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Abstract 
Inducing semantic relations in word vector spaces and analyzing how other words or entire doc-
uments discursively engage these relations is a popular form of cultural analysis. The authors 
propose a reliability metric that is easily interpretable and agnostic to the type of relation. The 
metric, which the authors call the anchor reliability coefficient (relco), is found by creating an arti-
ficial document-term matrix of simulated documents that sequentially shift more of their tokens 
from relation-relevant anchor terms to nonanchor terms and then regressing the documents’ 
similarity to an induced relation on the anchor inclusion score of the documents. The authors 
validate the metric at the word level with both expert- and crowdsourced dictionaries and at 
the document level with expert-annotated social media posts. The authors also provide some 
heuristic baselines for assessing reliability effect sizes and null hypothesis testing. 
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Introduction 
Inducing semantic relations, such as gender or affluence, in word vector spaces and analyzing how 
terms or entire documents discursively engage these relations is a popular form of cultural analysis 
(e.g., Arseniev-Koehler and Best 2025; Arseniev-Koehler and Foster 2022; Best and Arseniev-

Koehler 2023; Daenekindt and Schaap 2022; Durrheim et al. 2022; Johnson 2024; Jones et al. 
2020; Joseph and Morgan 2020; Kozlowski, Taddy, and Evans 2019; Nelson 2021; Pouliot and 
Patterson 2024; Taylor and Stoltz 2020a; Vann 2023; Voyer et al. 2022; Yoon and McCumber 
2024). Defining these semantic relations involves selecting a set of “seed” or “anchor” terms. 
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However, research on how to assess the reliability of these anchor sets is somewhat nascent. 
Available tests are specific to the case of relations formed from juxtaposing antonym pairs–that 
is, inducing semantic directions or dimensions that have a bipolar structure, such as “gender” 
understood as “feminine” to “masculine.” Yet one may wish to induce other types of relations that 
are not necessarily bipolar, such as engagement with “nature” (McCumber and Davis 2024). 

We propose a reliability metric that is easily interpretable and agnostic to the type of relation, 
and which can support, not supplant, expert anchor list curation. The metric, which we call the 
anchor reliability coefficient (relco), is found by creating an artificial document-term matrix 
(DTM) of simulated documents that sequentially shift more of their tokens from relation-relevant 
anchor terms to nonanchor (e.g., randomly drawn, orthogonal, or conceptually distinct) terms 
and then regressing the documents’ similarity to an induced relation on the anchor inclusion 
score of the documents. 

We validate the metric in two ways that mirror how social scientists use relation induction: 
at the word level and the document level. For the word-level validation, we show that the pro-

posed metric can distinguish between expert- and crowdsourced dictionaries that have been 
ranked along key semantic dimensions. These dictionaries come from moral foundations theory 
(Haidt and Graham 2007) and include words ranked as more or less associated with one of the 
five moral foundations (care, sanctity, fairness, loyalty, and authority). The first dictionary was 
created by experts in moral foundations theory, and the second was rated by U.S.-based nonex-

pert annotators. For the document-level validation, we show how adding words to an anchor 
list that have smaller contributions to the metric systematically decrease the predictive capaci-

ties of the induced relation–namely, the ability to correctly classify pandemic response posts in 
a corpus of tweets from 58 U.S. public health agencies. We also use simulations to generate 
suggested heuristic baselines for effect size comparison and null hypothesis testing. 

Assessing the Reliability of Semantic Relations 
Word Embeddings, Semantic Relations, and Anchor Lists 
Word embeddings are vector representations of the meanings of words that summarize the con-

texts in which they occur. We do not go into detail here, as there are many useful introductions 
to word embeddings in the social sciences (e.g., Arseniev-Koehler 2022; Arseniev-Koehler and 
Foster 2022; Boutyline and Arseniev-Koehler 2025; Rodriguez and Spirling 2022; Stoltz and 
Taylor 2021). A key observation from this literature, though, is that these high-dimensional vec-

tor spaces encompass multiple meaningful “subspaces” (Boutyline and Arseniev-Koehler 2025; 
Stoltz, Combs, and Taylor 2023), which can be derived from the space using various techniques 
(Stoltz, Taylor, and Dudley 2024). These techniques include simple operations like subtraction 
or more complex ones like principal component analysis, and they can be used to define myriad 
semantic relations such as gender, morality, or political ideology. 

For example, Best and Arseniev-Koehler (2023) analyze millions of news articles using 
embeddings to measure the stigma of more than 100 health conditions from 1980 to 2018. The 
news portrays a medical condition such as addiction as more immoral and disgusting than, say, 
dyslexia. But how are these relational concepts measured? Best and Arseniev-Koehler use a 
small list of “anchor” words to approximate the concept of disgust: repulsive, disgusting, and  
gross. The vectors for these terms are typically averaged to produce a single, new vector. 
Because this is a bipolar concept, they use anchor terms to approximate nondisgust: appealing, 
captivating, and enticing. Best and Arseniev-Koehler then measured how close a given condi-

tion’s embedding vector is to either the stigmatizing or nonstigmatizing pole. 
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Validity and Reliability of Anchor Lists 
Say an analyst is measuring how “gendered” a profession is by asking survey respondents how 
“feminine” or “masculine” the word engineer or welder is on a scale of 1 to 10. Assuming that 
“gender” is indeed an existing dimension in the culture of those being surveyed, we might ask 
whether this survey instrument accurately measures this actually existing “gender.” If we, 
instead, define a gender relation from masculine to feminine in a word embedding space, and 
then measure the cosine similarity for the word engineer or welder, we must again consider 
whether this instrument accurately measures gender. Accuracy, in turn, will depend on the 
quality of the embeddings, the method used to derive the semantic relation, and, most impor-

tant for our purposes, the words selected to anchor the relation. 
In a review of 178 sets of anchor terms used in computer science and computational linguis-

tics, Antoniak and Mimno (2021) find that researchers followed several strategies to select 
anchor sets. They often hand-curate the lists themselves, typically alongside close reading of 
source material; reuse anchor lists from other published sources; rely on lexical resources such 
as dictionaries, thesauri, or WordNet; crowdsource surveys using platforms such as Amazon 
Mechanical Turk; use natural language processing techniques to extract key terms from cor-

pora; or use administrative data such as the U.S. census or political party roll-call votes. 
More can be done to systematize anchor list construction, but most work in the social 

sciences that uses embeddings does discuss the process by which anchor words were selected 
(e.g., Best and Arseniev-Koehler 2023, online supplement; Jones et al. 2020:13–14; Taylor and 
Stoltz 2025, note 3). Kozlowski et al. (2019), for instance, include several anchor lists to define 
dozens of “cultural dimensions.” To build these anchor lists, they rely on antonyms from five 
thesauri and the “subjective judgment on the part of the researcher” (Kozlowski et al. 
2019:938). They then measure the correlations between human-rated associations of words 
(see also van Loon and Freese 2023), and those same words projected onto semantic directions 
created using different numbers of antonym pairs (they found an improvement as more pairs 
were added, but with diminishing returns). They also compare using random permutations of 
antonym pairings (they did not find much difference). 

