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A language network in the individualized
functional connectomes of 1199 human
brains doing arbitrary tasks

Cory Shain 1 & Evelina Fedorenko 2

A century and a half of neuroscience has yielded many divergent theories of
the neurobiology of language. Two factors that likely contribute to this
situation include (a) conceptual disagreement about language and its com-
ponent processes, and (b) intrinsic inter-individual variability in the topo-
graphy of language areas. Recent functional magnetic resonance imaging
(fMRI) studies of small numbers of intensively scanned individuals have argued
that a language-selective brain network emerges bottom-up from correlations
(individualized functional connectomics, iFC) in task-free (e.g., rest) or task-
regressed activation timecourses. Here we tested this hypothesis at scale and
evaluated its practical utility for task-agnostic language localization: we apply
iFC separately to each of 1,957 (fMRI) scanning sessions (1,199 unique brains),
each consisting of diverse tasks. We found that iFC indeed revealed a largely
left-hemisphere-dominant frontotemporal network that was more stable
within individuals than between them, robust to the granularity of the par-
cellation, and selective for language. These results support the hypothesis that
this network is a key structure in the functional organization of the adult brain
and show that it can be recovered retrospectively from arbitrary imaging data,
with implications for neuroscience, neurosurgery, and neural engineering.

Language holds a special place in the study of the human mind and
brain. It is a species-specific and species-universal acquired behavior of
extraordinary complexity1, it is intricately linked with human
intelligence2 and social coordination3, and it is the inaugural domain of
cognitive neuroscience4. Language is also a strong candidate for neural
specialization: it can be selectively impaired by developmental
disorders5, brain injury6, or neurodegeneration7, with far-reaching
consequences for quality of life8. But despite a century and a half of
intensive research, substantial disagreement remains about which
brain areas are implicated in language or its component processes and
what computations those areas support9–22.

Two factors likely contribute to this situation. The first factor is
theoretical disagreement about the construct of language and its place
in the mind and brain1,9,23–30. It is difficult to synthesize across experi-
ments thatdisagree fundamentally inhow they construe their object of

study, given that theoretical precommitments become embedded in
task designs. For example, a commonly used task for operationalizing
language processing is to compare responses to sentences and lists of
pronounceable nonwords20,31. However, critics of different theoretical
persuasions have argued both that this task is too broad (e.g., that it
fails to isolate syntax32) and too narrow (e.g., that it fails to include
phonological processing33; ref. 34.). We raise this example not to delve
into the particulars of these debates, but to illustrate the difficulty of
pursuing a cumulative neurobiology of language in the presence of
core disagreements about how language should be conceptualized
and studied. The second factor is growing evidence that language
areas—similar to other areas in the association cortex—are weakly
“tethered” to macroanatomical structure (e.g., sulcal/gyral landmarks
or coordinates in a template brain) across individuals10,31,35–38. The
widely-targeted question of which brain regions support which
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language functions12,13,15–17,20,39,40 may therefore be ill-posed at the
population level, which is the level that standard analytic approaches
focus on. One solution to weak structure-function tethering is to
identify language regions within individuals using an independent
“localizer” task31,41–45. Over a decade of work across many labs has
shown that diverse language localizers convergently identify a fron-
totemporal network with strikingly language-selective tuning and
distributed sensitivity to a range of linguistic properties (for review,
see ref. 10). But such studies rely even more fundamentally on the
construct and test validity of the localizer task(s). Using a task to
localize putative functions (task-based localization) thus accounts for
individual variability but pushes functional assumptions deeper into
the analysis.

A promising opportunity to skirt both of these issues in studies of
the brain’s functional organization46 comes from functional con-
nectomics (FC), the study of structured covariation in activity between
brain areas47–50, typically using functional magnetic resonance imaging
(fMRI). Historically, FC analyses have been performed at the group
level49,51–54. Motivated in part by the concern above about individual
variability in functional organization, recent FC research has moved
from studying group-level functional connectomes to individualized
ones (iFC)55–63. In the process, an intriguing finding has emerged: iFC
methods seem to recover a network with expected topography (in
most people, falling primarily in previously documented frontal and
temporal regions with a left-hemisphere bias) that is selective for
language64–67 and closely matches the topography of the language
network previously identified and characterized using task-based
localization10.

However, to date, iFC studies of language have involved relatively
small numbers (n < 20) of intensively scanned participants, and infer-
ences about the population drawn from few individuals can be ten-
uous. Moreover, the bulk of this evidence is derived from a single task
state (resting state)—though see ref. 66. Therefore, claims from iFC
about, e.g., the existence, topography, and functional properties of a
language network would benefit from a larger and more diverse sam-
ple of individuals and task states68–70. Further, on the practical side, any
form of data collection that is strictly for localization purposes
(including resting state scanning) shortens the time available for the
main experiment(s) in the scanning session, and, like localizer tasks,
resting state iFC cannot be applied retrospectively to task-only data-
sets that have already been collected. These considerations limit the
practical utility of iFC for functional localization. However, these lim-
itations would be removed if the language network could be detected
in arbitrary fMRI data, irrespective of task contents. Several lines of
prior evidence support this possibility. First, iFC appears to be highly
conserved across task states71–73. Second, the language network, as
identified using task contrasts, exhibits stable connectivity between
rest and task74,75. And third, iFC studies have directly shown striking
recovery of the same frontotemporal language network using task-
based iFC76 in samples of two64 and fifteen66 individuals.

In this study, we pushed this insight towards both scale and
generality. Towards scale, we applied iFC methods to every fMRI ses-
sion collected in the Fedorenko labbetween 2007 and 2024 (excluding
data from studies of people with brain lesions or an established diag-
nosis of a neurodevelopmental disorder, such as autism), a total of
1957 sessions from 1199 unique brains (see Methods). This dataset
includes two orders of magnitude more individuals than any prior iFC
study of language, thereby increasing our ability to infer human brain
organization. Towards generality, we explored whether a language
network is detectable in iFC parcellations under the most general
conditions we can simulate: only having access to fMRI timecourses,
with no knowledge of the task, from a single scanning session, using
fully automated analyses.

To foreshadowour key results, we found that iFC reliably recovers
a network (LangFC) with strikingly similar properties to prior findings

using task localization10. In, particular, LangFC (a) shows expected
topography, distinct from other brain networks, (b) is selective for
language, (c) emerges across task states, (d) differs in function from
nearby networks, (e) is robust to the granularity of the parcellation, (f)
is stable within individuals and variable between them, (g) can be
identified efficiently, and (h) reproduces localizer task-based results.
This finding has implications for neuroscience, neurosurgery, and
neural engineering (see Discussion).

Results
Drawing on prior FC work that parcellates the brain into distributed
networks of strongly functionally connected (covarying in activity over
time) areas51,64,65,77, we developed a simple and fast automated proce-
dure (schematized in Fig. 1) for computing individualized probabilistic
assignments of small-scale volumetric brain regions (2mm isotropic
voxels) to functionally-labeled networks. The approach is based purely
on low-frequency fluctuations over time in blood oxygen-level
dependent (BOLD) measures recorded by fMRI, without reference to
task contents. For maximum simplicity and generality, we did not
apply task regression (i.e., residualizing the task structure out of the
timecourses, see Discussion). Evidence fromour study (SI C) and other
recent work66 suggests that a language network with qualitatively
similar functional properties also emerges under task regression.

