge while providing 
reliable predictions. Fine-tuning ChemBERTa with a special head layer 
is also suggested and implemented by Chitrananda et al. [41]. To 
further improve prediction accuracy, the regression head is modified 
to allow additional inputs for descriptors.

The input prompt is the SMILES string. Various variants were tested, 
but they did not lead to significant improvements on the training 
set. One variant worth mentioning involved slightly modifying the 
prompt to ‘‘SMILES: smiles_string’’ to explicitly indicate that the input 
is a SMILES string. Most results improved slightly; however, the only 
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result that outperformed the baseline did not improve (as shown in the 
supplementary Figure 6).

ChemLLM is prompted in a few shot prompting mode to pre-
dict instead of being trained. The details are presented in the next 
Section 3.2.4. However, it is not able to follow prompt instructions 
effectively. For ChemLLM, only the basic few-shot prompting strategy 
was executed repeatedly, but produced uncorrelated predictions. Other 
strategies were attempted but rarely resulted in valid predictions. The 
post-processing of ChemLLM was adjusted to read the first number in 
the response as the prediction. This was done because, if a prediction 
was returned, it appeared in the first sentence. An example is: ‘‘I would 
conclude that −22’’. Most answers that did not include a prediction in 
the first sentence did not include it anywhere in the answer.

3.2.4. General LLMs
The general LLMs are prompted via Microsoft’s Azure Cloud Ser-

vices API to predict corrosion inhibition efficiency. The API provides 
access to various LLMs and also allows sending prompts with a custom 
chat history which is essential for more advanced prompting strategies. 
There is no training or fine-tuning process involved in these prediction 
models. The LLMs do not get access to tools like online search or Python 
libraries. The predictions they do purely come from their semantic 
reasoning process. An overview of the different strategies is provided 
in Fig.  7. A selection of prompts is shown in the supplementary Section 
4 (Fully available in code repository). All prompting strategies include 
the training set of samples and are thus a variant of few-shot prompting. 
The manually written system prompt (used for all but the ChatGPT-
generated prompt) includes a command to think step-by-step and is 
structured to enable better reasoning with chain-of-thought thinking. 
Four different prompting strategies are engineered to show differences 
in the LLMs’ prediction capabilities:

• ChatGPT-generated prompts: a set of prompts structurally simi-
lar to the manually refined prompt with pre-analysis, but written 
by ChatGPT

• Basic few-shot prompt: a prompt showing the training set and 
one test sample with no further instructions other than to predict 
the label

• Manually refined prompt: a prompt similar to the basic few-
shot prompt but with a custom set of pre-defined thinking steps 
to execute, performing an analysis and a prediction

• Approach with pre-analysis prompt: the manually refined
prompt, split into one or multiple analysis prompts and a predic-
tion prompt; not only split but also includes additional analysis 
steps
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The first two prompting strategies serve as unoptimized baselines 
for comparison with the other two strategies, which were manually 
optimized on the training set. The ‘‘manually refined prompt’’ strategy 
features a single prompt that explicitly defines the processing steps to 
predict a corrosion value. By analyzing the training set and test sample 
before the prediction, an attempt is made to enhance the prediction 
quality. The prompt tells the LLM to analyze the molecular structure of 
the test sample and assess the influence of the findings on the inhibition 
efficiency by including the training set into the analysis. This prompt 
and the following prompts were manually refined for GPT-4o on the 
training set. The last prompting strategy features one (without de-
scriptors) and four (with descriptors) analysis prompts. These prompts 
focus solely on analyzing each sample of the training set from different 
perspectives and expanding the dataset with additional information. 
Main points of the analysis are the expansion of the molecules by their 
functional groups, the reduction of the descriptor data to only 2–3 
descriptors per molecule, and a pattern search. The prediction prompt 
then receives the output of the analyses as chat history and focuses on 
the analysis of the test sample and the prediction.

The post-processing of the LLM answers is done by reading in the 
last number found in the answer. The prediction is done one sample at 
a time, and in all prompting strategies apart from the basic few-shot 
prompting, there is an explicit command to write down the prediction 
as the last part of the answer. This approach works reliably if the LLM 
can follow the tasks. If it cannot follow the prompt tasks, the prediction 
is also not expected to be accurate. Problems arise for multiple LLMs, 
that are not able to follow the given pattern or reach a prediction 
value. For ChemLLM and GPT-3.5 this is generally the case, while for 
Llama-3.1-405B and GPT-4o this happens sometimes. Especially the 
ChatGPT-generated prompts seem to be problematic as they do not 
explicitly state that the prediction should be the last thing to write.

3.3. Reproducibility

To ensure consistency and reproducibility of the results, each pre-
diction process is repeated multiple times, and the mean of the predic-
tions is taken as the final prediction. Different approaches are repeated 
a varying number of times: the general LLM approaches are all re-
peated 20 times, while the ChemBERTa and Chemprop approaches 
are repeated 100 times. The baseline MLP approach from Schiessler 
et al. [38] was repeated 1000 times. Although the seed functionality 
available for some OpenAI models was tested, it unfortunately did 
not result in reproducible outcomes. A remark on the repetitions of 
the general LLM-based approaches: The whole approach is repeated, 
resulting in newly generated analyses each time.

The configurations and parameters for the general LLMs used in this 
study are shown in Table  1: Except o1 and o3-mini, the temperature is 
set to 0.7, the top_p value to 0.95 and the maximum number of tokens 
is set to 4000. For o1 and o3-mini, temperature and top_p cannot be 
set and the maximum number of tokens is set to 25000 (o1) and 100000
(o3-mini). Additionally, with o3-mini, a reasoning effort parameter was 
introduced, which was set to high. These adjustments are considered 
fair, as the longer context window and strong reasoning capabilities 
are strengths of the reasoning models o1 and o3-mini and also required 
because of the reasoning process. All LLMs are accessed using Microsoft 
Azure Cloud Services. The API version for Llama is set to ‘‘2024-05-
01-preview’’, while the versions for the other general LLMs apart from 
o3-mini are set to ‘‘2024-10-01-preview’’. o1 is accessed as a preview 
model and is subject to change. o3-mini is accessed with the API version 
of ‘‘2024-01-01-preview’’.

ChemLLM is configured similarly to the general LLMs, with a tem-
perature of 0.7, a top_p value of 0.95, and a maximum of 4000 tokens. 
It is utilized using the transformer library from Huggingface and exe-
cuted on the cluster at TUHH. ChemBERTa is employed with default 
parameters, also via Huggingface.
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Table 1
Parametrizations of the LLMs used in this study. 
 LLM Temp. Top_p Max tokens Platform  
 Llama-3.1-405B 0.7 0.95 4000 Microsoft Azure 
 GPT-3.5 0.7 0.95 4000 Microsoft Azure 
 GPT-4o 0.7 0.95 4000 Microsoft Azure 
 o1 – – 25000 Microsoft Azure 
 o3-mini (high) – – 100000 Microsoft Azure 
 ChemLLM 0.7 0.95 4000 Huggingface  
 ChemBERTa Default Default Default Huggingface  

Code availability

The code is available in the repository https://doi.org/10.5281/
zenodo.14882459. The code is fully available there and can be executed 
if access to required computational resources exists. The Chemprop 
and ChemBERTa examples should also run without access to large 
computational resources.
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Data availability

The data is available in the repository https://doi.org/10.5281/
zenodo.14882459. The file is called ‘‘Old_Descriptors.csv’’ and contains 
the same data as published with Schiessler et al. [38]. The molecule 
names have been standardized with PubChem and a SMILES string 
column has been added (‘‘isomeric_smiles’’).
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