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Abstract
Emotional granularity is the ability to create differentiated and nuanced emotional experiences and is associated with positive 
health outcomes. Individual differences in granularity are hypothesized to reflect differences in emotion concepts, which 
are informed by prior experience and impact current and future experience. Greater variation in experience, then, should be 
related to the rich and diverse emotion concepts that support higher granularity. Using natural language processing methods, 
we analyzed descriptions of everyday events to estimate the diversity of contexts and activities encountered by participants. 
Across three studies varying in language (English, Dutch) and modality (written, spoken), we found that participants who 
referred to a more varied and balanced set of contexts and activities reported more differentiated and nuanced negative 
emotions. Experiential diversity was not consistently associated with granularity for positive emotions. We discuss the 
contents of daily life as a potential source and outcome of individual differences in emotion.

Keywords Emotion differentiation · Concepts · Natural language · Experience sampling · Meaning extraction

Emotional granularity – also known as “emotion 
differentiation” – is the ability to create differentiated and 
nuanced emotional experiences (Barrett et al., 2001; Tugade 
et al., 2004). A growing literature attests to a link between 
higher emotional granularity and positive outcomes (for 
recent reviews, see O’Toole et al., 2020; Seah & Coifman, 
2021; Thompson et  al., 2021). Benefits include more 
successful emotion regulation (e.g., Kalokerinos et al., 2019) 
and healthier coping (e.g., Kashdan et al., 2010), as well as 
fewer symptoms of anxiety and depression (e.g., Seah et al., 
2020; Willroth et al., 2019). Motivated by these findings, 
studies have begun to look at how granularity develops (e.g., 
Nook et al., 2017) and how it may manifest in a larger set 
of biological and interpersonal processes (e.g., Hoemann, 
Khan et al., 2021; Israelashvili et al., 2019). In this paper, 
we complement these efforts by examining the relationship 

between emotional granularity and the diversity of everyday 
experiences.

Among other constructs for individual differences 
in emotional experience (e.g., emotional awareness), 
emotional granularity foregrounds the need for context-
specificity (Hoemann, Barrett et  al., 2021; Hoemann, 
Nielson et al., 2021). Granular emotional experiences are 
tailored to current or anticipated circumstances, facilitating 
adaptive patterns of behavior (e.g., O’Toole et al., 2020). 
As an example, imagine dealing with a daily stressor, such 
as accidentally breaking a friend’s phone. Experiencing 
a finer-grained (i.e., more granular) emotion – ‘guilty for 
one’s clumsiness’ – as opposed to a non-specific emotion 
– ‘generally upset’ – makes it more likely that feelings 
and actions are appropriate to the situation (e.g., making 
restitution rather than simply feeling bad). Consistently 
experiencing granular emotions means that feelings and 
actions are flexible to ever-changing circumstances.

Experiencing granular emotions is not the same as using 
specific emotion words. Labeling is not related to other 
measures of emotional granularity (Ottenstein & Lischetzke, 
2019; Williams & Uliaszek, 2021) and can even interfere 
with the effective regulation that granularity is thought to 
facilitate (Nook et al., 2021; Vine et al., 2019). Instead, 
a constructionist account of emotion (e.g., Barrett, 2006, 
2017) proposes that granular emotional experiences are a 
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product of how the brain uses emotion concepts. On this 
account, all concepts are understood as dynamic collections 
of prior experience that the brain uses to make meaning of 
the current context and issue predictions about what is likely 
to occur next. Predictions that are more context-specific 
are more efficient because they better anticipate probable 
actions and upcoming energy needs. When context-specific 
predictions are constructed using concepts for emotion, the 
result is higher emotional granularity.

Because concepts are dynamic, they are developed and 
constantly updated through engagement with the world. 
The brain accrues knowledge about appropriate actions and 
expected outcomes through interactions with other people, 
places, and things (Meteyard et al., 2012). From this per-
spective, greater variation in experience could result in more 
elaborated (i.e., rich, diverse) emotion concepts: exposure 
to a broader range of sensorimotor inputs and social dynam-
ics – that is, the contexts and activities encountered over 
time – might allow the brain to construct predictions that are 
better tailored to the situation at hand, increasing emotional 
granularity. At the same time, a richer and more diverse set 
of emotion concepts could contribute to greater variation 
in the types and frequencies of everyday experiences (Lee 
et al., 2021). Concepts are known to shape how events are 
perceived, and this process may extend to the experience 
of emotion (e.g., Richmond & Zacks, 2017). Finer-grained 
emotion concepts may correspond with more specific pat-
terns of attention to, and discrimination between, relevant 
situational features. From both perspectives, a relationship 
between emotional granularity and the contents of daily life 
can be expected.

To test this hypothesis, data are needed that capture not 
only how people experience their emotions across various 
situations, but also something about the nature of those situ-
ations. Although it is possible to assess the contents of daily 
life using self-reported location, activity, or social context, 
such data are limited in the insights they can provide into 
how people represent their experience. For example, some-
one could be at work but thinking about their plans for the 
weekend, reading but focusing on their grumbling stomach, 
with family but feeling alone. It is not feasible to anticipate 
beforehand all the aspects of experience people may attend 
to and in what combination. In contrast, natural language 
data provide a window onto how people see themselves 
and the world around them without constraining or priming 
attention to one aspect of experience or another.

Prior research has estimated the meaningful content 
of natural language data using both closed- and open-
vocabulary approaches. Closed-vocabulary approaches, 
including the software Linguistic Inquiry and Word Count 
(LIWC; e.g., Pennebaker et al., 2015), use predefined word 
lists (i.e., dictionaries) to score texts for the presence of 
researcher-developed or -selected topics. By comparison, 

open-vocabulary approaches produce clusters of semanti-
cally related words, or themes, in a data-driven manner. 
While closed-vocabulary approaches are useful for confirm-
ing and comparing themes, open-vocabulary approaches are 
critical for discovering new ones. Studies using an open-
vocabulary approach have found themes to predict between-
person differences in life satisfaction (Schwartz et al., 2016) 
as well as within-person fluctuations in self-reported emo-
tion (Sun et al., 2019). Open-vocabulary approaches have 
also been used to describe self-schemas (Rodríguez-Arauz 
et al., 2017) and mental health concerns across cultures 
(Ramirez-Esparza et al., 2008).

The present paper builds on this prior work by employing 
an open-vocabulary approach to capturing the contents of 
daily life. In Study 1, we extracted themes from descriptions 
of everyday events, interpreting these themes as the contexts 
and activities experienced by participants in our sample. We 
then used the distribution of themes within participants as an 
estimate of experiential diversity and assessed the relation-
ship of this measure with emotional granularity. In Studies 2 
and 3, we examined the robustness of this relationship within 
additional data sets. In all three studies, we used repeated 
emotion intensity ratings to compute separate estimates of 
emotional granularity for negative versus positive emotions 
(O’Toole et al., 2020; Thompson et al., 2021). We predicted 
that experiential diversity would be associated with both 
estimates of granularity, such that participants who referred 
to a more varied and balanced set of contexts and activi-
ties in their daily lives would report more differentiated and 
nuanced emotions, regardless of valence.

