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Abstract 
The framework of event perception suggests that people 
segment continuous perceptual input into discrete events by 
forming mental representations of ongoing activity. Prior work 
extending the segmentation framework to emotion perception 
shows that a richer emotion vocabulary is associated with 
segmentation of emotion events in greater agreement with the 
cultural ingroup. However, little is known about how labeling 
behaviors themselves shape the segmentation of emotion 
events. Here, we look at the effect of labeling on emotion 
segmentation. Participants were randomly assigned to simply 
segment videos into discrete emotion events or to segment only 
when an emotion label is available and to label the segmented 
event. We found that compared to the group that segmented 
without providing labels, the group that segmented with 
explicit labeling behaviors were less sensitive at discriminating 
emotion events from non-emotion events and more 
conservative to identify an emotion event. The results are 
discussed with respect to competing theoretical accounts of the 
impact of labeling on emotion perception and suggest that the 
conceptual broadening account (where labels invoke 
idiographic emotion representations) may best account for the 
findings.  

Keywords: language; emotion label; emotion perception 

 

Introduction 
Language and associated conceptual knowledge are proposed 
to guide our inferences about others' emotions (Barrett et al., 
2007; Lindquist & Gendron, 2013). Emotion labels, 
specifically, may play a critical role in organizing and 
representing categorical knowledge of emotions that further 
guides emotion perception (Lindquist & MacCormack et al., 
2015). Yet it is not clear whether requiring participants to 
label emotions in experiments may shape the very 
phenomena we wish to study. In previous work, we 
demonstrated that emotion perception can be quantified as a 
form of event perception, such that there are individual 
differences in the degree to which people identify changes in 
others’ emotions (i.e., segment) from continuous dynamics. 
This skill is associated with a having a broader and more 
sophisticated emotion vocabulary (Li et al., 2023). Here, we 
revisit the recently developed Emotion Segmentation 
Paradigm to examine whether experimentally manipulating 
whether individuals explicitly label or not impacts how they 
segment emotional events. 

Language Impacts Event Segmentation 
Literature on event perception provides a theoretical 
foundation for the potential impact of labeling on emotion 
perception. According to the framework of event perception 
(Kurby & Zacks, 2008; Richmond & Zacks, 2017; Zacks, 
2020), people segment continuous experiential input into 
meaningful events that unfold across time and space. As 
people process incoming information in a certain 
spatiotemporal setting, they form mental representations of 
current happenings, which include concrete entities such as 
people and objects as well as the causal relationships between 
the entities. The event perception framework terms these 
perceptual representations of current experiences working 
event models. Working event models can be hierarchically 
structured, ranging from general events (e.g., baking) to 
discrete actions (e.g., pouring milk, cutting butter, etc.). It is 
proposed that these mental models are infused with prior 
knowledge that enables predictions of how the event may 
unfold. Prior knowledge about baking, for instance, can 
predict that the actor will start mixing the ingredients after 
putting them in a bowl. However, if the actor walks towards 
the hallway instead of mixing the ingredients, this disparity 
between the prediction and the incoming information can 
give rise to prediction errors, calling for the placement of an 
event boundary. The working event model may then be 
updated from “baking” to “answering the door”. 

The prior knowledge involved in this predictive process is 
structured by the language that represents aspects of the event 
structure (Zacks, 2020). Empirical evidence from cross-
linguistic studies suggests that linguistic differences can be 
related to differences in event unit perception (for an 
overview, see Bohnemeyer et al., 2007). In the study by 
Gerwien et al. (2018), for instance, when watching videos 
with changes in the actor’s moving orientation and direction, 
French speakers were more likely to identify an event 
boundary than German speakers, possibly due to the French 
language prefers path verbs over manner verbs, hence 
selectively prioritizing perception of change in direction. 
However, others also find that speakers of different languages 
demonstrate comparable event encoding and memory during 
passive viewing tasks (Papafragou et al., 2008; Trueswell & 
Papafragou, 2010; Skordos et al., 2020), suggesting that 
language differences may emerge only when active meaning 
making is actively required during the task (e.g., segmenting 
continuous information into meaningful events). Indeed, it is 
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proposed that language selectively brings forward relevant 
conceptual knowledge, which further constrains the 
processing of low-level input, consistent with predictive 
processing accounts (Lupyan & Clark, 2015).  

