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ABSTRACT
A number of studies have shown that putting feelings into words, a process known as
affect labeling, can be an effective emotion regulation strategy for dampening negative
affect. However, the components of this emotion regulation strategy and corresponding
implications for social behavior, relationships, and other emotion regulation strategies
remain poorly understood. We developed the Affect Labeling Questionnaire (ALQ) to
measure individual differences in affect labeling and its relation to other psychological
constructs. In study 1 (N, = 200), we used exploratory factor analysis to identify three
factors underlying affect labeling: (a) affective awareness; (b) affect labeling tendency;
and (c) affect labeling capacity. In study 2 (N, = 293), we used confirmatory factor
analysis to validate our affect labeling measure with these three components. Item
response theory was utilized in both studies for additional item validation and to ascertain
psychometric properties of the scale. In study 3 (N; = 227), we correlated the ALQ with
existing measures of social and emotional tendencies, and found that greater affect
labeling use tracked with increased emotional expressivity, social support, and use of
other emotion regulation strategies (i.e. reappraisal, coping). In addition to validating a
measure of affect labeling for future use, these data shed light on the psychological
structure underlying affect labeling and inform how it relates to other socio-emotional

metrics of well-being.
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Emotion regulation — the process of managing our emotional experiences and
expressions — is important for navigating daily challenges and maintaining health and
well-being (Gross, 1998; Gross et al., 2006). Intuitively, one might try to distract
themself from an undesirable emotional state (e.g. watching television) or try to change
how they’re thinking about an emotional event (e.g. “it’s not that bad”) to dampen an
emotional response, but research suggests that simply putting feelings into words can also
be a powerful tool for managing emotions (Torre & Lieberman, 2018). This emotion
regulation strategy — known as affect labeling — can reduce self-reported distress,
decrease fear-related neural responsivity, and lower skin conductance response to
evocative stimuli (Burklund et al., 2014; Constantinou et al., 2014; Kircanski et al., 2012;
Lieberman et al., 2011; Niles et al., 2015).

However, we still know relatively little about how various processes relating to
emotion recognition and regulatory behavior — including awareness of one’s emotional
states, the tendency to use language to process emotional states, and the ability to find
specific language to describe those states — contribute to affect labeling. Systematically
decomposing the components of affect labeling and being able to assess their unique
implications for social behavior, relationships, and emotion regulation more broadly is an
important step in understanding how individuals use and benefit from affect labeling.
One way towards this end is to develop and validate a measurement tool for individual
differences in affect labeling. This approach facilitates a better mechanistic understanding
of affect labeling, while also providing an inexpensive and easily implemented tool for
future research that can aid in unpacking how affect labeling relates to different

psychological behaviors and processes in the lab and in everyday life.
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Decomposing Affect Labeling as an Emotion Regulation Strategy

The notion that affect labeling can help people regulate their emotions is not new.
Indeed, therapeutic settings, in which people share their emotional experiences, and
expressive writing, wherein people describe their thoughts and feelings, have long been
thought to offer benefits in processing emotional states (Greenburg, 2001; Pennebaker,
1993). However, only in the last decade or so have researchers systematically examined
affect labeling as a regulatory strategy. As this line of work evolved, affect labeling has
been studied in terms of labeling one’s own feelings (e.g. “I feel sad”), someone else’s
feelings (e.g. “That child looks sad”), or the emotionally evocative aspect of a stimulus
(e.g. “That is a tragic situation”). Thus, affect labeling is broadly defined as putting
feelings into words, and lab paradigms have studied affect labeling by asking participants
to say, write, or choose between labels to describe emotional stimuli (Hariri et al., 2000;
Torre & Lieberman, 2018).

However, no work to our knowledge has assessed how people naturally
implement affect labeling to regulate their emotions. There are likely several
complementary processes that fold into effectively using this strategy that can be
identified by developing a measure for affect labeling. First, individuals must have some
awareness of their emotional states and how they are affected by them. Some people
might go through the day feeling moody or upset without recognizing how they are
feeling or what may have triggered their emotions, but others may be able identify the
events or interactions that affected them (e.g. “When I am upset, I can pinpoint what is
bothering me”). Such awareness is likely to play an integral role in the use of affect

labeling in daily life since it draws attention to specific emotional states that one can



Affect Labeling Questionnaire, 4

process and potentially regulate.

Second, individuals may set an intention around regulating their emotions that
allows them to process their feelings through language. Existing measures for emotion
regulation strategies often assess this tendency, or habitual use, of emotion regulation
strategies (Gross & John, 2003; Williams et al., 2018). Deliberately trying to change
one’s emotional states is not necessary for implicit regulatory strategies like affect
labeling to alter emotional experiences (Koole & Rothermund, 2011). However, the
tendency to use language to regulate emotions (e.g. “When I want to feel less upset, I will
describe how I am feeling.”) is likely to play an important role in downstream well-being
outcomes, since it reflects a degree of effort that a person is investing in using affect
labeling to maintain their emotional health.

