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A B S T R A C T

The discovery of synergistic strategies effectively improves the corrosion inhibition capability of amino acids. 
However, the wide variety of amino acid formulations and the time-consuming nature of corrosion tests make 
combinatorial discovery challenging to achieve. Herein, a library of 70 amino acids was created and tested in a 
high-throughput manner. Benefiting from a vast amount of labeled data of amino acid formulations, an inter
pretable machine learning approach was used to reveal the contribution of molecular features to inhibition 
performance of amino acids and the synergisms in the optimal formulation. The synergism was verified by 
electrochemical tests and quantum chemical calculations.

1. Introduction

The cleaning and maintenance of carbon steels in energy industries 
such as petroleum, natural gas, and coal strongly depended on industrial 
pickling and acid descaling methods. However, the carbon steels were 
prone to corrosion in the acid media, causing enormous safety concerns 
and economic burdens [1]. Appropriate corrosion mitigation technolo
gies are essential for achieving a sustainable economy [2]. Among the 
various approaches to mitigate corrosion, the use of corrosion inhibitors 
is among the most effective methods due to their cost-efficient and 
user-friendly nature in practical applications [3,4]. Organic 
adsorption-type corrosion inhibitors are able to interact with metal 
surfaces through the ring structure and heteroatoms in the molecules, 
forming an adsorbed film to hinder the direct contact between the metal 
materials and corrosive media [5]. However, many organic corrosion 
inhibitors are criticized for being harmful to the environment [6]. The 

exploration of eco-friendly corrosion inhibitors from natural resources 
has thus attracted increasing attention in corrosion science and engi
neering communities.

Amino acids are essential nutrients for organisms and naturally exist 
in the cell walls of microorganisms and the protein components in the 
human body. Exogenous amino acids are generally non-toxic, biode
gradable, and inexpensive [7]. Meanwhile, the amino and carboxyl 
groups along with a unique side chain of each amino acid provide 
various active sites to the molecules, endowing amino acids with a 
potentially significant corrosion inhibition performance [8–10]. There
fore, amino acids hold great promise as eco-friendly corrosion in
hibitors. Kumar et al. investigated the corrosion inhibition mechanisms 
of cysteine (Cys), glutamic acid (Gla), glycine (Gly), and glutathione 
(Glt), indicating that the N, O, and S atoms of these amino acids could 
covalently bond with the Cu atoms on the surface [7]. Stimpfling et al. 
also demonstrated that Cys and phenylalanine (Phe) are promising 
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Fig. 1. Workflow of high-throughput experiments and machine learning integrating approach for the discovery and investigation of amino acid corrosion inhibitors.
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corrosion inhibitors for aluminum alloy [9].
Although notable corrosion inhibition properties of some amino 

acids were claimed, the inhibition efficiencies of amino acids are rela
tively low compared to most traditional organic corrosion inhibitors, 
which may result from the inadequate electron-donating groups in their 
molecular structure [11]. The discovery of corrosion inhibitor mixtures 
with synergistic effects is an effective strategy to enhance the inhibition 
efficiencies of amino acids. For example, Zhang et al. discovered that the 
introduction of an imidazoline derivative significantly improved the 
inhibition effect of Cys for carbon steel. The synergistic effect was 
attributed to the compact inhibitor film formed by the initial adsorption 
of Cys and the subsequent adsorption of the imidazoline derivative [12]. 
Zhang et al. explored the inhibition performance of histidine/cysteine 
and thiourea corrosion inhibitor mixtures for carbon steel via experi
ments and calculation. The results indicated that the histidine and 
thiourea molecules could connect by strong intermolecular interactions, 
forming a compact film on the surface [13]. Prior research predomi
nantly investigated the synergistic effect between amino acids and 
traditional organic corrosion inhibitors with relatively high toxicity. 
Potential synergies between amino acids were seldom reported.

Due to the wide diversity of amino acids, there are numerous possible 
formulations for amino acid combinations. Meanwhile, conventional 
electrochemical or weight loss measurements are time-consuming, 
making it difficult for the discovery of highly efficient amino acid 
combinations. Therefore, a high-throughput manner used for rapid 
discovery of individuals or optimal inhibitor mixtures has garnered 
escalating interest [14–18]. White et al. developed a multiple-channel 
method to simultaneously evaluate 10 corrosion inhibitors. This 
high-throughput approach achieved a high degree of reproducibility 
while improving the experimental efficiency up to 15 times [17]. Qiu 
et al. studied the synergistic corrosion inhibition behaviors of sodium 
fluoride/DL-malic acid mixtures with 24 concentrations via 
high-throughput visual identification. This strategy transformed the 
corrosion morphology into binary images for quantitative evaluation of 
metal corrosion degree [16]. Recently, our group developed a 
high-throughput experimental platform based on droplet microarrays to 
rapidly identify the optimal mixing ratio of benzotriazole and Ce(NO3)3 
mixture. The enhanced corrosion inhibition of the mixtures resulted 
from the outstanding adsorption of benzotriazole on the CeO2 layer 
[14]. In addition to the marked improvement of test efficiency, 
high-throughput experiments can generate a vast amount of founda
tional data that supports data-driven discovery and prediction. How
ever, the relevant research on corrosion inhibitor mixtures using such an 
approach is still scarce.

