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Abstract
Linguistic bias is the differential use of abstraction, or other linguistic mechanisms, for
the same behavior by members of different groups. Abstraction is defined by the
Linguistic Category Model (LCM), which defines a continuum of words from concrete
to abstract. Linguistic Intergroup Bias (LIB) characterizes the tendency for people to
use abstract words for undesirable outgroup and desirable ingroup behavior and con-
crete words for desirable outgroup and undesirable ingroup behavior. Thus, by examin-
ing abstraction in a text, we can understand the implicit attitudes of the author. Yet,
research is currently stifled by the time-consuming and resource-intensive method of
manual coding. In this study, we aim to develop an automated method to code for
LIB. We compiled various techniques, including forms of sentence tokenization, senti-
ment analysis, and abstraction coding. All methods provided scores that were a good
approximation of manually coded scores, which is promising and suggests that more
complex methods for LIB coding may be unnecessary. We recommend automated
approaches using CoreNLP sentiment analysis and LCM Dictionary abstraction coding.
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It is a given that what we say reflects what we think—we wield language as a tool of
explicit self-expression. Surprisingly, however, our words can also reveal thoughts that
we did not intend to express—we tend to unintentionally use words that align with our
implicit beliefs, habits, and broader psychological composition (Boyd & Markowitz,
2024; Boyd & Schwartz, 2021). It has been argued that these subtle and systematic
asymmetries in language use, or linguistic biases, are a mechanism through which per-
vasive implicit beliefs, such as stereotypes, are spread and maintained. Unfortunately,
research in this area is currently stifled by the time-consuming and resource-intensive
process required to detect linguistic bias. In this paper, we report on our development
of an automated approach to the detection of Linguistic Intergroup Bias.

Bias, including stereotypes and prejudices, are subtly embedded within the words
we use; our language implies rather than expresses them. Though this is done in a
number of ways (e.g., grammatical structures, norm referents, marked exclusions,
etc.), one of the major means is through the description of an individual’s or group’s
behavior (Beukeboom & Burgers, 2019). This is because stereotypes, by their
nature, define what is expected for the behavior of group members. In the linguistic
bias paradigm, researchers have consistently demonstrated that these expectancies
are reflected in language use through the use of different descriptions for the same
behavior by members of different groups.

Linguistic bias can be defined as the differential use of abstraction. In Psychology,
abstraction is commonly measured with the Linguistic Category Model (LCM; Semin
& Fiedler, 1988), which outlines four different word types that can be placed along a
continuum from concrete to abstract: Descriptive action verbs (DAVs), interpretive
action verbs (IAVs), state verbs (SVs), and adjectives (ADJs), respectively. Some
researchers have argued that a fifth word type—nouns (NNs)—be added as the most
abstract category (Carnaghi et al., 2008; Seih et al., 2017). While any of these word
types can be used to accurately describe a single behavior, they vary in terms of
their cognitive implications. For example, if Person A hits Person B, the behavior
can be described as A hits B (DAV) or A is a bully (NN). Both may be accurate but,
in going from concrete to abstract, the description loses information about the specific
details of the event and gains information about the individual performing the behavior.
That is, low levels of abstraction maintain a strong link to the specific physical details
of the behavioral event (hits) while higher levels of abstraction make assumptions or
generalizations about the performer (bully).

In her classic work, Anne Maass and colleagues (Maass et al., 1989, 1995) provided
the first demonstration of linguistic bias: The Linguistic Intergroup Bias (LIB). This is
now the most researched and well-known form of linguistic bias. It characterizes the
tendency for people to describe desirable ingroup and undesirable outgroup behaviors
abstractly, and undesirable ingroup and desirable outgroup behaviors concretely. This
pattern implies a bias—that only desirable behavior can be expected from the ingroup
and only undesirable behavior can be expected from the outgroup. The expression of
LIB is explained by a motivational process in which the ingroup is advantaged, without
reliance on stereotypic expectancies (Maass, 1999)—a prejudiced attitude rather than a
stereotypic belief. In contrast, the Linguistic Expectancy Bias (LEB; Wigboldus et al.,
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2000) characterizes the tendency to abstractly describe behaviors that align with stereo-
typic expectancies and concretely describe behaviors that do not align with stereotypic
expectancies. The same behavior may thus be described abstractly when it is expected,
e.g., he is a genius, or concretely when it is not expected, e.g., she writes the answer to
the math problem, based on stereotypes (e.g.,men are better at math than women). The
expression of LEB is explained by a cognitive process that relies on stereotypic expec-
tancies (Maass, 1999; Wigboldus et al., 2000).

It is not possible, however, to infer whether the expression of linguistic bias is the
result of a motivational or cognitive process based on an examination of language
alone. A general pattern for the interpretation of linguistic bias thus holds: People
describe the behaviours of others using language that reflects their implicit beliefs or
attitudes. Simply put, linguistic bias is the tendency to use abstract descriptions for
belief-consistent behavior and concrete descriptions for belief-inconsistent behavior.
This distinction characterizes many forms of linguistic bias. For example, more
irony and negations are used to describe belief- inconsistent rather than consistent
information (Beukeboom et al., 2010; Burgers & Beukeboom, 2016). This systematic
distinction results in the perpetuation of these beliefs and attitudes (Bourhis & Maass,
2005); the impact of belief-inconsistent behavior is limited through the use of concrete
language by focusing on the specific circumstances in which the behavior takes place,
while the impact of belief-consistent behavior is maximized through the use of abstract
language by encouraging generalizations beyond the behavior. Linguistic biases are
thus a reflection of the speaker’s implicitly held stereotypes, and abstraction is one
mechanism through which these biased beliefs are subtly expressed. In this study,
we will focus on the Linguistic Intergroup Bias given that it is particularly suited to
computerized analysis.

Despite the existence of prohibitive norms that act to suppress the explicit expres-
sion of stereotypes, linguistic bias is commonplace (Beukeboom, 2014). It occurs in
many contexts, including interpersonal conversations, courtrooms, and media, and lan-
guages, such as English, Italian, Dutch, and French, and is expressed without intention
or awareness (Franco & Maass, 1996). Given the ubiquity of conditions under which
such unintentional biases in verbal behavior can be found, linguistic bias has been used
as an implicit measure of prejudice (von Hippel et al., 1997). This work suggests that it
could be our consistent immersion in, and repeated exposure to, biased language that
leads to stereotype sharedness.

