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Note

All references included in this Supporting Information refer to the list provided at the end

of the Supporting Information. However, all references cited in the Supporting Information

are also cited in the main manuscript, though with revised ordering.

Supplemental S1: Feature Set Summary

Numerous features were taken into consideration in this study which could be split into 6

electronic structure features extracted from the d-band PDOS (nd) and 24 chemical (atomic)

features adapted from the literature.1–7 Thus, in total, 30 features were considered.

Electronic Structure Features (extracted from DFT calculations)

In addition to the features detailed in the context of Eqs. (2)-(5) of the main text, we also

employed two additional electronic structure features as given below.8,9

• γ1: Skewness of a d-band which is calculated as

γ1 = E
[(nd − µ

σ

)3]
. (S1)

• γ2: Kurtosis of a d-band which is calculated as

γ2 = E
[(nd − µ

σ

)4]
. (S2)

Here µ is the mean, σ is the standard deviation of the band and E is the expectation operator

pertaining to the d-band PDOS distribution.

Chemical Features

• IEdopant: Ionization energy of the substitute doped into the host’s surface.
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• IEhost: Ionization energy of the host.

• IEkink: Ionization energy of the kink site.

• EAdopant: Electron affinity of the substitute doped into the host’s surface.

• EAhost: Electron affinity of the host.

• EAkink: Electron affinity of the kink site.

• rdopant: Atomic radius of the substitute doped into the host’s surface.

• rhost: Atomic radius of the host.

• rkink: Atomic radius of the kink site.

• Xdopant: Electronegativity of the substitute doped into the host’s surface.

• Xhost: Electronegativity of the host.

• Xkink: Electronegativity of the kink site.

• Wdopant: Work function of the substitute doped into the host’s surface.

• Whost: Work function of the host.

• Wkink: Work function of the kink site.

• Odopant: Tight-binding d-orbital energy of the substitute doped into the host’s surface.

• Ohost: Tight-binding d-orbital energy of the host.

• Okink: Tight-binding d-orbital energy of the kink site.

• rd,dopant: Tight-binding d-orbital radius of the substitute doped into the host’s surface.

• rd,host: Tight-binding d-orbital radius of the host.

• rd,kink: Tight-binding d-orbital radius of the kink site.
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• Cdopant (V 2
dopant): Adsorbate-metal interatomic d coupling matrix element squared for

the substitute doped into the host’s surface.

• Chost (V 2
host): Adsorbate-metal interatomic d coupling matrix element squared for the

host.

• Ckink (V 2
kink): Adsorbate-metal interatomic d coupling matrix element squared for the

kink site.
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Supplemental S2: Machine Learning Hyperparameters

Table S1: The range of hyperparameters tested for each ML model (hyper-
parameters not mentioned were kept at their default values as per the Scikit-
Learn/Keras documentation) – Pertaining to the dataset including all 30 fea-
tures.

ML Algorithm Hyperparameters
Ridge regression Alpha = [0.1, 0.5, 0.8, 1, 10, 100]
Support vector regression kernel:["linear","rbf"], C: [1,10,102,103,104, 105,106,

107,108],
gamma: [1,10−1,10−2, 10−3,10−4,10−5,10−6,10−7,10−8,
10−9,10−10]

Random forest regression n_estimators:[50, 100, 200, 300, 400, 500, 600, 700, 800,900],
max_depth:[1,2,3,4,5,6,7,8,9,10], max_features:[’sqrt’],
min_samples_leaf:[3,4,5]

Extra tree regression n_estimators:[50, 100, 200, 300, 400, 500, 600, 700, 800,900],
max_depth:[1,2,3,4,5,6,7,8,9,10], max_features:[’sqrt’],
min_samples_leaf:[3,4,5],
bootstrap: ["True","False"]

Gradient boosting regression n_estimators:[50, 100, 200, 300, 400, 500, 600, 700, 800,900],
learning_rate: [0.000001,0.0001,0.001,0.01, 0.025, 0.05, 0.075,
0.1, 0.15, 0.2],
max_depth:[1,2,3,4,5,6,7,8,9,10], criterion: ["friedman_mse"],
subsample:[0.5, 0.8, 0.85, 0.9, 0.95, 1.0], max_features:[’sqrt’],
min_samples_leaf: [20,21,22,23,24,25,26,27,28,29,30]
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Table S2: Optimum hyperparameters evaluated for each ML algorithm –
Pertaining to the dataset including all 30 features.

