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Abstract
To measure emotion in daily life, studies often prompt participants to repeatedly rate their feelings on a set of prespecified
terms. This approach has yielded key findings in the psychological literature yet may not represent how people typically
describe their experiences. We used an alternative approach, in which participants labeled their current emotion with at
least one word of their choosing. In an initial study, estimates of label positivity recapitulated momentary valence ratings and
were associated with self-reported mental health. The number of unique emotion words used over time was related to the
balance and spread of emotions endorsed in an end-of-day rating task, but not to other measures of emotional functioning.
A second study tested and replicated a subset of these findings. Considering the variety and richness of participant
responses, a free-label approach appears to be a viable as well as compelling means of studying emotion in everyday life.
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Emotions take a lot of forms in everyday life: You can
be ‘‘excited,’’ ‘‘disappointed,’’ and ‘‘bored’’; you can also
be ‘‘really looking forward to it,’’ ‘‘kinda bummed,’’
‘‘meh,’’ and much more. Studies seeking to capture these
moments commonly ask people to report on their cur-
rent experience over time—an approach known alterna-
tively as experience sampling (Csikszentmihalyi &
Larson, 1987) or ecological momentary assessment
(Stone & Shiffman, 1994)—by rating the intensity of
their feelings using Likert-type-style or visual analog
(i.e., slider) scales. These ratings may be on affective
dimensions such as how pleasant the participant feels
(i.e., valence; Russell, 1980), or on a set of prespecified
emotions (see Watson et al., 1988). Such structured,
quantitative assessments can be used to model between-
person differences and within-person fluctuations in
emotion and have yielded key findings in the psychologi-
cal literature (for review and discussion, see Kuppens
et al., 2022). At the same time, rating scales may not rep-
resent how people typically think about or describe their
feelings, and may miss important sources of nuance and
variation (see Y. Li et al., 2020). Here, we report on an
alternative approach in which participants were asked to
describe their current experience with at least one word
of their choosing. We illustrate how these self-generated
emotion labels provide valuable, qualitative insight into

people’s daily lives. We then examine whether they also
recapitulate momentary valence ratings and whether
they are related to person-level measures of mental
health and emotional functioning.

Using rating scales to measure emotional experience
has a long and venerable history, starting with Nowlis’
checklist (Nowlis, 1965; Nowlis & Nowlis, 1956) and the
Profile of Mood States (POMS; McNair et al., 1971),
and has formed the basis for studying emotion in every-
day life (see Csikszentmihalyi & Figurski, 1982; Diener
et al., 1984; Stone, 1981). One focus of this research has
been modeling temporal trends within individuals and
testing whether shifts in these dynamics are associated
with fluctuations in stress, coping, and decision-making
(Erbas et al., 2018, 2021; Tomko et al., 2015), as well as
vulnerability toward and recurrence of mental ill-health
(see Pe et al., 2015; Snippe et al., 2023; van de Leemput
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et al., 2014). A second focus has been quantifying indi-
vidual differences in affective and emotional experiences
as they manifest in context. Studies have shown, for
example, that people differ in their mean or tonic
valence (see R. J. Larsen & Diener, 1987) and in how
much their affect tends to vary (see R. J. Larsen, 1987;
Mestdagh et al., 2018) or linger over time (see inertia;
Kuppens et al., 2010). Ratings of specific emotions make
it possible to study their distributions and inter-relation-
ships. Two relevant individual differences are the range
and balance of emotions experienced—known as emodi-
versity (Quoidbach et al., 2014)—and the context-
specificity with which these experiences occur—known
as emotional granularity or emotion differentiation
(Barrett et al., 2001; Tugade et al., 2004). Higher emodi-
versity and emotional granularity have been widely asso-
ciated with wellness-related outcomes, including fewer
mental health symptoms (see Demiralp et al., 2012;
Quoidbach et al., 2014; for discussion, see Dejonckheere
et al., 2019) and more adaptive coping (see Grossmann
et al., 2019; Pond et al., 2012; for reviews, see O’Toole
et al., 2020; Seah & Coifman, 2021). In sum, repeated
momentary ratings of emotion terms have provided crit-
ical insights into within- and between-person variation
in affective and emotional experiences.

While experience sampling methods enhance ecologi-
cal validity by capturing emotional experiences and
trends inaccessible in standardized laboratory settings
(Wilhelm & Grossman, 2010), the use of closed-ended
word lists and rating scales inherently limits the varia-
tion that can be observed. Structured emotion ratings
may not capture the heterogeneity and nuance of every-
day feelings equally for all people. Standard lists of emo-
tion terms are likely sufficient for some, but people can
also have experiences that are either not among or are
poorly described by the emotion words provided (e.g.,
‘‘bored’’ is not included in the Positive and Negative
Affect Schedule [PANAS]; Y. Li et al., 2020)—and this
may be especially true for individuals experiencing more
diverse, precise, or complex emotions. The breadth and
specificity of emotions covered can be increased by using
more comprehensive lists of words, but this comes with
great costs to participant burden and data quality
(Eisele et al., 2020). More generally, the presence of spe-
cific words may shape participants’ experience via order
and priming effects, making certain emotions more
accessible or salient than they otherwise would have
been (see Hansen & Shantz, 1995). This can benefit peo-
ple by increasing their awareness of different types of
emotions (see Hoemann, Barrett, & Quigley, 2021;
Widdershoven et al., 2019) but also carries potential
impacts for measurement reactivity (Eisele et al., 2022).
Collecting ratings of valence or other affective dimen-
sions instead of a list of specific emotions is one way of

addressing these considerations but necessarily reduces
the richness of information gathered about emotional
experience.

For these reasons, there is growing interest in comple-
menting structured ratings with open-ended methods
that impose fewer constraints on how people interpret
and report on their emotions (Kashdan et al., 2015).
Several of these methods involve analyzing the emotion
words people use spontaneously in written or spoken
descriptions of experience. Manual annotation schemes
assessing the complexity of these descriptions (see
Labouvie-Vief & Medler, 2002; Lane et al., 1990) have
shown, for example, that people who report difficulty
identifying and describing their emotions (i.e., who are
higher in alexithymia) also use a less diverse set of emo-
tion words (Wotschack & Klann-Delius, 2013) and that
the use of more specific emotion words—understood as
a measure of emotional granularity—is associated with
greater daily life satisfaction (Ottenstein & Lischetzke,
2019). Recently, Vine and colleagues (2020) developed a
means of automatically calculating the ratio of unique
emotion words in expressive writing, finding that a
larger variety of negative words was associated with
worse well-being, and a larger variety of positive words
was associated with better well-being. Automated
approaches have also been used to estimate the valence
of natural language descriptions by counting the propor-
tion of positively and negatively valenced words (most
commonly using the program Linguistic Inquiry and
Word Count [LIWC]; Pennebaker et al., 2015) or apply-
ing other forms of sentiment analysis (for a review, see
Mehta & Pandya, 2020). These language-derived
valence estimates are associated, between persons, with
measures of well-being such as symptoms of mental ill-
health (see Tov et al., 2013; for a summary, see Sun
et al., 2019, Table 1).