Methods Overview

We tested the hypothesized relationship between experien-
tial diversity and emotional granularity through a secondary 
analysis of three experience sampling data sets from our own 
labs. Each of these data sets included self-reported emo-
tions as well as natural language descriptions of everyday 
events, allowing us to examine how participants conceptual-
ized their experiences in typical settings (following e.g., Sun 
et al., 2019) and estimate the diversity of contexts and activi-
ties they encountered based on patterns of overall word use. 
In Study 1, we analyzed elements of the data set previously 
reported in Hoemann, Khan et al. (2020, see also Hoemann, 
Barrett et al., 2021; Hoemann, Khan et al., 2021). For each 
experience sampling event, English-speaking participants 
rated the intensity of their experience on a set of emotion 
adjectives and wrote about what was happening at the time 
they received the prompt. In Study 2 (Hoemann, Fan et al., 
2020), English-speaking participants rated the intensity of 
their experience at each prompt, but only wrote about a small 
subset. In Study 3 (Carlier et al., 2021), Dutch-speaking 
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participants rated the intensity of their experience at each 
prompt and could optionally record a verbal description. To 
quantify results across studies, we performed both meta- and 
integrative data analyses of our findings.

Study 1

Method

Study 1 was approved by the Northeastern University 
Institutional Review Board (IRB# 16-01-13) and has been 
reported in detail in Hoemann, Khan et al. (2020, see also 
Hoemann, Barrett et al., 2021; Hoemann, Khan et al., 2021). 
Below we report aspects relevant for the present analyses.

Participants An initial 67 adults were recruited from North-
eastern University classrooms and online portals as well as 
the greater Boston area through posted advertisements; all 
eligible participants were fluent English-speakers. Informed 
consent was obtained from all participants before beginning 
the study. Participants received $490 for completing all parts 
of the study, plus up to $55 in compliance and task incen-
tives. Six participants withdrew, nine were dismissed due to 
poor compliance, 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, SD = 4.4 years). We 
conducted a sensitivity analysis for this data set in G*Power 
(Faul et al., 2009), assuming α < 0.05, two-tailed and power 
(1-β) > .80 in linear multiple regression analyses with one 
tested and two control predictors. For comparison with our 
reported results, we converted the resulting effect size esti-
mate (given as Cohen’s f2) to a standardized regression coef-
ficient (β) using the formula given in Eq. 1:

The sensitivity analysis indicated that this data set was 
adequately powered to detect moderate size effects, f2 ≥ 0.16, 
β ≥ 0.37.

Procedure Participants completed approximately 14 days 
(M = 14.4, SD = 0.6) of experience sampling including 
peripheral physiological monitoring and end-of-day dia-
ries. Only the end-of-day diary data are used in the present 
analysis. Participants also attended two in-lab sessions that 
are not reported here.

Each day of experience sampling lasted for 8  h and 
began when participants were outfitted with physiological 
sensors and a smartphone with an associated smartphone 
application. Most experience sampling prompts were phys-
iologically triggered to enable more efficient sampling of 
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psychologically salient moments. These prompts occurred 
any time there was a substantial, sustained change in car-
diac activity in the absence of movement. Participants also 
received two ‘random’ prompts each day that were not con-
tingent on changes in cardiac activity. Altogether, partici-
pants responded to an average of 8.65 prompts (SD = 1.09) 
per day.

At each sampling prompt, participants responded to a 
series of questions presented on the smartphone app. These 
data were not analyzed in the present paper; however, several 
elements were presented to participants in the end-of-day 
diary and so are briefly reviewed. First, participants provided 
a brief free-text description of what was going on at the 
time they received the prompt. Participants also provided a 
brief free-text description of their social context (by writ-
ing “alone”, listing interaction partners’ initials, or writing 
“group”) and selected their main activity from a drop-down 
list (e.g., “socializing”, “eating”, “working”).

Immediately upon finishing each day of experience sam-
pling, participants automatically received an online end-of-
day diary. In this diary, they were presented with the event 
time, brief description, social context, and main activity for 
each completed sampling prompt, which served as a guide 
for participants to provide additional details about each 
event. Participants described in writing what was happening 
when they received each prompt. For every event, partici-
pants rated the intensity of their emotional experience on a 
set of 18 emotion adjectives using Likert-style scales from 
0 (“not at all”) to 6 (“very much”). The full list of emotion 
adjectives is reported below. These intensity ratings were 
requested in the end-of-day diary, rather than at each experi-
ence sampling prompt, to reduce participant burden in the 
moment.

Data Preparation

Experiential Diversity Estimates of experiential diversity 
were computed from participants’ event descriptions follow-
ing the Meaning Extraction Method (MEM) topic modeling 
approach (e.g., Chung & Pennebaker, 2008). The initial set 
of event descriptions contained 6,399 entries. To prepare the 
data for analysis, we removed any empty or duplicate entries 
and entries from participants excluded from the final sample 
(8.86% of descriptions, new total 5,832; M = 117, SD = 23, 
min = 61, max = 172 per participant). We also removed 
short entries, as these texts did not contain enough content 
words to contribute to stable themes and so can be consid-
ered partial or missing data. A 25–50-word minimum word 
count is recommended for texts submitted to these types 
of automated analyses, especially when the total number 
of texts is relatively small (as ours is; for discussion, see 
Boyd, 2017). Applying a 25-word minimum resulted in the 
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removal of an additional 32.10% of descriptions, for a new 
total of 3,960 event descriptions (M = 79, SD = 31, min = 38, 
max = 164 per participant), ranging in length between 25 
and 509 words (M = 131, SD = 86). The percentage of data 
removed varied by participant around an average of 31.22% 
(SD = 23.85%, min = 0%, max = 65.32%). The design of 
Study 1 provides some insight into why there are so many 
short texts: participants were required to write something 
about every event they documented during the day (~ 8–9) 
across 14 days of experience sampling. To balance the need 
for substantive texts against the need to maximize data 
usage, we also implemented analyses with 20- and 30-word 
minimum text lengths (for descriptive statistics, see sup-
plemental Table S1). Of note, a typical English sentence is 
15–20 words long (Cutts, 2009), so these minimum lengths 
correspond to texts of approximately 1 or 2 sentences.

The first step in performing the MEM was identifying the 
most frequently used content words and their locations in the 
texts, which we completed using the Meaning Extraction 
Helper (MEH) software (Boyd, 2018). The MEH prepares 
texts for analysis by converting words to their root form 
(e.g., “ran” becomes “run”; “friends” becomes “friend”) 
and by removing common closed-class or ‘stop’ words 
(e.g., articles, auxiliary verbs, prepositions, pronouns). The 
MEH allows users to add data-specific conversions and 
stop words. In the present analysis, we removed all content 
words that appeared in the end-of-day diary instructions, as 
participants often echoed these instructions in their writing 
(e.g., “at the time I received the prompt…”). We also sup-
plemented the conversion list with abbreviations commonly 
used by our sample (e.g., “prof” for “professor”). The MEH 
counts the content words in the prepared texts and produces 
co-occurrence matrices in which each text is scored for the 
most frequent words. As a robustness check to assess the 
impact of this parameter on our results, we generated sepa-
rate co-occurrence matrices for the 100, 150, and 200 most 
frequent single words (i.e., unigrams). These values corre-
spond roughly to average text length ± 50. Retaining more 
words would have gone beyond the co-occurrences available 
in a typical text; retaining fewer would have provided insuf-
ficient data for theme extraction. The number of retained 
words also corresponds with that used in prior analyses of 
texts of comparable length (e.g., Rodríguez-Arauz et al., 
2017). We computed two types of co-occurrence matrices: 
a ‘relative frequency’ matrix, in which the raw count of each 
word was presented as a proportion of each text’s length, and 
a binary (i.e., ‘one-hot’ encoded) matrix in which each word 
was coded as present (1) or absent (0) in each text.

