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a b s t r a c t

Given the wide-spread use of social media, text analysis has emerged as a promising way to gather
information about individuals. However, it is still unclear which method of text analysis is best for
determining different types of information. This study compared the utility of automated text analysis
(LIWC) with human raters in predicting self-reported psychological and physical health. Expressive
writing essays from chronic pain patients were used from a previous online intervention study. Results
indicate that human ratings added predictive power above and beyond the LIWC on measures of
depression. However, the LIWC was almost as proficient as human raters when predicting pain cata-
strophizing and illness intrusiveness. Neither the LIWC nor human ratings were good predictors of pain
severity and life satisfaction. Overall the utility of automated text analysis over human raters depends on
the individual characteristic being measured.

© 2017 Elsevier Ltd. All rights reserved.
1. Introduction

The widespread use of social media has generated a large
amount of text-based information that could reveal important in-
sights about individuals' characteristics, internal emotional states,
and health. Self-reported measures are the gold-standard for col-
lecting this type of information, however, administering these
measures can be time-consuming, expensive, and impractical.
Moreover, biases, such as social desirability and the observer effect,
can distort self-reported information. In contrast, text-based in-
formation, like that found on social media, is already freely avail-
able in large quantities and evidence has begun to emerge that
word usage in people's written text can detect or predict an in-
dividual's psychological state (Campbell & Pennebaker, 2003;
Pennebaker, Mayne, & Francis, 1997). As a result, researchers have
begun to use written text as a more accessible and potentially more
objective measure of individual information (Ortigosa, Martin, &
Carro, 2014; Smedley, Coulson, Gavin, Rodham, & Watts, 2015).
The current study used online essays as a use case for testing
different methods of analyzing text-based information.

In psychology, written text has traditionally been analyzed using
emer), gkorkmaz@vbi.vt.edu
human raters. This method benefits from the raters' ability to un-
derstand complex language structure and the meaning behind the
text. However, it is also time-consuming, expensive, and not
necessarily realistic for large corpuses of text. As an alternative,
automated text analysis methods have become widespread in
recent years. Automated text analysis, such as sentiment analysis,
represents a cost-effective and efficient method of analyzing text,
especially for large amounts of information. Natural language
processing continues to improve, however, automated text analysis
tools still provide limited interpretations of word meaning and
context (Tausczik& Pennebaker, 2010). Determiningwhichmethod
to use as well as the strengths andweaknesses of eachmethod is an
important step in being able to harness the large amounts of social
media information.

The Linguistic Inquiry and Word Count (LIWC) is a common
automated text analysis program used in psychology (Pennebaker,
Booth, & Francis, 2007). The LIWC includes word categories rele-
vant to linguistic and psychological domains (e.g., cognitive pro-
cesses, positive emotions). While the LIWC has been useful and has
led to several insights about the nature of the writing (Pennebaker
& Seagal, 1999), the system is unable to capture the meaning of the
text since the words are not analyzed in context. As the creators of
the program acknowledge, word use is highly contextual and the
LIWC does not analyze complex language structure (Tausczik &
Pennebaker, 2010). Several studies have compared the LIWC re-
sults to human raters’ coding of text (Alpers et al., 2005; Bantum &
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Owen, 2009). This work has mostly focused on emotions, where
raters provide a global assessment of the text and the LIWC pro-
vides the percentage of positive and negative words. While the
raters and LIWC categories tend to have moderate to strong cor-
relations for general emotion categories, such as positive and
negative, the correlations tend to be low or not significant for
specific emotions, like anxiety and optimism (Alpers et al., 2005;
Bantum & Owen, 2009). This indicates that the LIWC can capture
the general positive or negative emotional tone of the text, how-
ever, it is not as accurate as human raters in detecting more
nuanced emotions.

The LIWC has also been compared to self-report measures of
emotion and health outcomes. In most studies, the LIWC categories
of positive and negative emotion were uncorrelated with self-
reported positive emotions, negative emotions, emotional sup-
pression, mood disturbance, and life satisfaction (Bantum & Owen,
2009; Owen et al., 2006; Tov, Ng, Lin,& Qiu, 2013). One study found
that self-reported negative emotion significantly correlated with
the LIWC negative emotion, but this same comparison was incon-
sistent for positive emotions (Tov et al., 2013). Another study
compared LIWC with human raters and utilized multiple LIWC
categories to predict self-reported emotion (Ziemer & Korkmaz,
2016). In this case, multiple LIWC categories was useful in pre-
dicting negative emotion, but a model combining human ratings
and LIWC was most useful for positive emotion.

