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Abstract

Research on scientific/intellectual movements, and social movements generally, tends to focus on resources and
conditions outside the substance of the movements, such as funding and publication opportunities or the prestige and
networks of movement actors. Drawing on Pinch’s theory of technologies as institutions, | argue that research methods
can also serve as resources for scientific movements by institutionalizing their ideas in research practice. | demonstrate
the argument with the case of neuroscience, where the adoption of machine learning changed how scientists think about
measurement and modeling of group difference. This provided an opportunity for members of the sex difference move-
ment by offering a ‘truly categorical’ quantitative methodology that aligned more closely with their understanding of male
and female brains and bodies as categorically distinct. The result was a flurry of publications and symbiotic relationships
with other researchers that rescued a scientific movement which had been growing increasingly untenable under the
prior methodological regime of univariate, frequentist analyses. | call for increased sociological attention to the inner
workings of technologies that we typically black box in light of their potential consequences for the social world. |
also suggest that machine learning in particular might have wide-reaching implications for how we conceive of human
groups beyond sex, including race, sexuality, criminality, and political position, where scientists are just beginning to
adopt its methods.
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Scientists have long engaged in a set of related debates
about whether human social groups of race, class, gender,
and more constitute biologically distinct categories, and
these debates remain lively today (Lockhart, 2021;
Morning, 2014; Sanz, 2017). I argue that part of the way
they have remained lively in recent decades is through the
adoption, on all sides, of machine learning (ML). In this
paper, I focus on how the introduction of ML to neurosci-
ence rescued the foundering scientific/intellectual move-
ment (SIM) for sex differences, even elevating its object
to a gold standard, by preserving core theories and
agendas while radically altering the field’s quantitative
reasoning.

In particular, drawing on theories of technologies as
institutions (Pinch, 2008), I argue that ML serves to institu-
tionalize a frame of understanding for group difference that
is favorable to the sex difference movement as part of
general research practice in neuroscience. This means that
ML and research methods in general can serve as resources
for SIMs, extending existing theorizations that focus on

traditional factors such as funding, publication, and prestige
(Frickel and Gross, 2005) to show that the content and prac-
tice of research itself can be key resources for movements.
Understanding this process requires not only a close ana-
lysis of how the use and results of a method are framed
by SIM members but also an analysis of the implementation
and workings of the method itself as a technology, to under-
stand how SIM norms and values are delegated to and mate-
rialized in it (Bucher, 2016).

While the values and frames embedded in ML have been
extensively studied (e.g. Benjamin, 2019; Chun, 2021;
Eubanks, 2017; Fourcade and Healy, 2016; Keyes, 2018;
Noble, 2018; Scheuerman et al., 2021; Seaver, 2018), this
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work focuses almost exclusively on production algorithms
(those used by governments and companies to do things like
set prices, recommend songs, deny parole, or target missiles).
Little attention has gone to the ways values and frames are
embedded in discovery algorithms (ML used by scientists to
learn things, make claims about the world, or advance
SIMs) (Keyes et al., 2021), even though sociologists have
long known that research methods are ‘device[s] for trans-
forming common-sense meanings and implicit theoretical
notions into acceptable “evidence’™ (Cicourel, 1964, p. 21).

I demonstrate the role discovery algorithms can play in
institutionalizing SIM frames using the case of neuroscien-
tific research on sex, where competing SIMs debate whether
men’s and women’s brains are categorically distinct (Epstein,
2007; Lockhart, 2020; Sanz, 2017). ML is the latest in a long
parade of new research tools and methods adopted to study
sex differences in brains after previous approaches became
untenable (Lockhart, 2020). Like those methods, ML exhibits
interpretive  flexibility: scientists using the same data,
methods, and results can come to a variety of conflicting conclu-
sions (Collins, 1992). ML is used to argue both for and against a
categorical distinction between men’s and women’s brains,
although the movement for categorical differences is much
larger than its countermovement.

But ML is unlike prior innovations, which focused on
things like finding sex in new parts of the brain or nor-
malizing brain sizes in new ways. Instead, ML represents a
dramatic shift in quantitative reasoning about group differ-
ences. As I show, ML’s classification approach is far better
aligned with the core question in the debate (viz. ‘are men
and women categorically different?’) than previously dominant
statistical approaches. Additionally, ML comes with a thriving
community of computer science researchers who, rather than
being tied to a particular substantive domain, seek out classifi-
cation tasks in order to innovate, optimize, and compete with
one another. For computer scientists working with neuroima-
ging data, sex difference became the gold standard they com-
peted to maximize rather than an empirical question to be
tested.

Sex science is particularly important today, as substan-
tial social and political conflicts at the local, national, and
international levels turn on interpretations of scientific
claims about the biology of sex (Sudai et al.,, 2022).
Moreover, despite considerable attention to the role of
ML in government and corporate contexts, comparatively
little scholarship has investigated the ways ML shapes
and enables work in scientific contexts (Keyes et al.,
2021).

Background

SIMs are ‘collective efforts to pursue research programs or
projects for thought in the face of resistance from others in
the scientific or intellectual community’ (Frickel and Gross,
2005, p. 208). They take a variety of forms, challenging or

defending the status quo, advancing progressive directions,
or reactionarily reviving past ideas. And like other move-
ments, their success depends in part on structural conditions
and access to resources. Frickel and Gross enumerate some
of the obvious resources for scientists: funding, publication
opportunities, and employment are all key to the long-term
viability of a research program. But as intellectual move-
ments, the ability to frame their ideas in ways that resonate
with scientists in the target field(s) is critical: the goal is to
shape the field of ideas. Frickel and Gross focus on the
importance of framing a SIM’s motivating problem to get
buy-in from other scientists, but a SIM’s proposed solu-
tion/research program must also be successfully framed.
And this, I argue, is where research methods can serve as
resources for SIMs by institutionalizing their frames.