In this work, high-throughput experiments and interpretable ma
chine learning techniques were developed and integrated to discover the 
synergism between amino acid corrosion inhibitors. As shown in Fig. 1, 
the workflow primarily consists of four parts: i) the selection of amino 
acid molecules (see Section 3.1), ii) amino acid library screening via 
high-throughput experiments (see Section 3.2), iii) an interpretable 
machine learning approach for the performance evaluation (see Section 
3.3), and iv) electrochemical tests and theoretical verification (see 
Sections 3.4 and 3.5). First, 7 kinds of amino acids with wide chemical 
diversity and corrosion inhibition potential were selected to create the 
data library. The library consists of 70 amino acid formulations assem
bled from diverse amino acid molecules with varying mixing ratios. A 
high-throughput experimental method based on automatic solution 
dispensing and color responses was used to efficiently evaluate the 
corrosion inhibition performances of various amino acid formulations. 
This method allows automated on-demand configuration of large 
quantities amino acid solutions in 96 well plates, and the inhibition 
degree of amino acids was rapidly evaluated by color responses to iron 
(Fe) ions produced during steel corrosion. In addition, representative 
molecular feature descriptors of amino acid inhibitors were identified, 
and an interpretable machine learning method was used to elucidate the 
contribution of these descriptors to the observed inhibition performance 

of amino acids. The machine learning results also highlighted the key 
descriptors that led to the synergism of the optimal amino acid formu
lation. Finally, the inhibition property and synergistic mechanism of 
optimal amino acid formulation were verified by electrochemical tests 
and quantum chemical calculations.

2. Materials and methods

2.1. Materials

Amino acids (L-Cysteine (L-Cys), L-Methionine (L-Met), L-Proline (L- 
Pro), L-Phenylalanine (L-Phe), L-Arginase (L-Arg), L-Alanine (L-Ala) and 
L-Leucine (L-Leu)) used in this work were purchased from Macklin 
Biochemical Co., Ltd. All chemicals were used as received without 
further purification. Q235 carbon steels were selected to study in this 
work because they were widely used in boilers, oil, and gas pipelines and 
very susceptible to acid media. The chemical composition (wt%) of the 
Q235 sample used in this work was C 0.19, Si 0.04, Mn 0.15, S 0.02, P 
0.02, and Fe balance.

2.2. High-throughput solution configuration

The configuration of amino acid solution was achieved based on a 
non-contact droplet microarray printer (Nano-PlotterTMNP2.1, Ger
many). The printer was equipped with piezoelectric pipetting tips that 
allowed the software-controlled droplet automated dispensing. The 
pipetting tip aspirates the pre-prepared amino acid solutions from a 96- 
well plate. These solutions were transferred and mixed in a new 96-well 
plate. The automated washing and drying operations were triggered 
between the operations of dispensing different amino acid solutions. The 
dispensing task employing a 96-well plate, in which each well was 
loaded with 100 μL solution, could be accomplished within 1 hour. The 
solution configuration process was monitored by a stroboscope camera, 
which offered real-time imaging and calculated the precise volume of 
the droplet to guarantee the repeatability of experiments.

2.3. High-throughput corrosion assessment

The corrosion assessment was achieved by the color responses based 
on the reaction between Fe ions and sodium thiocyanate [15]. Briefly, 
the small Q235 steel samples (4 mm diameter, 0.08 μm Ra) were placed 
in the bottom of well-prepared 96-well plates. The 96-well plates were 
inclined at ~15 degrees to secure these small samples. During the 
corrosion process under HCl conditions, the uptake of a small amount of 
CO2 from the air had a negligible effect on the pH of the test solutions in 
96-well plates. After 1 day at 30◦C in the dark, 100 μL 6 M HCl solution 
containing 0.05 M hexamethylenetetramine was added into each well 
followed by continuous sonication to completely dissolve the corrosion 
products. Afterwards, 20 μL solution was removed from each well and 
transferred to a new 96-well plate. 2 μL 30 wt% H2O2 was added into 
each well to convert the Fe2+ ions to Fe3+ ions. The solution in the plate 
was diluted by 1000 times, and then 50 μL solution from each well was 
pipetted to another plate. Subsequently, each well was added with 50 μL 
sodium thiocyanate solution (10 % w/w) to produce the [Fe(SCN)]2+. A 
microplate reader (Multiskan FC, ThermoFisher Scientific) was used to 
spectrophotometrically measure the absorbance of each well at 480 nm 
[15,19]. The corrosion inhibition degree (IDcorr) was calculated by Eq. 
(1): 

IDcorr = (1-EOD/COD) × 100%                                                         (1)

in which EOD and COD were the OD480 values of the experimental group 
and control group, respectively. The typical digital images of the high- 
throughput solution configuration and corrosion assessment process 
are shown in Fig. S1.
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2.4. Machine learning surrogate models