The linguistic bias paradigm, which we use to refer to research on how bias or
implicit beliefs about social groups are reflected in subtle linguistic formulations, is
particularly suited to the study of current socio-cultural issues. Politician’s claims of
“fake news” and the emergence of social media reporting have increased concerns
about the trustworthiness of news (e.g., Domonoske, 2018; Lombrozo, 2018;
Williams & Nettlefold, 2018). These events are sparking controversy and timely con-
versations about stereotypes and biased reporting, to which linguistic bias is directly
applicable. The public is primed for insights of this nature and in need of a method
to quantify bias. There are websites, for example, dedicated to providing ratings of
bias in various outlets (e.g., Media Bias1; AllSides2). Yet despite this link, there is a
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disconnect between researchers and consumers of news media: Media Bias, for
example, (1) includes subjective ratings from the public, similar to movie-rating
sites, and (2) does not include any of the objectively measurable linguistic biases
used by researchers. AllSides has multiple rating systems and state that they sometimes
consider academic research or third-party data, but these appear to be studies of media
outlets (e.g., Fox News) and not forms of linguistic bias that could occur within any
article. Thus, at this time, linguistic bias research is uniquely positioned to have a
potentially large and meaningful impact but is failing to do so.

There are two main reasons why researchers are prevented from seizing this oppor-
tunity. First, research in this area relies on manual coding to detect linguistic bias,
which is time-consuming and resource-intensive. To maintain objectivity, it is neces-
sary to first train independent coders to identify word types from the LCM (e.g., train-
ing manual by Coenen, Hedebouw, & Semin, Personal Communication, May 19,
2014). Once trained, coders will do a detailed, word-by-word, reading of the text,
which is a tedious and lengthy process. Once complete, an expert rater resolves differ-
ences in codes using the same intensive process. Once manual coding is complete,
researchers can then calculate an Abstraction score. In this calculation, the number
of each type of word category is multiplied by a weight determined by the theoretical
level of abstraction as defined by the LCM, then divided by the total number of words3:

(DAV × 1)+ (IAV × 2)+ (SV × 3)+ (ADJ × 4)+ (NN × 5)

DAV+ IAV+ SV+ ADJ+ NN

As shown, higher weights indicate a higher level of abstraction. Abstraction scores thus
range from 1 (concrete) to 5 (abstract). Despite the widespread use of this scoring
method, it should be noted that, to our knowledge, this numerical coding scheme
has never been psychometrically tested. Given the process of manual coding, linguistic
bias detection is not a reactive approach; detection cannot usually take place until well
after the current event is no longer news.

Second, due to the reliance on manual coding, the length and number of texts that
can be coded is limited by resources and time, so researchers typically analyze a small
number of texts that are relatively short in length. Historically, for example, researchers
have asked participants to directly compare single words or multiple variations of a
single sentence, which may place undue emphasis on the word types. Others have ana-
lyzed texts that have been spontaneously generated by participants or used carefully
and systematically manipulated texts, but this data is still low in number and short
in length. That is not to say that all research in this area is limited in this way (e.g.,
Dragojevic et al., 2017), only that to do otherwise requires a considerable investment
of resources. Further, texts are analyzed for a single bias instead of a more complex
combination of biases as likely occurs in reality.

It is thus no surprise that researchers have turned towards alternative methods. There
are a variety of algorithmic approaches to the coding of concreteness, which involve
two general approaches (see Yeomans, 2021, for a review). In word-level approaches,
researchers develop large corpora of individual words that have been rated out of
context by people. These ratings are then used to calculate the concreteness scores
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of other texts. For example, Brysbaert et al. (2014) crowdsourced ratings of over
60,000 word and two-word expressions, to build a data set of mean concreteness
ratings for nearly 40,000 well-known English words. Although these ratings have
been used to predict manually coded LCM scores (by Johnson-Grey et al., 2020),
the meaning of these ratings do not align with the LCM or its intent to differentiate
word categories. While the concrete ratings provide a reasonable proxy for the
LCM, as they were defined as those things that can be experienced through the
senses or by action (e.g., jump), the abstract ratings do not, as they were defined as
those things that cannot be experienced through the sense or by action and are best
explained through words (e.g., justice). Brysbaert concreteness ratings then do not,
and are not intended to, capture that abstract descriptions of the LCM involve the gen-
eralization of a behavior. As with Brysbaert, automated methods of coding concrete-
ness using word-level approaches typically do not easily correspond to the LCM.

In categorical approaches, researchers first identify different word categories then
count the number of instances of each category in a text, which is similar to manual
coding of the LCM. A variety of different categories have been used, with only
three being based on the LCM. Stone et al.’s (1966) ground-breaking study resulted
in the first automated method of coding abstraction, but only for the first three levels
of the LCM. Seih et al. (2017) built on this work and extended the automated
method to code for the remaining two levels of the LCM. In this study, the researchers
created an LCM dictionary of the most common 7489 verbs by compiling verbs from
the General Inquirer LCM Dictionary (Stone et al., 1966) and a corpus of approxi-
mately 44 million words, asking coders to classify the verbs into DAVs, IAVs, and
SVs, and adding different verb forms (e.g., make, makes, made, and making). This dic-
tionary can be used in Linguistic Inquiry and Word Count (LIWC; Pennebaker et al.,
2007) to automatically count the number of DAVs, IAVs, and SVs within a given text.
The researchers then used TreeTagger4 to identify ADJs and NNs and to convert these
parts of speech tags into count ratios. The abstraction score is calculated in the same
way as with manual codes. This computerized method successfully distinguished
between the levels of the LCM and these results aligned with those generated by
manual coding.