Here I turn to Pinch’s (2008, p. 467) theorization of tech-
nologies as institutions, ‘sets of rules or patterns whereby
social actions and practices are ordered’ and made reprodu-
cible. By this definition, research methods are clearly insti-
tutions, ordering the practices and actions of scientists in
pursuit of reproducible results. Research methods are
more than just the explicit guidance written into methods
sections. They have affordances, things that they enable
users and other technologies to do, and ways of doing
those things. Pinch uses the example of the operating
system, DOS. Because DOS is an important technology at
the heart of Microsoft computers, many other technologies
and user behaviors are structured to interface with it. When
DOS was embedded in Windows, it receded from view. But
the technology remained there, structuring how myriad
other technologies are designed, how they operate, and
how people use and think about computing. As Pinch
concludes:

The embedding or freezing of choices within scientific and
technical systems, what the French philosopher Gaston
Bachelard calls phenomenotechnique, makes technology
actually one of the most powerful
Jepperson’s sense we as social scientists face. It is
because social choices appear to have vanished from tech-
nologies, or are so deeply embedded within technical struc-
tures that they become invisible to all but the technical
experts, that technologies are powerful institutions (Pinch,
2008, p. 467).

institutions in

The particular technologies at play in my case are classi-
fiers, research methods from statistics, and ML used to sort
people into categories of male and female. Their predictive
approach is fundamentally different from the frequentist
inferential statistics most scientists are used to, involving
different workflows and reasoning (Salganik, 2017).
Krippner and Hirschman (2022) show how the frames insti-
tutionalized by two older classification technologies—
class-based insurance pricing and attribute-based credit
scoring—can enable or disable social movements. The
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class-based insurance pricing system assigned people to
groups according to shared attributes and then charged
one rate for all members of each group. This allowed the
women’s movement to mobilize around price discrimin-
ation: groups of women and men were salient in both the
movement and the technology, and they were charged dif-
ferent rates. Attribute-based credit scoring, in contrast, is
more like regression. People are ‘grouped’ by score, but
critically, two people with the same score might have
entirely different attributes, and the system is built to indi-
vidualize each person into their own score rather than estab-
lishing a group of similar people. The result was
demobilizing: ‘attribute-based systems of classification,
which not only suppress but also scramble group identities,
mak[e] collective mobilization considerably more difficult’
(Krippner and Hirschman, 2022, p. 21).

The increased complexity of attribute-based scoring and
modern ML compared with other classification approaches
makes it more opaque, which in turn risks granting the clas-
sifications they construct the ‘naturalized facticity charac-
teristic of classic social facts’ (Fourcade and Healy, 2017,
p- 286). Indeed, humans’ inability to fully grasp the
complex patterns that ML relies on can lead to a sort of
‘machinic neoplatonism’ or the belief that ML has revealed
a hidden mathematical truth that is beyond human question-
ing or verification (McQuillan, 2018).

Thus, I argue that if a SIM can find a technology that
embeds its preferred idea and use it as a research method,
that method can institutionalize the idea, letting it recede
from view while substantially influencing the mobilization
possibilities for both the SIM and its opponents. In the
case of the scientific movement for sex difference research
(described in Epstein, 2007; Lockhart, 2020), I argue that
ML classifiers, especially support vector machines
(SVM), institutionalize the movement’s frame of human
difference as constituted by categorically separate groups.

Scientists have long measured skulls and brains to distin-
guish human groups. In his infamous 1879 essay on the
subject, Gustave Le Bon argued that:

In the most intelligent races,... there are a large number of
women whose brains are closer in size to those of gorillas
than to the most developed male brains. This inferiority is
so obvious that no one can contest it for a moment; only
its degree is worth discussion... there exist some distin-
guished women, very superior to the average man, but
they are as exceptional as the birth of any monstrosity, as
for example of a gorilla with two heads; consequently, we
may neglect them entirely (translated in Gould, 1996,
pp- 136-7).

While scientists no longer pack skulls with lead shot to
measure cranial volume or assume brain size corresponds
directly with intelligence, they do continue to publish com-
parisons of men’s and women’s brains, often sharing two of

Le Bon’s core assumptions. First, Le Bon declares the dif-
ference between men and women obvious, thereby narrow-
ing the scope of legitimate scientific inquiry to merely the
measurement of difference, not the fact of difference.
Second, he acknowledges that differences are not truly cat-
egorical but asserts that scientists should neglect excep-
tions, thereby ensuring conclusions are in line with the
assumption of categorical difference.

Biological sex, like gender, is socially and scientifically
constructed. Which material parts of bodies count as sex,
how they relate to each other, the causes of those relation-
ships, and their meanings are ever-changing and contested
(Fausto-Sterling, 2005; Laqueur, 1990; Lockhart, 2020).
Claims that brains are sites of sex differences have always
met resistance from a countermovement of scientists
opposed to them. These scientists recenter the question of
whether human brains should be thought of as coming in
two distinct forms, male and female, often emphasizing
the exceptions Le Bon insisted on neglecting (Lockhart,
2020; Sanz, 2017). Scientists on both sides tend to view
the debate in terms of group conflict and struggle for
control over research on sex, with the most active partici-
pants routinely publishing lists of ‘way[s] to defeat the
idea[s]” of ‘anti-sex difference authors’ (Cahill, 2014,
p- 8) or lamenting that they must endlessly ‘dispatch’ the
““Whac-a-Mole” myths’ of sex differences (Rippon, 2019,
p. Xii).

A key battleground for these SIMs is neuroscience,
which began to adopt ML in the early 2000s. The field’s
phrenological baggage was catching up to it, and a combin-
ation of new technologies and research failures made older
statistical methodologies untenable. Phrenology and related
sciences treated the brain as a collection of organs, whose
size and shape directly corresponded with particular capaci-
ties (Anderson, 2014): One part of the brain for color sense,
another for religiosity, and so on. This understanding
co-developed with statistics, whose practitioners were
often eugenically interested in establishing differences
between human groups (Clayton, 2020). The statistical
tools they developed allowed comparisons between individ-
ual variables: one brain region or measurement could be
correlated with one behavior, or one measure could be com-
pared in two groups. This is known as univariate analysis.
Even later developments like multiple regression are still
largely thought of as tools to evaluate a single variable
(e.g. after ‘controlling for’ other variables to remove their
influence).

