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A B S T R A C T

This article evaluates the reliability, efficiency, and effectiveness of Linguistic Inquiry and Word Count (LIWC; 
Boyd et al., 2022) for the analysis of a white nationalist forum. This is important because LIWC has been the 
computational tool of choice for scores of studies generally and many examining extremist content in a forensic 
or security context. Our purpose, therefore, is to understand whether LIWC can be depended upon for large-scale 
analyses; we initially examine this here using a small sample of posts from a set of just eight users and manually 
checking the program’s automated codings of a subset of categories. Our results show that the LIWC coding 
cannot be relied upon – precision falls to as low as 49.6 % and recall as low as 41.7 % for some categories. It 
would be possible to engage in considerable manual correction of these results, but this undermines its purported 
efficiency for large datasets.

Introduction

Is Linguistic Inquiry and Word Count –LIWC (Boyd et al., 2022) 
–reliable, efficient, and effective for the analysis of large online datasets 
in forensic and security contexts?

No.
Or at least, LIWC cannot be depended upon for accuracy nor be used 

without considerable manual analysis, thereby reducing its efficiency. In 
combination, these two factors reduce the system’s effectiveness for the 
analysis of large online datasets in forensic and security contexts. This is 
important as there are thousands of Google Scholar hits that indicate 
LIWC is being used in these contexts, and none that could be found that 
consider this question.

In forensic and security contexts, an important practice is the lin
guistic and psychological analysis of extremist texts and interactions 
that can be found online. An aim of these analyses can be to achieve a 
deeper understanding of individual and community identities, interests, 
and ideology through examining the language that those individuals use 
to express their views and relate to one another. This type of forum 
represents a particularly important domain to investigate as there has 
been strong evidence showing that individuals who have committed 
violent crimes (e.g., Anders Brevik) have expressed their beliefs on such 
fora. As such research on deviant online communities such as this far 
right fora, are increasingly seen within the study of forensic linguistics 

(see e.g. Newsome-Chandler and Grant, 2024) as a contribution to 
tackling online crime. In addition to linguistic research, approaches can 
be psychological (e.g., Miron and Douglas, 1979), or sociological, such 
as social actor analysis (van Leeuwen, 1996) as used by Booth (2023b). 
Methods in such work can then be manual (Shuy, 2014), computer 
assisted (Baker and Vessey, 2018), or wholly computational 
(Pennebaker and Chung, 2009).

Manual approaches –which might include discourse analysis ap
proaches such as appraisal analysis from within linguistics (Martin and 
White, 2005), or content/thematic analysis from within psychology 
(Braun and Clarke, 2006; Gottschalk et al., 1958) –have been argued to 
be more time-consuming, less reliable, and less objective than compu
tational approaches (Tausczik and Pennebaker, 2010). Contrarily, 
however, it might be argued that they have an advantage over 
computerized text analysis (CTA) approaches in that they can provide 
immense detail about the patterns of function and meaning –i.e., in how 
linguistic resources are employed to create meanings, rather than just 
what linguistic forms (words, collocations, syntactic structures) are 
most frequent (Biber et al., 1998; Gales, 2010; Tayebi, 2016).

Computational text analyses –including LIWC –are preferred by their 
advocates because they provide a fast and apparently reliable means to 
examine large quantities of text to extract semantic information just 
based on counts of word forms (Tausczik and Pennebaker, 2010). The 
key advantage is that methods are replicable and this can be an 
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important criteria for some research and operational applications in 
forensic and security contexts. There can be a tension however between 
this reliability and the validity of methods (Grant and Baker, 2001). CTA 
approaches, have been critiqued as not being able to provide the kind of 
“nuanced understanding” (Gales, 2010, p. 53) of functional language 
patterns that manual approaches can offer. Within psychology, the 
wholly automated LIWC software (Boyd et al., 2022) has become the 
increasingly popular choice for a CTA approach. Part of LIWC’s appeal is 
what it was designed to do: identify words or short phrases which 
represent specific psychological constructs (e.g., Pennebaker et al., 
2014). In other words, unlike discourse analytic approaches, LIWC is 
meant to automatically analyze form and function at the same time and 
–in some cases explicitly, in others implicitly –to give a window into the 
psychological drivers behind usage. It does so by classifying each word 
or phrase into one or more of its many “psychologically meaningful 
categories” (Tausczik and Pennebaker, 2010, p. 24), then producing an 
output that shows the percentage of total words in a text that fall under 
each category.

Being a popular choice for CTA, LIWC is very widely used across a 
range of research contexts, not just the psychological context in which it 
was created. The creators themselves cited that a broad Google Scholar 
search for ‘LIWC text analysis’ yielded over 2400 results from just 2021 
(Boyd et al., 2022, p. 13). Replicating this approach for estimating the 
significance of LIWC research confirmed that Google Scholar produced 
27,000 hits in total and running more focused searches with queries such 
as ‘LIWC forensics’ or ‘LIWC security’, produces roughly 1500 and 7500 
hits, respectively; and an even more specific query of ‘LIWC extremism’ 
points to nearly 1000 references to academic papers.

Despite the claims about, and apparent demonstrations of, LIWC’s 
reliability, efficiency, and effectiveness as a method for learning more 
about an author from their language (e.g., Chung and Pennebaker, 
2018b; Tausczik and Pennebaker, 2010), direct evaluations of these 
claims seem almost exclusively to have been done by the originators and 
proponents of the system. Even these evaluations are narrow in focus 
examining the original development within the original research 
context, even though subsequent application of the software has been 
very broad. There are some exceptions in the linguistics literature; 
Lorenzo-Dus and Kinzel (2019) reject the use of LIWC because of 
“non-transparency of some of its analytic variables and a focus on 
de-contextualized words” and Gillings (2024) has similar concerns, both 
from a corpus assisted discourse analysis perspective. It remains the 
case, however, that an independent systematic evaluation of the reli
ability of LIWC has not been carried out. With these observations in 
mind, this paper describes the application of LIWC to interactions on a 
white nationalist, extremist, online forum to determine the benefits and 
limitations of the method, when applied to data relevant to forensic and 
security contexts.