The LIWC has shown more promise for predicting health out-
comes. The word categories of cognitive processing, negative
emotions, and positive emotions have all been significantly asso-
ciated with self-reported and physiological markers of health
(Esterling, L'Abate, Murray, & Pennebaker, 1999; Pennebaker et al.,
1997; Pennebaker & Chung, 2007; Pennebaker & Seagal, 1999).
Pronoun use has also been found to predict physical health (e.g.,
number of doctor's visits), but not mood (Bond & Pennebaker,
2012; Campbell & Pennebaker, 2003). Overall, these findings sug-
gest that the LIWC may be more adept at predicting health out-
comes than mood outcomes.

The LIWC is comparable to human raters in detecting general
emotions in written text and has potential for predicting health
outcomes. However, it remains unclear how the LIWC compares to
human raters when predicting self-reported measures of psycho-
logical and physical health. This is important to understand in order
to determine the bestmethod for drawing accurate conclusions and
making accurate predictions from written text.

This study sought to compare human raters with LIWC cate-
gories to predict self-reported measures of psychological and
physical health. Written text was used from a previously conducted
online expressive writing study with participants experiencing
chronic pain. We focused on the LIWC categories that have been
used in previous research on self-reported health outcomes. This
included first-person pronouns, positive emotions, negative emo-
tions, and cognitive processes. We also explored the LIWC category
of biological processes (e.g., body, health) as this study focused on
participants with chronic pain who were likely experiencing a
number of somatic symptoms.

2. Method

2.1. Expressive writing intervention

The expressive writing intervention involved two different
writing conditions: self-compassion and self-efficacy writing. The
self-compassion group was encouraged to write about their
thoughts, feelings, and experience with chronic pain from a self-
compassionate perspective. In order to help them in this, they
were asked to think about what a kind friend would say to them.
The self-efficacy group was encouraged to write about their expe-
riences managing their chronic pain and describing what worked,
what didn't, and how they planned to manage their pain in the
future. Participants were randomized to one of the conditions and
both groups wrote online for 20 min once a week for three
consecutive weeks. They completed self-report psychological and
physical healthmeasures oneweek before the intervention and one
week after the last writing session. Only the third and final writing
sessionwas used for the analyses since it occurred closest in time to
the final self-reported measures. In addition, only the final self-
reported measures were used in the analyses since these mea-
sures were completed after the writing and allow for the prediction
of future psychological states.

2.2. Participants

All participants were experiencing chronic pain and were
recruited from online chronic pain forums. The following eligibility
criteria was used to select participants: 1) at least 18 years old, 2)
able to read and write in English, 3) diagnosed with chronic pain or
a chronic pain condition, or discussed pain management strategies
with a doctor, 4) experiencing pain onmost days of themonth for at
least six months (Hoffman, Papas, Chatkoff, & Kerns, 2007; Wren
et al., 2011) having pain that was not directly caused by a termi-
nal condition, and 6) report a score of at least 5 on a 10-point scale
for the worst pain experienced within the past six months which is
based on the cutoff for moderate pain in the literature (Serlin,
Mendoza, Nakamura, Edwards, & Cleeland, 1995).

Ninety-three participants completed the intervention and their
final essays were used in this study. The majority had been living
with chronic pain for at least eight years (63.4%). Most of the par-
ticipants were white (93.5%), women (86.0%), and living in the U.S.
(92.4%). Over half were unemployed (62.4%), married (65.6%), and
had at least a college degree (58.0%). While the average age was
49.6 years (SD ¼ 11.0), participants ranged in age from 19 to 74.

2.3. Software

We used the Linguistic Inquiry and Word Count software 2007
version (LIWC, Pennebaker et al., 2007). The LIWC includes 70
different word categories such as social processes (e.g., they, child,
mate, talk), cognitive processes (e.g., cause, know, ought), personal
concerns (e.g., job, earn, win), positive emotion (e.g., love, nice,
sweet), and negative emotion (e.g., hurt, ugly, nasty). A semantic
dictionary corresponds to each category and the LIWC calculates
the percentage of words that fall within each category out of the
total number of words in the writing sample. The validity and
reliability of the LIWC has been well-established with expressive
writing studies where participants write, usually for 20 min, about
their thoughts and feelings around an event or trauma (Kahn,
Tobin, Massey, & Anderson, 2007; Tausczik & Pennebaker, 2010).
Its validity and reliability continue to be assessed in other types of
writing, including online forums and support groups (Alpers et al.,
2005; Bantum & Owen, 2009).