Our parcellation procedure for a single scanning session was as
follows. First, we computed a binary connectivity matrix R per
session65. To do so, we computed a V x 1000 correlation matrix
between the time courses (times of repetition or TRs, usually corre-
sponding to 2 s of data in this study) in V three-dimensional voxels in
the gray matter volume and the average time courses in 1000 parcels
of a prior atlas53. R was then computed by binarizing against the 90th
percentile across the whole matrix, following ref. 65. Parcellation
results were robust tomany of these design choices (SI D), generalized
to a qualitatively different template-matching method (SI E), and
generalized across both rest- and task-based iFC in direct comparisons
(SI F). Second, assuming a fixed number of networks k, we clustered
the voxels into networks by applying k-means to R. Because k-means is
sensitive to initial conditions, wederived aprobabilisticparcellationby
computing 100 different clusterings from 100 random initializations.
These sampled clusterings are not commensurable: network bound-
aries can differ, and even when they are identical, the assignment of
labels (1,…, k) to networks is random. To address this, in our third step,
we greedily aligned the clusterings into a common space. To do so, we
sorted the clusterings by theirmean squared error (frombest toworst)
and initialized the parcellation with the best clustering. We then
incrementally modified the parcellation at each subsequent clustering
by first using linear sumassignment78 to optimize the spatial alignment
between the clustering and the current state of the parcellation and
then updating the parcellation with a moving average. This procedure
yields a probabilistic whole-brain map for each of the k networks. In
each map, the value in each gray matter voxel represents the prob-
ability of belonging to the corresponding network. Fourth, we
extracted 16 functionally labeled networks from the parcellationbased
on spatial correlation to population-level reference atlases for 16
putative networks proposedby priorwork, namely, the LanguageAtlas
(LanA) derived from language localizer task contrasts in a large
cohort79, plus the spatial priors for 15 functional networks derived task-
independently in a different sample of participants65: language (LANG),
frontoparietal A and B (FPN-A/B), default A and B (DN-A/B), cingulo-
opercular (CG-OP), salience/parietal memory (SAL/PMN), dorsal
attention A and B (dATN-A/B), auditory (AUD), premotor posterior-
parietal rostral (PM-PPr), somatomotorA andB (SMOT-A/B), and visual
central and peripheral (VIS-C/P).

Because the optimal k is unknown and may vary between indivi-
duals, we optimized k for each session by running the entire procedure
above independently for k = 10, 20,…, 200 and selecting the value of k
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thatmaximized the average spatial correlation between the labeled iFC
networks and their corresponding reference atlases. To avoid post hoc
selection of results, the final parcellation for a session was computed
by resampling a newparcellation at the chosen value of k. Importantly,
we were not selecting for a particular functional profile for any net-
work: the optimization of k was based only on the average spatial
similarity to the 16 reference atlases and was therefore independent of
any task contrasts available for that participant.

These iFC-derived functional networks were then analyzed with
respect to diverse properties, including their responses to key con-
trasts (t-statistic) during a set of tasks that were frequently attested in
the dataset and spanned a range of cognitive processes: language
(reading and listening), theory of mind (verbal and nonverbal),
executive functions (spatial working memory), numerical cognition,
music perception, and high-level visual perception. Given our focus on
language, a key contrast of interest was the sentences vs. nonwords (S-
N) contrast in a heavily studied and widely used reading-based locali-
zer task for language31. Therefore, all runs used to estimate the S-N
contrast for an individual were excluded from the parcellation pro-
cedure to ensure data independence. iFC and task contrasts were
compared using two quantitative measures: (a) Fisher-transformed
spatial correlation between an iFC-derived network and the task con-
trast t-map—denoted z(r), and (b) the average t-value of the task con-
trast within an iFC-derived network, weighted by the voxelwise
probability of network membership. These measures are com-
plementary: z(r) captures overall spatial similarity to the task-evoked
response (thus penalizing spatial deviation from the topography of a
task contrast, including false negatives: task-responsive areas that fall
outside the network), whereas the t-value captures the strength of the
task-evoked response within the network (thus primarily penalizing
false positives: task-unresponsive areas that fall into the network).

Detailed methods for parcellation and analysis are provided in
Methods.

LangFC shows expected topography, distinct from other brain
networks
We first compared the topography of our individualized LangFC esti-
mates both to population-level expected topographies (reference
atlases) of several key networks and to other iFC-derived networks in

the same individual. Unsurprisingly, LangFC has a similar spatial dis-
tribution (Fig. 2A) to the reference atlases used to label it (LANG and
LanA, Fig. 2C). More noteworthy is the fact that it has low or negative
spatial correlationwith the other fourteen reference atlases, indicating
that LangFC was generally well separated from population-level
expected topographies of networks that have been previously asso-
ciatedwith nonlinguistic functions.When comparing LangFC to the set
of iFC-derived networks in the same individual instead of reference
atlases, this spatial separation is substantially enhanced (Fig. 2B):
LangFC isnearly identicalwithin individualswhether labeled relative to
LANG65 or LanA79, with weak or negative spatial correlation to other
iFC-defined networks in the same individual. Note that, due to our
probabilistic network definitions, different iFC networks can in prin-
ciple overlap spatially; the fact that they generally do not is a con-
tingent outcome. The finding of similar LangFC outcomes regardless
of reference atlas (LANG or LanA) is noteworthy given that the LANG
and LanA reference atlases differ meaningfully: although they are
visually similar (Fig. 2B), their z(r) to each other is only 0.37, and thus
they could in principle systematically pick out different networks in
theparcellation. But, in practice, LANGand LanA references pickedout
the same network in 58% of sessions in our study, and in the remaining
sessions they identified networks with a similar degree of spatial
similarity—average z(r)=0.39 ±0.01 SEM—to the similarity between the
LANG and LanA reference atlases themselves.

The two most topographically similar networks to LangFC are
AUD and DN-B, both of which are known to abut temporal language
regions within individuals67,80. In addition, when we consider an
“extended” LangFC81 composed of multiple iFC subnetworks whose
union maximizes spatial similarity to the reference atlas (LANG or
LanA, see Methods), we find (Fig. 2C, bottom) that LangFC’s periphery
tends to fall both in right-hemisphere homotopes of language areas
and in left-hemisphere areas posterior to temporal language areas.
This finding is consistent with previous task-based reports about the
distribution of the language network’s “periphery”81,82 or “weak
shadow”83.

Consistent with prior claims64, LangFC (Fig. 2C, bottom) system-
atically includes areas in themiddle frontal / superior precentral gyri as
well as dorsomedial frontal areas that fall outside of traditional theo-
retical models of language neurobiology13, while also excluding
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Fig. 1 | Schematic of our analysis procedure for a single participant. Voxelwise
blood oxygen-level dependent (BOLD) timecourses are correlated with average
timecourses in each of 1000 anatomical parcels53 to produce a correlation matrix
(functional connectome), which is then binarized (in the schematic, black dots
correspond to the 10% of the strongest voxel-to-voxel correlations). Voxel clus-
terings (parcellations) are sampled by repeatedly applying k-means to the voxel-
wise patterns of functional connectivity. These samples are then greedily aligned

using linear sum assignment78 and averaged to produce probabilistic assignments
of voxels to (unlabeled) networks. Interpretable labels—shown here: the language
network (LANG), fronto-parietal network A (FPN-A), and auditory network (AUD)—
are then assigned to a subset of the networks in the parcellation by finding themost
spatially correlated network in the parcellation to each of a set of reference atlases.
For details, see Methods. Source data are provided as a Source Data file.
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temporoparietal areas that are often included in language neu-
roscience studies20,84. The inclusion of temporoparietal areas in lan-
guage studies is likely because these areas often register responses to
meaningful language, as reflected by their presence in the task-derived
LanA atlas (Fig. 2C, 2nd row). But priorwork has reported that language-
responsive temporoparietal areas differ functionally from the

language network in several respects and are thus arguably not part of
the network64,82, a claim that finds support from our iFC results.

