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New York Times Embeddings. The underlying data of the New York Times embeddings from Yao and colleagues (Yao et al., 2018) were 99,872 articles published January 1990 to July 2016, drawn from 59 subsections (e.g., Business, Sports, Technology). Rare words (< 200 occurrences) and stop words are removed, and tokenized at the word level, resulting in a final vocabulary of 20,936 word-tokens. Since the embedding training method is performed across all timesteps jointly (this was the novel contribution of Yao and colleagues), the vocabulary size is stable across all years.
From these text corpora, the embeddings were trained using positive pointwise mutual information (PPMI). As a high-level summary, PPMI-trained embeddings[footnoteRef:1], like other embedding training algorithms, give a sense of whether a context word (e.g., “dog”) is particularly informative (i.e., gives “mutual information”) for the meaning of a target word (e.g., “cat”). In essence, PPMI indicates the number of times two target words (e.g., “dog” and “cat”) co-occur with each other within a context window (here specified as a context window of 5 words), relative to the number of times those two target words occurred individually. More formally, PPMI is the log of the ratio between the co-occurrences of word w and w’ over the individual occurrences of words w and w’. To begin, PPMI generates a V x V matrix (where V is vocabulary size), with each row corresponding to a target word (w), each column referring to a context word (w’), and each entry indicating the computed PPMI between the two words.  [1:  Note that the “positive” in positive pointwise mutual information means that you only take positive pointwise mutual information values, while any negative pointwise mutual information values are converted to 0.] 

Next, we seek a dense representation of this PPMI matrix. In essence, this transformation is achieved by finding vector representations of words such that the dot product between two word vectors (vw and vw’ ) will approximate the PPMI values between the two words. More formally,  this is solved by [image: Text

Description automatically generated with medium confidence] using gradient descent. In the end, the previous V x V matrix will be transformed to a matrix of V x 100 dimensions (or other dimensionality), with each row indicating a word in V, and the 100 columns specifying the coordinates of the word vectors that satisfy the objective of PPMI. Thus, at the highest level, much like word2vec, GloVe, or similar algorithms, PPMI-trained embeddings are dense representations of word co-occurrences that are said to capture word meaning.
Google Books Embeddings and Corpus of Historical American English. HistWords – provided by Hamilton and colleagues (2016) – is a collection of pre- trained word embeddings used to analyze semantic change across historical book text. Histwords embeddings were created from six datasets of historical text including two corpora we use here: (1) EngAll, the primary corpus of English-language fiction and non-fiction books extracted from Google n-grams (specifically, 5-grams, or 5-word fragments) that we use in the current paper, which spans text from 1800-1999 and includes approximately 850 billion word-tokens; and (2) the Corpus of Historical American English (COHA) a genre-balanced corpus from 1810 – 2009 with 410 million word-tokens. 
For preprocessing, the authors limited the vocabulary to the top 100,000 most frequent words over all time (for EngAll) or top 50,000 most frequent words (for COHA), and further discarded any words that occurred < 500 times (for EngAll) or < 100 times (for COHA) in a given decade. As with the NYT preprocessing, using only high-frequency words is essential to ensure that the word embeddings are computed from enough observations to give them valid representations. Note that this decade-wise discarding of lower-frequency words means that some words in the 100,000-word vocabulary are not present in a given decade. Thus, the vocabulary size of the available embeddings changes across time: for example, for EngAll in 1800, the vocabulary was approximately 13,000 words, but increased to over 71,000 words in 1990. The change in vocabulary size across time is illustrated in supplementary figure S1. Although beyond the scope of the current work, the experimenter choices for training hyperparameters (e.g., frequency cut-offs, window size, 5-grams, and more) are worth testing in the future to ensure robustness of the conclusions across various model specifications.
[image: ]
Figure S1. Available non-zero word vectors (vocabulary size) in the Eng-All Google Books corpus across time.

After preprocessing, the authors trained all embeddings using the word2vec algorithm, with skip-gram with negative sampling (SGNS), a symmetric context window of 4 (4 words on either side of the target word), all other default hyperparameters of learning rate and iterations, and dimensionality of 300. The word2vec algorithm is a shallow, two-layer neural-network approach to word embedding training that constructs vector representations of all words in vocabulary by predicting surrounding (masked) context words from the target word, based on the co-occurrences between the target word and all other words in the vocabulary. This prediction step occurs iteratively through the neural network to optimize the word embeddings until the predictions of context words converge on accuracy. Interested readers are directed to the original papers introducing word2vec (Mikolov, Chen, et al., 2013; Mikolov, Sutskever, et al., 2013).

Common Crawl. The underlying data of the Common Crawl embeddings from Pennington and colleagues (Pennington et al., 2014) were 42 billion word-tokens of all Internet text scraped from the Internet before 2014. The size of this corpus means that the data will reflect not only text from 2014 but also archived text from all timepoints before that date. However, the data are not time-stamped and therefore can only be used, for our purposes, as a demonstration of how different underlying text corpora and methodological choices may alter the representations of social groups (or, equally interesting, may leave unaffected the representations of social groups). For preprocessing, Pennington and colleagues created a vocabulary of the 2 million most frequent words across the 42 billion tokenized and lowercased words. 
Embeddings were constructed using the GloVe algorithm which, unlike word2vec above, does not use a neural network but, instead, works directly on the entire word-word co-occurrence matrix (rather than relying on local context windows). Word embedding vectors are learned accurately when the dot product between any two word-vectors equals the logarithm of the two words’ co-occurrence probability (which is a discrete target number, computed from the co-occurrence matrix). All standard hyperparameters were used (with a 0.05 learning rate, 50 iterations, 300 dimensions). Interested readers are directed to Pennington and colleagues’ (2014) original paper introducing and demonstrating the validity of the GloVe algorithm.