The next step in performing the MEM was extracting 
themes, or words that consistently grouped together across 
all texts. We conducted a separate principal components 
analysis (PCA) with varimax rotation on each set of unigrams 
(100, 150, and 200) using the binary co-occurrence matrices. 

Diagnostic tests indicated that the model was appropriate 
for the data (see supplemental Table S2). Inspection of the 
scree plot for the PCA on each set of unigrams suggested 
approximately 10 components at the ‘elbow’ with eigenvalues 
above 1 (Cattell, 1966). The scree test is an established 
method of selecting the number of themes to extract in the 
MEM (Rodríguez-Arauz et al., 2017), where the goal is to 
retain the smallest number that are interpretable or internally 
coherent (Boyd, 2017). We extracted the elbow ± 5 (i.e., 5, 10, 
and 15 components) so that we could also assess the impact 
of this parameter on our results. PCAs were performed in R 
(R Core Team, 2022) using the psych (Revelle, 2020) and 
factoextra (Kassambara & Mundt, 2020) packages.

We repeated these steps for each combination of the above-
mentioned parameters (i.e., specification), producing a final 
set of 27 (3 minimum text length × 3 number of unigrams × 3 
number of components) matrices. For each parameter, the 
middle value is the most appropriate for the data, such that 
the combination of ≥ 25-word texts, 150 unigrams, and 10 
components is the a priori ideal. Step-by-step instructions are 
provided via our OSF repository (https:// osf. io/ gn8ca/).

We performed a cursory review of each set of extracted 
themes by comparing them to a randomly sampled sub-
set of the event descriptions. Although the exact number 
and identity of words within each theme varied accord-
ing to parameter settings, some clear trends emerged. For 
example, prevalent themes often described being in class 
(e.g., “professor”, “lecture”, “note[s]”), mealtimes (e.g., 
“eat”, “food”, “hungry”), and socializing (e.g., “weekend”, 
“friend”, “happy”). These themes matched what we read in 
the event descriptions and had face validity given that Study 
1 participants were predominantly university students and 
early career researchers. An example set of themes is pre-
sented in Table 1.

To see how the diversity of themes varied by participant, 
we first examined the extent to which themes were present 
by scoring the texts using the rotated component matrix 
from each PCA and the corresponding relative frequency 
co-occurrence matrix generated by the MEH. We then clas-
sified each event description as either containing (1) or not 
containing (0) each theme by submitting the scored texts 
for all participants to an At Most One Change (AMOC) 
changepoints analysis (Killick & Eckley, 2014). This analy-
sis ensured that only texts with scores above threshold were 
considered to meaningfully evidence each theme (follow-
ing Entwistle et al., 2021). Based on the themes in Table 1, 
for example, if a given text included the words “lecture” 
and “note” but did not include the words “weekend” and 
“together”, then it would receive a 1 for the ‘in class’ theme, 
and a 0 for the ‘socializing’ theme. We then computed a Gini 
coefficient over each participant’s scored texts. This coef-
ficient captures how broadly and evenly a phenomenon is 
observed across various types or categories; here, it captured 

https://osf.io/gn8ca/
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the relative spread of themes across an individual’s event 
descriptions. We used the formula from Benson et al. (2018), 
given in Eq. 2,

where cij is the count of individual i’s experiences within 
j = 1 to m categories (i.e., themes) indexed in a non-decreas-
ing order (cij ≤ cij+1). The main term in Eq. 2 calculates the 
weighted sum of the frequencies of a set of themes, divided 
by the product of the total frequency of all themes and the 
total number of themes. This is then subtracted from 1 to 
provide an estimate that scales intuitively from 0 (no diver-
sity) to 1 (high diversity). We calculated a Gini coefficient 
for each combination of parameters (i.e., specification), pro-
ducing a set of 27 (3 minimum text length × 3 number of 
unigrams × 3 number of components) estimates of experien-
tial diversity. Text scoring and changepoints analyses were 
performed in R using the psych, GPArotation (Bernaards 
& Jennrich, 2005), MASS (Venables & Ripley, 2002), and 
changepoint (Killick & Eckley, 2014) packages. Gini coef-
ficients were calculated using custom functions in MATLAB 
(MATLAB, 2018).

Emotional Granularity Estimates of emotional granularity 
were computed from the intensity ratings for the 18 emotion 
adjectives sampled in the end-of-day diary. The final sample 
of 50 participants completed a total of 721 sampling days, 
and 6,307 prompts, across the study. End-of-day diaries were 
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missing for 3 days (0.42% of diaries), affecting 3 participants 
(one diary each) and resulting in the loss of emotion inten-
sity ratings for 19 prompts (0.30% of prompts). An addi-
tional 22 end-of-day diaries were completed late (i.e., the 
following day; 3.05% of diaries), affecting 17 participants 
(12 with one late entry; 5 with two) and 210 prompts (3.33% 
of prompts) but with no data loss. These high completion 
rates can be attributed to the check-ins participants had with 
experimenters at the start of each experience sampling day; 
continued compliance issues with end-of-day diaries were 
considered grounds for dismissal from the study.

Following recent literature (e.g., Kalokerinos et al., 2019), 
we used an intraclass correlation (ICC) for consistency with 
averaged raters (i.e., ‘C-k’ method).1 Higher ICC values 
reflected lower emotional granularity (i.e., greater shared vari-
ance among adjectives’ ratings). Negative values would have 
been recoded as 0 because they are outside the theoretical 
range for an ICC; however, none were observed in this data 
set. We computed separate estimates of granularity for 8 nega-
tive (“afraid”, “angry”, “bored”, “disgusted”, “embarrassed”, 
“frustrated”, “sad”, “worn out”) and 10 positive emotions 
(“amused”, “calm”, “excited”, “grateful”, “happy”, “neutral”, 

Table 1  Example themes from Study 1 event descriptions

Note: Components (10) extracted from a binary co-occurrence matrix of the 150 most frequent words (i.e., unigrams) in Study 1 texts with a 
minimum word count of 25. Words with |factor loadings| <.20 are omitted for ease of presentation

Description Words (Loadings)

1 ‘exam’ exam (.55), study (.41), grade (.40), material (.39), class (.38), nervous (.37), test (.37), quiz (.37), prepare (.33), stress 
(.33), final (.32), anxious (.29), professor (.28), question (.26), note (.26), start (.20)

2 ‘in class’ attention (.68), pay (.66), professor (.54), lecture (.54), class (.46), listen (.30), material (.29), note (.28), interest (.24), topic 
(.23), bore (.23), learn (.21)

3 ‘mealtimes’ eat (.69), hungry (.62), food (.58), lunch (.48), breakfast (.46), finish (.25), hallway (.22), enjoy (.21), morning (.20)
4 ‘socializing’ friend (.49), plan (.39), talk (.39), meet (.34), happy (.34), excite (.34), together (.34), discuss (.32), semester (.31), week-

end (.27), conversation (.25), year (.25), group (.25), told (.22), week (.21), nice (.21)
5 ‘at work’ train (.35), answer (.33), office (.33), lab (.33), annoy (.29), day (.27), wait (.27), minute (.27), today (.26), morning (.26), 

early (.26), email (.25), walk (.25), late (.24), question (.23), told (.23), work (.22), stop (.22), move (.21), left (.21), meet 
(.21), frustrate (.20), leave (.20)