Third, it is important to consider whether an individual can effectively translate
their emotions into words, a process that is typically characterized in terms of the
capacity to use a particular emotion regulation strategy. In other words, one might
frequently attempt to regulate their emotions by describing them, but struggle to find the
appropriate words to label their feelings (e.g. “It takes a lot of effort to convert my
feelings into words.”). Indeed, difficulty describing one’s emotions (i.e. alexithymia) is
associated with worse mental health and poorer therapeutic outcomes (Leweke et al.,
2011; Ogrodniczuk et al., 2011), suggesting that this aspect of affect labeling plays a
pivotal role in emotion regulation efficacy. Given the importance of this distinction
between tendency and capacity in the use of emotion regulation strategies, researchers are
increasingly disentangling them in how they measure individual differences in emotion

regulation and related well-being outcomes (Mcrae, 2013; Silvers & Guassi Moreira,
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2019; Troy et al., 2017). Thus, it will be important to assess both tendency and capacity
in a useful measure of affect labeling.
Affect Labeling and Socio-Emotional Tendencies

Affect labeling can benefit individuals by dampening unwanted or
disproportionate emotional responses, but it remains unknown how this regulatory
strategy relates to other social and emotional behaviors and abilities that can facilitate
overall health and well-being. First, it is useful to unpack how affect labeling relates to
social dispositions. Since affect labeling often unfolds in social interactions such as
therapy or conversations with others (Fan et al., 2019), it is possible that sociable
personality traits such as extraversion and lower social anxiety track with putting feelings
into words (Bainbridge et al., 2022). Relatedly, empathic behavior may track with affect
labeling since identifying emotional states plays a role in understanding and sharing in
others’ emotional experiences (Morelli et al., 2017; Zaki, 2020). Thus, a measure of
affect labeling would allow us to examine the association between affect labeling and
possibly related measures of personality, giving us insight into who uses and potentially
benefits the most from this emotion regulation strategy.

Second, it is useful to characterize how affect labeling relates to affect, mental
health, and emotion regulation more broadly. Since affect labeling has been demonstrated
to be an effective strategy for dampening negative affect, it should correspond to less
daily negative affect and potentially less depression, and anxiety. Examining this
association is important for establishing the cumulative benefits of affect labeling in
everyday life. Additionally, greater affect labeling should correspond to greater use of

other adaptive emotion regulation strategies such as cognitive reappraisal. Past research
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assessing the relationship between affect labeling and cognitive reappraisal during lab
tasks suggests that there is a relationship between the efficacy of these strategies within
individuals (Burklund et al., 2014; Lieberman et al., 2011), so it is informative from a
validation perspective to test whether this positive relationship is also captured by
questionnaires measuring these emotion regulation strategies.

Finally, there are several existing scales for measuring emotional expressivity
more generally that should relate to affect labeling. While some of these measures, such
as measures of alexithymia (Bagby et al., 1994) should be strongly inversely related to
affect labeling to establish convergent validity, it would be important to observe more
moderate associations with measures of general expressivity (Gross & John, 1997) for
discriminant validity. Together, examining how a measure of affect labeling relates to
other measures of socio-emotional tendencies and well-being can shed light on what it
captures, how it differs from other constructs, and how it benefits individuals in everyday
life.

Research Overview

Across three experiments, we examined how individuals use affect labeling to
regulate their emotions. To assess individual differences in the different components of
affect labeling, we developed a questionnaire including items corresponding to (a)
affective awareness (i.e. awareness of one’s emotional states); (b) affect labeling
tendency (i.e. the tendency to use language to process emotional states); and (c) affect
labeling capacity (i.e. the ability to find language to describe those states). We then
proceeded to validate our measure by using a combination of exploratory factor analysis

(EFA), confirmatory factor analysis (CFA), and item response theory (IRT).
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In study 1 (N =200), we used EFA to determine the general factor structure of our
measure (i.e. how many subscales to retain), and then IRT to determine which items to
retain in each subscale. In study 2 (N = 293), we validated our pared down measure in a
new sample using CFA. We tested two different measurement models to determine the
factor structure of the model. These models, in conjunction with IRT, clarified the factor
structure of affect labeling and confirmed the final items for each scale. In study 3 (N =
227), we correlated our final measure with other validated measures of social and
emotional behaviors. We found that greater affect labeling use tracked with increased
social support, emotional expressivity, and use of adaptive emotion regulation strategies
such as reappraisal and coping.

