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Automatic Text Analysis

his chapter provides an introduction to the application of
automatic text analysis (ATA) in online behavioral research.
We use the term ATA synonymously with the terms computer
content analysis, computer-assisted content analysis, computer-assisted
text analysis, and computerized text analysis. ATA has been defined
as a set of methods that automatically extract statistically
manipulable information about the presence, intensity, or
frequency of thematic or stylistic characteristics of textual
material (Shapiro & Markoff, 1997). In line with a quantitative
notion of measurement, we focus exclusively in this chapter
on ATA tools that extract quantitative information that can
be subjected to statistical analysis.

The chapter covers basic information that helps research-
ers identify how they can use ATA in their online research. To
maximize the chapter’s utility, we focus on two specific ATA
tools: Linguistic Inquiry and Word Count (LIWC; Pennebaker,
Francis, & Booth, 2001) and Wmatrix (Rayson, 2008). We
selected these tools because they (a) cover a range of ATA
needs, (by are user friendly and operate fully automatically, and
() are mainained by researcher groups with a track record
in the field. We also selected them because we have used them
extensively in our own online rescarch (Cohn, Mchl, &
Pennebaker, 2004; Gill, French, Gergle, & Oberlander, 2008;
Lyons, Mchl, & Pennebaker, 2006; Oberlander & Gill, 2006).
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Broader reviews of ATA strategies are provided by Mehl (2006), Krippen- i common method in the social sciences, the self-report rating scale; (b) they

dorff {2004), Neuendorf (2002), Popping (2000}, and West (2001). are objective in the sense that they ensure measurement equivalence
; across studies and labs using the same tool; (¢) they are expressed in a

nonarbitrary, naturally meaningful metric, the number or percentage
of words in a text that fall into a certain category (e.g., positive emotion
words, adverbs). These psychometric features positively affect the gen-
eralizability and ecological validity of text-analytically derived findings.

What Is the Value of
Automatic Text Analysis for
Online Behavioral Research?

What Are the Potential
Limitations of Automatic
Text Analysis for Online
Behavioral Research?

ATA is a valuable method for online research for at least three reasons.
First, textual data, the input for ATA, is abundant on the Internet. World
knowledge is increasingly available online. Collaborative enterprises
such as the Google Library Project or the Open Content Alliance are cre-
ating full-text online indices of millions of digitized documents. Further-
more, within only a tew years, the Internet has become an indispensable
means of daily communication. People routinely interact with others

ATA has the following potential limitations. First, it can be somewhat
inflexible in its application. Whereas questionnaires can be constructed
to measure any construct, ATA is generally constrained by the variables
that the programs provide. LIWC (Pennebaker et al,, 2001), for example,
has standard categories for positive and negative emotion words but does
not extract information about specific emotions, such as pride, shame,
or guilt. Similarly, Wmatrix (Rayson, 2008) identifies different types
of verbs but not the ones suggested by the Linguistic Category Model
(Semin & Fiedler, 1988). However, some programs do provide users with
limited freedom over the analysis. LIWC, for instance, can search for lists
of target words through user-defined dictionaries. Cohn et al. (2004) used
this option to count how often participants used words such as Osama,
terrorist, or hijack in their blogs after September 11, 2001.

Second, ATA applications are not always designed with the needs
of the average behavioral scicntist in mind. Some of the more powerful
tools have been developed within computational linguistics and arti-
ficial intelligence and have their primary application in these fields
(e.g., Coh-Metrix [Graesser, McNamara, Louwerse & Cai, 2004}; Latent
Semantic Analysis [Landauer, Foltz, & Laham. 1998]). Yet these tools

through e-mail, instant messages, chat rooms, blogs, and social network-
ing sites. From a researcher’s perspective, such text-based Internet data
are informative and can be used to study psychosocial phenomena with-
out running actual participants (for ethical considerations around the
use of Internet data in research, see chap. 16, this volume).

For example, national newspaper coverage can be analyzed o com-
pare the prevalence of psychological themes across cultures. Similarly,
people’s responses to disasters can be studied through the tracking of pub-
lic postings on social sharing Web sites (Stone & Pennebaker, 2002). The
global and archival nature of the Internet has made it possible to simu-
late the virtual equivalent of a multisite, longitudinal study conveniently
and retroactively from the investigator’s office computer—with the oppor-
tunity to obtain extensive baseline information on unpredictable events
such as disasters after the fact (Cohn et al., 2004).