2.4. Procedure

Only the third and final writing session text was used in this
study since this writing occurred closest in time to the completion
of the self-reported measures. In addition, since there were two
different types of writing and the purpose of the study was not to
compare the interventions, thewriting conditionwas controlled for
in all analyses.

We included five LIWC categories that were relevant to the
outcome measures based on previous research: first-person
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pronouns, positive emotions, negative emotions, cognitive pro-
cesses, and biological processes (Bond & Pennebaker, 2012;
Campbell & Pennebaker, 2003; Esterling et al, 1999; Pennebaker
& Chung, 2007; Pennebaker & Seagal, 1999; Pennebaker Mayne,
& Francis, 1997).

Two raters who were blind to the assigned writing condition
read each essay. Each rater independently coded the emotional
tone of each essay as mostly positive, mostly negative, or mixed
(i.e., approximately equal parts positive and negative) based on
previously agreed upon definitions. A Kappa coefficient of 0.83 was
obtained, indicating that the inter-rater agreement was high.
Where there were disagreements in the coding, raters discussed
until consensus was reached. Overall, 41% were classified as mostly
negative, 34% as mixed, and 25% as mostly positive.

2.5. Measures

2.5.1. Illness intrusiveness
The Illness Intrusiveness Rating Scale (IIRS; Devins et al., 1983) is

a 12-item measure that's commonly used as an assessment of
health-related quality of life for chronic diseases. It measures the
extent to which a disease interferes with various life domains (e.g.,
health, diet, work). For the expressive writing study, the directions
were modified to ask specifically about chronic pain and its treat-
ment. Items were rated on a 7-point scale and summed to create a
total score ranging from 12 to 84. High reliability has been found in
previous chronic pain samples (Antony, Roth, Swinson, Huta, &
Devins, 1998, 2010; Novak, Anastakis, Beatory, Mackinnon, &
Katz, 2010) and in the current study (Cronbach's alphas ¼ 0.86-
0.87).

2.5.2. Pain catastrophizing
The Pain Catastrophizing Scale (PCS) assesses catastrophizing

thoughts related to physically painful experiences (Sullivan, Bishop,
& Pivik, 1995). There are 13 items rated on a five-point scale. Items
are summed to create a total score ranging from 0 to 52, where
higher scores indicate greater pain catastrophizing. The PCS has
sound psychometric properties in chronic pain samples (Osman
et al., 2000) and high reliability in the present study (Cronbach's
alphas ¼ 0.94 - 0.95).

2.5.3. Pain severity
Pain severity was assessed through a validated 11-point scale

that asked participants to rate the average amount of pain they
experienced in the past month, where 0 represents no pain and 10
represents the worst pain possible (Cleeland & Ryan, 1994; Keller
et al., 2004). This rating scale has been used as a measure of pain
severity in numerous studies with chronic pain patients (e.g.,
Griffin et al., 2016; Serlin et al., 1995).

2.5.4. Depression
The Center for Epidemiological Studies - Depression Scales

(CESD) used in this study is a 10-item short-form of the original 20-
item measure. The scale evaluates the frequency of depressive
symptoms over the past week on a 4-point scale and has been
found to be reliable and valid (Cole, Rabin, Smith, & Kaufman,
2004). Items are summed to create a range from 0 to 30, where
higher scores indicate more depressive symptoms. The CES-D has
been found to be valid for chronic pain (Grimmer-Somers, Vipond,
Kumar, & Hall, 2009) and had high reliability in the present study
(Cronbach's alphas ¼ 0.85e90).

2.5.5. Life satisfaction
The Satisfaction with Life Scale (SWLS) assesses global life

satisfaction through 5 items (Diener, Emmons, Larsen, & Griffin,
1985). Items are rated on a 7-point scale and summed to create a
total score which can range from 5 to 35, where higher scores
indicate higher life satisfaction. The SWLS has also been validated
in chronic pain samples (Dezutter, Robertson, Luyckx, & Hutsebaut,
2010; Walker, Esterhuyse, & Van Lill, 2010) and had high reliability
in the current study (Cronbach's alpha ¼ 0.89).