Johnson-Grey et al. (2020) built on the approach of Pennebaker et al. (2007) to not
only include word categories but also syntactic features common to concrete and
abstract texts. By manually coding a corpus of 1,439 sentences to identify the top
third most concrete and top third most abstract texts, the researchers were able to identify
22 syntactic features that distinguish between concrete and abstract (verbs+ adjectives)
categories. For example, the presence of a numeric modifier was more common in con-
crete texts and use of the third-personwasmore common in abstract texts. The researchers
then calculated a Syntax-LCM score, which is a typical Abstraction score modified to
include syntactic features (SF):

([DAV+ ConcreteSF] × 1)+ ([IAV+ VerbSF] × 2)+ (SV × 3)+ ([ADJ+ AdjectiveSF] × 4)

(DAV+ ConcreteSF+ IAV+ VerbSF+ SV+ ADJ+ AdjectiveSF)
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Notably, this approach did not include NNs. Nevertheless, the analyses demonstrated that
manual codes from three separate data sets had a stronger correlation with Syntax-LCM
than the LCM Dictionary and that the Syntax-LCM made a unique contribution beyond
that of the LCM Dictionary in predicting abstraction scores based on manual codes.

Based on a review of the various automated approaches to the coding of concreteness,
Yeomans (2021) found that the expression of concreteness is domain specific (i.e., a
product of the area or context), in that automated and manual concreteness codes were
more strongly correlated within specific domains rather than across domains. Given
this, he recommends manual coding, machine learning, or word-level approaches to the
automated coding of concreteness. Though both LCM-based measures performed well
in descriptive texts, they performed less well in other domains (e.g., advice). However,
this might be expected given that the LCM arose out of research on the causality implicit
in various descriptions of behavior (Semin, 2012). Thus, it is arguable, and in line with
Yeoman’’s (2021) findings, that LCM-based measures are best suited to that domain.
The lower performance of the LCM-based measures in other domains may also be
expected considering that the manual codes of concreteness were not based on the
LCM, but rather a subjective evaluation of the texts along various dimensions, including
specificity, actionability, abstractness/generality, or, most simply, condition based on the
manipulation of construal level. One could argue that a strong association between
LCM-based codes and these types of manual concreteness should not be expected. In
any case, these two LCM-based measures tend to be positively correlated (Yeomans,
2021) and are the most appropriate within the descriptive texts typical of the linguistic
bias paradigm as well as being the most interpretable, in that they align well with
manual codes of the LCM. It is for these reasons that we will focus on these two auto-
mated approaches to abstraction coding in the current study.

These automated approaches to the calculation of abstraction offer a substantial reduc-
tion in the time, effort, and resources required to manually code abstraction. However, they
are not sufficient to capture the meaning of Linguistic Intergroup Bias because the impact
of abstraction changes depending on the nature of the context. A negative bias, for
example, would be the use of abstract language to maximize the impact of an undesirable
behavior (she is a liar) whereas a positive bias would be the use of abstract language to
maximize the impact of a desirable behavior (she is a caregiver). Importantly, a determi-
nation of whether a single text about a specific person or social group is biased relies on the
balance of abstraction of both desirable and undesirable behaviors. The Linguistic
Intergroup Bias is usually determined by a two-way interaction between content (desirable
versus undesirable behavior) and group membership of the described person or social
group (e.g., ingroup versus outgroup member) on abstraction scores. In cases where
there is only one social group involved or where a single measure of bias is needed
(e.g., Maass et al., 1995), a bias index is used. The calculation of a bias index is typically:

Desirable Abstraction − Undesirable Abstraction

A bias score for a single text thus ranges from −5 (negative bias) to +5 (positive bias),5

with scores at, or around, 0 indicating a lack of bias—or an equal balance in the abstracted
depiction of desirable and undesirable information.

348 Journal of Language and Social Psychology 44(3-4)



There has been much research on the automated detection of bias. Researchers have,
for example, created models to detect explicit social biases in Wikipedia articles (e.g.,
Field et al., 2022; Hube, 2017), classify hate speech on Twitter (e.g., Davidson et al.,
2017), identify linguistic indicators of fake news (e.g., Rashkin et al., 2017) and media
bias (e.g., Spinde et al., 2021), and describe framing devices in media coverage of
police violence (e.g., Ziems & Yang, 2021). However, to date, there has been no pub-
lished attempt to automate the detection of Linguistic Intergroup Bias, as defined and
used within the linguistic bias paradigm. To address this gap, we present our develop-
ment of an automated method to detect Linguistic Intergroup Bias, which involves
combining automated LCM-based measures of abstraction along with sentiment
analysis.

Manually Coded Data

For the development of our methods, we used unpublished data from a previous study
(Collins et al., 2018). In this study, 80 participants were randomly assigned to one of
two versions of a biased text, which described 12 behaviors of one fictional group
member. The texts included six examples each of desirable ( friendly, hospitable)
and undesirable (intrusive, sexist) behaviors. In the positively biased version of the
text, desirable behaviors were described using abstract language and undesirable
behaviors were described using concrete language. In the negatively biased version
of the text, desirable behaviors were described using concrete language and undesir-
able behaviors were described using abstract language. A pilot study ensured that con-
crete and abstract descriptions were perceived by participants as equally desirable or
undesirable in valence.

Participants in the study believed they were evaluating the usefulness of secondary
information in textbooks. The biased text was ostensibly an excerpt from an ethnogra-
phy featured in an Anthropology textbook. After exposure to the biased text, partici-
pants were asked to describe the fictional group member and the events from the
text as they would to friends. More specifically, the question was

Imagine that a couple of your friends are going to [the fictional country]. You want to help
your friends know what to expect on their trip. Please describe [name of fictional group
member] and the events reported in the ethnography as you would describe them to
your friends. Try to be as accurate and detailed as possible.

Participants were able to write their response in an open text box with no character
limit. We did not measure or control the degree to which participants repeated the exact
behaviors described in the biased text.

Of the 80 resultant texts, four were excluded because they did not answer the ques-
tion (n= 3) or showed awareness that the described group was fictional (n= 1), leaving
a total of 76 texts that were manually coded for linguistic bias by two independent
raters who were blind to both the study’s purpose and participant condition. The
coders were first provided with information on how to code for the LCM via familiarity
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with the original LCM article by Semin and Fiedler (1988) and a coding manual by
Coenen, Hedebouw, and Semin (personal communication, May 19, 2014). KC
explained the process, provided an example, answered questions, and created a tem-
plate spreadsheet with one text per row and columns for desirable content, undesirable
content, and abstraction.