Technical advances put pressure on this framework.
New measurement devices like MRI gave scientists
access to datasets that had tens of thousands or even mil-
lions of variables, each representing, for example, one
cubic millimeter of a brain. Neuroscientists adapted
their univariate methodology into the ‘mass univariate’
approach. Much like geneticists were doing with genome-
wide association studies, neuroscientists conducted vast
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numbers of separate statistical tests for a single paper,
asking, ‘is this cubic millimeter of the brain correlated
with sex? what about the one next to it?” and so on for
the whole brain. Mass univariate analysis is premised
on an updated version of the phrenological assumption
that neuroscientists today call ‘strong modularity hypoth-
esis’, which holds that ‘every possible face, animal, and
object category has a specialized [brain] region or set of
neurons dedicated to its representation’ (Haxby, 2012,
p. 853).

But scientists’ belief in the strong modularity hypothesis
faltered. The dramatic results scientists hoped for never mate-
rialized with univariate and mass univariate approaches, and
the smaller findings they published rarely survived replication.
This led neuroscientists and geneticists to turn to ever more
complex, multivariate ‘witches” brew’ and ‘psychobiosocial’
theories involving vast networks of interactions and feedback
cycles that simply cannot be modeled with the univariate stat-
istical tools they had available (Arribas-Ayllon et al., 2010;
Wade, 2013). The strong modularity hypothesis ‘didn’t
seem possible. There are too many ways that faces and
objects can be categorized’ for each to have a dedicated part
of the brain (Haxby, 2012, p. 2). Neuroscientists still believed
the things they studied existed in brains, but they seemed not
to exist in the way scientists had imagined and searched for
them.

ML offered a way out. ML entered neuroimaging
under the name ‘multivariate pattern analysis’ in an
attempt to match methods with the revised neuroscienti-
fic theories. Those theories still held that groups and
phenotypes (like ‘male’ or ‘aggressive’) exist in brains,
but no longer held they could be localized to isolated
attributes (Haxby, 2012). Scientists argued that ML’s
ability to find diverse and complicated relationships
among variables offered a way to finally escape the
phrenological assumption of a direct correspondence
between brain regions and outcomes (Anderson, 2014).
If identities, behaviors, abilities, and mental states
were not individual areas but sets of conditions or con-
stellations of interactions, then the statistical apparatus
of ML was better suited to finding them. Proponents’
interest in developing a ‘fully postphrenological neuro-
science’ using ML is entirely about moving on from an
unfruitful research paradigm (Anderson, 2014). The
book-length treatise After Phrenology, for example,
does not use the words ‘race’, ‘racism’, ‘sex’, or
‘gender’ at all, and it opens by declaring ‘phrenology
wasn’t such a bad idea. Certainly it is not deserving of
the degree of scorn that is heaped on it’ (Anderson,
2014, p. xiii).

As I will argue in the remainder of this paper, the intro-
duction of ML to neuroscience provided an opportunity for
the sex difference SIM (and its feminist countermovement)
by changing the understanding of human groups or classes
embedded in the field’s research methods.

Data and methods

To understand the role of ML in SIMs, I follow the soci-
ology of science tradition and examine the artifacts of
ML'’s production and contestation, the traces left when it
is made to account. Those traces are abundant in the docu-
ments produced in scientists’ laboratories, those ‘that detail
and lay out technical specifications [such as] conference
papers on machine learning’ (Bucher, 2016, p. 87; Fitsch,
2021; Latour, 2005). I collected every publication that
met the following criteria: written in English', uses neuroi-
maging data (e.g. MRI), and uses modeling (broadly
defined) to predict sex/gender. A recent review of brain
sex differences research lists 12 such studies (Eliot et al.,
2021). I used those as a starting point, reading them for cita-
tions and keywords to search in both my university library’s
databases and Google Scholar. I checked each result for the
inclusion criteria and saved the relevant papers. Throughout
the process, I added to and refined my set of search key-
words until the results were exhaustive (Schilt and
Westbrook, 2009). I further gathered comments, replies,
and retractions for each of the publications, as well as
their supplemental information and code.

During my initial open coding (Emerson et al., 2011), I
reviewed each paper’s citations and added four additional
papers that I missed while searching. I also removed a
few papers that turned out not to meet the inclusion criteria,
including five studies measuring skull bones in order to
identify human remains. The resulting data set consists of
53 papers (48 published and 5 preprints) through early
2021. For one software package used in a number of
papers, libsvm, I accessed both the current code and historic
versions of it back to 2012 on github in order to verify
methodological details that were unspecified in the publica-
tions (Figure 1).

I draw on a mix of techniques from content analysis,
actor-network theory, and ethnography to analyze my
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Figure |. Papers using machine learning to predict sex from
brain imaging data. Data for 2021 reflect only the first few months
of that year.
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data, a combination approach Bucher (2016) refers to as
‘technography’. Technography observes technology to
understand the interplay among people, with and through
technology. It pays particular attention to how norms and
values are delegated to and materialized in technology
(Bucher, 2016, p. 86).

After my initial inductive, open coding of the data, I
revisited all of the papers using a focused coding approach
for 23 factors that emerged during open coding (Emerson
et al., 2011), including technical details of imaging tech-
nologies, model types, accuracy, sample size, validation
strategy, feature selection method, number of features,
and disciplinary audience. During this second pass, I also
gathered and coded every reference to ethics, research moti-
vations, etiology of sex differences, how sex was measured,
substantive interpretations of the findings, use of the word
‘discrimination’, and references to critics of categorical
brain sex difference research.