LangFC also shows the left-hemisphere bias abundantly attested
in prior work on language in the human brain4,10,13,40,64,85–91, as can be
seen qualitatively in Fig. 2D and SI A. We quantified this impression by
computing a laterality index (LI) defined as the ratio of the

Fig. 2 | Topographic properties of language networks derived from indivi-
dualized functional connectivity. A Individual-level functional connectivity (FC)
derived language networks (LangFC) that are labeled relative to the group prior of
ref. 65 (LANG, light) and the task-based atlas of ref. 79 (LanA, dark) are spatially
similar to LANG and LanA as measured by Fisher correlation z(r) (this is expected
given that these atlases are used to label LangFC). Similarity to the other reference
atlases (fronto-parietal network A/B: FPN-A/B; default network A/B: DN-A/B;
cingulo-opercular network: CG-OP; salience/parietal memory network: SAL/PMN;
dorsal attention network A/B: dATN-A/B; auditory network: AUD; premotor
posterior-parietal rostral network: PM-PPr, somatomotor network A/B: SMOT-A/
B; visual-central network: VIS-C; visual-peripheral network: VIS-P) is low, with weak
similarity to two networks (DN-B and AUD) that are known to abut language areas
within individuals. BWithin individuals, LangFC is nearly identical whether labeled
using LANG or LanA, and spatially dissimilar from other FC-derived networks.
A,B Points show individual-session values, and bars show group means with 95%
confidence intervals across 1957 sessions, which in some cases are too small to be

seen. Inputs to the Fisher transformation are clipped for numerical stability at
0.999, z(r) = 3.8. Points in (B) at that value indicate identity. C The LANG and LanA
reference atlases used to automatically label LangFC from the data-driven parcel-
lation, alongside both the group average in our study of binarized (p >0.5) LangFC
and an estimate of LangFC’s “periphery”, with faint trends highlighted with white
ellipses in the left temporoparietal area and the right superior temporal sulcus (see
Methods). The LANG and LanA atlases are broadly similar, as is the group average
of LangFC. The periphery is faint but tends to fall in right-hemisphere homotopes
of language areas, as well as a left-hemisphere area posterior to temporal language
areas, consistent with prior task-based evidence82. D LangFC (blue) vs. task t-maps
(sentences vs. nonword lists or S-N, red) in the 10 participants with the highest
sentence-nonwords (S-N) contrast stability between even and odd runs. Overlap is
shown inmagenta, and opacity reflects magnitude (0.2 <p <0.8 for LangFC, 1 <t < 4
for S-N). LangFC overlaps substantially with the S-N contrast (and tends to be
contained within it) and follows inter-individual variation in the topography of task
activations. Source data are provided as a Source Data file.
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interhemispheric difference to the interhemispheric sum in some
measurement92, thus ranging from -1 (fully right-lateralized) to 1 (fully
left-lateralized). We found comparable degrees of strong left-hemi-
sphere bias across participants (averaging across sessions within par-
ticipants) in LangFC (number of voxels exceeding p=0.5 of belonging
to LangFC in the parcellation, LI=0.61±0.01SEM) and the reading
localizer task contrast (number of voxels exceeding t=5 in the
sentences–nonwords contrast, LI=0.60±0.01SEM).

LangFC Is Selective for Language
The individualized spatial distributions of LangFC and the S-N contrast
—which are derived from independent data—are highly overlapping
(especially in superior temporal, inferior and middle frontal, and
dorsomedial frontal areas), as shown qualitatively in a sample of par-
ticipants (Fig 2D, see SI A for exhaustive results) and, quantiatively
across participants (Fig. 3A). LangFC is spatially correlated—high z(r),
Fig. 3A top—with contrasts evoked by language tasks but not tasks

Fig. 3 | Functional tuning of candidate language networks derived from indi-
vidualized functional connectivity. A LangFC is more spatially similar to lan-
guage vs. other contrasts (top) and likewise has a stronger average response to
language vs. other contrasts (bottom), whether parcellated from all runs (left) or
fromnonlinguistic runs only (right). The larger z(r) and t values for verbal theory of
mind can be explained by linguistic confounds in the task82. B Other iFC networks
show a different functional profile. AUD only shows a strong response in an
auditory task, FPN-A (which corresponds to themultiple demand orMD network65)
doubly dissociates from LangFC (positive response to executive and numerical
tasks and negative response to language tasks), and DN-B (which corresponds to
the theory of mind or ToM network65) responds most strongly to theory of mind

tasks and shows the default network’s signature task negativity (strong deactiva-
tion under demand during executive and numerical tasks). Across (A) and (B),
points show individual-session values and bars show group means with 95% con-
fidence intervals (see Table 2 for degrees of freedom by contrast), which in some
cases are too small to be seen. C The language network is stable over a large range
of parcellation granularities, with little decrease in the number of voxels (sum of
LangFC probabilities) or change in spatial similarity to the reading localizer con-
trast map (S-N) beyond about 50 networks. Grayscale lines show interquantile
ranges of 1957 individual-session values from 0.1 to 0.9 (lightest) to 0.4–0.6
(darkest).Magenta lines showgroupmeanswith 95%confidence intervals,which in
some cases are too small to be seen. Source data are provided as a Source Data file.
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targeting theory of mind, executive functions, numerical cognition,
music, or high-level visual processing. Likewise, the contrasts them-
selves—t-values, Fig. 3A bottom—are large for language tasks but not
the other tasks. The only nonlinguistic task that evokes a substantial
response in LangFC is the verbal theory of mind task, but this task is
reading-based (and thusmediated by language comprehension, unlike
its non-verbal counterpart) and has been shown in prior work to be
confounded with dimensions of linguistic complexity that are inde-
pendently known to drive responses in language areas82.

LangFC is also more functionally selective than the reference
atlases used to label it: it has higher z(r) and t-values for language tasks
than LANG (filled vs. unfilled dotted bars in Fig. 2A). Although LangFC
has comparable z(r) in language tasks to the LANA atlas, it is more
functionally selective (higher t-value, filled vs. unfilled solid bars in
Fig. 2A). LanA therefore tends to capture the spatial distribution of
language task responses reasonablywell (likelyby virtue of beingmore
continuously-valued and covering a greater spatial extent than LANG,
Fig. 2C), but it does so at the expense of functional selectivity. Only
LangFC—which is individualized—both captures the spatial distribution
of task responses and reliably excludes functionally irrelevant areas.
Moreover, in supplementary analyses (SI B), we found that our
approach to labeling LangFC from among the set of networks in the
parcellation was on par with an “oracle” setting that directly selected
the network most similar to the participant’s reading language locali-
zer contrast map. This outcome suggests that our labeling approach
nears the participant-specific optimum for this dataset. The impor-
tance of identifying language areas within individual brains as evi-
denced here aligns with prior claims of weak structure-function
tethering for language across individuals35,36,38.

LangFC emerges across task states
Figure 3A shows evidence that functionally relevant stimulation (lan-
guage) is not needed to identify LangFC: even when we parcellate only
based on tasks that involved no language in input or response (e.g., a
spatial working memory task or a face perception task; see Methods
for details about the nonlinguistic tasks), we recover a variant of
LangFC (“Nonlinguistic Runs”). The recovered network is qualitatively
similar in spatial distribution and functional profile to LangFC derived
from all runs to the exclusion of the S-N task contrast (“All Runs”),
albeit with some degradation in the selectivity of the network’s cor-
respondence to language task contrasts. Note that this is a con-
servative test: in the nonlinguistic condition, we are not only excluding
functionally relevant data, but we are also parcellating on less than a
third of the data on average (mean 581 timepoints, rather than 1854),
which can harm parcellation quality (see e.g., ref. 65 and this study:
LangFCCanBe Identified Efficiently). In supplementary analyses (SI C),
we found similar estimates of LangFC regardless of whether we
regressed out the task structure. These findings converge to suggest
that LangFC connectivity is strong enough to enable good recovery of
the network across diverse task states.

LangFC differs in function from nearby networks
LangFC’s (language-selective) functional profile is different from the
functional profiles of networks known to be spatially adjacent to lan-
guage areas within individual brains (Fig. 3B), including the auditory
network (AUD), fronto-parietal network A (FPN-A, sometimes called
themultiple demand orMD network93,94), and default network B (DN-B,
sometimes called the theory of mind or ToM network95). AUD only
shows a substantial response to the listening-based language localizer,
which contrasts intact speech with unintelligibly degraded speech41.
Although this contrast is generally effective for localizing high-level
language areas, it does not perfectly match acoustic features across
conditions, and therefore activates nonlinguistic auditory areas,
including speech-selective areas96,97, to some extent67. AUD shows only
a weak response to a music task, plausibly because many auditory

areas, including speech-processing areas, are not sensitive to music
structure (e.g., ref. 97) and thus respond similarly in both the typical
and structure-scrambled conditions. FPN-A shows a strong response to
workingmemory andmath tasks andweak or negative responses to all
other tasks. Its response is anticorrelated with the language localizer
task, which is a known property of this network, to the point that the
reverse contrast (nonwords vs. sentences) can be used as an MD net-
work localizer98. FPN-A andLangFC thus dissociate in their language vs.
executive/numerical task responses. DN-B shows little response to
language tasks, is strongly activated by theory of mind tasks, and is
strongly deactivated by executive/numerical tasks. All of these prop-
erties are expected based on prior characterization of DN-B’s
function65,66,99–101.