ML algorithm Tuned hyperparameter value
Ridge regression Alpha = [0.1]
Support vector regression C: 100000.0, gamma: 0.1, kernel: ’rbf’
Random forest regression n_estimators:[200], max_depth:[10], max_features:[’sqrt’],

min_samples_leaf:[3]
Extra tree regression n_estimators:[600], max_depth:[10], max_features:[’sqrt’],

min_samples_leaf:[3],
bootstrap: ["True"]

Gradient boosting regression n_estimators:[200], learning_rate: [0.1], max_depth:[8],
criterion: ["friedman_mse"], subsample:[0.5], max_features:[’sqrt’],
min_samples_leaf: [22]
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Supplemental S3: Single Feature Trends

Figure S1 shows the binding trends versus some single features obtained via the electronic

structure of the systems studied such as: the upper d-band edge (εu), d-band width (Wd),

and d-band filling (f) – defined per Eqs. (3)-(5) in the main text.
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Figure S1: Single-features trends concerning CO adsorption energy at the kink with respect
to: (a) the upper d-band edge (εu); (b) the d-band width (Wd); and (c) d-band filling (f) at
the kink site.
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Figure S2 shows the exact same data displayed in Figs. 2c & 2d of the main text re-

plotted by element to show the clustering of different elements (dopants). As can be seen

in these two cases the adsorption energy is not dominated by the impurity but by the host

(substrate) when substitution is not directly at a kink site.
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Figure S2: Adsorption energy plots versus εd for different subsets of data: (a) when only one
impurity is doped at an embedded step edge position distinct from the kink site; and (b)
when two impurities are embedded at step edge positions distinct from the kink site. The
CO kink-site adsorption energy atop pure slabs is shown for comparison via dotted lines.
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Supplemental S4: Comparison to Other Techniques

In addition to the electronic structure approach we adopted in this study, many other

methodologies (descriptor spaces) have been proposed in the literature to predict small-

molecule binding energies for either bulk metallic alloys, single atom alloys, or transition

metal doping in various systems.8–22 Hence, for the sake of clarity and completeness, it is

important to also assess the performance of closely related methodologies8,23–25 in the context

of the chemically diverse single-atom alloys investigated in this work. These comparisons are

provided below.

Supplemental S4-A: Comparison with Reference 23

In Ref. 23, a descriptor denoted as φ was proposed formulated as a function of d-

band filling, electronegativity and the number of nearest neighbours adjoining the small-

molecule binding site. This newly defined descriptor was shown to provide a linear rela-

tionship with small-molecule binding energies in graphene-based single-atom catalysts and

metal–macrocycle complexes. In this manner Ref. 23 demonstrated that the catalytic activ-

ity of single-atom catalysts (in carbon based hosts) is often highly correlated with the local

environment of the metal centre, namely its coordination number and electronegativity and

the electronegativity of the nearest neighbour atoms. The question naturally arises: can this

descriptor be applied with equal success towards single-atom alloys containing a chemically

diverse set of impurities? Since our system is slightly different, being non-carbon based and

metallic, we therefore marginally modified the descriptor φ in the form given below

φ = βθd ×
EM + α(nD × ED + nH × EH)

EC

(S3)

where θd is the number of valence electrons in the d-orbital of the adsorption site metal

element, EM is the electronegativity of the adsorption site metal element, nD is the number
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of impurity atom nearest neighbors next to the adsorption site, ED is the electronegativity of

the dopant element, nH is the number of host atom nearest neighbors to the adsorption site,

ED is the electronegativity of the host atom element, EC is the electronegativity of the carbon

atom (included for the sake of consistency with the original model, though clarification will

be applied shortly) and α and β are correction coefficients. In Fig. S3 we first plot the

adsorption energy versus φ with α = 1 and β = 1, both for a subset of data with a single

dopant at the kink site and for the full dataset. These trends are the first indication that φ

does not suffice as a single linear descriptor for the chemically diverse data set investigated

in this study.
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Figure S3: Adsorption energy plots versus φ for different subsets of data: (a) when only one
impurity is doped at the kink site; and (b) for the full dataset.

However, the trends in Fig. S3 depend on the parameter EC (borrowed from Ref. 23)

which may not be relevant to the single-atom alloys investigated in this study. To this end

we also treated the coefficients α and β in Eq. (S3) as independent adjustable parameters

to be fitted via linear regression – this is essentially the same as removing EC from the fit.

The results of this fit can be found in Fig. S4, where it can be seen that the predictive

performance of such a single descriptor (φ) remains quite poor for this single-atom alloy

dataset when further flexibility is introduced. For these reasons a descriptor of the form

given by Eq. (S3) was excluded from consideration in the primary analysis of this study.

However, it is important to emphasize that Figs. S3 & S4 do not suggest that this descriptor
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Figure S4: Linear regression prediction performance for φ when α and β are treated as fitting
parameters for different subsets of data: (a) when only one impurity is doped at the kink
site; and (b) for the full dataset.

is not without utility for the materials examined in Ref. 23.

