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Abstract
Although perceptions of subjective well-being (SWB) in unacquainted others have been shown to play a major role in 
impression formation, little is known about how accurate such perceptions are. In two original studies and one pre-registered 
replication, we explored the accuracy of life satisfaction and happiness judgments from texts and its underlying mechanisms 
(use of linguistic cues). Participants filled in life satisfaction and happiness measures and completed a brief writing task. 
Another sample of participants judged the targets’ life satisfaction and happiness from the obtained texts. All three studies 
demonstrated a small to moderate self-other agreement. A linguistic analysis showed that targets with higher (vs. lower) 
scores on SWB were less likely to use negation words in their texts, which allowed observers to make accurate judgment of 
their SWB level. Two studies pointed at negative emotion words as valid and positive emotion words as invalid (but often 
used) cues to happiness, yet these effects did not replicate in Study 3.

Keywords  Life satisfaction · Happiness · Accuracy · Positive and negative emotion words

Happiness represents a desired characteristic in romantic 
partners (Veenhoven 1989) and perceived happiness in oth-
ers is associated with higher ratings of interpersonal warmth 
and likeability (Fiske et al. 2007; Rosenberg et al. 1968). But 
how accurate is our perception of others’ happiness? Exist-
ing studies have reported a small to moderate association 
between individuals’ self-reports of subjective well-being 
(SWB: e.g., life satisfaction) and their friends’ or relatives’ 
judgment of their SWB (Schneider and Schimmack 2009, 
2010). However, the accuracy of the perception of SWB at 
zero-acquaintance, that is, among strangers, has not received 
much research attention so far. In fact, given the subjec-
tive nature of affective experiences, it has been suggested 
that affective dispositions, such as SWB, are unlikely to be 

judged accurately in a zero-acquaintance context (cf. Watson 
et al. 2000).

Herein, we sought to test this claim by investigating the 
accuracy of life satisfaction and happiness judgment at zero 
acquaintance: specifically, from text samples. Drawing from 
existing research on the linguistic expression of SWB (Tov 
et al. 2013) and Brunswik’s lens model (Brunswik 1956; 
Nestler and Back 2013), we proposed that people’s SWB 
level can be accurately detected from texts through a correct 
utilization of linguistic cues. Across two types of texts—
travel reports and creative writing (poetry)—we explored 
whether independent observers can make accurate ratings 
of targets’ SWB and the utilization of what linguistic cues 
allows this accuracy.

Judgment accuracy and linguistic cues

Existing research on the accuracy of snap judgments of dis-
positional characteristics at zero acquaintance has mainly 
focused on the Big Five personality dimensions. This 
research has shown that people can relatively accurately 
identify unacquainted others’ Big Five traits based on text 
samples, such as personal diaries and blogs (Li and Chignell 
2010), stream-of-consciousness essays (Holleran and Mehl 
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2008), tweets (Qiu et al. 2012a, b), and creative writing 
(Küfner et al. 2010). Summarizing these findings, a recent 
meta-analysis (Tskhay and Rule 2014) revealed a small to 
moderate “accuracy effect”, that is, a small to moderate 
association between observers’ ratings of targets’ personal-
ity and targets’ self-ratings (also referred to as self-other 
agreement).

In contrast, studies on the accuracy of SWB perception 
from texts are nearly non-existent (for one exception, see 
Rodriguez et al. (2010) who showed a high level of accuracy 
in lay assessment of subclinical depression from individuals’ 
written self-descriptions), while studies on the accuracy of 
SWB perception at zero-acquaintance more generally are 
scarce and have produced mixed findings. For example, 
people’s judgment of depressive symptoms in unacquainted 
others based on brief recordings of ambient sounds in their 
environment (Mehl 2006a) and their Facebook profiles 
(Fernandez et al. 2012) is no more accurate than chance. 
In contrast, one study revealed a relatively high accuracy of 
life satisfaction judgment from brief silent video clips, yet 
this accuracy effect was restricted to male targets (Yeagley 
et al. 2007).

Can people accurately judge unacquainted others’ life 
satisfaction and happiness based on writing samples? 
According to Brunswik’s lens model (1956), individuals’ 
psychological characteristics can manifest themselves in 
observable cues, such as behaviors, choices, facial expres-
sions or language use (Nestler and Back 2013). Brunswik 
compared such cues to lenses through which observers can 
see otherwise unobservable psychological traits of individu-
als. Cues are considered valid, if they are associated with the 
judged trait. For example, linguistic cues that are indicative 
of targets’ SWB level are considered valid cues and the asso-
ciation between the observable cue and targets’ score on the 
underlying trait is referred to as cue validity. Observers’ use 
of cues to make inferences about underlying traits is referred 
to as cue utilization. To make accurate judgments of others’ 
SWB, observers should be able to differentiate between valid 
and invalid cues and rely only on those cues that actually 
reflect targets’ standing on the judged trait. What aspects 
of individuals’ language use represent valid cues to their 
happiness?

