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Abstract

How do words evolve in their usage and meaning over time?
We investigate the relationship between word frequency, se-
mantic richness, and network centrality through longitudinal
analysis of the Corpus of Historical American English (1820-
2019). Using measures of semantic richness and network po-
sition, we find that a word’s betweenness centrality—its ten-
dency to bridge different semantic domains—consistently pre-
dicts both its future semantic richness and frequency of use.
This relationship strengthens over longer time intervals, with
the strongest effects observed across a 100-year span. Notably,
while frequency and semantic richness are correlated as estab-
lished in the literature, our results indicate that there was no
directional relationship between frequency and semantic rich-
ness, while network centrality exerts a significant influence on
both of these factors. Our results suggest that a word’s posi-
tion within the semantic network might play a crucial role in
its evolution: words that bridge different semantic domains are
more likely to develop new meanings and change in frequency
over time. These findings offer new insights into the mecha-
nisms driving language change.
Keywords: language evolution; frequency; network; semantic
extension

Introduction
“A struggle for life is constantly going on among the
words and grammatical forms in each language. The
better, the shorter, the easier forms are constantly gain-
ing the upper hand, and they owe their success to
their own inherent virtue.” (Darwin (1872), quoting Müller
(1870) referencing Schleicher (circa 1860))

Scholars have long invoked evolutionary metaphors to cap-
ture how languages change over time. Indeed, language is
constantly evolving, shaped by the collective choices of thou-
sands of speakers across generations. Open a book from cen-
turies ago, and you’ll find some words, like ”wherefore” and
”thou,” have virtually vanished from modern speech, while
others, like ”mother” and ”water,” remain as vital as ever.
Words like ”meat” (once meaning any kind of food) narrowed
in meaning, while ”dog” (originally referring to a specific
breed) broadened to refer to all dogs. The meaning of ”awful”
shifted from ”awe-inspiring” to terrible while ”nice” shifted

† Joint first authors.
Full code and measures data available at: https://github.com/
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from foolish to, well, nice. These shifts are a natural part of
language evolution, and much like species in nature, words
rise and fall, expand or shrink, persist or fade as they adapt to
serve our ever-shifting communication needs (Gibson et al.,
2019; Mahowald et al., 2018; Trott & Bergen, 2022).

How do words’ usage and meanings evolve over time?
Several interrelated characteristics play a role in this process,
with word frequency and polysemy standing out as the most
studied factors (Crossley et al., 2010; Piantadosi et al., 2012;
Zipf, 1945). Polysemy refers to the phenomenon where a
word acquires multiple meanings (Cruse, 1986). Research
suggests that as words become more frequent in speech, they
tend to develop additional meanings, expanding their range of
usage (Harmon & Kapatsinski, 2017). Zipf’s tool metaphor
captures this dynamic well: he likened linguistic forms to
tools used by speakers to accomplish communicative tasks
(Zipf, 1949). Just as an artisan selects tools based on their
accessibility and versatility, speakers use words that are eas-
ily accessible and can serve many functions. The more fre-
quently a word is used, the more meanings it tends to acquire,
making it increasingly adaptable to new contexts and com-
munication needs. As a result, words that are used most often
are often the most polysemous, acquiring meanings to meet
diverse communicative demands (Bybee, 2010; Harmon &
Kapatsinski, 2017; Piantadosi et al., 2012).

Yet focusing on the functionality of individual words cap-
tures only part of the picture. Just as species evolve not solely
in response to the physical environment but also in relation
to one another (Ehrlich & Raven, 1964; Thompson, 1994),
words may evolve through their connections within a larger
semantic ecosystem. While frequency reflects how often a
word is used, centrality describes how well-connected it is to
the broader network of meanings. Words that occupy cen-
tral positions—akin to keystone species—are more likely to
be encountered and thus may evolve in both frequency and
meaning (Liu et al., 2024; Liu et al., 2023; Steyvers & Tenen-
baum, 2005). In Zipf’s tool metaphor, this is like placing a
favorite tool in the most convenient spot on the workbench: it
becomes the easy, go-to choice for many tasks, reinforcing its
utility. Similarly, a central word is primed for use in diverse
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contexts, further solidifying its frequency and paving the way
for new meanings to emerge.