The machine learning models were trained by python package scikit- 
learn (version 0.20.1). Artificial neural network (ANN), extreme 
gradient boosting (XGB), support vector regression (SVR), random forest 
(RF), and linear regression (LR) algorithms were used to build the 
regression models based on the experimental results generated from our 
high-throughput corrosion experiments. These models demonstrate 
extensive diversity and can use different algorithms to identify complex 
patterns and relationships in large data sets. ANN was inspired by bio
logical neural networks and composed of interconnected artificial neu
rons. ANNs learned by adjusting the weights and biases of the 
connections between neurons. XGB was developed based on a decision 
tree algorithm and was emphasized minimizing the loss function by 
iteratively fitting the residuals of label and model. SVR was suitable for 
regression problems. It tried to find the best fitting line or hyperplane in 
a high-dimensional space. RF was an ensemble learning method that 
operated by constructing a multitude of decision trees and each tree was 
trained on a different subset of the original data set. LR used the least 
square strategy to fit the linear relationships between input and output. 
A detailed description of the principles of these machine learning al
gorithms can be found at https://scikit-learn.org/. The hyperparameters 
of each model were tuned by a grid search strategy to improve the 
performance of models in the experimental data set (Table 1), The other 
hyperparameters remained at their default values. 80 % of the experi
mental results were chosen as a training set, while the residual 20 % 
were used as a test set to assess the accuracy of the model. This process 
was repeated 100 times with diverse training sets and corresponding test 
sets. The average values of root mean-squared error (RMSE) and coef
ficient of determination (R2) of these 100 iterations were employed to 
evaluate the predictive capabilities of different regression models, using 
Eqs. (2) and (3), respectively. 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

k=1
(yk − ỹk)

√

(2) 

R2 = 1 −

∑n
k=1(yk − ỹk)

2

∑n
k=1(yk − y)2 (3) 

in which n was the number of samples, yk and ̃yk were the experimental 
results and machine learning predicted results. A lower RMSE value and 
larger R2 represent a higher accuracy of the model. The model with the 

best accuracy was chosen.
Shapley Additive exPlanations (SHAP) tools were used to interpret 

the machine learning model output. The SHAP analysis utilized a game- 
theoretic framework to link the optimal credit allocation with the ex
planations of the model prediction. In the SHAP analyses, each input 
feature is regarded as a contributor to the model output. SHAP analysis 
generated a SHAP value for each input feature, which indicates their 
quantitative contribution including the contribution importance (the 
value of SHAP) and the contribution direction (the positive or negative 
SHAP values).

2.5. Electrochemical tests

Electrochemical impedance spectroscopy (EIS) and potentiodynamic 
polarization (PDP) were carried out in a three-electrode cell in 0.1 M 
HCl solution. The working electrode was a Q235 steel sample, while a 
platinum sheet (1.0 cm2 exposed area) and a saturated calomel electrode 
were used as the counter electrode and the reference electrode, 
respectively. The Q235 steel samples (60 × 40 × 3 mm3) were abraded 
sequentially by 400, 800, and 1200 grit abrasives. The abraded samples 
were cleaned ultrasonically in ethanol and subsequently dried in the air 
before use. These samples were immersed in the amino acid solution for 
a period of time (~ 5 minutes) until a steady open-circuit potential 
(OCP) was reached. The EIS tests were performed at the OCP from 100 
KHz to 10 MHz frequency with a 5 mV sinusoidal perturbation. The PDP 
measurements were scanned in a potential range of ± 250 mV versus 
with a scan rate of 0.5 mV/s. All experiments were performed at 30 ℃.

2.6. Quantum chemical calculations

Density functional theory (DFT) calculations were performed to 
evaluate the electronic interactions between methionine, phenylalanine 
inhibitor molecules, and carbon steel samples [20]. The corresponding 
theoretical parameters of the highest occupied molecular orbital 
(HOMO) and the lowest unoccupied molecular orbital (LUMO) of these 
molecules were calculated at B3LYP/6–31 g* level using Gaussian 09 
software. The eigenvalues of HOMO (EHOMO) and LUMO (ELUMO) of 
molecules were also calculated.

3. Results and discussion

3.1. The selection of amino acids to create the data library

7 commercially available amino acids were selected to provide wide 
chemical diversity, including alkane chains of various lengths, hetero
atoms in different chemical environments, linear and cyclic aliphatic 
structures, and aromatic moieties. Their chemical structure and linear 
representation are listed in Fig. 1a. These amino acids have demon
strated potential to mitigate metal corrosion (e.g., Ala and Leu for steel 
[10], Cys for zinc [21] and steel [13], Met and Arg for Fe [22], and Phe 
for magnesium alloy [23]). Moreover, these amino acids have extremely 
low biological toxicity, showing 10- to 50-fold lower median lethal dose 
(LD50) values than some of the widely used organic corrosion inhibitors 
[24–29] (intraperitoneal injection, rat, data from ‘Registry of Toxic Ef
fects of Chemical Substances’, Table 2).

Table 1 
Setup of hyperparameters in grid search strategy for machine learning models.

Models Hyperparameters Values

ANN Alpha 0.0001, 0.001, 0.01
Learning_rate_init 0.001, 0.01, 0.1
Max_iter 5000
Tol 0.001, 0.01

XGB Learning_rate 0.1, 0.5, 1
N_estimators 100, 500
Max_depth 3, 5, 7

SVR K_range [100,1000], step = 100
K2_range [0.01, 0.10], step = 0.01

RF N_estimators 10, 100
Min_samples_split 2, 5, 10, 20
Min_samples_leaf 1, 5, 10

LR None None

Table 2 
LD50 values of the selected amino acid monomers and some conventional organic corrosion inhibitors.