Decades of research have shown that individual differ-
ences in language use can be quite revealing of a range of 
individuals’ characteristics, including affect (Lee et al. 2007; 
Lin et al. 2016; Pennebaker and King, 1999; Pennebaker 
et al. 2003; Yarkoni 2010). For example, dispositionally 
happy individuals differ from their unhappy counterparts 
in the way they use positive and negative emotion words. 
Depressed students are more likely to use negative emotion 
words in their essays than their non-depressed counterparts 
(Rude et al. 2004; also see Stirman and Pennebaker 2001). 
Other studies highlighted the importance of negative (vs. 

positive) emotion words as cues to happiness. For example, 
self-reports of life satisfaction (Liu et al. 2015), depression 
and anxiety (Settanni and Marengo 2015) correlated with 
the use of negative, but not positive, emotion words on Face-
book. Further research has suggested that, out of impression 
management concerns, individuals might be more likely to 
overuse positive emotion words, invalidating them as a hap-
piness indicator (Bazarova et al. 2013; Lin et al. 2014; Qiu 
et al. 2012a, b).

Even though targets’ use of positive emotion words might 
not be a valid cue to their happiness, observers might still 
use it when judging others’ SWB. After all, individuals’ 
experience of positive emotions is one of the strongest pre-
dictors of their own life satisfaction (Kuppens et al. 2008). 
Therefore, we assumed that targets’ use of both positive and 
negative emotion words in texts might be seen as valid cues 
to their happiness by observers.

In brief, in the present research, we examined the role 
of targets’ use of positive and negative emotion words as 
the mechanism underlying the accuracy of SWB perception 
from texts. We assumed that observers would rely on both, 
positive and negative emotion words, to make judgment of 
targets’ SWB. However, only negative (but not positive) 
emotion words will represent valid cues to targets’ SWB.

Overview of the present research

In Study 1, we examined the accuracy of the perception of 
life satisfaction in travel reports. In Study 2, we comple-
mented these analyses by examining the accuracy of dispo-
sitional happiness in creative writing (poetry). Finally, Study 
3 provided a preregistered replication of Study 1. Across 
all studies, we used a linguistic analysis and word count 
methodology in order to test whether positive and negative 
emotion words account for the accuracy of SWB judgment 
from texts. All materials and the data of all studies reported 
here can be accessed online: https​://osf.io/397tq​/?view_
only=7bfbc​78a24​8745b​c8317​7a69f​ab414​15.

Study 1

Method

Targets

199 individuals completed the study on Amazon Mechanical 
Turk (MTurk). One gave an implausible answer to one of the 
questions1 and one text was not rated due to a programming 

1  This question was a dictator game decision (allocation of $2 
between themselves and another unknown player). It was included for 
the reasons unrelated to the topic of the present paper. It was com-

https://osf.io/397tq/%3fview_only%3d7bfbc78a248745bc83177a69fab41415
https://osf.io/397tq/%3fview_only%3d7bfbc78a248745bc83177a69fab41415
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error, resulting in a final sample of 197 (mean age = 34.09, 
38.6% female) individuals. Participants were asked to com-
plete a writing assignment. Specifically, they were asked 
to write at least five sentences about their last journey, in 
particular where they went, how long they stayed, what they 
liked best and what their usual day looked like. On average, 
participants wrote 71.93 words (SD = 36.67).

To measure life satisfaction, we employed a ladder-meas-
ure by Cantril (1965) that asks participants to rate their life 
overall on a scale ranging from 0 = “the worst possible life 
overall” to 10 = “the best possible life overall”. Such single-
item measures of life satisfaction have good external validity 
(Cheung and Lucas 2014). Here, we refer to this measure as 
self-rated life satisfaction.

Raters

We recruited another sample of 200 individuals from MTurk 
to rate the obtained texts. The advertisement of the study was 
not visible to the MTurk workers who had already partici-
pated as “writers”. Six participants gave implausible answers 
in one of the tasks (s. footnote 1) and were removed, result-
ing in a final sample of 194 individuals (mean age = 33.61, 
47.4% female). Every participant rated five texts. On aver-
age, every text was rated by five participants. Raters assessed 
each target’s life satisfaction using the same measure as the 
targets did (here referred to as other-rated life satisfaction).

Linguistic analysis

To quantify targets’ use of emotion words, we employed 
LIWC (2007), a widely used and validated text analysis soft-
ware (Mehl 2006b; Pennebaker et al. 2007; Tausczik and 
Pennebaker 2010). LIWC uses a word count strategy across 
different categories, including the frequency of words and 
word stems denoting affective processes: positive emotion 
words (e.g. love, nice; 406 words in the dictionary), negative 
emotion words (e.g. hurt, nasty; 499 words in the diction-
ary), anger (e.g. hate, annoy; 184 words in the dictionary), 
anxiety (e.g. fearful, nervous; 91 words in the dictionary) 
and sadness (e.g. grief, sad; 101 words in the dictionary). 
These five categories are the only affective word categories 
included in LIWC. In the present analyses, we focused on 
these five categories. We also report the correlations with 
all other linguistic cues in the supplementary materials 
(Table S1).