[bookmark: _Toc126823896]Further details on group selection process

	The starting point for our group list was the original taxonomy from Pachankis and colleagues (2018), comprising 93 groups. However, many of these 93 groups were, for the purposes of single word embedding models, indistinguishable from one another: the taxonomy included, for example, both “symptomatic” (e.g., bipolar symptomatic) and “remitted” identities (e.g., bipolar remitted); various forms of cancer (e.g., breast cancer current, breast cancer remitted, colorectal cancer current, and so on); and subgroups of drug use (e.g., cocaine use recreationally, crystal methamphetamine use recreationally). We recognize this as a limitation of the current methods, since these groups do indeed differ in how they are perceived in society as well as their social, health, and economic consequences (Pachankis et al, 2018). Nevertheless, we were obliged to collapse these methodologically indistinguishable groups into one summary group (e.g., bipolar), resulting in a list of approximately 60 identities. 
Next, with the remaining groups, we sought to generate lists of single word synonyms using historical and contemporary thesauruses (e.g., Oxford Historical Thesaurus, Thesaurus.com), as described in more detail below. In a few cases, groups did not have sufficient single word synonyms that be defended as comprehensive and specific representations of the group target (e.g., cleft lip and palate had no clear single word synonyms that were relevant across history). Additionally, even when some single word synonyms could be generated, there were a few groups (e.g., asexual) that did not have sufficient labels available across all corpora and across all time. That is, given our requirement to have each group represented by at least one word for all available timepoints, we were required to exclude a few groups that had zero available synonyms in a given timepoint. This subset the list further to approximately 45 identities. 
Finally, since the methods used in the current investigation required a relevant contrast group (e.g., white to the stigma black), a small handful of groups were not included in the final analysis because they did not have a defensible contrast group (e.g., prostitute, teen parent). This last requirement constrained the list to a final 36 groups from the original taxonomy of stigmatized groups. For each of these 36 stigmas the first and final authors then generated a relevant contrast group (e.g., white to black and so on), for a final, paired list of 72 groups used throughout the primary analyses. 
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Selecting group labels. Ultimately, the choice of how to represent any group concept in words, even in survey or experimental work with human participants, comes down to researcher decisions. The decisions we make attempt to balance between (1) specificity (i.e., choosing only those few words that most directly and obviously represent a focused group concept) and (2) comprehensiveness (i.e., choosing a longer list of words that can capture all concepts and labels even tangentially related to the general group concept). In the current research, we create lists of group labels by first focusing on comprehensiveness, generating long lists of synonyms from historical and contemporary thesauruses (Oxford Historical Thesaurus, Thesaurus.com) as well as related words from WordNet. Many of the synonyms and related words identified in this way are not directly relevant to the group-specific intended concept: for example, synonyms that emerge for the group concept Black include many words related to colors (e.g., white, purple, pink), nighttime, dirt, and so on. As such, we next narrow our list to provide specificity while also ensuring sufficient number and frequency of the labels. The final lists of group labels are provided in Table 2 in the main text.
Of course, such decisions may end up affecting the representation of any one group. However, we argue that small changes in the exact label lists will not affect enough groups across all 72 and not in substantial enough ways to meaningfully alter the overarching conclusions provided in the main text. For instance, as we have shown in previous work (Charlesworth et al., 2022), the choice of whether or not to include the derogatory but historically frequent N-word to represent the group concept Black will affect results in that the top traits associated with Black when the N-word is included is more negative than when the N-word is not included. However, the general semantic content and conclusions about how that group has changed over time nevertheless remain robust.
Changes in group label meaning. Finally, concerns are justly raised about how the meaning of these group labels (or even the emergence and availability of the group concept itself) may change over time. We attempt to guard against such concerns of changing meaning in three ways. First, in our initial step of group label creation we created lists of group labels using historical synonyms (from the Oxford Historical Thesaurus) to represent the same group concept across time. As an example, consider Schizophrenia, which was a term introduced only in 1910 and therefore could not have been widely used until later in our investigation. Before that time, however, the same collection of symptoms and stigmatized identities were labelled as paranoia and dementia praecox (from journal publications introducing the mental illness in 1895) – labels that we include in our list of group labels for Schizophrenia. Including such historical synonyms helps ensure that the intended group concept is identified even as the labels may change. 
Second, we always use lists of words to represent any group concept. This ensures that our conclusions are not reliant on any one label (e.g., “gay”) that risks confounding with both polysemy and semantic drift. Averaging across lists of words helps us narrow in on the intended group meaning. Third, to directly address concerns of semantic drift (i.e. definitional changes in a word), we include a group’s average semantic drift score as covariates in all regression models. We find that the semantic drift of groups’ labels is never a significant predictor of change in either the manifest content of stereotypes (surface-level shifts in trait associates), nor in the latent, averaged ratings of valence, warmth, or competence. As such, it seems unlikely that semantic drift of the group labels is the sole source of observed change.


[bookmark: _Toc126823898]Additional details on calculating change in manifest semantic content

In past research (Charlesworth et al., 2022), the degree of change in the manifest semantic content of stereotypes was computed as the number of different top traits across time points – that is, how many of the top traits at time t overlapped with the top traits at time t+1. However, as noted in the main text as well as in the original publication proposing this method, operationalizing semantic change as counted non-overlap of words could have overestimated semantic change. For instance, the turnover of even close synonyms (e.g., kind and friendly) would have been counted as an equivalent change to traits that were very different in meaning (e.g., kind and angry). Thus, in the current work we implemented a new approach as our primary method for extracting change in manifest semantic content by calculating the semantic “consistency” of trait representations across time using the average cosine similarity between the distributed meanings of all traits in times t and t+1.
Semantic consistency, in essence, quantifies how the top ten traits (W) associated with a group representation (G, operationalized as the list of words k from 1 to N to represent the group concept such as Autistic or Black), shift over time. To create semantic consistency scores, we begin by calculating each trait’s (wi ) association with a group G across all group label words (k) used to represent that group (Formula (1)). This is the same first step as in previous approaches (i.e., when we were counting simple overlap in the appearance of a trait among top ten lists), as it is the process by which we extract the top-ten trait associates based on the relationships among all traits and the group concept.
(1) 

Next, the set of top ten (k) traits (W) are identified for each group G in each decade t, by ranking the traits according to their  score. Once the top ten traits are identified in each decade, we then calculate the change in manifest semantic content, , by taking the average cosine similarity between the top ten traits at t and t+1, as indicated in Formula (2). The approach essentially loops through the top ten traits in decade t and t+1, taking all pairwise correlations to construct a correlation matrix among the traits, and then averaging across the lower triangle of the correlation matrix.

(2) 
To illustrate, consider that a group has been identified (using Formula (1)) to have representations of the following top-ten traits in 1900 [stern, direct, stable, upright, able, hard, strong, defensive, deep, steady] and the following top-ten traits in 1910 [steady, defensive, upright, direct, kind, friendly, competent, thoughtful, deep, strong]. We would then compute, using Formula (2) the average cosine similarity between all pairs of traits across the two decades (e.g., stern-steady, stern-defensive, stern-upright) and so on. If a trait is repeated in the combined list across decades (e.g., the traits steady, defensive, upright, direct, deep and strong were all repeated across decades), then the pairwise cosine similarity between those repeated traits would contribute a pairwise cosine similarity of 1 to the final average. Thus, the more repeated traits across decades the higher the average semantic consistency. Once semantic consistency is calculated for all successive decades (e.g., 1900 to 1910, 1910 to 1920, and so on), we take the average semantic consistency across all pairs of decades, yielding an overall semantic consistency score, .
As a final step, we take the inverse (1 – consistency, or 1 - ) to operationalize higher scores as indicating more change rather than more stability/consistency in manifest semantic content. For interpretation, because cosine similarities are similar in essence to correlations, results can be evaluated along similar magnitude interpretations as correlation coefficients, roughly such that values in [0, 0.3] can be considered small; values in [0.3, 0.5] are often moderate; and [0.5, 1] are often considered strong. Again, higher scores will indicate more change in manifest semantic content across successive decades, lower scores will indicate more stability in manifest semantic content across successive decades.
This approach enables better insight into manifest semantic change because it relies on changes in the distributed meaning of each top ten trait space (i.e., the embeddings at time t) rather than in the overlap of just the words themselves. Thus, methodologically and conceptually, this approach offers advances in the validity of assessing change in manifest stereotype content through large scale naturalistic language. Of note, all main conclusions remained robust to whether we operationalized change in manifest semantic content as overlap counts or as the semantic consistency through distributed meaning. In both cases, we find moderate-to-large effect sizes of change. We also find a similar degree of variation across groups (although some differences in which groups showed the most and least change), and similar prediction of that variation by group clusters (i.e., sociodemographic groups generally have descriptively more semantic content in traits than do body-related groups). This robustness can both offer confidence in the overarching conclusions while also reinforcing the utility of an approach that is better able to distinguish changes of related versus unrelated traits. 
Difference between manifest stereotype change and semantic drift. Close readers of the literature on linguistic change may ask how this new approach to extracting change in semantic stereotype content (i.e., change in the association between a group and its top traits) differs from operationalizations of semantic drift (i.e., change in the placement of a word among a larger space of word meaning). To be clear: the construct of semantic drift is operationalized by Hamilton and colleagues (2016) in terms of how a single word (wi) embedding shifts in its own placement in the embedding space over time or the cosine distance between the word’s embedding at time t and t+1 (see Formula (3) below, reproduced from Hamilton and colleagues, 2016). In other words, semantic drift is about a specific individual word’s () relationship with itself over time.
(3) 
Therefore, to create semantic drift scores for each group (which we use as covariates in the primary regression models) we first extract the semantic drift scores for each individual group label (e.g., cosine distance between “gay” in 1900 and “gay” in 2000, between “homosexual” in 1900 and “homosexual” in 2000, and so on) and then take the average semantic drift score across all group labels (e.g., average across the labels “gay” and “homosexual” and so on). This reflects, on average, how much the set of group labels have changed in their individual positioning within the embedding space, independent of their relationships to traits specifically.
In contrast, the semantic stereotype change is operationalized as “semantic consistency” across time, as described above. In essence, a primary difference is that manifest stereotype change reflects changes in the relationships between sets of words (i.e., a group concept and trait concepts) rather than changes in relationships between a word with itself. 
 