The literature on measurement in the social sciences provides two primary ways we should 
think about the accuracy of an instrument (Carmines and Zeller 1979). First, are we aiming at 
the right target when using a measure? This is typically called construct validity. Second, regard-

less of what is actually being measured, do the components of our instrument measure the same 
thing? This is called reliability. We focus on reliability. For example, for the feminine side of 
the gender relation, we might include woman, women, female, and  girl—but should we include 
queen or waitress? The latter two are gendered terms, but they bring along additional semantic 
complexity related to occupation and status. This extra baggage may be a threat to reliability. 

Beyond our own intuition, the intuition of others (expert or not), administrative data, or 
authoritative sources like thesauri, we have few formalized tools we can use to home in on our 
intended meanings. In what follows, we briefly review the reliability tools that do exist before 
proposing our more generalized addition. We note that these reliability tests should be treated 
as statistical heuristics: summary tools that are meant to support, not supplant, expert curation 
of good anchor lists that pass an “eyeball” test. In this sense, these reliability metrics, including 
the one we propose here, are akin to topic quality metrics in the topic modeling literature1: an  
additional tool in the analyst’s toolkit for helping adjudicate between multiple possible 
upstream analytic decisions (i.e., choosing anchor words or a number of topics). 
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Prior Reliability Metrics 
Each of the following metrics builds on the task of solving semantic analogies (Boutyline and 
Johnston 2025; Ethayarajh, Duvenaud, and Hirst 2019a; Mikolov, Yih, and Zweig 2013). The 
canonical example (from Mikolov, Yih, et al. 2013) of this is queen ! = king 

! 
+ woman !  man !  

. 
In this example, subtracting man ! from woman ! is doing the heavy lifting by inducing a one-

dimensional “gender” subspace from the otherwise high-dimensional embedding space. 
Because of the order of operations, this direction points toward “feminine” and away from 
“masculine.” Thus, when adding king 

! 
to this gender direction, it will move the vector toward 

the analogical equivalent of “feminine king.” This approach is often called “offsetting,” and it 
requires antonym pairs in our anchor set. Mikolov, Yih, et al. (2013) propose using this analogy 
task as one method to discover a reliable subspace (e.g., for gender). Specifically, this involves 
iterating through all the words in the embeddings to find the offset that would move king 

! 
the 

closest to queen! . 
Antoniak and Mimno (2021) offer some additional metrics to assess the reliability of the 

word set for pairs of antonyms. First, we could use principal component analysis to determine 
whether a single component adequately explains the variation of every offset (Bolukbasi et al. 
2016; Ethayarajh, Duvenaud, and Hirst 2019b). Second, assuming that each word on one side 
of the direction should be maximally different from terms defining the opposing side, Antoniak 
and Mimno project each anchor onto the semantic direction created by the average offset. They 
refer to this as coherence (Boutyline and Johnston 2025 call this rank separation). 

Boutyline and Johnston (2025:13) review these various reliability metrics and conclude by 
championing parallelism: the extent “the offsets between opposing anchors are parallel to one     ! ! !  say we !another.” For instance,   !find (woman man) = fem inine 1 and (female  male) =  ! 
feminine2. We can then measure the similarity between these two   induced relations,  ! ! 
sim feminine1, feminine2 . This similarity score tells us how closely we approximate the limit-      

  !    ! ! !
ing case where woman man = (female  male). If this similarity is high, we can conclude 
these two juxtaposing pairs of terms are parallel, and thus reliably measuring the same latent 
“gender” subspace. 

Boutyline and Johnston (2025) demonstrate that parallelism is a well-supported measure of 
     anchor term reliability. However, like previous metrics, it requires pairs of juxtaposing terms.2

Therefore, it is best suited for instances in which the analyst wishes to derive a bipolar semantic 
direction from an embedding space. In what follows, we propose a more general, simulation-

based measure of anchor list reliability. 

A Simulation-Based Approach 
Intuition 
Let us introduce the logic of the relco with an intuitive example. Imagine a researcher studying 
moral foundations theory (Haidt and Graham 2007) wants to measure how words in their cor-

pus engage with each of the five core moral foundations: care $ harm, sanctity $ degrada-

tion, fairness $ cheating, loyalty $ betrayal, and authority $ subversion. Specifically, they 
want to measure engagement with each virtue-coded pole (i.e., care, sanctity, fairness, loyalty, 
and authority). To do this, they create anchor lists of words indicating each virtue, then calcu-

late the centroid (geometric center) of each list’s word vectors in the embedding space. These 
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five centroids allow the researcher to measure (with cosine perhaps) how contextually similar 
any corpus word is to each virtue, where values closer to 1 indicate words that occur in similar 
discursive contexts. 

This hypothetical analysis makes an important assumption: that the anchor lists are reliable, 
meaning any subcombination of words in the anchor list will not appreciably alter the centroid 
values. Assessing anchor list reliability empirically using the previously described methods 
(e.g., Boutyline and Johnston 2025) would not be applicable here, because the researcher is 
focusing only on the virtue anchor lists (meaning there are no vector offsets to derive).3 

The researcher is using the Moral Foundations Dictionaries (Graham, Haidt, and Nosek 
2009), a well-validated, expert-curated collection of words denoting each foundation’s virtue 
and vice dimensions. But even for validated anchor lists, we need to assess reliability: do sub-

sets of these words produce consistent centroid representations? We can use simulations to our 
advantage here. Using the “sanctity” anchor list as an example, we can randomly divide the 35 
words4 in the anchor list in half, using one half (plus one, given the odd number of words in 
the list) to define the centroid. 

We then use the other half of the anchor list to initialize an empty (artificial) DTM (Stoltz 
and Taylor 2024:70–75). We next select another set of words of the same size—17, in this 
case—that are (1) randomly selected from other corpora or word lists that have no systematic 
relationship with the concept of sanctity, (2) systematically not related to the concept, or (3) 
conceptually distinct from the semantic relation of interest (e.g., one of the other sets of moral 
foundation virtue words). These words get appended to the DTM, resulting in a DTM with 34 
columns and, as of now, 0 rows (documents). The first 17 columns are words from the anchor 
list; the last 17 columns are the nonanchor words. 

As a final step, we add artificial “documents” as row vectors to the DTM. The first document 
equally distributes its tokens across the 17 anchor word columns. The final document equally 
distributes its tokens across the 17 nonanchor word columns. Each intermediate document 
sequentially shifts some of its tokens from an anchor word to a nonanchor word—transforming 
the first document into the last via sequential transitions. Table 1 illustrates this with a smaller 
example of five anchor words and five nonanchor words, with a single word token per word per 
document. For the “sanctity” anchor list specifically, we leverage a separate crowdsourced 
Moral Foundations dictionary of words collectively evaluated to not index sanctity discourse— 
a dictionary we discuss in more detail in the “Illustrations” and “Word-Level Validation” sec-

tions (Hopp et al. 2021). 
Next, for each artificial document, we calculate concept engagement scores. We detail these 

scores in the next section, but for now it suffices to know that higher values indicate documents 
whose words are closer to the centroid and thus more engaged with the concept of “sanctity.” 