Analytic strategy

Following existing practice, we aggregated observers’ judg-
ment across targets and computed a correlation between 
mean observer ratings of targets’ SWB and targets’ self-
ratings as an indicator of accuracy. In addition, as averaging 
raters’ judgment of the same target might ignore systematic 
variation between raters (and can therefore contribute to an 
increase in Type I error rates), we computed an associa-
tion between raters’ judgment of each target and each tar-
get’s self-judgment in a multilevel regression (Judd et al. 
2012; Hox 2002). Multilevel modelling explicitly takes into 
account the sampling of raters and models the resulting 
dependencies in the data (e.g., multiple raters judge the same 
target and multiple targets are judged by the same rater) by 
partitioning the error into the standard residual error term 
and random error terms at the level of targets and raters 
(Judd et al. 2012). As our data have a two-level structure in 
which each target was rated by multiple raters and each rater 
rated multiple targets, we chose a cross-classified multilevel 
model. To examine the degree of accuracy in raters’ judg-
ment of targets’ life satisfaction, we regressed other-rated 
life satisfaction on self-rated life satisfaction. The intercept 
was modeled as random at the level of targets and raters. 
We standardized the variables before the analyses such that 
obtained coefficients can be interpreted in terms of standard 
deviations. These analyses were conducted using the lme4 
package (Bates et al. 2015) in R.

Results

Accuracy

The correlation between aggregated observer ratings of tar-
gets’ life satisfaction and targets’ self-ratings reached r = .22 
(p = .002), showing a moderate accuracy effect. This accu-
racy effect persisted in a multilevel regression analysis: the 
effect of self-rated life satisfaction on other-rated life satis-
faction reached b = .14 (p < .001). That is, raters could iden-
tify targets’ level of life satisfaction at a better than chance 
level. A comparison of raters’ to targets’ judgment showed 
that raters on average overestimated targets’ happiness by .35 
on an 11-point scale (SD = 2.09; raters: M = 8.12, SD = 1.34; 
targets: M = 7.84, SD = 1.92; t(196) = 2.34, p = .02).

Linguistic analyses: Cue validity

What linguistic cues distinguished satisfied with life indi-
viduals from their less satisfied counterparts? As shown in 
Table 1, self-rated life satisfaction was negatively associated 
with the use of anger (r = − .14, p = .050) and anxiety words 
(r = − .15, p = .039). It was not significantly related to other 
emotion words (all ps > .10).

pleted by both targets and raters and participants who gave implausi-
ble values (e.g., 50$) were excluded. The materials of the study can 
be downloaded at: https​://osf.io/397tq​/?view_only=7bfbc​78a24​8745b​
c8317​7a69f​ab414​15.

Footnote 1 (continued)

https://osf.io/397tq/%3fview_only%3d7bfbc78a248745bc83177a69fab41415
https://osf.io/397tq/%3fview_only%3d7bfbc78a248745bc83177a69fab41415
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Linguistic analyses: Cue utilization

What linguistic cues did observers rely on to make judgment 
of targets’ life satisfaction? Table 1 shows that other-rated 
life satisfaction was positively associated with targets’ use of 
positive emotion words (r = .15, p = .041), negatively—with 
the use of negative emotion words (r = − .21, p = .002), anger 
(r = − .18, p = .012) and anxiety (r = − .16, p = .021) words.

Mediation analysis

A comparison of cue utilization and cue validity indica-
tors (Table 1) suggests that two out of four linguistic cues 
that observers relied on were indeed associated with tar-
gets’ self-rated life satisfaction: anger and anxiety words. 
To test whether the differential use of anger and anxiety 
words by satisfied versus less satisfied targets insured a 
better than chance accuracy in raters’ judgment of targets’ 
life satisfaction, we examined whether anger and anxiety 
words mediated the effect of self-rated life satisfaction on 
other-rated life satisfaction. Anger and anxiety words were 
tested as parallel mediators (see Fig. 1). We estimated the 
effect of the independent variable (self-rated life satisfac-
tion) on the mediators (anger and anxiety words, paths ‘a’) 
and the effect of the mediators on the dependent variable 
(other-rated life satisfaction, paths ‘b’) in separate multi-
level regression equations. To compute the indirect effect, 
we used the approach recommended by Zhang et al. (2009) 
for multilevel data. Specifically, we computed the indirect 
effect by multiplying ‘a’ and ‘b’ and used the Monte Carlo 
estimation method to construct the confidence intervals of 
the indirect effect (also see Selig and Preacher, 2008). Self-
rated life satisfaction was negatively related to the use of 
anger (b = − .14, p < .001) and anxiety (b = − .17, p < .001) 
words, which in turn predicted observer ratings of targets’ 
life satisfaction (b = − .10, p = .015, and b = − .08, p = .046, 
respectively). Both indirect effects—via anger and anxiety 

words—were significant, .014, 95% CI [.002, .028] and .014, 
95% CI [.0001, .029], respectively. Hence, less satisfied 
targets were more likely to use anger- and anxiety-related 
words in their reports, and independent observers correctly 
made use of these linguistic cues as indicators of targets’ 
lower life satisfaction.