LangFC is robust to the granularity of the parcellation
We found (Fig. 3C) that the size and shape of LangFC converged to a
stable configuration around a granularity of approximately 50 net-
works in theparcellation and remained stableover a rangeof up to200
networks, considerably more than the 15 networks used in recent iFC
studies of language65,66. Despite the increasing granularity of the par-
cellation, LangFC did not appreciably fractionate, but instead retained
a stable count of about 2000 voxels on average (computed as the sum
of LangFC probabilities across the gray matter volume) and a stable
degree of spatial similarity to the S-N contrast within individuals. This
result reinforces prior claims that the language network is tightly
functionally integrated, rather than showing sharp network-internal
functional divides10.

LangFC is stable within individuals and variable between them
We found (Fig. 4A) that both LangFC and the t-maps for the S-N task
contrast were stable within individuals across scanning sessions but
variable between individuals, consistent with prior reports36,64. More-
over, within individuals, we found that LangFC was more stable than
the S-N contrast when evaluated across the entire brain, suggesting
that the iFC approach successfully “cleans up” some of the noisy parts
of task-basedmaps (see SI A). However, when restricting the analysis to
six left-hemisphere fronto-temporal regional masks used in prior
work36, we found that S-N contrasts becamemore stable than LangFC,
although LangFC remained stable. Thus, relative to a localizer task,
LangFC seems to provide less noisy localization at the whole brain
level, but slightly noisier localization within brain areas likely to con-
tain the “core” language network81.

LangFC can be identified efficiently
To assess how much data within an individual is needed to identify
LangFC,we ran a secondary analysis of the subset of the participants in
the dataset (n = 53) who had at least 50 runs (on average, at least 5 h of
imaging data) in total across all scanning sessions.We parcellated each
individual based only on the firstm runs,m∈ {1, 2, 5, 10, 25, 50} (when
m = 50, mean 9,311 ± 151SEM TRs). We found (Fig. 4B) that increasing
the number of runs helped stabilize the LangFC estimate, consistent
with prior work65: LangFC estimates based on larger numbers of runs
(especially 5 or more) are more spatially similar to each other. None-
theless, LangFC is already functionally selective even when estimated
from a single run (mean 198 ± 8SEM TRs, Fig. 4C, left), although
selectivity becomes more pronounced with more data (Fig. 4C, right).
These results suggest that LangFC can be identified to a reasonable
approximation even with little data, but that parcellation quality will
likely benefit from additional data when available. Importantly, if task-
agnostic iFC is applied retrospectively, it requires no additional data
beyond those already collected for the main experiment(s).

LangFC reproduces localizer task-based results
We have confirmed that iFC recovers a language-selective network
with favorable characteristics across a range of measures of reliability,
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stability, and efficiency. These results suggest that iFC can be used
instead of task-based localization to identify the language network
within individuals. We put this suggestion to a direct test by using
LangFC as a drop-in replacement for the S-N t-map in a reanalysis of a
prior study in the lab that used task-based localization102. In brief, the
experiment was a reading study in which participants read variable-
length (1- to 12-word) “chunks” that formed either complete phrases
(real-words condition), “syntactic prose” in which real words were
replaced with plausible nonwords (Jabberwocky condition), or partial
syntactic phrases (non-constituents condition). In one analysis of the
study, the top 10% of voxels with the largest S-N t-value within indivi-
duals were identified for each of the six regional parcels shown in
Fig. 5A, resulting in individualized functional regions of interest (fROIs).
In the original study, it was found that task-based functional localiza-
tion dramatically increased signal strength for the key effects (Fig. 5B)
relative to group-level ROIs (Fig. 5D). When we instead functionally
localized basedon LangFC (Fig. 5C), we largely recovered the favorable
sensitivity properties of task-based localization, especially in (e.g.,
inferior frontal) regions where sensitivity suffers most in group-level
analyses103. Quantitatively, when we looked across the six regions in
this analysis, we found a small but significant decrease in the slope of
the length effect in the real-word conditions from iFC relative to direct
task-based localization (unpaired 2-tail t-test: t378 = 2.4, p = 0.02,
mean=0.39, 95% CI = 0.007–0.70) but a larger significant increase in

this same slope from iFC relative to the anatomical group-level parcels
(unpaired 2-tail t-test: t378 = 5.1, p <0.001, mean =0.60, 95%
CI = 0.037–0.084).This result supports thepractical feasibility of using
LangFC to find language areas in individual brains and study their
response properties, including potentially in retrospective analyses of
existing data and in participant populations for whom additional task-
based localizer scans would be burdensome.

Discussion
We have argued that contradictory theoretical precommitments and
widespread reliance on group-based functional mapping present bar-
riers to progress in language neuroscience, and we have evaluated the
potential of individualized functional connectomics (iFC) to skirt these
issues and offer a path forward46. In so doing, we have built on prior
evidence to this effect64–67 while going substantially beyond it in scale
and generality, simulating widely-applicable conditions across diverse
practical needs in functional neuroimaging (access only to arbitrary
functional timecourses from a single scanning session) in the largest
sample we could obtain (nearly 1200 participants). Similar to other
work104,105, we used an entirely automated process for parcellating
individual brains into interpretably labeled networks with no task
supervision. This design enabled our core contribution: we assessed at
scale the extent to which recent claims that a network for language is a
key unit of human brain organization10—which to date are based

z(
r)

t-v
al

ue

A B

C 1 Run 2 Runs 5 Runs 10 Runs 25 Runs 50 Runs
198±8SEM TRs 377±13SEM TRs 950±29SEM TRs 1,871±52SEM TRs 4,645±95SEM TRs 9,311±151SEM TRs

z(
r)

Fig. 4 | Stability and data-efficiency of individualized functional connectivity
for language network identification. A Both LangFC and the S-N contrast t-maps
are more similar between sessions (within individuals) vs. between individuals,
indicating substantial individual variability in structure-function tethering for lan-
guage. LangFC is similarly stable whether considering the whole brain (whole) or
only six left-hemisphere regionalmasks (masked), whereas S-N ismore stableunder
masking, at least within individuals. Points show individual Fisher correlations z(r)
either for each participant that has multiple sessions (n = 305, within) or the mean
pairwise Fisher correlation of each participant with all the others (n = 1957,
between). Bars show group means with 95% confidence intervals, which in some
cases are too small to be seen. B The matrix of pairwise z(r) between LangFC as
estimated fromdifferent numbers of runs (1, 2, 5, 10, 25, and 50) shows that LangFC

stability increases with the number of runs used for parcellation. LangFC estimates
from larger numbers of runs (especially 5 or more, bottom right of the plot) have
greater Fisher-averaged correlation with each other. C LangFC shows a language-
selective profile of task responses even when estimated from a single run (left), but
its functional selectivity is enhancedby parcellating onmoredata (right), especially
in the strength of the network’s language task response (t-value). Task contrasts
left-to-right: Language (reading, listening), Theory of Mind (verbal, non-verbal),
Executive (workingmemory), Numerical (math),Music (intact vs. degraded), Vision
(faces, bodies, scenes). Points show individual-participant values, and bars show
groupmeans with 95% confidence intervals (see Table 2 for degrees of freedom by
contrast). Source data are provided as a Source Data file.
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heavily on task fMRI, though see refs. 64–67—hold up under weaker
assumptions. In this respect, our focus is primarily on the nature of
human brain organization rather than on methodological approaches
to studying this organization: we are not advocating a particular
approach to functional brainparcellation and indeed expect, and show
empirically, that the qualitative pattern generalizes acrossmethods (SI
D and E). Nonetheless, our claims have important practical implica-
tions because they support the use of iFC to identify the language
network within individuals in a broad range of both prospective and
retrospective settings, including the unfortunately common case

where the task parameters associated with a given run (e.g., in an open
dataset) are missing, incomplete, or poorly documented.

