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Abstract
Existing emotion datasets have supported a wide range of NLP tasks, but most are static resources that capture
language use only at the time of their creation. As a result, they cannot represent how emotional meanings shift in
response to cultural and social change. To address this limitation, we present NAIST LIFE STORY, a seven-year
collection of Japanese emotion-related episodes that reflect contemporary topics across multiple years. Since 2017,
1,000 crowdsourced participants per quarter have written short texts describing personal experiences associated
with seven emotions: anger, anxiety, disgust, trust, joy, sadness, and surprise. The dataset currently spans 28
periods and includes gender and age information for each participant. Analyses reveal systematic differences in
text length and lexical diversity across emotions, as well as clear temporal trends linked to major events such as
the COVID-19 pandemic. A preliminary experiment with a large language model shows that using this dataset
as contextual evidence improves time-aware emotion inference, demonstrating its value for studying the evolving

relationship between emotion and language.
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1. Introduction

Emotion analysis has become a core component
of many NLP tasks, including fine-grained emotion
classification (Demszky et al., 2020), affect inten-
sity estimation (Mohammad et al., 2018), emotion
recognition in conversations (Li et al., 2017; Poria
etal., 2019), and identifying triggers of emotion (Xia
and Ding, 2019). Accordingly, a wide variety of
emotion-related datasets have been developed to
support these tasks (Plaza-del Arco et al., 2024;
Koufakou and Nieves, 2025).

Recent research further shows that the emotional
meaning of words is not static but changes over
time. Hamilton et al. (2016) examined word polarity
over 150 years and found that more than five per-
cent of non-neutral words reversed polarity, shifting
from positive to negative or vice versa. Forinstance,
“awful” once conveyed a sense of awe but now typi-
cally means “terrible” or “very bad.” Other work has
traced semantic shifts in emotion terms such as
“anger” and “happiness” across a century (Xu et al.,
2021), showing that even so-called basic emotions
like “anger” and “fear” are not immune to change,
while context-dependent terms such as “hysteria”
or “exhilaration” shift especially strongly.

Despite these findings, most emotion lexicons
and labeled datasets remain static resources that
reflect the language of their time of creation. As a
result, they cannot adequately capture long-term
semantic change or shifts linked to specific cultural
and social events (Hamilton et al., 2016). Such
shifts also reduce model robustness, as models
trained on one period often degrade when applied
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Figure 1: An overview of the dataset collected
through crowdsourcing and its applications. The
upper panel presents example episodes for Joy
and Disgust across years. The lower panel shows
temporal trends of their key terms, illustrating how
emotional expression changes with major social
events.

to another (Jaidka et al., 2018). This limitation
persists even in the era of large language mod-
els (LLMs): although LLMs encode broad knowl-
edge, detecting diachronic semantic shifts still re-
quires explicit longitudinal evidence (Periti et al.,
2024). In particular, it remains difficult to capture
the emergence and consolidation of new words tied
to major social changes, such as those related to
the COVID-19 pandemic, and to track how their
emotional connotations evolve (Davis, 2023). Ad-
dressing this challenge calls for mechanisms that
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can reflect and update emotional meanings in a
timely and context-sensitive manner.

To this end, we present the NAIST LIFE STORY,
a quarterly collection of emotion-elicited episodes
from 1,000 participants per round that reflects con-
temporary topics in Japan (Figure 1). The dataset
covers seven core emotions (anger, anxiety, dis-
gust, trust, joy, sadness, and surprise) and captures
diverse personal experiences associated with each.
By providing repeated collections over multiple pe-
riods, the dataset enables analyses that consider
temporal changes in emotion expression.

2. Related Work

A large body of work provides resources for emo-
tion analysis, from psychological dictionaries to
emotion-labeled datasets. LIWC (Pennebaker
et al., 2001) (resource: Pennebaker et al. (2015))
offers counts for psychologically meaningful cate-
gories and has been extensively used across psy-
chology and social science, yet its dictionary is
defined at a point in time and does not track se-
mantic drift by design (Tausczik and Pennebaker,
2010). The NRC Emotion Lexicon (Mohammad
and Turney, 2013) (resource: Mohammad and
Turney (2013)) supplies word to emotion associa-
tions created by crowdsourcing and has become a
standard lexical resource in NLP. Within Japanese,
WRIME annotates social media posts with intensi-
ties for eight emotions from both writer and reader
perspectives and provides a valuable benchmark
for modeling emotion at a single time slice (Kaji-
wara et al., 2021) (resource: Kajiwara et al. (2021)).
These resources are widely used, but they are typi-
cally static snapshots and therefore do not support
analysis of changes in the coupling between words
and emotions.

Episode style resources exist across commu-
nities but are typically not designed for frequent,
short-interval collection. The British Library’s Na-
tional Life Stories (British Library, n.d.) preserves
personal histories through thematic interview pro-
grammes, recording in-depth life episodes from
professionals and ordinary individuals across vari-
ous fields. The Pangloss Collection (Michailovsky
et al., 2014) (resource: Michailovsky et al. (2014))
documents languages via oral texts with transcripts
and translations, capturing traditional stories and
everyday speech from native speakers of diverse,
often endangered languages. Large participa-
tory projects such as Voices of the Poor (Narayan
et al., 2000) also compiled life stories on poverty
across countries, but as one-off or multi-year efforts.
Closer to our aims, the CoSoWELL corpus (Kyrdléi-
nen et al., 2023) contains written life stories by
older adults across several sessions before and
during COVID-19, with demographic and psychoso-

cial measures. It shows the value of episodes for
studying well-being, but its design focuses on a spe-
cific cohort and period rather than ongoing short-
interval collection. Crowdsourced episode emotion
corpora also exist, such as Troiano et al. (2019,
2022) (resource: Troiano et al. (2019)), who col-
lected short event descriptions for target emotions
with validation by independent raters. These re-
sources link events and emotions effectively, yet
they were released in single waves rather than re-
peated collections.