This effect of language on event perception has recently 
been extended to the study of emotion perception. Similar to 
action events, emotions can also be perceived as events given 
that they unfold over time with predictable causal 
connections, are constrained by preceding emotions, and the 
broader situational context. Past research shows that people 
reliably track the affective dynamics of others (Zaki et al., 
2008) and can detect the onset of and transitions between 
emotional expressions (Prohovnik et al., 2004; Korolkova, 
2018). Moreover, people also form mental representations of 
these dynamics which can predict future mental states of the 
social targets (Thornton & Tamir, 2017; Thornton, 
Weaverdyck & Tamir, 2019; Zhao, Thornton & Tamir, 
2020). Discrete emotion labels index and may even structure 
conceptual knowledge to guide emotion inferences (Barrett 
et al., 2007; Lindquist & Gendron, 2013). A growing body of 
empirical work demonstrates that having (or lacking) 
semantic access to emotion labels can activate (or disrupt 
access to) relevant emotion concepts, subsequently 
facilitating (or hindering) emotion perception (for review see 
Lindquist & MacCormack et al., 2015). Combining this line 
of evidence with work showing the effect of language on 
event perception, one may hypothesize that, when people 
face the continuous flow of emotional cues, emotion labels, 
similar to action verbs, can bring online conceptual models 
of specific emotions, which constrain how people process 
incoming cues and place boundaries on discrete emotional 
events. Prior work shows that individual differences in 
emotion segmentation performance are associated with 
people’s active emotion vocabularies, such that a richer and 
more complex emotion vocabulary predicts segmentations of 
emotional events more in consensus with the cultural ingroup 
(Li et al., 2023). However, it is not clear from these 
correlational findings whether actively labeling impacts how 
individuals segment. In the present study, we investigated 
this question by studying the behavior of actively generating 
labels during dynamic segmentation of emotional events. 

The Present Study 
In the present pre-registered study (found here: 

osf.io/a6w5z), we examined the impact of active labeling 
behavior on emotion perception. We measured emotion 
perception behaviors using the recently developed and 
validated Emotion Segmentation Paradigm, which evaluates 
emotion perception performance using a consensus-based 
approach. A similar consensus-based approach of evaluating 
individual performance based on the level of agreement with 
the group has been applied to evaluate agreement in 
segmentations of general action events (Kurby & Zacks, 
2011). We hypothesize that there are reliable individual 
differences in emotion segmentation performance, quantified 
as the sensitivity to discriminate consensus instances of 
emotion from non-consensus timepoints and the criterion for 

the identification of emotional events. We further 
hypothesize that people who generate labels for the emotions 
they segment will segment emotions differently from those 
who do not generate labels. 

Relevant theoretical and empirical work supports 
competing sets of predictions regarding how labeling 
behavior may impact individuals’ sensitivity in emotion 
segmentation behaviors. In the Emotion Segmentation 
Paradigm, emotion events are constructed based on group 
consensus. Labeling behaviors thus may bring online 
conceptual knowledge of emotion that presumably is shared 
within cultural groups. In previous work, we found evidence 
that individual differences in the breadth of active emotion 
vocabulary is associated with having more normative 
situational knowledge of emotions (Li et al., 2023). And 
individuals who had broader active emotion vocabularies, in 
turn, segmented emotion in consensus with others to a greater 
degree. This convergence in working event models may 
narrow the range of perceptual cues indicating event 
boundaries, facilitating the identification of emotion events 
in agreement with the group. Hence, according to this 
conceptual narrowing account, labeling behavior may result 
in greater sensitivity.  

On the other hand, it is also possible that the emotion 
knowledge brought online reflects idiosyncratic conceptual 
representations of emotions, resulting in divergent judgments 
and perceptions of incoming information. People can have 
different ideas of what facial expressions are associated with 
the same emotion categories, which can in turn bias their 
categorization of emotional faces (Binetti et al., 2022). 
People who have similar conceptual knowledge of two 
discrete emotions also tend to perceive the corresponding 
facial expressions as more similar, and this similarity in 
conceptual structure is also reflected in the neural 
representations of faces (Brooks and Freeman, 2018). The 
idea that conceptual knowledge shapes perception aligns with 
the simulation hypothesis proposed by Barrett et al (2007), 
which argues for the top-down influence of simulations (i.e., 
representations that anticipate incoming sensory events and 
corresponding action plans) on the perception of incoming 
sensory input. This conceptual variation may manifest online 
as labeling behaviors require people to access the semantic 
knowledge that may further shape perception. Therefore, 
according to this conceptual broadening account, labeling 
may encourage deviation from the group consensus and 
greater variation in emotion segmentation, resulting in lower 
sensitivity on the individual level. 

