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Defects are a universal feature of crystalline solids, dictating the key properties and performance of many 
functional materials. Given their crucial importance yet inherent difficulty in measuring experimentally, 
electronic structure methods are widely used to predict defect behaviour at the atomic level and the resultant 
impact on macroscopic properties. Here we report doped,1 a Python package for the generation, pre-/post-
processing and analysis of defect supercell calculations. doped has been built to implement the defect 
simulation workflow in an efficient, user-friendly yet powerful and fully-flexible manner, with the goal of 
providing a robust general-purpose platform for conducting reproducible calculations of solid-state defect 
properties. 
Beyond the core functionality of doped in generating defect supercells and competing phases, writing 
calculation input files, parsing calculation outputs and analysing/plotting defect-related properties, some 
key advances include: 
 
- Efficient supercell generation outperforming widely-used & established algorithms.  
- Efficient charge-state estimation, outperforming the most widely-used current approaches in terms of 
accuracy and efficiency. 
- Efficient competing phase selection based on controllable error tolerances.  
- Automated symmetry & degeneracy handling for defect thermodynamics & analysis 
- Automated compatibility checking & calculation sanity checking  
- Streamlined thermodynamic analysis; formation energy diagrams, (non-)equilibrium Fermi level solving, 
doping analysis, Brouwer-type diagrams, 2D temperature & chemical potential heatmaps… 
- Finite-size corrections; both the isotropic Freysoldt (FNV)2 and anisotropic Kumagai (eFNV)3 
- Reproducibility & tabulation; natively supports & encourages reproducibility (all I/O JSONable aiding 
provenance tracking, tabulated summary outputs…) 
- Native compatibility with high-throughput architectures (AiiDA4, atomate(2)5…) and other python-based 
defect analysis codes (ShakeNBreak6, easyunfold7, nonrad8, CarrierCapture.jl9, pydefect10…) 
 
Some additional features include directional-dependent site displacement (local strain) analysis, 
deterministic & informative defect naming, molecule generation for gaseous competing phases, 
multiprocessing for expedited generation & parsing, shallow defect analysis (via pydefect10), Wyckoff site 
analysis (including arbitrary/interstitial sites), controllable defect site placement to aid visualisation and 
more. The functionality and recommended usage of doped is demonstrated in the tutorials 
(https://doped.readthedocs.io/en/latest/Tutorials.html) on the documentation website 
(https://doped.readthedocs.io/en/latest/). 
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