Methods

General Procedure. We applied the same overall procedure and exclusion criteria
across all three studies. Participants completed a set of questionnaires that took
approximately 1 hour to complete, including a measure of affect labeling: the Affect
Labeling Questionnaire (ALQ) (see Measures section, below, for complete list of
questionnaires). For the ALQ, they read each of the test items and two attention check
questions in a pseudo-randomized order and indicated the extent to which they agreed
with each item on a 5-point Likert scale ranging from strongly disagree (1) to strongly
agree (5). All analyses were conducted using the statistical package R (Version 1.2.1335).
De-identified data, analysis scripts, and study materials are hosted on Open Science
Framework (OSF; osf.io/fj3cz; Sahi et al., 2022). All procedures were approved by the

local IRB committee and informed consent was obtained from all participants.
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Exclusion Criteria & Sample Size. Data for all three studies was cleaned
simultaneously using the same exclusionary criteria.' To ensure validity and replicability,
we considered criteria relating to “careless responding” (Jaso et al., 2021): participants
were excluded if they responded to greater than 50% of questions with a midline response
(i.e. choosing 3 on a 5-point Likert scale) (N = 36), failed the attention check questions
(e.g. “You must pick the leftmost option on this item.”) (N = 41), finished the survey in
under 20 minutes or over 3 hours (N = 72) (i.e., participants were excluded for
completing the survey in less than 1/3 or more than 3 times the anticipated survey time of
1 hour), or finished less than 90% of the survey (N =5). We additionally excluded
participants if they were not proficient in English (N = 75) since reading and
understanding each item was critical to providing informative responses. To attain
sufficient statistical power and representation across a range of demographic variables
(Comrey, 1988; Tinsley & Tinsley, 1987), taking into consideration anticipated data loss
due to our exclusionary criteria, we recruited upwards of 300 participants each through
Amazon Mechanical Turk (mTurk) and our undergraduate subject pool with the goal of
retaining at least 200 participants for each study.

Measures. We included questionnaires related to personality, affect/mood,
emotion regulation, empathy, and expressivity. For personality, we measured the big five
dimensions (Big Five Inventory (BFI); John & Srivastava, 1999), social desirability
(Social Desirability Scale (MC-SDS-10); Crowne & Marlowe, 1960), self-esteem
(Rosenberg Self Esteem Scale (RSE); Rosenberg, 1979), and social anxiety (Social

Interaction Anxiety Scale (SIAS); Mattick & Clarke, 1998). For empathy, we measured

! Since our samples for study 1 and study 2 were pooled for study 3, data was aggregated across our two
samples and cleaned together before being subset into a study | dataset (mTurk), study 2 dataset.
(undergraduates), and study 3 dataset (pooled data) for subsequent analyses. Participant details for each
study are provided in our Methods section.
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empathic tendency (Interpersonal Reactivity Index (IRI); Davis et al., 1993;
Questionnaire of Cognitive and Affective Empathy (QCAE); Reniers et al., 2011) and
positive empathy (Positive Empathy Scale (PES)) (Morelli et al., 2015). For affect and
mental health, we measured general affect (Positive and Negative Affect Schedule
(PANAS); Watson et al., 1988; Short Affect Intensity Scale (SAIS); Geuens & De
Pelsmacker, 2002), depression (Beck Depression Inventory (BDI); Beck et al., 1988), and
anxiety (Generalized Anxiety Disorder (GAD); Spitzer et al., 2006). For emotion
regulation, we measured reappraisal and suppression frequency (Emotion Regulation
Questionnaire (ERQ); Gross & John, 2003) and coping (Coping Orientation to Problems
Experienced (COPE); Carver et al., 2013). For expressivity, we measured
negative/positive expressivity (Berkeley Expressivity Questionnaire (BEQ); Gross &
John, 1997; Emotional Expressivity Questionnaire (EEQ) ; Kring et al., 1994), difficulty
identifying and describing feelings (Toronto Alexithymia Scale (TAS); Bagby et al.,
1994), and mindfulness as it relates to describing one’s feelings (Five Facet Mindfulness
Questionnaire (FFMQ); Baer et al., 2006).
Study 1

Item Development. We began by generating 15 items across four prospective
subscales that were theoretically relevant to affect labeling as described in our
introduction, referencing existing scales for emotion regulation such as the ERQ and IRQ
for structure and length of items (Gross & John, 2003; Williams et al., 2018). We
generated four items corresponding to affective awareness (e.g. “When I am upset, I can
pinpoint what is bothering me”), seven items corresponding to affect labeling tendency

(e.g. “I get my feelings "off my chest" by using words to describe them”), and four items
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corresponding to affect labeling capacity (e.g. “I can usually describe how I feel in great
detail”) (see Table 1 for full list of items).

We generated thirteen additional items across four theoretical constructs to
explore the relationship between affect labeling and broader emotional awareness and
regulatory needs (Supplemental Table 1). These included five items corresponding to
strength of emotional experiences (e.g. “It does not take much to make me feel very
upset”), four items corresponding to need for emotional cognition (e.g. “I try to figure out
where my feelings are coming from”), four items corresponding to aspirational affect
labeling (e.g. “I’d like to be better at knowing what my emotions are”), and nine items
corresponding to affective expression (e.g. “I frequently write about my feelings”). Since
we do not consider these items to be core components of affect labeling, they are not
included in our measurement analyses.