6 ‘schedule’ sleep (.55), tired (.47), night (.42), nap (.42), bed (.37), morning (.29), wear (.28), early (.25), late (.25), rest (.24), day (.21)
7 ‘coursework’ complete (.47), alone (.46), library (.46), mind (.44), assignment (.39), work (.37), project (.37), task (.34), emotion (.30), 

due (.24), focus (.23)
8 ‘at home’ apartment (.38), live (.33), roommate (.33), read (.31), thought (.27), phone (.25), move (.23), stop (.22), clean (.22), talk 

(.21), told (.21), call (.21), room (.21), project (-.21)
9 ‘downtime’ watch (.57), play (.54), game (.51), video (.47), relax (.39), show (.33), finish (.24), enjoy (.23), music (.23), happy (.22)
10 ‘relationships’ people (.39), understand (.30), expect (.27), homework (.27), frustrate (.26), sad (.25), study (.24), talk (.23), annoy (.23), 

problem (.23), learn (.22), question (.21), life (.21), attention (-.24), pay (-.26)

1 Emotional granularity can also be estimated using an intraclass cor-
relation (ICC) for agreement with averaged raters (i.e., ‘A-k’ method). 
There is no apparent consensus in the literature as to which approach 
is preferred (Thompson et al., 2021) and in general consistency and 
agreement estimates are highly correlated (rs = .95-.99; Erbas et  al., 
2014). In the present studies, changing the ICC type did not affect the 
overall pattern of results.
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“proud”, “relieved”, “serene”, “surprised”), with these assign-
ments based a median split of normative ratings (Warriner 
et al., 2013). ICCs were Fisher r-to-z transformed to fit the vari-
able to a normal probability distribution. These transformed 
values were multiplied by -1 to yield estimates of granularity 
that scaled intuitively, such that lower (more negative) values 
reflected lower granularity, and higher (less negative) values 
reflected higher granularity. Granularity was calculated using 
the ICC (Salarian, 2016) and custom functions in MATLAB.

Analysis To test our hypothesis that experiential diversity 
would be positively associated with emotional granularity, 
we examined the relationship between participants’ Gini 
coefficients and their inverse ICCs for negative and positive 
emotions, respectively, in the context of two control vari-
ables: mean affect and number of event descriptions. It could 
be that differences in experiential diversity were due in part 
to differences in the number of event descriptions included 
for each participant (either due to the number of prompts 
completed during experience sampling or to data exclusion). 
It could also be that differences in emotional granularity were 
more closely related to differences in overall mood rather 
than experiential diversity (e.g., Dejonckheere et al., 2019). 
To control for these possibilities, we conducted separate mul-
tiple regressions predicting negative and positive emotional 
granularity from experiential diversity, number of event 
descriptions, and mean (negative or positive) affect. Esti-
mates of mean affect were derived by calculating the average 
intensity of negative or positive emotions across all end-of-
day diary entries. We used a two-tailed test of significance 
at α = .05 and considered observations with Cook’s distance 
(D) values > 3*MD to be multivariate outliers. These outliers 
are identified in the figures below. We report results with 
these points removed. Results are reported using standard-
ized coefficients for comparability across studies. Regression 
analyses were performed in MATLAB using fitlm (Statistics 
and Machine Learning Toolbox, 2019). All analytic code is 
available via our OSF repository.

We conducted 27 sets of analyses, one for each specification 
or combination of minimum text length (20, 25, and 30 words), 
number of unigrams (100, 150, 200), and number of compo-
nents (5, 10, 15) extracted using the MEM. This approach fol-
lows from multiverse analyses in which model outcomes are 
explored across a set of reasonable parameter values (Steegen 
et al., 2016; see also Orben & Przybylski, 2019; Simonsohn 
et al., 2020). We summarize the results of our multiverse analy-
sis descriptively and visualize them using specification curves.

Results

We first examined the relationship between the 27 estimates 
of experiential diversity and negative emotional granularity, 

controlling for the number of event descriptions and mean 
negative affect. As can be seen in Fig. 1, the effect of expe-
riential diversity ranged between β = .17 and β = .45, with a 
median of β = .34, 95% CI [0.09, 0.59], t(44) = 2.69, p = .01, 
two-tailed, 2 outliers excluded. In the ‘middle’ specifica-
tion (≥ 25-word texts, 150 unigrams, 10 components), our a 
priori ideal, the effect of experiential diversity was β = .44, 
95% CI [0.19, 0.69], t(43) = 3.55, p = .001, two-tailed, 3 out-
liers excluded. The effect of experiential diversity was not 
significant in two of the 27 regression models, and in two 
models it did not reach a conventional level of significance 
(.06 ≤ p ≤ .08, two-tailed). See supplemental Table S3 for 
the full results of all 27 models. Scatter plots of the relation-
ship between experiential diversity and negative emotional 
granularity (residuals) are presented in supplemental Fig-
ures S1a-c. Overall, we interpret these results as consistent 
with our prediction: Experiential diversity was positively 
associated with negative emotional granularity, such that 
participants who referred to a more varied and balanced set 
of contexts and activities in their daily lives also reported 
more differentiated and nuanced negative emotions.

We next examined the relationship between the 27 esti-
mates of experiential diversity and positive emotional granu-
larity, controlling for the number of event descriptions and 
mean positive affect. As can be seen in Fig. 2, the effect of 
experiential diversity ranged between β = 0.16 and β = .42, 
with a median of β = .28, 95% CI [0.05, 0.51], t(42) = 2.42, 
p = .02, two-tailed, 4 outliers excluded. The effect of experi-
ential diversity was also significant in our a priori ideal model 
(≥ 25-word texts, 150 unigrams, 10 components): β = .42, 
95% CI [0.15, 0.69], t(42) = 3.16, p = .003, two-tailed, 4 out-
liers excluded. The effect of experiential diversity was not 
significant in four of the 27 regression models, and in three 
models it did not reach a conventional level of significance 
(.06 ≤ p ≤ .07, two-tailed). Full regression results are provided 
in supplemental Table S4, with scatter plots in supplemental 
Figures S2a-c. These results are again consistent with our 
prediction: Experiential diversity was also positively associ-
ated with positive emotional granularity.

To further illustrate our findings, Fig. 3 provides distribu-
tions of themes and emotion rating correlation matrices for 
example participants with high (left panel) and low (right 
panel) experiential diversity and emotional granularity.

Discussion

In Study 1, English-speaking participants provided written 
descriptions of and emotion intensity ratings for everyday 
events via end-of-day diaries. Secondary analysis of this data 
set revealed that experiential diversity was positively associ-
ated with both negative and positive emotional granularity. 
To examine whether these effects were specific to this data 
set and the methods used to collect it, in Study 2 we sought 



Affective Science 

1 3

Fig. 1  Specification curve 
for the negative emotional 
granularity multiverse analysis 
in Study 1. The upper panel 
depicts the estimated effect size, 
β, and its 95% CI for experien-
tial diversity when predicting 
negative emotional granular-
ity, controlling for number of 
event descriptions and mean 
negative affect, with outliers 
removed. Effect size estimates 
are arranged in ascending order 
with the median value identified 
in bold black. The lower panel 
shows the specification cor-
responding to each effect size, 
with the parameter values for 
minimum text length, number 
of unigrams, and number of 
components implemented in 
the analysis identified in gray 
squares

Fig. 2  Specification curve for 
the positive emotional granular-
ity multiverse analysis in Study 
1. The upper panel depicts 
the estimated effect size, β, 
and its 95% CI for experien-
tial diversity when predicting 
positive emotional granular-
ity, controlling for number of 
event descriptions and mean 
positive affect, with outliers 
removed. Effect size estimates 
are arranged in ascending order 
with the median value identified 
in bold black. The lower panel 
shows the specification cor-
responding to each effect size, 
with the parameter values for 
minimum text length, number 
of unigrams, and number of 
components implemented in 
the analysis indicated in gray 
squares
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to replicate these findings in another archival data set includ-
ing both self-reported emotions and written descriptions of 
everyday events from English-speaking participants.