Second, textual data are often collected as part of online research any-
way. ATA, then, can provide additional, low-cost means for exploratory
data analysis. Researchers routinely include open-ended questions in their

online surveys. Because of the burden of manual coding, however, par-
ticipants’ answers to these questions often remain unanalyzed. ATA can
efficiently content analyze frec responses. For example, in a Web-based can be successfully used to answer behavioral research questions, and
survey of responses to the attacks of September 11, 2001, many partici-
pants responded to the final open-ended question “Is there anything else
vou would like 10 add?” in considerable detail and provided their accounts
of the events (Skitka, L. J. personal communication, August 15, 2006). An
ATA of cognitive complexity in such stories could help reveal individual
differences in the processing of traumatic life events. '

Third, data derived from ATA have some unique psychometrically
desirable features: (a) They share zero method variance with the most

because of their computational advantages, they often extract critical
language information that is lost with a simple word count (e.g., Camp-
bell & Pennebaker, 2003). The consequence of using these tools outside
of their original domain tends to be a loss of user friendliness. For exam-
ple, Winatrix, an application developed in corpus linguistics, does not
have the “cach-participant-a-line-ecach-variable-a-column” setup that
psychologists are used to. Instead, it operates by comparing two text
corpora (Oberlander & Gill, 2006; Rayson, 2008).
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Finally, (word-count-based) ATA is sometimes viewed as simplistic
in its approach. Mehl (2006) provided an in-depth discussion of (and
rebuttal to) this concern. In essence, most word-count-based ATA tools
{e.g.. LIWC) neglect grarmmar (€.g., they do not distinguish between “the
mother yelled at her chiid” and “the child yelled at her mother”); confuse
context-specific word meanings {¢.g., “What you did made me mad” vs.
“1 am mad about your cute curls”); and take metaphors (e.g., “I am on
doud nine”), irony (¢.g., “It was as pleasant as getting a root canal”), and
sarcasm {e.g., “Thanks a lot for blaming me for this”) for their literal
meanings. More sophisticated tools, such as Wmatrix, are beginning to
address these issues. However, itis important to note that it is not the com-
putational sophistication of an ATA tool that determines the validity of a
text-analytically derived finding; it is the degree 10 which the extracted
linguistic information unambiguously answers a research question. For
example, for the question of whether self-focused attention in depression
manifests itsell in an elevated use of first-person singular, the specific con-
text in which people with depression use /, nze, and my is not immediately
relevant (Chung & Pennebaker, 2007).

in the remainder of the chapter, we provide a user guide for analyz-
ing text-based Internet data with ATA. Because of space constraints, we
limit this user guide to two ATA tools: LIWC (Pennebaker at al., 2001),
as a word-count-based program that has gained considerable popularity
within psychology: and Wmatrix (Rayson, 2008}, as a more complex,
Web-based ATA application developed in corpus linguistics. We illustrate
the steps involved in a LIWC and Wmatrix analysis using (slightly mod-
ified) excerpts from four daily blogs. The blogs were selected from a larger
data set collected by Nowson (2006). Two of the four blogs were written
by female students (Blogs A and B) and two, by male students (Blogs C
and D). The excerpts of the sample blogs are shown in Exhibit 8.1. In our
user guide, we aim at providing sufficient detail to allow rescarchers to
start analyzing their own textual data after reading the chapter. We also
supplement our step-by-step guide with recommendations based on our
own experiences working with the two tools.