[bookmark: _Toc126823899]Additional details on calculating historically-contextualized valence

Past papers investigating long-term change in social stereotypes and word representations more broadly (Charlesworth et al., 2022; Toney & Caliskan, 2020) have relied on valence norms collected from contemporary human participants (e.g., the Warriner norms, collected in the 2010s (Warriner et al., 2013)). Such a practice relies on the assumption that valence of words or traits is stable enough to extend back, even 200 years in history. However, such an assumption presents a limitation for inference as many words and traits have in fact changed in valence. Thus, assuming contemporary norms are consistent across all time and all texts risks underestimating the true amount of change in group representations. Here, we offer a methodological and conceptual advance by computing historically-contextualized valence ratings for all traits available in historical corpora. 
To do so, we begin by taking eight seed words, four strongly-valenced as good (Vg) and four as bad (Vb), and all empirically shown to be stable in semantics (based on their semantic drift scores from Hamilton and colleagues, 2016): good, pleasant, excellent, wonderful and bad, unpleasant, horrible, nasty. Next, within each decade t we calculate the average cosine similarities for each of the target traits (wi ) and the good seed words, as well as the average cosine similarities for each of the traits and the bad seed words. Then we subtract the average cosine similarity to badness from the average cosine similarity to goodness. Each of the 400-600 traits therefore has a decade-specific score of its relative valence, , defined by Formula (4) below.
(4) 
Finally, using those decade-specific valence scores for each trait we calculate the group’s valence representation  in each decade t by averaging the decade-specific valence scores of the top ten traits W, Formula (5).

(5) 
Of note, our previous overarching conclusions (i.e., the relative stability of latent valence) are retained even when using this new historically-contextualized metric (see main text), lending further confidence in the robustness of the conclusions. Despite this robustness and similarity of results, the methodological and conceptual advance of this new approach (i.e., the fact that we no longer have to rely on assumptions of stable valence) led us to replace all analyses with the historically-contextualized valence results.


[bookmark: _Toc126823900]Additional details on calculating historically-contextualized latent warmth and competence

The current paper is, to our knowledge, the first attempt at investigating latent semantic (i.e., not only valence) subdimensions of trait stereotypes across historical time. Here, we focus on two semantic dimensions widely shown to organize social perceptions and group treatment – warmth and competence (Fiske, 2018; Fiske et al., 2002) – although we hope that the current methods can also be easily extended to other dimensions of meaning such as agency, sociability, and more (Koch et al., 2016; Thornton et al., 2022). 
To begin, we relied on the warmth and competence dictionaries generated by Nicolas and colleagues (Nicolas et al., 2021) and subset the dictionaries to only include any of the traits from the Peabody list of 600 traits. From these dictionaries we extracted the top warmth/cold relevant traits as all traits that were classified high on warmth (but not high on competence), such as affectionate, agreeable, amiable; and all traits that were classified low on warmth (but not high on competence), such as aloof, antisocial, apathetic. Similarly, we extracted the top competence/incompetence relevant traits as all traits classified high on competence (but not high on warmth), such as able, accurate, active and all traits classified low on competence (but not high on warmth), such as absentminded, bland, clumsy. These sets of words were used as our target “seed” words for the dimensions of warmth/coldness and competence/incompetence.
Next, following the same approach as the historically-contextualized valence computations described above, we computed the relative average associations between each individual trait and the axis created by the set of warmth words (Xw) versus coldness words (Xc) or competence words (Yc) versus incompetence words (Yi). 
(6) 
(7) 

As with valence, the resulting output was that each trait (wi) now also had a decade-specific (or year-specific for the NYT) warmth/coldness score and competence/incompetence score. We used these scores of traits’ warmth and competence to calculate each group’s stereotype latent warmth and valence in time t, by averaging across the top ten traits in time t.

(8) 
(9) 
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In the main text, we reported the results of regression models on average across all three time-stamped corpora. Here, we report the additional results from the full regression models predicting groups’ semantic, valence,  warmth, and competence change within each individual corpus (NYT, Books, COHA). 
Results showed both consistency and variation across corpora in which variables were the strongest predictors of change in manifest and latent stereotype structure. For instance, there was consistency across individual corpora for some predictors of change in manifest semantic content (Table S1): the frequency of group labels was always a significant and strong predictor of change, the polysemy of group labels was always a positive predictor of change, although only significant for NYT and Books, and the corpus-inconsistency of group representations was a positive predictor of change for both NYT and Books. Additionally, taken at the broadest level, the R2 values for predicting manifest stereotype change suggested similar amounts of variance were explained across all three corpora (R2 ranged from .58 to .67). 
At the same time, when it came to predicting the change in manifest semantics from the clusters of groups, we found that the differences between body-related (intercept) and sociodemographic group clusters was only significant in the New York Times, whereas COHA and Books had no significant differences across the sociodemographic and body-related clusters, though results were still descriptively in the same direction across all corpora.
In general, there was lower consistency across corpora in the predictors of change in latent stereotype dimensions, reflected most obviously through the differences across corpora in the R2 values (Table S2, S3, S4). For instance, while the fitted model predicted nearly half the variance in latent valence change through the NYT, R2 = .47, the same model predicted less than a quarter of the variance for COHA, R2 = .18. Nevertheless, even with these broad-ranging differences, there were a few similarities in overarching conclusions: frequency was a positive predictor of latent valence change for both NYT and Books, and change in latent warmth was a positive predictor of latent valence for all corpora; frequency was a negative predictor of latent warmth change for both COHA and Books, and change in latent warmth was a positive predictor of latent valence for all corpora.