Participants. We recruited 330 participants through mTurk to complete the initial
questionnaire via Qualtrics. After cleaning the data according to our exclusion criteria,
our sample consisted of 200 participants. This sample was approximately: 8% 18-24
years old, 49% 25-34 years old, 26% 35-44 years old, 12% 45-54 years old, 5% 55-64
years old, and 1% 65-74 years old; 51% female, 49% male, and <1% transgender; 75%
Caucasian/White, 6% Asian/Asian American, 8% Hispanic/Latino, 8% Black/African
American, and the remaining selected another identity or multiracial.

Exploratory Factor Analysis. To assess the general factor structure of our measure
and determine the optimal number of initial factors for future studies, we conducted a
series of EFA models to examine item-factor correlations. We evaluated three possible

solutions (2-4 factors). While we anticipated the existence of three factors — mapping
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onto each of the theorized subscales — we wanted to test for the possibility that two of
our theorized subscales could be explained by a single factor (2 factor solution) or that a
theorized subscale possibly comprised of two separate factors (4 factor solution). We
followed existing guidelines such that we only retained factors with at least four items
loading with a minimum 7 ~ 0.5 (DeVellis, 2016). We monitored fit statistics as
guidelines, but did not decisively use them, in isolation, to reject or accept one factor
structure over another. Importantly, our focus in study 1 was to determine whether the
theorized subscales mapped onto distinct latent factors. Whether these latent factors are
common factors in a correlated factor model, or group-factors in a bifactor model is not
relevant for this study: the goal was to determine whether there was some kind of coarse
latent factor structure that warranted the three theorized subscales.

Item Response Theory. After identifying the scale’s factor structure, we conducted
unidimensional, exploratory IRT analyses on item-level data from each subscale
(corresponding to a latent factor) to assess the validity of each item. IRT is an item-level
analysis whose fundamental goal is to estimate individuals’ position on a latent trait (®)
and relate latent trait scores to the likelihood of endorsing an item using exponential
modeling (Morizot et al., 2007; Reise & Henson, 2003; Toland et al., 2017). In other
words, IRT quantifies the association between a latent trait (e.g., a facet of affect
labeling) and responses on a survey item, allowing us to assess the items that best
measure a particular construct.

IRT analyses yield parameters for location (or difficulty) (denoted with b) — the
latent trait level at which the probability of endorsing an item is .50 — and

discrimination (denoted with a) — the strength of association between ® and responses
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on a given item. Because our novel measure is scored along a polytomous 5-point scale,
we have four location parameters (b,.4), each indicating the position on ® corresponding
to a .5 chance of rating an item at a particular scale value or a higher value. From these
parameters, response (association between ® and an item), information (an item’s ability
to differentiate individuals at different trait levels conditional on ®), and standard error of
measurement (measurement error conditional on ®) curves can be constructed for each
item and aggregated into scale-level totals.

Study 2

Participants. We recruited 392 participants through a combination of a University
of California Los Angeles (UCLA) subject pool and an in-lab study to complete the
questionnaire via Qualtrics. After cleaning the data according to our exclusion criteria,
our sample consisted of 293 participants. This sample was approximately: 90% 18-24
years old and 1% 25-34 years old, and 9% did not respond; 68% female, 23% male, and
9% did not respond; 23% Caucasian/White, 31% Asian/Asian American, 18%
Hispanic/Latino, 3% Black/African American, and the remaining selected another
identity or multiracial.

Confirmatory Factor Analysis. We considered two theoretically possible models
that would describe the factor structure of the ALQ: (a) a correlated factors model under
which each subscale loads onto a latent factor and latent factors corresponding to each
subscale are allowed to correlate with each other; and (b) a bifactor model, in which all
items load onto a general factor and a single group factor corresponding to each item’s
respective subscale. Cross-loadings between subscales are not allowed to exist in the

bifactor model (i.e., are set to zero). The general factor is thought to explain the
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correlation between group factors. Correlated factor models are abundant in psychology,
including affective science (e.g. Williams et al., 2018), and it is theoretically consistent
with the affect labeling construct. Bifactor models are becoming increasingly common in
psychology due to their purported ability to enhance content validity and thus adequately
describe multidimensional constructs (Reise, 2012; Rodriguez et al., 2016). This model is
also theoretically consistent with the construct of affect labeling, as one could argue there
are generalized affect labeling propensities as well as specialized facets. Thus, a
correlated factors model and bi-factor model were both appropriate to test here.
Following recommendation for evaluating model fit, we examined the following
indices associated with these models: root mean square error of approximation
(RMSEA), standardized root-mean-square residual (SRMR), Tucker-Lewis Index (TLI),
and Comparative Fit Index (CFI) (Bentler & Bonett, 1980; Hu & Bentler, 1999; Steiger
& Lind, 1980). SRMR and RMSEA values of 0.08 and under are considered acceptable,
such that smaller values suggest less unexplained variance, and greater model fit (Browne
& Cudeck, 1992). TLI and CFI values of 0.90 and higher are considered acceptable, with
larger values suggesting a smaller difference between actual model and null model chi-
squared values (Bentler & Bonett, 1980; Tucker & Lewis, 1973), and thus greater model
fit (Byrne, 1994; Hu & Bentler, 1999). Research suggests that these indices are better
metrics of model fit than chi-square likelihood ratio statistics, which compare the model
in question to a perfect model (MacCallum, 1990), thereby running greater risk of falsely
rejecting an acceptable model (Hakstian & Cattell, 1982; Humphreys & Montanelli,
1975). The bifactor model had additional considerations. Bifactor models are biased