Word-Count—Based
Psychological Text Analysis:
Linguistic Inquiry and
Word Count

LIWC was devetoped in the 19905 in the context of researah on the
salutary cffects ot writing about traumatic experiences. Over time,
LIWC has been used more broadly to study the psychological implica-
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EXHIBIT 8.1

Excerpts From Four Sample Blogs

Blog A (Female Author 1)

Imagine you are happy and life is good, but it wasn't always like that, you once had a love
and, at that point you knew, you felt that this was the one. But he wasn't. He broke you, he
took everything you had and more from you, but you gave to him because you couldn’t .:m<m
m:ocm.z of him. Then one day you realized how bad he was and you broke away. It took you a
long time to get away from him, he had tied up your emotions and controlled you physically
you knew that he didn't want it to end. ‘

Blog B (Female Author 2)

1 find that | just don’t have the stamina or brain power to write about war or politics at night
Which is fine, because you can't be all vitriolic and indignant 24 hours a day. Well you can Uc.ﬁ
| have Umﬁ.ﬁmﬁ things to think about. | was thinking about writing more. No, not blogging .
more. Writing more. | was thinking about finding an agent. | was thinking of how | wanted to
be nothing but a writer since | was about seven, how holding a pencil in my hand at that
young age made me feel alive and important.

Blog C (Male Author 1)

This day fucking blows. | mean, I'm really happy for all the seniors, they're finally free
but this sucks for me. Everyone who | could really talk to is gone. Bye C**, bye N** Emm
even M**, bye everyone else. I'll probably stay in touch with most of them, so ﬁ:mmm not
even the worst part. If you know me you probably know what other horrible connotation
this day has for me. | always knew it was coming, but could never really believe it. Right
now I'm completely crushed. Then all these other stupid things popped up to make the
day worse.

Blog D {Male Author 2)

| can’t take it anymore, I'm going absolutely crazy. I'm locked up in this house and haven’t
been out besides school in a week. I'm questioning myself. And I'm totally fucking obsessed
Even had a falling out with someone today, and | didn't want that to happen at all. And | _.:.m»
don’t know what to do. There’s nothing t can do, it's just building inside me and has no way
to escape. | feel like I'm going to explode. The only time | feel good is right after a run, and

1 fucking suck and can't even run a lot anymore. ,

Note. The excerpts were spell checked; the onginal punctuation was maintained; asterisks were used to preserve
the authors' confidentiality. Data from The Language of Weblogs: A Study of Genre and Individual .Dim\m:mmm by
S. Nowson, 2006, Unpublished Doctoral Dissertation, Scotland: University of Edinburgh. We are grateful to mnm:
Nowson for kindly making these data available.

tions of language use (Pennebaker, Mchl, & Niederhofter, 2003). LIWC
is a word-count-based ATA tool that operates by comparing cach word
of a given text with an internal dictionary consisting of 2,300 words.
The default LIWC dictionary comprises 74 grammatical and psycholog-
ical dimensions. The LIWC program was revised in 2001 D:Q.Enm_:.?
underwent a second major conceprual and technical revision :Jc::n..}
baker, Booth, & Francis, 2007). Because of the high popularity of, and
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our extensive experience with, LIWC 2001, we provide our user guide
for this version. More information on LIWC 2007 is available at hup://
www.liwc.net.

LIWC is one of the most widely used ATA tools in psychology (Mehl,
2006). Its popularity is in part due o its effectiveness in meeting the needs
of behavioral scientists: (a) it analyzes basic grammatical features of texts
but also provides information about important psychological processes;
(b) its categories have been psychometrically tested (c); the software is
extremely user friendly; (d} it is available in several languages, and trans-
lated dictionaries with demonstrated equivalence to the original English
dictionary are available in German (Wolf et al., 2008), Spanish (Ramirez-
Esparaza, Pennebaker, Garcia, & Suria, 2007), and Dutch (Zijlstra, van
Meerveld, van Middendorp, Pennebaker, & Geenen, 2004) (psychomet-
rically untested translations exist for Italian, Norwegian, and Portugucse,
and H,#_E translations are being developed for Chinese, Hungarian,
Korean, Polish, Russian, and Turkish); and (e) numerous studies have
successfully used LIWC and thereby contributed to the construct validity
of its categories.

PREPARING THE DATA FOR LINGUISTIC INQUIRY
AND WORD COUNT ANALYSIS

Data collection gencrally starts with sampling online text from par-
ticipants (e.g., e-mails, instant messages) or directly from the Internet
{e.g.. blogs, chat rooms, discussion boards). We recommend the follow-
ing steps to prepare the data for LIWC analysis:

1. save the collected texts as plain text files (.1xt); even though
LIWC can analyze delimited text segments, we recommend cre-
ating a separate text file for each unit of analysis (i.c., each per-
sonal home page or each daily blog in a nested design).