Results

The 53 papers fall into several groups based on their stated
goals, outlined in Table 1. Nearly half (26) of the papers are
what I call sexual dimorphism papers—those that set out
primarily to advance the SIM’s cause of showing that
human brains come in two categorically distinct forms,
male and female. Almost a third (16) of the papers are
proof-of-concept papers—those that set out to demonstrate
a new method and used sex classification as their example.
The authors of these papers have a symbiotic relationship
with the sex difference SIM; using its ideas to illustrate
their own work. Four papers are anti-essentialist—papers
that set out to advance the countermovement by showing
brains are not best described as a binary male/female cat-
egorization. A further three papers investigate whether
transgender identity can be detected in brains. The remain-
ing four papers do sex prediction, but set out primarily to
study autism, pain, or psychological disorders.

Table |. Sex prediction papers grouped by analytic category.

Goal of Paper N Papers
Sexual dimorphism 26
Proof of concept 16
Anti-essentialist 4
Classify trans people 3
Misc. 4

The sex difference SIM’s use of ML

A kerfuffle in the pages of the Proceedings of the National
Academy of Sciences (PNAS) illustrates how members of
the sex difference SIM use ML to advance their position
that men and women have categorically distinct brains. A

group of feminist neuroscientists led by Daphna Joel pub-
lished a paper in the December 2015 issue. In it, they
used descriptive statistics to argue that while specific attri-
butes of brains might be associated with men or women
on average, none was exclusive to men or women and
any individual person’s brain was in fact a heterogeneous
‘mosaic’ of both masculine and feminine features, such
that no brain was categorically male or female (Joel et al.,
2015). The response was immediate. Eight days after the
paper was published, a team of sex difference SIM scien-
tists posted a nine-page rebuttal to a preprint server. In
order to argue that brains really are sexually dimorphic
(i.e. they come in two distinct forms, one male and the
other female), the preprint used ML to predict participant
sex from Joel’s brain MRI data, resulting in accuracies
‘ranged from 68.5% to 77.2%’ (Del Giudice et al., 2015,
p- 8). Because ML could predict sex more accurately than
random guessing (50%), they argued, the algorithm must
be picking up on some real difference between men’s and
women’s brains. The preprint further suggests, and tests,
differentiating monkey species by face shape as an
analogy to differentiating human men’s and women’s
brains.

Within four months, PNAS published a shortened version
of their preprint along with two other replies to Joel’s article.
Both other replies use ML the same way. The author of one
explains why ML classification is a useful method for his
argument: ‘a classifier can only achieve perfect classification
if the data points are well separated (note the converse does
not hold: the data may be well separated, even if a particular
classifier is no better than random guessing)’ (Rosenblatt,
2016, p. E6966). He believes the research method can
help his cause by showing male and female brains are
‘well separated” but cannot help his opponents’ cause
because it cannot offer proof that is not separate. He con-
cludes that ‘brains are indeed typically male or typically
female’, because ML can classify sex from brains more
accurately than random guessing (‘about 80%’)
(Rosenblatt, 2016, p. E6966). The third letter concedes
‘that a strict dichotomy between male/female brains does
not exist’ (Chekroud et al. 2016). Nevertheless, its authors
insist that human men and women’s brains are indeed cat-
egorically distinct in the same way that cats and dogs are.
Their ML results for classifying brains according to sex
show ‘an individual’s biological sex can be classified with
extremely high accuracy [70-95%] by considering the
brain mosaic as a whole’, even though there is variation
within the categories men and women (which they analogize
to ‘breeds of dogs’) and no ‘singular physical characteristic
reliably distinguishes cats from dogs’ or men’s from
women’s brains (Chekroud et al., 2016). Where the univari-
ate approach failed to show a distinction between men and
women (or cats and dogs), ML rescues the theory that
they are distinct by finding multivariate patterns that are pre-
dictive of sex.
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The dogs vs cats and species of monkeys analogies that
these authors make, like the gorillas, children and ‘savages’
analogies Le Bon made 137 years earlier, offer insight into
how the SIM conceives of sex difference: men and women
are analogous to different species. Their theory of sex differ-
ence is not what we may be familiar with from introductory
statistics courses, different averages from largely overlapping
populations. Instead, they envision a categorical distinction in
kind. ML classifiers promise to mathematically separate such
kinds even when they seem like indistinct, overlapping
mosaics.

Most sexual dimorphism papers are not direct rebuttals
of specific feminist publications, but they do set out to
show that human brains come in two categorically distinct
forms, with titles like ‘Combined structural and resting-
state functional MRI analysis of sexual dimorphism in the
young adult human brain’ (Wang et al., 2012). Seventeen
(68%) of the sexual dimorphism papers include statements
in their introduction asserting that sexual dimorphism in the
human brain is already an established fact. In these, sex dif-
ferences are both the explicit starting premise and the
expected finding. Baldinger-Melich et al. (2020) make
this their very first sentence: ‘Sex differentiation of all
somatic tissues, including the brain, is driven both by
direct genetic influences and gonadal hormones with only
minimal environmental effects’. Others assert that ‘The
existence of organic differences in the brain, attributable
to sex, has been well-replicated and reviewed at an

aggregate level’ (Anderson et al., 2019, p. 1496) and that
‘Previous studies ... have revealed consistent differences
in whole brain tissue volume between the sexes’
(Sepehrband et al., 2018, p. 217). By finding that brains
can be classified as male and female, ML does not challenge
or advance what the authors claim is established knowledge
about sex and brains. Instead, it reestablishes that knowl-
edge, and the SIM’s need to reestablish that knowledge
betrays its unsettled status.

ML methods were introduced into neuroimaging in the
early 2000s explicitly as a solution to the growing failure
of the dominant approach (Haxby, 2012). The first paper
to use them for showing sex difference said so clearly in
its abstract: using ML ‘classification methods, [we] can
detect subtle and spatially complex patterns of morpho-
logical group differences which are often not detectable
by...[univariate] methods [that] analyze morphological
measurements voxel-by-voxel and do not consider the entir-
ety of the data simultaneously’ (Lao et al., 2004, p. 46).
Twenty out of 26 papers published before 2019 have state-
ments like this one, saying ML is promising because it will
find sex differences where other methods have failed. By
2019, the use of ML in neuroimaging was more established
and fewer papers made explicit comparisons to univariate
approaches.