Though the nature of the question ensured that most sentences were relevant, coders
were instructed to first identify relevant statements or those that were about the fictional
group or fictional group member. Coders then determined valence by determining
whether the statement was positive or negative and assigned it a value from 1 to 5
in correspondence to the levels of the LCM with the inclusion of nouns (Carnaghi
et al., 2008). Finally, coders calculated a mean score separately for desirable and unde-
sirable content. KC merged the spreadsheets for analysis.

Interrater reliability of both valence and abstraction was assessed separately using
Cohen’s kappa, as calculated by the irr package version 0.84.1 (Gamer et al., 2019)
for R version 4.3.2 (R Core Team, 2023) with confidence intervals by the psych
package version 2.4.3 (Revelle, 2024). Based on Cohen’s unweighted kappa for cate-
gorical data, there was almost perfect agreement between raters on valence, κ= .910,
95% CI [0.868, 0.952], p< .001, indicating that 82.81% of data were reliable
(McHugh, 2012). A weighted version of Cohen’s kappa was used for interrater reliabil-
ity of abstraction, given that this data involves more than two ordinal levels. Interrater
reliability was substantial, κ= 0.855, 95% CI [0.794, 0.916], p< .001, indicating that
73.10% of data were reliable (McHugh, 2012). Discrepancies were resolved by an
expert independent rater, who was also blind to the study’s purpose and participant
condition, except in three cases that were missed by the expert rater. In these cases,
the mean score was used.

The results indicated that, in general, participants expressed a Linguistic Intergroup
Bias that corresponded with the biased text to which they were exposed. That is, those
participants exposed to the positively biased text expressed a bias in which they
described desirable behavior abstractly and undesirable behavior concretely. Those
participants exposed to the negatively biased text expressed the opposite pattern,
though this trend was not significant. This original data provided a corpus of texts
alongside manually coded LCM abstraction scores, as well as a bias index that was cal-
culated based on the abstraction scores and the un/desirable nature of the described
behavior.

autoLIB Development

Our aim was to develop an automated approach to the coding of Linguistic Intergroup
Bias or autoLIB. To do this, we compared eight automated approaches that were gen-
erated based on six existing methods from natural language processing. There were
four main steps. The first step was to break down each available text into smaller
units or tokens for analysis, which is generally referred to as tokenization. The
second step was to identify the sentiment or overall desirability (positivity or negativ-
ity) of each token. The third step was to code each token for linguistic abstraction
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according to the LCM, which resulted in an abstraction score for each token and mean
abstraction scores for desirable content and undesirable content within each text. The
fourth and final step was to calculate a bias index based on the mean abstraction scores
for desirable and undesirable content within each text. These steps are outlined below
in further detail.

Sentence Tokenization

The first step was to split the original 76 texts into individual sentences, similar to the
approach of Johnson-Grey et al. (2020). We used two methods of sentence tokeniza-
tion that were freely available through BUTTER3, a free and open-source software
that provides an interface to access a wide range of text analysis tools without requiring
the use of programming, and R. First, from BUTTER, we used the regular expression
below, which segmented the texts into a total of 262 sentences:

(? < ! \ w \ . \ w.)(? < ![A− Z][a− z] \ .)(?< = \.| \ ?) \ s
The mean number of words per sentence was 15.72 (SD= 7.95). Second, we used the
tidytext package (version 0.3.2; Silge & Robinson, 2016) to segment the texts into a
total of 253 sentences. The mean number of words per sentence was 16.28 (SD= 8.41).

Sentiment Analysis

The second step was to use established methods for sentiment analysis to categorize
each sentence into desirable and undesirable content. We compared two methods of
sentiment analysis, both of which were implemented using BUTTER. At the time
we started this work, we chose VADER and CoreNLP based on both accessibility
and performance, though technological advancements in the field of natural language
processing mean that there are a variety of other methods that could be tested.

First, we used VADER-tots,7 which tries to disambiguate positive and negative
words in a simple but effective manner. It is based on the open-source VADER
(Valence Aware Dictionary and sEntiment Reasoner) sentiment analysis tool (Hutto
& Gilbert, 2014) and its port to other systems,8 which is specifically attuned to the
short texts typical of social media. The ultimate classification of a sentence from this
approach uses the “compound” measure, which weighs in both positive and negative
scores into a composite score. If the compound measure is greater than .05, then it
treats the statement as positive, and if the compound measure is less than −.05 is
treated as negative. Compound measures between −.05 and+ .05 are classified as
neutral.

Second, we used Stanford’s CoreNLP framework9 (Manning et al., 2014) for senti-
ment analysis. The CoreNLP framework is a suite of text analysis tools written in Java,
including parts-of-speech tagging (Toutanova et al., 2003) and sentiment analysis
(Socher et al., 2013). CoreNLP sentiment analysis accounts for the context of a
word (e.g., contrasting conjunctions and negations), making it more sophisticated
than simply categorizing words based on their definition (e.g., terrible, great). In
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this method, each sentence is classified into 1 of 5 categories: “Very Negative,”
“Negative,” “Neutral,” “Positive,” and “Very Positive.”

It is important to note that both methods of sentiment analysis process the sentence
as an entire unit. More specifically, both VADER and CoreNLP assign a single senti-
ment score to the entire sentence based on the overall sentiment conveyed. This means
that the nuances of mixed sentiment may not be fully captured when sentences contain
clauses of opposing sentiment, which is a known issue in sentiment analysis. In this
study, sentences were aggregated by participant thereby minimizing the noise from
more complex linguistic constructions.

LCM Abstraction

The third step was to use previously established methods for automated coding of
abstraction for all sentences: LCM Dictionary (Seih et al., 2017) and Syntax-LCM
(Johnson-Grey et al., 2020).10 Both methods for LCM coding produce an abstraction
score, which ranges from 1 to 5 with a higher number indicating more abstraction
similar to abstraction scores from manual coding.

The LCM Dictionary, as used in LIWC (Pennebaker et al., 2007), contains only
DAVs, IAVs, and SVs. Seih et al. (2017) then used the open-source TreeTagger to
count ADJs and NNs. Similar to Johnson-Grey et al. (2020), we identified
parts-of-speech using the widely used Stanford.NLP.NET POS Tagger,11 again via
BUTTER. From the output, the columns for “JJ”, “JJR”, “JJS” were summed to
obtain a count of ADJs, and the columns “NN,” “NNS,” “NNP,” “NNPS” were
summed to obtain a count of NNs based on the Penn Treebank.12 The LCM
Dictionary approach most clearly aligns with the manual coding of the LCM. It
involves the automated identification of the various word categories of the original
LCM (Semin & Fiedler, 1988), resulting in an abstraction score with the same range
and interpretation of manually coded abstraction scores.

