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Abstract
Emerging psychopathology studies are show-
ing that patterns of changes in emotional state
— emotion dynamics — are associated with
overall well-being and mental health. More
recently, there has been some work in track-
ing emotion dynamics through one’s utterances,
allowing for data to be collected on a larger
scale across time and people. However, sev-
eral questions about how emotion dynamics
change with age, especially in children, and
when determined through children’s writing, re-
main unanswered. In this work, we use both a
lexicon and a machine learning based approach
to quantify characteristics of emotion dynamics
determined from poems written by children of
various ages. We show that both approaches
point to similar trends: consistent increasing
intensities for some emotions (e.g., anger, fear,
joy, sadness, arousal, and dominance) with age
and a consistent decreasing valence with age.
We also find increasing emotional variability,
rise rates (i.e., emotional reactivity), and re-
covery rates (i.e., emotional regulation) with
age. These results act as a useful baselines for
further research in how patterns of emotions ex-
pressed by children change with age, and their
association with mental health.

1 Introduction

Emotions play a key role in overall well-being
(Kuppens and Verduyn, 2017; Houben et al., 2015;
Silk et al., 2011; Sperry et al., 2020). People’s emo-
tional states are constantly changing in response to
internal and external events, and the way in which
we regulate emotions (Zimmermann and Iwanski,
2014; McRae et al., 2012). Patterns of emotion
change over time have been shown to be related to
general well-being and psychopathology (the scien-
tific study of mental illness and disorders) (Houben
et al., 2015; Sperry et al., 2020; Scott et al., 2020;
Sheppes et al., 2015), academic success (Graziano
et al., 2007), and social interactions in children
(Sosa-Hernandez et al., 2022).

Several psychopathology studies have intro-
duced metrics to quantify and understand the trajec-
tories and patterns in emotions across time (Kup-
pens and Verduyn, 2017). These metrics are re-
ferred to as Emotion Dynamics and include features
of the emotional episode (e.g., duration) and of the
emotional trajectory (e.g., emotional variability, co-
variation, inertia) (Kuppens and Verduyn, 2017). In
psychology, emotion dynamics have usually been
captured through self-report surveys over periods
of time (e.g., five times a day for ten days). How-
ever, obtaining such self-reports is arduous work;
limiting the amount of data collected. Further, self-
reports are prone to a number of biases (e.g., social
pressures to be perceived as being happy).

Inspired by the emotion dynamics work in psy-
chology, Hipson and Mohammad (2021) recently
introduced the idea that patterns of emotion change
can also be explored in the utterances of an individ-
ual, which can reflect their inner emotion dynamics.
They refer to this as utterance emotion dynamics
(UED). They generate emotion arcs from streams
of text (e.g., sentences in a story, tweets over time,
etc.), which are in turn used to determine various
UED metrics.1 Different UED metrics capture dif-
ferent aspects of emotion change (e.g., variability,
rate of change, etc.).

Teodorescu and Mohammad (2022) performed
experiments on 36 diverse datasets to show that
the quality of emotion arcs generated using emo-
tion lexicons is comparable to those generated from
machine learning (ML) methods. The lexicon ap-
proach is able to perform well through the power
of aggregating information (e.g., 50–100 instances
per bin). Moreover, the lexicon approach obtains
high performance even when using translations of

1An emotion arc is a series of time step–emotion value
pairs that acts as a digital representation of how one’s emotions
change over time. There are several works in NLP that capture
emotion arcs from streams of text (e.g., sentences in a story,
tweets over time, etc.) (Mohammad, 2011, 2012; Reagan et al.,
2016; Teodorescu and Mohammad, 2022, 2023).
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an English lexicon into low-resource languages,
such as indigenous African languages (Teodorescu
and Mohammad, 2023). Emotion lexicons have
the benefit of interpretability, accessibility, and ef-
ficiency compared to ML models. Thus, we pri-
marily used a lexicon-based approach in our exper-
iments. However, we also show that the use of ML
models points to the same trends as discovered by
the lexicon approach.2

UED metrics, calculated from emotion arcs, can
be computed for a speaker over time (e.g., main
character in a narrative, tweets of a user over time),
for multiple speakers at a time (e.g., treating all
users in a geographic region as a speaker for whom
we can compute UED), or at an instance level (e.g.,
independent posts where we compute UED met-
rics per post). While emotion dynamics have been
studied in psychology for the past decades, UED
was proposed only recently and has been applied
to only a small number of domains (literature and
tweets). Important questions such as how do UED
metrics change over development from toddlers
to young adults? and how do the metrics change
across one’s adult life?, remain unanswered.

