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Abstract

Distances derived from word embeddings can measure a range of gradational

relations—similarity, hierarchy, entailment, and stereotype—and can be used

at the document- and author-level in ways that overcome some of the lim-

itations of weighted dictionary methods. We provide a comprehensive intro-

duction to using word embeddings for relation induction, and demonstrate

how such techniques can complement dictionary methods as unsupervised,

deductive methods.
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Social scientists are increasingly turning to computer-assisted text analysis
for unsupervised, deductive methods. To do so, analysts commonly use
dictionaries methods because they are transparent, reproducible, and com-
putationally efficient. Like all methods, however, they have limitations.
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Here, we focus on using weighted dictionaries as gradational measures at
the document- or author-level: specifically, such measures are often strongly
associated with the variation in document lengths as a result of the usual dis-
tribution of words.

Relation induction offers a technical complement to dictionary approaches
as an unsupervised, deductive method. Lexical relations are modeled as vector
translations in a word embedding space (Bouraoui, Jameel, and Schockaert,
2018; Mikolov, Yih, and Zweig, 2013a; Pennington, Socher, and Manning,
2014). Word embeddings use term co-occurrence statistics to assign words
locations in a multidimensional semantic space. Analysts can easily define a
location in that semantic space and “weight” any word in a corpus by its dis-
tance from this location. By drawing on a range of post-processing procedures,
analysts can measure a variety of relations beyond basic semantic similarity.
By then representing documents as locations in that same space, analysts can
measure the extent a document engages with a relation by its distance.

In what follows, we (1) briefly present the technical limitations of using
dictionary-based graded measures at aggregate (document- or author-)
levels. Then, we (2) provide a comprehensive overview of relation induction
techniques using word embeddings. We then (3) demonstrate how to use rela-
tion induction as gradational measures at the aggregate level.

Limitations of Dictionaries
The dictionary is a simple data structure containing pairs of values and keys
and is widely used in the social sciences (e.g., Snefjella and Kuperman, 2015;
Goldberg et al., 2016; Kovács, Carroll, and Lehman, 2017; Flores, 2017; Frye
and Gheihman, 2018; Nelson, 2020; Paxton, Velasco, and Ressler, 2020;
Franzosi, 2021; Bhatt, Goldberg, and Srivastava, 2021; Cheng et al., 2023).
In computer-assisted text analysis, both qualitative and quantitative, the key
is usually a unique string of characters—keyword, token, term, word,
phrase, n-gram—which is matched and then tagged with an associated
value. The tagging process can grow more complex with additional rules—
such as ignoring case or allowing fuzzy matches with regular expressions—
but the basic process remains.

Dictionary methods often produce categorical values. This is common in
qualitative coding when words and phrases are subsumed under a more
encompassing “code” or “theme” (Miles and Huberman, 1994: 44-45; Strauss,
1987: 55-81; Deterding and Waters, 2018; Nelson et al., 2021). Words can
also be tagged with a weight indicating a magnitude within a category. This
kind of dictionary is our focus.
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Sentiment analysis, for example, largely relies on an ordinal measure of
“polarity” with higher scores indicating a more positive sentiment and
lower scores indicating a more negative sentiment. Studying online product
reviews (Liu, Hu, and Cheng, 2005), for instance, typically involves either
counting the proportion of positive/negative words or assigning words a posi-
tivity/negativity rating along a scale (e.g., ranging from +4 to −4) and
summing the total. This assigns a magnitude, rather than a binary category,
to a text.

Dictionaries have limitations. For instance, building and validating them
can be very time-consuming and, potentially, idiosyncratic. Using multiple
coders, for example, with crowdsourcing platforms, can be less time-
intensive and idiosyncratic but is more resource-demanding. However, dic-
tionary methods run into unique problems measuring magnitudes at the
document-level (Aslanidis, 2018: 1245-250). Specifically, any method based
on counting the number of string matches to measure a magnitude faces
problems associated with the “long-tail” distribution of words in corpora
(Baayen, 2002).

The frequencies of individual words (i.e., tokens) follow a long-tail distri-
bution, where a few words are far more frequent than most others. This holds
for every language studied thus far, both natural and synthetic, and most
n-grams, from sub-word character and phoneme strings to multi-word
phrases (Piantadosi, 2014; Yu, Xu, and Liu, 2018). Formally, the frequency
rank, r, of a word is inversely proportional to its frequency f—this is Zipf’s
Law. Most unique words—in many cases, half or more of a corpus—only
occur once or twice in a corpus (Kornai, 2008: 72). As the length of a
document or corpus increases, the number of distinct tokens (i.e., types)
also increases, but at a slowly declining rate of increase—this is the
Heaps-Herdan law.

Difficulties result from these two linguistic regularities (see Figure 3 in the
supplemental material for an empirical demonstration of both). We might
assume that if documents were to increase in size, the proportion of relevant
tokens would not change significantly as the topic is driving the proportions.
But, longer documents have higher chances of including words in our diction-
aries than shorter documents (Salton and Buckley, 1988).

Norming schemes attempt to unmoor the number of unique types from the
number of tokens. Term frequency-inverse document frequency (tf -idf ) is a
common norming scheme, entailing multiplying a term’s relative frequency
(i.e., dividing each raw count by the document length) by the (logarithm of
the) inverse of the proportion of documents containing the term.1 Below,
we show why norming, unfortunately, only helps so much.
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Consider the histograms in Figure 1. The x-axis is the normed frequency
(relative frequency on the top and tf -idf on the bottom), and the y-axis is
the number of times that frequency occurs across the corpus.2 The data are
frequencies from the (preprocessed) New York Times articles that make up
the Dynamics of Collective Action (DoCA) dataset of protest events,
which we describe in more detail in the Appendix in the supplemental
material and repeatedly use throughout this article. The terms shown here
are very frequent terms.3 Despite these terms’ high frequencies relative to
other words in the corpus, they still rarely occur.4

Relying on term frequencies alone assumes terms are independent.
Weighting terms by the magnitude it indicates a semantic domain relaxes
this assumption (Osgood, Suci, and Tannenbaum, 1957). Rather than being
treated as independent types (Sidorov et al., 2014), terms that are semantically
alike are placed near each other along this dimension. Typically, these
weights are then multiplied by the frequency (normed or raw).5

Recall that word frequencies are inversely proportional to their rank in a
corpus (Zipf’s law). As more frequent terms tend to be more generic, they

Figure 1. Relative frequencies and term frequency-inverse document frequency

(TF-IDF) for highly ranked terms.
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are also more likely to receive neutral weightings. This means that inform-
ative terms, with consequently high ratings, will be infrequent. Further,
since the number of distinct words is a linear function of document length
(Heaps-Herdan law), we can put these two patterns together to observe
that, statistically speaking, more informative words are rare relative to less
informative words, and the informative words we do have are more likely
to occur in longer documents. Dictionary weights can only do so much
when the words they are weighting are so infrequent. Furthermore, analysts
must disregard or assign low/neutral weight to tokens that are missing from
the dictionary—that is, “out-of-vocabulary” (OOV).

Despite the drawbacks of using dictionaries as gradational measures at an
aggregate level, the growing number of hand-weighted dictionaries—often
painstakingly curated and validated—should not be discarded, nor should
other count-based methods (e.g., Wood, 2023). As we will demonstrate, we
can use such dictionaries alongside word embedding methods.