The Syntax-LCM approach (Johnson-Grey et al., 2020) builds on the LCMDictionary
approach to include both part-of-speech tags and syntactic features to approximate
abstraction scores (as described earlier). The calculation involves combining the
weights derived from the LCM along with syntactic features (that identify verbs and
adjectives) within each sentence. Johnson-Grey et al. (2020) argue that these syntactic fea-
tures are appropriately included in LCM calculations given that syntax is often used to
help determine word categories. Despite the addition of syntactic features, the abstraction
score derived using the Syntax-LCMmethod follows the same range and interpretation as
manually coded LCM abstraction scores. The scores were computed in R using modified
scripts available as supplementary files from Johnson-Grey et al. (2020).

Bias Index

In the final step, we calculated a bias index. When VADER was used for sentiment
analysis, mean abstraction for the negative sentences was subtracted from the mean
abstraction for the positive sentences, and the neutral category was ignored. When
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CoreNLP was used for sentiment analysis, mean abstraction for the sentences classified
as Very Negative and Negative was subtracted from the mean abstraction for the sen-
tences classified as Very Positive and Positive, and, again, the neutral category was
ignored. Positive and negative categories are referred to as desirable and undesirable
content, respectively, to avoid confusion with the positively and negatively biased con-
ditions of Exposure. A positive bias score indicates a higher level of abstraction for
desirable content compared to undesirable content, a negative bias score indicates a
higher level of abstraction for undesirable content compared to desirable content,
and a bias score around 0 indicates no difference in the level of abstraction between
desirable and undesirable content.

Results

Comparison of Automated Methods to Manual Coding

Correlations. Each generated automated bias index was correlated with the original
manually coded bias index. As shown in Table 1, the bias indices from all automated
methods were highly (p < .001) and strongly (>.30; Gignac & Szodorai, 2016; >.33
Weinerová et al., 2022) correlated with the bias index based on manual codes.
Sentence tokenization made little difference in the correlations. Methods using
VADER for sentiment analysis resulted in slightly stronger correlations with the man-
ually coded bias index. Approaches with both CoreNLP and Syntax-LCM seem to
have slightly weaker correlations with the manually coded bias index.

These relationships are shown visually in Figure 1. The confidence intervals for all
methods were narrowest near zero or neutrality, and widest at the extremes or regions

Table 1. Correlations between automated bias indices and manually coded bias index.

Tokenization Sentiment Abstraction
Bias index

r
Min M (SD) Max df= 74

Manually coded texts −4.00 0.25 (1.89) 4.30 1
regex VADER LCM Dictionary −3.92 1.99 (2.06) 4.20 .446***

Syntax-LCM −2.44 1.28 (1.34) 3.25 .457***
CoreNLP LCM Dictionary −4.20 −0.54 (2.31) 4.19 .391***

Syntax-LCM −3.20 −0.33 (1.51) 3.25 .358**
tidytext VADER LCM Dictionary −3.92 1.98 (2.05) 4.20 .443***

Syntax-LCM −2.44 1.30 (1.33) 3.25 .460***
CoreNLP LCM Dictionary −4.20 −0.57 (2.37) 4.19 .388***

Syntax-LCM −3.20 −0.37 (1.53) 3.25 .354**

Note: Bias indices using manual coding and LCM Dictionary can range from −5 to +5 and bias indices using
Syntax-LCM can range from −4 to +4. A positive score indicates a positive bias, a negative score indicates a
negative bias, and scores at or near zero indicate neutrality. The table presents observed minimum, mean,
and maximum for each bias index, and the correlation between each automated bias index and the bias index
resulting from manual coding. **p≤ .01; ***p≤ .001.
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indicating bias. Methods using VADER had a narrower confidence interval in the pos-
itive bias region and a wider confidence interval in the negative bias region, suggesting
that use of VADER leads to more estimates of positive bias. Methods using CoreNLP
had more regular confidence intervals, with those in combination with LCMDictionary
having the narrowest confidence intervals throughout the range. Further, these methods
appear to result in three groups corresponding to negative bias, neutrality, and positive
bias, with most estimates occurring in the neutral region.

The automated bias indices were also significantly and strongly correlated with each
other. In Figure 2, the correlation matrix is arranged to best show the pattern of relation-
ships. From the correlations, we can see that both sentence tokenization and LCM-based
coding made little to no difference. Further, approaches with the same sentiment analysis
method tend to be more highly correlated together: VADER with other VADER
approaches and CoreNLP with other CoreNLP approaches, with lower, but still signifi-
cant correlations, across methods of sentiment analysis. A visual examination of histo-
grams showed that most automated variables may not align with a normal distribution.

Replication of Original Results

Our aim was to use the eight generated automated approaches to replicate the results of
the original study, which involved three main parts. First, a mixed analysis of variance

Figure 1. Scatterplots between automated bias indices and manually coded bias index.
Note: The y-axis is manually coded bias, while each plot shows a different automated bias index along the x-
axis, with the line of best fit and 95% confidence interval. Rows represent sentence tokenization, with the
first row being regex and the second row being tidytext. VADER methods appear in the four plots to the
left, while CoreNLP methods appear in the four plots to the right.
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on abstraction scores to determine whether participants described desirable and unde-
sirable behaviors of the fictional group using different levels of abstraction based on the
text to which they were exposed. Second, an examination of the pattern of means and
simple main effects of this interaction. Third, a simplified t-test of the effect of expo-
sure on bias indices.