2. Clean the texts by applying the “what you see is what LIWC
gets” rule; remove any word that does not reflect the author’s
language (e.g.. e-mail histories, signatures, systein information,
advertising, buttons).

3. To maximize word recognition by the dictionary, submit the
texis 10 an automatic spell-checker (LIWC analyses are case
insensitive). Note, however, that Wolf et al. {2008} recently
demonstrated that LIWC analyses of fonger texts (more than
100 words) are fairly robust against regular amounts of typos
and misspellings.

4. Render the texts consistent with LIWC typing conventions (doc-
umented in the program’s “Help” menu). These conventions
regulate the handling of colloquialisims (¢.g., goria) and abbrevi-
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ations {(e.g., w/). Common verb contractions are included in the
dictionary and need not be changed (e.g., I'm, we're, don't, isn't).
The use of slang in e-mails, chats, and instant messages (e.g.,
LOL, CUL) can challenge LIWC. If use of slang is of interest, user-
defined dictionaries should be created to capture the relevant
words or abbreviations. Otherwise, slang or abbreviations should
be spelled out.

5. Manually tag fillers in natural language (see also the program’s
“Help” menu). To avoid misclassifications, change well, like, you
know, I mean, and I don’t know to rrwell, rrlike, youknow, Imean, and
Idontknow where they are used to fill speech gaps (e.g., I mean,
[ didn't like rush to Imean, I didn’t rriike rush). The tagging is facil-
itated by using a “Search and Replace” function. However, it is
critical to search for each individual occurrence and not to use
“Replace All.”

6. For confidentiality reasons, remove personally identifying infor-

mation; using asterisks (e.g., ***) helps to keep the word count
accurate.

RUNNING THE LINGUISTIC INQUIRY
AND WORD COUNT ANALYSIS

Running the data through LIWC is straightforward. Clicking “Process
text” in the “File” menu opens the “Select file(s) to process” window.
Clicking “Select” after the text files to be analyzed have been marked
opens the “LIWC results file” window where the output file is specified;
clicking “Save” runs the analysis; and the output file (“LIWC results.dat”)
opens after all files are processed. As a hands-on example, we submitted
the four sample blogs depicted in Exhibit 8.1 to a LIWC analysis (sce
Table 8.1). Each blog was saved as a separate text file, cleaned, and spell
checked. I mean in Blog C was tagged as a filler {/mean) and names were
deidentified (e.g., C**). No other manual changes were made. Figure 8.1
shows a screenshot of the LIWC analysis.

We recommend processing text files from a folder thatis located at the
level below the hard drive (c.g.. DALIWCtemp). Because of a bug in some
versions of the software, LIWC 2001 sometimes crashes (i.c., freezes)
when it processes files that are stored lower in the data hierarchy.

INTERPRETING THE LINGUISTIC INQUIRY
AND WORD COUNT OUTPUT
The LIWC output is a tab-delimited text file that can be imported into

statistical software packages. Each column contains one LIWC variable:;
cach row, the language information for one text file. The first column
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TABLE 8.1

Results of the Linguistic inquiry and Word Count (LIWC) Analysis of the Four Sampie Blogs

LIWC variable plog A Blog B Blog C Blog D T eEe o e R
Di&lu| +[ o] &le), o
Raw word count 102.0 100.0 101.0 102.0 S I SO S T —
Words captured by the dictionary 89.2 80.0 74.3 89.2 Select file(s} to process R
Emotional processes
Emotion words 4.9 1.0 7.9 5.9
Positive 3.9 1.0 2.0 1.0
Negative 1.0 0.0 5.9 4.9
Cognitive processes
Words of more than six letters 7.8 15.0 129 15.7
Cog e mechanism words 12.8 14.0 9.9 3.9
Causation words 2.0 4.0 0.0 0.0
Insight words 3.9 6.0 4.0 2.0 T o
Interpersonal processes Flename:  [BlogD.6t" "Blog A" Blog B.ut" "Blog Lt
First person singular pronouns 0.0 10.0 7.9 13.7 Fles of typer  [Text Fles () ~]
First person plural pronouns 0.0 0.0 0.0 0.0 - ) o
Second person pronouns 14.7 2.0 2.0 0.0 ¥ Include fles in enclosed drectaries
Third person pronouns 8.8 0.0 2.0 0.0
Social words 255 2.0 7.9 2.0

ﬂm.“:mbw:.m Unique m»ann
Blog A.txt 56.86 7.84
3 67.00 15.00
72.28 12.87

67.65 15.69

Note. Al LIWC variables except raw word count are expressed in percentages of total words, for Blog C, I mean
was manually changed to Imean to tag it as a filler word: for heuristic purposes, the selected LIWC variables have
been arranged into three important psychological domains.