towards better fit, yet a seemingly well-fitting bifactor model does not necessarily
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indicate the bifactor model adequately describes the underlying factor structure
(Bornovalova et al., 2020). Therefore, we examined the pattern of factor loadings
between the general factor and the group factors. In order to be considered valid, the
general factor must have loaded strongly (e.g., .55+) on (nearly) all of the items, and the
group factors must also have had appropriately high loadings (.4+) (Bornovalova et al.,
2020).

Item Response Theory. Item response theory was subsequently used to again
confirm the final items. Notably, items at this stage were kept if they provided a unique
advantage in aggregating composite scores, due to the additive nature of item response
and information functions. For example, some items with relatively flatter information
curves were kept because the range at the extremes of the latent trait were greater than
items that might have had higher curves but a narrower range.

Study 3.

Participants. For study 3, we pooled across study 1 and 2 participants recruited
through a combination of mTurk and the UCLA student population who completed
additional questionnaires, for a total of 359 participants. After cleaning the data according
to our exclusion criteria, our sample consisted of 227 participants. This sample was
approximately: 7% 18-24 years old, 43% 25-34 years old, 22% 35-44 years old, 11% 45-
54 years old, 4% 55-64 years old, <1% 65-74 years old, and the remaining did not
respond; 45% female, 435% male, and <1% transgender or did not respond; 66%
Caucasian/White, 5% Asian/Asian American, 7% Hispanic/Latino, 7% Black/African

American, and the remaining selected another identity or multiracial.
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Analyses. To establish convergent and discriminant validity, we correlated
participants’ ALQ subscale scores (affective awareness, affect labeling capacity, affect
labeling tendency) and ALQ total score with their responses to each outcome measure.
ALAQ total and subscale scores were determined by summing across the corresponding
items. We used the spearman correlation method, pairwise deletion of cases, and the
Holm method for multiple comparisons correction (i.e. a conservative method for
controlling for family-wise error rate).

Results
Study 1.

Exploratory Factor Results. Results yielded an exploratory factor solution with
three factors. All subscales had at least four items, but the tendency subscale had 3
additional items. The highest loadings for each subscale ranged from 4 = .57 - .87 (affect
labeling tendency), 4 = .72 - .85 (affect labeling capacity), and A = .46 - .77 (affective
awareness). Affect labeling tendency explained 46% of the common variance, affect
labeling capacity explained 32% of the common variance, and affective awareness
explained 22% of the common variance. The TLI was 0.954, RMSEA was .066, and
¥*(63) = 31.012. Notably, while fit statistics for the four-factor solution were slightly
better (TLI = 0.980, RMSEA = .044, ¥*(51) = 15.425), the pattern of factor loadings did
not indicate strong differentiation between the third and fourth factor, suggesting an over-
factored solution. Fit statistics for the two-factor solution were demonstrably worse than
both the 3 and 4 factor solutions (7L = 0.903, RMSEA = .097, ¥*(51) = 93.851), and
some items exhibited a modest degree of cross-loading between the factors, suggesting an

under-factored solution.
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Item Response Theory Results. IRT analyses were conducted using the mirt()
function from R’s ‘mirt’ package (Chalmers, 2012). Exploratory unidimensional graded
response models were fit on each subscale, using maximum likelihood (expectation-
maximization algorithm; BFGS optimizer). Importantly, latent trait values were assumed
to follow a normal distribution (® ~ N(0, 1)). From Table 2, we can see that b values
ranged from ~-2.0 to ~2.0 across the subscales, indicating that the items covered most of
the range typically observed on latent variables (-2.5 to 2.5) in this field of research. The
a parameters ranged between 1.6 and 4.7, indicating very high discrimination relative to
other similar measures in this area of research (Morizot et al., 2007). Supplementary
Figure 2 shows the aggregate item response curves (top set) and aggregate test
information by standard error curves (bottom set) for each subscale. Visual inspection of
this figure indicates that the subscales are reasonably discriminating and provide
information across a wide range of ®. By contrast, they also show that each scale appears
to be ill-suited for measuring individuals who score exceptionally high or low on the
latent trait (more than 2 standard deviations above/below the mean). After inspecting
each item’s response and information curves, we decided to drop the extra items from the
tendency subscale because they evinced poor psychometric properties, leaving 4 items for
each subscale (12 items total).

Study 2.