What Are Word Embeddings?
Word embeddings use term co-occurrence statistics to summarize the regular
features of word usage in writing. Each unique word is represented by a
vector distributed across a set of latent dimensions extracted from a term-
co-occurrence matrix (implicitly or explicitly). The resulting matrix—or in
some cases, matrices (e.g., Hamilton, Leskovec, and Jurafsky, 2016; Rodman,
2020; Enggaard et al., 2023)—is often between 50 and 500 dimensions.6

Typically, each dimension is not interpretable by itself, but rather these
dimensions are treated as locations in a “semantic space.”

Word embeddings (hereafter just embeddings) can be derived from any
corpora. Analysts may want to train entirely locally on their corpora of inter-
est, capturing the idiosyncrasies of targeted texts, or train on a wider domain
of texts within which their specific corpora falls. Researchers have also made
several large pretrained embeddings easily available. Such pretrained embed-
dings can also be expanded to incorporate novel words in target corpora (e.g.,
Khodak et al., 2018), or “retrofit” to target corpora to incorporate novel mean-
ings (e.g., Dingwall and Potts, 2018).

In addition to deciding whether to use pretrained, locally trained, or
domain-trained, the latter two require decisions regarding the parameters of
the model—for example, context window, loss function, etc. (Antoniak and
Mimno, 2018; Rodman, 2020; Aceves and Evans, 2023). Therefore, a
strength of pretrained embeddings are their accessibility and consistency
across studies. Researchers find pretrained embeddings tend to capture the
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generic associations on par with crowdsourced hand-coded ratings (Rodriguez
and Spirling, 2021) while also increasing reliability. Nevertheless, we must be
critical of the underlying corpora used to train embeddings (Dodge et al., 2021).

We set aside these important considerations to focus on post-processing
procedures, which can be applied to any set of embeddings. For our demon-
strations, we use the pretrained fastText English embeddings (Bojanowski
et al., 2017). These embeddings are a vocabulary of 2 million terms and
300 dimensions.7

Interdisciplinary research shows a range of useful information can be
recovered from these distributed representations (Fulda et al., 2017;
Lazaridou, Marelli, and Baroni, 2017; Caliskan and Lewis, 2020; Jones
et al., 2020; Rodman, 2020; Joseph and Morgan, 2020; Arseniev-Koehler
and Foster, 2022; Stoltz and Taylor, 2021; Rodriguez and Spirling, 2021;
Durrheim et al., 2022; van Loon et al., 2022). For example, Utsumi (2020)
finds that concrete, abstract, spatial, temporal, perceptual, and emotional
knowledge are accurately encoded in embeddings. But how do we recover
these kinds of information from embeddings? Next, we outline such proce-
dures in detail (for a comprehensive discussion of the theoretical foundations
of embeddings, see Arseniev-Koehler, 2021).

Before we proceed, though, we define our terms formally. We present
matrices with bold uppercase letters, vectors with bold lowercase letters,
and scalars with lowercase italicized letters. Therefore, we have an embed-
ding matrix, W, of v1 vocabulary of unique terms and d dimensions. The
cells of the matrix are real-valued, and denote a location in a real-valued
coordinate space. Each term is assigned a vector, w, of d real numbers. We
use an arrow above the word to distinguish the word’s vector from the
literal character string, for example, dog and dog

��
. Furthermore, we continue

to use document-term matrices (DTMs) to represent a corpus. Therefore, D is
matrix of n documents and v2 vocabulary. We use v1 and v2 to reference the
vocabulary lengths ofW and D, respectively, since the vocabularies between
the embedding matrix and DTM need not be the same—which will usually be
the case with pretrained embeddings.

Relation Induction With Word Embeddings
Once trained, the simplest use of embeddings is measuring the relationship
between two terms. Semantic similarities are mapped to geometric distances.
More specifically, similarity relates to both paradigmatic and syntagmatic
relations. A paradigmatic relation is a word’s ability to substitute for
another in a given context (i.e., synonymy and antonymy), and a syntagmatic
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relation is whether a word typically follows or precedes another in a string
(i.e., literal co-occurrence). More generally, embeddings also get higher-order
similarities: two words sharing similarities to a third will also be similar to
each other, and so on.

Defining relations beyond (paradigmatic or syntagmatic) similarity involves
post-processing the embeddings. We compare these procedures at length. But
first, let’s consider the diversity of these “relations.”

One family of relations is often referred to as entailment—more specific-
ally, logical or lexical entailment (Kafe, 2019; Roller and Erk, 2016;
Vylomova et al., 2016). The most common example includes is-a or
type-of, as in X is a Y, or more concretely, a wombat is a marsupial. These
zero in on a kind of lexical entailment known as hyponymy where one side
is subordinate to the other side. We can make an about-face and define hyper-
nymy relations. This includes such-as and for example, as in Y such as X or a
marsupial such as a wombat. Entailment can also be used to define
part-whole relations (i.e., meronymy), located-in relations, and other hier-
archical or categorical relations, such as a scientific article’s methodological
inclination (Nanni and Fallin, 2021).

A second family relates to material affordances or qualities. When defining
affordant relations, one associates objects with what can be done with them:
for example, “window” and “open” and “song” and “sing” (Fulda et al., 2017;
Vylomova et al., 2016). Similarly, one can estimate the “modality” norms of a
given object: for example, the extent we engage with an object using sight,
taste, touch and so on (Chersoni et al., 2020). By defining a quality relation
—say, size—we can arrange the terms associated with animals, for instance,
along a continuum of prototypical bigness/smallness. Using similar proce-
dures, we could arrange objects by assumed dangerousness, intelligence, tem-
perature, speed, and so on (Grand et al., 2018). This has also been extended to
more subjective judgments, such as tastiness, warmth, nutritiousness, auton-
omy, righteousness, legality, importance, beauty, and many more (Richie,
Zou, and Bhatia, 2019; Arseniev-Koehler and Foster, 2022; Kozlowski,
Taddy, and Evans, 2019).

Understanding how embeddings encode entailment, affordance, quality,
and judgment information leads us to a final family of relations building on
analogy. A well-known example is “man is to computer programmer as
woman is to homemaker” (Bolukbasi et al., 2016b). With analogy, the entail-
ment relation is-a operates behind the scenes—that is, “computer program-
mer” is a “man.” Based on this, it is common to define a generic “gender”
relation where words can be easily ranked along a continuous scale from
“masculine” to “feminine,” corresponding to broadly shared stereotypes
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(Jones et al., 2020). Recently, social scientists have generalized this to a variety
of stereotypes and social identities, such as obese–skinny, Caucasian–African
American, rich–poor, liberal–conservative, white–non-white, and many more
(Nelson, 2021; Kozlowski, Taddy, and Evans, 2019; Arseniev-Koehler and
Foster, 2022; Taylor and Stoltz, 2020b; Stoltz and Taylor, 2021).