{Ready s ey

shows the file name; the first row, the LIWC variable names. All variables
(except the raw word count) are cxpressed in percentages of total words , Screenshot of the Linguistic Inquiry Word Count (LIWC) analysis of the four
and are thus controlled for text length. LIWC by default provides lan- ] sample blogs; clicking “Select” in the “Select file(s) to process” window opens
guage information along 74 dimensions. ] the “LIWC results file” window, where the name of the output file is specified;
The four blogs were comparable in length (see Table 8.1); in con- clicking “Save” runs the analysis, and the tab-delimited output file ("LIWC '
sideration of the reliability of low base-rate categories, we generally rec- results.dat”) opens after all files have been processed. From LIWC [Computer
ommend using texts of at least 100 words. Across the four blogs, LTWC Software], by W. Pennebaker, Roger J. Booth, and Martha E. Francis, Pennebaker
recognized around 80% of the words, which is typical for nontechnical Conglomerates. Copyright 2007, LIWC.net, Pennebaker Conglomerates.

language. Because statistical analyses with an N of 4 are not meaning- Reprinted with permission.

ful, we compare the blogs descriptively with regard to selected variables
that have repeatedly been found to be implicated in psychological
processes (Chung & Pennebaker, 2007). Heuristically, these variables
can be thought of as capturing three important psychological domains: numbers); within our own research, however, these categories have
emotional processes (positive and negative emotion words), cognitive repeatedly emerged as important (Meh, Nocov.‘ © ,

processes {cognitive mechanism words, words of more than six letters), With regard to emotional processes, Blog A emerged as relatively

and interpersonal processes (personal pronouns, social words). This is positive in emotional tone (3.9% positive vs. 1.0% negative emotion
not to suggest that the LIWC categories that fali outside of these three words), Blog B as neutral (1.0% vs. 0%), and Blogs C and D a it
‘ ! h : . : 0% vs. . gs C ¢ as quite
domains are not nnportant. Naturally, it is the rescarch question that negative (2.0% vs. 5.6 and 1.0% vs. 4.9%, respectively); this i ~
[ 0% vs. 5.€ . 5. 4.9%, res ‘elyy; thisis con-

determines the relevance of a specific LIWC variable (e.g., sexual words, 1S Vi i oG . f . .
a sy arid (c.g i sistent with our impression after reading the blogs. Note that, in our
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opinion, the labels of the LIWC emotion categories can be slightly mis-
leading. “Positive emotion words” includes words such as careful and
perfect; “negative emotion words” includes words such as doubt and fail.
In the original context of writing about a trauma, these words likely
adequately indicated the experience of positive or negative emotions.
Yet when LIWC is used on a wider range of genres, the categories seem
to tap more generally into the emotional tone of a text rather than the
specific verbal expression of emotions.

With regard to cognitive processes, Blog A was less complex in
its language than the other three blogs (only 7.8% of the words were
longer than six letters). Blogs A and B, however, contained consider-
ably more cognitive mechanism words (12.8% and 14.0%, respec-
tively) than Blogs C (9.9%) and D (3.9%), suggesting a higher degree
of cognitive (scif-)reflection. It is interesting to note that Blog B, with
its existential concerns and slightly esoteric word choice, also emerged
as highly cognitive overall.

Finally, and maybe most important, the four blogs differed in the
interpersonal processes they referenced. Beyond the general use of
social words such as talk or share, interpersonal processes tend to be
encoded in language through personal pronouns. Whereas Blog A was
written from a detached second person perspective (you; 14.7%), Blogs B
and D used first person singular at a high rate (10.0% and 13.7%,
respectively). The [requent use of [, me, or my indicates personal involve-
ment, with attention being on the sell as social reference point. Psycho-
logically, use of first person singular is correlated among other things
with vulnerability for depression, low self-estcem, and the experience
of stress (Pennebaker et al., 2003}. Consistent with the psychological
urgency it conveys, Blog D came out highest in the use of first person
singular.