Discussion

This study showed that individuals can rate strangers’ life 
satisfaction at a better than chance level based on just a few 
lines of text they wrote. The linguistic analyses showed that 
to judge targets’ life satisfaction, raters extensively relied on 
targets’ use of emotion words, in particular, positive, nega-
tive, anger and anxiety words. However, not all of these lin-
guistic cues were helpful in accurately detecting targets’ life 
satisfaction: more satisfied with life targets did not differ 
from their less satisfied counterparts in their use of posi-
tive emotion words and negative emotion words in general. 
In contrast, words denoting anger and anxiety were asso-
ciated with both, self- and other-rated life satisfaction and 
ultimately allowed observers to make accurate judgment of 
others’ life satisfaction.

Table 1   Zero-order correlations of linguistic cues with self-rated SWB and other-rated SWB

Emotion words are percentages from a given category out of the total number of words used. Other-rated life satisfaction and happiness repre-
sent average ratings per target
*p < .05, **p < .01, ***p < .001

Study 1 Study 2 Study 3

Cue validity Cue utilization Cue validity Cue utilization Cue validity Cue utilization

Self-rated life 
satisfaction

Mean other-rated 
life satisfaction

Self-rated happiness Mean other-rated 
happiness

Self-rated life 
satisfaction

Mean other-rated 
life satisfaction

Positive emotion words .09 .15* .10 .40*** .14* .002
Negative emotion words − .08 − .21** − .26** − .31** − .11 − .25***
Anxiety words − .15* − .16* − .09 .01 − .05 − .15*
Anger words − .14* − .18* .01 − .18* − .07 − .14*
Sadness words − .01 − .11 − .30** − .34*** − .06 − .13

Fig. 1   Mediation analysis, Study 1



601Motivation and Emotion (2020) 44:597–607	

1 3

Study 2

Study 2 extended these findings to a different writing task 
(creative writing) and another component of SWB—dispo-
sitional happiness that captures individual differences in the 
tendency to see themselves as a happy or an unhappy person. 
Like in Study 1, we used a linguistic analysis to examine 
whether the use of positive and negative emotion words con-
tributes to judgment accuracy.

Method

Targets

151 individuals completed a study on personality and crea-
tivity advertised on MTurk. Participants were introduced to 
a Japanese poetry form—haiku. They read that “a haiku uses 
just a few words to capture a moment and create a picture 
in the reader’s mind. It is like a tiny window into a scene. 
Traditionally, haiku is written in three lines.” We then asked 
participants to compose a haiku themselves and to feel free 
to choose any topic they like. We released further require-
ment (pertaining to the number of syllables etc.), to allow 
timely study completion and prevent massive drop-out. 
On average, participants wrote 14.50 words (SD = 0.71). 
Examples of haikus participants composed are: “We throw 
the peanuts/A squirrel runs by/Fine dining.”; “Leaves on a 
spring tree/Bright rays of sunlight pass through/To make 
shadows dance”; “Life passes us by/We are stuck between 
tomorrow and yesterday/Until we are not any more.”. Fifteen 
participants didn’t give us the permission to use their haikus 
in further studies, two individuals composed haikus that con-
sisted of just three words and one haiku was not rated due 
to a programming error. The data of these individuals were 
removed from further analyses, resulting in a final sample of 
135 (mean age = 35.01, 47.4% female) individuals.

Participants were asked to indicate how accurately the 
words ‘cheerful’ and ‘sad’ describe them (1 = not at all, 
7 = very much). Their responses were combined (“sad” was 
recoded, r = .63, p < .001; Cronbach’s α = .78) into a measure 
of self-rated happiness.

Raters

Another sample of 678 individuals was recruited on MTurk 
to rate the obtained haikus. 33 failed a comprehension check 
question (that required them to select a particular answer 
instead of answering the question), resulting in a final sam-
ple of 645 (mean age = 36.31, 47.9% female) raters. Each 
participant evaluated three haikus composed by three differ-
ent targets. On average, every haiku was rated by fourteen 

raters. Raters indicated to what extent the words “sad” and 
“cheerful” describe each target (recoded such that higher 
values indicate more happiness and combined into a meas-
ure of other-rated happiness, r = .70, p < .001; Cronbach’s 
α = .82).

Linguistic analysis

The obtained haikus were analyzed using LIWC following 
the same procedure as in Study 1.

Results

Accuracy

The correlation between aggregated observer ratings of tar-
gets’ happiness and targets’ self-ratings of happiness reached 
r = .37 (p < .001). The multilevel analysis revealed that self-
rated happiness was positively associated with other-rated 
happiness (b = .24, p < .001), replicating the accuracy find-
ing of Study 1. A comparison of raters’ to targets’ judgment 
showed that raters underestimated targets’ happiness by .62 
on a 7-point scale (SD = 1.38; raters: M = 4.41, SD = 0.93; 
targets: M = 5.04, SD = 1.43; t(134) = 5.23, p < .001).

Linguistic analyses: Cue validity

Self-rated happiness was negatively associated with negative 
emotion (r = − .26, p = .002) and sadness (r = − .30, p = .001) 
words. It was not significantly related to other emotion 
words (all ps > .10; Table 1).

