
https://doi.org/10.1177/09567976211003877

Psychological Science
2021, Vol. 32(10) 1617–1635
© The Author(s) 2021
Article reuse guidelines: 
sagepub.com/journals-permissions
DOI: 10.1177/09567976211003877
www.psychologicalscience.org/PS

ASSOCIATION FOR
PSYCHOLOGICAL SCIENCEResearch Article

Human beings transfer thoughts across individuals, 
time, and space using language. We often assume that 
differences in thoughts are reflected by different choices 
of words and that speakers of the same language have 
common conceptual understandings about the basic 
word elements. Such commonality is the basis of effec-
tive learning and communication, and word-meaning 
misalignment is usually discussed only within the con-
text of cross-language speakers ( Jackson et al., 2019; 
Thompson et al., 2020). However, the individual varia-
tions in how people understand a word within a lan-
guage have intrigued classical philosophers (Locke, 
1690; Russell, 1948). Indeed, it has recently been empiri-
cally shown that there are intersubject variations in 
understanding politically or emotionally related words, 
which are associated with related domains of nonlin-
guistic processing such as political position (Li et al., 
2017) or emotional perception (Brooks & Freeman, 
2018). It is unknown whether this is specific to these 

“subjective” domains or is a general mechanism of word-
meaning representation. Here, using both behavioral 
and neural signatures, we empirically quantified the 
consistency and variations of word-meaning representa-
tions across speakers of the same language and from a 
relatively homogeneous culture and education group, 
and we investigated the underlying mechanisms leading 
to individual variation.

The nature of and variables affecting individual vari-
ation in word meaning are intrinsically related to the 
general principles of how word meanings are repre-
sented in the human brain. Meaningful variance in a 
system stems from the dimensions that make up the 
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Abstract
Humans primarily rely on language to communicate, on the basis of a shared understanding of the basic building blocks 
of communication: words. Do we mean the same things when we use the same words? Although cognitive neural 
research on semantics has revealed the common principles of word-meaning representation, the factors underlying 
the potential individual variations in word meanings are unknown. Here, we empirically characterized the intersubject 
consistency of 90 words across 20 adult subjects (10 female) using both behavioral measures (rating-based semantic-
relationship patterns) and neuroimaging measures (word-evoked brain activity patterns). Across both the behavioral 
and neuroimaging experiments, we showed that the magnitude of individual disagreements on word meanings could 
be modeled on the basis of how much language or sensory experience is associated with a word and that this variation 
increases with word abstractness. Uncovering the cognitive and neural origins of word-meaning disagreements across 
individuals has implications for potential mechanisms to modulate such disagreements.
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corresponding representation. For decades, research 
has focused on the common cognitive and neural basis 
of semantic (or conceptual) representations, converging 
on the consensus that these representations are com-
positional, entailing salient sensory, motor, and emo-
tion-related attributes, and distributed over multiple 
systems of the cortex, despite the controversies about 
the sufficiency and necessity of the specific constituents 
(Binder et al., 2016; Lambon Ralph et al., 2017; Martin, 
2016). Words referring to concrete objects comprise 
more specific sensorimotor attributes (e.g., the shape 
of a cup, the action associated with a cup), among other 
attributes, and tend to more strongly activate regions 
in the corresponding sensorimotor and association 
cortices (Fernandino et al., 2016; Martin, 2016; J. Wang 
et al., 2010). Abstract words (e.g., virtue, justice), by 
comparison, tend to be associated with socioemotional 
attributes and depend more on linguistic context, and 
they more strongly activate language-related regions 
such as anterior temporal and inferior frontal cortices 
(Binder et al., 2016; Hoffman et al., 2013; Kousta et al., 
2011; Schwanenflugel & Shoben, 1983; J. Wang et al., 
2010). However, recent evidence suggests that words 
referring to external referents may also entail language-
derived representations (Striem-Amit et  al., 2018;  
X. Wang et al., 2020).