Generally, children’s writing is a less studied
domain in NLP, and there is limited data available.
Also, research regarding children has guidelines
and regulations in place to protect this vulnera-
ble section of society (Hipson and Mohammad,
2020). Yet, careful and responsible work such as
the work done on the Child Language Data Ex-
change System (CHILDES) (MacWhinney, 2014)
for understanding child language acquisition can be
tremendously influential. Similarly, applying UED
metrics to children’s writing will allow us to infer
the emotional states of children across age. Such
work provides important information for psycholo-
gists and child development specialists, as emotion
dynamics have been shown to underlie well-being,
psychopathology, and success.

Poetry is a domain of growing interest in NLP
(e.g., poem generation (Van de Cruys, 2020;
Gonçalo Oliveira, 2017)). Poems are written
to evoke emotions (Wassiliwizky et al., 2017;
Johnson-Laird and Oatley, 2022) and a medium
through which emotions are expressed (Whissell,
2004; Belfi et al., 2018). The intersection of poems
and children’s writing is an unexplored area which
has the potential to unlock patterns in emotion word

2We did not find any poem datasets annotated for emotions
that could be used to train an ML model; so we fine-tuned a
pretrained ML model on emotion annotated tweets.

usage by children as they age.
In this paper we contribute to the knowledge

of emotion change over time as children age by
studying poems written by children. Our goal is
to apply existing NLP techniques to study emotion
change in childrens’ writing rather than developing
a novel algorithm for better detecting emotion. We
investigate the following questions:

• How do the average emotions vary across
grades? How does this compare for dis-
crete emotions (e.g., anger, fear, joy, and sad-
ness) and emotion dimensions (e.g., valence,
arousal, and dominance)?

• How variable are emotion changes?
These first two questions help us set crucial metrics
in UED, building on work by Hipson and Moham-
mad (2020). Next, to better understand patterns in
emotion changes we look at:

• How does the rate at which children reach
peak emotional states (rise rate) change with
age? Rise rate is analogous to emotional reac-
tivity, which is associated with well-being.

• How does the rate at which children recover
from peak emotional states back to steady
state (recovery rate) change with age? Re-
covery rate plays a role in emotion regulation,
which is also associated with well-being.

• How do utterance emotion dynamics compare
for adults vs. children?

Answers to these questions provide baseline met-
rics for emotion change in children’s poems across
age. In order to answer these questions, we use a
dataset of ∼ 61K poems written by children (Hip-
son and Mohammad, 2020) to calculate various
UED metrics and examine how they vary across
age. The scores for the metrics and the analysis
will act as useful baselines for further research on
emotion dynamics in children’s writing, and their
implications on mental health and well-being.

2 Related Work

Below we review related work on emotion dynam-
ics and its ties to well-being, the UED framework,
and previous work on children’s texts.

2.1 Emotion Dynamics

The emotion dynamics framework studies change
in emotion over time as it is key to the study of
emotions and overall well-being (Houben et al.,
2015; Silk et al., 2011). Emotion dynamics metrics
include emotion intensity and emotion variability.
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Dataset # of Poems #Words per Poem
PoKi 61,330 14.3

Grade 1 900 37.3
Grade 2 3,174 32.1
Grade 3 6,712 35.2
Grade 4 10,899 39.3
Grade 5 11,479 44.5
Grade 6 11,011 49.6
Grade 7 7,831 59.7
Grade 8 4,546 67.6
Grade 9 1,284 91.5
Grade 10 1,171 91.8
Grade 11 667 103.0
Grade 12 1,656 97.2

FPP 50 181.02

Table 1: Number of poems and the average lengths of
poems in PoKi (by grade) and in FPP.

Emotion intensity is the average emotion over time.
Whereas emotion variability is how much emo-
tion changes from the average, often expressed as
the standard deviation. These metrics have been
used in various contexts in psychology to better
understand well-being, often through self-reports
or ecological momentary assessments.

The relationship between various metrics in emo-
tion dynamics and well-being have been the topic
of numerous psychology studies. Higher positive
and negative affect variability have been shown
to be associated with lower psychological well-
being and more mental health symptoms in youth
(Silk et al., 2003; van Roekel et al., 2016) and
adults (Houben et al., 2015). Houben et al. (2015)
showed that emotion variability has significant cor-
relation with numerous psychological well-being
categories: positive correlation with negative emo-
tionality (e.g., negative affect and neuroticism), de-
pression (e.g., depressive symptoms, depressive
diagnosis), anxiety, borderline personality disorder,
etc. On the other hand, emotional variability is neg-
atively correlated with self-esteem, quality of life,
and other signs of high psychological well-being
(Houben et al., 2015).