Confirmatory Factor Analysis Results. Results of the models are displayed in
Tables 3 (correlated factors) and 4 (bifactor). Both models fit the data well (correlated
factors: CFI=0.963, TLI = 0.952, x*(51) = 91.48, RMSEA = 0.053, SRMR = 0.049;

bifactor: CFI=0.976, TLI = 0.961, ¥*(33) = 57.39, RMSEA = 0.050, SRMR = 0.040).
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While the bifactor model evinced better fit across our four metrics, the pattern of factor
loadings suggests that the bifactor model is not suitable. Specifically, the highest loadings
for the general factor all came from the capacity subscale and the rest of the general
factor loadings were quite low (general factor loadings for capacity subscale ranged

from .62 - .79; all other general factor loadings ranged from .29 - .46). Similarly, the
group factor loadings for capacity were quite low (ranging from .17 - .40) whereas the
group factor loadings for awareness (ranging from .50 - .60) and tendency were relatively
high (ranging from .55 - .64). By contrast, the factor loadings in the correlated factors
model ranged from .60 - .78 (excluding one loading at .39). Therefore, we concluded that
the factor structure of the ALQ most closely matched a correlated factors solution.

We subsequently sought to test whether each subscale’s factor structure, in
isolation, was unidimensional. For awareness, the loadings ranged from 4 = 0.38 — 0.78
(*(2) = 14.313; TLI = 0.829; CFI = 0.943; RMSEA = 0.146, SRMR = 0.048). For
capacity, the loadings ranged from 4 = 0.66 — 0.78 (¥*(2) = 2.561; TLI = 0.995; CFI =
0.998; RMSEA =0.031, SRMR = 0.014). For tendency, the loadings ranged from A = 0.62
—0.76 (x*(2) = 1.104; TLI = 1.008; CFI = 1.000; RMSEA = 0.000, SRMR = 0.010). These
results suggest the three facets of affect labeling (awareness, capacity, tendency)
measured by novel ALQ are indeed unidimensional in isolation.

In terms of reliability, m-total = 0.87, suggesting that, overall, the ALQ is a
reliable multi-dimensional composite. Individually, each subscale evinced acceptable
levels of reliability, indexed by Guttman’s Lambda 6 (G6): G6-awareness = 0.65, G6-

capacity = 0.77; G6-tendency = 0.75).
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Item Response Theory Results. Confirmatory IRT analyses were conducted using
the mirt() function from R’s ‘mirt’ package (Chalmers, 2012). Confirmatory graded
response models were fit on each subscale, using maximum likelihood via an
expectation-maximization algorithm (BFGS optimizer). Latent trait values were again
assumed to follow a normal distribution (® ~ N(0, 1)). From Table 2, we can see that b
values ranged from ~-2.5 to ~2.5 across the subscales, indicating that the items covered
most of the range typically observed on latent variables (-2.5 to 2.5) in this field of
research. The a parameters ranged between 0.9 and 2.7, indicating very high
discrimination relative to other similar measures in this area of research (Morizot et al.,
2007). Supplementary Figure 3 shows the aggregate item response curves (top set) and
aggregate test information by standard error curves (bottom set) for each subscale. Visual
inspection indicates that the subscales are reasonably discriminating and provide
information across a wide range of ®. By contrast, plots also show that each scale
appears to be ill-suited for measuring individuals who score exceptionally high or low on
the latent trait (more than 2 standard deviations above/below the mean). Notably, certain
items from each subscale did not necessarily contain ideal item response or information
curves, but certain features of the curves (e.g., range on the information curve) were
better than the other items in the set. Given the additive nature of IRT properties, we
retained the items to bolster the subscale composite.

Study 3.

Convergent and Discriminant Relationships Results. We report spearman’s

correlation coefficients, corrected for multiple comparisons, between the three ALQ

subscales, as well as the ALQ total score, with the relevant validity measures (Table 5).
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We describe significant correlations between 0.2 and 0.4 to be weak, between 0.4 and 0.6
to be moderate, and above 0.6 to be strong.

In terms of personality, greater affect labeling was weakly associated with lower
social anxiety via the SIAS, lower neuroticism via the BFI, greater extraversion,
agreeableness, conscientiousness, and openness via the BFI, and greater self-esteem via
the RSE. It was not related to social desirability via the MCSDS.

In terms of empathic tendency, greater affect labeling was weakly associated with
greater perspective-taking via QCAE, lower peripheral and proximal responsivity via
QCAE, higher empathic concern via IRI, and greater positive empathy via PES. It had no
relationship to emotion contagion or simulation via QCAE, or to personal distress,
perspective-taking, or fantasy via IRI.

In terms of affect/mood, greater affect labeling was weakly associated with higher
positive affect via PANAS and SAIS, lower negative affect via PANAS, lower
depression via BDI, and lower anxiety via GAD. It had no relationship to negative affect
via SAIS.

In terms of emotion regulation, greater affect labeling was strongly associated
with lower suppression via ERQ, and greater emotional social support via COPE. It was
moderately associated with greater reappraisal via ERQ, and greater positive
reinterpretation and growth, venting, and instrumental social support via COPE.