Some use diagrams with made-up data to explain this
point (e.g. Huf et al., 2014; Lao et al., 2004; Wachinger
et al.,, 2015). One example is Figure 2, reprinted from
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Figure 2. Rosenblatt’s (2016) hypothetical data justifying the use of machine learning.
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Rosenblatt’s (2016) response to Joel in PNAS. Rosenblatt
argues that even if no measures of brains appear categoric-
ally distinct in univariate analysis, men’s and women’s
brains might still be categorically distinct in multivariate
analysis. He illustrates the point with made-up data
showing an almost perfect separation between two groups
that seem to overlap if we look at only one variable at a
time. This is the promise of ML for authors seeking to
prove sexual dimorphism. Despite using over 100 variables,
Rosenblatt’s ML model is unable to produce the clean cat-
egorical distinction promised by his hypothetical diagram
with two variables: it yields only 80% accuracy, indicating
substantial overlap between ‘male’ and ‘female’ brains.
Nevertheless, in a perfect example of McQuillan’s (2018)
‘machinic neoplatonism’, Rosenblatt concludes ‘given our
empirical evidence and the multivariate intuition depicted
above, we cannot help but disagree with [Joel]...Brains
are indeed typically male or typically female’ (Rosenblatt,
2016, p. E1966 emphasis added). The theoretical appeal
of the algorithm, depicted in a figure with made-up data,
is compelling enough to override the actual results. ML
classification brings with it an intuition that lets scientists
‘see’ a categorical difference in spite of the data and
results they observe. That intuition is helpful to SIM
actors arguing for categorical differences between human
groups.

This multivariate intuition of ML classifiers is radically
different from the univariate, frequentist statistical approaches
that dominated neuroscience before. Traditional approaches
are about group properties that exist only in aggregate.
Whether scientists are working with regression coefficients,
two-sample #-tests, or ANOVAs, there is a general under-
standing that the groups being compared are not categorically
distinct, with their properties true of all members, but rather
overlapping distributions whose properties are averages of
diverse members. As a result, neuroscientists generally use
‘risk-thinking’, focusing, for example, ‘on who could be
violent rather than who was or is violent’ (Rollins, 2021,
p- 15 emphasis original). This puts SIM members in a
tricky place. In order to make their point that sex is categor-
ical in the strong sense that they mean using traditional statis-
tics, they need to elide the messy overlap between groups and
misrepresent the statistical ‘average man’ as universal (Igo,
2007; Lockhart, 2020). Such analyses emphasized signifi-
cance testing for the existence of differences over the effect
sizes of differences, which are typically very small (Eliot
et al., 2021).

ML offers a way to escape this bind and speak confi-
dently about the categorical difference between groups.
ML is about individual predictions and labels. Its focus is
on ‘y-hats’ (predicting facts about individuals like their
sex or whether they commit violent acts) rather than ‘beta-
hats’ (risk factors, group averages) (Salganik, 2017).
Brennan, Wu, and Fan lay out the logic: ‘If the [ML
model] can successfully classify biological sex significantly

above chance using these features [brain scan data], this
would demonstrate that dimorphism exists in the brain’
(Brennan et al., 2021, p. 2). This is fundamentally different
from the frequentist approach, as Anderson et al. explain:
‘while on-average differences in these regions have been
recognized previously... it is conceptually important that
the current work has demonstrated multivariate [ML]
models that approach something closer to truly dimorphic
patterns, effectively differentiating individuals into categor-
ical groups based on intrinsic [brain] structural networks’
(Anderson et al., 2019, p. 1503 emphasis added). While
the averages of the frequentist approach lend themselves
to questions of magnitude of difference, classification
accuracies focus only on the existence of difference.

To see how ML better fits theories of categorical differ-
ence, consider these descriptions of the most popular ML
algorithm in the brain sex literature, the SVM:

[SVM] is a classification algorithm that attempts to find a
hyperplane which best separates binary classes (male and
female) in hyperspace of predictive features (Brennan
et al., 2021, p. 2).

the algorithm finds a hyperplane (i.e. a high dimensional
plane) that maximizes the margin between the training
samples of both classes.... Kernel functions can be
applied if the data are not linearly separable in the original
space and allows for group classification based on non-
linear effects (Anderson et al., 2019, p. 1499)

A hyperplane (or hypersurface) is determined that optimally
separates the two groups of samples (Lao et al., 2004,
p. 49).

linear SVM ... assigns a decision value to each subject,
reflecting the distance between a given test subject’s
[brain] images and the hyperplane separating the two
groups (Feis et al., 2013, p. 254).

These are fairly standard descriptions of SVMs, echoing
what one hears in ML classes and the primary SVM litera-
ture. They all imagine something like the image in Figure 2
and say that SVM will draw a line (‘hyperplane’ is the name
for a line in data with many variables instead of just two)
across the diagonal separating the data points representing
brains from men and women. Two of the quoted statements
flatly assert that such a line is found, implying both that the
task is possible and that the algorithm will succeed. One
says SVM ‘attempts’ to find such a line but does not elab-
orate on what failure would look like. Another suggests
‘kernel functions’ can be used to make SVM find a dividing
line even when no straight line could separate the data
points for men and women.

A method that can do what SVM promises has substan-
tial allure for research on categories. If we can really draw a
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line separating two groups, as implied by these descriptions
of SVM and the illustrations of made-up data, then these
scientists claim it would be strong evidence of those
groups’ binary, categorical nature. Fisher thought so in
1936 when he published a paper on Linear Discriminant
Analysis in the Annals of Eugenics. Like SVM, LDA
aims to find lines separating groups, and Fisher noted its
use in craniometry and for sex differences (Fisher, 1936,
p- 179). While SVM is by far the most popular method
for predicting sex from brains, used in 33 out of 53
papers, I also found four papers between 2013 and 2020
using LDA to classify brains by sex, often alongside
SVM, deep neural networks, and other ML models, demon-
strating continuity of reasoning about sex categories over
time that scientists engaged in contemporary SIM struggles
profess they are unaware of (Lockhart, 2020).