This interplay between frequency, polysemy, and network
centrality raises foundational questions about their directional
relationships. Are words more likely to become central as
they are already frequent, or do they become frequent by
virtue of their central positions in the network? Are more
polysemous words naturally more central, or does occupy-
ing a central hub encourage multiple meanings to prolifer-
ate? Untangling these possibilities is crucial for understand-
ing language evolution—specifically, whether these forces
operate in a mutually reinforcing cycle or whether one exerts
an asymmetric influence on the others.

To address this challenge, we propose a novel approach
based on longitudinal corpus analysis. By analyzing the evo-
lution of word usage over time, we aim to disentangle the
complex interactions between frequency, network centrality,
and polysemy. We introduce new methods for calculating
centrality from corpus data, alongside measures of the rich-
ness of meaning in adjectives, to explore how these dimen-
sions co-evolve. Through this approach, we aim to uncover
how words’ positions within a network and their flexibility in
meaning go together with their rise and fall in language.

Approach
Our data comes from the Corpus of Historical American En-
glish (COHA), which spans 1820–2019 and includes various
genres (e.g., fiction, newspapers, and magazines). By ex-
amining language usage in a wide temporal window, we can
track how linguistic factors shift and interact across time.

Word Frequency
We begin by extracting raw frequencies of each word per
decade from COHA. Raw frequencies typically follow a
heavy-tailed (Zipfian) distribution: a small number of words
occur with extremely high frequency, while the vast major-
ity of words appear rarely. This distributional characteris-
tic poses challenges for interpretation as well as statistical
modeling, particularly for methods that assume linear rela-
tionships.

To address these challenges, we implement a two-step nor-
malization process. First, we normalize the raw counts by
the total number of tokens in each decade to obtain frequen-
cies per million words (pmw). Then, following Van Heuven
et al. (2014), we apply a logarithmic transformation to obtain
values on the Zipf scale:

Zipf(w) = log10
(
freqpmw(w)

)
(1)

where freqpmw(w) represents the frequency of word w per
million words.

Semantic Richness
We operationalize semantic richness by evaluating the vari-
ety of contexts in which words (specifically adjectives) ap-
pear. Adjectives are used as the target for the analysis, as

the semantic context of an adjective can be directly inferred
from the noun it modifies in a sentence. Our analysis focuses
primarily on the fiction subcorpus in COHA, as the creative
language in fiction can reveal nuanced semantic shifts. For
example, the adjective small can be used in physical descrip-
tions (small house, small town) in addition to more abstract
phrases (small talk), highlighting the kind of semantic varia-
tion we aim to capture.

We use spaCy (Honnibal & Montani, 2017) to extract all
phrases where an adjective modifies a noun in each decade of
the corpus, grouping by unique adjectives. For each adjec-
tive, we collect the set of isolated noun-adjective pairs (e.g.,
”small house”, ”small talk”). We then compute a contextual
embedding for the adjective word within each pair, capturing
its meaning in the context of the noun. These embeddings are
assembled into a matrix, from which we compute four com-
plementary measures.

1. Spectral Diversity. Spectral diversity refers to how spread
out a word’s meaning is across different semantic direc-
tions. More formally, let M be an N × d matrix, where N
represents the number of occurrences and d the embedding
dimensions. The singular values of M quantify the variance
captured along each principal direction. A larger range of
singular values (i.e., the difference between the largest and
smallest singular value) indicates higher spectral diversity,
reflecting wider semantic contexts.

2. Number of Nonzero Eigenvalues. The number of nonzero
eigenvalues of M⊤M corresponds to the effective rank of
the matrix, reflecting how many distinct semantic dimen-
sions (or clusters of usage) the adjective occupies. A higher
count indicates a broader range of contexts.