Study 2

Method

Study 2 was approved by the Northeastern University 
Institutional Review Board (IRB# 11-04-07) and has been 
reported in detail in Hoemann, Fan et al. (2020).

Participants An initial 82 adults were recruited from North-
eastern University classrooms and online portals. Eligible 
participants were native English speakers enrolled in years 
1–3 of their undergraduate course of study. Informed con-
sent was obtained from participants before beginning the 
study. Participants received $200 for completing all parts 
of the study, and a pro-rated amount for partial completion. 
Participants with a response rate over 90% were entered into 
a gift card raffle. Six participants were excluded from data 
analysis due to compliance issues, resulting in a final sample 

size of 76 (61% female; 63% White, 11% Black, 13% Asian, 
13% other; M = 19.29 years, SD = 1.28 years). We again con-
ducted a sensitivity analysis to formalize the effect sizes we 
were powered to detect. Because we had directional predic-
tions based on our results from Study 1, we conducted the 
Study 2 sensitivity analysis using a one-tailed test of the 
regression coefficient for experiential diversity (maintaining 
α < .05 and power (1-β) > .80). This analysis indicated that 
the Study 2 data were adequately powered to detect small to 
moderate size effects, f2 ≥ 0.08, β ≥ .27.

Procedure Participants completed between 4 and 16 days 
of experience sampling including end-of-day diaries. Par-
ticipants also attended three in-lab sessions, in which they 
completed tasks and questionnaires not reported here.

Participants received a palm pilot programmed for experi-
ence sampling, on which they received 10 randomly gener-
ated prompts per day between the hours of 8 am and 11 pm. 
Participants were dismissed from the study if they did not 
respond to at least 75% of prompts. Altogether, participants 
completed an average of 8.02 prompts per day (SD = 2.45) 
over an average of 9.47 days (SD = 3.21). At each sampling 
prompt, participants rated the intensity of their emotional 

Fig. 3  Example participants 
with high (left panel) and low 
(right panel) experiential diver-
sity and emotional granularity 
in Study 1. The upper part of 
each panel shows a proportional 
count of how many times each 
theme appeared in those texts, 
with these counts based on 
one of 27 possible specifica-
tions (i.e., ≥ 25-word texts, 150 
unigrams, 10 components). 
Higher diversity is indicated 
by a broader and more even 
distribution across a given 
set of themes (i.e., more bars 
of roughly similar height). 
The lower part of each panel 
shows a heatmap of pairwise 
correlations between intensity 
ratings for the sampled emo-
tions. Lighter values indicate 
negative or weaker correlations; 
darker values indicate stronger 
positive correlations. Emotions 
are arranged in alphabetical 
order by negative valence (top/
left) and then positive valence 
(bottom/right). Higher granular-
ity is indicated by fewer strong 
intra-correlations (i.e., fewer 
darker boxes forming around 
the diagonal)
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experience on a set of 39 emotion adjectives using Likert-
style scales from 1 (“not at all”) to 5 (“very much”).

Approximately three times during experience sampling 
(near the beginning, middle, and end), participants com-
pleted online end-of-day diaries. They first ‘mapped out’ 
their day into a series of episodes, lasting between 15 min 
and 2 h, and provided a brief name (e.g., “at lunch with 
friend”) as well as the approximate start and end time. Par-
ticipants then wrote detailed descriptions of three events 
of their choice. These event descriptions were not directly 
associated with experience sampling prompts, and indeed 
may have represented experiences that were not captured 
by prompts.

Data Preparation

Experiential Diversity As in Study 1, estimates of experien-
tial diversity were computed from the natural language used 
in the event descriptions (819 total entries). We removed 
entries that were empty or from participants excluded 
from the final sample (15.87% of descriptions, new total 
689; M = 9, SD = 1, min = 6, max = 12 per participant). As 
in Study 1, we considered descriptions with fewer than 25 
words as missing data. This resulted in the removal of an 
additional 2.47% of event descriptions, for a new total of 
672. On average, 2.46% of each participant’s texts were 
removed (SD = 9.85%, min = 0%, max = 66.67%).

In contrast to Study 1, where we had an average of 79 texts 
per participant at the 25-word minimum (M length = 131), 
Study 2 participants ultimately produced between 3 and 
12 event descriptions (M = 9, SD = 1) that ranged in length 
between 25 and 576 words (M = 140, SD = 72). Thus, 
although these texts were roughly the same length as those 
in Study 1, they numbered fewer per participant and in total. 
This meant that an open-vocabulary scoring of texts follow-
ing the MEM was unlikely to provide stable themes. Instead, 
we scored the texts in a closed-vocabulary manner using the 
themes extracted from the Study 1 data (following e.g., Pul-
verman et al., 2017). Both data sets contain event descrip-
tions in written English, provided in end-of-day diaries by 
university students. Visual inspection of the Study 2 event 
descriptions confirmed that they covered highly similar con-
tent to the descriptions from Study 1.

To score the Study 2 texts, we created a custom dictionary 
file for the LIWC2015 software (Pennebaker et al., 2015). 
LIWC counts the words that belong to a particular category 
of words within text files and produces a matrix in which the 
raw count of words within a given category is presented as a 
proportion of each text’s length. Here we defined categories 
of words based on the themes from Study 1’s ‘middle’ speci-
fication (≥ 25 words, 150 unigrams, 10 components). We 
selected this specification because it represented the ideal 

for the Study 1 texts, which were of a similar length (~ 150 
words) and elicited in the same manner and language as in 
Study 2. Using the results of this Study 1 PCA, we removed 
words with |factor loadings|< 0.20 and included wildcards 
(e.g., “class*” to capture both the root form and its plural) 
and other word forms necessary to account for the conver-
sion procedures previously applied in the MEM.

We used the resulting LIWC dictionary to score the Study 2 
texts and used these scores to classify each text as either con-
taining or not containing each theme. Specifically, a text was 
considered to contain a theme if its score on that theme was 
greater than Mtheme + 1.25*SDtheme (e.g., assuming a standard 
normal distribution, a text with a score of 1.5 would be coded 
as ‘1’ for that theme, whereas a text with a score of 0.5 would 
be coded as ‘0’). We found that a changepoints analysis, as 
conducted in Study 1, was too restrictive and resulted an overly 
sparse data matrix, with themes coded as present in only 5–6% 
of texts. By contrast, the Study 1 changepoints analysis coded 
themes as present in approximately 10% of texts. Our selected 
binarization threshold (Mtheme + 1.25*SDtheme) resulted in an 
equivalent portion of texts per theme as Study 1, which we 
then used to derive an estimate of experiential diversity for 
each participant following the procedure described for Study 
1. To ensure our results were not an artifact of our specific 
binarization threshold, we also ran analyses using cutoffs of 
Mtheme + 1*SDtheme (themes present in about 12% of texts) and 
Mtheme + 1.5*SDtheme (themes present in about 8% of texts). See 
the OSF repository for the Study 2 LIWC dictionary and data 
matrix (https:// osf. io/ gn8ca/).