LIWC

Originally developed in the 1990s as part of research into the rela
tionship between physical and psychological health and language use 
(Francis and Pennebaker, 1992), LIWC is currently on its fifth iteration 
(LIWC-22; Boyd et al., 2022). In every iteration of LIWC, there has been, 
at least, a main text processing module, which works by moving 
sequentially word-by-word through each text in a dataset and assigning 
each word or short phrase to one or more of the over 100 categories. This 
is determined by matching that word or phrase to an entry in LIWC’s 
internal dictionary of “over 12,000 words, word stems, phrases, and 

select emoticons” (Boyd et al., 2022, p. 5), which have all been tagged 
with the categories relevant to them. Before this can be done, though, 
the texts must be ‘cleaned’ to remove spelling errors (including mis
spellings and nonstandard spellings) and other formatting problems (e. 
g., it cannot read words separated by punctuation with no space like 
dog/cat) .1 The main analysis output then shows the percentage of the 
total words in the text that fall into each category. The exceptions to this 
are the ‘summary variables’ –clout, authenticity, analytical thinking, and 
emotional tone –which use proprietary algorithms that combine various 
LIWC categories to calculate percentile scores (Boyd et al., 2022). In 
addition to the traditional LIWC analysis module, eight ‘companion 
modules’ were added to LIWC-22 to allow users to analyze their texts in 
different ways. However, for the purposes of this paper, the focus is 
placed on the traditional LIWC analysis module as it has been the central 
feature of the software for all its iterations.

LIWC’s reach into research on topics relevant in forensic and security 
contexts has become extensive, its application in these domains is of 
significant scale, and the questions addressed are potentially very 
important. Much of the research has an applied focus with an eye toward 
providing methods of analysis that would be useful to law enforcement 
and security services for investigative and preventative purposes (Chung 
and Pennebaker, 2018a). Applications include examination of far-right 
extremism and radicalization (Figea et al., 2016; Grover and Mark, 
2019) and related topics like ideology-driven violence (Kaati et al., 
2016), terrorism (Pennebaker and Chung, 2009), and risk assessment 
(Glasgow and Schouten, 2014). Analysis of far-right extremist ideology 
has become increasingly critical in recent years as the support for the 
ideology has increased (Mudde, 2019) and its reach has expanded to a 
global audience with the rise of anonymous web fora (Baumgarten, 
2017). Currently, far-right extremism presents a growing threat world
wide, with terrorist attacks committed by subscribers to the ideology 
accounting for 30 percent of all terrorism-related fatalities in the West 
between 2007 and 2021 (Institute for Economics and Peace, 2022).

In application to extremist texts generally, including analyses of the 
far-right, there are a concentrated group of LIWC categories that receive 
the most attention. These are: 

• anger –words relating to emotional and behavioral expressions of 
anger;

• emotion –words describing feelings and behaviors associated with 
common emotions;

• power –words depicting power dynamics;
• third-person plural pronouns (sometimes pronouns generally); and
• big words –those with six or more letters.

Anger and negative emotion words more broadly have been found to be 
higher for individuals with radical/extremist ideologies and those who 
commit acts of violence (Grover and Mark, 2019; Pennebaker and 
Chung, 2009). The argument is that they are common because these 
individuals harbor intense dissatisfaction with some larger entity (e.g., 
society, government, a particular race). High frequencies of power words 
are argued to indicate a need for power and authority over others (e.g., 
Kaati et al., 2016). It is argued that a higher frequency of third-person 
plural pronouns may indicate a greater amount of ‘othering’ and reflect 
an ‘us versus them’ mindset (e.g., Pennebaker and Chung, 2009). 
Finally, big words are argued to indicate cognitive complexity and have 
been found to be negatively correlated with emotionality (Baele, 2017; 
Kaati et al., 2016). Many of these studies contend that, by using LIWC to 
identify patterns of psychologically meaningful linguistic features, we 

1 From a linguistic research perspective and a forensic linguistic evidential 
perspective, such data cleaning (as is common in computational approaches) 
might be considered problematic in itself: such practices necessarily alter the 
data, making it no longer truly natural language, and could indeed be consid
ered contamination or alteration of evidence if ever used in legal disputes.
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can begin to deepen our understanding of the authors and the groups to 
which they belong (Glasgow and Schouten, 2014; Pennebaker and 
Chung, 2009).

Three immediate observations can be made when reviewing this 
body of research, which in combination suggest a lack of critical ex
amination of LIWC, and which motivated the investigation that led to 
this paper. The first observation is that many studies seem to cite LIWC’s 
widespread use in research as part of the justification for employing it (e. 
g., Drouin et al., 2017; Glasgow and Schouten, 2014; Torregrosa et al., 
2020).

Relatedly, the second observation is that, despite the clear wide
spread use, there appears to be a lot of circular citations within the 
literature. That is, many LIWC studies cite other LIWC studies as 
providing the basis for investigating links between language use and 
psychological characteristics (e.g., Kacewicz et al., 2014; Pennebaker 
et al., 2014). These practices are not necessarily problematic in them
selves more generally, but in this case, they are because they occur 
despite seemingly minimal independent evaluation of the program’s 
functionality being carried out, apart from the reliability and validity 
tests run by the creators themselves (e.g., Boyd et al., 2022) and the 
‘field-testing’ done in the early stages of development (e.g., Pennebaker 
and King, 1999). It should be noted that the earlier iterations (i.e., the 
2001 and 2007 versions) appear to have essentially been ‘black boxes’ 
(which is itself problematic) in that there was not a way to examine 
context or what the program coded under each category, thus making it 
impossible to independently evaluate performance. However, there has 
been at least a color-coding function to examine context with since the 
2015 version (Pennebaker et al., 2015), meaning that the means for 
independent assessment has existed for nearly a decade, but researchers 
have seemingly not capitalized on it.

The final observation is that it appears that the suitability of LIWC for 
analyses on text types far removed from those that were used to create its 
dictionary (like far-right extremist forum posts) is only briefly 
acknowledged in some of these studies (e.g., Figea et al., 2016; Glasgow 
and Schouten, 2014) but not thoroughly investigated. It was built using 
texts from sources such as NYT articles, Twitter posts, and books from 
Project Gutenberg (Boyd et al., 2022) that are subject to more scrutiny 
and greater restrictions on content than extremist fora, and which differ 
from such content in at least one or more other factors like audience, 
mode of communication, and genre. All these contextual factors can 
have a great deal of influence on the meaning-making resources with 
which authors choose to express themselves (Bell, 1984; Biber et al., 
1999; Halliday and Matthiessen, 2014), which would likely impact the 
LIWC output and, in turn, the conclusions that can be drawn from it.