These current semantic theories do not postulate 
explicit hypotheses about individual variability, and it 
is not obvious what predictions can be generated with-
out additional assumptions about the relationship 
between the underlying dimension compositions and 
the individual variation patterns. Is having richer proper-
ties of a particular attribute associated with greater or 
smaller variations? Consider the contrasts between 
words that have external referents (i.e., concrete words) 
and words that do not (i.e., abstract words). Although 
having external referents may boost consistency 
(through a common constraint), it is also possible that 
the knowledge about such referents is (at least partly) 
represented through sensorimotor experiences, which 
vary across individuals and actually introduce additional 
sources of variation. Furthermore, do various types of 
attributes themselves differ in their degree of intersub-
ject variation, thus having different effects on a word’s 
individual variations? With these theoretical and empiri-
cal possibilities, the approach here was to glean the 
potential organizational dimensions of word meanings 
from the current semantic theories and test the patterns 
in which these factors might account for individual con-
sistency, including which dimensions produce signifi-
cant effects and in what direction. Positive results would 
provide convergent evidence that the postulated dimen-
sion indeed effectively underlies meaning representa-
tion and that theories that do not incorporate those 
dimensions are to be challenged. Further, positive 

results would reveal the patterns of relationships of 
these dimensions and intersubject variations in word 
meaning.

Measuring people’s internal representation of word 
meaning is notoriously challenging. Explicit-definition 
approaches are highly controversial (Marggolis &  
Laurence, 1999). The feature-based view makes the 
feature-listing approach appealing; this approach has 
been applied to test representations of object word 
meaning (Binder et al., 2016; Cree & McRae, 2003; Tyler 
& Moss, 2001), but it is very difficult to apply it to non-
object words (Barsalou & Wiemer-Hastings, 2005). One 
widely adopted approach is to represent a word (at least 
partly) by its relationships with other words, which  
has been productive in natural-language processing 
(e.g., Landauer & Dumais, 1997; Mitchell et al., 2008; 
Thompson et al., 2020). This approach can be accom-
plished by subjective distance ratings in individual 
human subjects (Brooks & Freeman, 2018; Li et  al., 
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the words. In subsequent trials, subjects were shown 
adaptively selected word subsets that had been clustered 
together in previous trials, producing partial distance 
matrices. The task lasted for 1 hr, during which subjects 
completed various numbers of trials (M = 85, SD = 71, 
range = 24–284). The final distance measure for each sub-
ject was calculated as the weighted average of distance 
measures of their multiple arrangements. Multidimensional 
scaling was carried out to visualize individual semantic 
distance matrices (number of dimensions [ndim] = 2,  
type = interval) using the smacof package (de Leeuw & 
Mair, 2009) in the R programming environment (Version 
4.0.0; R Core Team, 2020).

Word-level ISC-behavior computation.  To compute 
the word-level ISC in behavior for each subject, we repre-
sented each word as an 89-dimensional vector of its seman-
tic distance with the remaining words. Pearson’s correlations 
of the word vector among each pair of subjects were then 
computed, Fisher z transformed, and averaged across 190 
subject pairs (20 subjects in total) to obtain ISC-behavior 
data for each word. The standard error of the ISC for behav-
ior was assessed in two approaches: (a) bootstrapping the 
subject set with replacement 10,000 times, which evaluated 
ISC robustness across subjects, and (b) bootstrapping the 
word set with replacement 10,000 times, which evaluated 
ISC robustness across words included for judgment.

Validation of words’ ISC-behavior computation.  
One issue that needed to be considered was whether a 
particular word’s ISC-behavior pattern was affected by our 
choices of base words in its semantic-vector construction. 
In the main analyses using the 90-word set, for each word, 
the base words were the other 89 words (N – 1); the base 
words covered a wide range of words with varying types 
of relations with the word in consideration (both taxo-
nomic and nontaxonomic neighbors). In this way, for 
each word under consideration, its 89 base words varied 
slightly (in a leave-one-out fashion). This validation analy-
sis was then further conducted to check whether the ISC 
results obtained in this way were robust across different 
kinds of base-word list selections, especially when the 
common set of base words was used. We performed split-
half analyses so that for each of the 45 words in the first 
half, the 45 words in the second half became the base 
words for its semantic vector (i.e., no leave-one-out 
method needed). ISC values were then computed from 
these data. This procedure was repeated 10,000 times.