3. Entropy. We also assess the distribution of contexts
using an entropy measure based on the eigenvalues of
M⊤M. Conceptually, this captures how evenly variance is
distributed across different dimensions in the embedding
space. If an adjective is used in many different senses
with roughly equal frequency, the eigenvalue distribution
is more uniform, leading to higher entropy. Conversely,
if the variance is concentrated in one or two dimensions
(indicating predominant usage in one or two senses), the
entropy is lower.

4. Condition Number. The condition number of M⊤M is the
ratio of its largest to its smallest singular value. It cap-
tures whether the different semantic dimensions are bal-
anced (lower condition number) or dominated by one di-
mension (higher condition number).

Adjectives with richer meanings will modify a more di-
verse set of nouns, resulting in embeddings that occupy a
greater volume of the high dimensional semantic space. Thus,
by comparing the embeddings of small in contexts like small
town, small house, and small talk, we can observe how mean-
ings cluster and diverge over time, thereby capturing the evo-
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Figure 1: Example illustration of word properties for small in 1820. The principal axes are obtained through spectral value
decomposition (SVD) of the embeddings matrix, which reflect the general semantic directions or ”senses” of an adjective.
Nouns are assigned to the semantic sense for which their embeddings vector has the highest projection. A plot of the explained
variance for each principal axis shows the extent to which one semantic direction dominates the meaning of the adjective.

lution of semantic richness through these matrix-based mea-
sures. Figure 1 illustrates how different measures of semantic
richness, word frequency, and network centrality are obtained
for a given word from the adjective-noun matrix.

Network Centrality
In addition to frequency and semantic richness, we also ex-
amine how words’ positions in a semantic network shift over
time. To construct these networks:

1. Co-Occurrence Extraction. We define nodes as individ-
ual words and draw edges between words that co-occur in
the corpus within a 5-token sliding window.

2. PPMI Transformation. Raw co-occurrence counts are
converted into Positive Pointwise Mutual Information
(PPMI) scores (Church & Hanks, 1990):

PPMI(vi,v j) = max

(
0, log

( p(vi,v j)

p(vi) p(v j)

))
,

where p(vi,v j) is the probability of words vi and v j co-
occurring within the window, and p(vi), p(v j) are their in-
dividual empirical probabilities. The resulting PPMI matrix
acts as a weighted adjacency matrix for the semantic net-
work.

From the PPMI-weighted network, we compute 14 central-
ity measures highlighting complementary aspects of node im-
portance. These include betweenness centrality (measuring a
node’s role in briding shortest paths between other nodes),
degree centrality (a count of a node’s immediate neighbors),
and dmnc (the connectivity of a node’s immediate neighbors).

Time-series analysis
To examine the relationships between word frequency, cen-
trality, and semantic richness, we compile time-series data for

each measure across all decade intervals from 1820 to 2000.
To assess whether a measure X has an effect on a measure Y
at time t + k (where k is the lagged interval) , we apply three
criteria used in causal inference (Pearl, 2009):

1. Temporal asymmetry: Xt predicts Yt+k more than Yt pre-
dicts Xt+k, and earlier Xt is a better predictor of Yt+k than
Xt+k.

2. Granger causality: Xt improves prediction of Yt+k beyond
past values of Yt (Granger, 1969).

3. Unique variance: The conditional variance of Yt+k is re-
duced when conditioning on Xt , isolating variability at-
tributable to Xt and not variance or residual noise in Yt+k.
Critically, conditioning Xt+k on Yt has no such effect.