Table S1
Final regressions predicting change in manifest semantics, across three corpora
	
	New York Times
	COHA
	Google Books

	
	b
	SE
	t
	p
	b
	SE
	t
	p
	b
	SE
	t
	p

	(Intercept)
	0.79
	0.37
	2.15
	0.04
	-0.30
	0.40
	-0.74
	0.46
	-0.52
	0.41
	-1.27
	0.21

	Cluster: Mental health
	0.04
	0.27
	0.15
	0.88
	0.34
	0.26
	1.32
	0.19
	-0.23
	0.27
	-0.84
	0.40

	Cluster: Occupation
	-0.68
	0.33
	-2.07
	0.04
	-0.09
	0.34
	-0.28
	0.78
	-0.19
	0.36
	-0.52
	0.60

	Cluster: Sociodemographics
	0.62
	0.24
	2.60
	0.01
	0.24
	0.24
	1.00
	0.32
	0.18
	0.26
	0.71
	0.48

	Semantic drift
	0.01
	0.10
	0.13
	0.90
	-0.01
	0.10
	-0.05
	0.96
	0.26
	0.10
	2.54
	0.01

	Polysemy
	0.54
	0.11
	4.85
	0.00
	0.12
	0.12
	1.01
	0.32
	0.36
	0.13
	2.85
	0.01

	Frequency
	0.42
	0.12
	3.35
	0.00
	0.31
	0.13
	2.45
	0.02
	0.34
	0.13
	2.56
	0.01

	Stigmatized
	-0.65
	0.22
	-2.96
	0.00
	0.08
	0.25
	0.34
	0.73
	0.33
	0.27
	1.25
	0.22

	Valence change
	-0.10
	0.10
	-0.92
	0.36
	-0.07
	0.09
	-0.72
	0.48
	-0.19
	0.10
	-1.80
	0.08

	Warmth change
	-0.15
	0.09
	-1.64
	0.11
	0.44
	0.10
	4.22
	0.00
	0.24
	0.13
	1.88
	0.07

	Competence change
	-0.05
	0.10
	-0.48
	0.63
	-0.27
	0.10
	-2.76
	0.01
	0.08
	0.10
	0.74
	0.46

	Corpus-inconsistency
	0.34
	0.13
	2.67
	0.01
	-0.19
	0.13
	-1.47
	0.15
	0.53
	0.14
	3.70
	0.00

	

	R2 = 0.67, Adjusted R2 = 0.61
	R2 = 0.62, Adjusted R2 = 0.55
	R2 = 0.58, Adjusted R2 = 0.50



Table S2
Final regressions predicting change in latent valence, across three corpora
	
	New York Times
	COHA
	Google Books

	
	b
	SE
	t
	p
	b
	SE
	t
	p
	b
	SE
	t
	p

	(Intercept)
	0.41
	0.45
	0.91
	0.36
	0.40
	0.54
	0.74
	0.47
	-0.69
	0.45
	-1.52
	0.13

	Cluster: Mental health
	-0.34
	0.35
	-0.96
	0.34
	-0.11
	0.41
	-0.28
	0.78
	-0.27
	0.36
	-0.76
	0.45

	Cluster: Occupation
	-0.26
	0.44
	-0.59
	0.56
	-0.48
	0.51
	-0.95
	0.35
	0.16
	0.47
	0.35
	0.73

	Cluster: Sociodemographics
	0.06
	0.31
	0.18
	0.86
	0.29
	0.33
	0.89
	0.38
	-0.17
	0.31
	-0.54
	0.59

	Semantic drift
	-0.27
	0.11
	-2.45
	0.02
	0.19
	0.14
	1.40
	0.17
	0.03
	0.14
	0.22
	0.82

	Polysemy
	0.23
	0.16
	1.44
	0.15
	0.06
	0.17
	0.37
	0.71
	0.18
	0.17
	1.06
	0.29

	Frequency
	0.45
	0.14
	3.32
	0.00
	-0.04
	0.19
	-0.22
	0.82
	0.28
	0.15
	1.91
	0.06

	Stigmatized
	-0.23
	0.28
	-0.82
	0.42
	-0.32
	0.31
	-1.03
	0.31
	0.52
	0.28
	1.89
	0.06

	Semantic change
	-0.06
	0.16
	-0.40
	0.69
	-0.13
	0.19
	-0.70
	0.49
	-0.30
	0.14
	-2.08
	0.04

	Warmth change
	0.31
	0.11
	2.93
	0.00
	0.29
	0.17
	1.78
	0.08
	0.51
	0.15
	3.49
	0.00

	Competence change
	0.23
	0.13
	1.82
	0.07
	-0.11
	0.15
	-0.74
	0.46
	0.02
	0.13
	0.12
	0.90

	Corpus-inconsistency
	0.20
	0.11
	1.82
	0.07
	0.02
	0.13
	0.19
	0.85
	0.11
	0.12
	0.91
	0.37

	

	R2 = 0.48, Adjusted R2 = 0.38
	R2 = 0.18, Adjusted R2 = 0.02
	R2 = 0.34, Adjusted R2 = 0.21



Table S3
Final regressions predicting change in latent warmth, across three corpora
	
	New York Times
	COHA
	Google Books

	
	b
	SE
	t
	p
	b
	SE
	t
	p
	b
	SE
	t
	p

	(Intercept)
	-0.14
	0.53
	-0.26
	0.80
	-0.70
	0.40
	-1.74
	0.09
	0.75
	0.34
	2.19
	0.03

	Cluster: Mental health
	-0.07
	0.39
	-0.18
	0.86
	0.16
	0.29
	0.56
	0.58
	0.20
	0.26
	0.79
	0.43

	Cluster: Occupation
	-0.29
	0.50
	-0.58
	0.56
	0.06
	0.39
	0.16
	0.87
	-0.12
	0.36
	-0.34
	0.73

	Cluster: Sociodemographics
	0.07
	0.36
	0.19
	0.85
	0.08
	0.25
	0.31
	0.76
	0.25
	0.23
	1.08
	0.28

	Semantic drift
	0.11
	0.13
	0.79
	0.44
	-0.04
	0.11
	-0.35
	0.73
	-0.25
	0.10
	-2.45
	0.02

	Polysemy
	0.06
	0.19
	0.32
	0.75
	-0.11
	0.14
	-0.81
	0.42
	-0.06
	0.13
	-0.49
	0.62

	Frequency
	-0.13
	0.18
	-0.75
	0.46
	-0.31
	0.14
	-2.18
	0.03
	-0.36
	0.12
	-3.01
	0.00

	Stigmatized
	0.09
	0.33
	0.28
	0.78
	0.38
	0.24
	1.61
	0.11
	-0.61
	0.21
	-2.94
	0.00

	Valence change
	0.43
	0.14
	3.07
	0.00
	0.20
	0.10
	2.04
	0.05
	0.33
	0.09
	3.52
	0.00

	Semantic change
	-0.22
	0.19
	-1.19
	0.24
	0.52
	0.12
	4.16
	0.00
	0.09
	0.11
	0.79
	0.43

	Competence change
	0.14
	0.15
	0.90
	0.37
	0.02
	0.11
	0.18
	0.86
	0.31
	0.09
	3.38
	0.00

	Corpus-inconsistency
	0.07
	0.14
	0.48
	0.63
	0.16
	0.10
	1.55
	0.13
	-0.30
	0.09
	-3.13
	0.00

	

	R2 = 0.30, Adjusted R2 = 0.16
	R2 = 0.49, Adjusted R2 = 0.39
	R2 = 0.59, Adjusted R2 = 0.51



Table S4
Final regressions predicting change in latent competence, across three corpora
	
	New York Times
	COHA
	Google Books

	
	b
	SE
	t
	p
	b
	SE
	t
	p
	b
	SE
	t
	p

	(Intercept)
	1.06
	0.45
	2.38
	0.02
	0.41
	0.49
	0.83
	0.41
	-0.35
	0.47
	-0.74
	0.46