Specifically, we found that iFC systematically yielded a network
with a topography broadly consistentwith expectations established by
prior work (in most brains, the network was left-lateralized and fell
primarilywithin the temporal and frontal lobes).We further found that
this network was selective for language, differed in functional tuning
(even doubly dissociating) from networks closely adjacent to it, was
robust to parcellation granularity (suggesting tight functional inte-
gration across the network),was stable across scanning sessionswithin
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Fig. 5 | Evaluating LangFC as a drop-in replacement for task-based language
localization.Reanalysis of a prior study102 in six left-hemisphere regionalmasks (A)
using individualized task-based (S-N) localization (B) or iFC-based localization (C)
within these masks, relative to averaging over the whole mask (D). Regional masks
left-to-right in (A) are the left-hemisphere pars orbitalis (LIFGorb) and pars trian-
gularis (LIFGtri) of the inferior frontal gyrus, the temporal pole (LTP), anterior
(LaSTS) and posterior (LpSTS) superior temporal sulcus, and temporoparietal
junction (LTPJ). Panels B and D are as reported in ref. 102. The task is reading

variable-length sequences of complete phrases (real-word), syntactic prose (Jab-
berwocky), and partial phrases (non-constituent). Even though this task is highly
similar to the S-N localizer used in (B), iFC is nearly as sensitive as task-based
localization, and more sensitive than whole-mask averaging, especially in regions
(e.g., IFG) where whole-mask averaging most attenuates the signal. B–D Error
intervals represent standard errors of themean (SEMs) across the 40participants in
the experiment. Source data are provided as a Source Data file.
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individuals, and was variable between individuals. This picture of the
neurobiology of language—which amounts to an iFC-based recapitu-
lation of the picture advocated in a recent position paper based largely
on task data10—diverges from standard theorizing in language neu-
roscience, which attempts to assign specific linguistic functions to
macroanatomically defined regions or pathways in the
brain12,13,15,19,20,106–110. Instead, we find iFC evidence convergent with
prior claims36 that the stable trait-level topography of language areas
differs substantially between brains (Fig. 4A). It follows from this that
the question of which (macroanatomical) regions support which (lin-
guistic) functions is ill-posed, at least for the population as a whole,
which might partially underlie ongoing confusion about the basic
neurobiology of language11. We have emphasized the left-dominance
and frontotemporal distribution of LangFC solely to highlight con-
tinuities between our findings and those from decades of prior
research in language neurobiology. But in so doing, we do not intend
to imply that the language network is exclusively left-lateral or exclu-
sively frontotemporal. Even within our own cohort, we find qualitative
evidence (SI A) of both (a) substantial individual variability in later-
alization of both task andLangFC topographies90,111 and (b) LangFC and
task topographies that frequently extend into other parts of the brain,
consistent with recent arguments112–114. Quantifying and explaining
these observations fall outside our present goals, andwe leave them to
future work.

Our finding that LangFC is highly selective for language (Fig. 3A) is
a truly contingent outcome of our analyses that converges both with
recent iFC work64–67 and with task-based studies82,98,101,115–117. We did not
seek (and could not in principle have sought) this result in the design
of our procedure, given that nothing constrains the functional con-
nectome to show any particular task tuning. This finding is therefore
strong independent confirmation of the hypothesis that an integrated
frontotemporal network for language is a key unit of adult brain
organization, independently of how language is construed theoreti-
cally or operationalized experimentally by researchers. In other words,
iFC offers language neuroscientists a theory-external explanatory tar-
get in the brain, much as the discovery of the default network(s) has
done for the functions that they support47,99,100,118. It follows from this
that the term “language network” is demoted from definitional to
descriptive: it refers to a brain network with independent existence
that could instead be called, e.g., “the frontotemporal network” with-
out loss of accuracy. Such a label would belie the network’s strikingly
language-selective tuning, and we therefore have continued to include
“language” in our terminology. But our claims about this network
would not be fundamentally altered by future nuances in our under-
standing of its function, such as recent evidence that this network is
also engaged to some extent by nonverbal event semantics119,120.

Our findings also bear indirectly on influential claims that distinct
linguistic subfunctions (e.g., processing of phonology, words, syntax,
and sentence meaning) are implemented by different macro-
anatomically defined (e.g., inferior frontal vs. posterior temporal)
regions12,13,20,106. Any such sharp divisions have proven difficult to
replicate within individuals31,102,121–123, and our findings converge with
recent iFC work64–67 in suggesting a reason why: the entire network is
tightly functionally integrated, as revealed by the fact that it is par-
cellated out of the functional connectome as a single unit. We fur-
thermore have shown that this is not merely an artifact of choosing a
particular parcellation granularity: even when the iFC approach has
200 networks to work with (and thus plenty of opportunity to frac-
tionate the language network into component networks or regions, if
they existed), it prefers to keep LangFC intact (Fig. 3C). This result
reduces the plausibility of any claims about sharp network-internal
functional subdivisions at scales detectable using fMRI: any claimed
subdivisions would need to explain how the activations across the
putative divide are so highly correlated. This finding does not obviate
questions about how the network implements different linguistic

subprocesses. It simply encourages a reorientation away from mac-
roanatomical divisions and toward other possible types of differ-
entiation, including structure at finer spatial scales124,125, in time126, in
the core vs. periphery81, in cortical gradients127, and in distributed
patterns of activation128.

Beyond these findings and their bearing on theoretical questions
about the neurobiology of language, we investigated the practical
utility of iFC methods for language network identification in plausible
real-world conditions inwhich individual-participant datasets are small
or task information is unavailable or unreliable, leaving only the pos-
sibility of parcellating directly on time courses with unknown task
content, without the task regression76 commonly used in other iFC
work64,66,72. Although task regression is known to improve the ability to
estimate the resting state functional connectome from task data76, the
goal of iFC-based language localization is not to simulate rest but
instead to identify the language network under minimal assumptions.
We found that iFC showed favorable stability and efficiency char-
acteristics that support its practical utility for functional localization:
LangFC is topographically similar to language task contrasts in unseen
data, is robust to the presence or absence of functionally relevant
stimulation, and remains spatially and functionally similar with or
without task regression in direct comparisons. Moreover, we found
that LangFC can be identified to a good approximation even fromonly
a single functional run, while also measurably benefiting from addi-
tional data when available. Finally, we showed that LangFC works well
as a drop-in replacement for localizer-task contrastmaps in an existing
functional localization toolchain129,130. Together, these results suggest a
wide domain of practical applications for iFC as a theory-neutral lan-
guage localization method. Retrospective iFC unlocks thousands of
hours of existing fMRI datasets for individualized functional analysis,
even if those datasets lack the localizer task contrasts that would
otherwise be a prerequisite. It also could support such analyses in
studies facing practical constraints on data quantity, such as partici-
pant populations with low tolerance for extended scanning42. In
addition, iFC has potential as a technique to identify eloquent cortex
prior to surgical resection131–134, to select sensor placements for neural
speech prostheses135–137, or to select sites for language-related brain
stimulation138.

Our study has several limitations, some of which are plausible
targets for future work. First, our automated methods may introduce
noise either in the mapping from the functional connectome to a
parcellation or in the labeling of LangFC. Errors in parcellation may
arise because we have used a parcellation method (k-means) that can
converge to local optima (this issue also holds for other widely-used
parcellation methods, including independent components analysis
and dictionary learning). We have mitigated (but not eliminated) this
issue by sampling and aligning many parcellations with different ran-
dom seeds. Errors in labeling may arise if an individual’s language
network is successfully parcellated but happens not to be the most
spatially similar network to the reference atlas used to label LangFC.
Wehave chosen to accept the possibility of sucherrors for this study in
order to achieve scale and minimize researcher influence on results.
But both steps can be replaced by manual expert checks of the con-
tinuous functional connectome (seed-based analysis) and the topo-
graphic plausibility of candidate LangFC networks. Previous iFC
studies have demonstrated that automatic and manual approaches to
identifying the language network tend to align closely64,65. None-
theless, in smaller-scale studies, identification of LangFC based on
expert review of the functional connectome is always available.