The above studies demonstrate that open-ended
methods can be used to measure individual differences
relevant to emotion and well-being. Research has also
looked at whether the language people use reliably cap-
tures within-person fluctuations in emotional experi-
ence. For example, asking participants to produce the 10
words that best describe their recent emotions has been
shown to yield a measure of positive and negative affects
on par with established scales (see PANAS; Y. Li et al.,
2020). Studies using natural language to model emotion
dynamics have been more mixed in their results.
Analyses of social media posts have shown a correspon-
dence between language and momentary affect when the
language features included are complex and the affect is
manually annotated by human judges (see Eichstaedt &
Weidman, 2020). In contrast, simple percentages of the
positive and negative words used on Facebook (calcu-
lated using LIWC) do not consistently track the affect
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reported by participants themselves in asynchronous
experience sampling (Kross et al., 2019). Analyses of
ambient speech captured during experience sampling
(i.e., what participants and those around them were say-
ing) likewise found that LIWC-estimated valence was
not related to contemporaneous participant ratings (Sun
et al., 2019). Importantly, however, none of these studies
of natural language used descriptions of current experi-
ence elicited from participants, leaving open the possibil-
ity that direct and intentional reports will index
participant-reported affect from moment to moment.
Recent work examining language use when participants
were asked to describe what they had been doing and
how it made them feel showed equivocal findings in this
respect (Carlier et al., 2021). Yet examining this question
with shorter-format descriptions (i.e., individual labels)
may provide a more fruitful approach to validating
language-based methods, and to potentially deploying
them across a larger range of (clinical) contexts.

We continue the work on open-ended methods of
capturing emotion in everyday life with two experience
sampling studies in which participants used freely gener-
ated labels, rather than structured emotion ratings, to
report on their momentary experience. In Study 1, we
re-analyzed data from Hoemann et al. (2020), in which
participants provided at least one word of their choosing
and rated their valence at each prompt and completed
measures of mental health and emotional functioning
outside of experience sampling. We used these data to
accomplish three goals. First, we took an inventory of
the emotion labels used by participants, illustrating their
nature and diversity across the sample as well as quanti-
fying their number and uniqueness per prompt and per
person. Second, we examined whether emotion labels
recapitulated structured valence ratings both between
and within persons. Third, we tested emotion labels’
between-person convergent validity by examining
whether measures of label valence, number, and unique-
ness were related to mental health (following, see Vine
et al., 2020) as well as to emotional functioning in terms
of emodiversity (Quoidbach et al., 2014), alexithymia
(Wotschack & Klann-Delius, 2013), emotional granular-
ity (Ottenstein & Lischetzke, 2019), and emotional com-
plexity (i.e., self-reported range and differentiation of
emotional experience; Kang & Shaver, 2004). In Study
2, we sought to replicate a subset of our findings through
a preregistered secondary analysis (https://osf.io/xceu5)
of a separate experience sampling data set. This data set
was collected as part of a larger study on affect and cog-
nition in daily life that did not contain measures of emo-
tional functioning, and so our tests of convergent
validity focused only on emotion labels’ relationship
with mental health.

Study 1

Methods

Study 1 has been reported in detail by Hoemann et al.
(2020; see also Hoemann, Barrett, & Quigley, 2021;
Hoemann, Khan, et al., 2021; Hoemann, Lee, et al.,
2023). Below we report aspects relevant for the present
analyses, including all data exclusions and sensitivity
analyses. The full Study 1 data set is housed on secured
university servers, to which only authorized research
personnel have password-protected access. Data are
organized according to arbitrary participant numbers;
identifiable information is stored separately and never
publicly shared. Protocols for data collection and stor-
age, including privacy protection, were approved by the
Northeastern University Institutional Review Board
(IRB# 16-01-13).

Participants. An initial 67 adults were recruited from
Northeastern University classrooms and online portals
as well as the greater Boston area through posted adver-
tisements; all eligible participants were fluent English
speakers. Informed consent was obtained from all parti-
cipants before beginning the study. Participants received
US$490 for completing all parts of the study, plus up to
US$55 in compliance and task incentives. Six partici-
pants withdrew, nine were dismissed due to poor com-
pliance, and two were excluded from data analysis
because they did not complete the full study protocol,
for a final sample size of 50 (54% female; 40% White,
2% Black, 44% Asian, 14% other; M = 22.5 years,
standard deviation [SD] = 4.4 years). We conducted a
sensitivity analysis for this data set in G*Power (Faul
et al., 2009), assuming a \ .05, two-tailed and power (1-
b) . .80, which indicated that this data set was ade-
quately powered to detect between-person bivariate cor-
relations of rø .38. A separate sensitivity analysis
conducted in the same way indicated we were powered
to detect within-person effects of rø .34 to rø .21,
depending on the specific number of prompts completed
by a given participant.

Procedure. Participants completed approximately 14
days (M = 14.4, SD = 0.6) of experience sampling
including peripheral physiological monitoring and end-
of-day diaries. Each day of experience sampling lasted
for 8 hours and began when participants were outfitted
with physiological sensors and a smartphone with an
associated smartphone application. Specifically, partici-
pants wore a mobile impedance cardiograph that was
used to measure the electrocardiogram, impedance car-
diogram, and electrodermal activity via wired sensors,
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as well as movement via three-axis accelerometers.
Participants also wore two inertial measurement units to
assess posture. Physiological and accelerometric data
were recorded continuously throughout the 8-hour sam-
pling period each day and communicated via Bluetooth
to a linked smartphone. Most experience sampling
prompts were physiologically triggered to enable more
efficient sampling of psychologically salient moments
(Hoemann et al., 2020). These prompts occurred any
time there was a substantial, sustained change in cardiac
activity in the absence of movement. Participants also
received two ‘‘random’’ prompts each day that were not
contingent on changes in cardiac activity. Altogether,
participants responded to an average of 8.65 (SD =
1.09) prompts per day or between 63 and 183 prompts
overall.

At each sampling prompt, participants responded to
a series of questions presented on the smartphone app.
First, participants provided a very brief, free-text
description of what was going on at the time they
received the prompt, intended as a mnemonic for later
recall (e.g., ‘‘eating lunch with friends’’). Next, they rated
their current valence on a 100-point continuous slider
scale ranging from 250 (very unpleasant) to +50 (very
pleasant). Participants then self-generated words to label
their current affective experience. Specifically, partici-
pants were asked to ‘‘list any emotion(s) you were feeling
when you received the prompt.’’ Participants were able
to provide as many words as they felt necessary but were
required to input at least one word, entering each into a
separate, short-response field (15–20 visible characters).
For each entry, participants were asked to provide an
intensity rating on a Likert-type-style scale from 1 (‘‘not
at all’’) to 5 (‘‘very much’’). Participants also responded
to additional questions not analyzed in this study.

Upon finishing each day of experience sampling, par-
ticipants automatically received an online end-of-day
diary. In this diary, for each completed sampling prompt
from that day, they were presented with the prompt time
and the brief description they provided earlier, which
served as a guide for participants to provide additional
details about their experience at the time of each
prompt. As part of this process, participants rated the
intensity of their emotional experience on a set of 18
emotion adjectives using Likert-type-style scales from 0
(‘‘not at all’’) to 6 (‘‘very much’’): ‘‘afraid,’’ ‘‘amused,’’
‘‘angry,’’ ‘‘bored,’’ ‘‘calm,’’ ‘‘disgusted,’’ ‘‘embarrassed,’’
‘‘excited,’’ ‘‘frustrated,’’ ‘‘grateful,’’ ‘‘happy,’’ ‘‘neutral,’’
‘‘proud,’’ ‘‘relieved,’’ ‘‘sad,’’ ‘‘serene,’’ ‘‘surprised,’’ and
‘‘worn out.’’ These emotions were selected to sample
high-, mid-, and low-arousal octants of the affective cir-
cumplex (see Barrett, 1998) using common English
adjectives. Intensity ratings were requested in the end-

of-day diary, rather than at each experience sampling
prompt, to reduce participant burden in the moment.