	Cluster: Mental health
	-1.11
	0.31
	-3.52
	0.00
	0.00
	0.34
	0.01
	0.99
	0.24
	0.35
	0.69
	0.49

	Cluster: Occupation
	-0.86
	0.44
	-1.95
	0.06
	0.22
	0.46
	0.48
	0.63
	0.36
	0.48
	0.75
	0.45

	Cluster: Sociodemographics
	-0.73
	0.31
	-2.32
	0.02
	-0.10
	0.29
	-0.34
	0.74
	0.02
	0.32
	0.06
	0.96

	Semantic drift
	0.10
	0.12
	0.88
	0.38
	-0.01
	0.12
	-0.06
	0.95
	0.14
	0.14
	0.98
	0.33

	Polysemy
	0.17
	0.17
	1.00
	0.32
	-0.12
	0.16
	-0.74
	0.46
	-0.02
	0.17
	-0.09
	0.93

	Frequency
	-0.09
	0.15
	-0.59
	0.56
	-0.21
	0.17
	-1.29
	0.20
	0.05
	0.16
	0.31
	0.76

	Stigmatized
	-0.25
	0.29
	-0.86
	0.40
	-0.27
	0.28
	-0.98
	0.33
	0.15
	0.29
	0.52
	0.61

	Semantic change
	0.19
	0.13
	1.46
	0.15
	-0.10
	0.13
	-0.77
	0.44
	0.03
	0.14
	0.22
	0.83

	Valence change
	-0.24
	0.17
	-1.45
	0.15
	-0.44
	0.16
	-2.81
	0.01
	0.10
	0.15
	0.64
	0.52

	Warmth change
	0.11
	0.12
	0.90
	0.37
	0.05
	0.15
	0.33
	0.74
	0.52
	0.16
	3.23
	0.00

	Corpus-inconsistency
	-0.14
	0.12
	-1.17
	0.25
	-0.03
	0.13
	-0.26
	0.80
	0.09
	0.13
	0.64
	0.53

	

	R2 = 0.42, Adjusted R2 = 0.31
	R2 = 0.36, Adjusted R2 = 0.24
	R2 = 0.26, Adjusted R2 = 0.12






[bookmark: _Toc126823902]Models including random effects for group pairings

	
The 72 groups included in the primary analysis are not independent: each group is “yoked” to another contrast group (e.g., Abled to Disabled, White to Black, Unemployed to Employed, and so on). To account for this dependency in the data, and assess whether such yoking is reflected in the underlying variance across groups, we fit supplemental regression models including a random effect for the group pairing (i.e., a dummy-coded factor from 1 to 36, with each level of the factor reflecting a different group pairing). Results from these models can be extracted from the open code available through the OSF for this project (https://osf.io/gzuy4/). However, results from chi-square tests comparing model fit indicated that models with the random effect did not provide any better fit than models without the random effect, leading us to report the more parsimonious model without the random effect structure. 

Table S5
Chi-square tests comparing model fit with and without random effect for group pairing
	
	
	
	
	
	

	Model outcome
	Model specification
	AIC
	BIC
	2
	p (2)

	Semantic content change
	Without random effect
	193.81
	213.92
	
	

	
	With random effect
	195.81
	218.15
	< .001
	> .99

	Latent valence change
	Without random effect
	205.58
	225.69
	
	

	
	With random effect
	207.04
	229.38
	.55
	.46

	Latent warmth change
	Without random effect
	188.20
	208.31
	
	

	
	With random effect
	190.20
	212.54
	< .001
	> .99

	Latent competence change
	Without random effect
	193.82
	213.93
	
	

	
	With random effect
	195.82
	218.16
	< .001
	> .99





[bookmark: _Toc126823903]Latent valence change: Raw Spearman’s rho results


In the main text we focused on understanding valence change in terms of the amount of change and therefore used the absolute value of the Spearman’s correlation coefficients. However, it is also of interest to understand the direction of change, including whether those groups that have changed in valence by the greatest amount are systematically changing in one direction (e.g., increasing or decreasing). Here, we therefore briefly describe the results of the raw Spearman’s rho correlations for latent valence; all data and code for deeper analyses are provided openly through the project’s Open Science Framework page (https://osf.io/gzuy4/).
On average, the Spearman’s rho across stigmas and corpora indicated that change was not significantly different from zero, rho = .03 [-0.04, 0.09], t(71) = 0.81, p = .42  (Figure S3). In other words, when taken at the broadest level, it appears that the latent valence dimension is stable across 115 years of text. This stability was also true within the NYT alone, rho = .07 [-0.00, 0.15], t(71) = 1.82, p = .07, although Books and COHA appeared to be changing, on average, in opposing directions, with Books generally decreasing in average valence across groups, rho = -.17 [-0.30, -0.04], t(71) = -2.62, p = .01, and COHA generally increasing in average valence across groups, rho = .17 [0.09, 0.26], t(71) = 3.93, p < .001. Despite this average difference in direction (i.e., the intercept), the degree of valence change across Books and COHA was significantly and positively correlated, r(70) = .38 [.17, .56], p < .001, meaning that groups that had relatively increased (decreased) in positivity in Books were the same groups that had relatively increased (decreased) in positivity in COHA.
[image: ]
Figure S2. Valence change across groups, raw Spearman’s rho. Y-axis indicates the slope of valence change, with direction, indexed as Spearman’s rho for the timeseries of valence scores; positive scores indicate increasing valence (i.e., more positivity), negative scores indicate decreasing valence (i.e., more negativity). X-axis indicates stigma labels ordered from the most decreasing in valence (Attractive) to the most increasing in valence (Hetereosexual). The target identity is listed first (before the underscore), with the comparison identity listed second. Black circles indicate mean raw rho, collapsing across all corpora. Dark blue diamonds indicate results from the New York Times, dark green diamonds indicate results from COHA, and light blue diamonds indicate results from Google Books. Vertical gray bars indicate the range of valence change scores across corpora (connecting the minimum valence change to the maximum valence change). Dashed horizontal gray line indicates no change (i.e., rho = 0).


	Comparing contrasted groups. Of interest when it comes to the raw Spearman’s rho results is whether the contrasted pairs of groups (e.g., the stigmatized and non-stigmatized contrast group) always change in valence in opposition to one another. That is, is it the case that the small increase in positivity in representations of Old are only made possible because of the decreases in positivity of the contrasting group Young? In Table S6 we report all raw rho results across pairs of contrasted groups side-by-side. 
Inspecting Table S6, we find that all patterns of relative change across pairs of groups are possible: (1) two contrasted groups may both become more positive in valence (e.g., White and Arabian, with White increasing by rho = .35, and Arabian increasing by rho = .33); (2) two groups may both become more negative in valence (e.g., Drug Addict and Sober, with Drug Addict decreasing by rho = -.09 and Sober decreasing by rho = -.12); and, admittedly by far the most common, (3) groups moving in opposing directions, with one group increasing in valence while the other decreases (e.g., Manager and Server, with Manager increasing by rho = .22 and Server decreasing by rho = -.37). Although a full interpretation of these results remains beyond the scope of the current manuscript, we hope the findings (and open data) can illustrate the utility of the current metrics in identifying cases where changes in latent valence is facilitated by a yoking across groups (e.g., a rise in negativity towards one group leads to a fall in negativity towards another). 