There are also competing accounts regarding how labeling 
may impact the decision criterion in emotion segmentation. 
The competitive account of semantic selection argues that 
lexical candidates that are semantically related can activate 
brain regions such as the left temporal lobe similarly during 
labeling (Piai & Knight, 2018). People striving to make fewer 
errors may therefore take a longer time with the lexical 
decisions (Nozari & Hepner, 2019). In this paradigm, we 
would expect lexical competition to translate into a more 
stringent threshold for identifying emotion events when 
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participants are asked to label. On the other hand, the current 
paradigm allows for the generation of multiple labels, thus 
potentially reducing the competition of lexical candidates and 
the subsequent behavioral trade-offs (Nozari & Hepner, 
2019). Hence, according to this semantic non-competitive 
account, people may be equally liberal at identifying emotion 
events with or without labels. 
 

Method 

Participants 
The study was approved by Yale University Institutional 
Review Board (IRB #: 2000026863). We conducted a power 
analysis which indicated a sample size of 352 is needed to 
detect a moderate effect size of 0.3 (ɑ = 0.05, power = 0.8). 
We oversampled to account for potential data loss/attrition. 
We recruited 370 participants (labeling: n = 173, Mage = 
35.72, SDage = 11.09, 76 female, 93 male, 4 non-binary/other, 
110 white, 21 black, 9 Hispanic, 5 Asian, 28 mixed-race or 
other; no-labeling: n =197, Mage = 37.13, SDage = 11.50, 104 
female, 87 male, 6 non-binary/other, 133 white, 21 black, 7 
Asian, 4 Hispanic, 32 mixed-race or other) who are native 
English speakers, born and currently living in the United 
States, and removed 14 low-effort individuals who did not 
segment all stimuli, resulting in a final sample size of N = 
356 (labeling: n = 163, Mage = 35.49, SDage = 10.96, 71 
female, 89 male, 3 non-binary/other, 105 white, 20 black, 9 
Hispanic, 5 Asian, 24 mixed-race or other; non-labeling: n = 
193, Mage = 37.01, SDage = 11.4, 102 female, 85 male, 6 non-
binary/other, 130 white, 20 black, 7 Asian, 4 Hispanic, 32 
mixed-race or other). 

Procedures 
We conducted the study online via Qualtrics and a custom-
built platform. Participants were randomly assigned to either 
the labeling condition or the no-labeling condition. Both 
conditions used the previously developed and validated 
Emotion Segmentation Paradigm, which presented 9 
documentary clips featuring a diverse range of emotions in 
randomized orders with length ranging from 66s to 166s (Li 
et al., 2023). Participants completed an audio test to ensure 
that they had full audio access and were then directed to the 
task. In the no-labeling condition, participants were 
instructed to “Click the button whenever you think there is a 
change in emotion in any person.” In the labeling condition, 
participants were given the additional instruction to “provide 
a label for the emotion you perceive”. Participants in this 
condition were told to only pause when they had a word 
already in mind for the emotion. Participants then proceeded 
to the practice trial. After they passed the practice trial by 
segmenting at least three times, they proceeded to the formal 
trials. 

Data Analysis 
We first calculated the consensus events (i.e., time points 
where a significant number of people indicate the presence of 
an emotion) for each video within the sample by using the R 
package segmag (Papenmeier & Sering, 2014) to identify 
peak events by centering a Gaussian (sd=0.8) around each 
key press. Events were merged if the start and end times of 
two events were within 800 ms (Meitz et al., 2020). To 
account for individual differences in the identification of 
emotion events, we then identified for each consensus event 
a consensus event time window using the R package 
changepoint (Killick et al., 2012) by detecting time points 
with statistically significant changes in mean and variance 
centering the group-level segmentation magnitude at the time 
points (for details see Li et al., 2023). We adopted the same 
penalty value from our prior work, which led to 3 consensus 
event timepoints sharing the same event window. We split the 
window into three equivalent lengths to create distinct 
windows for each consensus event. This resulted in a total of 
75 consensus events. In addition, we also calculated the 
consensus events within each condition group using the same 
method. This resulted in 57 consensus events for the labeling 
condition and 82 consensus events for the non-labeling 
condition. 