In sum, our analyses show that LIWC extracts language informa-
tion at a psychologically meaningful level. This information often con-
verges with ad hoc impressions derived from reading a text but also goes
beyond what is noticed by a human observer (Mehl, 2006).

ADVANCED LINGUISTIC INQUIRY
AND WORD COUNT FEATURES

LIWC has a few advanced features, such as the option of loading other
dictionaries (e.g., foreign language dictionaries, special pronoun or par-
ticle dictionaries), creating user-defined dictionaries, and analyzing text
in segments. Because of space limitations, we refer the interested reader
to the detailed information provided in the program’s “Help” menu and
the LIWC manual.

Automatic Text Analysis

Advanced Grammatical and
Semantic Category Analysis:
Wmatrix

Wmatrix is a powerful, Web-based ATA tool that uses corpus linguistics
methods (Rayson, 2008; note that our description is based on Wmatrix2,
the most recent version of the program). Corpus linguistics studies lan-
guage using a large (usually electronic) collection of texts (i.e., a corpus;
McEnery & Wilson, 1996). The rescarch question often determines which
texts are included in the corpus, whether they represent the whole of the
English language (e.g., the British National Corpus; BNC; Burnard, 1995),
or a particular group of interest (e.g., Inglish language learners, Inter-
national Corpus of Learner English; ICLE; Granger, Dagneaux, & Meunier,
2002). In addition to working with existing corpora, rescarchers also use
texts that were collected under specific conditions (c.g., for a study on
personality and language use; Oberlander & Gill, 2006).

Analytically, Wmatrix uses a corpus comparison approach, which
compares a corpus of interest, the Research Corpus, to a second corpus,
the Reference Corpus. This process identifies ways in which the research
corpus differs from the reference corpus. For example, to examine char-
acteristics of second language learners, a research corpus such as the
ICLE may be compared against a general collection of English language,
for example, the BNC. Alternatively, corpora derived from two compa-
rable groups (e.g., male and female authors) may be compared.

Wmatrix and LIWC differ in two main ways. First, Wmatrix does not
impose a set of relevant language features (defined by the dictionary).
Instead, it extracts comprehensive word usc, grammatical, and seman-
tic information on a set of texts. Data-driven approaches like Wmatrix
operate bottom-up because they allow characteristic language features
to emerge from the data. Dictionary-based ATA tools like LIWC, in con-
trast, operate top-down by locusing on predefined, theoretically derived
dictionaries. Second, Winatrix is more sophisticated than most dictionary-
based ATA tools. Wmatrix uses an automatic part-of-spcech tagger
(Constituent-Likelihood Auromatic Word-Tagging System [CLAWS)
tagger) to disambiguate and classify the synrtactic function of words
in a sentence (e.g., in “She is a mine worker,” mine is a noun, not a pro-
noun). Similarly, Wmatrix uses a semantic tagger (UCREL Semantic
Analysis System [USAS] tagger) (o automatically disambiguate and clas-
sify the semantic function of words in a sentence (e.g., Wmatrix codes
the example of doud nine as “happy,” rather than “meteorological”y.

Yet Wmatrix can also create challenges for behavioral researchers.
First, the detailed information at the individual word level can be difficult
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to interpret. What does it mean if women overuse the words about and was
relative to men? This problem can be reduced by focusing on Wmatrix's
analysis of broader grammatical and semantic features. With this type of
analysis, Wmatrix results (e.g., use of “superlatives”) can be interpreted
similar to LTWC results (e.g., use of “emotion words”) with the difference
that they are based on more comprehensive linguistic information.

second, as noted before, Wmatrix analyzes text at the corpus level,
not at the level of the individual author. Therefore, data collected from
participants nced to be clustered into text corpora. Although clustering
texts is straightforward with discrete variables (e.g., gender, disease
diagnosis, experimental group), it is more complex with continuous
variables (e.g., age, extraversion). Then, the data need to be categorized,
for example, by splitting a variable on the median or by forming extreme
groups (e.g., participants low vs. high in extraversion; Oberlander &
Gill, 2006). In this way, Wmatrix has been used to examine attitudes
toward fashion (Wilson & Moudraia, 2006) and to code judgments of
language used by science learners (Forsyth, Ainsworth, Clarke, Brundell,
& O'Malley, 2006).

