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LETTER

Not so binary or generalizable: Brain sex differences 
with artificial neural networks
Jeffrey W. Lockharta , Agustín Fuentesb, Gina Ripponc , and Lise Eliotd,1

                                                                        From Victorian scientists measuring skull volumes to contem-
porary brain imagers using machine learning (ML), the widely 
publicized study by Ryali et al. ( 1 ) is merely the latest in a long 
history of attempts to identify the “real,” or categorical brain 
differences between women and men. However, their actual 
findings are neither as novel nor definitive as stated.

 As in dozens of prior studies, the “high” accuracy claimed 
for sorting brains into male or female categories did not gen-
eralize out-of-sample. Sex was misclassified for 18% of par-
ticipants, matching the average performance over the last 
12 y ( 2 ). This is neither new nor evidence of discontinuity in 
brain organization between sexes. To get around this prob-
lem, this study abandons out-of-sample validation, selects 
the measures showing the greatest within-sample differ-
ences, and then plots t-distributed stochastic neighbor 
embedding of only these deep neural network-derived meas-
ures. The resulting perfect separation between men and 
women creates the impression of clean, binary difference, 
which is unsupported by their classification results. With mil-
lions of parameters and just 1,500 observations, such sepa-
ration is trivial and obscures the tremendous overlap in every 
discrete brain measure ( 3 ).

 Ryali et al.’s use of the language of personalized medicine 
and “brain fingerprints” is also misleading. As the input fea-
tures for “fingerprinting” were designed  to discriminate 
between men and women, even the “individual level finger-
prints” are not features unique to individuals, but “finger-
prints” of their resemblance to one of two sex categories. 
Binarizing multiple continuous variables in this way is likelier 
to preclude than advance progress toward personalized or 
precision medicine ( 4 ).

 Ryali et al. further claim to explain the algorithmic “black 
box,” identifying which  brain features are responsible for the 
purported between-sex differences. Such explanations are 
necessarily misrepresentations of the model: Either one 
needs a deep neural network with millions of parameters, 
high-order interactions, and nonlinear activations to model 

a phenomenon, or the phenomenon has a functional form 
and substantive interpretation human scientists can learn 
from, but not both ( 5 ). Moreover, the brain areas they identify 
(prefrontal and other heteromodal association areas) partic-
ipate in so many different cognitive and emotional functions 
as to make these highly derived findings uninformative for 
practicing neuroscientists.

 Inexplicably, the most clearly defined sex difference, total 
brain volume, was highlighted in their Introduction but never 
interrogated in their analysis. Similar to all nonreproductive 
organs, this measure varies continuously between men and 
women but differs substantially at the group level. Brain vol-
ume influences many features, including the ratios of 
white:gray matter and inter:intra-hemispheric connectivity 
( 6 ). It also influences gyrification, diffusion tensor imaging 
measures ( 7 ), and network efficiency ( 8 ). Most notably, brain 
size drives ML sex classification accuracy ( 9 ), even using func-
tional measures ( 10 ), both shown in the same data Ryali et al. 
( 1 ) use. In other words, brain architecture varies with overall 
size, affecting both structure and functional connectivity, and 
strongly confounding apparent sex differences.

 Given these many limitations and manipulations, it is a 
long stretch to conclude—as so many before have tried—that 
women and men think and feel using categorically differ-
ent brains.   
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