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Supplementary Figures
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Supplementary Figure 1. Comparing our DFT-calculated APB energies (blue dashed lines) with those in

previous studies!~!!. The change in (111) APB energy is defined as Ay;; def Y111.Ni;AIZ — Y111,NiAl and plotted as a
function of solute concentration. Each panel shows a different solute species and all plots in Supplementary Fig. 1
and 2 share the same legend as panel (a). The method of each previous study is given in parentheses in the legend.
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Supplementary Figure 2. Further comparisons between the APB energies obtained in this study and those in the
literature. See Supplementary Fig. 1a for the legend.
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Supplementary Figure 3. We compare the performance of our ML model against other models in the literature
in predicting the APB energy of two commercial superalloys, Nimonic 105 and Nimonic PE16. The green bars are
experimental measurements from Baither et al.'?, who report values for y;; between 0.252-0.308 Jm~2 and
0.330-0.370 Jm~2 for the two alloys, respectively. The orange, lavender, and pink bars correspond to the predicted
APB energies from our ML model, the model by Dodaran et al.®, and the model by Vamsi and Karthikeyan'3,
respectively.

Composition (at.%) 7111 Jm~2)

Ni—19.4 Al 0.122(17)
Ni—23.6 Al 0.176(16)
Ni—25.0Al 0.188

Ni—26.4Al 0.198(12)
Ni—30.6 Al 0.265(41)

Supplementary Table 1. DFT-calculated values for ¥;1; for on- and off-stoichiometry binary Ni,Al alloys. The
uncertainty in the final two decimal places is the standard deviation of five different DFT calculations of 7;1; for
each composition. ¥;1; increases approximately linearly with increasing Al content near the stoichiometric Ni; Al
composition.
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Supplementary Methods

DFT pseudopotentials

We use the following pseudopotentials for our DFT calculations using VASP 5.4!4-17:
e Semi-core s states: Sc, Y, Zr, Ba, Sr
* Semi-core p states: Ti, V, Cr, Mn, Nb, Mo, Tc, Hf, Ta, Re, Ca

e Semi-core d states: Ga, Ge, Sn, T1, Pb

All other elements use the standard pseudopotentials supplied with VASP 5.4.
We initialize magnetic moments (in units of tp) as follows:

* 1.0: Fe, Co, Mn, Cr

* 0.5: Ni

* 0.0: Everything else

All other DFT settings may be found in the Methods section III.B in the main text.

The DFT convergence tests presented in Fig. 4a and Fig. 4b use a smaller 1 x 1 x 3 L1, orthogonal cell (9
layers) than that used in the study. Thus the k-point mesh is chosen (4 x 7 x 2 here; 2 x 3 x 2 in the manuscript) to

correspond to the same density in reciprocal space (5000 k-points per reciprocal atom).

DFT convergence tests

As a tighter check for convergence, we perform a few higher-accuracy calculations for Ni; Al and 9.72 at.% Nb

with the following stricter settings:

* Energy cutoff of 600eV.
* Electronic convergence threshold of 1 x 1077 eV.

* Jonic convergence threshold of 1 x 103eV /atom (norm of the forces).

For Ni; Al we also used 15 layers in the supercell.
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We then compute the following quantifier of systematic error:

strict ominal
7 =
trict
111

(1

% error =

For the Ni;Al system, the higher-accuracy APB energy is 0.185] m~2. This means:

10.185 — 0.188)|

0185 x 100% = 1.62 %

% error —

For the 9.72 at.% Nb system, the higher-accuracy APB energy is 0.425 Jm~2. This means:

10.425 — 0.428|

0.425 x100% = 0.7 %

% error =
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Supplementary Figure 4. Convergence of the total energy in the bulk L1, structure of Ni;Alina 1 x1x3

APB energy (J/m?)

9

APB energy (J/m?)

supercell oriented with (111) planes normal to the z-axis. Convergence of ¥;1; with respect to (a) the k-point mesh,
(b) the plane wave cutoff energy, and (c) the number of (111) planes separating the APB in Ni;Al. (d) Convergence

of the two quantities with respect to the cell height (measured as strain in A following volume relaxation) in a
288-atom cell with 9.72 at.% Nb.
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Machine learning methods

Feature Method
Ordering energy (Eorq) DFT!4-17
Change in lattice parameter (Aa) and density DFT
Sublattice preference PyDII'8 1
Pettifor number?” mendeleev package?!
Magpie elemental properties>” matminer package”’
Pymatgen elemental properties>* matminer package
Intermetallic formation enthalpies® matminer package
Mixing thermochemistry and size mismatch?® matminer package
Fraction of magnetic transition metals?’ matminer package

Supplementary Table 2. All of the features that we initially generate for our ML models and their corresponding
citations.

While including the ordering energy (Eoq) as a feature for modeling the APB energy leverages our domain
knowledge*?, there may be interest in an ML model without Eyq, particularly for multicomponent compositions
where this information may not be readily available (see Section I.D in the main text) or vary in estimated values
depending on the database used. We use the same procedure outlined in the manuscript to train an ML model without
Eqrq and we obtain a 5-fold grouped CV error of 0.035] m~2 (compared to 0.033] m~2 with the feature included).
Therefore, one might not need to calculate Eyq in order to predict the APB energies in the model systems used in
this study, and we show in Section I.D how a model trained without E4 can extrapolate to multicomponent systems.

However, we feel it is an important contribution to include, when available, for several reasons:

* E.q is a physically-motivated correlation that has been proposed in the literature, which we discuss in the
Introduction (pg. 4-5). As discussed there, we hope to use ML and data-driven techniques to build on top of

this domain knowledge.

» E,.q remains after recursive feature elimination, which is a data-driven approach to feature selection as opposed

to physical intuition.

* When included, Eq is the fourth-most important feature using the random forest model’s feature importance

ranking.

* The performance is still marginally better with Eq included. In addition, the good performance achieved with
the other, auto-generated features helps support one of our central conclusions that informatics approaches

can outperform methods that rely on physical intuition or analytical models alone.
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Supplementary Figure 5. (a) We quantify how the k-fold grouped CV error changes with respect to the choice
of k. The right-most point at kK = 37 is equivalent to a leave-one-solute-out approach. Error bars represent one
standard deviation above and below the mean of 30 iterations of CV. (b) We quantify how the 5-fold grouped CV
error changes with respect to the size of the training set given the small size and sparsity of our data. (c) We quantify
how the 5-fold grouped CV error changes with respect to uniform random noise (up to 0.05 Jm~2) added to the
APB energies in the training set to further analyze the effects of data quality.
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Supplementary Note 1

One consideration for the results presented here is whether the L1;-ordered structure (y phase) is suitable for all
of the alloy compositions. While solute elements generally exhibit preferential partitioning between the y and Y
phases in real superalloys, we do not make that distinction in this work and assume that, in the dilute regime, our
results will still capture the dominant chemical contributions to the APB energy from solutes in the ¥ phase. For 14
of the ternary solutes (Co, Cr, Cu, Fe, Hf, Mn, Mo, Nb, Pd, Pt, Ta, Ti, V, W), we perform additional CALPHAD
calculations at 1000 K using the TCNI9 database to confirm that the ¥ phase is stable for those alloys at low
(1.39 at.%), medium (5.56 at.%), and high (9.72 at.%) concentrations, and only a few ternary systems (Hf, Mn, Mo,
V, W) show competing phases at the highest concentration. The CALPHAD data are also qualitatively consistent
with our PyDII calculated sublattice preference for those 14 elements. These CALPHAD results help support the

DFT data and validate the use of the latter as training data for ML.
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