Relation Induction Procedures

Below, we outline several post-processing procedures for defining relations
with embeddings, beginning with the simplest. These are outlined in Table 1.
Each procedure ultimately relies on comparing real-valued vectors. Here, we
use the cosine of the angle between two vectors to measure similarity.8

Formally, the cosine of the angle between two vectors, w and y, is the dot
product of the two vectors divided by the product of their lengths:

cos (w, y) = w · y
‖w‖2‖y‖2

, (1)

wherew · y is the dot product of the two vectors (the sumof the products of two
vectors):

w · y =
∑d
i=1

wiyi = w1y1 ++wdyd, (2)

and ‖w‖2 is the vector length defined by the L2-norm of the vector (i.e., square
root of the dot product of the vector with itself):

‖w‖2 =
����������������������������∑d
i=1

w2
i = w1w1 ++wdwd

√√√√ . (3)

This is our measure of similarity, where higher values mean closer vectors.

Table 1. Procedures for Relation Induction With Word Embeddings.

Procedure Description

Semantic centroid Specify a concept by averaging word vectors

Semantic direction Define juxtaposing concepts

Semantic N-direction Define multi-class juxtapositions

Semantic projection Project embeddings onto a vector

Semantic rejection Subtract projection matrix from embeddings

Semantic region Any k cluster derived from reducing embeddings
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Semantic centroids. To begin, we can use a single term as an anchor in the
embedding space. In this scenario, all words in our vocabulary are “weighted”
by their distance from this single word vector—quickly building a large dic-
tionary (e.g., Haber, 2021; Hoover et al., 2018; Garten et al., 2018). This is
the most basic form of relation induction, in that we weighted each word’s
relation to this single word, whatever it may be. For example, Ding et al.
(2016) weight all words in a corpus of social media posts by their cosine to
the names of specific drugs (e.g., fentanyl, marijuana, percocet, etc.). They
then use the top 20 nearest terms as a dictionary to tag posts as either discuss-
ing or not discussing a specific drug. This is analogous to asking a sample of
participants to rank how related a word is to “marijuana” on a scale of−1 to 1.

A potential drawback, however, is that we might be interested in a
more generic concept that is not realized precisely in a single term. For
example, Voyer, Kline, and Danton (2022a) must re-center the concept of
“status” to refer to non-familial and non-gender related social standing, and
McCumber and Davis (2022) wish to specify “nature” as connotated by
“natural” and “wilderness.” So, how do we specify meanings? Standard
embeddings can be “fine-tuned” by defining a new vector through some com-
bination of existing word vectors, that is, creating a semantic centroid
(Li, Ouyang, and Li, 2019).

To create a centroid, embedding vectors are sometimes concatenated or
summed (Rossiello, Basile, and Semeraro, 2017). But the more common
method (sometimes called additive) takes the average of anchor terms—for
example, averaging bank

���
and river

���
versus bank

���
and money����� (e.g., Lazaridou,

Marelli, and Baroni, 2017; Grand et al., 2018).9

There are also several ways to average the vectors. The most common is
the arithmetic mean10 of each dimension in our vector to arrive at a semantic
centroid, c:

c = 1
na

∑na
i=1

Wi = w1 + w2 + · · · + wna

na
, (4)

where na is the number of anchor terms,W is an embedding matrix, andwi···na
are the respective vectors ofW corresponding to the anchor terms. The result
is a vector in the same dimensions as the original embeddings. We can, there-
fore, easily compare all the other word vectors’ distances to this centroid
using cosine.

As Nelson (2021: 4-5) shows, we can use centroids to represent the inter-
section of social identities. Using a list of terms for woman, man, Black
and White, Nelson finds the arithmetic mean for each gender–race combin-
ation: black + women, black + men, white + women, and white + men.
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Then, Nelson weights words associated with four domains—polity, economy,
culture, and domestic—by their respective cosine to each gender–race centroids
(see also Lawson et al., 2022).

Semantic directions. A potential issue with semantic centroids is that even
diametrically opposed concepts will be located (relatively) close in the
embedding space (Mohammad et al., 2013; Taylor and Stoltz, 2020b). For
example, let’s say we define a centroid for various “poverty” related vectors
(e.g., poor���, impoverished

�����������
). The vectors wealth

�����
or rich

���
will likely be close to

this centroid. After all, when we talk about poverty, we use words often used
in discussions of affluence, such as money. This is an issue, then, only if we
are interested in poverty as opposed to wealth. To get this juxtaposition, we
define a semantic direction11 pointing toward poverty and away from wealth.

Semantic directions point toward one pole of a set of meanings that are
juxtaposed. They are defined using sets of opposing terms, “anchoring”
both sides of the directions. Such a concept, or concept pairing, is typically
understood in terms of more-or-less, for example, big to small, good to
bad, old to young. However, directions have also been used to define
lexical entailment, like hypernymy (Vylomova et al., 2016).

A widely used example is the gender spectrum, from more feminine to
more masculine (Bolukbasi et al., 2016a). This idea undergirds the well-
known “king is to man as queen is to woman” analogy task using the
vector offset method introduced by Mikolov, Yih, and Zweig (2013b).
First, we create a vector offset by subtracting man��� from woman������. The result-
ing vector defines a direction pointing toward “woman” and away from
“man.” Next, if we measured the cosine of “queen” and “king” with this
new relation vector, queen���� would be closer while king

���
would be further.

If the cosine is zero—that is, the angle is perpendicular/orthogonal—they
are equidistant to both man and woman. Therefore, this method has been
used extensively to measure the extent target terms are biased toward man or
woman (Bolukbasi et al., 2016a; Caliskan, Bryson, and Narayanan, 2017;
Ornaghi, Ash, and Chen, 2019; Jones et al., 2020; Arseniev-Koehler and
Foster, 2022).12

To increase the accuracy of this direction, we can find several gendered
vectors corresponding to man on the one hand (e.g., gentlemen

��������
, boys
���

) and
woman on the other hand (e.g., ladies

����
, girls
���

), and then summarize the
vector offset in one of three ways.

The first method, which we call “paired,” involves subtracting the vectors
for each juxtaposing pair, and then averaging the result of these offsets
(e.g., Kozlowski, Taddy, and Evans, 2019; Taylor and Stoltz, 2020b;
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Arseniev-Koehler and Foster, 2022). Therefore, using the paired method we
define a semantic direction, d, as the arithmetic mean of a set of vector offsets
between a collection of juxtaposed word pairs, P:

d =
∑P

p p1 − p2
( )
|P| , (5)

where p is a word pair in the total set of P, p1 and p2 are the respective vectors
of the two words in juxtaposed pair p, and d points toward p1 and away
from p2.

A second method for defining a semantic direction, which we call
“pooled,” entails averaging all the vectors within their respective sets
(Larsen et al., 2016; Arseniev-Koehler and Foster, 2022; Best and
Arseniev-Koehler, 2022; van Loon et al., 2022). This creates two centroids,
one for each pole of the direction. Then we offset these centroids.13 Using
the pooled method, we define a semantic direction, d as the arithmetic
mean of a set of vectors B subtracted from the arithmetic mean of a set of
vectors A:

d = 1
|A| (a1 + a2 + · · · + an)− 1

|B| (b1 + b2 + · · · + bn), (6)

where a is a single vector corresponding to a set of A words toward which the
direction will point, and b is a single vector in the set of B words away from
which the direction will point.