Participants also attended two in-laboratory sessions,
one prior to experience sampling and one after. Among
other questionnaires and tasks, they completed the fol-
lowing measures of mental health and emotional func-
tioning at each session: anxiety (Generalized Anxiety
Disorder [GAD7]; Spitzer et al., 2006), depression
(Patient Health Questionnaire, Depression scale [PHQ-
8]; Kroenke et al., 2009), alexithymia (Toronto
Alexithymia Scale, 20-item version [TAS-20]; Bagby
et al., 1994), and emotional complexity (Range and
Differentiation of Emotional Experience Scale
[RDEES]; Kang & Shaver, 2004).

Data Preparation. Anonymized data, preparation code,
and step-by-step instructions are available via a reposi-
tory hosted by the Center for Open Science Framework
(OSF) at https://osf.io/urt3x/.

Inventorying Emotion Labels. We began by summarizing
and describing the set of emotion words used by partici-
pants to label their experience at each prompt. To do
this, we created a series of scripts in Python 3.9.1. An ini-
tial script converted labels to lowercase and tokenized
them (i.e., split strings of text into individual words),
producing a list of all unique words used by all partici-
pants and the number of times they were used. This list
was then used to manually create a dictionary of ‘‘emo-
tion’’ words. Adverbs and other modifiers (e.g., ‘‘very’’
and ‘‘getting’’) and function words (e.g., ‘‘and’’ and ‘‘in’’)
were not included in these dictionaries. Verbs (e.g.,
‘‘studying,’’ ‘‘relaxing,’’ and ‘‘thinking’’) and nonverbal
expressions (e.g., ‘‘eww’’) were retained. These decisions
were made to be as liberal as possible in which words
were counted, resulting in the inclusion of 429 words.
This dictionary was then used to identify the specific
words used at each prompt. Words were stemmed prior
to comparison using the National Language Toolkit
(NLTK; toolbox (Bird et al., 2009). Stemming was used
to deal with cases where participants used more than
one part of speech to refer to the same emotion (e.g.,
‘‘happy’’ and ‘‘happiness’’ should not be treated as
unique references). The resulting data were then passed
to a final script in MATLAB (2018) for calculating the
number of words used per prompt, the total number of
words used per person, and the average number per
prompt, as well as the number and proportion of the lat-
ter that were unique. Prompts where no emotion words
could be counted were considered missing data and
dropped prior to analysis (55 of 5440, or 1% of
prompts), as natural language cannot be imputed.
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Recapitulating Valence Ratings. Participants’ valence rat-
ings were extracted for each prompt and also averaged
per person across all prompts; there were no missing
data, and so no form of imputation was used. We used
these valence ratings as the criterion for assessing how
well momentary valence was captured by freely gener-
ated emotion labels. Our next step was to estimate the
valence of the (set of) emotion word(s) used at each
prompt. In approaching this task, we first considered
but decided against several alternative approaches.
Many existing sentiment analysis algorithms (see
Hartmann et al., 2023) are created to classify texts (e.g.,
positive vs. negative) and to estimate the confidence or
(unipolar) intensity of that classification, rather than to
assign a continuous (bipolar) estimate of valence. Word-
counting programs such as LIWC and databases of
valence norms (see Warriner et al., 2013) cannot account
for negation (e.g., ‘‘not happy’’) or other contextual
aspects of word use and are not guaranteed to include
all the emotion words used by our participants (e.g.,
‘‘blithe’’). To address these gaps, we estimated valence
for each prompt by creating a custom Python pipeline as
follows.

Specifically, we encoded the National Research
Council Canada (NRC) valence norms (Mohammad &
Turney, 2013) with the (English) Sentence Bert Python
package (Reimers & Gurevych, 2019) so that each of the
~20,000 words represented by the NRC norms was
assigned a different (768-dimensional) vector position
(following Song et al., 2020). We used these positions to
determine the nearest valence-rated neighbors for each
of the ‘‘target’’ words used by our participants (follow-
ing, see Hollis & Westbury, 2016; see also Di Natale
et al., 2021; Recchia & Louwerse, 2015; Van Rensbergen
et al., 2016). Target words were appended to the phrase
‘‘I feel ___’’ to provide context, and each phrase was
assigned a vector position. Estimated valence was then
calculated by taking a weighted average of the 10 nearest
neighbors (using cosine distance), with weights inversely
proportional to distance. In keeping with the NRC
norms database, valence estimates ranged continuously
between 0 (extremely unpleasant) and 1 (extremely plea-
sant). To test the validity of our approach, we compared
the valence of 500 randomly sampled words in the NRC
database with their estimates generated by our pipeline
(after removing the target word from the list of potential
neighbors) and found our valence estimation and the
ground-truth NRC norms to be highly correlated at r=
.89. For the present analyses, if a target word in our
sample matched an NRC word, we performed a simple
lookup instead of using the estimation pipeline. Though
data were not cleaned for typos, punctuation, etc. prior
to analysis, the vector space we employed was trained to
predict subsequent subword letter groupings rather than

whole words (i.e., ‘‘byte-pair encoding’’). If a word is
spelled almost correctly (e.g., ‘‘happt’’), the subword
tokens of the misspelled word will substantially overlap
with the subword tokens in the correctly spelled word
(i.e., ‘‘happy’’). The ensuing semantic vectors will be sim-
ilar, partially obviating the need to correct minor typos.

As a robustness check, we also estimated each
prompt’s valence more coarsely as the proportion of
positive words. To do this, we submitted the list of emo-
tion words identified above to our valence estimation
script and used the resulting values to create separate
dictionaries of positive (valence ø .5) and negative
(valence \ .5), for a total of 226 positive and 203 nega-
tive words. Subsequent scripts used these dictionaries to
count the specific words used at each prompt: a Python
script preprocessed and compared prompt text to the
word stems in each dictionary; a MATLAB script used
these word counts to calculate the proportion of positive
words at each prompt and the average of this measure
per person. The proportion of negative words was not
calculated, as it is the simple inverse of the proportion of
positive words.

Testing Convergent Validity. Finally, we compiled mea-
sures of mental health and emotional functioning using
data from both questionnaires and end-of-day diaries.
For mental health, we used the anxiety (GAD-7) and
depression (PHQ-8) symptom inventories collected in
the second in-laboratory session, as these asked partici-
pants to report on the period covered by experience sam-
pling (i.e., the previous two weeks). We observed a
strong positive intercorrelation between the GAD-7 and
PHQ-8 scores (r = .71), consistent with prior studies
that have demonstrated robust associations between
self-reported anxiety and depression symptoms (see
Clark &Watson, 1991; Feldman, 1993). For this reason,
we standardized and then averaged the scores to achieve
a single estimate of mental ill-health per participant,
where higher scores are associated with worse mental
health. To examine whether mental ill-health was differ-
entially associated with the use of unique negative versus
positive words (Vine et al., 2020), we also calculated, per
person, the proportion of all positive words that were
unique and the proportion of all negative words that
were unique.