These three observations suggest a lack of empirical rigor that, at the 
very least, presents a major methodological concern, and at most, poses 
a not-so-insignificant risk given the potential high-stakes applications of 
the research within forensic and security contexts.

There are also limitations with the main LIWC analysis module itself 
that may raise concern from a linguistic analysis perspective. The 
biggest limitations of the module stem from how it annotates the data, 
which as mentioned above, is done wholly automatically by working 
sequentially through the text word-by-word (and some short phrases in 
LIWC-22; Boyd et al., 2022). The result is a speedier analysis, but the 
cost is that context and its impact on meaning are not considered. 
Context plays a crucial role in making and determining meaning 
(Halliday and Matthiessen, 2014), and the consequences to being unable 
to consider its influence are (at least) threefold. The first two relate to 
what is lost when analyses are concerned with just decontextualized 
linguistic forms; namely, that there is (1) an inability to fully capture 
implicit meanings and (2) a higher risk of misclassifying forms which 
have more than one possible meaning. Regarding the first point, not all 
meanings are conveyed explicitly; an author can use shared knowledge 
and contextual cues to imply a particular feeling or judgment with 
language that is inherently neutral, ambiguous, or non-evaluative 
(Bednarek, 2009; Don, 2016; Tayebi, 2016). This may include, for 

example, comparing someone to a movie character to imply a positive or 
negative judgment or the use of group-specific language (Don, 2016), 
such as how white nationalist groups use numbers to represent slogans 
conveying hateful or derogatory beliefs (Anti-Defamation League, 
2023). Such context-dependent meanings would necessarily be missed 
by the LIWC analysis as the value assigned to the words or phrases relies 
on shared knowledge.

Regarding the second point, context helps resolve ambiguity be
tween words that look the same (i.e., same form), but may take on 
different meanings (i.e., functions) in different environments (Biber 
et al., 1998). This limitation has been acknowledged by the LIWC cre
ators (e.g., Tausczik and Pennebaker, 2010), but they argue the 
word-count strategy assumes that words carry “psychological informa
tion over and above their literal meaning and independent of their se
mantic context” (Chung and Pennebaker, 2011, p. 7). They also defend 
the program by saying that LIWC uses probabilistic models of language 
use, meaning that with more data, the impact of misclassifications 
would be lessened (Pennebaker Conglomerates, n.d.), using the word 
mad as an illustrative example. Mad is included in the ‘anger’ category in 
LIWC, but it can also denote enthusiasm (they’re mad about each other), 
serve as an intensifier (I’m mad happy), or describe someone as mentally 
unstable (he went mad). The probabilistic models of language use would 
suggest if the positive meaning of mad is meant, it is likely that other 
positive terms will be used elsewhere in the text and that the misclas
sification would not have a significant impact on the overall distribu
tions observed for that data. However, this would not necessarily always 
be accurate, as different communicative contexts will impact the choices 
language users see as available to them in different ways based on fac
tors like audience (Bell, 1984), genre (Swales, 1990), or topic (Biber 
et al., 1999). A further aspect of this which has received less attention is 
the resolution of syntactic ambiguity –verbs such as ‘to go’ and ‘to have’ 
for example, can function either as a main verb or an auxiliary verb and 
will carry very different meanings and functions accordingly. Discourse 
markers such as ‘so’ have many varied uses such as intensifier (so great), 
prompt for another person to speak (So?), summarizer, or new topic 
introducer etc. Failure to factor in discoursal function misses potentially 
significant linguistic evidence, including those useful for assessing per
sonality. As LIWC does not tag the text for part of speech or attempt to 
parse it (standard approaches early in many CTA pipelines), both 
easy-to-resolve and harder ambiguities remain unresolved.

Finally, because the LIWC categories are all separate and the pro
gram cannot consider contextual influence, the output cannot provide 
information about the relationships between elements in the texts. This 
is particularly problematic for being able to identify whether something 
was negated and the source and target of any evaluative language. All of 
these are details that are important for interpreting the linguistic pat
terns (Du Bois, 2007) and without them, the account of the data is 
necessarily incomplete. Knowing the source and target of evaluations 
would allow one to determine what proportion of the evaluation-related 
categories capture the author’s personal views (versus those they attri
bute to, or claim to share with, others) and to whom/what the views 
relate. Regarding negation, multiple problems arise including that the 
output cannot show what types of meanings are most often negated, it is 
unable to capture the difference between some non-negated (e.g., happy) 
and negated (e.g., not happy) expressions, and it cannot identify in
stances of polarity reversal from negation earlier in the sentence (e.g., I 
don’t think I am upset).

Without the above pieces of contextual information or a subsequent 
qualitative analysis, it becomes more difficult to determine the impor
tance of any parts of the LIWC output, interpret the findings, and 
generate any conclusions based off them. This is particularly true with 
texts that have contextual factors that differ greatly from those used to 
create the LIWC dictionary, such as online far-right extremist fora posts.
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Data and methods

Dataset

The corpus from which the data were selected was compiled by 
members of the Aston Institute for Forensic Linguistics and comprises 
posts amounting to 417 million words from around 113,000 usernames2

of a white nationalist3 forum spanning the years 2001–2018. As the 
intent of this study was to check LIWC coding manually, criteria were 
developed to help select a sample small enough to be manually analyzed 
within a reasonable time and resource frame. In other words, the goal 
here is a rich data analysis, not so much a big data analysis, with a view 
to finding examples to tests where LIWC was or was not operating as 
claimed. The choice to analyze just a small sample created some risk: if 
no real problems were found, it would not have been able to provide 
strong positive evidence that LIWC worked well against the claims made 
for it, but if problems were found with a small sample, this could reliably 
be used to infer a more widespread problem. Our approach rests on the 
principle of falsification –a single counter-example, or small number of 
counter-examples may be enough to suggest that an approach or theory 
is flawed, or requires further development before being used.