Yet in practice, these separating lines are fiction. SVM
generally does not converge on real data without a C param-
eter that allows some data points from each group to be on
the ‘wrong side’ of the dividing line. The simplest evidence
of this is the results in the papers themselves. None of the 53
papers I collected presents 100% accuracy in predicting
whether a brain is male or female. There are always some
brains on the ‘wrong side’ of the dividing line. The top
reported accuracies from each paper range from 51% to
98%, averaging 82% and showing little improvement
over time or as sample sizes increase. Indeed, others have
argued that the lack of relationship between sample size
and number of sex differences ‘discovered’ is evidence of
reporting bias in this literature (David et al., 2018).
Widespread design flaws in this research have also led to
inflated accuracies, including failure to properly control
for head size and other confounds (Dhamala et al., 2020;
Eliot et al., 2021; Linn et al., 2016; Sanchis-Segura et al.,
2020), failure to test on large enough and independent
samples (Glocker et al., 2019; Huf et al, 2014,
Varoquaux, 2018; Zoubi et al., 2020), and failure to think

through model assumptions (Figure 3) (Bzdok, 2017;
Carlson et al., 2018; Schulz et al., 2020).

But even taking the reported accuracies at face value?,
how are accuracy scores mostly in the 1970s and 1980s pre-
sented as success in papers premised on the categorical sep-
arability of male and female brains? If a model is 82%
accurate, then it puts 18% of people into the ‘wrong’ sex
category. It fails to separate male from female. As is
always the case with scientific facts, constructing the fact
of sexual dimorphism takes more work after the results.
Importantly, sex difference scholars leverage the specific
categorical design of ML to rescue their theory of categor-
ical sex.

In a typical turn of phrase, Nieuwenhuis et al. tell us that
‘sex was predicted with significant accuracy (89%;
p < 0.001) (Nieuwenhuis et al., 2017:, p. 246). In ML,
one does not typically compute statistical significance.
Yet nearly every neuroscience paper using ML reports
that their model achieved significant accuracy. This bolsters
an argument that the ML model is correct, and since the
model embodies the SIM’s ontology of sex as two distinct,
separable categories, if the model is correct, then so is their
theory. For example, Chekroud et al. report 95% accuracy
before controlling for confounding variables, a number
that stands on its own to show the model is correct. But
after controls reduce accuracy to 70%, the authors bring
in significance testing, arguing that the models ‘remained
significant’ and thus still represent the correct understand-
ing of sex in brains (Chekroud et al., 2016, p. E1968).
Van Putten, Olbrich, and Arns do something similar, ini-
tially setting up a high bar and then using significance
testing to lower it: “We have excellent skills to extract sex
from visual assessment of human faces, but assessing sex
from human brain rhythms seems impossible’, so they cal-
culated ‘a significance threshold for the classification accur-
acy of 63%’, meaning any accuracy above 63% is
significant (Van Putten et al., 2018, p. 1). Through
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Figure 3. Reported accuracy of sex prediction from brain scans by publication date and sample size.
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significance testing, scientists can assert that their categor-
ical models of sex are correct despite the inaccuracies,
because the models are ‘significant’, which is often (mis)
understood as shorthand for ‘true’ or ‘correct’.

Each ML method used in this literature has its own nar-
rative like SVM, and they share many of the same promises
and challenges. Since 2018, neural networks have become
increasingly popular in this area, used in 14 papers
(26%). Deep learning adds further credibility to brain sex
research by promising to bypass the theoretical assumptions
necessary for other types of models and operate directly on
the ‘raw’ brain image data to ‘learn the kernel’ or functional
form of the relationship between brain data and sex (Bzdok,
2017; Carlson et al., 2018; Schulz et al., 2020, p. 2). Such
rhetoric is a form of ‘enchanted determinism’, in which
ML exceeds and replaces human capacity to understand
patterns, further adding to its credibility and preventing cri-
tique by SIM opponents (Campolo and Crawford, 2020).
Yet ‘raw data is an oxymoron’, especially in neuroimaging
data, which is always heavily processed (normalized,
aligned, warped, motion-corrected, skullstripped, etc.)
(others have described this extensively, e.g. Jackson et al.,
2013; Roskies, 2008).

Symbiotic scientists using sex as proof of concept

The second largest group of papers (n = 16, or 30%) are
what I call proof-of-concept papers. These papers are inter-
ested in demonstrating a new method for analyzing neuroi-
maging data, and they use sex classification as their
example use case. Unlike sexual dimorphism papers,
which are published in a mix of neuroscience and general-
interest journals, proof-of-concept papers are divided
between neuroscience journals and computer science
conferences.

Proof-of-concept papers say almost nothing about sex/
gender. For example, the paper ‘On the generalizability of
resting-state  fMRI machine learning classifiers’ (Huf
et al.,, 2014) is fundamentally disinterested in sex. The
authors mention sex only once, parenthetically, saying
‘classification accuracies of up to 0.8 (using sex as the
target variable) could be achieved’ with their proposed
method (Huf et al., 2014, p. 1). Some proof-of-concept
papers are explicit about why they use sex to demonstrate
their method: ‘we use the subjects’ gender label [male/
female] as the predicting label because gender is the
golden standard in the neuroimaging field and does not
include subjective factors’ (Yuan et al., 2018, p. 49926).
Others concur: ‘the classification problem is relatively
easy, as sex can be unequivocally determined and brain
sexual dimorphisms is [sic] well established’
(Nieuwenbhuis et al., 2017, p. 248). Whether writing in com-
puter science or neuroscience, they assume their audience
does not need to be convinced that brain sexual dimorphism
is an established scientific fact. Rather than framing the

performance of their ML models as evidence for the scien-
tific fact of brain sex dimorphism, the fact is taken as given
and the performance of the models is interpreted as evi-
dence of the models’ quality. Indeed, these authors use
sex difference as a competition: each paper compares its
performance classifying sex to prior papers, showing the
new method better separates men and women’s brains.
For them, sex difference is not a theory about brains to be
tested or proven, but rather something to be engineered
and maximized.