For emotional functioning, we used the total scores
for alexithymia (TAS-20) and emotional complexity
(RDEES) collected in the second in-laboratory session.
We computed estimates of emotional granularity and
emodiversity from the emotion intensity ratings from
the end-of-day diaries. Prompts missing a rating for at
least one emotion adjective were considered missing data
and dropped prior to analysis (49 of 5,440, or 1% of
prompts); no imputation was used. Emotional
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granularity was estimated via an intraclass correlation
(ICC) for consistency with averaged raters (i.e., ‘‘C-k’’
method; see Kalokerinos et al., 2019). Higher ICC val-
ues reflected lower emotional granularity (i.e., greater
shared variance among adjectives’ ratings). We com-
puted granularity separately for 10 positive emotions
(‘‘amused,’’ ‘‘calm,’’ ‘‘excited,’’ ‘‘grateful,’’ ‘‘happy,’’
‘‘neutral,’’ ‘‘proud,’’ ‘‘relieved,’’ ‘‘serene,’’ and ‘‘sur-
prised’’) and 8 negative emotions (‘‘afraid,’’ ‘‘angry,’’
‘‘bored,’’ ‘‘disgusted,’’ ‘‘embarrassed,’’ ‘‘frustrated,’’
‘‘sad,’’ and ‘‘worn out’’), with these assignments based
on a median split of normative ratings (Warriner et al.,
2013). We then averaged these values to create a single
estimate of emotional granularity per participant (fol-
lowing, see Edwards & Wupperman, 2017). This two-
step procedure avoided interpretation issues that arise
from including ratings for all emotion terms in a single
ICC; because ratings for positive and negative emotions
are typically negatively correlated, including all emo-
tions in the same analysis can result in negative ICC val-
ues. ICCs were Fisher r-to-z transformed to fit the
variable to a normal probability distribution. These
transformed values were multiplied by 21 to yield

estimates of granularity that scaled intuitively, such that
lower (more negative) values reflected lower granularity,
and higher (less negative) values reflected higher granu-
larity. Emotional granularity was calculated using ICC
(Salarian, 2016) in MATLAB.

Emodiversity was estimated via a Gini coefficient.
This coefficient captures how evenly a phenomenon is
observed across various types or categories; here, it cap-
tured the relative spread of prompts across the 18
sampled emotion adjectives. Emodiversity was calcu-
lated using the formula from Benson et al. (2018) as a
custom function in MATLAB.

To summarize, three prompt-level and eight person-
level measures were derived from self-generated emotion
labels. One prompt-level and one person-level measures
were derived from momentary valence ratings. Five
additional person-level measures were derived from
questionnaires and emotion intensity ratings. These 18
measures are summarized in Table 1.

Analysis. We conducted both descriptive and inferential
analyses to accomplish our three study goals. Inferential

Table 1. Measures Used in Studies 1 and 2.

Name Level Description Study 1 Study 2

Derived from free labels
Number of words Prompt Number of (emotion) words used at a given prompt x x
Total words Person Total number of words used x x
Words per prompt Person Total number of words divided by the number of prompts

completed
x x

Unique words Person Total number of unique words used x x
Proportion of unique words Person Number of unique words divided by the total number of

words
x x

Estimated valence Prompt Valence estimated for all words at a given prompt (0 to 1
continuous; 0 = extremely negative and 1 = extremely
positive)

x x

Average estimated valence Person Mean estimated valence across all prompts x x
Proportion of positive words Prompt Number of words with valence ø .5 divided by number

of words
x x

Average proportion of positive words Person Mean proportion positive words across all prompts x x
Proportion of unique positive words Person Number of unique words with valence ø .5 divided by the

total number of words with valence ø .5
x x

Proportion of unique negative words Person Number of unique words with valence \ .5 divided by the
total number of words with valence \ .5

x x

Self-reported valence Prompt Continuous valence reported at a given prompt (250 to
+ 50 continuous; 250 = extremely negative and + 50
= extremely positive)

x x

Average self-reported valence Person Mean self-reported valence across prompts x x
Emotional granularity Person Variance shared among emotion adjectives (ICC) x
Emodiversity Person Evenness of distribution across emotion adjectives (Gini

coefficient)
x

Derived from questionnaires
Mental ill-health Person Averaged standardized anxiety (e.g., GAD-7), depression

(e.g., PHQ-8) scores
x x

Alexithymia Person TAS-20 total score x
Emotional complexity Person RDEES total score x
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analyses were conducted with two-tailed significance at
a = .05 and outliers retained. Linear mixed-effects mod-
els were fitted with lme4 (Bates et al., 2015) in R (R Core
Team, 2020) on within-sample standardized variables.
Remaining analyses were performed in MATLAB.
Analytic code is available via our OSF repository.

Inventorying Emotion Labels. We quantified the number
of unique words used across the sample and visualized
the most frequent using word clouds. Word clouds were
generated with raw individual words, prior to stemming,
to aid readability. We qualitatively interpreted the set of
words as a whole, looking in particular for labels that
diverged from those typically used to gather structured
ratings, as well as for particularly nuanced or rich
descriptions that provided additional insight into parti-
cipants’ momentary experience. Finally, we verbally and
visually described the number of words used per
prompt, the total words per person and average per
prompt, as well as the number and proportion of the lat-
ter that were unique.

Recapitulating Valence Ratings. We first tested the rela-
tionship between average estimated valence and average
self-reported valence using a bivariate correlation. We
then tested it within persons as the correlation between
estimated valence and self-reported valence at the
prompt level separately per participant. We also fitted a
linear mixed-effects regression predicting self-reported
valence from estimated valence, in which intercepts and
slopes were free to vary per participant. We repeated
these steps using the proportion of positive words
instead of estimated valence to assess the impact of con-
tinuous versus count-based measures.

Testing Convergent Validity. To examine whether the
valence and uniqueness of emotion labels were related to
self-reported anxiety and depression, we correlated aver-
age estimated valence, average proportion of positive
words, and proportions of unique positive/negative
words between persons with mental ill-health.

To examine whether the number and uniqueness of
emotion labels were related to self-reported and derived

measures of emotional functioning, we correlated words
per prompt and the proportion of unique words between
persons with alexithymia, emotional complexity, emodi-
versity, and emotional granularity.

Results

Inventorying Emotion Labels. Altogether, participants used
429 unique words to label their current feelings (see our
OSF repository for a complete list). A word cloud of the
100 most common emotion labels is presented in
Figure 1. Descriptive statistics for measures derived
from these labels are presented in Table 2.

We observed that participants generated between 1
and 5 emotion words per prompt. ‘‘Happy’’ was the
most frequent label (used 1,213 times); many typically
sampled emotions were also used regularly (e.g.,
‘‘relaxed,’’ ‘‘excited,’’ and ‘‘bored’’ .300 times each),
although some were not (e.g., ‘‘disgusted’’ only 8 times).
Labels often referenced body-focused states such as

Figure 1. Word Cloud of the 100 Most Frequently Used
Emotion Labels, Study 1.

Table 2. Descriptive Statistics for Inventorying Emotion Labels, Study 1.

Measure Level M SD Minimum Maximum

Number of words Prompt 1.51 .55 1 5
Total words Person 164.28 76.87 67 447
Words per prompt Person 1.51 .55 1 3.04
Unique words Person 33.08 23.68 7 139
Proportion of unique words Person .20 .09 .07 .46
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‘‘tired’’ and ‘‘hungry,’’ cognition-focused states such as
‘‘focused’’ and ‘‘confused,’’ and activity-focused states
such as ‘‘busy’’ and ‘‘lazy’’ that are not common in stud-
ies of emotional experience. Other noteworthy labels
included ‘‘uncomfortable,’’ ‘‘overwhelmed,’’ ‘‘produc-
tive,’’ ‘‘nostalgic,’’ ‘‘conflicted,’’ ‘‘awkward,’’ ‘‘deter-
mined,’’ ‘‘lonely,’’ ‘‘impressed,’’ ‘‘antsy,’’ ‘‘chill,’’
‘‘defeated,’’ ‘‘appreciative,’’ ‘‘optimistic,’’ ‘‘chagrined,’’
‘‘challenged,’’ ‘‘resigned,’’ ‘‘unconcerned,’’ ‘‘stoked,’’ and
‘‘blithe.’’ Participants also made use of short phrases
such as ‘‘worn out,’’ ‘‘fired up,’’ ‘‘mentally exhausted,’’
‘‘getting stressed,’’ ‘‘at ease,’’ ‘‘taken aback,’’ ‘‘in pain,’’
and ‘‘creeped out.’’