The sample texts used in this analysis thus came from just eight users 
who collectively posted at different points over a period of ten years of 
the forum’s existence. Following Booth (2023a) work on ‘careers’ 
(essentially posting duration/frequency) within such fora, we selected 
two users who posted within just one year; two who posted within a 
two-year period; two who posted over a three-to-six-year period; and 
two who posted for seven or more years. Within each of the four career 
types, users were selected using a random number generator and suffi
cient posts for each user were randomly selected to amount to a mini
mum of 250 words. While it is not a large dataset, this sample did allow 
for a more in-depth exploration of how LIWC performs when analyzing 
this genre of interaction. The selection of users with different posting 
durations is intended to simply control for any linguistic differences that 
may occur as longer-term participants in their fora might acculturate 
and change their linguistic practices (Booth, 2023a) in such a way as 
could affect LIWC codings. The details of the sample are included in 
Table 1.

Methods

The newest version of LIWC was used (LIWC-22; Boyd et al., 2022) 
for this analysis, as it is the most up-to-date version available. As stip
ulated in the program’s manual, spelling errors (misspellings and 
nonstandard spellings) and other formatting problems (e.g., words 
separated by punctuation without spaces like dog/cat) were fixed in all 
texts prior to uploading them to the program. This is to ensure that it 
reads and classifies as many words as possible.

As mentioned in the above section, several companion modules were 
added to LIWC-22 (Boyd et al., 2022). The main analysis module alone 
does not provide a way to examine the results qualitatively, which as 
will be seen, was a necessary aspect of assessing LIWC’s performance. 
Therefore, although the focus of this analysis is to evaluate the central 
LIWC module, two of the companion modules –the ‘case study’ and 
‘contextualizer’ –were used to aid in this. The case study module allows 
individual files to be processed and has a color-coding option that 
highlights all words/phrases coded under a particular category in the 
text. The color-coding option is not completely new as it was available in 
the 2015 version of LIWC (Pennebaker et al., 2015), but in a seemingly 
less sophisticated form and not as part of a larger module. The con
textualizer displays all the words/phrases coded for a chosen category 
within its immediate context and provides a count of how many in
stances of a given category there are in a text (Boyd et al., 2022). 
Additionally, the creators provide a full downloadable list of all words in 
each category within the program; this was used to help properly track 
the error types described below.

For each of the eight authors, all posts were placed into a single 
document. The individual posts were labelled with single-word tags at 
the top indicating the author and year so they could be distinguished in 
the qualitative analysis. As there are over 100 total categories in the 
program, the focus needed to be narrowed to a more reasonably-sized 
set. Two groups of LIWC categories were selected as sample codes for 
analysis –the most frequently used categories and the most important 
categories that arose out of the literature that applied LIWC to extremist 
texts. Again, the choice to use just a reduced sample of codes creates a 
greater risk of underestimating problems found in LIWC coding rather 
than overestimating any such problems. The first step was to identify 
those categories that were used over 5 % of the time by every author 
–this yielded a list of 19. Eleven of those were then removed for several 
reasons: four were summary categories (e.g., word count); three were 
summary variables (e.g., clout) which cannot be examined qualitatively 
as their formulae, and how the base categories are used and weighted 
within them, are unpublished; three were too broad (e.g., the Linguistic 
category which includes all categories relating to linguistic function); 
and one, cognitive processes, had very similar values to its parent cate
gory, Cognition, which was already in the list. It might be argued that 
excluding subcategories in favor of the parent categories is a flawed 
approach, but it allows a wider examination of LIWC’s performance, 
offering more opportunities for the program to succeed. This left eight 
categories based on the LIWC analysis of this dataset. In addition, the 
literature review of LIWC papers investigating extremists’ writings gave 
rise to a further seven categories, which were identified as important in 
this topic domain and genre. Thus, a total of fifteen categories were 
examined in detail. These categories can be considered broadly repre
sentative of the categorization system of LIWC (three of the categories 
encompass at least nine other sub-categories) although of course it is not 
possible to generalize specifically from these categories into others not 
examined here. The final list is provided in Table 2.

It should be noted that some of the remaining categories in Table 2
are subsets of other categories in the list. For the frequency-based group, 
personal pronouns and auxiliary verbs are subsets of pronouns and verbs, 
respectively; for the literature-based group, positive emotion, negative 
emotion, and anger are subsets of emotion (which is itself a subset of 
affect). The frequency-based group subcategories were kept because 
they feed into at least one of the summary variables (Pennebaker et al., 

Table 1 
Breakdown of dataset.

User # Career length Selected Posts Years Word count

1 2009–2018 (10 years) 2009 / 2012 / 2015 / 2018 323
2 2009–2018 (10 years) 2009 / 2012 / 2015 / 2018 366
​ ​ ​ 689
3 2009–2011 (3 years) 2009 / 2010 / 2011 405
4 2014–2016 (3 years) 2014 / 2015 / 2016 380
​ ​ ​ 785
5 2009–2010 (2 years) 2009 / 2010 307
6 2014–2015 (2 years) 2014 / 2015 266
​ ​ ​ 573
7 2009 (1 year) 2009 343
8 2015 (1 year) 2015 381
​ ​ ​ 724
​ ​ Total 2771

2 Although it is recognized that one individual may have multiple usernames 
and one username might be used by multiple individuals, this is an unimportant 
distinction for the current study and for convenience we use ‘user’ throughout 
to indicate username.

3 ‘White nationalist’ is a self-identifying label for a sub-set of far-right ex
tremists (Booth, 2023b) and we follow the convention of using the 
self-identifier to refer to the group collectively, without commitment to or 
comment on its potentially prejudicial connotations.
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2014), meaning that frequent errors could adversely impact their reli
ability. The literature-based group subcategories were kept primarily 
because they are so common in the literature. However, it was also 
because, unlike the cognitive processes category, there is not as much 
overlap with their superordinate category (e.g., affect includes emo
tions, but also more general positively- and negatively-valenced words), 
so analyzing them separately allows examination of the program’s 
performance at broader and narrower levels of categorization of eval
uative language. It should be noted that instances (tokens) counted as 
errors in lower-level categories were not counted more than once for 
their superordinate categories—that is, if an error occurred on the same 
word within anger and emotion, it was only counted once for the error 
total for affect, not three times. Using the detailed record of categori
zations, these counts were double-checked before the accuracy statistics 
were calculated to make sure that the same error was not counted more 
than once for these hierarchically-related categories.