Amino acids Cys Met Pro Phe Arg Ala Leu

LD50, mg kg–1 (rat, intraperitoneal, RTECS) 1620 4328 5110 5287 16,000 >5000 5379
​ BTA CTAB 2AT-Me MBT MBI 8-HQ DMAE
LD50, mg kg–1 (rat, intraperitoneal, RTECS) 400 106 ~200 100 200 43 234
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Fig. 2. The IDcorr values of the amino acid inhibitors as functions of concentrations. The curve started to flatten out after the concentration range in the blue area. 
The values represented the IDcorr values for different concentrations. Data are means ± SD (n = 4, SD indicates standard deviation).
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3.2. Combinatorial screening of amino acid library

In order to study the corrosion inhibition behaviors of amino acid 
solutions at different concentrations, 63 kinds of amino acid solutions, 
involving 7 amino acids (Cys, Met, Pro, Phe, Arg, Ala, and Leu) and 9 
concentrations (1, 2, 4, 8, 15, 25, 40, 80, and 160 mM), were first 
configured using the microarray printer. Subsequently, color responses 
were used to rapidly evaluate the corrosion inhibition performance of 
these amino acids (see Section 2.3, Eq. (1)). Although all of the tested 
amino acids have different pKa values, their dissolution resulted in 
similar pH values of HCl solution. The high-throughput experimental 
results are shown in Fig. 2. 5 amino acids exhibited corrosion inhibition 
capabilities based on the given concentration range. Among these 5 
amino acids, Cys and Met exhibited relatively high corrosion inhibition 
degrees (~63 %) for carbon steels. In general, the adsorption capacities 
of the organic inhibitors were attributed to the chemical structures of the 
inhibitor molecules and the surface properties of the metals. The S atom 
in the chemical structures of Cys and Met has lone electron pairs, which 
could generate additional coordination with the empty orbitals of Fe 
atoms, thereby enhancing the interaction between inhibitors and metal 
surfaces [30,31]. Phe and Arg also showed moderate levels of corrosion 
inhibition. The π-π stacking formed by overlapping p-orbitals of the 
benzene rings may help the adsorption of Phe molecules [32]. The N 
atoms in Arg enhance its inhibition performance [33]. Due to the 
inherent amino and carboxyl groups, Leu also exhibited a certain inhi
bition degree for carbon steels in HCl solution. Amino could adsorb onto 
metal surfaces by forming coordination bonds or hydrogen bonds, while 
carboxyl tended to form complex compounds with iron or iron ions. 
With their increasing concentration, the corrosion inhibition perfor
mances of these 5 amino acids were improved. This could be explained 

by an increasing number of adsorbed molecules on the metal surface at 
higher concentrations, leading to a denser surface coverage [34,35]. All 
5 amino acids exhibited the highest corrosion inhibition degree at the 
concentration of 160 mM. The increase in the inhibition performance 
from 80 mM to 160 mM was relatively limited and leveled off compared 
to the inhibition effect for increasing concentration at lower concen
trations. Compared to the increasing concentration, the discovery of a 
synergistic inhibiting strategy is expected to be a promising approach to 
further improve the inhibition performance of amino acids. The amino 
acids at 80 mM concentration were selected to study in combinations. In 
addition to the 5 amino acids that exhibited corrosion inhibition 
behavior, carbon steels were more severely corroded in the presence of 
the other 2 amino acids (Pro and Ala). This phenomenon could be 
explained that Pro and Ala molecules tend to adsorb in aggregation on 
the surface due to the extremely short C–C skeletal chain. Such a pattern 
resulted in various electrochemical activity regions on the metal surface, 
potentially accelerating the corrosion process [36]. The enhanced mol
ecule–molecule interactions at higher concentrations may facilitate this 
aggregation [37,38].

The similar method was used to investigate the corrosion inhibition 
levels of 70 amino acids composed of binary combinatorial mixtures at 4 
molar ratios (100:0, 75:25, 50:50, and 25:75). The results of this 
combinatorial discovery were summarized in the heat map (Fig. 3), 
where red and blue colors represent positive and negative IDcorr values, 
respectively. The deeper color represents the higher absolute value of 
the calculated IDcorr. Although the inhibition performance of amino 
acid mixtures laid between the two constituent amino acids in most 
cases, some mixtures exhibited superior inhibition capabilities 
compared to those of these amino acids used alone. The introduction of 
Phe, Met, Cys, and Leu demonstrated improved inhibition capabilities in 
different degrees (evidenced by the deeper red squares in the heat map). 
Among these, amino acid mixtures composed of 25 % Met and 75 % Phe 
exhibited the highest IDcorr values (81.85 %) among all amino acid 
mixtures. By comparison, the IDcorr values of 100 % Met and 100 % Phe 
were 63.25 % and 53.50 %, respectively. The synergism requires that 
the inhibition performance of a mixture surpasses the maximum 
measured inhibition performance of any single composition [39]. This 
definition is well applicable for the mixture system where the maximum 
measured inhibition concentrations (optimum concentrations) were 
determinate or the total concentrations were fixed. Therefore, a corro
sion inhibitor mixture combining 25 % Met and 75 % Phe displayed the 
synergistic effect. For this condition, the synergistic parameter could be 
calculated by Eq. (4): 

S =
1 − max

(
ηopt

1 , ηopt
2
)

1 − η12
(4) 

where ηopt
1 and ηopt

2 are the optimum inhibition performances of the 
single amino acid compounds 1 and 2, respectively. η12 is the inhibition 
performance of the optimal amino acid mixture. The IDcorr values were 
used to qualitatively evaluate the inhibition performance of amino acids 
in the high-throughput screening process. Therefore, the synergistic 
parameter of the 25 % Met and 75 % Phe mixture was determined to be 
2.02.