A final method for defining semantic directions involves creating a set of
offset vectors, as with the paired method, and then applying principal compo-
nents analysis (PCA) on the resulting matrix of offset vectors (Bolukbasi
et al., 2016b). The first component—explaining most of the variation
among the set of offsets—is used as the direction.

More formally, let the set of vector offsets (i.e., each [p1 − p2]) comprise
the columns of a d × p matrix P, where d is the dimensionality of the embed-
ding matrix and p is the total number of juxtaposing word pairs. We then
standardize each column of P to find the matrix of z-scores, Pz, and then
apply singular value decomposition to this matrix:

Pz = GλST , (7)

where G is the d × r matrix of left singular vectors and S is the p × r matrix
of right singular vectors, and, where r is the number of principal compo-
nents. The lambda matrix, λ, is a diagonal matrix with singular values
in decreasing order. The semantic direction, d, is then the first singular
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vector column (i.e., the first “principal component”) of G. This principal
component satisfies:

Ωd = λ2dd, (8)

where λ2d is the eigenvalue corresponding to the semantic direction d (i.e.,
the largest eigenvalue) and Ω is the d × d square matrix found with PzPz

T .
Each method is likely to give similar (if not the same) results, but there are

important differences. As opposed to the paired and PCA method, the pooled
method does not require pairing each word with exactly one other juxtaposing
word, and could even be sets of different sizes. The PCA method, in contrast
to the paired and pooled method, may be used to determine whether a single
direction adequately summarizes the offsets and can even be used to define
more than one direction (as we discuss later).

Regardless of the method, though, the resulting vectors are in the same
dimensions as our embeddings.14 This means we can use cosine to measure
each word vector’s distance from this direction. We can also easily generalize
this procedure to domains beyond gender. All we need to estimate a semantic
direction is a list of juxtaposing anchor terms. Just as one could pick any words
in the embedding space to create a centroid, the directions one can create are
only limited by the terms available in the embedding space. These anchor dic-
tionaries can be precompiled or built by the analyst from prior theory and
research (Fellbaum, 1998).

Sociologists have used directions to explore broad sociocultural patterns.
For example, Kozlowski, Taddy, and Evans (2019) estimated directions for
affluence and education, and Arseniev-Koehler and Foster (2022) estimate
directions for health and morality. Semantic directions can also be used to
define material features and affordances of objects. Grand et al. (2018) esti-
mated a direction from small

����
to big

��
and show animals, for instance, are dis-

tributed intuitively along it by their prototypical size. Importantly, as they
show, two vectors may be closely positioned along this semantic direction,
such as horse

����
and tiger

���
, and yet far apart in the original embeddings.

Furthermore, this “size” semantic direction is agnostic to the actual categories
used. We could just as easily substitute animals for foods or cities.

Semantic N-directions. A possible limitation of semantic directions is the
implication that relations are roughly bipolar (Osgood, Suci, and Tannenbaum,
1957). Perhaps the meaning of gender, for example, is adequately represented
as a linear spectrum, but perhaps a higher geometry better captures gendered
relations in a given corpus. In this vein, work seeking to debias embeddings
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has begun to focus on “multiclass” biases (Manzini et al., 2019; Schlender and
Spanakis, 2020). Drawing on this literature, we can arrive at a few methods to
define semantic N-directions.

The first, and simplest, approach involves defining centroids for each
“class”—or pole in our N-polar structure. We then select one centroid as
the reference class. Consider religion, for example, where we could define
a one-dimensional “Christian” to “non-Christian” direction by selecting
christian
�������

as our reference centroid and subtracting the centroids for all
non-Christian centroids. This would entail lumping together “Muslim,”
“Jewish,” “Jainist,” and so on. We can repeat this process, creating a new dir-
ection, with each centroid serving as a reference class. Each term in our
embeddings can then be weighted by their cosine to n directions within the
same domain, here religion. We might call this the “pooled” offset method
(cf. Garg et al., 2018).

A second method, following Bolukbasi et al. (2016b), uses PCA. This
would follow the PCA procedure described in the previous section, but
rather than only returning the first principal component, we could return n
components. In this scenario, n may be a pre-specified number of classes,
or we could use standard PCA diagnostic techniques to determine the appro-
priate number in terms of how well the variation in vector offsets is summar-
ized by the fewest classes. Again, each word can be weighted by their cosine
to these n directions.

A third method (Nanni and Fallin, 2021) involves finding centroids for
each anchor set, but instead of finding the difference between a centroid
and the mean of all other centroids like the pooled method, we select a
single centroid as our reference and find each pairwise semantic direction
from that reference. For instance, if centroid #1 is the reference, then we
have d1−2, d1−3, . . . , d1−n semantic directions. Next, instead of using
cosine, we model our word vectors w as a function of these semantic direc-
tions using a standard ordinary least squares (OLS) estimator:

w =
∑
j≠1

β1−jd1−j + ε. (9)

Note this can be understood geometrically as the dot product between w and
d1−j, with w being normalized and d1−j being centered and normalized.
Which centroid is the reference is irrelevant (Nanni and Fallin, 2021): the
coefficient for each j remains the same. Further, the coefficient for the refer-
ence centroid is also defined in this single model: β1 =

∑
j β1−j. Therefore,

we can simplify the notation from β1−j to βj and note that β1 is also defined.
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We then normalize each β to make them comparable (Nanni and
Fallin, 2021):

β′1 =
∑
j

β1−j

( )
× ‖c1‖2, (10a)

β′j = β1−j × ‖cj‖2, (10b)

where c1 and cj are the centroids for the first and jth set of words, respectively,
and ‖c1‖2 and ‖cj‖2 are the L2-norms. Then, each normalized coefficient is
the similarity of w to the jth pole controlling for similarities to all the
other poles. If j is not the reference centroid, then negative values indicate
w is closer to the j pole; if j is the reference, then positive values (i.e., a posi-
tive

∑
i≠j βi) indicate w is closer to the j pole.

Semantic projections and rejections. Finding cosine involves projecting one
vector onto a line—a one-dimensional “subspace.” It acts like a flashlight dir-
ectly behind a vector, casting its shadow onto a wall. Typically, we want the
angle as a summary measure, though we could also recover the relative coor-
dinates of this projection. Such coordinates would be in the same dimensions
as the embeddings. We do so by finding the projection matrix for a given
vector. Formally, the projection matrix, Θ, is:

Θ = (WTW)−1WTv, (11)

where W is the original embedding matrix and v is the vector onto which
we are projecting the matrix. This vector can correspond to a single word
(i.e., a w) or any of the other relations discussed here. This projection
matrix can be used for a variety of ends. For example, Yıldırım and Yıldız
(2018) create a projection matrix emphasizing hypernymy relations. The pro-
jection matrix can also be used to obtain the rejection matrix (Roller and Erk,
2016). This is the resulting matrix when subtracting the projection matrix
from the original embedding matrix.

Continuing with the example of gender, our rejection matrix neutralizes
the association each word has with a semantic direction by finding word
vectors orthogonal to the direction. For example, in the original embeddings,
she
��

and mother
�����

would be closer to each other than they are to he
�

and father
����

.
In the rejection matrix, she

��
is now closer to he

�
, and mother

�����
closer to father

����
.