Following Y. Li et al. (2020), we compared the words
generated by participants to those sampled in the 20-
item PANAS (Watson et al., 1988). As can be seen in
Figure 2, few PANAS terms were among the most fre-
quently used labels, replicating the findings from Y. Li
et al. (2020) and suggesting that contemporary, daily life
emotions do not often map onto those in established
scales. Seven PANAS items were generated fewer than
10 times total; four were not generated at all. See
Supplemental Table S1 for the full comparison, includ-
ing the terms sampled by the 60-item PANAS-X
(Watson & Clark, 1994).

Participants used as few as 7 and as many as 139
unique words across experience sampling. The mean
number and proportion of unique words were 33.08 and
.20, respectively, meaning that on average participants
established a medium set of labels and returned to it
over time, though this varied considerably across
individuals.

Recapitulating Valence Ratings. Between persons, average
estimated valence was positively associated with average
self-reported valence (r = .66, p \ .001). Participants
who tended to provide higher valence ratings in the

moment also tended to label their current feelings using-
with words with stronger positive connotations. Within
persons, the association between estimated and self-
reported valence was positive on average (Mr = .52; 48
of 50 p \ .05), but the strength of this association varied
considerably across participants (SDr = .18; range:
2.03 \ r \ .79). A linear mixed-effects model con-
firmed that the prompt-level relationship was positive
and significant overall when accounting for participant-
level variation, b = .49, standard error (SE) = .04,
t(48.30) = 13.62, p \ .001.

A parallel set of analyses using the proportion of pos-
itive words instead of estimated valence revealed that
the count-based measure achieved virtually identical
results to the continuous one. The between-persons cor-
relation was r = .60, p \ .001, with within-persons cor-
relations averaging Mr = .47 (44 of 50 p \ .05) and
varying considerably across participants (SDr = .20;
range: 2.05 \ r \ .78). In a linear mixed-effects model,
proportion of positive words per prompt significantly
predicted self-reported valence per prompt accounting
for participant-level variation, b = .47, SE = .04,
t(48.03) = 11.11, p \ .001.

Testing Convergent Validity
Relationships With Mental Ill-Health. Between persons,

average estimated valence was negatively associated
with self-reported mental ill-health (r = 2.40, p = .01).
Participants who tended to label their current feelings
using words with stronger positive connotations during
experience sampling also reported fewer symptoms of
anxiety and depression when reflecting on the experience
sampling period. We observed a similar association
between the average proportion of positive words and
mental ill-health (r = 2.32, p = .03). Participants who
used relatively more positive words reported fewer
symptoms of anxiety and depression. Note that we were

Figure 2. The 60 Most-Frequently Used Emotion Labels in Study 1 and Where the PANAS Words Are in the Frequency Ranking
(Highlighted in Red and Blue, Respectively, for Positive Affect and Negative Affect; Y. Li et al., 2020).
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slightly underpowered to detect this second effect (sensi-
tivity analysis suggested appropriate power to detect
rø .38), and both were descriptively smaller though
similar in magnitude to the association between average
self-reported valence and mental ill-health (r = 2.45,
p \ .001). There was no association between mental ill-
health and the overall proportion of unique negative
words (r= 2.24, p= .09) nor the overall proportion of
unique positive words (r= .14, p= .32).

Relationships With Emotional Functioning. Between
persons, the average number of words per prompt was
not associated with self-report measures of alexithymia
(r = 2.10, p = .51) or emotional complexity (r = .13,
p = .36), nor was it associated with measures of emodi-
versity (r = .25, p = .09) or emotional granularity
(r = .15, p = .30) derived from the emotion intensity
ratings in the daily diaries. The overall proportion
of unique words was also unrelated to alexithymia
(r = .07, p = .64), emotional complexity (r = .06,
p = .66), and emotional granularity (r = 2.19,
p = .19). However, it was positively associated with
emodiversity (r = .47, p \ .001). Participants who
repeated emotion labels less often in the moment
endorsed a more even spread of emotions when reflect-
ing on their experiences at end of day.

In ancillary analyses, we examined whether separate
estimates of emotional granularity and emodiversity for
negative and positive emotions were related to the over-
all number and uniqueness of (negative/positive) emo-
tion labels. These analyses revealed null associations,
with two exceptions: The average number of positive
words per prompt was positively associated with posi-
tive emotional granularity, and the overall proportion of
unique positive words was positively associated with
positive emodiversity. For details, see Pages 2 to 3 of the
Supplemental Materials.

Discussion

In Study 1, participants provided self-generated emotion
labels and continuous valence ratings to describe how
they were currently feeling at each experience sampling
prompt for 14 days, provided retrospective emotion
intensity ratings for each prompt in end-of-day diaries,
and reported on their anxiety/depression symptoms and
emotional functioning in post-sampling questionnaires.
Secondary analysis of this data set revealed extensive
variation in the words and short phrases participants
used to describe their experiences. These self-generated
emotion labels recapitulated rated valence both between
and within participants, and measures of emotion label
valence were associated with mental ill-health. A mea-
sure of emotion label uniqueness was also associated

with emotional functioning in the form of emodiversity.
To examine whether these effects were specific to this
data set, and to address issues of low statistical power,
in Study 2 we sought to replicate a subset of these find-
ings in a data set including momentary self-generated
emotion labels and valence ratings, as well as question-
naire measures of mental health.

Study 2

Methods

Study 2 data are reported in two other publications
(MacVittie et al., under review and MacVittie et al., in
press), though these have not included the open-ended
emotion labels. Below we report aspects of the methods
relevant for the present analyses, including all data
exclusions and sensitivity analyses. The full Study 2 data
set is housed on secured university servers, to which only
authorized research personnel have password-protected
access. Data are organized according to arbitrary parti-
cipant numbers; no identifiable information was col-
lected. Protocols for data collection and storage were
approved by the University of New Hampshire
Institutional Review Board (IRB# IRB-FY2022-162).
Analyses for Study 2 were preregistered at https://osf.io/
xceu5.

Participants. Study 2 followed an opt-in remuneration
protocol: Participants completed an initial set of surveys
and were then asked to enroll in the experience sampling
portion. An initial 160 adults were recruited through
Prolific, an online participant pool in which people can
volunteer to sign up for experiments and surveys.
Eligible participants were fluent English speakers who
were able to complete a 28-day study. Participants also
needed daily access to a smartphone and network con-
nectivity required for experience sampling. Informed
consent was obtained from participants before begin-
ning the study. Participants were compensated up to
US$40 for completing all surveys and up to US$42 for
completing all experience sampling prompts; partici-
pants who completed at least 75% of the prompts
received a US$10 bonus at the end of the study. An
additional US$20 in compensation and incentives came
from tasks not included in the present analyses, for a
possible total of US$112. Forty-two participants did not
enroll in the experience sampling portion and, as
described below, nine were excluded from data analysis
because they completed too few experience sampling
prompts. Of the remaining 109 participants, a further 12
did not complete the survey used in the present analyses.
The final sample size was 97 (44% female; 55% White,
26% Black, 1% Asian, 13% other; M = 28.4 years,
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SD = 8.9 years). A sensitivity analysis conducted as
above indicated that this data set was adequately pow-
ered to detect between-person effects of rø .28.