Similarly, a vast number of studies explored the
relationship between emotional regulation and re-
activity with overall well-being. Hofmann et al.
(2012) showed that mood and anxiety disorders
are a result of emotion dysregulation of negative
emotions, along with lacking positive emotions.
Likewise, emotion dysregulation is thought of as
the core of anxiety disorders (Mennin et al., 2007;
Carthy et al., 2010). Children with anxiety disor-
ders had higher negative emotion reactivity, and
were less successful at implementing emotion reg-
ulation strategies (Carthy et al., 2010).

2.2 Utterance Emotion Dynamics

As work in psychology measures emotion dynam-
ics through self-report measures, emotion dynam-
ics can also be determined from text using NLP
techniques such as sentiment analysis.

The UED framework (Hipson and Mohammad,
2021) tracks emotions dynamics in utterances, in-
spired by metrics in psychology. Such metrics in-
clude:

• Home base: The steady (most common) state
where one is on average in emotional space.

• Variability: How much one’s emotional state
changes with time.

• Rise Rate: The rate at which one reaches peak
emotional intensity, i.e., emotional reactivity.

• Recovery Rate: The rate at which one recovers
from peak emotional intensity to home base,
i.e., emotional regulation.

This framework was used to study emotion
arcs of movie characters (Hipson and Mohammad,
2021), and to analyze emotional patterns across
geographic regions through Twitter data (Vish-
nubhotla and Mohammad, 2022). Seabrook et al.
(2018) studied the association between depression
severity and emotion dynamics metrics such as
variability on Facebook and Twitter. It was found
that increased negative emotional variability was an
indicator for lower depression severity on Twitter.

2.3 Children’s Writing

Few work studies children’s writing due to the lim-
ited data available. One of the most commonly
known datasets is the Child Language Data Ex-
change System (CHILDES) (MacWhinney, 2014)
and in French, E-CALM (Doquet, 2013). These
datasets are limited in that they contain parent-child
dialogue for children approximately age one to
seven, and have limited quantities of text.

Very few works look at emotions in children’s
writing. Manabe et al. (2021) performed sentiment
analysis on narratives written by youth for mental
illness detection, as self-disclosure is not the norm
in some cultures. Participants wrote an imagina-
tive story and answered a questionnaire on their
tendencies toward psychological distress. It was
found that youth who had higher tendencies toward
psychological distress used significantly more pos-
itive words, and therefore had higher valence. In
this work, we study the patterns of emotion word
changes in poems written by children.
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3 Poem Datasets

For our experiments, we used a dataset of poems
written by children as well as a dataset of poems
written by adults (as control). Table 1 shows key
statistics of each dataset.
Poems Written by Children (PoKi): Hipson and
Mohammad (2020) compiled and curated a dataset
of close to 61 thousand poems written by children
in grades one to twelve. The poems were published
and publicly available on the Scholastic Corpora-
tion website.3 In the PoKi dataset each poem is
released with the child’s school grade (which can
be used as a proxy for age) and first name.

The average emotional patterns for emotion di-
mensions (valence, arousal, and dominance), along
with discrete emotions (anger, fear, joy and sad-
ness) were analysed across grades. Additionally,
these patterns were contrasted to those found in
poems written by adults (data described below). It
was found that as children grow from early child-
hood into adolescence, valence decreases reach-
ing a minimum at grade 11. Whereas arousal
increases with age, aligning with how adults dis-
play emotions more visibly (Dreyfuss et al., 2014;
Somerville et al., 2011). Likewise, dominance in-
creases with age. Consistently there was higher
arousal in poems written by children with names
commonly among males compared to those with
names common among females. All intensities for
anger, fear, joy and sadness increased across grades,
with a particularly strong increase in sadness.
Poems Written by Adults (FPP): Hipson and Mo-
hammad (2020) also compiled and used poems
written by adults which were published on the Fa-
mous Poets and Poems website.4 We will refer to
this dataset as FPP. The poems are publicly avail-
able online and contain works by famous writers
such as Edgar Allan Poe, and E.E. Cummings.
Preprocessing: We preprocessed both poem
datasets by removing extra whitespace, punctua-
tion, unescaping HTML (if any), tokenizing and
lowercasing the text using the Twokenize5 library.
Additionally, stop words were removed.

4 Types of UED Metrics

In the past, UED metrics have been calculated
for the speaker or jointly for text from a set of

3Hipson and Mohammad (2020) obtained permission to
use these poems for research.