3.3. Machine learning analysis

As a data-driven centric approach, machine learning is capable of 
“learning” from the experimental results and grasping the underlying 
relationship between the input and output [40–42]. A machine learning 
approach was established to understand the relationship between mo
lecular features and the corrosion inhibition effect of the amino acids in 
this work. Searching for molecular feature descriptors that are strongly 
associated with the target property and integrating them into an 
appropriate machine learning algorithm could effectively improve the 
accuracy of a surrogate model. To identify such feature descriptors, we 

Fig. 3. Heat map of the IDcorr values of amino acids used alone and in com
bination based on high-throughput screening assays. The total concentration of 
amino acid mixtures used in this map was fixed at 160 mM. Data are 
means (n = 4).
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first considered the inherent physical and chemical properties of mole
cules, including hydrophilia, hydrophobicity, and polarity. These 
properties significantly influence the interaction between adsorbed film 
and carbon steel surface [43,44]. Moreover, the molecular structures 
mainly determined the corrosion inhibition performances of organic 
inhibitors [45,46]. Ma et al. found that the incorporation of 2D–3D 
molecular structural features improved the capability of the machine 
learning model to predict the corrosion inhibition performance of 
organic molecules [47]. Hydrogen bonding was another factor, which 

influenced the molecular interaction and the adsorption of corrosion 
inhibitors on the metal surfaces [19,32].

After comprehensive consideration, a feature descriptor set was 
computed for each amino acid molecule, composed of physicochemical 
descriptors (LogP and TPSA), 2D molecular graph descriptors (BalabanJ, 
BertzCT, and HallKierAlpha), 3D shape descriptors (Inertial
ShapeFactor, Asphericity, and Eccentricity) and hydrogen-bonding de
scriptors (HBA and HBD). These descriptors are able to quantitatively 
describe the relevant features of amino acid molecules from multiple 
perspectives. Their simple representation was shown in Table 3. 
Detailed information of these descriptors can be found at https://rdkit. 
org/docs/search.html. All amino acid molecules were expressed by their 
simplified molecular input line entry system (SMILES) strings, which 
encode atomic connected order and chemical bond information in a 
succinct and standardized way. The SMILES strings defined digital file 
formats for the chemical information of molecules [48]. RDKit was used 
to convert the SMILES of amino acid molecules into feature descriptors 
[49]. Table 4 listed the specific value of each feature descriptor for each 
amino acid molecule in this work. Moreover, the descriptor-based 
feature set of the amino acid mixtures was generated by weighing the 
descriptor values of the corresponding constituents based on the molar 
ratio. This feature analysis facilitated to identify the relevant charac
teristics of individual amino acid molecules. Five regression models 
including ANN, XGB, SVR, RF, and LR were built based on the unique 
feature descriptor values (input) and high-throughput experimental 
IDcorr values (output) of 70 amino acids. The RMSE and R2 were used to 
evaluate the prediction accuracy of the models. XGB model yielded the 
optimal regression performance with an RMSE value of 11.5 and an R2 

value of 0.90 (Fig. 4a). A large proportion of data points were located in 
the dashed line (Fig. 4b). Therefore, the XGB model was chosen to train 
the experimental dataset [50].

Table 3 
Feature descriptors and their representation used in this work.

Features Descriptors Representation

Physicochemical LogP Logarithm of octanol/water 
partition coefficient

TPSA A cumulative value of the polar 
areas

2D molecular 
graph

BalabanJ Distance between atoms in a 
molecular graph

BertzCT Complexity of the bonding and 
distribution of heteroatoms

HallKierAlpha ​ Polarity and charge density of 
molecules

3D molecular 
shape

InertialShapeFactor ​ Mass distribution and geometric 
center

Asphericity Degree that the shape of the 
molecule deviates from sphericity

Eccentricity Degree of asymmetry in molecular 
shape.

Hydrogen- 
bonding

HBA Atoms available for hydrogen 
bonding donors

HBD Atoms available for hydrogen 
bonding acceptors

Table 4 
Feature descriptor values of each amino acid used in this work.