3. Results

3.1. Correlations

Correlation analyses were conducted to explore the relationship
between all predictor and outcome variables. Pearson correlations
were conducted between the outcome variables and the LIWC
categories. Spearman correlations were conducted with the human
ratings as this variable was ordinal (1 ¼ negative, 2 ¼ mixed,
3 ¼ positive). As indicated in Table 1, the human ratings were not
highly correlated with any of the LIWC categories except for posi-
tive emotion, in which there was a significant positive correlation.
Life satisfaction and pain severity were not significantly correlated
with any of the LIWC or human rating variables. Depression was
significantly correlated with positive emotion, cognitive processes,
biological processes, and human ratings. Pain catastrophizing was
significantly correlated with positive emotion, negative emotion,
cognitive processes, and human ratings. Illness intrusiveness was
significantly correlated with cognitive processes and human rat-
ings. Age, gender, and writing condition were not significantly
correlated with any of the outcome variables, LIWC variables, or
human ratings. It should be noted that 86% of participants were
women and the lack of significant correlations between gender and
the other variables may be due to a lack of variation in gender.
Writing condition was significantly correlated with positive emo-
tions (r ¼ 0.27; p < 0.01), where the self-compassion condition was
associated with more positive words than the self-efficacy condi-
tion. As a result, we controlled for writing condition in all analyses.

3.2. Regression analyses

Hierarchical linear regression analyses were performed for each
of the outcome variables: life satisfaction, depression, pain severity,
pain catastrophizing, and illness intrusiveness (see Table 2).
Writing condition and the five LIWC categories were included in
the first step of the regression (Model 1) and human ratings were
added in the second step (Model 2). LIWC variables were used in
the model first in order to determine their effect without the in-
fluence of the human ratings. As human ratings have been the gold
standard for analyzing written material, human ratings were added
in the second step (Model 2) to determine the extent that this in-
formation added predictive utility above and beyond the LIWC
(Model 1). Additional exploratory analyses were conducted
including age and gender as predictor variables in both models.
Neither variable was significant in any of the analyses, with the
exception of pain severity in which age was a significant predictor.
However, in this case, the overall model was not significant. As a
result, we present the analyses without age and gender as
predictors.

3.2.1. Life satisfaction
None of the LIWC categories were significant predictors of life

satisfaction and Model 1 accounted for a negligible amount of
variance in the outcome variable. For Model 2, human ratings
significantly predicted life satisfaction and improved the model,
however, the model overall was not significant. Model 2 accounted
for only 4% of the variance in life satisfaction scores.



Table 1
Correlations between the LIWC categories, human raters, and the outcome variables.

SWLS CESD AvgPain PCS IIRS Human Ratingsþ
Positive Emotion 0.07 �0.26* �0.11 �0.26* �0.18 0.28**

Negative Emotion �0.07 0.19 0.16 0.23* �0.01 �0.11
Cognitive Processes 0.13 �0.21* �0.18 �0.23* �0.31** 0.02
First�Person Pronoun �0.04 �0.07 �0.11 �0.07 0.04 0.02
Biological Processes �0.10 0.23* 0.09 0.13 0.09 0.03
Human Ratingsþ 0.20 �0.35*** �0.18 �0.30** �0.21* e

Age 0.06 <0.01 �0.16 �0.07 �0.05 �0.14
Gender �0.07 0.06 0.03 0.02 �0.06 0.19
Writing Condition �0.15 0.08 0.05 0.09 0.03 0.05

Note. SWLS ¼ life satisfaction; CESD ¼ depression; AvgPain ¼ pain severity; PCS ¼ pain catastrophizing; IIRS ¼ illness intrusiveness.
þSpearman correlations; all other correlations are Pearson correlations.
*p < 0.05; **p < 0.01; ***p < 0.001.

Table 2
Hierarchical regression model exploring how LIWC (Model 1) and human ratings (Model 2) predict life satisfaction, depression, pain severity, pain catastrophizing, and illness
intrusiveness.

Independent Variables SWLS CESD AvgPain PCS IIRS

Model 1 Model 2 Model 1 Model 2 Model 1 Model 2 Model 1 Model 2 Model 1 Model 2

Writing Condition (b) �2.98 �2.86 2.53 2.38 0.28 0.26 3.74 3.56 2.65 2.45
Positive Emotion (b) 0.78 0.37 �1.80** �1.29 �0.16 �0.08 �2.87* �2.25 �2.48* �1.78
Negative Emotion (b) 0.07 0.17 0.15 0.02 �0.14 0.12 1.38 1.23 �0.98 �1.15
Cognitive Processes (b) 0.28 0.29 �0.42 �0.43 �0.09 �0.09 �0.86 �0.87* �1.21** �1.22**