4http://famouspoetsandpoems.com/top_poems.html
5https://github.com/myleott/ark-twokenize-py

speakers (meta-speaker). We propose a third form
of UED metrics not explored before — instance
level UED metrics. All three of these types of
UED metrics are described below:

• Speaker UED Metrics: Here all available
utterances by a speaker are placed in temporal
order to form the text from which the UED
metrics for the speaker is determined. For each
metric, UED scores from multiple speakers
can be averaged to determined the average
UED score for that metric for the population.
In the past, speaker UED metrics have been
determined for characters in movie dialogues
(Hipson and Mohammad, 2021), and for users
on Twitter during the pandemic (Vishnubhotla
and Mohammad, 2022).

• Meta-Speaker UED Metrics: If one is in-
terested in analyzing change of emotions in a
discourse by multiple speakers, for example,
analyzing changes in emotion patterns in a
Reddit thread, then we can treat each discourse
(e.g., each Reddit thread) as text produced by
a meta-speaker. Here we arrange each of the
utterances in each of the discourses (e.g., Reddit
thread) in temporal order and determine the
UED metrics for each discourse. UED metrics
for all of the discourses can be averaged to
determine the average UED metric scores for a
set of discourses. In the past, discourse UED
metrics have been determined for users from
geographic regions, such as treating all users on
Twitter in a country as a speaker (Vishnubhotla
and Mohammad, 2022).

• Instance UED Metrics: If one is interested
in the change of emotions in individual pieces
of text (or instances) such as a novel, a poem,
a tweet, or a blog post, then we can simply
apply the UED metrics to each instance. Such
a metric is useful at individual instance level
if the instance is long enough (otherwise the
score for the metric is not a reliable on its
own). However, even for smaller pieces of
text, the UED scores from a large number of
instances can give a reliable estimate of the
distribution of these instance-level UED metrics.
Such metrics can even be used to compare
patterns of emotion change across different sets,
where each set is composed of (a) instances
from many speakers and (b) instances that
are temporally unordered (either because that
information is not available or because we are
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(a) Valence, arousal and dominance (b) Anger, fear, joy, and sadness
Figure 1: Average emotion across grades. The horizontal dashed lines represent values in poems written by adults.

not interested in temporal ordering of items
within a set). Examples of instance-level UED
use include: determining UEDs of presidential
speeches, comparing average UEDs of stream of
consciousness essays of different age groups, etc.

In this work we are interested in children’s po-
ems (instances of poetic text) across age and not
how each individual child has a different writing
style. Therefore, we calculate UED metrics for
each poem and average the scores for each grade.

5 Experiments

Our goal is to analyze how patterns of emotion
words change with age in children’s poems. In
order to do so, we generate an emotion arc per
poem and compute instance-level UED metrics.
Afterwards, we average the UED metrics per grade
to compare results across age. We use the Emotion
Dynamics toolkit6 to calculate UED metrics and
our code for the experiments is available online.7

We use text windows of size five (excluding
words with a neutral emotion score) and a step
size of one to create an emotion arc per poem. We
only considered poems that included at least five
emotion words8. For each research question we
computed the corresponding metrics: average emo-
tional state, emotional variability, rise rate and re-
covery rate. Analyzing average emotion and vari-
ability allows us to build foundational knowledge
into changes in patterns of emotion words. We

6https://github.com/Priya22/EmotionDynamics
7https://github.com/dteodore/EmotionArcs
8as per the NRC VAD lexicon

then look at rise rate and recovery rate to further
our understanding of children’s emotion dynamics.

While older children (e.g., grade 10–12) tend to
write on average longer poems than younger chil-
dren (e.g., grade 1–3), these UED metrics are not
affected by the length of the poems.9 Other metrics
calculate the number of displacements from home
base or the length of displacements to peaks which
are affected by poem length. Additionally, because
poems are shorter than text streams such as novels,
the number of windows that can be created from a
poem is limited, so metrics specific to emotional
displacement are not computed since they are more
suitable for longer texts.

Each metric is computed for both dimensional
emotions (e.g., valence, arousal, dominance) and
discrete emotions (e.g., anger, fear, joy and sad-
ness). We used the NRC Valence, Arousal, and
Dominance (VAD) Lexicon (Mohammad, 2018a)
and the NRC Emotion Intensity Lexicon (Moham-
mad, 2018b) for word-emotion scores.

In Section 5.1 we use the lexicon-based approach
to generate emotion arcs. We explain how the met-
rics are computed, contrast the trends across grades
and compare the results to poems written by adults.
We discuss the ties of these results with work in
psychology and implications for emotional devel-
opment. In Section 5.2 we explore the same ques-
tions using an ML model for generating emotion
arcs. We find similar trends across grade with the
ML approach as when using the lexicon approach.