Mixed Analysis of Variance. In the original data, the assumption of normality was vio-
lated as tested with Shapiro‒Wilks. However, given that our sample sizes are relatively
equal (n1= 43, n2= 32), the single univariate outlier was removed, degrees of freedom
for error was greater than 20 (dfe= 73), and the use of a two-tailed test, we can expect
analysis of variance to be robust to this violation (Tabachnick & Fidell, 2007, pp. 87,
319). In fact, F tests are robust to even severe departures of normality (Blanca et al.,
2017). The assumption of homogeneity of variance was violated according to
Levene’s test, but not according to the Fmax test (Fmax ratio= 4.58) so we proceeded
with a mixed analysis of variance.13

Figure 2. Simplified correlation matrix.
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We thus conducted a 2 (Exposure: Positively Biased Text or Negatively Biased
Text) × 2 (Content: Desirable and Undesirable) mixed analysis of variance on mean
levels of abstraction, with Exposure as a between-subjects variable and Content as a
within-subject variable. The desirability of the coded Content was determined by the
independent raters. There was no significant main effect of Exposure, F(1, 73)=
0.459, p= .500, meaning that the mean level abstraction did not differ between
those exposed to the positively biased versus negatively biased texts. There was no sig-
nificant main effect of Content, F(1, 73)= 2.728, p= .103, meaning that the mean level
of abstraction did not differ for desirable and undesirable content. There was, however,
a significant interaction between Exposure and Content, F(1, 73)= 5.622, p= .020,
η2G= .038, as hypothesized. The results of the mixed analysis of variance for manually
coded abstraction scores can be seen in top row of Table 2. Table 3 shows the pattern of
means with subscripts to indicate the significance of all pairwise comparisons.

Though there were similar issues in meeting the assumptions for mixed analysis of
variance on abstraction scores from automated approaches, we decided to conduct the
same analysis on untransformed mean abstraction scores generated from each auto-
mated method to aid both comparison and interpretability. As shown in Table 2, auto-
mated methods using CoreNLP for sentiment analysis were best able to replicate the
original results, with the interaction reaching significance. However, the pattern of
simple main effects for those interactions were opposite to those based on manual
coding (Table 3).

We also note that both VADER and CoreNLP seem to result in a greater distinction
between desirable and undesirable content in comparison to human coders (Table 3),
with VADER methods resulting in a pronounced main effect of Content. Though this
demonstrates the efficacy of VADER in detecting sentiment, such a strong effect may
potentially overshadow the more subtle yet theoretically important interaction effect. In
support of this interpretation, methods using VADER did not result in a significant
interaction, while methods using CoreNLP did (Table 2).

Table 2. Main and interaction effects of the mixed analysis of variance on abstraction scores.

Method Exposure Content Exposure × content

Manually coded texts .500 .103 .020
regex VADER LCM Dictionary .292 <.001 .092

Syntax-LCM .467 <.001 .118
CoreNLP LCM Dictionary .310 .078 .022

Syntax-LCM .237 .099 .042
tidytext VADER LCM Dictionary .322 <.001 .104

Syntax-LCM .597 <.001 .148
CoreNLP LCM Dictionary .569 .069 .032

Syntax-LCM .520 .064 .042

Note: This table presents p values for both main effects and the interaction term from a mixed analysis of
variance on each bias index. Values for effects that are significant are in bold text.
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Pattern of Means. In the original study, participants expressed a linguistic bias that
aligned with the text to which they were exposed. As shown at the top of Table 3, par-
ticipants exposed to a positively biased text had a significantly higher mean abstraction
for desirable content than for undesirable content (p= .003, η2G= .137). Though
participants exposed to the negatively biased text had a slightly higher mean abstrac-
tion for undesirable content than for desirable content, this difference was not signifi-
cant (p= .626).

As can be seen from Table 3, there is little difference in the pattern of means
between using regular expression and tidytext for sentence tokenization. When
CoreNLP was used for sentiment analysis, the pattern of means aligns with those
based on manual codes, though the significance of simple main effects differs.
When VADER was used for sentiment analysis, only the pattern of means for those
exposed to the positively biased text is in line with those based on manual codes.
More specifically, the use of VADER appears to lead to a positive bias, with more
content being identified as desirable (Figure 1) and with desirable content having
higher abstraction regardless of condition (Table 3).

Welch’s Test. We conducted a simplified alternative analysis on the bias indices. A one-
tailed Welch’s t-test for independent samples was run on each bias index with
Exposure as the independent variable. In all cases, the test was significant or approach-
ing significance, as shown in Table 4. Importantly, only bias indices built with
CoreNLP had means that would be similarly interpreted as the manually coded bias
index based on sign, but not based on magnitude. That is, the scores for those
exposed to the positively biased text would likely be interpreted as close enough to
zero to indicate no bias. Bias indices built with VADER led to positive means

Table 3. Pattern of means and pairwise comparisons.

Method Exposure
Positively biased Negatively biased

Content Desirable Undesirable Desirable Undesirable

Manually coded texts 3.39a 2.53b 2.74a,b 2.89a,b
regex VADER LCM Dictionary 3.53a 1.06b 2.90a 1.24b

Syntax-LCM 2.19a 0.63b 1.84a 0.77b
CoreNLP LCM Dictionary 2.76a,b 2.61a,b 1.89a 2.96b

Syntax-LCM 1.70a,b 1.64a,b 1.16a 1.80b
tidytext VADER LCM Dictionary 3.51a 1.06b 2.90a 1.24b

Syntax-LCM 2.18a 0.63b 1.88a 0.78b
CoreNLP LCM Dictionary 2.62a,b 2.53a,b 1.89a 2.97b

Syntax-LCM 1.62a,b 1.59a,b 1.16a 1.85b

Note: Subscripts show the significance of all pairwise comparisons across rows. Means with the same
subscript (e.g., 3.39 and 2.74 in the first row) are not significantly different, whereas means with different
subscripts (e.g., 3.39 and 2.53 in the first row) are significantly different.
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across conditions, which would lead to significant deviations from an interpretation
based on the manual codes.

Discussion

Our study presented the development and investigation of eight related automated
approaches to the detection of Linguistic Intergroup Bias, which involved constructing
all possible combinations of six existing approaches to sentence tokenization, automated
coding of the LCM (involving dictionary approaches, parts-of-speech tagging, and syn-
tactic features), and sentiment analysis. The similarly sized (.354≤ r≤ .460) and highly
significant (.00003≤ p≤ .00171) correlations suggest that all automated approaches pro-
duced scores that were good approximations of the manual codes. It is important to note
that these correlations were achieved without the influence of shared method variance,
which likely results in more conservative estimates. Nonetheless, these correlations are
significant and are considered substantial within the broader context of psychological
research (Gignac & Szodorai, 2016; Weinerová et al., 2022), where the observed range
of correlations is lower likely due to the complexity of the constructs being measured
and the diverse methods employed. This indicates that automated methods, despite differ-
ences in operationalization, do capture relevant constructs akin to those assessed by
human coders, which supports their convergent validity and potential utility in psycholog-
ical research. These results are thus promising and suggest that automating the detection
of Linguistic Intergroup Bias through computerized language analysis is not only possible
but may not require more complex computational methods.