Emotional Granularity Estimates of negative and positive emo-
tional granularity were computed from the intensity ratings 
for the 39 emotion adjectives as described for Study 1. The 
estimate of negative granularity was based on the ratings of 
20 emotions (“angry”, “bored”, “contemptuous”, “depressed”, 
“disgusted”, “dislike”, “down”, “fearful”, “furious”, “guilty”, 
“hateful”, “irritated”, “nervous”, “remorseful”, “repulsed”, 
“sad”, “scornful”, “shocked”, “sorry”, “terrified”); the esti-
mate of positive granularity was based on the ratings of 19 
emotions (“admiring”, “amazed”, “amused”, “appreciative”, 
“calm”, “content”, “elated”, “enthusiastic”, “excited”, “grate-
ful”, “happy”, “joyous”, “peaceful”, “prideful”, “relaxed”, 
“restful”, “successful”, “superior”, “surprised”). No negative 
ICC values were observed in this data set.

Analysis Regression analyses proceeded as described for 
Study 1. We had directional predictions based on the prior 
effects and so used one-tailed tests of significance at α = 0.05.

Results

Experiential diversity was positively associated with nega-
tive emotional granularity when controlling for the number 

https://osf.io/gn8ca/
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of event descriptions and mean negative affect: β = 0.31, 95% 
CI [0.10, 0.51], t(67) = 3.00, p = .002, one-tailed, 5 outliers 
excluded. Experiential diversity was not associated with pos-
itive emotional granularity: β = 0.04, 95% CI [-0.18, 0.25], 
t(66) = 0.34, p = .37, one-tailed, 6 outliers excluded. These 
results held when using the alternative binarization thresh-
olds noted above. Full results for all analyses are provided 
in supplemental Tables S5a-b; scatter plots are presented in 
supplemental Figure S3.

Discussion

In Study 2, English-speaking participants provided emo-
tion intensity ratings for everyday events via in-the-moment 
prompts and written descriptions of a subset of these events 
via end-of-day diaries. Replicating Study 1, experiential 
diversity was positively associated with negative emotional 
granularity; however, experiential diversity was not associ-
ated with positive emotional granularity. To further examine 
the robustness of these effects, in Study 3 we extended our 
secondary analyses to a data set of self-reported emotions 
and descriptions of everyday events in spoken Dutch.

Study 3

Method

Study 3 was approved by the KU Leuven Social and Societal 
Ethics Committee (protocol G-2018-01-1095) and has been 
reported in detail in Carlier et al. (2021).

Participants An initial 66 adults were recruited through 
announcements posted to social media groups and other 
places frequently visited by KU Leuven students. Eligi-
ble participants were native Dutch speakers between 18 
and 30 years old with a compatible Android smartphone. 
Informed consent was obtained from participants before 
beginning the study. Participants received 50€ for complet-
ing all parts of the study, and a pro-rated amount for partial 
completion. Three participants did not complete experience 
sampling, 10 participants did not produce any event descrip-
tions, and an additional four were removed during data prep-
aration (see below for details), resulting in a final sample 
size of 49 (72% female; M = 21.53 years, SD = 1.84 years). 
A sensitivity analysis conducted as in Study 2, assuming a 
one-tailed test of significance, indicated that this data set was 
adequately powered to detect moderate size effects, f2 ≥ 0.13, 
β ≥ 0.34.

Procedure Participants completed 14 days of experience 
sampling. Participants also completed questionnaires 
that are not reported here. During experience sampling, 

participants received 10 randomly generated prompts per 
day during waking hours. Participants received full compen-
sation if they responded to at least 80% of prompts. Alto-
gether, participants completed an average of 7.48 prompts 
per day (SD = 2.15).

At each sampling prompt, participants rated the intensity 
of their emotional experience on a set of 7 emotion adjec-
tives using a 100-point continuous slider bar. Participants 
were also asked to verbally describe what was happening 
and how they were feeling by recording 1–2 min of speech 
into the smartphone app. This was not required; as such, not 
all experience sampling prompts had a corresponding event 
description. The 10 participants who chose not to record 
any event descriptions were excluded from analysis. Partici-
pants also responded to other questions at each prompt and 
mobile sensing data (e.g., movement, phone use) were col-
lected throughout the study; these variables are not analyzed 
in the present report.

Data Preparation

Experiential Diversity Estimates of experiential diversity 
were once again computed from the natural language used 
in the recorded event descriptions (1,039 total recordings; 
M = 20, SD = 23, min = 1, max = 98 per participant), which 
were manually transcribed by a separate team of research 
assistants. By design, there were no empty descriptions; 
there were also no descriptions from excluded participants, 
because recordings from these participants were not tran-
scribed. We once again considered descriptions with fewer 
than 25 words as missing data (10.30% of descriptions, new 
total 932), removing 19.26% of each participant’s descrip-
tions on average (SD = 30.12%, min = 0%, max = 100%). 
This minimum text length meant that four additional partici-
pants, who had originally produced between 2 and 5 event 
descriptions each, no longer had any usable data. Study 3 
participants ultimately produced between 1 and 83 event 
descriptions (M = 19, SD = 22). These descriptions were 
shorter than those in Studies 1 and 2, ranging in length 
between 25 and 230 words (M = 83, SD = 42). Additionally, 
these texts represented spoken (as opposed to written) lan-
guage (in this case, Dutch) and so contained hesitations, 
incomplete sentences, and fewer content words in general.

Due to the reduced length and number of the Study 
3 texts, as well as the relative sparsity of content words 
they contained, we opted to score them using the closed-
vocabulary approach described in Study 2. Before doing 
so, we inspected a random subset of the texts and con-
firmed that they again, coming from a predominantly 
student sample, covered similar content as the other two 
data sets. Next, we translated our custom LIWC dictionary 
from Study 2 into Dutch. Using the same set of themes 
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increased the comparability of results across all three stud-
ies. To ensure that the translations were appropriate to our 
data, we extracted the frequencies of all content words in 
the Study 3 event descriptions and selected translations 
from the Dutch words that appeared in this list. We then 
added any wildcards, alternative spellings, and other word 
forms necessary to account for the conversion procedures 
applied in the MEH analysis. We used our custom Dutch 
LIWC dictionary to score the Study 3 texts and used these 
scores to classify each text as containing or not contain-
ing each theme – as in Study 2, considering texts with 
scores > Mtheme + 1.25*SDtheme to evidence a given theme 
and confirming our results at two other binarization 
thresholds. We then derived an estimate of experiential 
diversity for each participant as described for Studies 1 
and 2. See the OSF repository for the Study 3 LIWC dic-
tionary, supporting files, and resulting data matrix (https:// 
osf. io/ gn8ca/).

Emotional Granularity Estimates of negative and positive 
emotional granularity were computed from the intensity rat-
ings for the 7 emotion adjectives as described for Studies 1 
and 2. The estimate of negative granularity was based on the 
ratings of 5 emotions (“angstig” [anxious], “droevig” [sad], 
“gestresseerd” [stressed], “kwaad” [angry], “moe” [tired]). 
Three participants returned ICCs for negative granularity 
with a negative value that were recoded as 0. The estimate 
of positive granularity was based on the ratings of 2 emo-
tions (“blij” [happy], “relaxed” [relaxed]). Guidelines for 
ICC interpretation have suggested a minimum of 3 raters 
(here, emotions) for reliable estimation (Koo & Li, 2017), 
although others have clarified that the number of required 
raters will depend on the variance between them (Saito et al., 
2006). With this in mind, we interpret the results of our posi-
tive granularity analyses with caution.