Second, we have only explored a single basic approach to FC
parcellation (k-means), without engaging with significant recent
efforts to increase the quality and sophistication of FC parcellation
methods104,138–141. We have done so for strictly practical reasons (we
needed fast methods to work at this scale of data), but we expect that
our results provide a conservative picture of the utility of iFC for
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language localization that will be surpassed by integrating with
ongoing technical advances in the field.

Third, although we have advocated using LangFC for task-agnostic
language localization, we do not advocate a wholesale abandonment of
localizer tasks. Even if iFC is used (rather than localizer tasks) for
selective analysis, it is valuable to have localizer task data in order to
validate LangFC estimates. Without such validation, there would be no
direct confirmation of LangFC’s functional tuning within an individual,
and results would need to be interpreted more cautiously. In other
words, two lines of evidence are better than one: while we have shown
that iFC is now essentially always available for language localization
(given that it can be reliably estimated from arbitrary task states),
additional task data when available can improve confidence in the
localization by providing independent convergent evidence. Moreover,
localizer tasks provide an estimate of the strength of response during
language processing; such estimates can be useful for comparison with
other experimental conditions, and also constitute a neural marker
(reliable over time; ref. 36.) for investigations of brain-behavior or brain-
genetic relationships across individuals. Thus, for studies targeting
language for which it is feasible to collect a localizer task, doing so can
still have value, whereas for studies in which language localization is a
lower priority and/or running additional localizer tasks is infeasible, we
have shown that iFC can usually serve as a strong stand-in.

Fourth, we have not engaged with (and cannot speak to) more
nuanced questions about the functional connectome itself, including
widespread interest in (a) its dynamics142–152 and (b) its multivariate
interactions153–156. Our approach assumes based on prior evidence that
much of the functional connectome is stationary72 and that networks
can be recovered from univariate voxel-level timecourses65, and we
leverage these assumptions to identify stable language-relevant brain
areas within individuals. But we leave open the possibility that e.g.,
functional connectivity can vary over time and between task states in
ways that meaningfully bear on the brain basis of language. The exis-
tence of reliable iFC methods for language neuroscience opens up a
new window onto these questions for future work.

Methods
All participants gave written informed consent in accordance with the
Massachusetts Institute of Technology’s (MIT) Committee on the Use
of Humans as Experimental Subjects (COUHES). Participants were
recruited from MIT and the surrounding Boston area.

fMRI data acquisition and preprocessing
All structural and functional data were collected on a whole-body 3
Tesla Siemens scanner with a 32-channel head coil at the Athinoula A.

Martinos Imaging Center at the McGovern Institute for Brain Research
at MIT. Because our dataset covers the entire fMRI acquisition history
of a neuroscience lab (see fMRI Session Selection), it includes data
collected over a long timespan for diverse projects with diverse goals
(including unpublished pilot studies), and thus, the acquisition para-
meters vary. There were two large-scale changes in equipment and/or
lab-standard acquisition parameters, one in 2021, and one in 2022.
Typical scan parameters in each of these three time periods are given
in Table 1. Detailed scan parameters for each run in the dataset are
provided in our Stanford Digital Repository dataset (https://doi.org/
10.25740/xj129pm0893).

fMRI data were analyzed using SPM12 (release 7487), CONN EvLab
module (release 19b), and other custom MATLAB scripts. Each parti-
cipant’s functional and structural data were converted fromDICOM to
NIFTI format. All functional scans were coregistered and resampled
using the 4th degree B-spline interpolation to the first scan of the first
session157. Potential outlier scans were identified from the resulting
subject-motion estimates as well as from BOLD signal indicators using
default thresholds in CONN preprocessing pipeline (5 standard
deviations above themean in global BOLD signal change, or framewise
displacement values above 0.9mm158). Functional and structural data
were independently normalized into a common space (the Montreal
Neurological Institute [MNI] template; IXI549Space) using SPM12 uni-
fied segmentation and normalization procedure159 with a reference
functional image computed as the mean functional data after rea-
lignment across all timepoints, omitting outlier scans. The output data
were resampled to a common bounding box between MNI-space
coordinates (−90, −126, −72) and (90, 90, 108), using 2mm isotropic
voxels and 4th degree B-spline interpolation for the functional data,
and 1mm isotropic voxels and trilinear interpolation for the structural
data. BOLD signal in each voxel of each run was then denoised by
residualizing against variables controlling for the effect of slow linear
drifts, subject-motion parameters, signals originating in white matter
and cerebrospinalfluid, andpotential outlier scans. Last, the functional
data were smoothed spatially using spatial convolution with a 4mm
FWHM Gaussian kernel.

Tasks and materials
The task fMRI runs in our dataset come from a large and diverse set of
published and unpublished experiments. Sincemost of these tasks are
not of interest (and documenting them fully would amount to an
exhaustive history of research conducted in the Fedorenko lab), here
we restrict our presentation to a subset of key tasks and materials:
those thatwedirectly use in this study either to compute taskcontrasts
or to select or exclude runs for parcellation. These tasks were selected

Table 1 | Typical MRI acquisition parameters used in this study

~2021 and before ~2021 to ~2022 ~2022 to present
Scanner Model Siemens Trio Siemens Prisma Siemens Prisma

T1 (structural)
parameters

176 sagittal slices with 1mm isotropic voxels
(TR = 2530ms, TE = 3.3ms, TI = 900ms, flip =
9 degrees).

208 sagittal slices with 0.85mm isotropic
voxels (TR = 1800ms, TE = 2.37ms, TI = 900
ms, flip = 8 degrees)

208 sagittal slices with 0.85mm isotropic
voxels (TR = 1800ms, TE = 2.37ms, TI = 900
ms, flip = 8 degrees)

T2* (functional)
parameters

EPI sequence with a 90° flip angle and using
GRAPPA with an acceleration factor of 2; with
the following parameters: thirty-three 4mm
thick near-axial slices acquired in an inter-
leaved order (with 10% distance factor), with
an in-plane resolution of 2.1 × 2.1mm, FoV in
the phase encoding (A » P) direction 200mm
and matrix size 96 × 96, TR = 2000 ms and
TE = 30ms

SMS EPI sequence with a 90° flip angle and
using a slice acceleration factor of 2, with the
following acquisition parameters: fifty-two
2mm thick near-axial slices acquired in the
interleaved order (with 10% distance factor),
2 × 2mm in-plane resolution, FoV in the phase
encoding (A » P) direction 208mmandmatrix
size 104 × 104, TR = 2000ms, TE = 30ms, and
partial Fourier of 7/8

SMS EPI sequence with a 90° flip angle and
using a slice acceleration factor of 3, with the
following acquisition parameters: seventy-
two 2mm thick near-axial slices acquired in
the interleaved order (with 10% distance fac-
tor), 2 × 2mm in-plane resolution, FoV in the
phase encoding (F » H) direction 208mmand
matrix size 104 × 104, TR = 2000ms, TE = 30
ms, and partial Fourier of 7/8

Number of runs 42,277 8753 5330

Counts in “number of runs” are provided for convenience and includenear-matches to these typical configurations. Precise parameters for each run in the dataset areprovided inour StanfordDigital
Repository dataset (https://doi.org/10.25740/xj129pm0893).
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because they have been used relatively frequently and cover a spec-
trum of targeted cognitive processes (e.g., language, social cognition,
and high-level vision). Table 2 shows the number of participants col-
lected for each of our key contrasts. In our Stanford Digital Repository
dataset (https://doi.org/10.25740/xj129pm0893), we provide meta-
data onwhich of the following experimental tasks apply to which fMRI
sessions.

In general, a given participant did not complete all of these tasks,
so we only evaluated participants with respect to the tasks they did
complete.Whenpossible,weused task contrasts derived from the same
session used for parcellation. Otherwise, if a task contrast was available
in a different session,weused thosedata (this iswhy identical taskmaps
sometimes recur in participantswith repeated scans in Fig. S1). If no task
contrast was available for a participant, they were omitted from eva-
luation on that contrast. For some tasks, our dataset includes minor
variants in parameters like timing, item lists, and the presence of
additional conditions not used in these analyses. For ease of compar-
ison across task types, we treat these variants as equivalent here.

High-level descriptions of the key tasks used in this study are as
follows (readers are referred to the citations for additional motivation
and method details).