The properties of our word measures data present sev-
eral challenges for traditional time series methods such as
Granger causality and vector autoregression. These include
the high dimensionality of our data and a low number of
observations (19 word properties over 12 decade instances),
Non-stationarity in our time series, and heteroskedasticity in
the residuals for measures of network centrality and semantic
richness. To address this, we apply non-parametric general-
ized measures of correlation (GMC) to measure dependen-
cies between word properties without assuming linearity or
stationarity (Zheng et al., 2012). GMC measures the propor-
tion of variance in one variable uniquely explained by condi-
tioning on another, extending Pearson’s correlation to capture
asymmetric dependencies between variables. GMC builds on
the standard variance decomposition formula:

Var(Y ) = E
[
Var(Y | X)

]
+Var

(
E[Y | X ]

)
,

which partitions the total variance of Y into the expected
conditional variance (variance of Y not explained by X) and
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the variance of the conditional expectation (variance of Y ex-
plained by X). From this, the proportion of variance in Y
explained by X can be expressed as:

1−
E
[
Var(Y | X)

]
Var(Y )

,

quantifying how much conditioning on X reduces the total
variance of Y . GMC then expresses this in terms of the ex-
pected squared deviation from the conditional mean:

GMC(Y | X) = 1−
E
[
(Y −E[Y | X ])2

]
Var(Y )

,

where centering Y on E[Y |X ] isolates the variance in Y that
is explained by X . E[Y | X ] is estimated non-parametrically
using kernel smoothing to flexibly capture nonlinear depen-
dencies. This framework satisfies our criteria for causal in-
ference: GMC isolates unique variance in Y attributable to X ,
remains robust under nonlinearity and non-stationarity, and
allows for a test of directionality by comparing GMC(Y | X)
to GMC(X | Y ).

Analysis
To test the influence of word frequency, semantic richness,
and network centrality on each other over time, we ap-
plied GMC analysis to measures obtained for adjectives from
COHA in decades 1820 to 2000. After identifying adjective-
noun pairs in each corpus, we filtered for adjectives appearing
in all decades and without NaN values for any matrix calcu-
lations. This resulted in a set of n=350 unique adjectives in
19 decades, with 19 total measures (4 measures of semantic
richness, 14 measures of network centrality, and 1 measure of
Zipf frequency) for each instance of a word in a decade.

We then applied GMC to analyze the lagged dependen-
cies between these properties. Specifically, for a given
measure Yi in decade tk, we computed the pairwise value
GMC(Yi | X j) for all measures X j, across all decades in the
range tk, tk−1, ..., tk−18. This approach allowed us to mea-
sure the directional dependency of Yi on X j over all inter-
vals. For example, the effect of degree on spectral diversity in
2000 was computed for every measure of degree in the range
2000,1990,...1820. In addition, we computed all relations for
a variable X j in decade tk to X j in decades tk−1, . . . , t1820, to
test the lagged effect of a variable in predicting itself.

For each GMC calculation of a measure X j in predicting
Yi for some decade lag 0, . . . ,n, we conducted a hypothesis
test to determine whether there was a significant asymme-
try in X j predicting Yi, as opposed to Yi predicting X j. We
tested all possible pairwise relations for measures between
groups, across all decades 1820...2000. In computing all pos-
sible between group and autocorrelated relations, we obtained
n=2,500 hypothesis tests. Additionally, we applied a strict
Bonferonni correction (α = 0.05/2500). Due to the poten-
tial spuriousness of results for many individual pairwise com-
parisons, we do not consider results outside this significance
threshold.

To further confirm the results of our GMC analysis, we
used lagged correlations between measures to assess the ex-
tent to which a general temporal asymmetry is present for a
given relationship (Xt ,Yt+k). To test this, we used a method
inspired by Piazza et al. (2019) for identifying directional-
ity in correlation data. We first calculated correlations across
the full range of lag values (k ∈ {0,1, . . . ,18}), correlating
(Xt−k,Yt) and (Xt ,Yt−k) for each lag k. For each correlation,
we grouped data by word and arranged by decade to align the
time series, shifting the X and Y variables accordingly. To
assess the robustness of these correlations, we applied boot-
strapping with 500 iterations per lag to estimate mean corre-
lations and 95% confidence intervals, providing a direct com-
parison of forward and backward lags for any X , Y relation.
While Spearman’s ρ only assesses the monotonic relationship
between variables and does not measure the effect of condi-
tioning a response variable on a predictor in a prior decade,
the analysis allows us to test general temporal asymmetry be-
tween measures.