Linguistic analyses: Cue utilization

Other-rated happiness was positively associated with the 
use of positive emotion words (r = .40, p < .001), nega-
tively associated with the use of negative emotion words, 
(r = − .31, p < .001), sadness (r = − .34, p < .001) and anger 
(r = − .18, p = .042) (Table 1).

Mediation analysis

Like in Study 1, of four cues that observers relied on, only 
two were actually associated with targets’ self-rated hap-
piness: sadness and negative emotion words. Following 
the procedure of Study 1, we examined whether the use of 
sadness and, more generally, negative emotion words medi-
ated the effect of self- on other-rated happiness. However, 
the category of negative emotion words included sadness 
(and sadness and negative emotion words were highly cor-
related: r = .70, p < .001). Therefore, to be able to determine 
whether the use of negative emotion words explains variance 
in happiness beyond and above the use of sadness words, we 
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excluded sadness words from the negative emotion words 
count (specifically, we subtracted the sadness words from 
the overall negative emotion words). We then tested both 
sadness and negative emotion words as parallel mediators.

Targets’ self-rated happiness was negatively related to 
their use of sadness (b = − .30, p < .001) and negative emo-
tion words (b = − .08, p < .001) in haikus. Yet, only the 
use of sadness (but not negative emotion words: b = − .05, 
p = .30) was significantly associated with observer ratings of 
targets’ happiness (b = − .17, p = .002) (Fig. 2). The indirect 
effect via the use of sadness words was significant (.05, 95% 
CI [.02; .08]), whereas the indirect effect via the use of nega-
tive emotion words was not (− .004, 95% CI [− .01; .004]).

Additional exploratory analyses

Moderation by  topic valence  Does the diagnosticity of 
emotion words in texts depend on the general valence of 
the text topic? For example, positive emotion words may be 
particularly revealing in texts written on a negative topic, 
and negative emotion words—in texts written on a posi-
tive topic. To answer this question, we rated each haiku’s 
topic on the dimension of valence (1 = positive, 0 = neutral, 
− 1 = negative). Both authors rated all haikus independently 
and were blinded to self- and other-rated happiness scores 
associated with the haikus (and any other information about 
the haikus). Most haikus were categorized as having a neu-
tral (rater 1: 53.3%; rater 2: 34.1%) or a positive (rater 1: 
26.7%; rater 2: 45.2%) topic; and only about one-fifth of the 
haikus were categorized as having a negative topic (rater 1: 
20.0%; rater 2: 20.7%). The raters reached a good level of 
agreement (Cohen’s Kappa .60, p < .001).

We tested the interaction effects between the use of emo-
tion words and haiku topic valence on self-rated and other-
rated happiness. As a measure of topic valence, we computed 
the average score across the two raters (as a continuous vari-
able). In addition, we repeated the analyses using each rater’s 

valence score separately (using two dummies: positive vs. 
other and negative vs. other). Overall, we tested 30 different 
models (5 emotion word categories, 3 measures of haiku 
topic valence, and 2 dependent variables). For other-rated 
happiness, none of the interactions reached significance all 
(ps > .05). For self-rated happiness, the effect of anxiety and 
positive emotion words depended on haiku topic valence, yet 
the pattern of these interactions was not consistent with the 
idea that the use of positive emotion words is more diagnos-
tic for negative valence texts and the use of negative emo-
tion words is more diagnostic for positive valence texts (if 
anything, it was the opposite). The details regarding these 
analyses are provided in the Supplementary materials. Over-
all, as this study was not designed to test these hypotheses 
and the share of negative valence haikus was quite low, these 
results should be interpreted with caution.

Raters’ judgment of  haikus’ happiness  Raters were addi-
tionally asked to indicate to what extent the words “sad” and 
“cheerful” describe each haiku (recoded such that higher 
values indicate more happiness and averaged into a measure 
of other-rated haiku happiness, r = .75, p < .001). The asso-
ciation between average raters’ judgment of targets’ hap-
piness and average raters’ judgment of haikus’ happiness 
was r = .96 (p < .001), and the association between a rater’s 
judgment of a specific haiku’s happiness and this rater’s 
judgment of this haiku’s author’s happiness was r = .82 
(p < .001). That is, raters assumed that happy people write 
happy haikus. We examined whether the same linguistic 
cues allow raters to judge some haikus as more and others 
as less happy and whether perceived haiku happiness shapes 
perceived targets’ happiness. We conducted a serial media-
tion analysis where targets’ self-rated happiness leads to 
the use of specific linguistic cues, which then shape raters’ 
judgment of haikus’ happiness, which ultimately affect 
raters’ judgment of targets’ happiness. Among the linguistic 
cues, we focused on the cues tested in the main analysis: 
sadness words and negative emotion words (with sadness 
words taken out of the score). We used multilevel regres-
sion and the Monte Carlo estimation method to construct 
the confidence intervals of the indirect effect. The indirect 
effect via “sadness words → other-rated haiku happiness” 
was significant, .05 95% CI [.03; .08]; the indirect effect via 
“negative emotion words → other-rated haiku happiness” 
was not, .005 95% CI [− .001; .013]. The path coefficients 
are presented in Figure S1 (Supplementary materials).