LogP TPSA BalabanJ BertzCT HallKier Alpha InertialShape Factor Asphericity Eccentricity HBA HBD

Cys ¡0.67 63.32 3.30 75.34 ¡0.22 0.0043 0.27 0.93 3 3
Met 0.15 63.32 3.27 96.96 ¡0.22 0.0048 0.54 0.98 3 3
pro ¡0.18 49.33 2.35 96.60 ¡0.57 0.0071 0.40 0.96 3 2
Phe 0.64 63.32 2.58 258.49 ¡1.35 0.0044 0.58 0.99 3 3
Arg ¡1.55 127.72 3.44 176.39 ¡1.30 0.0035 0.57 0.98 6 7
Leu 0.44 63.32 3.50 101.23 ¡0.57 0.0037 0.28 0.93 3 3
Ala ¡0.58 63.32 3.26 59.81 ¡0.57 0.0070 0.23 0.91 3 3

Fig. 4. (a) The RMSE and R2 values for ANN, XGB, SVR, RF, and LR models. (b) Distribution of predicted values using the best machine learning model (XGB). (c) 
Summary of the SHAP values (impact on XGB model output) of each feature descriptor related to the corrosion inhibition behavior via a bee swarm diagram. Each 
point corresponded to a unique experimental value, and the position of points showed the impact of a feature descriptor on predicted IDcorr values.
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In order to explain the underlying correlations between the molec
ular feature descriptors and the corrosion inhibition performance, we 
used the SHAP analysis to provide an intuitive way to interpret the 
output (IDcorr values) of the XGB model (see Section 2.4). The sum of 
the SHAP values for its feature descriptors is simply equal to the dif
ference between the predicted value of this sample and the average 
predicted value of all samples in the data set. A bee swarm diagram was 
used to summarize the SHAP values of the feature descriptors related to 
the corrosion inhibition behavior (Fig. 4c). The red and blue colors 
indicated that values of the feature descriptors of this sample were 
relatively high or lower in all samples, respectively. The values of ab
scissa were determined by the magnitude of SHAP values of the de
scriptors. The distribution of SHAP values for the selected features 
except hydrogen bond features is relatively wide and monotonic overall, 
which indicated that all descriptors except hydrogen bond features had a 
significant effect on the corrosion inhibition of molecules. Among these, 
two 2D molecular graph descriptors, HallKierAlpha, and BertzCT, 
exhibited the strongest correlations to the inhibition performance of 
amino acid molecules. HallKierAlpha value was obtained by calculating 
the electron density around each atom, which could capture direct 
electronic interactions and charge distribution of molecules [51]. The 
molecule with a high HallKierAlpha value had a high possibility to 
donate electrons. This value was positively related to the inhibition 
performance of amino acid molecules. BertzCT was a topological index 
to quantify the complexity of bond connectivity in molecular graphs. In 
general, a high BertzCT value reflects a high bond order. Bond order was 
calculated by the number of electron pairs shared between atoms [52]. 
Therefore, the molecule with a high BertzCT value tended to accept 
electrons, which was positively correlated to the inhibition perfor
mance. Note that 3D shape descriptors seemed to have a lower impact on 
amino acid corrosion inhibition behavior compared to 2D molecular 
graph descriptors. This could be explained by the relatively simple 3D 
structures in low molecular weight amino acids [47]. Although the 

values of hydrogen bond descriptors were variational for amino acid 
molecules, they were all computed with 0 SHAP value. These results 
indicated that the hydrogen bonds of amino acid molecules were not the 
main factor influencing their corrosion inhibition performance. This 
finding agrees with the work reported previously, which showed that the 
formation of hydrogen bonds contributed little to the inhibitory action 
without the presence of a passive film on the metal surface [32]. A 
passive film may indeed not be present under our experimental condi
tions (carbon steel in HCl solution).

To further understand the enhanced corrosion inhibition perfor
mance of Met+Phe inhibitors, the SHAP values of the feature descriptors 
for Phe, Met, and Met+Phe samples were computed. The normalized 
feature descriptor values were shown in Fig. 5a while the SHAP values of 
the descriptors were shown in Fig. 5b–d. The inadequate corrosion in
hibition capacity of Phe was attributed to its low HallKierAlpha value 
(− 1.35). This could be evidenced by the extremely negative SHAP value 
of HallKierAlpha for the Phe sample. On the contrary, although the 
HallKierAlpha (− 0.22) value of Met was high and it was demonstrated 
to exhibit positive contributions, the low BertzCT (96.96) value with the 
negative SHAP values may hinder its inhibition performance (Fig. 5c). 
These results indicated that HallKierAlpha and BertzCT were the critical 
features determining the inhibition behavior for single Phe or Met 
samples. When Phe and Met were used in combination, the HallKier
Alpha value of the samples significantly increased while their relatively 
high BertzCT value was maintained (Fig. 5a). The BertzCT was still 
positively related to the performance of Met+Phe samples. The negative 
effect of HallKierAlpha disappeared (Fig. 5d). As mentioned above, 
HallKierAlpha and BertzCT values could reflect the electron donation 
and acceptance tendency of amino acid molecules, respectively. 
Therefore, Met+Phe samples possessed a strong capacity for both elec
tron donation and acceptance, exhibiting stronger interaction with steel 
surfaces compared to single Met or Phe. This interaction culminated in 
the formation of a denser barrier film, which led to their observed 

Fig. 5. (a) Normalized feature descriptor values for Phe, Met, and Met+Phe samples. The SHAP values of each feature descriptor for (b) Phe, (c) Met, and (d) 
Met+Phe samples. f(x) (top left) represented the IDcorr value of the single sample while E[f(x)] (lower right) represented the mean IDcorr value of the data set.
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optimal corrosion inhibition performance in the experiments. In order to 
assess the recognition ability of this method for the interactions in 
different amino acid mixtures, the enhanced corrosion inhibition per
formance of Leu+Phe samples was also investigated. The negative 
contributions of HallKierAlpha and BertzCT for Phe and Leu samples 
were reversed to be positive for Phe+Leu mixtures, respectively 
(Fig. S2). This explains the enhanced corrosion inhibition performance 
of Leu+Phe sample in the experiments. The lower value of HallKier
Alpha in Leu than that in Met is responsible for weaker corrosion inhi
bition enhancement of the Leu+Phe sample than that of Met+Phe 
sample in the experiments.