PREPARING THE DATA FOR WMATRIX ANALYSIS

We now demonstrate a Wmatrix analysis step-by-step using our four
sample blogs. Steps 1 through 4 of the data preparation are identical to
those described in the section “Preparing the Data for Linguistic Inquiry
and Word Count Analysis” (save as plain text files; clean up extraneous
text not written by the author; check spelling; carefully consider the
inclusion of abbreviations or slang). The following steps, however, arc
unique to preparing texts for analysis with Wmatrix:

5. Wmatrix recognizes normal alphanumeric characters (A-Z, a-z,
0~9), but special characters (e.g., %, &, ", “)y requirce care and
should be encoded using Standard Generalized Markup Language
(SGML; e.g., ampersand, &, is encoded as “Samp”). The use of
punctuation also needs consideration; for details, sec htrp://
<<<<e<.nc::ﬁE:nm,mn.:w\:Qn:m_mém;o::mr:::r

6. For Wmatrix, it is recommended to render data anonymous by
substituting alternative names for the original ones because, for
example, asterisks as a means of deidentification (“**") are not
recognized by the program.

7. Because text corpora are built from the original texts by merg-
ing the individual text files into larger files, we recommend
including a unique identifier at the start and end of each text
within a corpus; for example the start of a single text can be
marked as “<text=filename>" and the end as “<\text=filename>”

(with “filename” as the identifier).

Automatic Text Analysis

In addition to plain text (.txt) files, Wmatrix also supports HTML
format as input files, which is particularly useful when dealing with
online content (and which we recommend when the data contain
SGML characters). A useful feature of Wmatrix is that it lists words it
could not classify: we recommend checking this list for spelling or typo-
graphical errors. Note that fillers (e.g., well, like) need not be manually
tagged because Wmatrix detects them automatically.

Finally, corpora need to be built from the individual texts. In our
example, we cluster the four blogs into blogs by female authors (Blogs
A and B) and male authors {(Blogs C and D) and merge the four text files
accordingly into two corpora, “FemaleBlogs.txt” and “MaleBlogs.txt.”
Note that our corpora are too small for answering research questions
and are used for illustrative purpose only.

RUNNING THE WMATRIX ANALYSIS

Wmatrix analyses consist of uploading the data, part-of-speech tagging
semantic tagging, and a word {requency analysis:

1. Researchers log on to http://ucrel.lancs.ac.uk/wmatrix2.html
with their unique username and password; frec 1-month trial
accounts are available for academic use.

2. The tag wizard guides users through the automatic analysis
of the data (see of Figure 8.2A). We recommend switching to
the “Advanced Interface” by clicking on the respective icon in
the “Options” menu. The user then (a) names a work area (e.g.,
“FemaleBlogs”), (b) specifies a data file to be uploaded and tagged
(e.g.. “FemaleBlogs.txt”), and (c¢) starts the process by pressing
“Upload now.”

3. Processing the text can take between a few seconds and several
minutes, depending on the complexity of the corpus. Once the
analyses are finished, Wmatrix jumps to the view of the work
area (e.g., “FemaleBlogs,” see Figure 8.2B). The work area has
links to the raw output of the word frequency, part-of-speech,
and semantic tagging, as well as pull-down menus for specifying
the comparison corpus.

4. The final step involves the comparison of two corpora with regard
to word, part-of speech, and semantic frequencies. This can be
done using one of the built-in reference corpora (e.g., BNC) or a
specific comparison corpus collected by the researcher (e.g., “Male-
Blogs”). Pressing “Go” runs the corpus comparison and opens up
the output. The output for the word frequency (Figure 8.3A) and
the semantic (Figure 8.3B) comparison of our corpora of female
and male bloggers are shown in Figure 8.3.
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INTERPRETING THE WMATRIX OUTPUT