Furthermore, the association between certain words in the original space—
say “perky” and “spunky”—may be reduced when gender is rejected
(Schmidt, 2015).15
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This idea forms the backbone of attempts to “debias” a set of embeddings
(Gonen and Goldberg, 2019; Manzini et al., 2019; Schlender and Spanakis,
2020). The social scientist, however, could use this gender rejection matrix
to, for example, control for gendered associations when estimating any
number of semantic domains, such as sexuality, career, or politics. In other
words, we can see how much a given association in our embeddings is
driven by gender. Rejection is then easily generalized beyond gender. For
example, Ding et al. (2016) used this technique to distinguish between
medical uses of drugs like fentanyl and illicit uses.

Semantic regions. Embeddings are, technically, a low-dimensional representa-
tion of otherwise high-dimensional word co-occurrences in a corpus. But
embeddings still tend to be hundreds of dimensions. As a result, there is a
growing literature proposing dimension-reduction techniques for embed-
dings. On the full embeddings, this can accurately be described as a form
of topic modeling (Sia, Dalmia, and Mielke, 2020; Arseniev-Koehler et al.,
2021; Arora et al., 2016a; Zhang et al., 2021), as one is learning more encom-
passing latent themes, which we call semantic regions. Of the procedures dis-
cussed, finding a region is the only one that does not require an anchor
dictionary.

Semantic regions can be used to measure indirect biases. For example,
Gonen and Goldberg (2019) argued that standard debiasing techniques
based on the gender semantic direction may eliminate the gendered biases
between this direction and “gender-neutral” target words. However, gendered
biases remain in the associations among these target words. For example,
while petite

����
and delicate

������
may not be more or less associated with woman�����

as opposed to man��� after debiasing, these vectors tend to be associated with
other stereotypically feminine terms. To define this indirect gender relation,
Gonen and Goldberg find the 1,000 most gender-biased vectors in the original
embeddings, 500 for both sides of the gender direction. They then cluster
these 1,000 vectors into two groups using k-means. Even after debiasing
using the technique outlined by Bolukbasi et al. (2016b), the vectors for
these two indirect bias clusters accurately recover gender bias (see also
Du and Joseph, 2020).

Anchors, Test Sets, and Hand-Weighted Dictionaries
Following prior work, we can use a word classification task to validate how
well a defined relation captures intended meanings (Arseniev-Koehler and
Foster, 2022; Best and Arseniev-Koehler, 2022). We want to measure how
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accurately we classify words that we expect to be very close to a given rela-
tion. But, which words do we use in our test set? It is here where hand-
weighted (expert or crowdsourced) dictionaries can be indispensable
resources (Ornaghi, Ash, and Chen, 2019; Best and Arseniev-Koehler, 2022).

Using the example of sensorimotor norms, we define semantic centroids
for each modality (auditory, gustatory, haptic, olfactory, and visual). Given
that all modalities are likely to be semantically related to each other (e.g.,
smell would be close to taste), we then define semantic N-directions for
each modality using the pooled offset method.

We then build a test set with the Lancaster Sensorimotor Norms dictionaries
(see the Appendix in the supplemental material for details). As words may be
rated high on multiple modalities, we use “modality exclusivity” scores (Lynott
et al., 2020: 1279) to limit the candidates for our test sets.16 We then selected
the 80 terms highest on each modality, removing words included in the mod-
ality’s respective anchors, as our test set. For classification tasks using cosine
similarity, it is common to use any cosine above 0 as a positive classification.
Since we are using words with the highest crowdsourced ratings, we set the bar
considerably higher to be more conservative. The threshold we select for accur-
ately classifying test words is a cosine similarity to theN-direction falling in the
top 30 percent of all 2 million words in the embeddings.17

The accuracy—that is, the percent of terms in the Lancaster Sensorimotor
dictionaries that have cosine similarities to the respective semantic
N-direction above the threshold—are reported in Table 2. As the results
show, high similarity to a modality’s semantic N-direction is highly predict-
ive of a term’s modality rating in the Lancaster dictionary. This is the case
across all six of the modalities, with the lowest accuracy being the haptic
dimension (84.5 percent). Relation induction methods such as semantic
N-directions, therefore, appear to do a good job of “tapping into” the same
sensorimotor concepts captured by the crowdsourced Lancaster
dictionaries.18

Table 2. Anchor Terms for Sensorimotor Semantic N-Directions.

Modality Anchor Terms Accuracy

Auditory Auditory, hear, ear, and audible 100%

Gustatory Austatory, taste, tongue, and mouth 96.9%

Haptic Haptic, touch, hands, tactile, grip, and touching 84.5%

Olfactory Olfactory, smell, nose, and aroma 100%

Visual Optic, color, colorful, show, see, and vision 87%
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Relation Induction at the Document-Level
Each relation induction procedure discussed allows us to measure each
word’s association with a relation. We can also, of course, measure the
association between the relations themselves. For example, Jones et al.
(2020) measured the association between masculine and feminine cen-
troids, on the one hand, and career, science, arts, and family centroids, on
the other hand (see also Leschke and Schwemmer, 2019). Kozlowski,
Taddy, and Evans (2019) measured the association between various seman-
tic directions for social class, such as cultivation, education, and affluence.
Similarly, Arseniev-Koehler et al. (2021) measured associations between
semantic regions and a gender direction. As embeddings are, in essence,
summaries of the full training corpus, these studies explore corpus-level
semantic patterns.

Analysts, however, are often interested in aggregates of text above the
level of words or phrases but below the corpus-level (hereafter just docu-
ments). How do we use embeddings to measure the extent documents
“engage” with a given relation? We describe two techniques below.

Document Centroids

First, we could use semantic centroids to represent text aggregates (Mihaylov
and Nakov, 2019; Kusner et al., 2015; Brokos, Malakasiotis, and
Androutsopoulos, 2016; Arora, Liang, and Ma, 2016b). For example, Berry
and Taylor (2017) used this method to create a single vector representation
for each comment in a corpus of Facebook Pages. Similarly, Lix et al. used
this technique to represent messages in Slack, which “tends to be brief and
conversational, with individual posts often comprising just a few words”
(Lix et al., 2020: 10).

To get the document centroids, we can use basic matrix multiplication.
First, following the notation laid out earlier, we create a document-term
matrix, D, where each row is a document, n, and each column a unique
word in the vocabulary, v2. D is then normalized to obtain relative frequen-
cies (typically counts divided by the L1-norm).19 We’ll then limit
our vocabulary to those terms that intersect with the vocabulary in W.
We’ll call this normalized and trimmed DTM Dα. We also have our embed-
ding matrix, W, of v1 vocabulary and d dimensions. Like Dα, we trim
the vocabulary of the embedding matrix so that only the terms that inter-
sect with the vocabulary of the DTM are retained. We’ll call this
trimmed embedding matrix Wα. The vocabularies—that is, the columns
of Dα and the rows of Wα—are now the same and in the same order
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(which we can denote simply as v). We then find the documents’ centroid
vectors C with:

C = DαWα. (12)

The end product is a matrix C of n documents by d dimensions.
Using centroid representations, one could measure each document’s asso-

ciation with relations defined with any of the procedures discussed. For
example, using a liberal-conservative semantic direction, tweets could be
arranged by their relative association with either pole of the direction to
obtain a continuous classifier for political lean. The strength of this approach
is that it is intuitive and computationally efficient, but tends to be less suited
for longer sequences.20