Experiment 2: word-level ISC based on 
brain activation patterns

Task fMRI procedure.  A condition-rich fMRI design 
was adopted to obtain activity patterns for each word 
(Kriegeskorte, Mur, & Bandettini, 2008; Kriegeskorte, 

Mur, Ruff, et al., 2008). During the fMRI task (Fig. 2a), 
subjects were instructed to view each of 90 target words, 
think about their meanings, and perform an oddball one-
back semantic judgment task. In the latter, subjects were 
instructed to determine whether occasional words in red 
were semantically related to the previous word by press-
ing buttons with their right index finger or middle finger 
(catch trials). There were 10 runs (360 s per run). Each 
run consisted of ninety 2.5-s-long word trials (0.8-s word 
followed by 1.7-s fixation), fourteen 2.5-s-long catch tri-
als, and thirty 2.5-s-long null trials; the mean interval 
between two words was 3.23 s. Each target word 
appeared once within each run; the order of 90 target 
words was randomized in each run for each subject. 
Each run began with a 12-s fixation period and ended 
with a 13-s rest period during which subjects saw a ver-
bal cue that the current run was about to end.

Image acquisition.  All functional and structural MRI 
data were collected using a Siemens Prisma 3T scanner 
with a 64-channel head-neck coil at the Center for MRI 
Research, Peking University. Functional data were 
acquired with a simultaneous multislice echoplanar-
imaging sequence supplied by Siemens (62 axial slices, 
repetition time [TR] = 2,000 ms, echo time [TE] = 30 ms, 
multiband factor = 2, flip angle [FA] = 90°, field of view 
[FOV] = 224 mm × 224 mm, matrix size = 112 × 112, slice 
thickness = 2 mm, gap = 0.2 mm, and voxel size = 2 mm ×  
2 mm × 2.2 mm). A high-resolution 3D T1-weighted ana-
tomical scan was acquired using the magnetization-pre-
pared rapid-acquisition gradient-echo sequence (192 
sagittal slices, TR = 2,530 ms, TE = 2.98 ms, inversion time =  
1,100 ms, FA = 7°, FOV = 224 mm × 256 mm, matrix size =  
224 × 256 interpolated to 448 × 512, slice thickness = 1 
mm, and voxel size = 0.5 mm × 0.5 mm × 1 mm).

Data preprocessing.  Functional images were prepro-
cessed using Statistical Parametric Mapping (SPM) software 
(Version 12; Wellcome Trust Center for Neuroimaging, 
London, UK, http://www.fil.ion.ucl.ac.uk/spm12/). For 
each individual subject, the first four volumes of each 
functional run were discarded to reach signal equilibrium. 
The remaining images were corrected for slice timing and 
head motion and spatially normalized to Montreal Neuro-
logical Institute (MNI) space via unified segmentation 
(resampling into 2 mm × 2 mm × 2 mm voxel size). No 
subject had head motion larger than 2 mm/2°. These 
images were directly submitted to general linear models 
(GLMs) for multivariate pattern analyses and were further 
spatially smoothed using a 6-mm full-width half-maximum 
Gaussian kernel for univariate contrast analyses.

Computation of whole-brain activation patterns 
for each word.  Whole-brain activation patterns for  
each word were obtained using a GLM with spatially 

http://www.fil.ion.ucl.ac.uk/spm12/
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normalized, unsmoothed functional images. For each 
subject, the GLM for each run contained 90 regressors 
corresponding to the onset of each target word and one 
regressor indicating catch trials, convolved with a canoni-
cal hemodynamic response function, and six head-
motion parameters. A high-pass-filter cutoff was set at 
128 s. The resulting t maps for each target word versus 
baseline were used to compute the ISC-brain data.

Word-level ISC-brain data computation.  The proce-
dure for ISC-brain computation consisted of the follow-
ing steps: (a) Define word-associated voxels; (b) extract 
activation patterns of each word from these voxels in 
each subject; and (c) compute, for each word, the Pear-
son’s correlations of activation patterns for each pair of 
subjects, which were Fisher z transformed and averaged 
across subject pairs to obtain the ISC-brain data for this 
word. The key step here was the definition of word- 
associated regions, given that it is not necessarily obvious 
what voxels contain information about word (meaning) 
representations. We thus adopted multiple approaches 
that are described below to validate the robustness of the 
ISC-brain results. Functional activation maps were 
assessed at a voxel-wise threshold of p < .005, family-
wise error (FWE)-corrected cluster-extent p < .05, unless 
explicitly stated otherwise.