While recent technological advancements in machine learning and deep learning are
exciting, they are not always the best choice for every application. If we were to use
such techniques for automated Linguistic Intergroup Bias detection, it would require
training an algorithm on manually coded data and developing a complex model
to predict scores accurately. However, this approach has two significant drawbacks:
(1) it demands a very large amount of training data, which is hard to produce within
the linguistic bias paradigm, and (2) it results in an opaque solution, making it
unclear how the algorithm makes decisions or what features it uses.

Instead, this study employs a method that is transparent and explainable, closely
mirroring how a human would manually code the data. This theory-driven,
top-down approach is particularly important for social science applications, where
understanding the psychological mechanisms behind language is crucial. Any auto-
mated method for Linguistic Intergroup Bias detection must also involve the identifi-
cation of its unique linguistic formulation, given that this is what distinguishes it from
other linguistic biases. The correlations achieved with this method, peaking at .460, are
impressive and demonstrate that simpler, theory-driven techniques can be not only suf-
ficient but perhaps even more suitable than complex, data-driven methods for the auto-
mated detection of Linguistic Intergroup Bias. The effectiveness and rationale behind
this approach are noteworthy, particularly as these preliminary results were achieved
with “off the shelf” methods that were selected for their theoretical relevance, and
they required minimal data for testing and no additional tuning.
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From the correlations and the pattern of results, we find that different methods of
sentence tokenization and LCM-based abstraction coding do not make a meaningful
difference in bias detection. The main difference in approaches came from the selection
of sentiment analysis methods (VADER or CoreNLP), though either method resulted
in bias scores that were significantly and strongly correlated with the manually coded
bias index. VADER approaches were slightly more strongly correlated with the man-
ually coded bias index and CoreNLP approaches were better able to replicate the orig-
inal pattern of means but not the significance pattern for simple main effects. Further,
CoreNLP approaches were more likely to lead to means that would be interpreted sim-
ilarly, though not exactly, as means based on manual coding.

That method of sentiment analysis made a larger difference than sentence tokeniza-
tion or LCM-based coding is not surprising given that the former is relatively more
subjective than the latter. While sentence tokenization and LCM-based coding
methods are based on grammar and syntax, which can be constructed based on a
series of rules and definitions, sentiment analysis relies on interpretation of the
meaning of a sentence. This means that, by the nature of this variable, there is a
larger margin for differences based on the algorithm used. Based on the results, an
automated approach using CoreNLP may be preferable to one based on VADER,
given the tendency for research on the Linguistic Intergroup Bias to rely on interpre-
tation of the pattern of means. However, VADER was developed specifically for
Twitter linguistic data so it may be preferable for use in social media contexts, in
which unique linguistic norms have emerged (Benamara et al., 2018).

It is important to note that the LCM-based measures differ slightly in their interpre-
tation. While the LCM Dictionary method results in scores that have a one-to-one cor-
respondence with manually coded abstraction scores, the Syntax-LCM method does
not, given that it incorporates syntactic features in the identification of levels of the
LCM. Previous research found that Syntax-LCM scores were more strongly correlated
with manually coded abstraction than LCM Dictionary scores (Johnson-Grey et al.,
2020), but, in our correlations between bias indices, we found that neither method
led to consistently stronger correlations. More specifically, approaches with
Syntax-LCM were more strongly correlated with manually coded bias when combined
with VADER and approaches with LCM Dictionary were more strongly correlated
with manually coded bias when combined with CoreNLP. Given the greater interpret-
ability of these scores, and that LCM-based methods did not impact the pattern of
results, we recommend that future automated approaches rely on the LCM
Dictionary method.

Our study thus suggests that an automated approach built on CoreNLP sentiment
analysis and LCM Dictionary abstraction coding is recommended, with sentence toke-
nization making little or no difference. However, this study is limited in several ways.
First, our analysis is based on a small corpus of texts. While the manual coding of a
small number of texts is typical within the linguistic bias paradigm, given the difficult
process of manual coding, a large and diverse corpus or corpora are ideal for develop-
ing and refining automated methods for natural language processing. Given this, we are
building a larger corpus of manually coded texts for further testing of these automated
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methods. It would also be preferable to test these automated methods on not one but
multiple sources of texts, as context could impact the performance of these methods.
That is, we are not able to verify whether these automated methods will perform the
same across domains without further research.

Our texts were also particularly suited to detecting Linguistic Intergroup Bias as
participants were asked to describe a (fictional) social group. Given this, most texts
were relatively easy to manually code: Straightforward and focused on a single relevant
topic, often with the targeted social group in the subject position of simple and actively
phrased sentences. Linguistic Intergroup Bias is only applicable to descriptions of
behavior by a performer from a specific social group of interest. In the manual
coding of naturally produced texts, such as newspaper articles, only relevant sentences
will be coded. We must consider then that naturally produced texts are not always so
homogeneous—texts may involve the discussion of various groups, for example, or no
social group at all. Using any one of these automated approaches on natural language
would thus involve first identifying which sentences are about a social group of inter-
est, which we had no need to do in this study. However, even if not able to select rel-
evant sentences, this approach would still represent time-savings for researchers if they
need only select relevant sentences and not manually code them.

Despite the relative ease of these automated approaches compared to manual coding
of linguistic bias, they are still difficult for researchers to implement without computer
programming experience or collaboration with computer scientists. These approaches
variously require different software, both proprietary and open source, some only
available on certain operating systems, as well as familiarity with different frameworks
of linguistic analyses (e.g., parts-of-speech tagging, CoreNLP), then merging multiple
data sets from these different sources. Given this, these automated methods are not fea-
sible for many researchers. Future research should develop a simplified method of
Linguistic Intergroup Bias detection, such as a dedicated R package or BUTTER
plugin, which would make these methods more accessible. It will then be much
easier for future researchers to test these methods within different domains and
refine them as necessary.