9We show in Appendix A that similar patterns in UED
metrics hold when controlling for poem length across grades.
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(a) Valence, arousal and dominance (b) Anger, fear, joy, and sadness
Figure 2: Emotion variability across grades. The horizontal dashed lines represent values in poems written by adults.

UED Metric Valence Arousal Dominance Anger Fear Joy Sadness Psych. Construct
Average 0.228 -0.247 -0.087 0.018 0.028 0.040 0.025 Intensity
Variability 0.219 0.182 0.167 0.031 0.043 0.048 0.038 Emotional Variability
Rise Rate 0.134 0.114 0.084 0.115 0.109 0.066 0.113 Emotional Reactivity
Recovery Rate 0.127 0.105 0.086 0.024 0.028 0.023 0.020 Emotional Regulation

Table 2: The values for UED metrics in poems written by adults, and the corresponding construct in psychology.

5.1 Utterance Emotion Dynamics: PoKi

We begin with a question on how average emotion
word score changes with grade–a question that Hip-
son and Mohammad (2020) already answered in
their work. We replicated the experiment to make
sure any differences in preprocessing the data or
code development did not lead to different results.
We then answer the other questions on how specifi-
cally do the trajectories of emotion change across
grade differ, which have not been addressed yet.
Likewise, we compute the UED metrics on the po-
ems written by adults. We show the results in Table
2 and contrast them to PoKi below.

5.1.1 How does the average emotion expressed
change across age?

Method: An average emotion score is calculated
per window in the poem using word-emotion scores
from the lexicon, and then the average is computed
across windows in a poem.
Results: Below we present results on both the va-
lence, arousal, and dominance (VAD) dimensions
as well as for discrete emotion categories (Anger,
Fear, Joy, Sadness).
PoKi VAD: In Figure 1a, we show the average VAD
emotions expressed across grade. Overall, we see a
downward trend in valence from Grade 1 to Grade
12. This means that the poems written by younger

children have, on average, more positive emotion
words than those written by older children. There
is a slight peak at grade 6, however a consistent
downwards trend overall. Arousal and dominance
similarly both trend upwards with age. There is a
steeper increase for arousal and dominance at grade
9. This means that children are expressing more
active and powerful emotions in poems as they age.
FPP VAD: The average valence of 0.228 is notably
lower than the valence across grades, where the
lowest is reached by grade 11s at 0.28. The aver-
age arousal at -0.247 and dominance at -0.087 are
lower than those of children across all ages, and
interestingly most similar to younger children.
PoKi Anger, Fear, Joy, Sadness: In Figure 1b, we
see that the average discrete emotions all increase
across grades. Anger, while increasing from grade
1 to 9, has a downward trend from grade 10 to 12.
All emotions tend to have a peak around grade 9
and plateau afterwards.
FPP Anger, Fear, Joy, Sadness: Anger, fear and
sadness tends to match to those of older children
around grade 8 to 9. Children from grade 9 to 12
reach even higher values than adults for fear and
sadness. On the other hand, joy tends to remain
below those of children across all age, and has the
most similar values to younger children at 0.04.
Discussion: These findings align with those by
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(a) Valence, arousal and dominance (b) Anger, fear, joy and sadness

Figure 3: Rise rate in poems across grades. The horizontal dashed lines represent values in poems written by adults.

Hipson and Mohammad (2020) which similarly
computed the mean emotion in poems across grade.
Numerous works in psychology have found sim-
ilar trends through self-report studies for valence
(Frost et al., 2015; Larson et al., 2002; Simmons
et al., 1987; Weinstein et al., 2007), and arousal
(Carstensen et al., 2000; Gunnar et al., 2009;
Somerville, 2013). Likewise, as sadness increased
with age, Holsen et al. (2000) have shown that
teenagers are more likely to experience a negative
and depressed mood. This trend matters because
we are seeing similar trends in the emotion words
used by children when writing poems as those in
psychology self-reports, although they were not
told to explicitly talk about how they are feeling.
This work further contributes to the current findings
on emotional development in children.

5.1.2 How variable are emotions across age?
Method: Variability is computed as the standard
deviation of emotion values for windows in a poem.
Results:
PoKi VAD: In Figure 2a, variability for valence,
arousal, and dominance all trend upward with age;
stabilizing in grades 11 and 12.
FPP VAD: For all three emotions variability was
most similar to those of older children, reaching
slightly above grades 10–12.
PoKi Anger, Fear, Joy, Sadness: In Figure 2b, we
see that variability for all emotions trend upwards
from grade 1 to 9, and start to level out around
grade 10 to 12. Anger, fear, and sadness all have a
peak at grade 9 and grade 11. Joy has an especially
pronounced peak at grade 9.