3.4. Electrochemical verification

EIS was used to verify the corrosion inhibition performance of the 
optimal amino acid. Fig. 6a and 6b showed the Nyquist and Bode plots of 
Q235 steel with different amino acid corrosion inhibitors after 24 hours 
of immersion, respectively. In the Nyquist plots, the blank solution 

showed a single semicircular capacitive loop with a small diameter. In 
the presence of amino acids, the diameters of the capacitive loop all 
increased. The depression of the semicircles represented the emergence 
of two overlapped capacitive loops. Compared to Met or Phe, the 
diameter of the capacitive loop in the Met+Phe mixture further 
increased. The diameter was generally believed to represent the charge 
transfer resistance [53]. For the Bode plots, the order of the 
low-frequency impedance modulus at 0.01 Hz (|Z|0.01 Hz) was Met+Phe 
> Met > Phe > Blank, in agreement with the results of the Nyquist plots 
(Fig. 6c). In the phase angle plots, the break point frequency of the 
Met+Phe sample shifted to a lower value compared to that of single Met 
or Phe samples. This shift is directly related to inhibitor adsorption at the 
metal surface and the diversities of dielectric features. The changes in 
dielectric features resulted from the adsorptions of water molecules and 
ions on the surfaces induced by the introduction of amino acid molecules 
[54]. Moreover, the phase angle value of the Met+Phe sample was the 
highest, indicating the enhanced adsorption of the mixtures at the 
metal-solution interface [55].

Fig. 6. (a) Nyquist diagrams and (b) Bode plots of carbon steel in 0.1 M HCl solution without and with Phe, Met, and Met+Phe corrosion inhibitors after 24 hours of 
immersion. (c) |Z|0.01 Hz and fitted Rct values of carbon steels exposed to 0.1 M HCl solution or different amino acid corrosion inhibitor solutions. The electrical 
equivalent circuit used to fit the data of (d) blank HCl solution samples and (e) amino acid corrosion inhibitor samples.

Table 5 
Fitted equivalent circuit parameters for EIS data. Data are means ± SD (n = 3, SD indicates standard deviation).

Samples Rs CPEdl Rct CPEfilm Rfilm Chsq

(Ω⋅cm–2) (μΩ–1⋅Sn⋅cm–2) n (Ω⋅cm–2) (μΩ–1⋅Sn’⋅cm–2) n’ (Ω⋅cm–2) 10-4

Blank 12.4 ± 1.1 315.4 ± 18.2 0.83 ± 0.04 84 ± 18 — — — —
Phe 18.7 ± 1.2 30.3 ± 2.0 0.92 ± 0.02 1128 ± 26 20.5 ± 2.6 0.93 ± 0.01 566 ± 17 4.82
Met 17.6 ± 2.1 98.8 ± 4.5 1 1303 ± 30 25.7 ± 2.3 0.91 ± 0.02 826 ± 23 4.33
Met+Phe 20.2 ± 0.6 15.4 ± 1.4 1 1661 ± 31 14.1 ± 1.9 0.96 ± 0.01 916 ± 18 6.49
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Subsequently, equivalent circuit models shown in Fig. 6d and e were 
used to fit the EIS data for blank and amino acid samples, respectively. 
The Rs, Rfilm, and Rct represented the solution resistance, film resistance, 
and charge transfer resistance, respectively. CPEdl was the constant 
phase element of double layer capacitance, while CPEfilm meant the film 
capacitance of the adsorbed inhibitors [27,56]. Chi-square values were 
used to evaluate the fit goodness of the equivalent circuit models, which 
ranged from 4.33 × 10− 4 to 6.49 × 10− 4 [57]. The fitted parameters 
were shown in Table 5 while the Rct values were exhibited in Fig. 6c, 
indicating the corrosion rate of the metal surface. A larger Rct value 
reflects a slower corrosion rate [58]. Consistent with the results for 
low-frequency impedance moduli, the fitted Rct values were in the order 
of Met+Phe > Met > Phe > Blank. Therefore, Met+Phe samples 
exhibited the optimal corrosion inhibitor performance. According to the 
literature [59,60], the thickness of the adsorption film of amino acid 
inhibitors could be calculated by Eq. (5) and Eq. (6): 

Cfilm= CPEfilm
1/n’(Rs

− 1+Rfilm
− 1 )(n’− 1)/n’                                                    (5)

dfilm=ε0εA/Cfilm                                                                             (6)

where Cfilm is the capacitance. ε0 and ε are the permittivity of the media 
and the local dielectric constant, respectively. dfilm is the film thickness, 
and A is the geometric area of the electrode (1 cm2). For the thin films, 
the ε value of the dielectric constant is assumed between 10 and 20 [61, 
62]. Therefore, the thickness of the adsorption film of Met+Phe sample 
was calculated to be between 0.90 and 1.80 nm. SEM images were used 
to intuitively assess the actual protective effect of the adsorption film of 
Met+Phe sample (Fig. 7). As shown in Fig. 7a and b, carbon steel sur
faces without corrosion inhibitors exhibited serious corrosion. The 
visible corrosion products were unevenly distributed and accumulated 
on the metal surface. On the contrary, the carbon steel showed a much 
higher surface flatness and homogeneity with the addition of Met+Phe 
samples (Fig. 7c, d). The corrosion process of the carbon steel was 
significantly alleviated. Moreover, we noticed that the Rs value of amino 
acid samples was higher than that of the blank sample. This could be 

Fig. 7. SEM images of carbon steels in 0.1 M HCl solution (a, b) without and (c, d) with Met+Phe corrosion inhibitor after 24 hours of immersion.