In Approach 1, we defined word-related regions as 
those sensitive to major meaning differences between 
object words and nonobject words. For each subject, 
we built a GLM with spatially smoothed functional 
images and included two regressors corresponding to 
the onset of each word type (i.e., object or nonobject) 
and one regressor for catch trials, together with six 
head-motion parameters, for each run. The object-
versus-nonobject contrast was computed, and the 
resulting β-weight images were submitted to an F test 
at the group level to identify the voxels whose activa-
tions were significantly different between object words 
and nonobject words.

In Approach 2, word-related regions were defined 
as gray-matter voxels showing the most stable responses 
across words in 10 repetitions (Mitchell et al., 2008). 
For each of the voxels with a probability higher than 
.4 in the SPM gray-matter mask, we computed a stability 
score to evaluate its response consistency regarding 90 
words across 10 repetitions. For each subject, a gray-
matter voxel was assigned a 90 × 10 matrix, where the 
entry at row i, column j, was the β weight of this voxel 
during the jth repetition (scanning run) of the ith word. 
The stability score for this voxel was then computed as 
the averaged pairwise correlations over all pairs of col-
umns (scanning runs) in the matrix. This produced a 
stability gray-matter map for each subject. These stabil-
ity maps were then submitted to a one-sample t test at 
the group level, and the voxels with the top t values 

(ranging from the top 100 to the top 5,000; for voxel 
distributions, see Fig. 3) were considered to show con-
sistently high stability in response to word stimuli 
across subjects.

In Approach 3, word-associated voxels were identi-
fied in a meta-analysis of studies associated with word 
processing using Neurosynth (Yarkoni et  al., 2011),  
an online platform for large-scale, automated meta-
analyses based on the fMRI database of 14,371 studies 
(https://www.neurosynth.org/). Each study was auto-
matically tagged with various terms (e.g., word, face), 
and its activation coordinates were also automatically 
extracted. Using the term word, Neurosynth divided the 
database into two sets: 944 studies were tagged with 
the term word, and the other studies were not. The 
platform then produced an association test map showing 
z scores from a two-way ANOVA to test for the associa-
tion between each voxel and the term word; a higher z 
score indicated that a voxel was more likely to be acti-
vated in studies tagged with the term word than in those 
without. The association test map was assessed at a 
false-discovery-rate threshold of 0.01, and clusters with 
voxel sizes smaller than 10 were further removed. This 
method of functional region-of-interest localization has 
recently been widely used given the power offered by 
the large number of studies (e.g., Hung et  al., 2020; 
Kragel & LaBar, 2016; Maimon-Mor & Makin, 2020).

In Approach 4, in case any regions sensitive to words’ 
emotional meanings were not included, we redefined 
the word-associated mask as those clusters sensitive to 
any differences among object versus emotional nonob-
ject versus nonemotional nonobject words. As in the 
object-versus-nonobject contrast, a GLM was built to 
include three regressors corresponding to the onset of 
each of the three word types for each run. The β maps 
for each word type versus baseline were submitted to 
a one-way ANOVA (within subjects) at the group level.

In Approach 5, instead of extracting activation pat-
terns from a group-defined word-associated mask, we 
localized word-associated voxels in individual subjects 
using a group-constrained subject-specific approach 
(Fedorenko et al., 2010). Adopting a leave-one-subject-
pair-out procedure, we first localized group-level word-
associated parcels in 19 subjects on the basis of the 
object-versus-nonobject contrast. Within these parcels, 
we identified, for each of the remaining two subjects, 
the set of N voxels showing the largest differences 
between object and nonobject words. (Results of ISC-
brain data were largely similar when the number of 
individual-defined voxels, N, increased from the top 50 
to 400 voxels and to all the voxels in the group-defined 
mask; we reported ISC-brain results at N = 300 voxels.) 
We then united the two sets of voxels in the two sub-
jects and calculated Pearson’s correlations of activation 
patterns for this subject pair for each word. For a given 

https://www.neurosynth.org/
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word, the correlations across all subject pairs were 
Fisher z transformed and averaged to obtain the ISC-
brain data.