The sex difference SIM and this symbiotic group of
computer science authors are part of the same publishing
and citation ecosystem. Proof-of-concept papers are pub-
lished and cited contemporaneously with sexual dimorph-
ism papers in overlapping journals. It is not that scientists
first demonstrated that human brains come in two discrete
categories (male and female) and then used these validated
categories to test new methods. Instead, in a circular chain
of logic, some scientists are using the accuracy of ML to
debate whether human brains are sexually dimorphic at
the same time that others are using sex dimorphism as a
gold standard to test whether algorithms are accurate.
Proof-of-concept papers, seemingly unaware of the contro-
versy around brain sex dimorphism, nevertheless contribute
to the accretion of evidence for it by adding to the list of
publications ‘finding’ the dichotomy. By not acknowledg-
ing the controversy, such papers do more to shore up the
sex binary than even the dimorphism papers, as the latter
usually mention mixed results in their literature reviews
and research limitations.

Proof-of-concept papers are also generally aimed at dif-
ferent audiences. Sexual dimorphism papers are often
written for general science audiences to convince them of
sex differences, while proof-of-concept papers are often
written for computer scientists to share new methods for
classification. Even among papers in the same journal,
such as Neurolmage, the introductions, literature reviews,
conclusions, and significance statements make it clear
they have different audiences. Dimorphism papers are
written for readers interested in the nature of sex in
brains, while proof-of-concept papers are written for
readers interested in the methods of analysis. This later
audience is less likely to be aware that brain sex classifica-
tion is controversial among domain experts and thus more
likely to take claims about it at face value. Thus, ML’s com-
munity of methodologists also serves as a resource for
spreading the sex difference SIM’s core idea.

Countermovement adaptation to ML

The sex difference SIM faces opposition from a feminist
countermovement, which has also begun to adopt ML.
They design research methods using ML that materialize
their understandings of sex as nonbinary, contingent on
researcher choice, or not a primary organizing principle of
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brains. I found four examples of this, none of which have so
far been taken up or become institutions of neuroscientific
practice.

In the simplest approach, authors exploit the interpretive
flexibility of ML, arguing that the same data, methods, and
results actually encode continuous, nonbinary understand-
ings of sex rather than discrete, binary categories. Zhang
et al. (2021) argue that ‘The Human Brain is Best
Described as Being on a Female/Male Continuum’ by
taking advantage of the fact that SVM outputs predicted
probabilities. For example, SVM might output 74% prob-
ability that a brain image came from a man based on its dis-
tance from the male/female dividing line. Typically,
researchers apply a threshold and say anything over, for
example, 50% probability is male and anything below
that is female, thus turning a continuous measure into a cat-
egorical one and separating male and female. Zhang et al.
(2015) skip this step. Building on Joel’s mosaic brain
theory, they assume all brains are a mix of ‘male’ and
‘female features’ and then use the probabilities from their
SVM to place brains on a spectrum rather than in binary cat-
egories. They show that the predicted probability of being
male in brains is correlated with self-reports of gendered
behavior, beliefs, and psychological metrics. Zhang et al.
conclude that ‘The moderate -classification accuracy
[78%] of the multivariate classifier indicated that the brain
functional architecture was unlikely to be conceptualized
as binary, as is the case with biological sex, but was more
likely to be continuously represented on a brain gender
spectrum’ (Zhang et al., 2021, p. 11). Further highlighting
their SIM agenda, they argue that ‘androgyny’ in brains
and behavior ‘is advantageous for mental health’ (Zhang
et al., 2021, p. 11). In other words, the sex binary is not
just scientifically inaccurate but actively harmful to people.”

Sanchis-Segura and colleagues (2020, 2022) take a dif-
ferent approach. They still use the same kind of data (struc-
tural MRI) and ML classification methods (SVM, neural
networks, and 10 others). But rather than building and trust-
ing a single model, or building multiple models and report-
ing the results from the best-performing one, they construct
a variety of models with different measurement assump-
tions, then compare the results to understand how assump-
tions about sex influence the findings of neuroscience. They
demonstrate that whether and how researchers correct for
head size (total intracranial volume, TIV) and how they
operationalize sex categories both have a substantial
impact on the accuracy of ML models. One way of control-
ling for TIV reduces the average accuracy of models to
57%", and allowing an indeterminate sex category
reduces accuracy to 43%.

Choices like how to handle head size depend on
researchers’ assumptions. Sanchis-Segura et al. (2020,
p. 12953) point out that others have observed large discrep-
ancies between accuracies using corrected and uncorrected
data but chose to emphasize the uncorrected results. So

what one believes about the importance of head size (or,
cynically, what results a SIM member wants to show) is a
critical aspect in the choice of methods. Studies feeding
‘raw’ brain scan data into ML models are not as atheoretical
as they appear; they are implicitly taking the contested
stance that raw size matters. By comparing models,
Sanchis-Segura’s team is able to avoid Rosenblatt’s
(2016) trap that classification models can only support
claims of categorical difference. Their comparative use of
ML demonstrates the role of researcher assumptions in find-
ings of difference, helping to de-naturalize the sense of
objectivity and undo the enchanted determinism around
findings of sex difference.