Mover’s Distance

To address longer documents and variation in length, we can use techniques
centered on earth mover’s distance (EMD) which compares two probability
distributions (a.k.a. Wasserstein, Kantorovich, or Mallows’ Distance)
(Kantorovich, 1960; Rubner, Tomasi, and Guibas, 1998). EMD can be
used to compare overall similarity between two documents—that is, word
mover’s distance (Kusner et al., 2015), and measure document-level similar-
ity to induced relations—that is, concept mover’s distance (Stoltz and Taylor,
2019; Taylor and Stoltz, 2020b).21

Martin-Caughey (2021), for example, uses this approach to measure the
similarity between the detailed occupational descriptions provided by the
respondents to the General Social Survey and their respective job titles.
Zhang et al. (2021) used it to find the optimal k semantic regions to summar-
ize corpus phrases (see also Gülle et al., 2020). Taylor and Stoltz (2020a)
created Likert-type measures of conceptual engagement with it, Carbone
and Mijs (2022) measured how much 3,660 most popular songs across 23
European countries discuss inequality, Batzdorfer et al. (2021) identified
the narrative motifs used by conspiracy theorists on Twitter (see also
Akram, 2020), Voyer, Kline, and Danton (2022a) measured the change in
class distinction-making in nearly a century of etiquette manuals, and
McCumber and Davis (2022) mapped the meanings of “nature” in elite
travel journalism.

We can conceive of any document as a cloud of points in the embedding
space (Stoltz and Taylor, 2021: 7), where each point is a word. The algorithm
adjusts for differences in document length so that we can compare the “cost”
of moving a cloud of, say, tens of thousands of points to a cloud containing a
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single point. Cost is a function of weight (relative frequency of a word in a
document) and distance (cosine similarity between words vectors) (Kusner
et al., 2015).

The inputs to EMD are a relative frequency DTM and an embedding
matrix. Only the shared vocabulary between the two matrices is used, and
any new semantic relations defined are appended to the embeddings as
“pseudo” word vectors and appended to the DTM as “pseudo” documents
(Stoltz and Taylor, 2019). If documents are semantically similar to a given
relation, however defined, the cost of moving all its comprising words is
lower than if the document is very dissimilar. This addresses both the issue
of repeating words by weighting with relative frequency and addresses
length variation by constraining all documents to sum to one. More import-
antly, by using the embedding space to measure the similarity between
words, it overcomes the assumption of term independence in token-counting
methods while typically avoiding loss of information from dropping OOV
terms from the DTM.

Formally (Atasu et al. 2017: 2, see also Rubner, Tomasi, and Guibas
1998), two documents, n1 and n2, are represented as vectors of relative fre-
quencies; this is equivalent to a probability distribution over the vocabulary
v for each document ni, and, therefore, the sum of their vectors equals 1.
EMD finds the proportional “weight” and “cost” of terms p in n1 flowing
to terms q in n2:

EMDn1,n2 = min
∑
p,q

Fp,qcosdist(p, q)

( )
, (13)

where ∑
q

Fp,q = n1(p), (14a)

∑
p

Fp,q = n2(q). (14b)

The row vectors of the resulting flow matrix, F, between n1 and n2 must sum
to the relative frequency of the terms p in n1 (i.e.,

∑
q Fpq = n1(p)) (see

Kusner et al., 2015: 3). Similarly, the column vectors of F must also sum
to the relative frequency of the terms q in n2 (i.e.,

∑
p Fpq = n2(q)).

Solving the full model is computationally demanding. Therefore,
applications of this technique typically use the “relaxed word mover’s dis-
tance” (Kusner et al., 2015), and more recent advances (Atasu et al., 2017).
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These efficient approximations result in a single (scalar) output for each
document by relation, or document-by-document, similarity.22

Document-Level Relation Induction and the OOV
and Distributional Problems
Using the relation induction techniques we discuss is more efficient than
building a large weighted dictionary by hand. Using only a few anchor
terms, we can define (and redefine) any number of relations. Furthermore,
relation induction techniques mitigate two problems: the OOV problem by
allowing words that are relevant to the concept but unlikely to be included
in a precompiled dictionary to influence concept engagement, and (2) the
risk of a relation engagement measure being unduly influenced by document
length when aggregating to the document level. We illustrate how document-
level relations address these problems here.

Recall that our vocabulary for any measure is the overlap between our
corpus vocabulary and either the precompiled dictionary or the word embed-
dings. Embeddings trained on the corpus will have the same vocabulary, and
large pretrained models will likely have a larger vocabulary and thus probably
include more of the corpus vocabulary than a precompiled dictionary.

The DoCA DTM has a vocabulary of roughly 66,000 terms. The intersec-
tion of this vocabulary with the fastText word embeddings is roughly 50,000
(75 percent) and roughly 15,000 with Lancaster dictionaries (23 percent).
Lemmatizing the DTM to maximize this overlap reduces the DTM to
55,000 terms, but increases the overlap (28 percent).

We can assess whether the dictionaries are missing highly relevant words.
We selected the highest-rated words along each modality from the Lancaster
dictionaries, and then find the cosine similarity of these words to all the words
in our 50,000 word vectors present in both the embeddings and the corpus.
Are there terms that are highly similar to these focal modalities,23 but that
are absent from the Lancaster dictionary? Table 3 shows both the percentage
of the top 200 words that are not in the Lancaster dictionary and the top 10
words that are not in the dictionary. Overall, around 20 percent to 40
percent of these words are absent. In addition, many of these absent words
seem to be highly relevant for describing the modality in question.

Building on the capacity of word embeddings to incorporate more of the
vocabulary, along with cosine offering a more fine-grained, continuous
measure than Likert-type ordinal rankings, relation induction techniques
should also allow us to effectively unmoor the relationship between
document length and concept engagement. To test this, we conducted a
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“random corpus” (RANCOR) analysis involving simulating RANCORs
based on empirical parameters of existing corpora. In addition to the DoCA
corpus, we include two additional corpora—a collection of 6,027 articles
from the American Sociological Review (ASR) and just over 2.8 million
speech chunks from the Congressional Record (CR). We also use two
other weighted dictionaries in addition to the modality dictionaries: a con-
creteness dictionary (Brysbaert, Warriner, and Kuperman, 2014) and a senti-
ment dictionary (Rinker, 2022). (All corpora and dictionaries are described in
the Appendix in the supplemental material)

The RANCOR procedure is outlined in detail in the Appendix in the
supplemental material. In short, a total of 3,000 random DTMs were generated:
1,000 each using vocabularies and term probabilities from the three real
corpora, and each DTM consisting of 1,000 synthetic documents. The term fre-
quencies in the DTMs per each of the three sets were sampled such that each
DTM had means, minimums, and maximums randomly sampled from a
parent normal distribution with a mean, minimum, and maximum equal to
the observed corpus. The only parameter of the parent normal distribution
allowed to vary was the standard deviation of the document lengths, which
could range from four times smaller than the standard deviation of the real
corpus and four times larger than the standard deviation of the real corpus.

Then, for each random DTM, a series of seven CMD scores were gener-
ated: five semantic N-directions for the sensorimotor dictionaries, a

Table 3. Embeddings and the Out-of-Vocabulary (OOV) Problem.