Procedure. Participants completed a 28-day (4-week)
experience sampling protocol in which they received six
prompts per day via a dedicated app on their smart-
phone; prompts were sent at pseudorandom times
between 10 am and 8 pm and at least 1 hour apart. The
total number of completed prompts ranged between 2
and (the full) 168 per person. To ensure we were ade-
quately powered to detect the within-person effect sizes
from Study 1 (Mr ø .50), we conducted an a priori
power analysis for bivariate correlations assuming
a \ .05 (two-tailed) and 1-b . .80. This analysis sug-
gested a minimum (within-person) sample size of 29.
Accordingly, we excluded the abovementioned partici-
pants who each completed fewer than 30 prompts.

At each sampling prompt, participants responded to
a series of questions, including to rate their current
valence on Likert-type-style scales ranging from 1
(extremely unpleasant) to 7 (extremely pleasant). They
were also asked to provide a word or phrase that
described their current feeling via an open text box.

Prior to experience sampling, participants provided
basic demographic information and completed measures
of depression (via the Patient-Reported Outcomes
Measurement Information System Depression Disorder
Questionnaire, i.e., PROMIS Depression; Pilkonis et al.,
2011) and anxiety (via the Patient-Reported Outcomes
Measurement Information System Anxiety Disorder
Questionnaire, i.e., PROMIS Anxiety; Pilkonis et al.,
2011). Participants repeated these mental health mea-
sures twice during experience sampling: once after 2
weeks (in the middle of the study) and again after 4
weeks (at the end of the study). All other data collected
in the study were excluded from the present preregistra-
tion and analyses.

Data Preparation. Data preparation proceeded as descri-
bed for Study 1, with a few notable exceptions. Because
no emotion intensity ratings were collected, we could
not derive measures of emotional granularity or emodi-
versity. Similarly, no self-report measures of alexithymia
or emotional complexity were collected. We once again
used the self-report measures of anxiety and depression
collected after experience sampling. These were highly
correlated (r = .84) and so were standardized and aver-
aged to achieve a single estimate of mental ill-health
per participant. Prompts with blank entries (4 of 13,553,
or 0.03%) or where no emotion words could be counted
(592 of 13,549, or 4.37%) were dropped prior to
analysis. There were no missing valence ratings. Our

data-driven word-counting dictionaries retained 746
words (344 positive and 402 negative).

Analysis. Analyses were conducted as described for
Study 1. As preregistered, we focused on the between-
and within-persons relationships between estimated
valence and self-reported valence, and on the between-
persons relationships of estimated valence and the pro-
portions of unique positive/negative words with mental
ill-health. We also conducted exploratory analyses not
included in our preregistration, in which we examined
the between- and within-person relationships between
the proportion of positive words and self-reported
valence, as well as the between-persons relationship of
the mean proportion of positive words with mental ill-
health.

Results

Inventorying Emotion Labels. Study 2 participants used 746
unique words to label their current feelings (see our OSF
repository for the complete list). A word cloud of the
100 most common emotion labels is presented in
Figure 3. As in Study 1, the word cloud was generated
with raw individual words, prior to stemming, to aid
readability. Descriptive statistics for measures derived
from these labels are presented in Table 3.

Participants in Study 2 generated between 1 and 11
emotion words per prompt. In contrast to Study 1,

Figure 3. Word Cloud of the 100 Most Frequently Used
Emotion Labels, Study 2.
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where responses were limited to short phrases (e.g.,
‘‘worn out’’), some Study 2 participants chose to write
complete sentences; total response length varied between
1 and 52 words (M = 3.32, SD = 3.93). In these longer
responses, participants usually provided the context or
reason for their current feelings, for example: ‘‘I feel
happy as I got enough sleep last night’’; ‘‘I’m sad, 7 years
[ago] my best friend died of cancer’’; ‘‘Thrilled because
my brother is coming to visit me for my birthday’’; ‘‘I
am frustrated because I want to study but I have a head-
ache’’; ‘‘Sad, shocked, appalled by the assault story I am
reading on social media’’; and ‘‘I am feeling so so
excited, I got a beautiful day planned ahead, I just can-
not wait.’’

‘‘Happy’’ was again the most frequent label (used
2,135 times), with other typically sampled emotions dis-
tributed similarly to Study 1 (e.g., ‘‘relaxed’’ used 1,116
times and ‘‘disgusted’’ 7 times). ‘‘Tired’’ was the second-
most frequent label (1,949 times), with ‘‘sleepy,’’ ‘‘hun-
gry,’’ ‘‘sick,’’ and other body-focused states also near the
top of the list. Cognition-focused states (e.g., ‘‘focused’’;
739 times) and activity-focused states (e.g., ‘‘busy’’; 196
times) were likewise popular. In comparison with Study
1, we noticed heavier usage of generic or nonspecific,
‘‘affective’’ labels such as ‘‘good,’’ ‘‘ok(ay),’’ ‘‘great,’’
‘‘fine,’’ and ‘‘bad.’’ Unique labels from Study 2 included
‘‘numb,’’ ‘‘sentimental,’’ ‘‘resentful,’’ ‘‘somber,’’
‘‘moody,’’ ‘‘courageous,’’ ‘‘gleeful,’’ ‘‘homesick,’’

‘‘fragile,’’ ‘‘powerless,’’ ‘‘demotivated,’’ ‘‘cringe,’’ ‘‘pessi-
mistic,’’ ‘‘vibing,’’ ‘‘Zen,’’ ‘‘desperate,’’ ‘‘unstoppable,’’
‘‘compassionate,’’ ‘‘rejuvenated,’’ and ‘‘appalled.’’

Comparing the words generated by participants in
Study 2 to those sampled in the PANAS, we once again
found that few PANAS terms were among the most fre-
quently used labels (Figure 4). Six PANAS items were
generated fewer than 10 times total; one was not gener-
ated at all. See Supplemental Table S2 for the full
comparison.

The number of unique words used per person ranged
between 6 and 138, with an average of 46.55. As in
Study 1, the mean proportion of unique words, .23, sug-
gested that participants on average reused a moderate
number of labels to describe their everyday emotional
experiences, though this again varied considerably
across participants.

Recapitulating Valence Ratings. Replicating Study 1, aver-
age estimated valence was positively and significantly
associated with average self-reported valence in a
between-persons analysis, r= .79, p \ .001. Within per-
sons, the strength of the association between estimated
and self-reported valence at the prompt level was again
positive on average (Mr = .46; 83 of 97 p \ .05) but
varied in strength across participants (SDr= .19; range:
.02 \ r \ .81). A linear mixed-effects model confirmed
that the prompt-level relationship was positive and

Figure 4. The 60 Most-Frequently Used Emotion Labels in Study 2 and Where the PANAS Words Are in the Frequency Ranking
(Highlighted in Red and Blue, Respectively, for Positive Affect and Negative Affect; Y. Li et al., 2020).

Table 3. Descriptive Statistics for Inventorying Emotion Labels, Study 2.

Measure Level M SD Minimum Maximum

Number of words Prompt 1.62 .73 1 11
Total words Person 220.95 121.27 38 866
Words per prompt Person 1.62 .73 1 5.38
Unique words Person 46.55 27.79 6 138
Proportion of unique words Person .23 .10 .02 .45
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significant when accounting for participant-level varia-
tion, b= .44, SE= .02, t(93.22) = 22.41, p \ .001.