Table 1. Example Artificial Document-Term Matrix. 

w1 w2 w3 w4 w5 n1 n2 n3 n4 n5 

doc 1 1 1 1 1 1 0 0 0 0 0 
doc 2 0 1 1 1 1 1 0 0 0 0 
doc 3 0 0 1 1 1 1 1 0 0 0 
doc 4 0 0 0 1 1 1 1 1 0 0 
doc 5 0 0 0 0 1 1 1 1 1 0 
doc 6 0 0 0 0 0 1 1 1 1 1 

Note: In the column headers, “w” represents “anchor word” and “n” represents “nonanchor word.” 
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By design, the artificial documents are ordered by decreasing anchor content (increasing 
noise). Plotting each document’s concept engagement score against its anchor inclusion reveals 
whether anchor words predict the concept better than nonanchor words do. Documents with 
more anchor words should engage the concept more than those with more nonanchor words. 
Figure 1 confirms this pattern for sanctity. 

What does Figure 1 suggest about anchor list reliability? Put simply, anchor terms not used 
to form the centroid predict the centroid better than nonanchor words do. The anchor terms thus 
index the same thing—whatever that may be5—better than we would expect if the anchor list 
was a collection of other, nonanchor words. Importantly, analysts can choose whether nonan-

chor words are randomly drawn, orthogonal to the anchor words, or conceptually distinct—the 
metric accommodates all three approaches. (We return to this point later.) 

This is the basic intuition the relco tries to quantify. This example works with only one ran-

dom partition of an anchor list and with the anchor terms in the simulated DTM in only one 
order. We now turn to a more in-depth treatment of the relco itself and how we address these 
issues—as well as questions of the statistical significance of the coefficient. 

The Anchor Reliability Coefficient 
In this section, we outline our bootstrapped simulation-based regression method for quan-

tifying anchor list reliability using the bivariate relationships between concept engagement 
and anchor inclusion scores. We also consider the metric’s suitability for hypothesis test-

ing. The method for deriving the coefficient is summarized with a schematic in Figure 2. 

Figure 1. Relationship between concept engagement and anchor inclusion. 
Note: Concept engagement scores derived from 17 random words in the “sanctity” anchor list/dictionary (Graham et 
al. 2009). 
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Finally, we present a method for derived word-level reliability scores, that is, each anchor 
word’s contribution to the global relco. 

Concept Engagement. The relco first requires a document-level measure of engagement with 
the semantic relation of interest. We use concept mover’s distance (CMD) scores (Stoltz and 
Taylor 2019; Taylor and Stoltz 2020a, 2020b). In the “intuition” example above, CMD mea-

sures the extent to which each of the documents engages the concept of “sanctity” based on the 
minimum cost necessary to transform the words in each document into another 
“pseudodocument” (Stoltz and Taylor 2019:297–99) that consists only of a single token repre-

senting the centroid we defined using the other half of the anchor list. We do not cover the 
mathematical details for CMD here. We instead take the CMD scores themselves as our start-

ing point, refer readers interested in such details to Appendix A and provide a brief overview 
of what CMD scores represent below. 

CMD scores quantify, within the (typically) [0,1] interval when unstandardized,6 the extent 
to which a document engages the semantic relation of interest. These semantic relations can be 
compound concepts, semantic centroids, or  semantic directions. Compound concepts are repre-

sented as a dictionary of anchor list words but not reduced down to a single centroid (for more 
details on compound concepts, see Stoltz and Taylor 2019). Semantic centroids are represented 
as single vectors in the embedding space, computed as the arithmetic mean of the word vectors 
in the anchor list; CMD scores with compound concepts and semantic centroids have similar 
interpretations, where higher scores indicate a document that engages more the concept repre-

sented by the anchor list. A semantic direction, on the other hand, is a vector representation of 
antonymic anchor lists, that is, with one set representing one pole of a relation (e.g., “feminine”) 
and the other set representing the other pole (e.g., “masculine”). CMD scores with semantic 
directions therefore have a polar interpretation: higher scores represent a document that engages 
more with pole 1 and lower scores represent a document that engages more with pole 2. 

We will refer to the CMD score for document d on compound concepts as c cc ð Þ
d , where d is a 

document in d-by-t DTM M and t is a word. Similarly, we will refer to the CMD score for d on 
semantic centroids and semantic directions as c sc ð Þ

d and c sdð Þ
d , respectively. Lastly, we will let C 

be our anchor list. 

A Statistical Model of Reliability. Focusing on compound concepts and semantic centroids for a 
moment, let us assume that, before we derive our concept engagement vector c, we subset 
anchor list C to only include a random half of the words in the list (in the case of an odd-

numbered anchor list, we add the extra word to the anchor list; we assume an even-numbered 
anchor list for the remainder of this section for clarity). Let the random subset that we will use 
to define the concept be Cy and the remaining subset that we will not use to define the concept 
be Cx. Now assume that DTM M is not derived from a real corpus, but instead is an artificial 
DTM like we discussed earlier. The first k columns of this artificial M are the words in Cx. 
We then take another list of words that are either randomly drawn from a corpus or corpora, 
known to be orthogonal to the semantic relation of interest, or index a conceptually distinct 
semantic relation (e.g., an anchor list for a different centroid or compound concept). Let this 
word list be Y, which is the same length (k) as  Cx. We let the next k columns in artificial M 
be the words in Y. 

We then populate M with binary “document” row vectors in exactly the same way as 
depicted in Table 1, such that each (d, t) cell is populated as 
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M1t = 1 if t 2 Cx 
0 if t 2 Y 

 
ð1aÞ 

..

.

M k + 1ð Þt = 0 if  t 2 Cx 
1 if  t 2 Y 

 
: ð1bÞ 

Note from equation (1b) that the number of rows in M must be equal to k + 1 if we sequentially 
shift one and only one Cx cell count (a frequency of 1) to one Y cell count. M, then, will have 
dimensions (k + 1)  3 (k + k). We then use the other anchor words in Cy to derive the concept 
engagement scores for either a compound concept or a semantic centroid. 

Equation (1) requires a small modification in the case of semantic directions. In this case, 
anchor lists consist of two sets of words, one defining the positive pole and one defining the 
negative pole. Simulated DTM M needs to be of dimensions (k + k + 1)  3 (k + k + k). We popu-

late this version of M with 

M1t = 1 if t 2C + , x 
0 if t 2 Y, C, x 

 
ð2aÞ 

.. 

M k + 1ð Þt = 0 if t 2 C + , x, C, x 
1 if t 2 Y 

 

.

ð2bÞ 

.. 

M k + k + 1ð Þt = 0 if t 2 Y , C + , x 
1 if t 2 C, x 

 
: 

.

ð2cÞ 

where positive and negative anchor sets C + and C2 are randomly split into x and y subsets, 
just as we did with compound concepts and centroids. We use the remaining anchor words 
C + ,y and C2,y to derive the semantic direction concept engagement scores. 