Brain visualization.  The brain maps and results were 
projected onto the MNI brain surface using BrainNet 
Viewer (Version 1.7; Xia et  al., 2013; https://www.nitrc 
.org/projects/bnv/) with the default “interpolated” map-
ping algorithm, unless stated explicitly otherwise.

Ratings of candidate organizing 
principles of semantic representations 
in the brain

To explain the cognitive origins of word-meaning varia-
tion across individuals, we collected ratings on the fol-
lowing dimensions relevant to semantic representations. 
Each word was rated on a scale concerning emotional 
valence, ranging from 1 (negative) to 4 (neutral) to 7 
(positive), and a scale for other ratings ranging from 1 
(the lowest extent) to 7 (the highest extent). The rating 
instructions were as follows.

For sensory experience, subjects rated “to what 
extent the concept denoted by the word evokes a sen-
sory experience (including vision, audition, taste, touch, 
and smell).” For navigation, they rated “to what extent 
the concept denoted by the word could offer spatial 
information to help you explore the environment.” For 
manipulation, the instruction was to rate “to what extent 
the concept denoted by the word could be grasped 
easily and used with one hand.” For stress-related 
actions, subjects rated “to what extent the concept 
denoted by the word would make you have a stress 
response, e.g., run away, attack, or freeze.” For emo-
tional valence, they rated “to what extent the concept 
denoted by the word evokes positive or negative feel-
ings; very positive feelings mean that you are happy, 
satisfied, contented, hopeful; very negative feelings 
mean that you are unhappy, annoyed, unsatisfied, 
despaired, or bored.” For arousal, they were asked to 
rate “to what extent the concept denoted by the word 
makes you feel aroused. Low arousal means that you 
feel completely relaxed, very calm, sluggish, dull, or 
sleepy; high arousal means that you are stimulated, 
excited, frenzied, jittery, or wide-awake.” For language 
descriptiveness, the instruction was to rate “to what 
extent the concept denoted by the word could be 
described and explained using language.”

We recruited independent groups of 26 to 30 college 
students from Beijing Normal University for each rating 
(N = 196) via an online survey (https://www.wjx.cn/). 
We computed a quality metric by correlating each sub-
ject’s ratings with the averaged ratings from all subjects 
(except the subject being assessed) across all rated 
words. Subjects whose ratings were not significantly 

correlated with others’ mean ratings (p > .05) were 
excluded from the subsequent analyses, leaving 24 to 
28 college students for each rating (N = 184).

Results

Cognitive representations of word 
meaning: individual consistency 
�  .0510)20( ledivicing)193 

https://www.nitrc.org/projects/bnv/
https://www.nitrc.org/projects/bnv/
https://www.wjx.cn/
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(manipulation, navigation, and stress-related actions; 
Bi et al., 2016; Lambon Ralph et al., 2017; Martin, 2016); 
emotion-related (Kousta et al., 2011), including emo-
tional valence and arousal; and language-related (X. 
Wang et al., 2020; i.e., language descriptiveness). We 
asked independent groups of subjects (from the same 
linguistic and cultural background as subjects in the 
main experiments) to rate the 90 words on each dimen-
sion on a 7-point scale (for details, see the Method 
section). We computed the mean and variation (indexed 
by standard deviation; Fig. 4a; see also Fig. S3 in the 
Supplemental Material) for each word across subjects’ 
ratings as candidate sources for the ISC for behavior.

Each word’s ISC-behavior value was predicted using 
multiple linear regression models with these variables 
as predictors. The means of language descriptiveness 
and sensory experience were highly correlated across 
the 90 words (r = .94) and were collapsed by taking 
the average z values into a single mean language/ 
sensory-experience variable (see Fig. S3). The signifi-
cant mean predictors (mean language/sensory experi-
ence, mean arousal, and mean valence) and standard- 
deviation predictors (