Language (reading). Participants read word sequences presented one
word at a time on a screen in two conditions: a sentence condition in
which the sequence formed ameaningful sentence, and a perceptually
matched nonwords condition in which the sequence formed a list of
pronounceable pseudowords31.

Language (Listening). Participants listened to audio recordings in two
conditions: intelligible speech in a familiar language, and unintelligible
degraded versions of these recordings41.

Theory of mind (Verbal). Participants read vignettes presented one at
a time in two conditions: a false belief condition and a false photo
condition95. The false belief items described a scenario in which a
character has a false belief. The false photo items described previous
states of theworld that are no longer true (e.g., an object that has since
been removed). Although careful attention was paid in the design of
these items tomatch the conditions onmultiple linguistic dimensions,
subsequent work has found that the false belief items are higher in
multiplemeasures of linguistic complexity that are known tomodulate
language regions, and thus that language network responses to this
task do not necessarily reflect theory of mind processing82.

Theory of mind (Nonverbal). Participants viewed a silent animated
film (the Pixar short Partly Cloudy), which has been proposed as a

naturalistic theory of mind localizer160. The film was coded for time
intervals that depict (a) mental state content, (b) physical events, (c)
non-mentalizing social interactions, and (d) characters experiencing
physical pain, and these interval codes were used as regressors to
estimate the task contrast (response tomental segments over physical
segments).

Executive (Working memory). Participants viewed sequences of
marked squares on a grid and were tasked with keeping track of all
marked locations, assessed at the end of the sequence using a two-
alternative forced choice98. Items occurred in two conditions: easy (4
locations) and hard (8 locations).

Numerical (Math). Participants saw a number and were tasked with
computing its cumulative sum with a sequence of three additional
numbers98. The addends occurred in two conditions: easy (magnitude
2–4) and hard (magnitude 6–8).

Music. Participants listened to tonal melodies in two conditions, an
intact condition in which the melody followed typical Western tone
sequences and rhythm, and a scrambled condition in which these
melodies’ tones and rhythms were randomly scrambled116.

High-level visual perception. Participants viewed 3-second silent
video clips in five conditions: faces, body parts, objects, scenes, and
randomly scrambled objects161.

fMRI session selection
We parcellated every admissible fMRI scan of neuroanatomically
typical individuals in the history of the Fedorenko lab as of August
27th, 2024. Inclusionwasdefined as generously aswas feasible. A small
percentage of sessions (26 out of 1983) were excluded for the fol-
lowing reasons:

1. There were missing or corrupt data or metadata, preventing
timecourse extraction (11 sessions).

2. There were no functional runs from an all-anatomical scan
(1 session).

3. There were no functional runs remaining after exclusion of lan-
guage localizer runs (14 sessions). This situation arose becausewe
have a privileged interest in evaluating the parcellation against an
extensively studied reading-based language localizer (sentences
vs. nonword lists) contrast, which is often used to identify the
language network10,31—andwe are following a design inwhich runs
from the localizer task are entirely held out from parcellation to
ensure the independence of this critical task. This requirement is

Table 2 | Number of samples collected for each of our key contrasts

N participants N multisession participants (out of 53
participants; Fig. 4C)

N development subset (out of 100
sessions; SI D, E)

N task vs. rest subset (out of 189
sessions; SI F)

Language (reading) 1899 53 97 189

Language (listening) 219 1 15 92

Theory of Mind (verbal) 805 44 15 56

Theory of Mind (non-
verbal)

481 28 15 9

Executive (working
memory)

1750 53 97 188

Numerical (math) 299 11 10 88

Music (intact vs.
scrambled)

35 1 – –

Vision (faces, bodies, and
scenes)

508 31 7 8

Blank cells indicate contrasts that were either absent or not considered for the corresponding analysis
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conservative and not strictly necessary; in fact, we found that
LangFC can be recovered from localizer runs even when the task
structure is regressed out (SI C). Runs for the other experimental
tasks we examined (described in Tasks and Materials below, e.g.,
the hard vs. easy contrast from the spatial working memory task)
were not held out from parcellation, because holding out all
contrasts requires either (a) substantial loss of source data for
parcellation if removing all evaluation tasks simultaneously, since
the evaluation tasks make up a large portion of the available data,
or (b) re-parcellating the brain based on different subsets of data
for each contrast, which is infeasible (given that we are searching
over many parcellation granularities in a large dataset, each
complete set of parcellations takes weeks on our compute cluster
and requires terabytes of storage).

The remaining dataset contains 1,957 sessions—each typically
containing about an hour (1854 ± 12SEM TRs, TR = 2 s) of fMRI data—
recorded from a total participant population of 1199 individuals (the
difference between the number of sessions and the number of indivi-
duals is due to repeated scanning of some individuals). To avoid
biasing results, no additional quality controls or filters were applied.
Each session’s data was parcellated separately, even when the partici-
pant had completed other sessions. This allowed us to assess the sta-
bility of parcellations across sessions within an individual (see LangFC
Is Stable Within Individuals and Variable Between Them) and ensured
that our results were representative of the expected performance of
our proposedmethod for a typical cognitive neuroscience experiment
(in which each participant may only have one scanning session).

Participant age and gender were provided by self-report. The
gender distribution of our final sample was 1120 females, 836 males,
and one not reported. Participants were given $30/hr for their parti-
cipation and spanned an age range at acquisition time of 17 to 85 years,
mean 26.9 years ± 10.4 (SD). We included data irrespective of partici-
pants’ gender because our research questions do not concern gender
differences, because there are currently no theoretical or empirical
reasons to expect meaningful gender differences in any of our mea-
sures of interest, and because we wished to construct a maximally
inclusive sample.

Parcellation and evaluation procedure
We identified and functionally evaluated putative language regions
using a five-step procedure within each session of fMRI data in our
study: sampling, alignment, labeling, aggregation, and evaluation. The
essence of this procedure is schematized in Fig. 1. Our general-purpose
codebase for volumetric parcellation of fMRI time courses in NIFTI
format, largely built on the nilearn162 and scikit-learn163 Python packa-
ges, is available open source: https://github.com/coryshain/parcellate.
We have additionally released a separate reproduction codebase for all
analyses specific to this study: https://github.com/coryshain/
langlocFC. Although many of the design choices described below are
motivated by considerations of performance, efficiency, or precedent
set by prior work, we found in direct comparisons that most of them
had little impact on results, supporting the robustness of the parcel-
lations to diverse implementation details (SI D).

We have released all parcellation configuration files and results in
the Stanford Digital Repository (https://doi.org/10.25740/
xj129pm0893), along with the preprocessed timecourses that were
used as input to the parcellation.

Sampling. Gray matter voxels from all available functional runs after
exclusions (see fMRI Session Selection) were individually bandpassed
between 0.01 and 0.1 Hz, detrended, and z-scored, voxelwise64. The
resulting time courses were concatenated into a single sequence, and
the time dimension was reduced to 200 principal components (PCs).
Primarily for computational reasons, the resulting 200-dimensional

vector for each of the V voxels was then correlated with the average
vector within each of 1000 parcels in a previously published atlas53,
resulting in a V × 1000 connectivity matrix (in our case, V = 134,713, so
the use of parcels for spatial downsampling gives large memory sav-
ings without harming results, see SI 3). Following prior work65, the
connectivity matrix was then binarized at a quantile threshold of 0.9.

The resulting matrix served as input to an iterative parcellation
procedure in which voxels’ connectivity patterns were clustered into k
networks using k-means under 100 random initializations. This both
mitigates the sensitivity of k-means to initial conditions and provides
an opportunity to quantify uncertainty about voxel assignments to
networks, in hopes of capturing core-periphery distinctions when
relevant164. This results in a sample of 100 clusterings (discrete par-
cellations) of the gray matter volume. However, aggregating over this
sample is challenging due to the arbitrariness of the cluster labels
assigned by k-means. Therefore, we include an alignment step,
described below.