FPP Anger, Fear, Joy, Sadness: Variability in anger,
fear and sadness is higher for adults than those
expressed by children across all grades, and is most
similar to older children around grade 11. Likewise,
variability for joy in adults is more similar to older
children, however around grade 8.
Discussion: The overall trend of increasing emo-
tional variability with age, followed by stabiliz-
ing supports findings in psychology. Larson et al.
(2002) found that emotional variability increased
over early adolescence and stabilized around mid-
adolescence. Further, during adolescence impor-
tant cognitive, social and psychical changes occur
which are thought to increase emotional variability
(Buchanan et al., 1992; Arnett, 1999; Steinberg,
2005). Reitsema et al. (2022) found that sadness
variability statistically increased with age. These
trends are important as they support those found
in psychology which are strongly associated with
mental well-being (Reitsema et al., 2022).

5.1.3 At what rate do emotions change from
home to peak state?

Method: The average rise rate is calculated as the
average of the rise rate for windows in a poem.
The rise rate is peak distance (how far away the
peak is from the home base) divided by the num-
ber of words during the rise period. The rise rate
disregards the direction of the peak.
Results:
PoKi VAD: In Figure 3a, we see that rise rate in-
creases for all three emotions across grade, and
plateaus around grade 10 to 12. The rise rate is
comparably higher for valence, followed by arousal
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(a) Valence, arousal and dominance (b) Anger, fear, joy and sadness
Figure 4: Recovery rate in poems across grades. The horizontal dashed lines represent values for poems by adults.

and then dominance.
FPP VAD: The rise rate for valence and arousal in
adults is higher than those across all grades, and is
most similar to older students in grade 11. The rise
rate for dominance in adults also matches those of
older children, however starting at grade 8 (with
grade 9, 11 and 12 having a higher rate than adults).
PoKi Anger, Fear, Joy, Sadness: In Figure 3b, the
rise rate for the discrete emotions all increase with
grade. Joy has a small dip around grade 4, and
then increases matching the average rise rate of
anger, fear, and sadness which all started at slightly
lower values in grade 2. We note that at grade
1 we could not compute the average rise rate for
anger, fear, and sadness as the poems had too few
displacements (the number of poems which had dis-
placements was less than our pre-chosen threshold
of 5).
FPP Anger, Fear, Joy, Sadness: The rise rate for
anger, fear, and sadness in adult poems is higher
than those expressed in children across all ages,
with most similar values to older children. How-
ever, the rise rate for joy is lower and corresponds
with younger children around grade 2 to 5.
Discussion: Rise rate is seen as analogous to reac-
tivity in psychology, which has been found to in-
crease during adolescence (Somerville, 2016). Our
findings support these trends. As mentioned in 2.1,
emotional reactivity is at the core of anxiety and
attention disorder, impacting overall well-being.

5.1.4 At what rate do emotions recover?
Method: Recovery rate is computed similarly to
rise rate, however divides peak distance by the num-
ber of words during the recovery period. Recovery
rate does not distinguish between peak direction.

Results:
PoKi VAD: Figure 4a we see the recovery rate in-
creases for all three emotions with age and plateaus
around grade 10 to 12. While the valence recovery
rate has a larger magnitude than the other emo-
tions, all rates trend upwards. Recovery rate can
be thought of emotion regulation, indicating that
older children are able to return to their home base
emotional states after a peak more quickly than
younger children.
FPP VAD: The recovery rate of adults for valence
and arousal corresponds most closely with older
children (e.g., grades 9–12), however is higher than
across all grades. The recovery rate of dominance
is similar to grade 9 students, and slightly below
those of older children.
PoKi Anger, Fear, Joy, Sadness: In Figure 4b, we
similarly see increasing average recovery rates for
all 4 emotions across age. The magnitude of joy’s
recovery rate is considerably higher than for the
other 3 emotions.
FPP Anger, Fear, Joy, Sadness: The recovery rate
for fear and anger is above those across all ages,
and is most similar to older children in grade 9–12.
On the other hand, the recovery rate for joy and
sadness matches those of younger children, around
grade 5 for joy and 8 for sadness.
Discussion: Recovery rate, which is analogous to
emotion regulation, has been studied extensively
in psychology. Zeman et al. (2006) detail the pro-
gression of emotional regulation from infancy to
adolescence, in which an increase in emotion regu-
lation occurs alongside developments in strategies
and motivations. Not only does emotion regulation
have ties with well-being, it also plays a role in aca-
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Figure 5: Average emotion and emotion variability for valence using the ML n-gram approach on the PoKi dataset.

demic success of children (Graziano et al., 2007)
and adults (Phillips et al., 2002).