Discussion

Study 2 demonstrated that independent observers could 
judge targets’ level of happiness at a better than chance level 
based on just three lines of their writing (fourteen words, on 
average). Like in Study 1, the use of certain linguistic cues 

Fig. 2   Mediation analysis via negative emotion (other than sadness) 
and sadness words, Study 2
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mediated the accuracy effect: unhappy targets wrote poems 
containing more words expressing negative emotions and 
sadness than their happy counterparts. These individual dif-
ferences in word use were picked up by the raters and put to 
good use to make judgments of targets’ happiness.

Use of negations: Additional analyses, Studies 1 
and 2

An examination of the associations of self- and observer-
rated well-being with all linguistic cues provided by LIWC 
(Table S1) showed that one linguistic cue was consistently 
associated with both self- and observer-rated well-being 
across the two studies: the use of negations. Specifically, 
both self- and other-rated SWB were associated with a spare 
use of negations (Study 1: r = − .15, p < .030, r = − .30, 
p < .001, respectively, Study 2: r = − .19, p = .026, r = − .26, 
p = .002, respectively). Therefore, in an additional set of 
analyses, we retested the mediation models with the use of 
negations as an additional parallel mediator, along with the 
use of negative emotion words. The results of these analyses 
are shown in Fig. 3. Indeed, the use of negations mediated 
the accuracy effect in both studies (Study 1: indirect effect 
0.018, 95% CI [0.001; 0.04]; Study 2: indirect effect 0.02, 
95% CI [0.003; 0.04]). At the same time, the mediation paths 
via anger and anxiety (Study 1) and sadness (Study 2) were 
unaffected by adding another mediator (Fig. 3).

Finally, we added the use of negation words to the serial 
mediation model in Study 2. Targets’ self-rated happiness 
was modelled as leading to three linguistic cues (sadness 
words, negative emotion words and negations), the three 
linguistic cues led to raters’ judgment of haikus’ happiness, 
which led to raters’ judgment of targets’ happiness. These 
analyses also provided support for two indirect effects: via 
“sadness words - > haiku happiness” (.05 95% CI [.03; .08]) 
and via “negation words - > haiku happiness” (.02 95% CI 
[.01; .04]) (see Figure S2 for details).

Study 3: Pre‑registered replication

While Studies 1 and 2 provided converging evidence of the 
accuracy effect in subjective well-being perception from 
texts, they have an important limitation. Both studies were 
part of larger research projects and included more measures 
than the ones we focused on in the present paper (subjective 
well-being) and the hypotheses of neither of these studies 
were preregistered. Therefore, following the request of one 
of the anonymous reviewers, we conducted a direct replica-
tion of one of the studies. As travel reports have a higher 
ecological validity (that is, in real life, people are more likely 
to write travel reports than haikus), for the replication, we 
selected Study 1. Compared to Study 1, Study 3 had the 

following two modifications. First, we only included the 
measures we were interested in—self-rated and other-rated 
life satisfaction. Second, to make sure that reminding partici-
pants of their holiday time does not affect their life satisfac-
tion judgment, targets reported their life satisfaction before 
completing the writing assignment. Hypotheses, measures, 
data collection, and analyses were preregistered (http://aspre​
dicte​d.org/blind​.php?x=y3pa4​x). We did not deviate from 
the preregistered plan in any way, except for ending up with 
12 targets more than planed (see below for details). Individu-
als who participated in Study 1 or 2 as either targets or raters 
were not eligible for this study.

Method

Targets

Following our preregistered plan, we recruited 200 indi-
viduals from MTurk. 19 participants did not provide travel 

Fig. 3   Mediation analysis via emotion and negation words, Studies 1 
and 2

http://aspredicted.org/blind.php?x=y3pa4x
http://aspredicted.org/blind.php?x=y3pa4x
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reports (e.g., some of them copied unrelated random texts 
from some websites; other wrote something unrelated, like 
“ha ha no way”). To compensate for these lost cases, we 
recruited an additional 30 participants (we oversampled as 
we were concerned that some of these newly recruited par-
ticipants will provide unusable texts too). At the end, we 
had 212 targets who provided usable travel reports (mean 
age = 37.23, 44.3% female).

At the beginning of the survey, targets reported their 
overall life satisfaction. We used the same measure as 
in Study 1: participants rated their life overall on a scale 
ranging from 0 = “the worst possible life overall” to 
10 = “the best possible life overall” (Cantril 1965). After-
wards, participants were asked to complete the same writ-
ing task as in Study 1. The instructions did not deviate 
from Study 1 in any way. On average, participants wrote 
76.88 words (SD = 41.77). At the end, participants indi-
cated their gender and age.