Table S6. 
Average manifest semantic change and raw latent valence change across time (averaged across all time-stamped corpora) for contrasting pairs of groups

	Group 1
	Semantic Change
(1 – Cohesiveness)
	Valence Change
(Average rho)
	Group 2
	Semantic Change
(1 – Cohesiveness)
	Valence Change
(Average rho)

	heterosexual_homosexual
	0.78
	0.74
	homosexual_heterosexual
	0.67
	-0.27

	old_young
	0.81
	0.07
	young_old
	0.75
	-0.20

	laborer_manager
	0.62
	-0.02
	manager_laborer
	0.77
	0.28

	citizen_immigrant
	0.70
	-0.12
	immigrant_citizen
	0.67
	0.39

	aboriginal_white
	0.68
	0.36
	white_aboriginal
	0.75
	-0.20

	divorced_married
	0.81
	0.15
	married_divorced
	0.74
	0.09

	alien_citizen
	0.72
	0.40
	citizen_alien
	0.73
	-0.21

	atheist_religious
	0.64
	0.30
	religious_atheist
	0.68
	-0.24

	arabian_white
	0.65
	0.35
	white_arabian
	0.76
	0.33

	sane_schizophrenic
	0.61
	0.02
	schizophrenic_sane
	0.70
	-0.37

	christian_otherrel
	0.72
	-0.28
	otherrel_christian
	0.77
	0.45

	short_tall
	0.76
	-0.03
	tall_short
	0.71
	-0.31

	latino_white
	0.71
	0.10
	white_latino
	0.71
	-0.08

	employed_unemployed
	0.76
	0.10
	unemployed_employed
	0.67
	-0.22

	christian_muslim
	0.72
	-0.31
	muslim_christian
	0.75
	0.48

	autistic_sane
	0.68
	0.22
	sane_autistic
	0.71
	-0.19

	manager_server
	0.74
	0.22
	server_manager
	0.59
	-0.37

	asian_white
	0.77
	-0.06
	white_asian
	0.72
	0.10

	abled_deaf
	0.70
	0.01
	deaf_abled
	0.67
	0.29

	bipolar_sane
	0.73
	0.19
	sane_bipolar
	0.67
	-0.33

	black_white
	0.71
	0.06
	white_black
	0.75
	-0.13

	fat_thin
	0.82
	-0.23
	thin_fat
	0.65
	0.17

	abled_disabled
	0.68
	0.04
	disabled_abled
	0.67
	0.20

	educated_uneducated
	0.74
	-0.02
	uneducated_educated
	0.64
	0.13

	poor_rich
	0.73
	0.10
	rich_poor
	0.69
	-0.28

	drugaddict_sober
	0.69
	-0.09
	sober_drugaddict
	0.69
	-0.12

	fertile_infertile
	0.78
	-0.15
	infertile_fertile
	0.72
	0.32

	attractive_unattractive
	0.68
	-0.52
	unattractive_attractive
	0.62
	0.40

	abled_wheelchair
	0.68
	-0.08
	wheelchair_abled
	0.68
	0.26

	nonsmoker_smoker
	0.68
	-0.31
	smoker_nonsmoker
	0.83
	0.18

	depressed_happy
	0.72
	0.38
	happy_depressed
	0.64
	-0.46

	retarded_sane
	0.75
	0.43
	sane_retarded
	0.67
	-0.34

	indian_white
	0.76
	-0.31
	white_indian
	0.72
	0.12

	abled_mute
	0.68
	-0.11
	mute_abled
	0.65
	0.07

	abled_blind
	0.70
	-0.07
	blind_abled
	0.67
	0.19

	alcoholic_sober
	0.80
	0.26
	sober_alcoholic
	0.71
	-0.10




[bookmark: _Toc126823904]Direct valence computations: Relative norm difference

In the main text we focus on computing the latent valence calculated in a secondary step (i.e., after computing the top trait associates, we compute the average scores on those trait’s valence scores). Here, we offer an additional method for computing latent valence more directly as a first step by using the relative norm difference (RND; Garg et al., 2018). The RND is calculated as the Euclidean distance between an averaged target vector (in this case, the averaged vector across all group words) and two averaged attribute vectors (e.g., in this case, the averaged vector across a set of positive words and, separately, the averaged vector across a set of negative words). The greater the RND, the greater the averaged group vector is relatively more associated with the averaged attribute A vector (e.g., positive) versus the averaged attribute B vector (e.g., negative).
We implement the RND approach by first identifying a list of 10 decade-specific words to represent the latent positivity/negativity in each decade. We start with the seed words of good, pleasant, excellent, wonderful and bad, unpleasant, horrible, nasty, as we did above with historically-contextualized trait ratings, and then calculate the 10 nearest neighbors to the seed words per decade. For instance, the top 10 good words in 1900 from Books were [good, excellent, pleasant, wonderful, agreeable, delightful, charming, humouredly, beautiful, interesting], and in 2000 were [wonderful, good, excellent, pleasant, lovely, beautiful, delightful, charming, nice, splendid]; the top 10 bad words in 1900 from Books were [horrible, horrid, unpleasant, dreadful, disagreeable, frightful, bad, hideous, shocking, ugly] and in 2000 were [horrible, horrid, unpleasant, bad, terrible, dreadful, awful, painful, strange, ugly]. As can be seen, these target lists of good/bad words, while quite similar, are not perfectly overlapping, reinforcing the benefit of taking a historically-contextualized approach to generating the attribute lists. Next, those 10 decade-specific positive/negative words are used as the list of positive/negative attribute words to extract the RND score for each group in each decade or year (i.e., the relative relationship between a group and the positive vs. negative dimension). Ultimately, this approach bypasses any semantic content and therefore provides a complementary and direct approach to extracting valence.
Results show, first, that the two methods generally had significantly correlated results when it came to overall estimations of valence: a group’s average valence (collapsing across time) computed from the RND direct approach was positively and significantly correlated with the group’s average valence computed from the two-step latent valence extraction (i.e., from the valence ratings of top traits), r = .61 [.44, .73], t(70) = 6.37, p < .001 (Figure S3A). Additionally, the two methods showed significant and positive correlations of the group’s raw Spearman’s rho slope in valence, r = .46 [.25, .62], t(70) = 4.29, p < .001 (Figure S3B). And, finally, the average |rho| of valence slopes was also similar across methods, |rho|RND = .41, |rho|indirect = .39, t(140.78) = 1.02, p = .31. 
[image: ]
Figure S3. Relationships between valence results computed through RND and standard indirect approach from top traits. Panel A indicates the relationship between average valence across the two methods, Panel B indicates the relationship between valence slope across the two methods. Blue line indicates zero-order Pearson correlation across methods.