Once the 15 categories were identified, the documents for each 
author were uploaded one at a time for analysis. Since the LIWC analysis 
module output only provides percentages, the contextualizer was used 
to find out the exact number of tokens that the program coded under 
each category. Each category was selected one-by-one with the color- 
coding function so the tokens could be examined more closely within 
their context and notes were taken about any observed errors to keep 
track of their frequency.

Categorizing errors

Two broad types of errors were noted (one was realized in two 
different ways). They are introduced here for reference but are discussed 
in more detail in the results section.

False Negatives: This error type occurred when a word/phrase that 
should have been coded by LIWC was not tagged. This type had two 
realizations: 

a. Words not in the relevant LIWC dictionary, but which had a 
similar meaning to (and/or represented the same construct 

as) one or more other entries in that dictionary category. 
These were determined using the uncoded words’ dictionary 
definitions and synonyms listed in the Oxford Languages dictio
nary and thesaurus. When a word that appeared to fit within the 
category being examined was identified in the manual analysis, 
the LIWC dictionary was checked to see if it was in the category or 
any related categories. If not, its dictionary definition and syno
nyms were checked to see if they matched any other members of 
the relevant category. The decisions are based in partially sub
jective judgment, but they were initially recorded and then 
developed into a ‘policy book’ through discussion with the second 
author. Additionally, words were not counted as an error if there 
was not a clear and direct connection to other items in that 
category either through its dictionary definition or synonyms.

An example of this sort of false negative would be fight, which is 
similar to other words (e.g., confrontation or battle) in the power 
category but is not included in it and therefore not coded by LIWC. 
The process ultimately amounted to a search through uncoded items 
in the text, which would credibly be expected to fall into the coding 
category under examination based on their meaning and function in 
context. By checking decisions with a second judge, we tried to be as 
complete as possible, but are aware that another coding team might 
allocate additional words into the categories. That is to say, our 
judgments of this type of false negative are more likely to be an 
underestimate of actual occurrence than an overestimate.

a. Words that were in the relevant LIWC dictionary and therefore 
should have been coded by LIWC but were not coded: These 
occurred when, through a technical coding error (such as a 
misspelling within the software itself), the program did not code a 
word/phrase that was included in the published LIWC dictionary 
for the category being examined. This was rare but it did occur. An 
example would be weren’t not being coded under the verb cate
gory despite being included in it. This error type and possible 
explanations are discussed in more detail in the next section.

False Positive: This type occurred when a word/phrase was coded 
under a particular category, but it is not being used in that way (e.g., 
when that is tagged as a pronoun but is functioning as a complemen
tizer); in other words, when the program misclassified the word/phrase.

The false positive frequencies were subtracted from the overall fre
quency for each category taken from the contextualizer output, which 
yielded the total number of ‘true positives’ (i.e., the total number LIWC 
correctly coded). These numbers were then used to generate the pre
cision and recall statistics which are commonly used as a measure of 
coding performance (e.g., Read and Carroll, 2012). The precision score 
shows the percentage of items the program assigned to a particular 
category that were correctly assigned to that category. The recall score 
shows the percentage of items that should have been assigned to a 
category that were correctly assigned. These metrics help calculate the 
F-score, which is an overall measure of the program’s accuracy 
(Chinchor and Sundheim, 1993). The results from these tests are pre
sented in the next section.

Results

The discussion of results requires quotation from the posts which 
raises issues of both anonymization and the potential to cause offence 
through the quoting of hate speech. This has been avoided by deliber
ately truncating quotes and making minor alterations to some examples 
but only to words surrounding those highlighted in the analysis, which 
thus would not have altered the LIWC coding.

Table 3 contains the frequencies of total coded items, true positives, 
false positives, and false negatives for all eight authors combined for 

Table 2 
List of analyzed LIWC categories.

Category Description

Frequency-based 
selection

Pronoun All pronouns including personal (I, you, 
we) and impersonal (this, that)

Personal 
Pronouns

Pronouns that refer to a person (e.g., I, you, 
we)

Determiners Words that precede nouns to specify or 
clarify its meaning/scope

Prepositions e.g., to, from, above, across
Auxiliary 
Verbs

‘Helping’ verbs that precede main verbs 
and provide grammatical information like 
tense or modality (e.g., have, be, do, can, 
might)

Verbs Includes a set list of ‘common’ main verbs
Cognition Words for describing/referring to thinking 

processes
Social Words for describing socially relevant 

behaviors, roles, and relationships
Literature-based 

selection
Affect Words for expressing positive or negative 

feelings or judgments
Emotion Words for describing emotions (includes 

positive and negative)
Negative 
Emotion

Words for describing negative emotions

Positive 
Emotion

Words for describing positive emotions

Anger Words relating to the feeling and 
expression of anger

Power Words for describing power dynamics
3rd Person 
Plural

i.e., they/them and related forms
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each LIWC category analyzed. The starred* items are linguistic cate
gories, the unstarred items are psychological process categories, and the 
large space between the social and affect categories separates the 
frequency-derived from the literature-derived categories.

As Table 3 shows, when errors occurred within the linguistic cate
gories, they were mostly of the ‘false positive’ type (except for verbs). 
When errors occurred within the psychological processes categories, 
they were mostly ‘false negatives’, specifically of the sub-type covering 
instances of words/phrases not in LIWC’s dictionary, but which had a 
similar function to one or more entries in for that category and/or 
represented the same construct as the category.

The formulae used to calculate the precision, recall, and F-scores 
(Chinchor and Sundheim, 1993; Read and Carroll, 2012) are as follows: 

Precision =
True Positives

True Positives + False Positives 

Recall =
True Positives

True Positives + False Negatives 

F − score = 2 ∗
Precision ∗ Recall
Precision + Recall 

Table 4 shows how the error rates in Table 3 translated to these three 
measures of accuracy. Categories for which precision or recall rates were 
below 75 % (0.750) are indicated with a superscript ’a’. If precision is 

lower than 75 %, it means that 75 % or less of the tokens the program 
marked as belonging to a particular category were properly classified (i. 
e., a higher false positive rate). If recall is below 75 %, it means that the 
tokens the program classified into a particular category only represent 
75 % or less of the tokens that should have been classified into it (i.e., a 
higher false negative rate). This is an admittedly arbitrary threshold and 
indeed other measures for accuracy of a system are available in 
computational research (Vickers et al., 2024). Picking a threshold will 
always be arbitrary which is why all figures are provided enabling 
evaluation of LIWC’s performance overall but using a threshold to select 
texts for further examination was a pragmatic solution. The selection of 
0.75 also roughly aligns with social science practice that reliability 
(Cohen’s Kappa) of about that level is considered ‘substantial’ but not 
perfect agreement (e.g. Landis and Koch (1977) and so provides a useful 
rule of thumb.