In terms of expressivity, greater affect labeling use was strongly associated with
lower difficulty describing feelings via TAS, and greater mindfulness-describing via

FFMQ. It was also moderately associated with greater negative and positive expressivity
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via BEQ, impulse strength via BEQ, and lower difficulty identifying feelings and
externally oriented thinking via TAS.
Discussion

In the present collection of studies, we developed and validated a questionnaire
for measuring individual differences in affect labeling: the ALQ. This questionnaire
allowed us to (a) examine the different components or facets of affect labeling as an
emotion regulation strategy; (b) assess how affect labeling relates to social behavior,
relationships, and emotion regulation more broadly; and (c) provide a tool for measuring
variability in affect labeling in future research. We identified three factors contributing to
affect labeling: (i) affective awareness; (i1) affect labeling tendency; and (iii) affect
labeling capacity. By decomposing affect labeling into these three facets, we gain insight
into the different processes that fold into labeling emotions in everyday life and identify
several points of intervention for improving regulatory outcomes. Additionally, we found
that greater affect labeling was associated with increased emotional expressivity, social
support, and use of other emotion regulation strategies (i.e. reappraisal, coping). Thus,
our results provide insight into how affect labeling tracks with various socio-emotional
metrics of well-being, establishing a broader picture of how different regulatory
processes interact with each other and everyday behaviors.

These data shed light on the psychological structure underlying affect labeling,
while validating a measure of affect labeling for future use. Future research might use
this scale to explore how variability on the ALQ tracks with well-being on a day-to-day
basis through ecological momentary assessments or daily diary studies (Ford et al.,

2018). Additionally, it would be interesting to investigate how the ALQ tracks with
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linguistic markers in free-flowing text through natural language processing or other text
analysis approaches (Fan et al., 2019). Finally, one might unpack how the different facets
of affect labeling interact with each other across development, for example by exploring
how the emergence of affective awareness influences the tendency and capacity to use
language to regulate one’s emotions (Nook et al., 2017).

Importantly, research suggests that different ways of labeling — for example
labeling features of emotional stimuli as opposed to one’s own emotional states — are
associated with different regulatory outcomes (McRae et al., 2010). Our questionnaire
focuses on labeling one’s own emotional states since this is likely a form of affect
labeling that people commonly employ in everyday life. Future work can extend this
questionnaire to consider different ways of affect labeling and assess the degree of
overlap between these approaches. Additionally, while we assess how often and how well
people label their emotions, we do not consider how fine-grained peoples’ emotion labels
are, or the variety of emotion words they use to identify and process their feelings.
Research suggests that such emotion differentiation can be an important predictor for
regulatory outcomes (Barrett et al., 2001; Kircanski et al., 2012). Thus, emotion
knowledge and associated introspection processes can be considered alongside the
broader features of affect labeling presented in this research.

Ultimately, this work provides a jumping point to explore several questions
surrounding how affect labeling unfolds in daily life and how it interacts with different
social and emotional behaviors. The present work not only motivates such future
research, but also provides a framework for understanding the different components that

contribute to affect labeling as an emotion regulation strategy, alongside a validated
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measurement tool that can facilitate our ability to more widely examine affect labeling

across contexts, populations, and lab paradigms.
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Tables

Table 1. Full list of items tested to develop Affect Labeling Questionnaire (ALQ)

Affective Awareness

ALQ Item 27 I frequently know what emotion I am feeling as I feel it.

ALQ Item 32 Often I know I am feeling an emotion, but cannot figure out exactly what it is.
ALQ Item 34 I know how things tend to affect me emotionally.

ALQ Item 37 When I am upset, I can pinpoint what is bothering me.

Affect Labeling Tendency

ALQ Item 1 Putting my feelings into words is an important step for me in managing my emotions.
ALQ Item 5 Using my words to describe my feelings makes me feel them less strongly.

ALQ Item 7 When I want to feel less upset, I will describe how I am feeling.

ALQItem 10 Labeling my feelings with words helps me understand them.

ALQ Item 12 I get my feelings ‘off my chest’ by using words to describe them.

ALQ Ttem 15 I lessen the impact my emotions have on me by expressing them in words.

ALQ Item 18 I control my emotions by putting my feelings into words.

Affect Labeling Capacity

ALQ Item 3 It is easy for me to find an appropriate word to capture how I am feeling.

ALQ Item 9 I can usually describe how I feel in great detail.

ALQ Item 16 I can find a way to describe my feelings in words even when the feeling is very strong.
ALQ Item 19 It takes a lot of effort to convert my feelings into words.