We treated each consensus event window as ‘signal trials’, 
and intervals between consensus event windows as ‘noise 
trials’ (we also treated the beginning and end of the video as 
noise trials). Participants responses were coded as the 
following: Pauses within each signal trial were coded as a 
“hit;” failures to pause within each signal trial were coded as 
a “miss;” pauses within each noise trial were coded as a “false 
alarm;” and failures to pause within each noise trial were 
coded as a “correct rejection.” For each condition group, we 
then computed the hit rate (hr), calculated as the sum of the 
number of hits and misses divided by the number of hits, and 
the false alarm rate (far), calculated as the sum of number of 
false alarms and correct rejections divided by number of false 
alarms. We then computed two metrics of Signal Detection 
Theory to quantify emotion segmentation performance, d’ 
and c (Macmillan & Creelman, 2004). d’ represents 
sensitivity at discriminating instances of emotion from non-
emotion. A greater value of d’ suggests greater sensitivity. It 
was calculated as the difference between the z-score of hit 
rate (zhr) and the z-score of false alarm rate (zfar). c 
represents criterion, the threshold for the identification of an 
emotion event. A greater value of criterion suggests a more 
conservative threshold. It was calculated as half the negative 
sum of zhr and zfar. We computed both metrics across all 
videos. For participants that did not have any hits or false 
alarms within certain videos, we adopted loglinear 
transformation to address these extreme proportions (Hautus, 
1995).  

After the computation of the metrics, we removed outliers 
using the outlier_mad function from the R package Routliers  
(b = 1.4826, threshold = 3) (Leys et al., 2013). This process 
resulted in 3 data points of c being removed from the no-
labeling condition.  
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To examine individual differences in sensitivity and 
decision criterion for emotion segmentation performance for 
each group, we computed the ω as a measure of the reliability 
of the metrics. To compare the emotion segmentation 
performance between conditions, we conducted independent-
sample t-tests for both the average d’ and the c. 

 

 
Figure 1: Study procedure using Emotion Segmentation 

Paradigm. Grey stripes represent group-level consensus 
events. Orange circle represents identification of the 

consensus event (i.e., in agreement with the consensus 
events). 

 

Results 
The findings indicate that for both conditions, both d’ (ωT = 
0.48 for labeling condition, ωT = 0.68 for no-labeling 
condition) and c (ωT = 0.93 for label condition, ωT = 0.88 for 
no-labeling condition) demonstrate adequate levels of 
reliability. Furthermore, the two groups differ in their 
emotion segmentation performance. Specifically, compared 
to the no-labeling group, the labeling group had a lower d’ 
(t(350) = 6.97, p < .001; 95 CI [0.20, 0.36]) (Figure.1) and a 
higher c (t(331)= -8,82, p < .001; 95 CI [-0.41, -0.26]) 
(Figure.2). In other words, the labeling group on average 
demonstrated a lower sensitivity at discriminating emotion 
events from non-emotion events and had a more conservative 
threshold for identifying an emotion event. 

 
Figure 2: The labeling group shows lower sensitivity than 

the no-labeling group. 
 

We also computed d’ and c using both consensus events 
constructed using data within each condition group. We 
performed the same analyses, which resulted in the same 

general findings. When being evaluated against consensus 
within one’s own condition group, the labeling group still 
demonstrated lower sensitivity (t(349)=5.24, p < .001; 95 CI 
[0.13, 0.29]) and a more conservative threshold compared to 
the no-labeling group (t(340)= -4.02, p < .001; 95 CI [-0.22, 
-0.07]).  

 

 
Figure 3: The labeling group adopts more conservative 

criteria than the no-labeling group. 
 

Discussion 
The findings provide preliminary evidence for the impact of 
labeling on emotion perception processes. People who 
actively generate labels for emotions, compared to those who 
do not, are less sensitive at discriminating between emotion 
and non-emotion events. They are also more conservative to 
identify an emotion event. These results support the 
hypotheses that fall under the conceptual broadening account 
and the competitive semantic selection account. According to 
the conceptual broadening account, it is possible that labeling 
activates idiosyncratic conceptual representations of different 
emotions, resulting in a heightened variability that is also 
reflected in a lower number of consensus events. This is 
consistent with recent evidence that individuals have internal 
representations of emotional facial expressions that are 
highly idiosyncratic (Binetti et al., 2022). Though prior 
finding suggests that richer emotion vocabulary is associated 
with greater consensus in segmentation performance (Li et al., 
2023), this is not inconsistent with the current results of the 
labeling group demonstrating a lower sensitivity at 
identifying consensus events. Exploratory analysis suggests 
that within the labeling group, the positive link between the 
number of unique labels generated and the sensitivity at 
detecting consensus events generated using the entire sample 
(Spearman’s 𝜌 = .45, p < .001) is preserved. This finding 
suggests that the impact of labeling behavior might be 
decoupled from the individual differences associated with the 
active emotion vocabulary. Future studies may consider 
further unpacking this finding by including other explicit 
measurements of conceptual knowledge such as the 
Situational Test of Emotional Understanding (Allen et al., 
2014).  