Modality

Prop. Top 200 Words

Top Ten Non-Dictionary WordsNot in Dictionary

Auditory 43.5% decibels, louder, loudspeakers, deafening,

muffled, tonal, loudest, noises, cacophony,

and tones

Gustatory 43.5% alfredo, pizzas, salads, vegetables, dishes,

cooked, feta, italian, tomatoes, and potatoes

Haptic 29% acknowledgment, gestures, goodbye, kissing,

pleasantries, greetings, grudging, smiles, tacit,

and kisses

Olfactory 47% incenses, candles, joss, scented, perfumes, copal,

scents, spices, altars, and attar

Visual 21% seeing, seen, happens, noticed, don, surprised,

wondering, could, sees, and wondered
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concreteness semantic direction (with concreteness and abstractness poles),
and a polarity semantic directions (with negative and positive poles).
Finally, for each of the 3,000 random DTMs, the standard deviations of the
document lengths and each CMD score were generated. The goal, then,
was to see if variance in document length is associated with variance in
CMD scores.

Figure 2 visualizes the results. We found that, all other parameters
(mostly) equal, variance in CMD-based modality scores is not meaningfully
associated with variance in document length for the three corpora (as illu-
strated by the relatively flat smoothed trend line).

Finally, returning to just the DoCA and sensorimotor modalities,
Table 4 shows select quotes from the articles with the highest CMD scores
for each modality. The excerpts demonstrate considerable face validity for
the measure. However, these same articles are ranked quite low using
RF-based weighted dictionary scores (i.e., the product of the article-specific
term frequencies with their respective dictionary weights, summed, and
then divided by the article length). Indeed, the Spearman’s ρ (last column)
between the two measures is relatively low overall.

Discussion
In this article, we show (1) how word embeddings can be used to extract a
range of gradational relations in ways that overcome some of the limitations
of traditional weighted dictionary methods, and (2) how weighted dictionaries
can be used to build and validate these relations. We provide a comprehensive
overview of relation induction techniques that offer gradational measures of
semantic similarity, hierarchy, entailment, and stereotype at the document-
and author-level.

When inducing a relation from an embedding space, analysts typically rely
on previous literature, their own expertise, and a thesaurus to build anchor
dictionaries. Alongside this, analysts could construct a small dictionary of
hand-coded words and test if they are among the relation’s nearest neighbors
(e.g., Arseniev-Koehler and Foster, 2022: 1533-539). Others have used
research assistants or crowdsourced workers to build test dictionaries
(Gennaro and Ash, 2021; Kozlowski, Taddy, and Evans, 2019; Durrheim
et al., 2022). We can also use precompiled hand-weighted dictionaries, such
as the Lancaster dictionaries used here, to build test sets. Ornaghi, Ash, and
Chen (2019), for example, use a test set drawn from the Linguistic Inquiry
andWordCount (LIWC)Dictionaries (Tausczik and Pennebaker, 2010) to val-
idate their gender and career-family semantic directions.
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At aggregate levels, the task involves document classification by checking
whether key document-level covariates track engagement as expected.
For example, where political speeches fall on the liberal-conservative seman-
tic direction—either using centroid representations of these text aggregates or

Figure 2. Concept Mover’s Distance random corpus (CMD RANCOR) analysis.
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concept mover’s distance—can be compared against ideology scores based
on roll-call votes that situate individual legislators in ideological space
(Gennaro and Ash, 2021; Rheault and Cochrane, 2019). Similarly, analysts
can read a subset of documents to check the performance and face validity
of automated classifications, in addition to guiding close readings
(Rodman, 2020; Carbone and Mijs, 2022; Batzdorfer et al., 2021; Voyer
et al., 2022b; McCumber and Davis, 2022).

As robustness checks for both word and aggregate levels, we should con-
sider sensitivity to the specific method used to define the relation against some
of the alternatives detailed here. Researchers can turn to formal metrics to
capture the quality of derived relations, for instance, as detailed by
Boutyline and Johnston (2023). This also implicates all the many preproces-
sing steps that text analysts may take in preparing texts for classification. As
there are many steps to consider, we anticipate further advances in standard-
izing word embedding procedures.

Finally, it is important to reiterate that the limitations of dictionary
methods discussed here applies to dictionaries used in specific ways

Table 4. Articles With Highest CMD Scores, per Modality.

Modality Quote RF Rank Spearman’s ρ

Auditory “Deaf Actress’s Use of Speech Proves Divisive

Among Peers”1
2,980 −0.09∗∗∗

Gustatory “Circuit Court [was] asked to enjoin 12 large

companies from polluting Lake Michigan by

dumping industrial wastes…where Chicago

obtains much of its water supply”2

11,731 −0.02∗∗

Haptic “G.E. Resists War Protest; Honeywell Bars

Arms Halt”3
15,418 0.09∗∗∗

Olfactory “Say goodbye to crayons that smelled good

enough to eat.”4
12,902 −0.07∗∗∗

Visual “A Russian health exhibition opened today in

the Music Hall while about a score of

pickets paraded outside.”5

13,733 0.25∗∗∗

Note: Each quote comes from the article with the highest CMD score on that modality, and rank

of that same article with the RF-weighted dictionary score (out of 17,493 articles). Spearman’s ρ is
the rank correlation between the CMD and RF ranks for all articles on each modality. CMD =
Concept Mover’s Distance; RF = relative frequency.
1Wilson (1988); 2New York Times (1967); 3New York Times (1972); 4Lawson (1995); 5New York
Times (1965).
∗∗p < .01; ∗∗∗p < .001 (two-tailed tests).
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(as opposed to all dictionaries and count methods), and analysts should be
mindful of the tradeoffs to transparency and simplicity when turning to
embeddings methods, or similar. Relation induction offers a technical com-
plement to dictionary approaches as an unsupervised, deductive method.
Research using word embeddings is relatively nascent in the social sciences
with recent examples coming from sociology (Jones et al., 2020; Nelson,
2021; McCumber and Davis, 2022), political science (Rheault and
Cochrane, 2019; Rodman, 2020; Rodriguez, Spirling, and Stewart 2023),
economics (Gennaro and Ash, 2021; Leschke and Schwemmer, 2019;
Ornaghi, Ash, and Chen, 2019), and psychology (Garten et al., 2018;
Hoover et al., 2018). As social scientists turn to large corpora such as
social media data, decades of newspaper articles, newly digitized archives,
congressional records, movie subtitles, or Wikipedia entries to test theories
about the social world, their toolbox must adapt. Word embeddings, and rela-
tion induction techniques discussed in this article, are a fitting addition to ana-
lysts’ toolbox.
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Notes

1. It is unfortunate that tf -idf is not called rf -idf , since the first term is, in fact, the
term’s relative frequency (rf ) and not the raw count, commonly called term fre-
quency (tf ).

2. More specifically, the set of frequencies, since these are binned to aid in
visualization.

3. Ranks are after terms in the 2014 Snowball stop list are omitted. We chose these
terms given their substantive significance to the corpus as a protest event dataset.
The other top terms show this same distributional tendency.