The asterisk next to the recall score for Affect is because all but one 
of the ‘technical coding’ false negatives for that category resulted from a 
spelling error in the dictionary itself—that is, the lemma for the 
derogatory term negro was misspelled neegro. This meant that no 
instance of the term in the dataset would be properly captured unless the 
spelling was incorrect in the same way in the texts themselves. As such, 
the higher ‘technical coding’ false negative rate for that category rep
resents an outlier that, while important to note, would artificially lower 
the recall and F-score.

Table 4 demonstrates that the precision rates are lower than the 
recall rates for many of the linguistic categories –where false positives 
were more common –and the recall rates are lower than precision rates 
for many psychological process categories –where false negatives were 
more common.

For the linguistic categories, the false positives (misclassifications) 
occurred when the word/phrase that was coded can belong in the given 
category but does not in the context in which it appears. That is, the 
program correctly identified the form but not the grammatical usage. 
For example:

1 We can merely hope that it will not go unnoticed (pronoun; user 7)
2 Even if some maybe don’t believe every detail (determiner; user 

4)
3 They are able to use DNA to follow our every move (preposition; user 

2)
4 It should be about having a rebellious attitude (aux verb; user 3)
5 You have to love his stumbling and stuttering to 

smooth it over
(verb; user 7)

Each of the above examples represents common realizations of the 
false positive error for their given category. With pronouns, many of the 
false positives were from forms like that, this, those, and these (which can 
function as pronouns) being coded when they were being used for a 
different function (e.g., as determiners as in this cake). In example 1, that 
serves as a complementizer –i.e., introduces a complement clause (Biber 
et al., 1999) –not a pronoun. Similarly, some forms that can serve 
independently as pronouns can also be determiners –e.g., this, that, some 
–which was the common realization of false positives for the deter
miner category, as in example 2. With prepositions, many of the false 
positives occurred with the infinitival to, as in example 3, and when 
prepositional forms served as part of a fixed, non-prepositional phrase 
(and therefore were not functioning as prepositions), like of course. For 
auxiliary verbs, all but one of the false positives was due to the program 
coding the form as an auxiliary when it was functioning as a main verb, 
as in example 4. Finally, many of the verb misclassifications were the 
result of coding a form that was functioning as another part of speech, 
such as a noun (example 5) or an adjective (e.g., the coming months).

In the psychological process categories (and the verb category), 
there were fewer false positives, but more false negatives, lowering the 
recall rate. There were three broad patterns of false negatives: (1) 
words/phrases that had functions related to the category and/or other 
entries in it; (2) words/phrases not included despite being variations or 

Table 3 
Total frequencies for all categories.

LIWC Category Total 
coded

True 
positive 
(correct)

False positive 
(misclassified)

False Negative

In 
LIWC

Not in 
LIWC

Pronouns* 385 325 60 0 10
Personal 

Pronouns*
231 230 1 0 0

Determiners* 390 311 79 0 1
Prepositions* 352 284 68 0 0
Aux Verbs* 280 139 141 0 1
Verbs* 493 467 25 1 133
Cognition 406 399 6 1 51
Social 400 398 0 2 161
​ ​ ​ ​ ​ ​
Affect 188 160 6 21 102
Emotion 55 54 1 0 38
Negative 

Emotion
32 31 1 0 22

Positive 
Emotion

22 22 0 0 14

Anger 10 10 0 0 14
Power 66 61 3 1 72
3rd Person 

Plural*
87 87 0 0 0

Table 4 
Precision, recall, and F-score.

LIWC Category Precision Recall F-Score

Pronoun 0.844 0.970 0.903
Personal Pronouns 0.996 1.000 0.998
Determiners 0.797 0.997 0.886
Prepositions 0.807 1.000 0.893
Aux Verbs 0.496a 0.993 0.662
Verbs 0.949 0.777 0.855
Cognition 0.985 0.885 0.932
Social 1.000 0.709a 0.830
Affect 0.964 0.608*a 0.746*
Emotion 0.982 0.587a 0.735
Negative Emotion 0.969 0.585a 0.729
Positive Emotion 1.000 0.611a 0.759
Anger 1.000 0.417a 0.588
Power 0.953 0.455a 0.616
3rd Person Plural 1.000 1.000 1.000
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derivations of forms that are in the dictionary; and (3) words/phrases 
not captured due to inflexibility within the program.

The first pattern is demonstrated in the following examples:
6 Work nonstop to dispossess…ridicule… (verb; user 2)
7 The disease is imposed upon them (cognition; user 8)
8 No media nor propaganda that is able to trick you (social; user 6)
9 Nothing else matters (affect; user 4)
10 He ultimately loses the fight badly (power; user 5)

With the verb category, many of the tokens belonging to the first 
pattern, like example 6, resulted from the program using a finite list of 
verbs instead of a part-of-speech tagger. As verbs are an open class (i.e., 
a word class that allows ‘indefinite and unlimited’ membership; Biber 
et al., 1999, p. 56), the use of a finite list increases the risk of missed 
tokens more than it would with closed-class categories (i.e., those with 
limited membership) like prepositions.

For the remaining categories, most of the tokens in the first pattern 
were words/phrases which were semantically similar to other entries in 
the category. In example 7, the word imposed was not classified under 
cognition despite similar words/synonyms like force and inflict being 
included. Other examples include words relating to truth values (e.g., 
fact is not included, but true and false are) or various cognitive processes 
(e.g., waking up and agenda are not included, but aware and plan are).