Analysis Regression analyses proceeded as described for 
Study 2.

Results

Experiential diversity was positively associated with negative 
emotional granularity when controlling for the number of 
event descriptions and mean negative affect: β = .34, 95% 
CI [0.02, 0.67], t(40) = 2.16, p = .02, one-tailed, 5 outliers 
excluded. Experiential diversity was not associated with 
positive emotional granularity: β = .02, 95% CI [-0.34, 
0.37], t(42) = 0.09, p = .47, one-tailed, 3 outliers excluded. 
These results also held when using alternative binarization 
thresholds. Full results for all analyses are provided in 
supplemental Tables S6a-b; scatter plots are presented in 
supplemental Figure S4.

Discussion

In Study 3, Dutch-speaking participants provided emotion 
intensity ratings and spoken descriptions of everyday events 
via in-the-moment prompts. Replicating Studies 1 and 2, 
experiential diversity was positively associated with negative 
emotional granularity, suggesting that this effect is robust 
to differences in language (English versus Dutch), modality 
(written versus spoken), and study protocol. Experiential 
diversity was not associated with positive emotional granu-
larity. Although this finding should be viewed with caution 
due to the small number of positive emotions sampled, it 
joins Study 2 in suggesting that the effect of experiential 
diversity on positive emotional granularity is not as stable 
as on negative granularity.

Meta‑ and Integrative Data Analyses

The sensitivity analyses from Studies 1–3 suggest that these 
data sets were generally powered to detect the significant 
effects we observed, although there were minor deviations 
(e.g., Study 1 was powered for β ≥ .37 but the median effect 
of experiential diversity on negative emotional granularity 
was β = 0.34). To solidify our findings and increase statisti-
cal power, we quantified the results of Studies 1–3 using a 
meta-analysis (Goh et al., 2016). A sensitivity analysis for 
three studies (i.e., k = 3), assuming an average within-study 
sample size of 55, α < .05, and power (1-β) > .80 (Hedges 
& Pigott, 2001), indicated that we were powered to detect 
small-to-moderate size meta-analytic effects (Mr ≥ 0.22).

We represented the unique variance captured by experi-
ential diversity using the corresponding t values, and con-
verted these to standard effect sizes (r) following established 
formulae (Borenstein et al., 2011). For Study 1, we used the 
median effect size across all 27 possible analyses. We then 
meta-analyzed these r values using a fixed effects model, 
in which the mean effect size was weighted by sample size 
(with outliers removed). Across all three studies, experi-
ential diversity was significantly and positively associated 
with negative emotional granularity (controlling for number 
of event descriptions and mean negative affect): Mr = 0.35, 
95% CI [0.20, 0.48], Z = 4.51, p < .001, two-tailed. These 
results held when using the effect size from Study 1’s ‘mid-
dle’ specification (≥ 25-word texts, 150 unigrams, 10 com-
ponents): Mr = 0.38, 95% CI [0.24, 0.51], Z = 4.93, p < .001, 
two-tailed. Experiential diversity was not associated with 
positive emotional granularity: Mr = 0.12, 95% CI [-0.03, 
0.28], Z = 1.54, p = .12, two-tailed. These results also held 
when using the effect size from Study 1’s ‘middle’ specifi-
cation: Mr = 0.15, 95% CI [-0.004, 0.30], Z = 1.91, p = .06, 
two-tailed. Because the estimate of positive granularity from 
Study 3 was based on only two emotions, we examined the 

https://osf.io/gn8ca/
https://osf.io/gn8ca/
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impact of removing these results from the meta-analysis (see 
supplemental Table S7). Meta-analyses were performed in R 
using the meta package (Balduzzi et al., 2019).

The fact that each study sampled a different number 
of emotion adjectives (18 in Study 1, 39 in Study 2, 7 in 
Study 3) may have impacted the comparability of emo-
tional granularity estimates across studies. It could be 
that the ability to choose from a larger number of emotion 
adjectives encouraged more granular patterns of rating; 
equally, the presence of more emotion adjectives could 
have resulted in terms being treated as synonyms for ease 
of rating. To address these possibilities, we simultaneously 
analyzed data from all three studies using integrative data 
analyses (IDAs; Curran & Hussong, 2009). We conducted 
fixed-effects IDAs in which we treated study member-
ship as a property of each participant, which allowed us 
to account for differences in study design, including the 
number of emotion adjectives sampled. Study membership 
was coded for simple effects, with Study 1 as reference. 
All other variables were standardized within study and no 
outliers were removed. For Study 1, we used the estimates 
of experiential diversity that produced the median effect 
sizes. A sensitivity analysis for the regression included 
five tested (experiential diversity along with Study 2 and 
Study 3 effects and their respective interactions) and two 
control predictors (number of event descriptions, mean 
affect) indicated that the total sample size (N = 175) was 
powered to detect small effect sizes, f2 ≥ 0.08, β ≥ .27. 
IDAs were performed in R using the lme4 (Bates et al., 
2015) and lmerTest (Kuznetsova et al., 2017) packages. 
Full results of the IDA models are presented in Table 2.

Consistent with the meta-analytic results, experiential 
diversity was significantly and positively associated 
with negative emotional granularity: β = .27, 95% CI 
[0.13, 0.42], t(167) = 3.67, p = 0.001, two-tailed. There 
were no effects of study or interactions between study 
and experiential diversity (all p’s ≥ .50), suggesting that 
differences in design were unlikely to have impacted the 
relationship between experiential diversity and emotional 
granularity. Mean negative affect was a significant predictor 
of negative emotional granularity (β = -0.46, p < .001), such 
that participants who reported higher intensity unpleasant 
affect also reported less differentiated and nuanced negative 
emotions. These results held when using the estimates of 
experiential diversity from Study 1’s ‘middle’ specification 
(see supplemental Table S8). They also held when removing 
the control predictors from the model in case these were 
capturing variance attributable to differences in study design 
(see supplemental Table S9).

An IDA of the relationship between experiential 
diversity and positive emotional granularity likewise 
revealed a significant positive relationship: β = .18, 95% 
CI [0.01, 0.34], t(167) = 2.12, p = .04, two-tailed. Based on 

the sensitivity analysis, however, we were underpowered 
to detect this effect and so it should be interpreted with 
caution. All other effects were non-significant, including 
study and interactions between study and experiential 
diversity (all p’s ≥ .07). These results held when 
using estimates from Study 1’s ‘middle’ specification 
(supplemental Table S8) and when using a simplified 
regression model (supplemental Table S9). As with the 
meta-analysis, we examined the impact of removing the 
Study 3 data from the IDA (supplemental Table S10).

Our finding of a robust effect for negative, but not 
positive, emotional granularity might be due to differences 
in the distribution of these variables. To address this 
possibility, we conducted exploratory analyses in which 
we compared the mean and range of negative and positive 
granularity within each study. Our results are reported 
in supplemental Table S11. We found that granularity 
for negative emotions was significantly higher than for 
positive emotions in Studies 2 and 3. However, there was 
no systematic restriction of range in positive granularity; 
indeed, in Study 3 we observed a larger range for positive 
than negative granularity. This implies that a restriction of 
range was not responsible for the smaller, less stable effect 
for positive granularity.