Results
Four measures met the criteria for temporal precedence estab-
lished in our GMC analysis, either as predictor or response
variables: two measures of semantic richness(spectral diver-
sity and entropy), one measure of network centrality (be-
tweenness) and word frequency. Across all lags, network
centrality (betweenness) was a significant predictor of both
semantic richness measures. This relationship was strongest
at the time lag of 100 years, where the predictive effect of
betweenness centrality on spectral diversity was the strongest
overall effect in our results (β= 0.39,p< 0.05

2500 ). Additionally,
betweenness centrality predicted word frequency in all lags,
although the direction of the effect changes in the longest
interval, where the relationship was positive (β = 0.24,p <
0.05
2500 ).

Betweenness centrality also predicted different directions
in the measures of semantic richness: entropy and spectral
diversity. Entropy, which measures the unevenness in the dis-
tribution across multiple senses, was associated with earlier
increases in betweenness centrality. Spectral diversity, which
measures the range of a word’s distribution of senses, was
predicted negatively by the same variable. While between-
ness centrality remained a predictor of later change in seman-
tic richness and frequency in all lags, we found no consistent
relationship between semantic richness and word frequency,
with only one observed effect in frequency predicting seman-
tic richness (β = −0.06,p < 0.05

2500 ). Overall, our results sug-
gest that betweenness centrality emerges as an important fac-
tor that drives changes in word frequency and semantic rich-
ness over time. The full set of directional relationships and
their effect sizes can be seen in Figure 2.

The results of the bootstrapped correlation analysis sug-
gest a temporal asymmetry in the relationship for between-
ness centrality and both entropy and spectral diversity, indi-
cated by stronger correlations between measures in negative
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30 years 100 years10 years

Figure 2: Changes in the dynamics of word properties over time. A direction in the graph indicates that the origin measure
predicts the target measure in a later decade in GMC analysis. Effect sizes are averaged across decades. Measures marked with
an asterisk (*) are robust after a Bonferonni correction of α = (0.05/2500). Relations to the semantic richness measure Entropy
are pictured on the top row, and relations to the semantic richness measure spectral diversity are pictured on the bottom.

decade lags (betweenness centrality in earlier decade relative
to entropy or spectral diversity) compared to later ones. In
contrast, the lagged correlations for (spectral diversity, fre-
quency) and (frequency, entropy) show no precedence for
earlier decade lags, indicated by symmetry in correlations
around a lag of 0, as seen in Figure 3. The relationship for
betweenness centrality and word frequency shows weak tem-
poral asymmetry in early negative decade lags (betweenness
centrality preceding word frequency), and dissipates after ap-
proximately six decades. Overall, the lagged correlations in-
dicate a precedence for earlier values of betweenness cen-
trality in predicting measures of semantic richness (spectral
diversity, entropy), an asymmetry not seen in relationships
for word frequency and semantic richness. This is consistent
with the results of our GMC analysis, providing additional
support for an effect of betweenness centrality on semantic
richness.

Discussion
How do words usage and meanings evolve within the seman-
tic ecosystem of language? We develop a longitudinal cor-
pus analysis to investigate the complex interplay between fre-
quency, semantic richness, and network centrality over time.
Importantly, most relationships between these variables cor-
related without consistent temporal asymmetry. However,
among the many relationships tested, one pattern emerged
consistently: a word’s betweenness centrality in the semantic
network predicted its future semantic richness and frequency.

These relationships survived stringent statistical corrections
and remained robust across different time intervals. Addi-
tionally, the relationship between network centrality and se-
mantic richness is further corroborated by general lagged cor-
relations between the two measures.

Notably absent was any directional predictive relationship
between word frequency and semantic richness, despite pre-
vious research suggesting strong connections between these
variables (Harmon & Kapatsinski, 2017; Piantadosi et al.,
2012). Instead, our results suggest that betweenness cen-
trality might mediate the relationship between frequency and
meaning, though the precise mechanisms require further in-
vestigation. The consistent predictive relationship between
betweenness centrality and later changes in both semantic
richness and frequency suggests that a word’s position within
the semantic network plays a crucial role in shaping its evo-
lutionary trajectory. Words with high betweenness centrality
serve as bridges between different semantic domains. This
bridging position exposes the word to increasingly diverse
contexts, creating opportunities for novel uses and meanings
to emerge through processes of metaphorical extension and
semantic change. As these new uses become established, they
may in turn lead to higher frequency as the word becomes a
go-to choice for expressing similar concepts.