Raters

220 (mean age = 37.01, 42.7% female) individuals were 
recruited from MTurk to rate the obtained texts (MTurkers 
who participated as targets were not eligible). On average, 
raters rated five texts and texts were rated by five raters. 
Raters assessed each target’s life satisfaction using the same 
scale as the targets did (0 = “the worst possible life overall” 
to 10 = “the best possible life overall”). This was the only 
measure that the participants rated the texts on. At the end, 
the participants indicated their gender and age.

Results

Accuracy

Replicating the results of Study 1, the correlation between 
average observer ratings of targets’ life satisfaction and 
targets’ self-ratings was r = .19 (p = .006). The multilevel 
regression analysis supported this finding: self-rated life sat-
isfaction was positively related to other-rated life satisfac-
tion (b = .10, p = .011). Similar to Study 1, raters on average 
overestimated targets’ happiness by .72 on an 11-point scale 
(raters: M = 8.02, SD = 1.24; targets: M = 7.30, SD = 2.23; 
t(211) = 2.67, p < .001).

Linguistic analyses: Cue validity

Of all emotion word categories, only the use of positive 
emotion words was related to self-rated life satisfaction 
(r = .14, p = .050; all other ps > .09; Table 1).

Linguistic analyses: Cue utilization

Like in Study 1, other-rated life satisfaction was posi-
tively associated with the use of negative emotion words 
(r = − .25, p < .001), anxiety words (r = − .15, p = .032) and 
anger words (r = − .14, p = .039), but not positive emotion 
words (r = − .002, p = .98) and sadness words (r = − .13, 
p = .069; Table 1).

Overall, comparing cue validity and cue utilization 
(Table 1) shows that the emotion words that the raters 
relied on to judge targets’ life satisfaction do a poor job 
predicting targets’ self-rated life satisfaction. Hence, emo-
tion words are unlikely to mediate the association between 
other- and self-rated life satisfaction and cannot explain 
the accuracy in life satisfaction perception from texts in 
this study.

Exploratory analysis: Use of negations

As the use of negations represented a significant (although 
not predicted) mediator of the accuracy effect in both Study 
1 and Study 2, we explored it in Study 3 too. Like in Studies 
1 and 2, targets who were more satisfied with life were less 
likely to use negations in their texts (r = − .24, p < .001). Tar-
gets’ use of negations was negatively associated with raters’ 
judgment of targets’ life satisfaction (r = − .44, p < .001; 
Table S1).

Next, we examine targets’ use of negation words as a 
mediator of the association between other-rated and self-
rated life satisfaction. Like in Studies 1 and 2, we used mul-
tilevel regression and the Monte Carlo estimation method 
to construct the confidence intervals of the indirect effect. 
The indirect effect was significant: .062, 95% CI [.040; 
.088]. The path coefficients are presented in Fig. 4. Targets’ 
self-rated life satisfaction was negatively related to their 
use of negations (b = − .24, p < .001) and the use of nega-
tions (b = − .26, p < .001) in turn predicted observer ratings 
of targets’ life satisfaction. Accounting for targets’ use of 
negations rendered the association between other- and self-
rated life satisfaction non-significant (b = .11, p = .011 vs. 
b = .04, p = .30).

Fig. 4   Mediation analysis via negation words, Study 3
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Discussion

The pre-registered Study 3 replicated the main finding of 
Studies 1 and 2: individuals could accurately judge oth-
ers’ life satisfaction from texts at a better than chance level. 
However, in contrast to Studies 1 and 2, the use of emotion 
words did not mediate this effect. Even though observers’ 
estimates of targets’ life satisfaction were based on targets’ 
use of negative emotion words, negative emotion words 
turned out to be an invalid cue to targets’ life satisfaction 
in this study. Instead, like in Studies 1 and 2, targets’ use of 
negations fully explained the accuracy effect: more satisfied 
targets were less likely to use negations in their texts and 
observers picked this up and (successfully) used this cue in 
their judgment of targets’ life satisfaction.

General discussion

In a draft of his Nobel Prize speech, Ernest Hemingway 
wrote that if the writer “has written well, everything that is 
him has gone into the writing” (“Ernest Hemingway: A Sto-
ryteller’s Legacy” 2017). Indeed, writing can contain mul-
tiple cues to individuals’ age, gender, personality and even 
psychological health (Pennebaker et al. 2003; Schwartz et al. 
2013). How good are people in making use of such cues and 
how accurately can people judge others’ happiness based on 
the texts they write?

The present studies showed that people can judge unac-
quainted others’ level of subjective well-being, based on 
brief excerpts of the texts they wrote, at a better than chance 
level. How does the degree of self-other agreement in our 
studies fare relative to the effect sizes reported in the lit-
erature on well-being judgment among dating couples and 
friends? According to meta-analytic findings (Schneider and 
Schimmack 2009), an average self-other agreement in these 
studies is r = .42 (credibility interval: .39–.45). Although this 
is higher than the effects reported here (r = .22 in Study 1, 
r = .37 in Study 2, and r = .19 in Study 3) and people seem 
to be worse at accurately judging a complete stranger’s SWB 
than the SWB of their friends and dating partners, we con-
sider the level of accuracy achieved in the present studies 
quite impressive given that the basis for the judgment was 
just a few lines of text.