4. Correlations can tell us the degree a measure contributes unique information.
If the “normed” frequency of a term and its “binary” absence or presence are
highly correlated, we should be skeptical of rf and tf -idf , or other norming
schemes, as measuring magnitude. To test this, we obtain correlations for the
more than 66000 terms in the DoCA DTM between binary, on the one hand,
and rf and tf -idf weightings, on the other hand, over 85 percent are above 0.70
for both rf and tf -idf , the conventional “high” correlation threshold. Thus,
common norming schemes do not contribute much more than a binary measure.

5. Here, the documentation is thin, but incorporating frequency information is com-
monplace. In the context of sentiment analysis on movie reviews from the Internet
Movie Database (IMDB), one early study did find better results with discarding
frequency information (Pang, Lee, and Vaithyanathan, 2002).

6. Accuracy on certain tasks tend to improve up to 300 dimensions (see Pennington,
Socher, and Manning, 2014; Rodriguez and Spirling, 2021). It may be that distance
provides diminishing information as dimensions increase, see Francois, Wertz, and
Verleysen (2007); Couillet et al. (2020). See also Landauer and Dumais (1997:
220-221) for this same point in the context of latent semantic analysis.

7. The training corpus is the Common Crawl from May 2017, which includes all
web pages not blocked by a robot.txt protocol, totaling 630 billion tokens.

8. Cosine is the most common measure of similarity in embeddings research. This
metric is intuitive and, when centered, identical to Pearson’s correlation (van
Dongen and Enright, 2012). It is also a holdover from early vector space
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models in information retrieval. Euclidean distance is also common (Korenius,
Laurikkala, and Juhola, 2007; Azarpanah and Farhadloo, 2021). In practice, we
find they produce similar results, with most embedding between 100 and 400
dimensions trained with common procedures. The best metric likely depends
upon the dimension of the embeddings and the clustering of vectors in the
space (cf. Aggarwal, Hinneburg, and Keim, 2001; Sidorov et al., 2014; Zhelezniak
et al., 2019).

9. When concatenating, vectors are appended. For example, concatenating two
vectors of d dimensions results in a vector of d × 2 dimensions. In addition to spe-
cifying concepts, centroids are also used for disambiguating word senses, creating
bigrams vectors out of unigrams, representing sentences, and creating vectors for
words that may not be in the embeddings (Khodak et al., 2018; Rodrigues,
Spriling, and Stewart, 2023; Iacobacci, Pilehvar, and Navigli, 2016; Wieting er
al., 2016; Bojanowski et al., 2017). When using context terms from a corpus
(e.g., Arora, Liang, and Ma, 2016b; Khodak et al., 2018), context words are some-
times weighted by their distance from the focal word or their overall frequencies.
Although averaging is common, performance likely varies by the task.

10. In the literature, we also see the geometric mean and the harmonic mean used
(Chiang, Camacho-Collados, and Pardos, 2020).

11. This is sometimes referred to as a “dimension” from the more specific “one-
dimensional subspace.” We prefer direction, however, to evade the many mean-
ings of “dimension” and because it describes the underlying spatial behavior.
Additionally, Boutyline and Johnston (2023) refer to this as a “semantic axis”
which seems an equally satisfactory label.

12. Here we define the gender direction first, then measure the cosine between terms
and direction. In the literature on bias, it is common to start by measuring target
terms’ cosine with each gender centroid separately and then subtract the two to get
target terms’ relative bias.

13. Nanni and Fallin (2021) refer to this approach as the dimension creation com-
ponent of “simple semantic-dimension analysis” in their methodological
appendix.

14. We can even define directions across embedding spaces. For instance, Enggaard
et al. (2023) use the vector offset method to define a direction between the same
term used in two separate embeddings to contrast how two corpora talk about
similar terms.

15. Generalizing the idea of first-order and second-order similarities, Artetxe et al.
(2018) produce embeddings that emphasize nth order similarities. As the
second-order similarity matrix would be (WWT )2 = WWTWWT , we can find
(WWT )n, for any embedding matrix W.
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16. The mean exclusivity was 0.23, and the maximum 0.63. We included words at or
above 0.3.

17. In practice, the analyst could increase the accuracy by continuing to tweak the
anchor terms used to create the directions, potentially using some combination
of metrics of fit (e.g., Boutyline and Johnston, 2023)

18. Van Loon and colleagues (2022, see also Valentini et al., 2023) show that seman-
tic relations (specifically, embedding association tests) can exhibit biases when
the words that define one pole of a relation are positioned together with frequent
words and the words for the other pole are positioned with rare words in the
embedding space. To assess if these semantic N-directions exhibit a similar
bias with term frequencies, we subset the fastText embeddings to only the
columns in the DoCA DTM and then computed the Pearson’s correlation
between each term’s term frequency and its cosine similarity to each modality-
specific directions. The correlations were all quite small: no correlation had an
absolute value above 0.04.

19. Alternatively, we may want to down-weight frequent words. Therefore, we could
use the inverse of word frequency (Boutyline, Cornell, and Arseniev-Koehler,
2021; Arora, Liang, and Ma, 2016b; Karipbayeva, Sorokina, and Assylbekov,
2019).

20. Averaging or additive approaches tend to amplify the components of common
dimensions at the expense of less common dimensions, which can be somewhat
improved by removing very frequent words (cf. Khodak et al., 2018; Mu, Bhat,
and Viswanath, 2017; Rodriguez, Spirling, and Stewart 2023).

21. One additional method, called doc2vec (Le and Mikolov, 2014), involves training
embeddings at the document-level. The procedure is roughly similar to document
centroids in that each document is assigned a single vector representation, see, for
example, Pardo-Guerra and Pahwa (2022); Haber, Haveman, and Hong (2021);
Aceves and Evans (2023).

22. These approximations typically do not retain the word-level associations which
may themselves be useful (e.g., Brunila and LaViolette, 2021).

23. The focal words are as follows: “loudness” (auditory), “pasta” (gustatory), “hand-
shake” (haptic), “incense” (olfactory), and “see” (visual). Each dictionary con-
tained multiple words with the highest possible weighting (5), except for haptic
(which had a maximum weight of 4.94). The terms selected here as focal
words were simply the first top-weighted word when sorted alphabetically. The
one exception to this was the visual focal word—“see”—which we chose
because it seemed to be a more fair exemplar of the modality than the word
that would’ve been chosen had we gone with top word when sorted alphabetically
(“pretty”).
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24. We could not find the exact number. The protest event is the unit of analysis in the
DoCA, not the article. Multiple articles are sometimes used to describe a single
event (and one article may reference multiple events), but the codes across
these articles are pooled together into a single event row. However, since we
matched re-collected article names to the listed article names (with the variable
called “title”) in the DoCA, we only return a single article per event—that is,
the article with the closest string match, using the DoCA article name as the
query string.

25. Analysts tend to remove words that seem uninformative. These words are placed
in a “stoplist” or “negative dictionary.” How these words are selected varies.
Analysts could remove the most frequent few words in their own corpus, but ana-
lysts often use precompiled stoplists. There are numerous stoplists, and they vary
widely, often ranging in size from around fifty to over a thousand words. The
inclusion criteria are also usually poorly documented, and many have errors
(Nothman, Qin, and Yurchak, 2018). The 2014 Snowball list is by far the most
common.
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