Despite being given the option of providing multiple labels 
which arguably counteracts the accuracy-latency trade-off, 
people who are asked to actively label the emotion events still 
appear to adopt a more conservative threshold at identifying 
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emotion events. On average, participants generated 1.14 label 
per response, suggesting that they still engage in a high level 
of semantic selection, despite the less constraining 
instructions. It is also worth noting that, different from 
common lexical selection tasks which often involve 
referential decisions (e.g., picture naming), the Emotion 
Segmentation Paradigm may require more complex 
inferential judgments. Semantic processes co-occur with 
word retrieval during referential processing but typically 
precede word retrieval in inferential processing (Fargier & 
Laganaro, 2017). Given the dynamic nature of the task, it is 
hence possible that the semantic processes and the ensuing 
word retrieval contributed to longer reaction times. By the 
time the label is generated, people may have already passed 
the time point at which they had identified an emotion event 
and thus do not make a key press (i.e., the “event” has passed 
by).  

There are some alternative explanations for the between-
group differences in sensitivity and criterion. For one, it is 
possible that the task of the labeling group, which involved 
label generation, is more difficult. The labeling group did 
demonstrate a lower number of segmentations on average (M 
= 6.16, sd = 3.41) compared to the no-labeling group (M = 
9.97, sd = 6.84) (t(292)= 6.80, p < .001; 95 CI [2.71, 4.91]). 
However, this difference could also be attributed to the 
“chunking” behavior of segmentation (i.e., coarse-grained 
segmentation), observed in people with greater domain 
knowledge who group smaller events into larger events that 
are more meaningful (Newberry et al., 2021). Future studies 
could investigate this possibility by examining the activated 
conceptual knowledge specifically.  

A number of future directions that would be interesting to 
pursue. First, it would be interesting to examine the impact of 
language priming on performance in this task. If the current 
findings are best explained by the conceptual broadening 
account, we would expect this manipulation to still result in 
weaker sensitivity because the underlying representation of 
emotion labels that participants bring online will still be 
variable. If, however, the present results are explained by a 
linguistic broadening account where participants ended up 
generating a more diverse set of categories because of 
labeling, we might expect language priming to lead to 
increased sensitivity (conceptual narrowing) or no impact on 
sensitivity.  

In future studies researchers could also examine within-
person effects of labeling on segmentation. Previous findings 
on event perception suggest that it can be influenced by not 
only changes in external input but also internal state changes 
including emotions and goals (for the most recent review see 
Wang et al., 2023). Wang and Egner (2022), for instance, 
found that changing task demands can create event 
boundaries during encoding of objects, such that switching 
between task demands resulted in exaggerated temporal 
distance memory for items encoded across a switch. We may 
similarly observe flexible criteria for identifying emotion 
events as the task demand switches from active labeling to no 
labeling. People may change to a more liberal criterion as the 

additional process of word retrieval is removed and the 
standard for “accuracy” also alters. 

Given that language can reflect not only within-culture 
individual differences but also cross-cultural variation in 
emotion knowledge, future work can also replicate these 
findings in cross-linguistic or cross-cultural contexts. Recent 
empirical work suggests that distinct cultural backgrounds 
shape people’s differential emphasis on which cues are used 
to draw event boundaries (Swallow & Wang, 2020). It will 
be interesting to examine if this culturally different emphasis 
on cues is present in emotion segmentation performance, and 
how this difference may change with or without labeling 
behaviors. 

Conclusion 
Extending the framework of event perception to emotion 
perception, we examine how labeling behaviors impact the 
way people segment continuous activity into emotion events. 
The framework of event perception suggests that people 
segment continuous perceptual input into discrete events by 
forming mental representation of current experiences. These 
representations are infused with prior experience that guides 
segmentation. These mental representations can be structured 
and efficiently accessed by language, which may impose a 
top-down constraint on the processing of perceptual input. 
Building on prior correlational work on individual 
differences in the active emotion vocabulary, we show here 
that labeling impacts emotion segmentation. Compared to 
people who were not labeling, people who explicitly labeled 
the emotion event tended to be less sensitive at discriminating 
emotion event from non-emotion event (defined based on 
group consensus) and have a more stringent criteria for 
identifying an emotion event. These results are suggestive of 
the underlying mechanisms of how labeling may impact 
emotion perception, we speculate via activation of 
idiosyncratic conceptual knowledge. Future studies may 
further probe into the mechanism in intrapersonal or cross-
cultural settings. 
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