Note. Bolded headings indicate subscale names. Item numbers correspond to original numbering in our
questionnaires. Items highlighted in grey were not retained in the final scale.
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Table 2. Parameter estimates of exploratory and confirmatory IRT analyses based on subscale

a bl b2 b3 b4
Exp Con  Exp Con Exp Con Exp Con Exp Con

Item

Awareness

ALQ Item 27 3.6 2.6 2.2 -2.4 -1.7 -0.8 -1.1 -0.0 0.6 1.7
ALQ Item 32 23 1.6 -2.8 -2.5 -1.7 -0.7 -1.1 0.3 0.6 24
ALQ Item 34 2.5 0.9 -3.2 -5.4 2.1 -3.0 -1.5 -1.3 0.8 29

ALQ Item 37 2.8 2.0 -1.8 -2.9 -1.2 -1.1 0.8 -0.0 - 2.0

Capacity

ALQ Item 3 43 2.4 -2.0 -1.7 -1.1 -0.3 -0.5 0.5 0.8 2.0
ALQ Item 9 4.5 2.7 -1.7 -1.7 -0.9 -0.1 -0.2 0.5 0.9 1.7
ALQ Item 16 4.2 2.0 -2.0 -2.2 -1.0 -0.7 -0.5 0.4 1.1 2.1
ALQ Item 19 2.5 1.8 -1.9 -1.7 -1.0 -0.2 -0.4 0.6 1.0 2.6

Tendency
ALQ Item 1 2.4 - -1.7 - -0.7 - -0.2 - 1.5 -
ALQ Item 5 1.5 - -1.7 - -0.3 - 0.7 - 2.5 -
ALQ Item 7 3.4 2.3 -1.5 2.2 -0.3 -0.5 0.3 0.1 1.8 2.0
ALQ Item 10 2.9 - -1.6 - -0.7 - -0.1 - 1.4 -

ALQ Item 12 3.0 23 -1.4 -2.2 -0.6 -0.8 -0.2 -0.2 1.5 1.6
ALQ Item 15 3.6 1.8 -1.3 -2.4 -0.3 -0.6 0.4 0.4 1.7 2.6
ALQ Item 18 54 2.5 -1.4 -2.1 -0.2 -0.4 0.3 0.5 1.9 23

Note. ‘Exp’ column contains exploratory results, ‘Con’ column contains confirmatory results; a
refers to the discrimination parameter; b; refers to the location/difficulty parameters. Items with
hashed entries in the ‘con’ column are those which were dropped from Study 1 to Study 2; the
hashed entry for 54 in item 37’s ‘exp’ column reflects the fact that the highest response option was
not endorsed by any participants in that sample. See Table 1 for items corresponding to each
question number.
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Table 3. Confirmatory factor analysis results for the three correlated factors model

Item Awareness Capacity Tendency

ALQ Item 27 0.76 (.059) [.65 - .88
ALQ Item 32 0.60 (.061) [48 - .72
ALQ Item 34 0.69 (.060) [.57 - .81
ALQ Item 37 0.39 (.064) [.27 - .52 -
ALQ Item 3 - 0.75 (.054) [.65 - .86] -
ALQ Item 9 - 0.77 (.054) [.67 - .88] -
ALQ Item 16 - 0.71 (.055) [.60 - .82] -
ALQ Item 19 - 0.65 (.057) [.54 - .76] -
ALQ Item 7 - - 0.71 (.057)
ALQ Item 12 - - 0.73 (.056)
ALQ Item 15 - - 0.62 (.059)
ALQ Item 18 - - 0.77 (.055)

e e e )

.60 - .82]
62 - .84]
50-.73]
.66 - .88]

— e

Note. Factor correlations: @(awareness, capacity) = 0.629, @(capacity, tendency) = 0.500,
®(awareness, tendency) = 0.24; (*(51): 91.48, CFI: 0.963, TLI: 0.952, RMSEA: 0.053, SRMR: 0.049
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Table 4. Confirmatory factor analysis results for the bi-factor model

Item

G-Factor

Awareness

Capacity

Tendency

ALQ Item 27
ALQ Item 32

ALQ Item 34

ALQ Item 37
ALQ Item 3
ALQ Item 9

ALQ Item 16

ALQ Item 19
ALQ Item 7

ALQ Item 12

ALQ Item 15

ALQ Item 18

0.43 (.069) [.29,
0.40 (.066) [.27,

0.46 (.069) [.32,
0.71 (.068) .60,
0.73 (.096) [.55,
0.79 (.088) [.62,
0.62 (.068) [.49,
0.32 (.063) [.20,
0.35 (.063) [.23,
0.29 (.068) [.15,
0.43 (.063) [.31,

56]
53]

59]
83]
92]
97]
75]
44]
A7
42]
56]

0.60 (.080) [.45, .76]
0.50 (.074) .35, .64]

0.51 (.076) [.36, .66]

0.17 (.109) [-.05, .38]
0.40 (.316) [-.21, 1.02]
-0.17 (.384) [-.92, .59]
0.19 (.117) [-.04, .42]

0.64 (.059) .53, .76]
0.64 (.059) [.53, .76]
0.55 (.063) [42, .67]
0.63 (.058) [.51, .74]

Note. Model would not converge unless item 34 was removed; ¥*(33): 57.39, CFI: 0.976, TLI: 0.961, RMSEA: 0.050,
SRMR: 0.040
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