Finally, we can leverage the known row order of M—of either the equation (1) or equation 
(2) variety—to define a statistical model to assess how predictive the left-out anchor words are 
of concept engagement (for any three relation types) relative to random/orthogonal/distinct 
words using simple bivariate linear regression: 

ĉd = â + b̂xd , ð3Þ 

where â is the standard intercept estimate, b̂ is the slope estimate indicating the change in mean 
concept engagement for each additional anchor inclusion score increase, and ĉd is solved using 
the standard ordinary least squares estimator. The b̂ term is the relco for this one particular

anchor list partition and with the anchor and nonanchor words in this particular order in the 
DTM. The xd is the anchor inclusion score of the dth document, which is scaled by the vector’s 
LN-norm to prevent b̂ from being upwardly biased for smaller anchor lists. Scaling by the LN-

norm involves dividing each anchor inclusion by the largest value so the values are restricted 
within the [0,1] interval  with 1 equal to the highest anchor inclusion.7
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To protect against reporting a relco that is biased by either of these forms of randomized 
subsetting, we add two further steps to the calculation. First, we simulate many runs that 
each start with a random partition of the anchor list (or anchor lists, in the case of a direction) 
without replacement. Let the number of runs be n. Second, for each n, we randomize the order 
of the k anchor terms and the k nonanchor terms (but always letting the anchor terms be the 
first k columns and the nonanchor terms always being the second k columns, and in the case of 
directions, letting the positive anchor terms be the first k columns, the nonanchor terms always 
be the second k columns, and the negative anchor terms be the last k columns). 

The n runs result in a 1 3 n vector b̂ . The final relco is the mean of this vector:

b̂ = 
1

n
b̂: 

X 
 

ð4Þ 

In the case of compound concepts and semantic centroids, b̂  can be interpreted as the average 
estimated change in mean concept engagement for each additional anchor inclusion score 
increase. Larger positive values indicate an anchor list that is more positively predictive of 
itself than a list of random words, meaning that the words in the anchor list “hang together” 
more so than we would expect if the anchor list was a random collection of words. In the case 
of semantic directions, b̂ can be interpreted as the average estimated change in mean positive

pole engagement for each additional positive anchor inclusion score increase. As with com-

pound concepts and semantic centroids, larger positive values indicate antonymic anchor lists
that both (1) hang together more than we would expect if they were random collections of

words and (2) are negatively predictive of one another (meaning that positive words predict

positive words and negative words predict negative words). 
We can leverage the fact that each n run starts with a random partition of an anchor list to 


make plausible assumptions about the sampling distribution of b̂. Each b̂ in b̂  is generated 

    iid 
from  an M where M1, M2, M3,    , Mn U ( O ) (and U ð ÞO is the uniform probability distribu-

; 
tion across the sample space of all possible Mi), accounting for every possible random partition 
(without replacement) of C and every possible permutation of M column word order across 

 the Cx and Y lists.8 We can therefore understand the 13n b̂ vector as a random sample of size 
n of relcos and b̂ as a sample estimate of m, the true and unknown mean relco. Under central  
limit theorem assumptions, we know, given a sufficiently large n, that b̂; N m , spffiffi and 

b̂ n 

m ’m (m is the mean of the sampling distribution of b̂). Using an estimate of the standard 
b̂ b̂ 

 ffiffiffiffiffiffis error, p  (where s is the observed standard deviation of vector b̂), we can generate confi-
n1 

dence intervals and carry out standard hypothesis tests of m, including, importantly, right-tailed 
one-sample tests of the null that m is equal to or less than 0 or some other possible parameter 
the researcher deems to be low enough to indicate poor anchor list reliability (we return to the 
topic of baselines in a later section). 

Word Contributions to b̂. The b̂ term is a “global” measure of anchor list reliability. What is
missing is an analysis of which words in the anchor list contribute to high or low values of b̂. 
We can derive these contributions using recent insights into the two-mode network structure of 
regression output. As Schoon, Melamed, and Breiger (2024) point out, the slope coefficient 
estimate b̂ from a linear regression is a duality (Breiger 1974; Mohr and Duquenne 1997): it
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can be expressed as a function of the two variables it links as well as a weighted function of 
the observations in the data. 

Consider an individual run of equation (3) to generate 1 of n relcos. Let this coefficient be 
b̂ 1. For compound concepts and semantic centroids, we can express each simulated document’s 
contribution to the fully standardized version of b̂1, z b̂1 

   
, as  

z b̂ 1 
   

= 
X k + 1  

d = 1  

z xdð Þ  P k + 1  
d = 1  z xð Þ  2 z c   d 

 
= 
X k + 1  

d = 1  
z fð Þ , ð5Þ 

 ! 

where the * indicates applicability for both compound concepts and centroids. And for semantic 
directions, 

z b̂ 1 
   

= 
X k + k + 1  

d = 1  

z xdð Þ  P k + k + 2  
d = 1  z xð Þ  2 z c  sdð Þ  

d 

 
= 
X k + k + 1  

d = 1  
z fð Þ : ð6Þ 

 ! 

We can then convert z fd ð Þ back into the metric unit contributions for all three relation types 
with 

f d = z f d ð Þ  
sd cdð Þ  
sd xdð Þ  

: ð7Þ 

The fd term tells us the contribution of d to b̂1. This is the case for each of the n runs, so P P P P 
d = 1 f ^ ^ ^ ^

 1 = b 1, d = 1 f 2 = b 2, d = 1 f 3 = b3 ,    , d = 1 f n = bn . 
The task then becomes how to turn each per-run simulated document’s contribution to the 

per-run relco into each anchor word’s contribution (hCk 1
), where, as before, Ck is a word in 

anchor list C. We can take advantage of the fact that each d in each simulated M is sorted by 
the anchor inclusion score. The first simulated document, d1, has an anchor inclusion score of 
1, meaning that it consists of only ones in the k anchor word columns and only zeros in the k 
nonanchor word columns. As such, the difference in the document contribution to any b̂ 
between d1 and d2 tells us the change in contribution when the first anchor word (M11) is  
moved to the first nonanchor word (M1[k + 1]). We call this quantity hC 1, which is the cha

k 
 nge 

in contribution to b̂1  when anchor word Ck is replaced by nonanchor word Yk (when Ck is the 
first word in that particular M). We can write this as 

h Ck 
= f d1 

 f d2 
jname M , 1  ð Þ = Ck , ð8Þ 

where name(M,1) is the name (word) for the M,1 column. For semantic directions, we find h 
for positive word C + ,k the same way. To find h for negative word C2,k, we simply subtract 
the contribution from the k + k + 1 document—the document with all nonanchor words save for 
one negative anchor word—from the contribution from the k + k document, the document con-

sisting of only nonanchor words. In the case of directions, we have 

h C + , k 
= f d1 

 f d2 
jname M , 1  ð Þ = C + , k ð9aÞ 

h C, k 
= f dk + k 

 f dk + k + 1  
jname M , k + k + 1ð Þ = C, k : ð9bÞ 

As with the relcos, we want to bootstrap C and repeat the calculations n times and report the 
mean contribution for each anchor word Ck: 

Taylor et al. 11 



h Ck 
= 

1

n 
X 

h Ck 
ð10aÞ 

h C + , k 
= 

1

n 
X 

h C + , k 
ð10bÞ 

h C, k 
= 

1

n 
X 

h C, k 
: ð10cÞ 

With sufficient n relative to the length of the anchor set, each anchor word should have a repor-

table mean contribution. To ensure each anchor word is positioned in M11 (or, in the case of the 
negative pole of a semantic direction, M[k + k][k + k + 1]) across a reasonably small number of runs, 
we assign each anchor word in the first of the n runs with the same probability of selection into 
that column position and then reduce the probability for that word to be selected in that position 
in the following run by a penalty factor of 0.5. The probability of the word is further reduced by 
this same  factor after each run where it was selected.9

