Global gender estimation from distribution of first names
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Incomplete information

Conclusion: Performance comparison « Using only initials or final letters

Methods in the literature: R D I
Accurate if target population is gender-balanced
[but: assumption not true in several cases of interest] Global gender estimation method:
More accurate if gender-ambiguous names are removed Works for any gender mix
[price: smaller sample] Uses the whole set of names
=> Otherwise, systematic overestimation Robust against mismatches in gender-name correlations

Picks up very weak correlations (e.g. first-names initials)
Interpretation in terms of social dynamic shaping gender distribution
Accuracy: No intrinsic methodological systematic effects
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