Alignment. We used a greedy approach to align the 100 sampled
parcellations into a common set of networks. We first sorted the
samples in ascending order (best to worst) according to the mean
squared error of their cluster centroids to the data (a measure of
clustering quality). We then initialized the probabilistic parcellation
using the best sample. For each subsequent sample, we found the
optimal spatial alignment (measured as Pearson correlation over the
gray matter volume) to the current state of the probabilistic parcella-
tion using linear sum assignment78 and updated the probabilistic
parcellation using a moving average with the newly aligned sample.
The result is a set of k probabilistic (and potentially spatially over-
lapping) assignments of voxels to networks, with 0 indicating that a
voxel was never assigned to the network and 1 indicating that the voxel
was always assigned to the network. Each network in the final prob-
abilistic parcellation was then min-max normalized.

Labeling. Interpretable labelswereheuristically assigned to a subset of
the networks in the probabilistic parcellation based on spatial simi-
larity (Pearson correlation in the gray matter volume) to a set of (non-
individualized) reference atlases65,79. For each reference atlas, themost
spatially similar individualized network in the parcellationwas selected
and assigned the corresponding functional label (e.g., LANG, DN-B,
FPN-A, etc.). The assignments could be many-to-one, in that the same
network could be chosen bymultiple reference atlases (in practice, for
sufficiently granular parcellations, this was rare).

Aggregation.Wewantedboth to explore the influenceof the choiceof
the number of networks k and allow k to vary as needed between
individuals. Thus, for this study, we placed all three of the preceding
steps (sampling, alignment, and labeling) under a loop over values of k
from 10 to 200 in increments of 10, resulting in 20 parcellations (at
different k) per scanning session. We defined the optimal k for a ses-
sion to be the value that maximized the average spatial similarity
between the reference atlases and their corresponding labeled iFC
counterparts. We chose to select on correspondence to the reference
atlases in order to avoid any bias toward a particular pattern of func-
tional tuning (as would be the case if we, e.g., selected on similarity to
language task responses). To avoid post hoc selection of results, we
refitted the parcellation using the chosen value of k to obtain our final
parcellation for the participant.

Evaluation. As described in Results, we applied two key analyses of
functional tuning to all labeled networks in the parcellation, for all
available tasks within our critical set for which we had data for the
participant: z(r), a measure of spatial similarity between the network
and the distribution of task responses, and mean t-value, a weighted
sumacross the graymatter volumeof the voxelwise t-values for a given
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contrast, weighted by their iFC-estimated probability of belonging to
the network in question.

Visualization. Cortical surface projections were rendered using
SurfIce165. The other graphs were produced using Matplotlib166.

Additional analyses
Here, we describe all remaining methods used for secondary analyses
in this study.

LangFC periphery (Fig. 2C). To identify the LangFC “periphery”
(visualized at the group level in Fig. 2C), we developed a procedure for
finding a union of subnetworks in our probabilistic parcellation that
maximizedoverall spatial similarity (Pearsoncorrelation) to the reference
atlas. Todo so, in each individual, we startedwith LangFC labeled relative
to a reference atlas (LanA), and we used a greedy approach in which we
iteratively identified the next most similar network to the reference atlas
and added it to the union (by definition, the first of these networks is
LangFC) as long as doing so increased spatial similarity between the
union and the reference atlas. This greedy approach is computationally
efficient at theexpenseofglobaloptimality, sincewedidnotexhaustively
maximize spatial similarity over the power set of networks in the par-
cellation. Our stopping criterion guarantees that there will always be at
least one network (LangFC) in the union, and possibly (but not neces-
sarily)more. A voxel’s probability of belonging to the union is equal to its
probability of belonging to at least one of the component subnetworks,
that is, the probability of at least one success under a Poisson-binomial
distribution167 parameterized by the membership probabilities for each
subnetwork in the union. Union membership was used to create a new
probabilistic atlas representing the probability of belonging to an iFC-
based extended language network81. To identify the LangFC “periphery”
in an individual, we discretized both LangFC and extended LangFC
(p>0.5) and selected all voxels belonging to extended LangFC but not
LangFC. These Boolean maps per participant were then averaged across
all participants in stereotactic space to produce the probabilistic atlas
visualized at the bottomof Fig. 2C, which provides an iFC-basedmeasure
of the topographic tendencies in the language network’s periphery.

Nonlinguistic runs (Fig. 3A). To produce the “nonlinguistic runs”
analyses on the right side of Fig. 3A, we re-parcellated all sessions that
contained at least one of a number of tasks that we identified as
nonlinguistic, in the sense that no languagewas present in the stimulus
and no overt or covert language response was requested. These tasks
included the spatial working memory task, nonverbal theory of mind
task, music task, and visual perception tasks described in Tasks and
Materials. They also included resting-state scans, silent movie watch-
ing, various nonlinguistic visual perception tasks (e.g., motion and
action perception), abstract symbolic rule induction tasks, and non-
speech auditory perception tasks. We have uploaded a table of all
nonlinguistic tasks and brief descriptions to the Stanford Digital
Repository (https://doi.org/10.25740/xj129pm0893). We cannot of
course rule out the possibility that some participants e.g., engaged in
inner speech during the task168–170, except to note that some of these
tasks (spatial workingmemory andmath) occur frequently among our
nonlinguistic runs and elicit weak or negative responses in language
areas (Fig. 3A), suggesting that covert language is not used pervasively
in order to support these types of thought24.

Variability between and within individuals (Fig. 4A). To measure
within- and between-individual variation as reported in Fig. 4A, we
used the following procedures.

Between-individual variation was computed by taking both the
LangFC topographies and the reading localizer task maps from all ses-
sions in our main analysis, averaging these across sessions as needed
when the same person participated in multiple sessions. We then

computed the between-individual spatial correlation as the grandmean
of each participant’s average Fisher-transformed correlationwith all the
other 1998 participants.

Within-individual variation was computed by finding all partici-
pants with at least two sessions (305 participants, 1063 sessions,
3.5 sessions per participant on average) and computing session-wise
Fisher-transformed spatial correlation matrices between LangFC
topographies on the one hand and between reading localizer task
maps on the other, independently for each individual. The resulting
Fisher correlations were then averaged to estimate typical stability
between runs for an individual.

Partial reproductionof Shain et al. (2024). For reliable comparison to
task-based localization in ref. 102, we exactly matched their procedure
for defining functional regions of interest (fROIs) with one change: we
replaced the S-N localizer task t-maps with LangFC probabilistic maps.
The resulting procedure was as follows, for each participant:

1. Mask the brain volume with each of six regional parcels from a
prior study20: left pars orbitalis (LIFGorb), left pars triangularis
(LIFGtri), left temporal pole (LTP), left anterior temporal sulcus
(aSTS), left posterior temporal sulcus (pSTS), and left tempor-
oparietal junction (LTPJ).

2. Within each regional mask, identify the subset of voxels with the
top 10% probability of belonging to LangFC according to that
participant’s probabilistic network estimate. This top-10% subset
of voxels defines the fROI for each of the six regional masks.

3. Within the fROI, compute the average effect size for each contrast
of interest—see ref. 102 for contrast definitions.

The fact that LangFC defines valid network membership prob-
abilities (unlike, e.g., a task t-map) offers principled alternatives to the
design above, such as taking a weighted average over the entire gray
matter volume (as in Fig. 3A) or selection by absolute thresholding (e.g.,
p >0.5, i.e., more likely than not to belong to LangFC). Such approaches
could have advantages, including the possibility of discovering areas
that fall outside the regional masks, or application to participants with
different brain anatomy relative to template spacesderived fromtypical
adults (e.g., children or individuals with brain lesions). We leave vali-
dation of alternative localization criteria to future work.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The parcellations and other analyses generated in this study have been
deposited in the Stanford Digital Repository under accession code
https://doi.org/10.25740/xj129pm0893. The raw anatomical and
functional data are protected and are not available due to data privacy
protections under our IRB protocol. The preprocessed functional data
(used for parcellation) have also been deposited in the StanfordDigital
Repository, split across multiple tranches due to their size: Tranche A,
Tranche B, Tranche C, and Tranche D. Source data are provided with
this paper.

Code availability
Our general-purpose parcellation code171 is available at https://github.
com/coryshain/parcellate. All other study-specific analysis code172 is
available at https://github.com/coryshain/langlocFC.
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