The Wmatrix corpus comparison output provides statistical information
on the overuse and underuse of individual words, part-of-speech (i.c.,
grammatical category). and semantic features of one text corpus relative
to another. In the advanced interface (shown in the screenshots and
described in our example), it supplies log-likelihood (LL) values to esti-
mate the reliability of the between-corpora differences in words and text
features; in the simple interface, it uses graphical “cloud” images to repre-
sent the most significant features. Rayson (2003) recommended 15.13 as
a critical LL value (p < .0001) to minimize capitalization on chance due to
the number of tests; however, a value of 6.63 could be used with care. It
is not surprising that, given our small amount of textual data, no language
differences passed this threshold. Yet, female relative to male bloggers
tended to overuse the words you, he, and about (see Figure 8.3A). Consis-
tent with these findings for single words, female bloggers also grammat-
ically overused second person personal pronouns (you), third person
singular subjective pronouns (#e), and past tense verbs. Wmatrix did not
reveal any semantic features that fernales overused greatly (all LL values
< 6.63; see Figure 8.3B). Male bloggers, on the other hand, tended to over-
use the word contraction ‘m, grammatically general adverbs (really, even),
the auxiliary verb am, and semantically nonspecific quantifiers (even).

As our sample comparison of male and female blog language use
reveals, Wmatrix can provide linguistic information ata very finc-grained
level. The researcher’s challenge then lies in conceptually interpreting the
identified characteristic word-based, grammatical, or semantic group dif-
ferences (Oberlander & Gill, 2006). Yet it is important to note that the
extensive—and potentially overwhelming—Wmatrix output also offers
unique potentials: For the first time, it is possible to automatically assess
almost any grammatical feature and a wide spectrum of sernantic lan-
guage use features. Many of these features have escaped other, simpler
ATA tools, and many of them are inherently important to behavioral sci-
entists (e.g., use of comparatives and superlatives; personality traits; refer-
ences to emotional states, health, and disease). It is because of its unique
blend of computational power (automatic graminatical and semantic dis-
ambiguation), linguistic sophistication, and user friendliness that we
decided to introduce it to behavioral scientists. As an easy-to-use ATA
tool, Wmatrix has wide applicability and unique potentials for revealing
the natural interactions among psychological and linguistic processes.

Summary and Conclusion

In this chapter, we have highlighted some ot the possibilities that ATA
offers for working svith text-based Internet data and provided a user guide
for two ATA approaches. Which of the two tools, then, should researchers

Automatic Text Analysis

use? In general, for psychologically complex (¢.g., involving several con-
tinuous measures) but linguistically relatively simple phenomena (e.g.,
focusing on pronoun use only), a dictionary-based approach like LIWC
seems optimally suited. In the contrary situation, that is, for rich linguis-
tic data and dichotomous psychological variables, Wmatrix seems best
suited. Itis our conviction, though, that unique insights result from a syn-
ergy of both approaches—the joint use of the psychological LIWC cate-
gorics and the linguistic Wmatrix categories (Oberlander & Gill, 2006).
Additional techniques that provide a good balance between linguistic
sophistication and psychological complexity include Coh-Metrix and
Latent Semantic Analysis (¢.g., Gill et al., 2008). More information about
these tools can be found at http://cohmetrix.memphis.edu and http://lsa.
colorado.edu.

Additional Resources

Chung, C. K., & Pennebaker, J. W. (2007). The psychological function
of function words. In K. Fiedler (Ed.), Social communication: Frontiers of
social psychology (pp. 343-359). New York: Psychology Press.

This chapter provides a comprehensive summary of research on
psychological aspects of natural word use with a focus on variables
such as gender, age, culture, personality, depression, and deception.

Mehl, M. R. (2006). Quantitative text analysis. In M. Eid & E. Diener
(Eds.), Handbook of multimethod meuasurement in psychology (pp. 141-156}).
Washington, DC: American Psychological Association.

This chapter discusses quantitative text analysis in the context of
multimethod measurement; it reviews nine text analysis strategies in
psychology and classifies them on four dimensions.

Neuendorf, K. A. (2002). The content analysis guidebook. Thousand Oaks,
CA: Sage.

This comprehensive book on content analysis as a scientific
method (manual and computerized) discusses measurementissues and
describes various text analysis programs. A helptul online companion
is provided at http://ATAdemic.csuohio.edu/kneuendorf/content
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