Note: content continues on the next page.
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Supplemental S4-B: Comparison with Reference 24

In Ref. 24 the authors proposed an intriguing model for predicting binding energies of dif-

ferent adsorbates on transition metals and related alloys using easily accessible chemical

data.26 Their model presented binding energies as a function of such features to arrive at lin-

ear relations using: (1) the generalized coordination number (as a metric for the geometry of

the system); (2) outer-electron number; and (3) electronegativity. These generic descriptors

where recast within the modified descriptor ψ which was defined as:

ψ =
S2
V

χβ
(S4)

where where χ and SV represent the electronegativity and the valence electron number of

the transition metal element, respectively, and β is an index determined by the role of d-

and s- orbitals.24 To further explore this physical chemistry, they also employed the modified

descriptor ψI in Ref. 24 which can be expressed as:

ψI =

(
ΠN

i=1SVi

)2/N

(
ΠN

i=1χ
β
i

)1/N
. (S5)

Here SVi
and χi are the outer-electron number and electronegativity of a given atom, respec-

tively, such that the multiplication series in Eq. (S5) extends over the adsorption site and

its nearest neighbours. We have applied the modified electronic descriptors proposed in the

above paper, namely ψ and ψI , to our data for the subset of data with only one dopant at the

kink site and the full dataset. These results are provided in Fig S5, where it can be clearly

seen that there is no linear relationship between the adsorption energy and modified descrip-

tors proposed in Ref. 24 per the data set examined in this work. However, it is important

to emphasize Fig. S5 does not suggest that this descriptor is not without relevant utility for

the subset of data & materials examined in Ref. 24 and supporting follow-up studies.26

S12



0 20 40 60 80 100
-4

-3.5

-3

-2.5

-2

-1.5

-1

-0.5

0
0 20 40 60 80 100

-4

-3.5

-3

-2.5

-2

-1.5

-1

-0.5

0

40 60 80 100 120 140 160 180 200
-4

-3.5

-3

-2.5

-2

-1.5

-1

-0.5

0

40 60 80 100 120 140 160 180 200
-4

-3.5

-3

-2.5

-2

-1.5

-1

-0.5

0

En
er

gy
 (e

V
)

En
er

gy
 (e

V
)

En
er

gy
 (e

V
)

En
er

gy
 (e

V
)

(a)

(b)

(c)

(d)

ψ

ψ

ψ!

ψ!

Figure S5: Descriptor trends concerning CO adsorption energies at the Cu(532) kink with
respect to modified descriptors proposed in Ref. 24: (a) ψ trends when only one impurity is
doped at the kink site; and (b) ψ trends for the full dataset; (c) ψI trends when only one
impurity is doped at the kink site; and (d) ψI trends for the full dataset.
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Supplemental S4-C: Comparison with Reference 8

In Ref. 8 an artificial neural network (ANN) model was employed predict the binding energy

of CO on bimetallic surfaces. As an earlier example of applying machine learning to catalysis,

this work represents an important marker in the field. In a similar manner to our work, they

utilized d-band properties as well as atomic properties of the substrate. Importantly, their

ANN model provided a low test error corresponding to RMSE ≈ 0.13 eV. However, it was

focused on the bimetallic alloys which can be understood to follow linear scaling relations

to a greater degree than single atom alloys. To demonstrate this, their binding energy

values are plotted with respect to their reported d-band center feature in Fig. S6b – all data

was obtained from the Supporting Information to Ref. 8. Next to this result, in Fig. S6a,
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Figure S6: Single-features trends concerning CO adsorption energy with respect to the
project density of states (PDOS) d-centre (εd) taken from: (a) our manuscript; and (b)
Ref. 8.

we have plotted our binding energy versus d-band center trends – just as was provided in

Fig. 1 of the main manuscript. As can be seen from the above figure, the subset of alloys

they studied follows linearity relations more closely than the non-linear SAAs investigated

in our study. Moreover, the data in Ref. 8 is also well clustered (see Fig. S6b). On the

other hand, additional diversity diversity is present in our data (see Fig. S6a). This arises

from non-linear nature of SAAs, which we have found to require more sophisticated machine

modelling methods. Indeed, due to the clustering of their data and its more linear properties,
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we were able to attain a fairly accurate linear regression model of the data provided in Ref.

8. This is provided in Fig. S7 and results in an RMSE of 0.15 eV by averaging over 100 time

random train/test split of 20%/80%. This is nearly identical to the ANN model RMSE result

of ∼ 0.13 eV reported in Ref. 8. Hence, it is the diversity of our data set (e.g., stretching out

across a wide range of transition metal dopants) and the non-linear nature of single-atom

alloys that leads to the slightly higher RMSE quoted in our work.
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Figure S7: Machine learning prediction performance obtained from a linear regression model
applied to the data provided by Ref. 8.