First-Person Pronoun (b) �0.16 �0.14 �0.07 �0.10 �0.05 �0.06 �0.08 �0.11 0.29 0.26
Biological Processes (b) �0.36 �0.37 0.55 0.56 <0.01 <0.01 0.01 0.03 0.58 0.60
Human Ratings (b) 2.18* �2.68** �0.40 �3.30* �3.74*

Adjusted R-Squared <0.01 0.04 0.11 0.18 0.01 0.03 0.11 0.14 0.09 0.13
F 0.99 1.51 2.94* 3.95*** 1.10 1.37 2.92* 3.21** 2.55* 3.03**

F Change 4.35* 8.52** 2.86 4.25* 5.16*

Note. SWLS ¼ life satisfaction; CESD ¼ depression; AvgPain ¼ pain severity; PCS ¼ pain catastrophizing; IIRS ¼ illness intrusiveness; b ¼ Beta unstandardized regression
coefficient. Model 1 tests only the LIWC method and Model 2 tests the addition of the human rating method.
*p < 0.05; **p < 0.01; ***p < 0.001.
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3.2.2. Depression
For Model 1, the LIWC category of positive emotion significantly

predicted depression and the overall model was significant, ac-
counting for 11% of the variance in depression scores. When human
ratings were added in Model 2, positive emotion was no longer
significant and human ratings became the only significant predic-
tor. The amount of variance accounted for by Model 2 increased to
18% and Model 2 was a significantly better predictor of depression
than Model 1.

3.2.3. Pain severity
Neither the LIWC nor the human ratings were significant pre-

dictors of pain severity. Moreover, Model 1 and Model 2 accounted
for very little variance in pain severity and neither model was
significant. The addition of human ratings in the Model 2 did not
significantly change the predictive utility of the model.

3.2.4. Pain catastrophizing
The LIWC category of positive emotionwas the only a significant

predictor of depression in Model 1. Model 1 was significant, ac-
counting for 11% of the variance in pain catastrophizing scores.
When human ratings were added in Model 2, positive emotionwas
no longer significant, but cognitive processes became a significant
predictor. Human ratings were also a significant predictor. Model 2
was a significantly better predictor thanModel 1, and the amount of
variance accounted for increased to 14%.

3.2.5. Illness intrusiveness
The LIWC categories of positive emotion and cognitive processes

were significant predictors of illness intrusiveness in Model 1. The
model was significant and accounted for 9% of the variance in
illness intrusiveness scores. For Model 2, cognitive processes and
human ratings were significant, but positive emotionwas no longer
significant. Model 2 was a significantly better predictor than Model
1 and accounted for 13% of the variance in illness intrusiveness
scores.
4. Discussion

This study sought to compare the LIWC and human ratings in
predicting self-reported psychological and physical health. We
found that human ratings added predictive power above and
beyond the LIWC categories for all outcome variables except for
pain severity. However, upon closer examination, the extent of
human ratings’ predictive power over LIWC differed depending on
the outcome variable. Human ratings only modestly improved the
predictive power for pain catastrophizing and illness intrusiveness,
whereas it had a larger impact on predictive power for depression.
Neither the LIWC nor human ratings appear to be robust predictors
of pain severity and life satisfaction.

Pain catastrophizing involves both cognitive and emotional
components, therefore, it makes sense that the LIWC categories of
cognitive processes and positive emotion would be significant
predictors. Cognitive processes include words that indicate the
individual is thinking through a problem or an experience (e.g.,
cause, think, guess, because, effect). Pain catastrophizing involves a
cognitive component, but one that is marked by set cognitive dis-
tortions (e.g., rumination and magnification) and reduced pro-
cessing of the pain condition (Langer et al., 2016; Sullivan, 2009).
Therefore, it makes sense that a greater number of cognitive
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process words would predict lower pain catastrophizing. Pain
catastrophizing also involves feelings of helplessness (Sullivan,
2009). Interestingly, lack of positive emotion words was a better
predictor of pain catastrophizing than the number of negative
emotion words. Although positive emotion was no longer signifi-
cant once human ratings were included, human ratings did not add
much predictive power above and beyond the LIWC. Moreover, the
LIWC was still needed in order to capture the cognitive processes,
since human raters were only coding for the emotional tone of the
essays. Although human raters could have been asked to code for
cognitive processes as well, this would have added significantly to
the time and effort required to code the essays. This also highlights
one of the limitations in using human raters. Whereas human
raters are limited in the number of categories they can code due to
time and resources, the LIWC includes many different categories
that can be used as needed in the analyses. The findings suggest
that the LIWC may be a better substitute than human raters for
efficiently coding writing to predict pain catastrophizing.