For compound concepts, semantic centroids, and the positive pole of a semantic direction, 
larger values of hC indicate that, on average, any given ^ 

k
b

 
 shrinks more when the frequency 

for that anchor word is replaced with the equivalent frequency of a nonanchor word. For the 
negative pole of a semantic direction, smaller values (closer to 21) indicate that, on average, 
any given b̂ shrinks (but grows in absolute value) when the frequency for a nonanchor word is
replaced with the equivalent frequency of that negative anchor word. We can therefore think of 
these values as word contributions to the global relco, b̂ (although they will not sum to be equal

to b̂). 
These word contributions are generated from the same simulated DTMs randomly drawn 

from a uniform probability distribution. We can make the same assumptions about the sampling 
distribution of each Ck’s h as we do for the sampling distribution for b̂ : namely, assuming that  

s
 

 
h

hC  a 1 3n 


is vector of h contributions from anchor
k 

 word Ck, then hC ;  m
 
N h ,

k
 Cpffiffik . This 

C nk 

means, as with b̂,  we can generate confidence intervals and conduct relevant hypothesis tests

with each anchor word’s contribution. This can come in handy for determining which words to 
mark as candidates for anchor list removal, as we will point out shortly. 

Illustrations 
We now illustrate relco and its word contributions with three applications: to assess the relia-

bility of anchor words relative to (1) orthogonal words, (2) random words, and (3) conceptually 
distinct words. Each illustration consists of compound concept and semantic direction 
examples. 

We will stick with the sanctity anchor list. Do the 35 words in the sanctity anchor list seem 
to measure the same thing relative to orthogonal, random, and conceptually distinct words? 
And do we increase the extent to which the words measure the same thing if we prune out 
anchor words that do not “hang together” with the other anchor words? 

To answer this question, we first create three sets of 1,000 (n in the section above) simulated 
DTMs, each time randomly partitioning the anchor list into 18 words to define the compound 
concept and the remaining 17 as the first 17 columns in the DTM. Then, for each of the three 
sets, we add 17 words as the last 17 columns in each DTM. The set of 17 words are from the 
orthogonal, random, and conceptually distinct lists. 

12 Sociological Methodology 



For the orthogonal list, we return to the crowdsourced extended Moral Foundations 
Dictionary, in which a collection of more than 3,200 English words were rated by U.S.-based 
annotators to indicate the extent to which that word is associated with each moral foundation 
(Hopp et al. 2021). Each word received a weight, which is the probability the word was anno-

tated as an instance of that moral foundation. We took the 17 words with the lowest probabil-

ities on the sanctity $ degrade foundation. We then populated each simulated DTM following 
equation (1). For the random list, we randomly drew 17 words in the Norvig Google Trillion 
Word Corpus (Norvig 2009) that occur more than 3,000 times and do not include the anchor 
list terms. Finally, for the conceptually distinct list, we randomly drew 17 words in the 
“authority” moral foundation dictionary, excluding any words also in the sanctity list. 

Then, for each of the 1,000 simulated DTMs per set, we randomly shuffle (without replace-

ment) the 17 anchor words across columns 1 through 17 and then randomly shuffle (without 
replacement) the 17 nonanchor words across columns 18 through 34. We then calculate the con-

cept engagement score for each of the documents in each of the 1,000 DTMs per set and regress 
the score on the anchor inclusion score. The mean across all 1,000 slope estimates is the global 
relco. This resulted in three global relcos, one each assessing the sanctity list relative to ortho-

gonal words, random words, and conceptually distinct words. We also get the contributions of 
each of the 35 anchor words per each set. 

The left panels of Figure 3 depict each of the 1,000 slope estimates and the relco, the mean 
slope (the blue line), for each of the three sets. The box plots show the distribution of the 1,000 
concept engagement scores per each of the 18 anchor inclusion score positions, where higher 
values indicate higher anchor inclusion. 

The global relcos were 0.301, 0.320, and 0.261, all of which are positive. This suggests the 
anchor terms are more predictive of one another than are nonanchor words—of the orthogonal, 
random, and conceptually distinct varieties. But are these values statistically distinguishable 
from zero? A series of right-tailed one-sample t tests of H0: m  0 suggests that we can, in fact, 
confidently state that each of the true global relcos observable if we had managed to draw all 
possible simulated DTMs from the sample spaces are likely not equal to or less than zero (t = 
235.52, 274.06, and 218.68). (A null hypothesis of zero might not be conservative enough of a 
test for reliability. We suggest some alternative null hypothesis baselines in the “Baselines” 
section.) 

We can similarly assess the 35 words in the anchor list. We will focus on the anchor word 
contributions relative to the orthogonal nonanchor words for the sake of brevity. Table 2 lists 
the words in descending order of contribution, along with their 95 percent confidence intervals 
(two-tailed). Saint, saints, saintly, churches, and  church have among the largest mean contribu-

tions; for example, on average, a simulated document’s contribution to the relco decreases by 
an average of 0.014 when saint, as the first anchor word in the DTM, is converted into a non-

anchor word. Upright has the smallest contribution but is still statistically significant. All the 
words have statistically significant positive contributions, in fact. If we did have a  h that was 
statistically indistinguishable from zero, that word might be a candidate for removal from the 
anchor list. In this case, all 35  h being statistically significant, with and without multiple-

comparison adjustments, might signal that this expert-curated dictionary is quite reliable. 
As a semantic direction, we have two anchor lists for the sanctity $ degrade moral founda-

tion: the list of 35 sanctity words we have been working with, along with a list of 54 degrade 
words (e.g., profane, stain, exploit, obscene). For this type of semantic relation, we first ran-

domly split the sanctity word list into separate lists of 18 words to define the positive pole of 
the direction and the other 17 for the DTM, as before. We also randomly split the degrade list 
into two separate lists, one set of 37 words to define the negative pole of the direction and 
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Figure 3. Sanctity anchor list reliability relation. 
Note: Results from 1,000 runs. The anchor inclusion score, the x-axis, is normalized with the LN-norm. The 
embeddings are the pretrained English fastText embeddings (Mikolov et al. 2018). 
***p \ .001 (right-tailed). 
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another set of 17 words for the DTM. We then add the same 17 nonanchor words as before. 
So, for the DTM, the first 17 words are the held-out sanctity words, the next 17 are the words 
unrelated to the sanctity $ degrade dimension, and the last 17 are the heldout degrade words. 
The rest of the procedure is equivalent with the compound concept example above.10 

The right panels of Figure 3 show the results with the same visual parameters as the com-

pound concept illustration in the left panels. The global relcos are again positive, as we would 
expect, and statistically distinguishable from zero at least at a = 0.001 (right-tailed) for each of 
the three sets. 