Example 8 shows three instances within one sentence that were not 
classified under the social category despite denoting behaviors/phe
nomena which directly relate to aspects of social interactions and re
lationships. That is, media and propaganda relate to the dissemination of 
information to members of a society, and trick is semantically related to 
fool, which is in the dictionary, and it represents a socially relevant 
behavior. The social category also includes several violent actions and 
judgments of morality/ethics (e.g., kill, attack, depraved), but excludes 
several others (e.g., impoverish, genocide, degenerate).

In example 9, matters was not coded under affect despite words with 
similar meanings, like important, being included in the category. As this 
category includes positive and negative judgments, there was a lot of 
overlap between the false negatives for it and other categories, such as 
the violent actions and judgments of morality that were an issue with the 
social category. Other false negatives include various derogatory slurs 
used to reference out-groups (in addition to the one caused by a spelling 
error discussed above); expressions of desire/intent (e.g., want/wish are 
not included but similar meanings like would like are); and expressions of 
remorse (e.g., sorry is not included, but regret and guilt are).

Example 10 shows one instance of a word that has a similar meaning 
to other forms in the power category –e.g., confrontation and battle –not 
being captured. Other acts of incapacitation –which necessarily encode a 
situation of someone’s power being removed (Hurt, 2020) –were also 
not included in the dictionary, (e.g., exterminate, beat up, bondage), 
despite other acts like kill and genocide being included. In addition to 
this, some words that convey power being given to someone are missed, 
such as help and free (as in free a person); and despite apologize being 
included, sorry is not captured.

The second pattern of false negative errors –uncaptured variations/ 
derivations of included words –occurred at least five times in total in 
each of the verb, cognition, social, affect, and power categories. For 
example:

11 Never tried to teach them (verb; user 8)
12 They don’t think they do (cognition; user 1)
13 They don’t care who’s right or wrong (social; user 5)
14 Their opponent’s moves (affect; user 6)
15 That is why he lost (power; user 4)

In each of the above examples, words which have a similar or 
identical root to the bolded and underlined word are included in the 
dictionary for the given category. Within the verb category, other 
conjugations of verbs like teach were included –e.g., teaches, taught –just 

not the one used in the text. For cognition, instances like example 12 
were common because most ‘do + not’ constructions (except didn’t) 
were paired with something else (e.g., do not have). Other examples 
included selection and claim/claims (verb forms) not being captured 
despite select (and its conjugations) and claimed being included in the 
dictionary. With the social category, instances like example 13 occurred 
(rightly is included, right is not), though false negatives more commonly 
occurred when racial groups were described with a noun and not an 
adjective (e.g., whites) despite phrases like white person/people being 
included in the category. Within affect, examples included instances 
like 14, where a variation of the term was captured (in this case, oppo
sition) but not the one used in the text. Finally, within power, there were 
instances, like example 15, where the nominalized form (loser) was 
included, but not the verb form. Since other verbs are included in the 
category (e.g., assault, forbid), its exclusion is unlikely to be wholly due 
to its part of speech.

The third and final pattern, which was the least common, were the 
‘technical coding’ false negatives that resulted from inflexibility within 
the program. For example:

16 I know what you mean (social; user 1)
17 A civil war or worse (affect; user 2)
18 Weren’t all bastards (verb; user 8)

The bolded and underlined words in each of the above examples are 
the words that should have been coded by LIWC (they are all included in 
the category indicated to the right) but were not, likely because of the 
program’s newly added capability to code certain short phrases. Based 
on the observations of this error type, it seems that if a phrase is coded as 
a unit for one category, none of the phrase’s component parts can be 
coded separately under any other categories. Thus, you in (16) cannot be 
coded under social because you mean is classified under cognition; war 
in (17) cannot be classified under affect because civil war is classified 
under power (despite civil war being a type of war); and weren’t in (18) is 
not coded as a verb because *n’t all is a lemma classified under 
cognition.

Discussion

The biggest of LIWC’s limitations stem from its wholly automated 
word-by-word (and occasional short phrase; Boyd et al., 2022) annota
tion approach which necessarily ignores context and its influence on 
meaning. The resulting consequences are at least threefold: (1) implicit 
meanings are missed, (2) there is a higher risk of misclassification of 
forms with multiple functions, and (3) information about the relation
ship between linguistic elements is lost. These consequences arguably 
become more problematic when analyzing texts that differ across mul
tiple contextual factors to the texts that were used to create the LIWC 
dictionary. The creators’ position is (1) that the program’s use of 
probabilistic language models means that greater amounts of data will 
likely reduce the impact of misclassifications from not considering 
context (Pennebaker Conglomerates, n.d.) and (2) that words carry 
‘psychological information over and above their literal meaning and 
independent of their semantic context’ (Chung and Pennebaker, 2011, p. 
7).

This position severely downplays the crucial role that context plays 
in making and determining meaning (Halliday and Matthiessen, 2014) 
and, as Bakhtin (1986) argued, “words belong to nobody, and in 
themselves they evaluate nothing” (p. 85); the evaluative and expressive 
aspect of words is gained through their use by the speaker in context. 
Moreover, more thorough evaluations of the program’s performance do 
not appear to have been conducted to corroborate the defense despite its 
widespread use in research across myriad contexts.

Thus, the purpose of this paper was to explore the performance of 
LIWC’s main analysis module more thoroughly, specifically with data 
that differs so drastically from that which helped form the dictionary. 
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This was done by qualitatively examining 15 LIWC categories across a 
dataset of white nationalist forum posts. Despite the small dataset and 
range of categories, the qualitative analysis reveals observable patterns 
of errors that were consistent across categories and authors. As the goal 
of this paper, as stated in earlier, was a rich data analysis, not a big data 
analysis, we do acknowledge the limitations presented by the small 
dataset size in terms of our ability to generalize the findings. However, 
as we have argued previously, and argue further here, that these errors 
are consistently and frequently found in such a small sample of both text 
and authors indicates that there may well be a broader problem with the 
reliability of coding. This should, of course, still be more fully evaluated 
for different genres and different sets of LIWC categories but as it stands 
we believe that our analysis is sufficient to raise serious questions as to 
the reliability of LIWC coding such that it should not be used without the 
reliability of coding being established through some process of checking 
that its counts are accurate and valid for the purpose that it is being used.