In the most methodologically innovative paper, Joel
et al. (2018) look beyond classification methods to other
tools from ML: anomaly detection and clustering.
Anomaly detection is an intuitive approach to the categor-
ical difference question because it tests whether ‘brain
type(s) typical of females [are] also typical of males’ (Joel
et al., 2018, p. 5). These models are given training data
for something (e.g. brain scans from women) and then
asked to label whether new data (e.g. brain scans from
men) appear typical of the data they have already seen, or
anomalous. Going a step further, Joel’s team takes up
their critics’ monkey species analogy (Del Giudice et al.,
2015) and shows that anomaly detection can differentiate
the faces of monkey species but not brains of human men
and women. Sex difference, they conclude, is not like
species difference.

Joel et al. (2018) also use clustering algorithms (which
include tools like topic modeling). The logic here is
straightforward: if brains really come in distinct forms
according to sex categories, then tools designed to
cluster the data into categorical groups should return
groups that are largely sex-segregated. Unlike classifica-
tion methods, where the computer is tasked with ‘discrim-
inating male and female brains’, clustering methods are
tasked with finding the best division of brain data into
groups without considering sex. When Joel’s team com-
pares the groups produced by the model with participant
sex, they find the poor correspondence. By using ML in
which categorical sex difference is not baked into the
design as an outcome variable, Joel’s team is able to
imagine and find alternate ways of understanding sex
and variation in brains.

Conclusions

At a time when neuroscientists’ confidence in finding con-
structs such as sex, intelligence, and criminality in brains
was wavering, ML’s promise to find them using relation-
ships among brain variables that neuroscientists had previ-
ously considered independently offered an enticing
solution. Once multivariate ML approaches were adopted,
even sex difference proponents admitted that univariate
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approaches failed to find sex in brains. No individual brain
features distinguish men and women, and no brain is com-
posed of only ‘male’ or ‘female characteristics’ (Chekroud
et al., 2016). ML serves as a resource by enabling the con-
tinued publication of papers advancing the SIM’s position
after the collapse of the prior methodological approach.

ML also offered neuroscientists a fundamentally differ-
ent way of thinking about groups of people. Rather than
their longstanding statistical conception of overlapping dis-
tributions and risk factors, neuroscientists began imagining
groups of people as clouds of data points that could be
cleanly separated into distinct categories by a line.
Neuroscientists in the SIM for sex differences saw an
opportunity: this new conception of group difference was
much closer to their core idea that brains come in two dis-
tinct forms, male and female, dog and cat. ML classification
technology institutionalizes the sex difference SIM’s main
idea, shifting how scientists in their field frame group differ-
ence to more favorable terms. SIM members explicitly
comment and capitalize on this in their publications,
saying it offers better evidence for their idea of ‘truly cat-
egorical difference’ than the previous quantitative paradigm
(Anderson et al., 2019). In this way, the research method
also serves as a resource for the SIM by shifting the
field’s framing of group difference to align with the
SIM’s framing. While prior work focuses on SIMs’ use of
framing to make their motivations seem important to their
peers (Frickel and Gross, 2005), I show that a research
method can be used to frame a SIM’s substantive idea
more palatable by institutionalizing it.

The anti-essentialist countermovement has attempted to
use ML for the same end, institutionalizing their view of
brain sex through strategic use and interpretation of ML
in their research methods. With only four papers using
ML, each in a different way, the countermovement has
materialized its values in the technology (Bucher, 2016),
but it has not been successful in institutionalizing those
ideas because as one-off technologies, they do not yet
pattern the activities of scientific reproduction (Pinch,
2008).

The use of ML by partisans of the sex difference SIM
also brought in and allied a new constituency, computer
scientists, who took up the SIM’s idea (sex in brains is
binary and easily detectable) for their own ends. The two
groups developed a symbiotic relationship, propelling
both forward. Brain sex difference advocates offered com-
puter scientists a new task to optimize and compete over.
The computer scientists, in turn, gave back a series of pub-
lications engineering ever more certain differences between
men’s and women’s brains.

It remains to be seen how widely ML will be used to
institutionalize strict categorical understandings of human
groups in other scientific fields such as genetics, psych-
ology, or even sociology, as well as how widely it will be
taken up by the SIMs arguing about human difference in

race, intelligence, sexuality, and disability. Attempts have
been made on all of these fronts and more—including clas-
sifying political party and criminality—but most cases have
been fairly isolated (Arcas et al., 2017; Lockhart and
Jacobs, 2021). Even within neuroscience of sex, the exist-
ing interpretive flexibility around ML suggests we may
see future changes in which conceptions of difference ML
institutionalizes and the extent of their spread.

Nevertheless, the specific technologies of ML encode
new quantitative reasoning(s) about group difference
which will undoubtedly propel some SIMs and demobilize
others (Krippner and Hirschman, 2022). If we wish to
understand these movements or broader scientific claims
about important social categories, it is critical that we
examine not only how research methods are deployed and
interpreted, but also how they work as technologies and
how they embed and obscure contested ideas and values
(Bucher, 2016; Pinch, 2008). Such analyses of methods
extend the more developed sociological literature examin-
ing how measurement embeds ideas about things like
gender and shapes what is knowable (Cicourel, 1964;
Westbrook and Saperstein, 2015).
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Notes

1. The vast majority of natural science papers are written in
English, even in countries where authors’ and audiences’ first
language is generally not English (Di Bitetti and Ferreras,
2017). The authors of the papers in my sample are based in
22 countries on five continents.

2. Atleast one of the papers retracted its findings after discovering
a coding error (Ecker, 2019).

3. Such spectrum-based accounts of brain sex, however, have
recently been used to argue in favor of essentialist sex
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differences. One paper published after my data collection
argues that a significant correlation between sex score and intel-
ligence shows that differences in intelligence are based on sex,
such that men with low intelligence have brains that the algo-
rithm places on the female end of the spectrum, and high-
intelligence women have brains on the male end of the spec-
trum (Kim et al., 2022).

4. There has long been debate about the best way to adjust for
TIV. This is a methodological argument about what approach
should be standard, but it is also a SIM struggle to institution-
alize a method aligned with their framing of sex as a factor that
either does or does not remain important independent of things
like head size.
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