Table 3 lists the top and bottom five anchor word contributions for each pole of the direc-

tion relative to the orthogonal nonanchor words. Innocent has a value less than 0 and might 
thus be a candidate for removal from C + ,k. In fact, removing innocent increases the global 
reliability coefficient of these anchor lists from 0.290 to 0.291–a trivial, yet positive, increase, 
as we would expect. 

Table 3. Word Contributions for Semantic Direction Anchor List. 

Anchor Word (C + ,k) h3100 95% CI Anchor Word (C2,k) h3100 95% CI 

preserve 0.316 0.285–0.347 wicked 0.007 0.000–0.013 
purity 0.280 0.247–0.313 taint 0.008 0.000–0.013 
pristine 0.266 0.227–0.305 whore 0.010 0.004–0.016 
immaculate 0.264 0.238–0.290 dirty 0.011 0.002–0.020 
sacred 0.247 0.209–0.286 exploitations 0.012 0.006–0.018 

.. 

. .. 
.

virgins 0.149 0.111–0.188 ruins 0.030 0.022–0.039 
abstinence 0.144 0.114–0.173 stainless 0.029 0.021–0.036 
sterilization 0.075 0.043–0.107 lax 0.027 0.019–0.036 
cleans 0.059 0.028–0.090 sickle 0.027 0.019–0.034 
innocent 20.051 20.080–0.022 sinner 0.026 0.018–0.034 

Note: Values are scaled by a factor of 100 for presentability. CI = confidence interval. 

Table 2. Word Contributions for Compound Concept Anchor List. 

Anchor Word (Ck) 
Ck ð Þ h3100 95% CI 

saint 1.368 1.277–1.458 
saints 1.238 1.182–1.384 
saintly 1.189 1.076–1.302 
churches 1.184 1.011–1.356 
church 1.163 1.024–1.302 

.. 

.

sterile 0.794 0.716–0.871 
maiden 0.728 0.660–0.797 
innocent 0.701 0.615–0.787 
refined 0.661 0.587–0.735 
upright 0.484 0.416–0.553 

Note: Values are scaled by a factor of 100 for presentability. CI = confidence interval. 
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Word-Level Validation 
We now present a series of analyses validating relco for anchor words defining compound con-

cepts, semantic centroids, and semantic directions. We first overview the materials for the con-

dition manipulation—a series of expert- and crowdsourced moral foundation dictionaries—and 
the design and analytic plan before presenting the results for each of the three relation types. 
We focus on the case of orthogonal nonanchor words. 

Hypothesis and Data 
We validate relco by testing whether it can distinguish between anchor lists of varying quality. 
Our hypothesis is as follows: 

Hypothesis 1: Global relcos for higher confidence anchor word lists will be higher than 
global relcos for lower confidence anchor word lists. 

By confidence, we mean the degree of consensus that words index the concept of interest. 
The idea is that if our proposed coefficient accurately measures the extent to which an 
anchor word list is reliable (because more respondents agree that it indexes the concept of 
interest), then it should be higher for lists we expect to be more reliable and lower for lists 
that are systematically manipulated to be less reliable. This setup requires validation anchor 
lists that we can subject to reliability manipulation. 

We use two sources of moral foundations dictionaries. Our highest confidence anchor lists 
are the expert-curated Moral Foundations Dictionaries (Graham et al. 2009) derived from sys-

tematic content analysis of religious sermons by leading moral foundation theorists. These rep-

resent the gold standard for reliability. The dictionaries are stemmed for compatibility with 
LIWC software; we expanded these stems to full words using the procedures detailed in 
Appendix B. Table 4 shows the final expert anchor lists for each foundation’s virtue and vice 
poles, with list sizes ranging from 28 to 84 words per pole. 

For lower confidence conditions, we use the crowdsourced extended Moral Foundations 
Dictionary (Hopp et al. 2021), in which a large collection of English words received weights 
indicating the extent to which U.S.-based annotators collectively agreed each word indexed a 
given moral foundation. We created anchor lists at the 90th, 75th, 50th (median), and 25th 

Table 4. Final Expert Anchor Word Lists. 

Moral Foundation |C + | Example Words |C2| Example Words 

Care $ harm 59 safety, guard, shield, defence, 
guardian, protective 

71 harmful, endanger, abandon, 
suffer, ruin, exploit 

Sanctity $ degradation 35 purity, upright, decent, clean, 
refined, sacred 

68 disgust, stains contagious, 
dirt, obscene, filth 

Fairness $ cheating 28 fair, equal, equity, honest, justice, 
impartial 

31 unfair, segregation, unjust, 
bias, exclude, discriminate 

Loyalty $ betrayal 54 family, together, community, 
devotion, clique, loyalty 

32 betrayal, treason, spy, 
betrayer, foreigner, enemy 

Authority $ subversion 84 preserve, authority, status, 
leaders, ranking, obey 

31 rebellion, protest, riot, 
rebels, oppose, illegal 

Note: Words may appear across multiple anchor word lists. 
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percentiles of these crowdsourced weights, maintaining list sizes equal to the expert-curated 
word list (see Table 4). This yielded five conditions per foundation: expert (highest confidence) 
down to the 25th percentile (lowest confidence). We used the pretrained fastText English word 
embeddings (Mikolov et al. 2018), which consist of 2 million word vectors trained on 600 bil-

lion tokens from the Common Crawl. 

Design and Analytic Plan 
We calculated the global relco for compound concepts, centroids, and directions across all five 
foundations and five confidence conditions (75 total global relcos each based on 1,000 simula-

tion runs). To test whether relcos varied by confidence condition, we averaged concept engage-

ment scores row-wise across runs, then used two-way analyses of variance (ANOVAs) to 
assess whether the relationship between concept engagement and anchor inclusion score (i.e., 
the global relco) varied significantly by condition. Post hoc Tukey honestly significant differ-

ence pairwise tests identified which coefficient pairs differed significantly. Appendix B pro-

vides full design specifications. 

Results 
All 15 two-way ANOVA interaction effects were statistically significant,11 indicating that glo-

bal relcos likely vary by anchor list confidence across all foundations and relation types. 
Figure 4 depicts these effects. The pattern is consistent: expert-curated lists (purple lines) show 
the steepest slopes, indicating highest reliability. As confidence decreases from expert to the 
25th percentile, slopes systematically attenuate (purple all the way to yellow). The hypothesis 
therefore finds support. As the anchor list confidence decreases, the global relco also decreases. 
This is evidence that the proposed metric is capturing differences in anchor list reliability. 