Illness intrusiveness is heavily influenced by psychological, so-
cial, and contextual factors. For instance, the same chronic painmay
result in different levels of intrusiveness depending on a person's
coping skills, personality, and defense mechanisms (Devins, 2010).
Therefore, it makes sense that fewer cognitive process and positive
emotion words predicted greater illness intrusiveness. Individuals
who are experiencing more positive emotions and are able to
mentally process their pain experiences likely feel less constrained
and controlled by their chronic pain. The LIWC category of positive
emotions became non-significant when human ratings were added
to themodel, suggesting that there was substantial overlap in these
variables. As with pain catastrophizing, it appears that the LIWC
could be a useful replacement for human raters when predicting
illness intrusiveness.

Conversely, human raters appear to be better than the LIWC at
predicting depression. Raters were coding for overall emotional
tone of the essays, which at first glance may seem to overlap with
the emotion words identified by the LIWC. However, negative
emotion words did not appear to predict depression and human
ratings accounted for more variance in depression scores than
positive emotion words. Thus, there is something about the
emotional tone of text that raters can detect beyond just the
presence or absence of emotionwords. This emotional tone, in turn,
appears to be particularly important for predicting depression.

Text analysis, whether human or automatic, was not a good
determinant of life satisfaction or pain severity. Life satisfaction
refers to how a person feels about their life overall. This may be
difficult to assess from written text unless the person is writing
about their life as a whole. In the present study, participants were
specifically writing about their experiencewith chronic pain, which
only represents one aspect of their life. A person who is struggling
with pain in the present moment may still have high overall life
satisfaction, but this would not necessarily come through in the
text. This is supported by previous research that also failed to find
correlations between LIWC categories and global life satisfaction
(Tov et al., 2013). In terms of pain severity, it could be that lack of
variation in the level of pain made it difficult to predict small
fluctuations. The pain for participants was chronic, which suggests
that it was relatively constant. It could be that writing is a better
predictor of pain when there is more variation in the levels of pain.
Previous research on non-medical populations (e.g., college stu-
dents, inmates) found that cognitive words and positive emotion
words in expressive writing were associated with physical symp-
toms (Pennebaker et al., 1997). The ability of text analysis to
accurately predict physical health likely depends on the physical
health measure used and the population being studied (e.g., in-
dividuals with a chronic medical condition).
This study has several limitations. There are 70 LIWC categories
and it is possible that other LIWC categories would be better pre-
dictors than the five used in the current study. These five categories
were chosen based on previous research and theoretical relevance
for chronic pain, however, future research should explore the utility
of other LIWC categories. In addition, human raters only coded for
the emotional tone of the essays. The outcomes may have been
different if raters had coded for other aspects of the text, such as
cognitive processes. Only one dimension was chosen for human
raters to code in this study in order to reduce the burden of time
and effort required. Future research should compare human ratings
of other text dimensions (e.g., cognitive processes) with compara-
ble LIWC categories.

Another limitation is that the findings in the study may not
generalize to other populations or other types of writing. Eighty-six
percent of the sample was women and all participants had chronic
pain. As such, the findings may not generalize to men or to people
without chronic pain. In addition, the prompts of the expressive
writing encouraged participants to write in a positive manner
(either self-compassion or self-efficacy), thus, the findings may not
generalize to other types of writing in which positive emotions are
not encouraged. However, an analysis of the content revealed that
both positive and negative emotions were well represented in the
essays. For instance, an average of 3.34% of the essay words were
positive and an average of 3.79% were negative according to the
LIWC results. Similarly, the human raters classified 41% of the es-
says as negative, 34% as mixed, and 25% as positive. As such, the
findings of this studymay still apply to other types of writingwhere
both positive and negative emotions are present. Future research
should use different types of writing and different populations
when comparing human raters with LIWC.

5. Conclusions

Overall, the utility of the LIWC over human raters appears to
depend on the outcome variable being measured. Neither human
raters nor LIWC proved successful in predicting life satisfaction or
pain severity. For pain catastrophizing and illness intrusiveness, the
LIWC may provide enough predictive power to justify its use over
the more expensive and time-consuming option of human raters.
However, the ability of human raters to capture the emotional tone
of the text appears to be more useful when predicting depression.
These findings can begin to inform the utility of different methods
for drawing conclusions about psychological and physical health
from written text.
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