Fig. 8. Optimized structures and the frontier molecule orbital distributions of Phe and Met molecules.
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explained by the protonation of amino acid molecules that slightly 
increased the pH of the HCl solution. Fig. S3 showed the Tafel curves of 
carbon steel without and with different amino acid corrosion inhibitors 
after 24 hours of immersion. Compared to Met (14.6 μA⋅cm− 2) and Phe 
(17.3 μA⋅cm− 2) samples, the Met+Phe sample further reduced the Icorr 
values (7.7 μA⋅cm− 2) of the steels. The corresponding inhibition effi
ciency was also increased from ~90 % to ~95 % (Table S1). The above 
electrochemical results verified the enhanced corrosion inhibition effect 
using Met and Phe mixtures.

3.5. Quantum chemical calculations of amino acid corrosion inhibitors

Although single quantum chemical parameters may exhibit insuffi
cient general correlations to the inhibition efficiencies of corrosion in
hibitors [63,64], they provide information of the electron transfer 
between amino acid molecules and metal surfaces [3,13,65]. Therefore, 
quantum chemical calculations were performed to verify the corrosion 
inhibition behavior of Met+Phe samples. The optimized structures and 
frontier molecule orbital distributions of Phe and Met molecules were 
shown in Fig. 8. For Phe, the HOMO is mainly localized on the benzene 
ring and the LUMO is distributed at the entire molecule. For Met, the 
HOMO existed on the skeleton containing the sulphur atom, while the 
LUMO was primarily distributed at the carboxyl group. The eigenvalue 
of the HOMO (EHOMO) was positively correlated with the possibility to 
donate electrons, and the eigenvalue of the LUMO (ELUMO) was nega
tively correlated with the capacity to accept electrons [66]. Met shows a 
stronger ability to donate electrons, while Phe is likely to accept elec
trons. The electron transfer between inhibitor molecules and steel sur
faces depended on the EHOMO and ELUMO of the inhibitor molecules and 
the Fermi level of Fe (EF, Fe) [19]. The EHOMO of Met (− 6.15 eV) was 
closer to the EF, Fe (− 5.18 eV) compared to that of Phe (− 6.71 eV) 
(Fig. 9). This result indicated that the electrons were more possible to be 
excited from the HOMO of Met to the carbon steel surface. Phe 
(− 0.68 eV) exhibited a closer ELUMO to EF, Fe (− 5.18 eV) than Met 
(− 0.55 eV), indicating that electrons tended to transfer from the steel 
surface to the LUMO of Phe. Therefore, compared to the situation of 
single Met or Phe, electron transfer between the HOMO of Met and the 
steel surface and between the steel surface and the LUMO of Phe is 
increasingly facilitated when Met and Phe were used in combination. 
These results demonstrated that Met+Phe samples simultaneously 
exhibited enhanced electron donation and acceptance capacity, which 
supported the synergistic mechanism obtained by machine learning 
analysis (see Section 3.3).

4. Conclusion

In summary, we proposed an advanced methodology to integrate 
high-throughput experiments and interpretable machine learning tech
nology to identify the corrosion inhibition synergism of amino acid 
combinations. A corrosion inhibitor library with labeled data of 70 

amino acid formulations was effectively created by the automated 
configurations of large amount of amino acid solutions and color re
sponses based on Fe ions generated during the corrosion process. The 
results of high-throughput experiment demonstrated significantly 
enhanced inhibition performance when 25 % Met and 75 % Phe were 
used in combination. Benefiting from the creation of amino acid library, 
an interpretable machine learning technology was used to grasp the 
underlying correlations between various amino acid molecular features 
and the experimentally obtained IDcorr values. SHAP analyses with the 
XGB model computed the marginal contributions of various feature 
descriptors of amino acid molecules to the predicted inhibition 
behavior. Machine learning results revealed that all descriptors except 
hydrogen bond features had a significant effect on the corrosion inhi
bition of amino acid molecules. Moreover, Met+Phe samples exhibit 
high HallKierAlpha and BertzCT values, exhibiting a strong capacity for 
both electron donation and acceptance. The augmented interaction of 
Met+Phe samples and carbon steel led to the observed inhibition 
enhancement. This synergistic effect of Met+Phe samples was well 
supported by electrochemical tests and quantum chemical calculations. 
The proposed methodology could be helpful for understanding the 
contribution of different molecular features to inhibition performance of 
corrosion inhibitors and the synergisms in the optimal formulation. 
Notably, the results from interpretable machine learning led to a 
significantly narrow list of feature descriptor candidates for subsequent 
exploration via in-depth experiments and theoretical calculations.
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