Baselines 
We have established that relco captures anchor list reliability. However, unlike our validation 
test, most analysts with real-world empirical use cases will not have multiple anchor lists to 
adjudicate between. Instead, they will have one anchor list and therefore one relco. Thus, how 
does an analyst know a good relco when they see one—in absolute terms, not relative to com-

peting relcos? And is zero a reasonable null hypothesis value? 
We used simulations to establish some reasonable baselines for comparing relco effect sizes 

and for null hypothesis testing for each of the three relation types. For compound concepts and 
semantic centroids, we drew K vectors of real numbers from a normal parent distribution with 
a mean and variance equal to the mean (of vector-specific means) and variance of the fastText 
word embedding space. Half of those K (which we call k) were randomly drawn. The other half 
were drawn such that each vector was a perfect linear transformation of one another, meaning 
each pair had a Pearson’s correlation of exactly 1. The random half of K were treated as the 
nonanchor words; the perfectly correlated half were treated as the anchor words. This simu-

lated embedding space represented the ideal case where the anchor words indexing a latent 
relation are perfectly predictive of one another and orthogonal with the nonanchor words. We 
then repeated this process 100 times, each time introducing a small amount of random noise 
into the anchor word vectors. This resulted in a series of relcos that ranged from the best-case 
scenario, where the anchor words are perfectly reliable relative to random words, to the worst-

case scenario, where the anchor words are as good as random (i.e., completely unreliable). 
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Each of these 100 scenarios was repeated a large number of times. The case was identical for 
the semantic direction simulations, but this time splitting K into three groups: one nonanchor 
set randomly drawn, one anchor word set drawn such that each pair of vectors was correlated 
at 1, and another anchor set drawn such that each pair was correlated at 1 and correlated with 
the other anchor set at 21. Finally, this entire procedure was repeated with anchor list lengths 
equal to 5, 10, 20, 30, 40, and 50, to ensure the results are stable at different anchor list sizes. 
More details on the simulation procedure are in Appendix C. 

The relco distributions are visualized in Figure 5. The relation-specific distributions are vir-

tually identical to one another in terms of starting values, ending values, and shape. This sug-

gests relcos at different levels of anchor list reliability, from perfect to random, are not sensitive 
to the size of the anchor list. The range of values do vary by relation type, however, suggesting 
relation-specific baselines are needed. 

Figure 6 reports the relation-specific median (of mean) relcos from Figure 5 by the quintiles 
of the average correlation between the anchor list words. The first bar shows the median relco 
in the simulated embedding spaces where each of the anchor word vectors are completely or 
nearly completely orthogonal to one another, and the last bar is the median relco in the simu-

lated spaces where the anchor words are perfectly or nearly perfectly correlated with one 
another (and orthogonal to the nonanchor words). The relcos for the bottom three quantiles per 
relation are our suggested baselines, which we summarize more explicitly in Table 5. 

Figure 4. Word-level validation results. 
Note: Each slope is derived after rank-wise averaging across 1,000 runs. 
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Figure 5. Distributions of simulated mean anchor reliability coefficient (relcos) at different levels of 
anchor list correlation. 
Note: The x-axis indicates the correlation between the simulated anchor list vectors. The values range from 1 (where 
the anchor words are perfectly correlated, the nonanchor words are independent of one another, and the anchor 
words and nonanchor words are independent of one another) to 100 (where all anchor and nonanchor words are 
independent of one another). The relco simulations are run per x-axis value were each run is equal to the length of 
the anchor list set and then averaged, with each relco simulation based on 100 runs. 
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Document-Level Validation 
Beyond distinguishing between anchor lists of varying quality, we assess whether relco consis-

tently informs anchor list construction for downstream classification tasks. We do this by vary-

ing the mean global relco for a series of anchor lists, using those lists to create semantic 
centroids, and classifying the documents in a real corpus on the basis of how close their words 
are to each of these centroids under various task specifications. The goal is to assess how con-

sistently the relco of each list relates to the performance of the list as a classifier. If relco is 
consistently associated with better classification performance, then we can say relco is a robust 
indicator of anchor list quality across various task specifications that an analyst might use. 

Hypothesis and Data 
Our hypothesis for the following binary document classification task is as follows: 

Hypothesis 2: Anchor sets with higher average global relcos will consistently result in 
classifications with higher agreement with document labels than will lower average 
global relcos, regardless of task specification. 

Figure 6. Suggested null hypothesis/effect size thresholds (in boxes). 
Note: The quintile groups are organized such that groups 1 and 5 are the word vector spaces with anchor list 
correlations in the bottom 20 percent and top 20 percent of the overall distribution, respectively. 

Table 5. Suggested Baselines for Effect Size Comparisons and Null Hypothesis Testing. 

Relation Type Reliability Level Baseline 

Compound concept Weak reliability 0.03 
Moderate reliability 0.07 
Strong reliability 0.23 

Semantic centroid Weak reliability 0.09 
Moderate reliability 0.19 
Strong reliability 0.43 

Semantic direction Weak reliability 0.26 
Moderate reliability 0.43 
Strong reliability 0.83 
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Our corpus is a collection of 104,665 tweets from across 58 public health agencies in the 
United States, all posted between January 2020 and May 2023. These dates correspond to just 
before the World Health Organization declared coronavirus disease 2019 (COVID-19) a global 
pandemic, up to and including the month the World Health Organization declared the pan-

demic over. 12 Analyses were performed on a test data set, with all tweets manually coded as 
either 0 (not related to the COVID-19 pandemic) or 1 (related to the COVID-19 pandemic). 
More details on data collection, manual coding, and validation are in Appendix D. 

Design and Analytic Plan 
We began with a large 51-word dictionary of pandemic-related terms for COVID-19 classifica-

tion. To test robustness across task specifications, we systematically varied four parameters. 
First, we used four embedding spaces. Three of the spaces were static: word2vec (CBOW) 
embeddings pretrained on the Google News corpus (Mikolov, Chen, et al. 2013), pretrained 
fastText embeddings, and GloVe embeddings (Pennington, Socher, and Manning 2014) locally 
trained on our 104,664-tweet corpus. The fourth was a transformer-based contextualized vector 
space: embeddings from BERTweet (Nguyen, Vu, and Nguyen 2020), a BERT model fine-

tuned on 850 million tweets with COVID-19 overrepresentation. For each embedding space, 
we calculated each anchor list’s global relco (1,000 runs, using randomly drawn nonanchor 
words from the Norvig Google Trillion Word Corpus; Norvig 2009). 

Second, we varied the number of anchor words used to create the semantic centroids: K = 3,  
4, 5, and 6. Third, we set K = 4 and trimmed the initial dictionary to N = 51, 41, 31, and 21 
words. In both cases, we created semantic centroids for each set of anchor terms and measured 
each tweet’s engagement to those centroids using CMD (standardized). Fourth, we then classi-

fied a tweet as pandemic related or not using three thresholds (0, 0.25, and 0.5). For each con-

figuration of these four parameters, we measured classification agreement with manual labels 
using F1 scores, then regressed F1 on the average relco of the K words defining each classifier. 

Critically, we assess whether higher average relcos consistently predict better performance, 
regardless of variations in these four parameters (K, N, classifier thresholds, or embedding 
space). We do not assess overall classifier performance. We therefore performed only minimal 
preprocessing and model adjudication. Full details on embedding specifications, dictionary 
content, and classification procedures are in Appendix D. 