5.2 Utterance Emotion Dynamics - ML
Approach: PoKi

To perform a comprehensive analysis and ensure
the trends in emotion change are consistent regard-
less of the emotion labelling method used, we also
performed experiments using a ML model. Pre-
viously, individual words were emotion labelled
using a lexicon. Now, we use a n-gram approach
where a ML model assigns emotion scores to win-
dows of text in the poem of length n. We are not
trying to determine which of these two approaches
is better at computing UED metrics as this would
be challenging - there are no existing annotated
datasets for emotion arcs, or UED metrics. Rather,
we are supporting the trends found by the word-
level lexicon approach, with those found by ML
models as they are commonly used on downstream
tasks (e.g., sentiment analysis) and are known for
their strong performance. If the ML approach did
not perform well, we would not expect any trends
in UED metrics to appear.
Datasets: We use the same poem datasets as in
Section 3, creating n-gram windows of length 5.
The only difference is that words not found in the
emotion lexicon or neutral words can be included.
We choose this approach as ML models are trained
on sequential text.
Experiments: We fine-tuned a RoBERTa (Liu
et al., 2019) base model for fine-grain sentiment
analysis using the SemEval 2018 Task 1 dataset
(Mohammad et al., 2018). This means that we
were able to predict an emotion score between 0
and 1. Details on the model training are in Ap-
pendix B.1. After emotion labelling text windows,
we performed similar experiments as in Section 5:
compute the UED metrics per poem and take the
average per grade for each metric.
Results: Overall we found similar trends as with

the word-level lexicon approach. We note that a
direct comparison between the lexicon and ML ap-
proach can not be made as they are using different
units of measurement (e.g., windows contain either
sequential words found in the lexicon or natural
sequences of words). We can simply compare the
trends in emotion change rather than the magnitude
of change or the values themselves. We discuss the
results for valence below (Figure 5 and Appendix
B.2). We also show the results for the discrete emo-
tions in Appendix B.2, as the trends were similar
to the lexicon approach.
Average Emotion: As grade increases, we see
a similar downwards trend and a stabilization at
grades 10–12.
Emotional Variability: Older children tend to
show increased variability.
Rise Rate and Recovery Rate: With age, chil-
dren are writing with increased rates of emotional
reactivity and also emotion regulation.

Overall, these results show that there are patterns
of emotion change in childrens’ poems with age,
and trends found using the lexicon approach are
also replicated using ML models.

6 Conclusion

We explored four utterance emotion dynamics met-
rics (average, variability, rise rate, and recovery
rate), and seven emotions (three dimensional and
four discrete) on poems written by children and
adults. We found that the patterns of emotion
changes in poetry by children supported previous
results and findings in the psychology literature
(e.g., increased variability, rise rate, and recovery
rates with age).

As future work, we would like to examine poetry
by adults more in-depth, such as how do patterns of
emotion change look for experts vs. novices? And
how do UED compare across geographic regions,
and time periods.
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Limitations

A limitation of this work is that the poems written
by adults are by experienced writers who are often
known for their poetry. These poems may therefore
not be representative of poems written by adults in
general, and could affect the patterns and trends in
emotion words we see. As future work we would
like to expand the collection of poems written by
adults to include those written by novices as well.
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Our research interest is to study emotions at an ag-
gregate/group level. This has applications in emo-
tional development psychology and in public health
(e.g., overall well-being and mental health). How-
ever, emotions are complex, private, and central to
an individual’s experience. Additionally, each indi-
vidual expresses emotion differently through lan-
guage, which results in large amounts of variation.
Therefore, several ethical considerations should be
accounted for when performing any textual anal-
ysis of emotions (Mohammad, 2022, 2023). The
ones we would particularly like to highlight are
listed below:

• Our work on studying emotion word usage
should not be construed as detecting how peo-
ple feel; rather, we draw inferences on the
emotions that are conveyed by users via the
language that they use.

• The language used in an utterance may con-
vey information about the emotional state (or
perceived emotional state) of the speaker, lis-
tener, or someone mentioned in the utterance.
However, it is not sufficient for accurately de-
termining any of their momentary emotional
states. Deciphering true momentary emo-
tional state of an individual requires extra-
linguistic context and world knowledge. Even
then, one can be easily mistaken.