What allowed this degree of accuracy? We expected 
targets’ use of emotion words in texts to provide raters 
with cues, making an accurate judgment of targets’ happi-
ness possible. Indeed, in the first two studies, targets’ self-
reports of SWB were reflected in the use of negative emotion 
words in the texts they wrote and raters, in turn, were able to 
pick up on these linguistic cues and, consequently, judged 
targets’ SWB at a better than chance level. However, the 
specific emotion word categories that served as valid cues 

to well-being differed across these studies, with anger and 
anxiety words being valid cues in Study 1 and sadness words 
being valid cues in Study 2. Even more importantly, a pre-
registered replication (Study 3) failed to provide support to 
the use of negative emotion words as valid cues of life satis-
faction: even though raters used negative emotion words to 
judge targets’ life satisfaction, none of the negative emotion 
word categories was significantly associated with targets’ 
self-reported life satisfaction. The associations between self-
reports of SWB and the use of positive emotion words didn’t 
show a consistent pattern across the studies either.

The fact that we didn’t detect consistent associations 
between self-rated SWB and the use of emotion words in 
texts might have important methodological implications. 
Using individual differences in emotional language as an 
indicator of SWB is getting increasingly common in social 
sciences. For example, the frequency of positive emotional 
language in tweets was recently used to draw conclusions 
about the effect of political ideology (Wojcik et al. 2015) 
and religiosity (Ritter et al. 2014) on twitters’ happiness. Our 
results suggest that, although the analysis of linguistic cues 
in texts might provide insights into individuals’ well-being, 
the validity of these measures is not ironclad and potentially 
depend on the specific emotion word category, the type of 
writing used and potentially further factors. Hence, rely-
ing on the use of emotion words as indicators of subjective 
well-being might be premature (also see Luhmann 2017) 
and more studies are needed to determine the use of what 
emotion words in what types of texts represent valid cues to 
text authors’ subjective well-being.

If the use of emotion words does not consistently account 
for the accuracy effect, what linguistic cues do? Explora-
tory analyses showed that one linguistic cue was consist-
ently associated with both self-rated and other-rated subjec-
tive well-being in all three studies: the use of negations. 
More (vs. less) happy and satisfied targets were less likely 
to use negations in their texts and raters picked up on this 
cue, which ultimately allowed them to make accurate judg-
ments of targets’ life satisfaction. The mediation analyses 
confirmed that the use of negations explained a significant 
portion of the accuracy effect in all three studies. The use of 
negations has been rarely the focus of attention in studies on 
the linguistic expression of well-being. Previous studies that 
considered this linguistic marker provided mixed findings. 
For example, negations have been shown to be especially 
frequent in individuals’ recollections of negative life events 
(e.g., loss and trauma) (Hargitai et al. 2007) and particularly 
often used by individuals with a dismissing attachment style 
(Cassidy et al. 2012). Yet, a recent analysis of everyday spo-
ken language reported the use of negations to be unrelated 
to self-reported positive or negative emotions (Sun et al. 
2019). Overall, the fact that the use of negations consist-
ently emerged as a mediator of the accuracy effect in the 



606	 Motivation and Emotion (2020) 44:597–607

1 3

present three studies suggests that negations might repre-
sent an understudied linguistic marker of well-being. Hence, 
more studies are needed to understand why individuals with 
lower well-being might be more likely to use negations and 
why observers believe that the use of negations is a valid 
indicator of poor well-being.

The present research has several limitations. Although 
single-item measures of life satisfaction have been vali-
dated in previous research (Cheung and Lucas 2014), using 
a single-item measure in Study 1 (and Study 3) could have 
contributed to a weaker accuracy effect (compared to, for 
example, Study 2) (Schneider and Schimmack 2009). Also, 
while the present studies provided evidence for judgment 
accuracy of SWB from texts of a relatively private nature, it 
is important to examine whether this accuracy effect would 
replicate with respect to publicly shared texts, such as blogs, 
tweets or status updates in social networks. We speculate 
that increased impression management concerns common 
on social network sites might reduce individuals’ use of lin-
guistic cues indicative of their actual SWB level and make 
the task of accurate SWB judgment even harder and the per-
ception accuracy substantially smaller. Similarly, while we 
have shown that people might be able to accurately judge 
others’ SWB from samples of creative writing (haikus), this 
accuracy effect might be lower (or even absent) in profes-
sional creative writers, as their goal is often not to express 
themselves but to elicit emotions (and sometimes behaviors) 
in their readers. Finally, cultures differs with respect to emo-
tional display rules (Matsumoto et al. 2008), which could 
undermine the accuracy of well-being detection from texts. 
Given the rising internalization, increasing migration and 
intercultural contacts, another interesting question for future 
studies is whether a similar accuracy level can be achieved 
in the context of intercultural communication.

To conclude, the present research suggests that not only 
great literary works might reflect the authors’ inner states, 
as Ernest Hemingway pointed in a draft of his Nobel Prize 
speech, but everyday texts of ordinary people might also 
contain several cues that, when used well, can give accurate 
insights into their well-being.
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