It is important to acknowledge that a bias found with these automated approaches to
the coding of Linguistic Intergroup Bias may not only represent the Linguistic
Intergroup Bias. Stereotypes tend to be disproportionately negative and disadvantage
outgroups, meaning that the examination of abstraction as a function of valence
could also be capturing a Linguistic Expectancy Bias. It can also be argued that the
texts in this study, specifically, better reflect a Linguistic Expectancy Bias, since the
design of original study involved a fictional group without reference to the ingroup—pre-
sumably leading to epistemic and not ingroup protective motivation. That is, it is
believed that when there are stereotypic expectancies available and a lack of context
that encourages the promotion or protection of the ingroup (e.g., competition, ingroup
threat), then cognitive processing, and ergo the Linguistic Expectancy Bias, will occur
(Maass, 1999). Thus, it must be understood that though our methodological approach
to automation mirrors that of coding for the Linguistic Intergroup Bias, it may also
capture the Linguistic Expectancy Bias.
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Historically, the distinction between the Linguistic Intergroup Bias and the
Linguistic Expectancy Bias relies on a determination of the processes that underlie
their expression. Maass (1999) suggests, however, that the Linguistic Intergroup
Bias is likely a function of both expectancies and ingroup protection motivations
and concludes that the two biases may lead to identical outcomes in language.
Ultimately, it is not possible to identify the process responsible for biased expres-
sion based on an examination of language alone. That is, in an examination of lan-
guage alone, especially natural language that is generated outside of manipulated
and controlled experimental situations, one cannot determine whether the language
was due to motivated or cognitive processing. Further, the distinction between
these two biases may not be relevant or conceptually important for researchers
who are interested in the reception of language and examine language to infer
beliefs: The critical point that language reflects our culture, attitudes, and beliefs
remains the same. It may thus be argued that it is more appropriate to refer to the
automated detection of “linguistic bias” and thereby avoid the distinction alto-
gether. In the same way, automated coding of Linguistic Intergroup Bias may
not be a viable approach for those researchers interested in the specific mechanics,
context, and underlying processing involved in the expression or production of
linguistic biases.

In sum, this study is the first to present automated approaches to the detection of
Linguistic Intergroup Bias. Though all examined automated approaches provide a
good approximation of manually coded Linguistic Intergroup Bias in terms of cor-
relations, we recommend an automated approach built on CoreNLP sentiment anal-
ysis and LCM Dictionary abstraction coding based on the pattern of means and ease
of interpretation. Despite the limitations of this study, it is a first step towards a
much-needed methodological advancement within the linguistic bias paradigm.
The development of an automated method to detect Linguistic Intergroup Bias
would fundamentally change how research is conducted within this paradigm—
making research both easier and quicker.

Declaration of Conflicting Interests

The authors declared no potential conflicts of interest with respect to the research, authorship,
and/or publication of this article.

Funding

The authors disclosed receipt of the following financial support for the research, authorship, and/
or publication of this article: This article draws on research supported by the Social Sciences and
Humanities Research Council (grant number: 430-2020-00212).

ORCID iDs

Katherine A. Collins https://orcid.org/0000-0001-8833-7203
Ryan L. Boyd https://orcid.org/0000-0002-1876-6050

362 Journal of Language and Social Psychology 44(3-4)

https://orcid.org/0000-0001-8833-7203
https://orcid.org/0000-0001-8833-7203
https://orcid.org/0000-0002-1876-6050
https://orcid.org/0000-0002-1876-6050


Notes

1. https://mediabiasfactcheck.com
2. https://www.allsides.com/unbiased-balanced-news
3. It should be noted that the inclusion of nouns is by no means standard. Carnaghi et al.

(2008) found that, in comparison to adjectives, nouns were perceived to provide more
information about the described person, imply a longer duration, and allow for better
predictions about the future, in line with the cognitive implications of the Linguistic
Category Model (Semin & Fiedler, 1988). However, nouns may be more easily visual-
ized, similar to concrete verbs, so their position as the most abstract level of the LCM
may be contested.

4. https://www.cis.lmu.de/∼schmid/tools/TreeTagger/
5. When nouns are excluded, bias scores range from -4 (negative bias) to +4 (positive bias).
6. https://www.butter.tools/
7. https://github.com/ryanboyd/VADER_Tots
8. https://github.com/codingupastorm/vadersharp
9. https://stanfordnlp.github.io/CoreNLP/additional.html
10. We also calculated scores using Brysbaert et al.’s (2014) approach and found a similar

pattern of results. This method is not presented as we opted to use the automated
methods that are more easily interpretable and comparable to the meaning of the LCM as
used within the linguistic bias paradigm, as outlined in our introduction. These methods
are also less computationally intensive.

11. http://sergey-tihon.github.io/Stanford.NLP.NET/samples/POSTagger.html
12. https://www.ling.upenn.edu/courses/Fall_2003/ling001/penn_treebank_pos.html
13. To increase our confidence in the results, we also transformed our dependent variable of

manually coded abstraction using a reflected square root and various reflected logarithmic
transformations, following the procedures outlined by Tabachnick and Fidell (2007, pp. 94–
95). As determined by a visual examination of quantile-quantile plots, the log2 transforma-
tion resulted in an approximately normal distribution. In support of this, the skewness
values of the transformed variable were all less than 1. There was also improved homoge-
neity of variance as shown by the Fmax test (Fmax ratio = 2.94), but not Levene’s Test.
Importantly, the mixed analysis of variance on the reflected log2 transformed abstraction
scores showed the same significant interaction (F(1, 73) = 4.117, p = 0.046, η2G = .026).
There was also a significant main effect of Content (F(1, 73) = 4.417, p = 0.039, η2G =
.028). The interpretation of the pattern of means was also the same (with no difference
between Content for those exposed to the Negatively Biased text and what can be inter-
preted as an increase in abstraction for desirable content for those exposed to the
Positively Biased text). Given that the interaction is the effect of theoretical interest, the
identical pattern of results, and that the meaning of abstraction scores based on the LCM
are well known and easy to interpret, we will report the analysis of untransformed scores.
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