• The inferences we draw in this paper are based
on aggregate trends across large populations.
We do not draw conclusions about specific
individuals or momentary emotional states.
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Figure 6: Average valence across grades for poems of
length 10 to 20 words.

gender differences, and emotion-specific develop-
mental variations. International Journal of Behav-
ioral Development, 38(2):182–194.

A Poem Length on UED Metrics

As mentioned in Section 5, certain UED metrics
which rely on distances (e.g., length of displace-
ments to peaks) could be influenced by poem
length. Therefore, we selected metrics which are
based on rates or averages. To verify these metrics
are not impacted by the increasing poem lengths
with age, we investigated if the same trends hold
when controlling for the length of poems across
grade. In Figure 6 we show the results for the aver-
age valence across grades for poems of length 10
to 20 words (not including stop words). As grade
increases, we similarly see a decrease in valence.
Similar trends occur with other metrics.

B Machine Learning Approach

In Section B.1 we detail the model training process
and in Section B.2 we show the results on the PoKi
dataset using a ML approach.

B.1 Model Training

We fine-tuned the pretrained RoBERTa (Liu et al.,
2019) base model available on HuggingFace10. For
training we used the SemEval 2018 Task 1 dataset
(Mohammad et al., 2018) which contains tweets
annotated with emotion scores for valence, anger,
fear, joy and sadness.11 The dataset contains both

10https://huggingface.co/roberta-base
11We could not train models for arousal and dominance as

there are no corresponding annotated datasets.

fine-grain emotion scores (real-valued numbers be-
tween 0 and 1) and categorical labels (e.g., -1, 0, 1).
We use the real-valued emotion scores to compute
more fine-grained emotion arcs. More details on
this dataset are available in Table 3 and Table 4.

We used the Trainer pipeline from Hugging-
Face12 to fine-tune the pretrained model. For the
loss function we used mean-square loss.

We tuned the following hyperparameters on the
development set and selected the best model using
mean-square error: learning rate (2e-5, 3e-5), num-
ber of epochs (5, 10, 20) and batch size (16, 32).
Note that our aim here is not to overly fine-tune the
model as we are applying it to a different domain
(i.e., poems). The best parameters for each emotion
model are shown in Table 5. After determining the
best model on the development set we apply it to
windows of text in the PoKi poem dataset.

B.2 UED Metric Results
In Figure 7 we show the results for rise rate and
recovery rate for valence using the fine-tuned ML
model on the PoKi dataset. Both rise rate and re-
covery rate increase with age. These trends support
those seen when using the lexicon approach.

In Figure 8 we show the UED metrics across
grade for the discrete emotions (e.g., anger, fear,
joy, and sadness). The trends for fear and sadness
are similar to trends found when using the lexicon
approach: emotion intensity, variability, rise rate
and recovery rate increase across grades. Overall,
the patterns of emotion change for anger are flatter
across metrics. Perhaps anger is a more challenging
emotion for automatic systems to detect (Moham-
mad et al., 2018). The average intensity for joy
has a similar pattern to that of valence. These two
emotions could appear similar to the ML model
resulting in similar trajectories.

12https://huggingface.co/docs/evaluate/
main/en/transformers_integrations#
trainer
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Dataset Source Domain Dimension Label Type # Instances
SemEval 2018 (EI-Reg) Mohammad et al. (2018) tweets anger, fear continuous (0 to 1) 3092, 3627,

joy, sadness 3011, 2095
SemEval 2018 (V-Reg) Mohammad et al. (2018) tweets valence continuous (0 to 1) 2567

Table 3: Dataset descriptive statistics. The No. of instances includes the train, dev, and test sets for the Sem-Eval
2018 Task 1 (EI-Reg and V-Reg).

Emotion Train Dev. Test
Valence 1181 449 937
Anger 1701 388 1002
Fear 2252 389 986
Joy 1616 290 1105
Sadness 1533 397 975

Table 4: The number of tweets in each of the dataset splits for the SemEval 2018 Task 1.

Emotion Learning Rate No. Epochs Batch Size
Valence 3e-05 32 5
Anger 2e-05 32 10
Fear 3e-05 32 10
Joy 2e-05 16 5
Sadness 2e-05 32 10

Table 5: The optimal hyperparameter settings when fine-tuning the RoBERTa base model on the SemEval 2018
Task 1 dataset for each emotion.

Figure 7: Rise rate and recovery rate for valence using the ML n-gram approach on the PoKi dataset.
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Figure 8: UED metrics for anger, fear, joy and sadness using the ML n-gram approach on the PoKi dataset.
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