Results 
The results are shown in Figures 7 and 8. In short, we find support for our hypothesis across all 
embeddings, anchor set sizes, classification thresholds, and different size starting dictionaries. 
If the average relco of the anchors used to define a semantic centroid is low, the classifier per-

forms worse than if the average relco is higher. All but three slopes across the two figures are 
statistically distinguishable from zero (or less than zero) at least at a = 0.05 using Bonferroni-

corrected right-tailed t tests.13 

Conclusions 
Defining semantic relations from word vector spaces involves selecting a few “seed” or 
“anchor” words. Available tests of the reliability of anchor sets are specific to the case of rela-

tions formed from juxtaposing antonym pairs. We therefore propose a reliability metric that is 
easily interpretable and agnostic to the type of relation. 
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Figure 7. Average anchor reliability by F1 score, varying K. 
Note: K refers to the length of the moving window of terms used to define a semantic centroid. 
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Figure 8. Average anchor reliability by F1 score, varying N. 
Note: N refers to the size of the starting anchor list/dictionary. 
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The metric, which we call the anchor reliability coefficient, is found by creating simulated 
documents that sequentially shift more of their tokens from relation-relevant anchor terms to 
randomly drawn terms and then regressing the documents’ similarity to an induced relation on 
the anchor inclusion score of the documents. We demonstrated the validity of this metric at the 
word level and document level. These tests suggest the relco is a useful metric, alongside oth-

ers (e.g., Antoniak and Mimno 2021; Boutyline and Johnston 2025; Ethayarajh et al. 2019b), 
for guiding the construction of anchor sets when using word embedding models in cultural 
analysis. 

Future Directions 
One use case this article did not show was how relco could be used to find better anchor words. 
An analyst can use relco to construct more reliable anchor lists in an iterative fashion by (1) 
removing words recommended for potential exclusion by relco, (2) substituting in new words 
on the basis of theoretical knowledge or intuition, (3) calculating relco again, and (4) repeating 
this process until relco seems to plateau and with words that each meaningfully contribute to 
the reliability score. 

This “ad hoc” approach may not be ideal, however. Work on keyword optimization for doc-

ument retrieval suggests that humans are better at recognizing keywords than they are at com-

ing up with them; that is, people are better at remembering keywords than they are at recalling 
keywords (King, Lam, and Roberts 2017:974). Any two people are unlikely to come up with 
the same keywords for a concept, signaling a serious issue with keyword and anchor word relia-

bility when word lists are put together post hoc with human recall. Even worse, different word 
lists can have major downstream biases for analysis results (King et al. 2017:974). These find-

ings suggest that an algorithmic approach to anchor word selection is likely a step in the right 
direction. One approach that leverages relco would include developing an algorithm to remove 
words from the user-supplied candidate anchor list with statistically nonsignificant contribu-

tions to relco, but then iterating relco over a large vocabulary (e.g., the Norvig Google Trillion 
Word Corpus [Norvig 2009] we used here) and retaining words that have a relco contribution 
equal to or above some threshold set by the analyst. 

Future work could also compare different document aggregation techniques relative to the 
one used here (CMD). Such techniques summarize the extent any given combination of nonan-

chor words and one-half the anchor words engage the concept, as defined by the other half of 
the anchor words. For example, an alternative approach is to calculate the document centroid 
for each artificial document (Lix et al. 2022). It is less clear, though, how document centroids 
might need to be adapted to account for the bipolar structure of semantic directions. 
Importantly, however, any document-level representation derived from an embedding space 
can be dropped into the relco procedure. 

Limitations 
The size of the anchor list split was effectively held constant across all illustrations and valida-

tion tests as a 50:50 split: half the words to define the concept, and the other half for the artifi-

cial document. Although we believe that a 50:50 split is a reasonable default absent some a 
priori reason to favor a different split, we do acknowledge that such reasons may exist. We 
encourage relco users interested in alternative splits to consider how this might affect their base-

lines for effect size comparisons and statistical testing. 
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We end with a word of caution about using the metric—indeed any reliability metric. As 
stated before, relco should be treated as a statistical heuristic that supports, not replaces, expert 
qualitative assessments of the extent to which anchor list words lexicalize the same underlying 
semantic relation. One criticism of relco might be that analysts could “hack” it14—for example, 
perhaps picking anchor list words that are extremely narrow synonyms (but do not maximally 
cover the meaning of the intended relation) to artificially inflate the coefficient value. This is 
possible, but we stress this is not unlike “hacking” of other statistical metrics. P-hacking is the 
classic example, as well as accuracy in supervised learning tasks where skewed distributions 
across classes can result in a model that is only good at predicting particular classes. Relco 
should be used as a decision-making guide, not the final decision in and of itself. 
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Notes 
1. For example, semantic coherence (Mimno et al. 2011), exclusivity (Airoldi and Bischof 2016), or 

term coherence (Sievert and Shirley 2014). 
2. Boutyline and Johnston also consider a measure of synonymy as a potential reliability metric, as it 

captures the extent to which two anchor words for a given pole are identical in the embedding space. 
However, they find this measure (and a related measure of antonymy) adds little explanatory value 
after accounting for parallelism when predicting axis accuracy. 

3. The relco, though, can also be calculated for the same semantic directions that parallelism assesses, 
as we will illustrate in later sections. 

4. The suffixes of the dictionary items are normalized to work with the Linguistic Inquiry and Word 
Count (LIWC) software program (Pennebaker, Francis, and Booth 2001), so the list could be 
expanded to cover more variants of words. For example, sacred*—as it is shown in the actual 
dictionary—could be expanded to include both sacred and sacredness in non-LIWC applications 
such as this one. We adopt a more systematic approach to expanding these suffixes in the “Word-

Level Validation” section. 
5. This, of course, is a question of validity, not reliability. 
6. The possible range of CMD values varies as a function of a number of factors, especially the choice 

of either cosine distance or Euclidean distance as the travel distance metric (and, for Euclidean dis-

tance, whether the word embeddings are first normalized). We use the text2map package in the R 
statistical computing environment to calculate CMD scores (Stoltz and Taylor 2022), which in turn 
relies on the text2vec package (Selivanov, Bickel, and Wang 2023) to optimize the relaxed word 
mover’s distance—the algorithmic foundation of CMD. The text2map implementation of relaxed 
word mover’s distance uses cosine distance; thus CMD in text2map has a theoretical range of 
[21,1]. In our experience, though, the observed range is usually closer to [0,1], likely for reasons 
similar to the anisotropic geometric properties of (static and contextualized) word embedding spaces 
that lead empirical cosine similarities to also stay within the [0,1] interval (Liang et al. 2021; Mu, 
Bhat, and Viswanath 2017). 

7. The norm itself is equal to k + 1 for compound concepts and semantic centroids and k + k + 1 for 
semantic directions. 

8. For semantic directions, we would rewrite this to say, accounting for every possible random partition 
(without replacement) of C + ,x and C2,x and every possible permutation of M column word order 
across the C + ,y, C2,x, and Y lists. 

9. We have no experimental evidence to favor any particular penalty factor, although the value should 
be constrained to be between [0,1] and larger factors should result in each word being chosen at least 
once across fewer n runs. 

10. The conceptually distinct nonanchor list was constructed by randomly sampling 17 words from both 
authority and subversion anchor lists. 

11. All F ratios were significant at least at a = 0.001. 
12. The agencies include federal agencies (e.g., the Environmental Protection Agency and various 

Centers for Disease Control and Prevention accounts) and 44 of the 50 states (Wyoming, Rhode 
Island, West Virginia, New Jersey, Massachusetts, and New York are missing from the data). 

13. Only the BERTweet slopes at N = 21 in Figure 8 have p  .05. 
14. We thank a reviewer for pointing out this possibility. 
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