Exploratory analyses using the proportion of positive
words instead of estimated valence again revealed simi-
lar results for the count-based measure. The between-
persons correlation was r = .68, p \ .001, with within-
persons correlations averaging Mr = .40 (80 of 97
p \ .05) and varying considerably across participants
(SDr = .19; range: 2.14 \ r \ .76). The overall rela-
tionship was also confirmed by a linear mixed-effects
model accounting for participant-level variation, b =
.39, SE= .02, t(91.49) = 18.02, p \ .001.

Testing Convergent Validity: Relationships With Mental Ill-
Health. Replicating Study 1, average estimated valence
was negatively and significantly associated with self-
reported mental ill-health, r = 2.62, p \ .001. In an
exploratory analysis, we observed a virtually identical
association between the average proportion of positive
words and mental ill-health, r = 2.62, p \ .001. These
associations were of the same strength as that between
self-reported valence and mental ill-health (r = 2.63,
p \ .001). Like in Study 1, the overall proportion of
unique negative words was not associated with mental
ill-health, r = 2.11, p = .30. Unlike in Study 1, there
was a strong positive association between the overall
proportion of unique positive words and mental ill-
health (r = .55, p \ .001), such that participants who
used a relatively larger number of unique, positively
valenced words also reported more symptoms of anxiety
and depression.

Discussion

In Study 2, participants provided self-generated emotion
labels and continuous valence ratings to describe how
they were currently feeling at each experience sampling
prompt for 28 days and reported on their anxiety/
depression symptoms in post-sampling questionnaires.
As in Study 1, participants used a diverse range of words
and short phrases (and occasionally even full sentences)
to relate their experiences. Preregistered and adequately
powered analyses again showed that these self-generated
emotion labels recapitulated rated valence both between
and within participants, and that measures of emotion
label valence were associated with mental ill-health.

Measures of label uniqueness were associated with
mental ill-health differently than they were in Study 1.
Namely, participants who used more unique words for
positive emotion over the course of experience sampling
also reported more symptoms of anxiety and depression.
This finding is broadly in keeping with work showing
that reporting on pleasant experiences with greater

precision inhibits appreciation and enjoyment (i.e.,
savoring; see Starr et al., 2017). It is possible that diver-
sity of emotion word use reflects regular attempts to
identify the ‘‘correct’’ label; these attempts may indicate
(or induce) a more abstract or psychologically distanced
mode of processing, which in turn may signal dampen-
ing or avoidance of positive emotions. Future work
could test this possibility by examining the semantic
complexity of the emotion words generated, or by asses-
sing positive emotion regulation strategies (see
Quoidbach et al., 2010).

General Discussion

Day-to-day interactions and moments of reflection do
not typically involve evaluating feelings along a stan-
dard list of emotions (‘‘2 out of 5 happy,’’ ‘‘1 out of 5
calm,’’ ‘‘4 out of 5 excited,’’ etc.) or pleasantness on a
scale of 0 to 100. Instead, people are more likely to say,
‘‘tired but happy,’’ ‘‘focused on my work,’’ or ‘‘so excited
I cannot wait.’’ Despite this intuition, experience sam-
pling studies often adopt the former, structured
approach to assessing emotion, potentially losing the
subtlety and diverseness of the original feelings in the
process. Across two studies, we examined what could be
learned by allowing participants to describe their current
experiences in their own words. We found a wide range
of labels for feelings that went far beyond those typically
sampled in psychological studies. Participants varied
greatly in which labels they used and how they used
them. Nonetheless, estimates of label positivity were
consistent with momentary valence ratings both within
and across participants, and were associated with fewer
self-reported symptoms of anxiety and depression.
Using additional measures available in the first study,
we found that the number of unique emotion words used
over time was related to the balance and spread of emo-
tions endorsed in an end-of-day rating task (i.e., emodi-
versity), but not to other measures of emotional
functioning (e.g., alexithymia). Considering the sheer
interpretative value of the raw participant responses, a
free-label approach appears to be a viable and compel-
ling means of studying emotion in everyday life.

The present research applied a free-generation
approach to assessing self-reported emotion (Y. Li et al.,
2020) in the context of daily life. While ours is the first
work we are aware of that asked participants to label
their current momentary experiences (but see Ottenstein
& Lischetzke, 2019 for a daily approach), its findings
build on several recent studies that have assessed emo-
tion using open-ended, text-based methods. In the work
by Carlier et al. (2021), experience sampling participants
optionally recorded descriptions of what they were
doing and how they felt about it at each prompt.
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Estimates of positive and negative affects derived from
the transcribed recordings (using LIWC; Pennebaker
et al., 2015) were very modestly associated with
participant-reported valence both within and between
persons, but performed better than estimates from
acoustic analyses or concurrent text messages. This
study, like the present, contrasts with other work that
reports no or limited correspondence between momen-
tary ratings and estimates derived from unobtrusively
gathered language (e.g., from recordings of ambient
speech; Sun et al., 2019). Our studies demonstrate that
when descriptions of current experience are explicitly
requested and deliberately provided, they can give
insight into affective dynamics and other relevant indi-
cators. Compared with studies that have asked partici-
pants to describe their experiences at length (see Carlier
et al., 2021), however, we show that even one or a few
words is sufficient to recover reliable valence estimates
and predict mental health and emotional functioning
over time.

Emotion labels are not limited to estimates of
valence, but also enable qualitative and quantitative
comparison of the emotion word repertoires in use. The
past few years have seen multiple initiatives for assessing
and comparing spontaneously generated emotion
words. In one approach, estimates of emotional granu-
larity are generated by coding the emotion words used
to describe daily experiences for their level of specificity
(Ottenstein & Lischetzke, 2019; see also Thompson
et al., 2021; Williams & Uliaszek, 2021). This specificity
index, like the measures of word use in the present stud-
ies, showed some associations with mental health symp-
toms but not with the traditional, rating-based estimate
of emotional granularity. In another approach, esti-
mates of emotion word diversity are generated by count-
ing the number of unique emotion concepts invoked
(e.g., using ‘‘happy’’ or ‘‘happiness’’ for happy) as a func-
tion of text length (Vine et al., 2020). The diversity of
positively and negatively valenced words in stream-of-
consciousness essays and blogs were differentially asso-
ciated with health and distress, with positive word diver-
sity linked to better outcomes and negative word
diversity to worse (see also Entwistle et al., 2023). We
did not conceptually replicate these findings with our
measures of unique positive and negative words; in fact,
in Study 2, we found positive word uniqueness to be
linked to worse mental health. These discrepancies sug-
gest that the relationship between emotion word reper-
toires and pertinent outcomes varies based on the
context of language use. Indeed, recent work has shown
that measures of emotional functioning and well-being
are unrelated to fluency for emotion words, when this is
assessed in a task (Hegefeld et al., 2023). Future work is

necessary to probe how and when using (more) words
for emotion is beneficial, and how and when it is not.

A related task for future work is to investigate if and
how the number and type of emotion labels generated
maps onto the experience of mixed feelings. It is an open
question if people providing more than one label at a
given time point were describing simultaneous or com-
plex emotions (‘‘happy,’’ ‘‘nervous’’ [Study 1]), or rather
using multiple words for the same apparent emotion
(‘‘frustrated,’’ ‘‘annoyed’’ [Study 1]). Although we find
evidence of both types of responses in our studies, we do
not believe our data are ideal for addressing this ques-
tion. The present studies used a single, bipolar scale to
measure and estimate valence. For this reason, we are
unable to assess mixed feelings as a combination of posi-
tive and negative affects (see J. T. Larsen & McGraw,
2011). Future studies can address this by using separate,
unipolar scales and by examining how these measures
intersect with instances where multiple labels are pro-
vided (or, even, when ambivalent single labels are pro-
vided, such as ‘‘bittersweet’’ [Study 2]). To evaluate
whether two or more emotion labels are being used
synonymously, longer descriptions of momentary
experiences that capture situated word meaning are nec-
essary. For example, recent work has used word embed-
dings at the sentence level to assess the context-
specificity of emotion word use (i.e., emotional granular-
ity) in diary entries and consumer reviews over time
(Faraji-Rad et al., 2024).