The increasing effect sizes over longer time intervals sug-
gest that semantic evolution operates through gradual, cumu-
lative processes. Small advantages conferred by a word’s
network position may compound over time, leading to pro-
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Figure 3: Bootstrapped correlations for significant GMC relationships, sampled at each lag interval. Greater correlations in the
negative region of the x-axis indicate that lagged values of the first measure have greater correlation with non-lagged or later
values. Conversely, correlations symmetric around a lag of 0 indicate earlier values of a measure are not predictive of later
values of a measure, suggesting a lack of temporal asymmetry. All correlations are computed using Spearman’s ρ.

gressively larger differences in both meaning and usage. This
pattern aligns with empirical studies of semantic change that
demonstrate how word meanings evolve gradually through
accumulated shifts in usage patterns (Hamilton et al., 2016;
Ramiro et al., 2018). As words in central network posi-
tions are used in increasingly diverse contexts, their meanings
systematically expand and shift over time, leading to lasting
changes in both semantics and frequency.

Although both spectral diversity and entropy capture as-
pects of semantic richness, we observed a consistent negative
relationship between betweenness centrality and spectral di-
versity, in contrast to the positive relationship with entropy.
This finding contradicts our initial expectation that more cen-
tral words would exhibit greater semantic spread across em-
bedding dimensions. One potential explanation for this find-
ing is that higher centrality words develop a broad set of
closely related meanings, where usage is shared across these
senses (higher entropy), but these senses occupy a smaller re-
gion of semantic space (lower spectral diversity). The exact
cause of this divergence remains unknown, and future work
could employ additional measures of semantic spread in con-
textual embeddings–such as the convex-hull volume– to test
whether the overall meaning space is more compact in higher
betweenness centrality words.

Intriguingly, the relationship between betweenness central-
ity and frequency shows a complex temporal pattern: high be-
tweenness predicts lower frequency in the shorter term ( 10-
30 years) but higher frequency over longer periods ( 100
years). This reversal may reflect the processes through which
novel word uses become conventionalized. Initially, words
in bridging positions may be used in more experimental or
marked ways, potentially reducing their overall frequency.

However, as these novel uses become established over longer
time periods, the word’s versatility in bridging different se-
mantic domains may lead to increased frequency much later.
This pattern aligns with theories of semantic change that em-
phasize the gradual conventionalization of novel meanings.

However, several important limitations should be noted.
While our analysis reveals temporal relationships, establish-
ing true causality in complex linguistic systems remains chal-
lenging. Our use of decade-level time intervals may obscure
more rapid semantic changes occurring at shorter timescales,
particularly given the potential for fast-paced language evo-
lution. Additionally, our semantic networks, extracted from
written text, may not perfectly reflect the cognitive organi-
zation of meanings in speakers’ minds—though this limi-
tation is inherent to historical linguistic research where we
cannot directly access past speakers’ mental representations.
Our focus specifically on adjectives means these patterns may
not generalize to other word classes—verbs and nouns, for
instance, might show different evolutionary dynamics given
their distinct semantic and syntactic properties.

Overall, our results suggest that a word’s position on the
lexical workbench—its centrality within the semantic net-
work—might play a crucial role in determining its evolution-
ary trajectory. Like well-placed tools that become increas-
ingly versatile through creative repurposing, words in bridg-
ing positions appear particularly prone to semantic extension
and increased usage. Understanding these network effects
could help explain why certain words develop diverse mean-
ings while others remain specialized, why certain words pick
up in frequency while some fall out of the use, and might even
allow us to predict which words are most likely to undergo se-
mantic change and change in frequency in the future.
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