[bookmark: _Toc126823905]Additional results for corpus-inconsistency


As described in the main text, corpus-inconsistency was calculated as in a similar way to the methods used to calculate change in manifest semantic content: by taking the average cosine similarities between the vectors of the top ten traits for group A in corpus 1 and corpus 2. Each group therefore had a corpus-inconsistency result for all pairs of corpora (COHA-Books, COHA-NYT, COHA-CC, Books-NYT, Books-CC, NYT-CC), which was then averaged to create a corpus-inconsistency score for each group. Of note, the top ten traits for each group were extracted from the overlapping decade of 1990-2000, a period available across all four corpora.
In general, across corpora (Books, COHA, NYT, and Common Crawl), and across all groups, the representations of groups varied in their semantic content (i.e., the distributed trait representations) by Msemcorpincons = .64, SD = .07; when interpreted in line with correlation effect size magnitudes, this suggests that there was a moderate-to-large degree of variation in the manifest semantic content of a group representation across corpora. Interestingly, this result is also similar in magnitude to the variation in manifest semantic content seen across timepoints within a corpus, suggesting that a group representation varies as much across successive timepoints, on average, as it does across two corpora from a similar timepoint. 
Figure S4 visualizes the groups according to their (z-scored) corpus-inconsistency in manifest semantic content from the most consistent (left side of the plot) to the least consistent (right side of the plot). In broad strokes, the manifest semantic representations of Abled and other body- or mental-health related groups were highly consistent across corpora. In contrast, the manifest semantic representations of many sociodemographic groups (e.g., Latino, Aboriginal, Arabian) were least consistent. Such findings suggest face validity, given that sociodemographic groups are known to be more debated across subcultures and prone to social desirability concerns that may only be activated in some rhetoric (Devine et al., 2002); in contrast, stigmatization towards ability and body groups are widely acknowledged and even publicly endorsed across societies and subcultures.
[image: ]
Figure S4. Corpus-inconsistency in manifest semantic representations across groups, averaged across four corpora. Groups listed on the left of the plot (Religious, Abled vs. Mute, Sane, Abled vs. Blind) are more consistent (have lower inconsistency); groups listed on the right of the plot (Latino, Smoker, Aboriginal, Drug addict) are least consistent (have higher inconsistency). All results are z-scored for comparison across metrics.

Corpus-inconsistency can also be calculated for latent valence, warmth, and competence. Here, we rely on the median absolute deviation (MAD) of the average valence, warmth, and competent scores for each group across the four corpora. MAD is a more robust representation of the range and variability of scores (compared to another metric like the range or standard deviation) both because it takes all four values into account and because, in using the median, it is less prone to the influence of outliers. Figure S5 visualizes the (z-scored) corpus-inconsistency in latent valence, generally suggesting that body-related stigmas (e.g., Abled, Disabled) had tight and consistent latent valence, whereas mental illness related stigmas (e.g., Sane) and employment and immigration stigmas (e.g., Server, Laborer, Immigrant) had much more variable representations. Similar results – with ability and body-related stigmas showing tight and consistent representations, and employment or sociodemographic stigmas showing more variable representations – were also found for latent warmth (Figure S6) and latent competence (Figure S7).
[image: ]
Figure S5. Corpus-inconsistency in trait valence representations across groups, averaged across four corpora. Groups listed on the left of the plot (Autistic, Mute, Tall, Drug Addict) are more consistent (have lower inconsistency); groups listed on the right of the plot (Sane vs. Schizophrenic, Server, Sane vs. Autistic, Asian) are least consistent (have higher inconsistency). All results are z-scored for comparison across metrics.

[image: ]
Figure S6. Corpus-inconsistency in trait warmth representations across groups, averaged across four corpora. Groups listed on the left of the plot (Abled vs. Blind, Fat, Uneducated, Abled vs. Wheelchair) are more consistent (have lower inconsistency); groups listed on the right of the plot (Server, Happy, Aboriginal, Thin) are least consistent (have higher inconsistency). All results are z-scored for comparison across metrics.


[image: ]
Figure S7. Corpus-inconsistency in trait competence representations across groups, averaged across four corpora. Groups listed on the left of the plot (Smoker, Re*, Deaf, White) are more consistent (have lower inconsistency); groups listed on the right of the plot (Unemployed, Server, Aboriginal, Schizophrenic) are least consistent (have higher inconsistency). All results are z-scored for comparison across metrics.



[bookmark: _Toc126823906]Prediction by clusters: Additional bottom-up cluster solutions

Bottom-up empirical clusters from Pachankis and colleagues (2018). In addition to the top-down clusters defined by the first and last authors of the manuscript, we sought to assess robustness of conclusions with a different set of pre-defined clusters between groups. We therefore used a the empirically-derived cluster solutions generated empirically by Pachankis and colleagues (2018) based on how each of the 36 negatively-stigmatized groups were rated along six dimensions of stigma (e.g., controllability, peril, disruptiveness). 
From these clusters Pachankis and colleagues categorized the stigmatized groups into: 
(1) groups rated high on perceived visibility, disruptiveness and persistence (so-called “awkward” stigmatized groups, such as Autistic, Bipolar); 
(2) groups that were rated relatively higher than others on the dimension of aesthetically unappealing (so-called “unappealing” stigmatized groups, such as Smoker, Fat); 
(3) groups that were rated relatively low on visibility (so-called “innocuous” stigmatized groups, such as Christian, Divorced); and 
(4) groups that were rated high on perceived visibility and persistence but low on other dimensions (so-called “sociodemographic” stigmatized groups, such as Old, Aboriginal). 
We use these four clusters as the group type predictor in the primary regression models predicting change in semantic content and latent valence (additional models inspecting latent warmth and competence are available through the open data and code). Although the models are not directly comparable given the differences in the number of groups (the primary models include all 72 groups, here we can only model 36 groups), there are a few similarities and differences to note. First, in broad strokes, the models again provide good explanations of variance in manifest semantic content, with R2 values of .72 (or .58 adjusted R2), although somewhat less explanation of variance in latent valence, with R2 values of .39 (or .11 adjusted R2). Such results reinforce the overarching conclusion in the main text that the wide variability across groups in patterns of manifest and latent change in stereotypes can be explained by a combination of social and linguistic features of the groups.
Second, the additional models with Pachankis clusters show similar results in terms of the positive relationship between manifest change and frequency of group labels (and, descriptively between latent valence and frequency of group labels), as well as the directions of relationships between manifest and latent dimensions (e.g., the positive relationship between latent valence and latent warmth change; positive relationship between manifest semantic and latent warmth change). At the same time, the results from the clusters themselves suggest only a descriptive difference in manifest change between “awkward” stigmas (e.g., some body-related stigmas but also mental-health related stigmas) and sociodemographics, with a larger difference between “awkward” stigmas and “unappealing” stigmas (more body-related stigmas).
Table S7
Regressions predicting change in manifest semantic content across groups, Pachankis clusters
	
	b
	SE
	t
	p

	(Intercept)
	0.05
	0.33
	0.16
	0.88

	Cluster: Innocuous
	-0.04
	0.41
	-0.10
	0.92

	Cluster: Sociodemographic
	0.53
	0.55
	0.96
	0.35

	Cluster: Unappealing
	2.14
	0.69
	3.10
	0.01

	Semantic drift
	0.24
	0.15
	1.68
	0.11

	Polysemy
	0.13
	0.17
	0.80
	0.43

	Frequency
	1.12
	0.29
	3.86
	0.00

	Valence change
	-0.17
	0.19
	-0.89
	0.39

	Warmth change
	0.40
	0.22
	1.84
	0.08

	Competence change
	-0.09
	0.18
	-0.48
	0.64

	Semantic corpus-inconsistency
	-0.17
	0.27
	-0.62
	0.54

	
	R2 = 0.72, Adjusted R2 = 0.58



Table S8
Regressions predicting change in latent valence across groups, Pachankis clusters
	