For future work to produce reliable results, it must
first come to a standard definition of what emotion
words are. That is, what should be considered a refer-
ence to an emotion, when used in speech or text? There
is a long history of thinking and inquiry on this topic
(see Clore et al., 1987; Johnson-Laird & Oatley, 1989;
Ortony et al., 1987) but not yet consensus. In the present
studies, we took a flexible approach, defining emotion
words as any label participants used to describe how
they were currently feeling. A benefit of this method is
that it allowed us to inventory, in a comprehensive and
data-driven manner, the words and phrases used to sum-
marize everyday emotions. These labels did not always
match our researcher expectations, shedding light onto
the states most salient for our sampled (U.S., English-
speaking) population. For example, there was a high
prevalence of bodily states like hunger and fatigue, and
of cognitive states like focus and confusion. The result-
ing word inventories echo other recent attempts to cre-
ate dictionaries of emotion words (see Ottenstein &
Lischetzke, 2019). However, our flexible approach also
entails the challenge of manually collating, per data set,
the emotion words used and may be one reason that our
results diverge from prior findings. What ‘‘counts’’ as
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emotion is likewise culturally shaped (Hoemann,
Gendron, et al., 2023; Ip et al., 2023). Moving forward,
the field could increase consistency in the identification
of emotion words by creating master lists vetted per lan-
guage, potentially employing distributional semantic
models to assess the similarity and uniqueness of word
meanings (following Z. Li et al., 2023).

Another, more applied value of our proposed
approach may lie in the clinical realm. Experience sam-
pling is increasingly used in blended care, where practi-
tioners prescribe an app to their clients to collect data on
the context-specific manifestation of mood, symptoms,
and more. These data are then fed back to the practi-
tioner to support diagnostic and therapeutic use, as well
as to strengthen client involvement and therapeutic alli-
ance. A significant barrier for widespread uptake of this
approach lies in the tension between trying to gather
responses that are relevant to and descriptive of each cli-
ent, while also not overburdening practitioners with cus-
tomized survey creation and interpretation (Piot et al.,
2022; Weermeijer et al., 2023). Adding freely generated
labels to describe current feelings could be a means of
supplying the client–practitioner relationship with the
kind of rich, nuanced, and personally meaningful data
that can bolster the effectiveness of treatment, without
significantly increasing burden on the side of the client.
Critically, our findings show that estimated label valence
is equivalently predictive of mental health symptoms, at
the between-persons level, as more commonly used
valence ratings, suggesting that a free-label approach
would not hinder practitioners’ ability to detect substan-
tive clinical outcomes. Moreover, it allows practitioners
to obtain a picture of fluctuations in clients’ mood based
on their own words, which can help to bolster therapeu-
tic alliance and ownership.

With all this said, the present work was a first demon-
stration of a free-label method and pipeline, aiming to
showcase its possibilities in a research context. Future
research will need to be done that enables automation
and benchmarking before a free-label approach can be
rolled out at scale, particularly in clinical settings. For
example, a better understanding of typical patterns and
trends in free-label data is necessary for easily evaluating
and assessing participants or clients (e.g., based on the
number of emotion words used). At the same time, sim-
pler applications of this approach are already possible
or may not be that far off. Free-label responses are sup-
ported by virtually all experience sampling apps, many
of which are free to use and designed with clinicians in
mind (see PsyMateTM, Daniëls et al., 2023; m-Path,
Mestdagh et al., 2023). In the near term, it should be fea-
sible for experience sampling apps to integrate valence
estimation for free labels, adding to the insight these
provide. In the longer term, our property estimation

approach could be extended to descriptions of momen-
tary experience that are longer or even spoken (see
Atmaja et al., 2020; but see Weidman et al., 2019) or
used to capture other meaningful affective or semantic
dimensions such as arousal and dominance (Hollis &
Westbury, 2016), concreteness or sensorimotor ground-
ing (Altarriba et al., 1999; Wingfield & Connell, 2023),
or complexity (Hoemann, Vicaria, et al., 2021; Z. Li
et al., 2023). Free labels could also be used as a baseline
for constructing personalized lists of items to rate (fol-
lowing Olthof et al., 2023), and this process could be
natively supported by apps.

There are additional methodological considerations
to keep in mind when evaluating the present findings.
The two data sets we used are, to our knowledge, the
only ones to use labels instead of specific emotion rat-
ings to capture experiences in everyday life. The samples
were also relatively small and homogeneous, comprising
people motivated to complete lengthy sampling
protocols who may not be representative of the general
population on a number of characteristics (e.g., con-
scientiousness, although this concern pertains to experi-
ence sampling studies in general; for discussion, see
Wrzus & Neubauer, 2022). Moreover, Study 1 followed
an intensive protocol (including physiological recording
and end-of-day diaries) that is not representative of
other work using experience sampling (as discussed by
Hoemann, Barrett, & Quigley, 2021), and Study 2 was
not originally designed to test the full set of questions we
were able to ask in Study 1. These proof-of-concept
demonstrations of the empirical and clinical potential of
a free-labeling approach should be replicated in larger,
more heterogeneous samples. Such work can also collect
measures of overall vocabulary to examine its intersec-
tion with the number and uniqueness of emotion words
used (see Hegefeld et al., 2023; Suvak et al., 2011), espe-
cially if participants need not be native speakers of the
language of data collection (as in the present studies).
Equally, it is important to note that the present studies
were conducted in American English, a known outlier
both linguistically and culturally (Blasi et al., 2022;
Henrich et al., 2010). Studies in other languages—
needed to show whether our findings are generalizable—
would need to create their own emotion word invento-
ries and valence estimation pipelines. The latter is immi-
nently possible for major world languages with
established valence norms (see Mohammad & Turney,
2013) and pretrained semantic space vectors (see
Reimers & Gurevych, 2020).

Asking people how they are feeling is the most natu-
ral way of assessing emotional experience and is how
people normally communicate with others. The present
studies contribute to the field by illustrating the utility of
a free-labeling approach for both research and clinical
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objectives. There are clear pros to this approach: Words
provide insight into the rich variation in emotional
experience, within and between persons, without limit-
ing participants to, or saddling them with, standard
lists of emotion words (Eisele et al., 2020; Y. Li et al.,
2020). A free-labeling approach is also language-
neutral and can be used across cultures. There are also
cons: Some participants may find open-ended response
formats more demanding than rating or selecting from
a list. Natural language also requires more time and
effort for data analysis. Here, we introduced a semi-
automated processing pipeline that can reduce burden
on research teams interested in implementing this
approach but is not yet standardized or scalable to
clinical practice. In comparison, structured ratings can
be more immediately analyzed and compared by
researchers and clinicians alike, as well as used to cal-
culate conventional estimates of emotional granularity
and other within- and between-person measures of
emotional experience. Structured ratings may also be
quicker for participants and clients to complete (espe-
cially if momentary valence is the sole interest), and
they have the potential therapeutic benefit of expand-
ing awareness of various emotions (see Widdershoven
et al., 2019). Ultimately, we see open- and closed-
response formats as complementary rather than antag-
onistic and hope that the advantages and promises of
the former, coupled with our initial set of findings, will
encourage more work to use labels instead of, or in
addition to, ratings to assess emotion in everyday life.
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