Table 2  Integrative data analysis results

Note: All tests of significance are two-tailed

Regression Term β 95% CI t df p

Experiential diversity and negative emotional granularity
  Intercept  < .001 -.13, .13 0.00 167 1.00
  Study 2  < .001 -.31, .31 0.00 167 1.00
  Study 3  < .001 -.34, .34 0.00 167 1.00
  Number of event descrip-

tions
-.11 -.26, .03 -1.53 167 .13

  Mean negative affect -.46 -.59, -.33 -7.00 167  < .001
  Experiential diversity .27 .13, .42 3.67 167  < .001
  Experiential diversity x 

Study 2
-.04 -,35, .26 -0.28 167 .78

  Experiential diversity x 
Study 3

-.12 -.46, .23 -0.67 167 .50

Experiential diversity and positive emotional granularity
  Intercept  < .001 -.15, .15 0.00 167 1.00
  Study 2  < .001 -.35, .35 0.00 167 1.00
  Study 3  < .001 -.39, .39 0.00 167 1.00
  Number of event descrip-

tions
.08 -.09, .24 0.92 167 .36

  Mean positive affect -.04 -.19, .11 -0.48 167 .63
  Experiential diversity .18 .01, .34 2.12 167 .04
  Experiential diversity x 

Study 2
-.33 -.69, .03 -1.81 167 .07

  Experiential diversity x 
Study 3

-.29 -.70, .12 -1.41 167 .16
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General Discussion

Across three studies varying in language (English versus 
Dutch) and modality (written versus spoken), we found that 
experiential diversity was positively associated with negative 
emotional granularity: Participants who referred to a more 
varied and balanced set of contexts and activities in their 
daily lives also reported more differentiated and nuanced 
negative emotions. However, experiential diversity was not 
consistently associated with positive emotional granular-
ity, with a clear positive relationship emerging in only one 
study. These findings suggest a link between the content of 
daily life and how it is made meaningful as (negative) emo-
tion, laying a path for future research that can investigate the 
nature and possible applications of this link.

Individual differences in emotional granularity are thought 
to reflect differences in emotion concepts that, as dynamic 
collections of prior experience, are used by the brain to con-
struct current and future experience (e.g., Barrett, 2017). 
As such, greater variation in experience could be related to 
higher emotional granularity both as a source – because it 
allows the brain to issue more finely-tuned predictions – and 
as an outcome – because context-specific predictions result 
in nuanced, differentiated experiences. The present findings 
support this general hypothesis most clearly for negative 
emotion. In doing so, they join research showing that emo-
tional granularity is positively related to diversity and speci-
ficity in patterns of peripheral physiological activity in eve-
ryday life (Hoemann, Khan et al., 2021), and more broadly 
to adaptive patterns of behavior (e.g., O’Toole et al., 2020).

The cross-sectional nature of our data means that we can-
not use them to infer causality. However, there is already 
evidence of how life experiences and other forms of accrued 
knowledge may shape emotional granularity. For example, 
overall vocabulary has been found to mediate the develop-
ment of more complex emotion concepts in children (Nook 
et al., 2017). Recent work has also shown that emotion con-
cept learning interventions can increase emotional granular-
ity in adults (Vedernikova et al., 2021). Future, longitudinal 
research is needed to directly test whether changes in contexts 
and activities, such as moves and job transitions, lead to shifts 
in granularity, and the mediating role of emotion concepts.

Emotional granularity may also be related to experien-
tial diversity through domain-general processes that are not 
limited or specific to emotion. For instance, individuals with 
higher granularity may differentiate more between all types of 
experiences (Richmond & Zacks, 2017), as they do with emo-
tions, because they segment events more finely (e.g., Kurby 
& Zacks, 2008). Individuals with higher granularity may also 
describe a greater diversity of contexts and activities because 
they are more mindful (e.g., Tong & Keng, 2017), which helps 
them to be more fluid or ‘in the moment’, letting go of past 
and possible future experiences. Additionally, individuals 

with higher granularity may lead more psychologically rich 
lives, seeking a variety of interesting and perspective-chang-
ing experiences (e.g., travel; Oishi & Westgate, 2021) that, in 
turn, build more granular emotion concepts. These and other 
possible relationships should be tested by future research.

In the present analyses, we found that positive emotional 
granularity was not reliably associated with experiential 
diversity. Although contrary to our prediction, this finding is 
in keeping with the broader literature, in which more consist-
ent relationships are observed for negative than for positive 
granularity (e.g., O’Toole et al., 2020). Differential associa-
tions for negative versus positive granularity are often inter-
preted with regard to the functions served by negative versus 
positive emotions (e.g., O’Toole et al., 2020; Thompson et al., 
2021). These differences may also be anchored in well-known 
asymmetries in how negative versus positive experiences are 
processed (Alves et al., 2017), with negative information cap-
turing more attention (e.g., Pratto & John, 1991) and perceived 
as more self-relevant (Taylor, 1991). Negative emotions are 
also associated with more analytic and elaborative processing 
(Schwarz & Bless, 1991), which may be related to how par-
ticipants break down daily experiences into component themes 
and warrants further study.

It is important to note that the generalizability of the pre-
sent findings is limited by the method used to estimate expe-
riential diversity in Studies 2 and 3. Because we had fewer, 
and shorter, event descriptions for participants in these stud-
ies, we were unable to derive themes in an open-vocabulary 
manner, instead scoring event descriptions using the themes 
derived in Study 1. It is likely that this process only yielded 
meaningful results because all three samples were com-
prised predominantly of university students who described 
a similar range of contexts and activities in their daily lives. 
To assess whether emotional granularity is associated with 
experiential diversity outside of these circumstances, studies 
are needed that capture sufficient natural language descrip-
tions of everyday events, as well as emotion intensity rat-
ings, in larger and more diverse samples.

Another consideration is that the present studies (espe-
cially Study 1) required a notable amount of self-monitoring 
and diligence from participants. It is possible that continu-
ally attending to emotions and experiences influenced behav-
iors in and interpretations of everyday events. That is, our 
findings may have been shaped by measurement reactivity 
or a Hawthorne effect, in which the phenomenon measured 
changes because of the tools used to measure it. There is 
indeed evidence that intensive sampling influences expe-
rience and awareness of emotions over time (Eisele et al., 
2022), although these effects may be comparable across 
participants and mitigated by study parameters such as ran-
domized prompts (Myin‐Germeys et al., 2018). At the same 
time, asking people to pay more regular or careful attention 
to their emotions may have translational benefits, with recent 
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studies finding increases in emotional granularity following 
experience sampling (Hoemann, Barrett et al., 2021; Wid-
dershoven et al., 2019) and mindfulness-based interventions 
(Van der Gucht et al., 2019).

In future research, experiential diversity may also be 
leveraged as a means of increasing emotional granularity. 
Diversification of affective experience is hypothesized to 
facilitate improvement in emotional granularity (Barrett, 
2017), whose associations with positive outcomes make it 
a compelling target for intervention (e.g., Thompson et al., 
2021). As mentioned above, recent studies suggest that shift-
ing how people attend to their everyday experiences makes a 
difference for emotional granularity. However, studies have 
yet to explore how emotional granularity may be impacted 
by shifting what people encounter when they go about their 
daily lives. Building on other recent research, for example, 
future research could examine how emotional granularity is 
impacted by increased variation in daily activities (Lee et al., 
2021) or in spatial and sociodemographic environments (Hel-
ler et al., 2020). Such work has the potential to not only estab-
lish novel, behavior-based interventions, but to reveal causal 
paths linking experiential diversity to emotional granularity.
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