	b
	SE
	t
	p

	(Intercept)
	-0.20
	0.37
	-0.55
	0.59

	Cluster: Innocuous
	-0.04
	0.46
	-0.08
	0.94

	Cluster: Sociodemographic
	-0.04
	0.63
	-0.06
	0.96

	Cluster: Unappealing
	0.88
	0.92
	0.95
	0.35

	Semantic drift
	0.08
	0.17
	0.48
	0.64

	Polysemy
	0.28
	0.18
	1.59
	0.13

	Frequency
	0.27
	0.42
	0.63
	0.53

	Semantic change
	-0.21
	0.24
	-0.89
	0.39

	Warmth change
	0.40
	0.25
	1.61
	0.12

	Competence change
	0.18
	0.20
	0.88
	0.39

	Valence corpus-inconsistency
	-0.07
	0.30
	-0.23
	0.82

	
	R2 = 0.39, Adjusted R2 = 0.11




Fully bottom-up and dynamic cluster solutions. Although Pachankis and colleagues developed their cluster solutions empirically from ratings of groups obtained from participants, even those cluster solutions were defined and interpreted by authors at only one time point. The question is therefore posed: to what extent do those cluster solutions change across time? That is, do groups shift in their relationships across time points, or are the inter-relationships among groups relatively consistent across 100 years of text? Although this is not the central focus of the current manuscript, we provide a first step toward testing the methods for bottom-up dynamical clustering of groups and demonstrate their utility for new conceptual insights about the (moderately) consistent structure of group representations over time.
To begin we compute a decade-specific correlation matrix between the 72 groups based on their associations with the list of all traits. That is, given that each group has an associated vector of associations between the group and the list of 400-600 traits (depending on the corpus), we can see how any two groups are related in their trait associations. From this cross-group correlation matrix we then perform hierarchical clustering using agglomerative clustering (commonly referred to as the AGNES algorithm), using the cluster package in R. AGNES clustering proceeds from a solution in which each group is ascribed its own cluster (i.e., a fully separated cluster solution) and then gradually aggregates groups together to find the optimal groupings based on the inter-group correlations. 
The assignment of groups to the clusters remains complex for simple interpretation given that the bottom-up clusters do not perfectly fall along interpretable boundaries (e.g., not all ability-related groups cluster together and so on). We leave such investigations to future work where the clustering of groups over time can be given the full and rich interpretation needed. 
More generally, however, we focus attention on the overall structure of the clustering solutions and note that cluster solutions across successive decades show relative (albeit not perfect) stability. That is, a typical measure of alignment in two cluster solutions (i.e., two dendrograms) is a metric called “entanglement” which ranges from 0, reflecting perfect alignment, to 1, reflecting complete misalignment. The average entanglement across most decades is around the midpoint of this scale, or about ~.5, depending on the corpus and the pair of decades (Figure S8). In other words, the structure of how groups are clustered and organized across time, while not perfectly stable across history, has moderate consistency. We take this, for now, to suggest that group clusters from one time point can, with caveats, be extended across other time points as well, thus lending support in our use of top-down and researcher-defined cluster solutions with more transparent interpretability. 
[image: ]
Figure S8. Entanglement between successive bottom-up cluster solutions across pairs of decades. Red line indicates the entanglement for cluster solutions of group trait representations derived from Books across pairs of decades, green line indicates the entanglement for cluster solutions of group trait representations derived from COHA across pairs of decades. The results show entanglement around the midpoint of the scale, implying moderate consistency in cluster solutions over time.

[bookmark: _Toc126823907]Relationship between corpus-inconsistency and manifest semantic change: time-lagged relationships
In the main text we include corpus-inconsistency (i.e., the variability in stereotypic representations of groups across corpora) as a predictor in the primary regression models predicting change in manifest semantic content. As discussed, we find that corpus-inconsistency adds little prediction above and beyond additional social covariates (e.g., group type) and linguistic covariates such as frequency, polysemy, and semantic drift. 
However, the simple regression approach provides a time-agnostic relationship among the two metrics. There may yet be time-lagged relationships such that corpus-inconsistency at time t predicts semantic change at time t+1, as might be hypothesized from the literature on the role of debate and minority influence increasing the likelihood of change (Charlesworth & Banaji, 2019; Gardikiotis, 2011). Alternatively, semantic change at time t may predict corpus-inconsistency at time t+1, if greater change (occurring for some other reason such as the linguistic processes discussed in the main text) ends up manifesting as more fractured and varied representations across corpora. To begin to explore these possibilities, we therefore performed a supplemental analysis of time-lagged relationships between corpus-inconsistency and semantic change.
Specifically, we first estimate decade-specific estimates of corpus-inconsistency across the two historical corpora with the same timeframe (Google Books and COHA). Semantic corpus-inconsistency is operationalized as the inverse of semantic consistency across the two corpora at time t (i.e., the average cosine similarity between the top ten traits associated with a group in Books and the top ten traits associated with a group in COHA, both in decade t). Second, as described above, we estimate decade-specific change in semantic content by estimating semantic consistency within a single corpus but across times t and t+1 (i.e., the average cosine similarity among the top ten traits associated with a group in Books at time time t and t+1). Next, we use Granger causality models to inspect both forward and backward relationships between corpus-inconsistency and semantic content change. 
In general, results from Granger causality models of corpus-inconsistency and semantic change revealed that there were only a minority of groups with systematic time-lagged relationships (Figure S9). For instance, when looking at the degree of change in Books representations, 3 groups (out of 72) revealed significant unique forward direction relationships (green lines in Figure S9), with corpus-inconsistency at time t predicting the degree of semantic change of time t vs. t+1. In contrast, 2 groups (red lines in Figure S9) revealed significant backward direction relationships of semantic change of time t vs. t+1 predicting corpus-inconsistency at time t+1; and one group (Heterosexual) showed a bidirectional relationship (with both significant forward and backward relationships). Ultimately, then, only 6 groups (or  ~8%) showed some degree of relationship between inconsistency and change in historical Google Books, but not always in the same direction. 
[image: ]
Figure S9. F-statistics for Granger causality models investigating the time-lagged relationships between corpus-inconsistency and semantic change across COHA. Light blue diamonds indicate the F-statistic for the backwards direction (change precedes corpus-inconsistency); dark blue diamonds indicate the F-statistic for the forwards direction (corpus-inconsistency precedes change). Light gray lines indicate comparisons of F-statistics in which neither direction is significant; red lines indicate comparisons in which only the backwards direction is significant; green lines indicate comparisons in which only the forwards direction is significant.


The results for semantic change in COHA were similar (Figure S10), with 3 groups showing backward relationships (change predicts inconsistency), and 6 groups showing forward relationships (inconsistency predicts change), or ~13% of groups showing some time-lagged relationship between the metrics. Taken from this perspective, the data thus suggest that, while there may be some relationship between inconsistency and change for some groups, it is unlikely to be the primary feature that predicts change within groups.
[image: ]
Figure S10. F-statistics for Granger causality models investigating the time-lagged relationships between corpus-inconsistency and semantic change across COHA. Light blue diamonds indicate the F-statistic for the backwards direction (change precedes corpus-inconsistency); dark blue diamonds indicate the F-statistic for the forwards direction (corpus-inconsistency precedes change). Light gray lines indicate comparisons of F-statistics in which neither direction is significant; red lines indicate comparisons in which only the backwards direction is significant; green lines indicate comparisons in which only the forwards direction is significant.
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