Note: content continues on the next page.
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Supplemental S4-D: Comparison with Ref. 25

In Ref. 25 the authors investigated OH and *O binding energies on the surfaces of high

entropy alloys (HEAs). To address the complexity of HEAs, they presented a linear regression

model which links the local atomic make-up (e.g., number and chemical type of atoms in

the binding vicinity) to the binding energy. The binding energy predicted at site i by this

model can be encapsulated in the form

∆Ei
pred = Σmetals

k C1,kN
i
1,k + Σmetals

k C2,kN
i
2,k + Σmetals

k C3,kN
i
3,k (S6)

where C1,k, C2,k,and C3,k are the model parameters and N i
1,k, N i

2,k and N i
3,k are the num-

bers of each element (k) found in each zone numbered from 1 to 3. Zone 1 represents the

binding site, Zone 2 represents the surface neighbours that are coordinating once to the

binding site and Zone 3 represents the subsurface neighbours that are coordinating once to

the binding site. Importantly, this linear regression approach provided an impressive root

mean squared deviation of 0.063 eV and 0.076 eV for *OH and *O, respectively. Although,

the number of fitting parameters was reported to be 55.25 We applied this same general con-

figurational approach to our data set, the result of which can be found in Fig S8. Notably,

the prediction performance of the above configurational approach closely follows the predic-
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Figure S8: Machine learning prediction performance obtained from linear regression model
applied to our data set by employing the methodology in Ref. 8. (a) Includes all the data.
(b) Includes the configurationally restricted subset as in the main manuscript.
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tion performance in our study (with slightly higher statistical test error) – see Figs. 7 & 8

of the main manuscript. Although the accuracies of the two methods are comparable (ours

in Figs. 7 & 8 of the main manuscript and Fig. S8 herein), we would argue that electronic

structure features provide a more versatile and intuitive basis for understanding the physics

driving catalytic behaviour on distinct metallic surfaces.27–29

Features (descriptors) employed for the machine learning driven prediction of adsorp-

tion/binding energies are often classified into three main categories: geometric, electronic,

and energetic. Geometrical descriptors are acquired from atomic positions and often in-

clude corresponding coordination numbers.30–33 Electronic features are acquired from the

electronic structure of a system (e.g., the d-band center).27–29 Lastly, energetic descriptors

include adsorption energies, bulk formation energies, and vacancy formation energies. When

such energetic descriptors are derived from DFT calculations, extensive geometry relaxations

are required that are often difficult to attain as compared to unrelaxed electronic structure

features.34,35 In this study, we focused on electronic descriptors and their performance as pre-

dictors, since it is well known that the electronic structure of a surface is strongly correlated

with its surface chemistry.36,37 Indeed, electronic descriptors (DOS descriptors) are suitable

descriptors to consider for the prediction of binding energies, as the mode and degree of a

surface’s interaction with adsorbates are directly manifest within its electronic DOS through

hybridization bonding interactions.36 Although coordination based geometrical features are

sometimes more easily accessible descriptors compared to electronic structure features, there

are strong physical concepts that supporting the relation between the electronic structure

and binding energies.27–29,36,37 Lastly, SAAs are known to break linear relationships and yet

their relations between electronic structure characteristics and binding properties is not fully

understood.38 These are the physical reasons we have chosen to explore machine learning

models in the context of electronic structure features applied to SAAs.

There is, however, also the interpretability of the machine learning model which needs

to be taken into account when comparing the two approaches (again, ours in Figs. 7 & 8 of
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the main manuscript and Fig. S8 herein). In this context, the notion of of simplicity and

complexity in machine learning depends on one’s point of view regarding the parameters

and the function that links them. On the one hand we have a model that is simple from

the function point of view in Fig. S8 (employing linear regression) but complex from the

number of parameters, where it is very difficult to understand what is occurring physically

in the parameter space to drive the observed behaviour. On the other hand we are choosing

a model (in Figs. 7 & 8 of the main manuscript) that is simpler from the parameter perspec-

tive, with more physical interpretability with respect to the driving physical variables (e.g.,

electron filling), but has more complexity in terms of interpreting the model non-linearity.

Since these two models are approximately equivalent, producing nearly the same predictive

accuracy within this system, it to some degree a matter of interpretability preference regard-

ing which model is applied. However, the linear model (with more parameters) is slightly

worse statistically (compare Figs. 7 & 8 of the main manuscript to Fig. S8 herein). Thus, for

these additional machine learning feature interpretation reasons we have chosen to employ

an electronic structure based model in our analysis.
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Supplemental S4: Data Set

The data set employed in this study is attached as a "csv" formatted file with the Supporting

Information.
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