Amongst the linguistic categories, false positives were relatively low 
for personal pronouns and 3rd person plural pronouns, and thus did 
not contribute to the observed pattern of errors. This is unsurprising 
given that they are narrower and less varied categories than the others 
considered here. The 3rd person plural pronouns specifically have 
been argued to indicate a greater amount of “othering” and reflect an “us 
versus them” mindset in the context of extremism and terrorism 
(Pennebaker and Chung, 2009). In this dataset, this category accounted 
for between 1 % and 5 % of total words for each author. Although the 
false positives are low and LIWC is doing its job in this respect, 
consideration of the functional level of understanding of othering may 
indicate that the recall is also low, which is a problem for using LIWC in 
this application to extremist discussion fora. That is, the number of 
personal pronouns does not and cannot reflect the amount of othering 
accomplished by explicit references to out-groups, which occurs often 
across white nationalist fora via a wide range of terms (Baumgarten, 
2017). The explicit references outside of personal pronouns were 
tracked as part of the manual analysis here. Those which referenced 
out-groups alone accounted for between 2.6 % and 7.3 % of words across 
the eight authors (note: this number excludes personal pronouns). This 
means that the othering was even more common than one could have 
concluded from the LIWC output alone as not all the terms identified are 
included the LIWC dictionary and those that are may be classified under 
other headings, including social or culture words.

This problem of the underrepresentation of othering from using 
LIWC categories as a proxy is related to the patterns of false negative 
errors amongst the psychological process categories (and the verb 
category). For the verb category (and other linguistic categories) many 
of the false negatives could be avoided by using a part-of-speech tagger. 
For the psychological process categories, however, the errors are not as 
easily remedied. The concern is amplified when one considers that the 
false negative counts did not include missed implicit meanings (this is 
outside of LIWC’s capabilities and would therefore be an unfair penalty 
to impose). Thus, the comprehensiveness of the program’s account of 
the data is limited not only by its problems capturing words/phrases 
which explicitly represent the same construct or share a meaning with 
other entries in the dictionary, but also by its inability to account for the 
words/phrases which achieve the same result via implication. Relatedly, 
it is worth noting that there are instances where false negatives for one 
of the examined categories are words included within other categories in 
the dictionary (e.g., invaded is not included in the verb category but is in 
power). This represents a fundamental flaw in the categorization 
approach within LIWC where, like with the ‘othering’ terms, words that 
represent similar sentiments are spread across a range of categories, 
making it difficult to see certain functional patterns that would be 
apparent in discourse analyses. The only remedy to these problems ap
pears to be to carry out a manual discourse analytic approach alongside 
the LIWC analysis, which reduces the claimed benefit of the program’s 
effectiveness and efficiency that is based on it being able to automati
cally analyze large textual datasets to extract meaningful functional and 

psychological patterns.
The implications for the errors that contributed consistently to the 

observed patterns noted in the results section are many. First, the high 
false positive rates on some linguistic categories and high false negative 
rates on some psychological process categories have potential conse
quences related to the “summary variables”. While the algorithms used 
to calculate these variables are proprietary and themselves unpublished, 
the LIWC manual points to specific articles which provide basic infor
mation on the LIWC categories used in them (Cohn et al., 2004; Kace
wicz et al., 2014; Newman et al., 2003; Pennebaker et al., 2014). 
Assuming these papers do in fact reflect the categories used in the al
gorithms, the outcomes for all four summary variables would be 
impacted by the high false positive rates amongst many of the linguistic 
categories examined in this paper, and the authenticity and emotional tone 
outcomes would be further impacted by the high false negative rates in 
the psychological process categories. Analytical thinking, for instance, 
uses prepositions and auxiliary verbs, among others (Pennebaker 
et al., 2014). Given that precision was about 80 % for prepositions and 
under 50 % for auxiliary verbs, it calls into question the reliability of 
the algorithms and their outputs. For variables such as authenticity 
(Newman et al., 2003) and emotional tone (Cohn et al., 2004), the au
thors used a combination of linguistic and psychological process cate
gories, including affect (and its subordinate emotion categories), 
cognition, and social, all of which were found to have high false 
negative rates here (and thus low recall scores). Without knowing the 
weight assigned to each of these categories in the four algorithms, it is 
difficult to posit what the extent of the impact of the high error rates 
would be on the summary variables. However, it is evident from the 
analysis that caution should be exercised when generating conclusions 
based on the summary variables when using similar data.

These error patterns undermine the claims of LIWC’s creators and 
proponents that the inability to consider context is unlikely to drastically 
influence the results, especially with more data. Even though this 
analysis was conducted with a small dataset, the frequency and consis
tency of both error types across the dataset suggests that the impact from 
the disregard for context is not a negligible one and would be unlikely to 
be resolved with the introduction of more data. Of course, not all the 
LIWC categories were examined here, but the findings here at the least 
suggest that more caution is warranted when drawing conclusions and 
generalizations based on the LIWC output alone, particularly when it 
comes to the type of data analyzed in forensic and security contexts.

Conclusions

The findings of this study suggest that LIWC cannot be considered 
reliable, efficient, and effective for the analysis of large online datasets 
in forensic and security contexts. It may be part of a solution that also 
involves considerable manual checking and analysis, but it provides an 
insufficient amount of information on its own, at least with this type of 
data. More specifically, it may be that LIWC could be used as a sign
posting tool, but it would be dangerous to use it in either a research or 
operational context without devoting proper resources to checking its results 
and using further qualitative forms of analysis to understand the functional 
meanings of any identified tokens in context. This would allow any missed 
or misclassified tokens to be captured, the relationships between lin
guistic elements to be observed, and the patterns of language and 
meaning in a text to be understood more fully, though it would grossly 
affect the efficiency of LIWC, one of its key selling points.

That an in-depth investigation such as this one had not yet, to our 
knowledge, been carried out presents a major concern given how widely 
used LIWC has been in the decades since its conception, and even more 
so given its expansion into research in forensic and security contexts. In 
the future, as for any tool, this type of critical examination of LIWC’s 
performance should be conducted on other types of data to determine 
whether the errors are as common for other LIWC categories and for 
genres and contexts which are both more similar to those used to create 
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the dictionary and which differ from online extremist fora. Until such 
analyses are carried out to surface, evaluate, and mitigate any issues of 
reliability, LIWC should not be overly or uniquely depended upon for 
critical applications such as those found in forensic and security 
contexts.
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