In summary, existing lexicons and corpora sup-
port many forms of emotion analysis, but they
are generally static or collected as one-off stud-
ies, which limits their ability to detect short-term,
population-level changes in emotion word associa-
tions. Episode style resources show the power of
life story for capturing psychological and social phe-
nomena, yet most are not organized as recurring
collections with fixed and short intervals. To our
knowledge, there is no resource that periodically
gathers emotion elicited life stories with new par-
ticipants each round so as to reflect contemporary
topics and enable analysis of shifts over successive
periods. Our dataset fills this gap.

3. NAIST LIFE STORY dataset
3.1.

The data collected here are released as a NAIST
LIFE STORY '. Examples of the data are shown in
Table 1. All episodes in the dataset were originally
written in Japanese. All examples shown in this
paper are translated into English for readability.

Using Yahoo! Crowdsourcing?, we collected free-
response descriptions of emotional episodes from
a wide range of participants, allowing us to cap-
ture natural expressions, including slang and re-
cent trends, across diverse age and gender groups.
From 2017 to 2024, data were collected four times
ayear, generally in February (Season 1), May (Sea-
son 2), August (Season 3), and November (Sea-
son 4). The actual collection months varied slightly
across years. In 2017, only Season 4 was con-
ducted, and in 2024, at the time of writing, only
Seasons 1-3 had been completed, resulting in 28
rounds in total. Each round recruits 1,000 partici-
pants.

We collected three types of information: (1)
episodes recalled from emotions, (2) gender, and
(3) age.

(1) Episodes. Participants were asked to write
about an episode associated with specific emotion
words presented to them. In this study, an episode

Data Collection

'Available at https://sociocom.naist.jp/
life-story-data/
2https ://crowdsourcing.yahoo.co. jp/
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Emotion Gender Age Episode (example)

Anger Male 50s It looks like the event | was planning to join might get canceled because
of the coronavirus.

Anxiety Female 20s I'm worried because my company’s not doing well, and I'm not sure if |
should keep working there.

Disgust Female 60s | know I'm not perfect myself, but | can’t stand how some old people act
so rudely and selfishly.

Trust Male 30s Ifeellcanreally trust people who give me good advice when I'm struggling
with my future.

Joy Male 40s | thought staying home with my cat would be boring, but it turned out to
be surprisingly fun. | found lots of ways to play together.

Sadness Female 40s | spent over a year dealing with surgeries and hospital stays, and just
when | thought it was finally over, | ended up with a fracture.

Surprise  Female 10s | went shopping at the mall for the first time in a while, and the whole

interior had completely changed.

Table 1: Examples of data collected in our dataset (originally in Japanese, translated into English). Each
entry includes emotion, demographic information, and the recalled episode. Episodes are translated into
English for illustration. All examples are from 2020 Season 1.
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Figure 2: Participant statistics. Left: gender ratios by year. Right: age distribution by year.

# of Unique Nouns per Season

N
S A IS S g § >
w°w°w°w°w° DA A AR AR “ﬁ@@ﬁ@@@@w

Average Characters per Episode by Emotion

1600

£ 1500
—e— Anger 3
Anxiety 2 1400
—e— Disgust
—e— Joy z
~e— Sadness = 1200
—e— Surprise 2
Tust B 1100

—o— Anger
Anxiety

—e— Disgust

—o— Joy

—e— Sadness
—e— Surprise
\./ Trust

A o AR AR AR I AR IS AR ) ’1/ <A AR
SRR
U N i v T it A 2 » ’L ESENEN

o
$ 1300

# 1000

900

Average Characters per Episode

R R A RO A TR R R A RO AR R
CRCICRC IS S VY VoV P o ¥ o o &

Ly AN A
S S S e e S S Y P P P IV Y PV PV P
ADTADTASTASTAS A AR AR A A A A A A AD A A AD A D A A S A D S S

Figure 3: Dataset statistics. Left: average characters per episode by emotion and year. Right: the number
of unique nouns per emotion and year, reported per season. The first two collection rounds (2017-S4
and 2018-S1) were excluded because their question format differed from later rounds. Labels such as
2020-S3 indicate the third season of 2020.

is defined as a short narrative describing an in-
dividual’s personal experience, similar to the life
stories in the CoSoWELL corpus (Kyréléinen et al.,
2023) and the event descriptions collected in the
ISEAR dataset (Troiano et al., 2019). The question
was phrased as follows: What is the most memo-
rable event that has happened to you recently that
comes to mind when you think of the following emo-
tion word? There were no restrictions on the length
of the response, and participants were not required
to narrate a full story explaining why they felt that
way.

In the first two collection rounds (Season 4 in

2017 and Season 1 in 2018), the word “recent”
was omitted, and the question was instead: What
is the most memorable event that has happened
fo you that comes to mind when you think of the
following emotion word? The wording was subse-
quently refined by adding “recent” to encourage
participants to focus on contemporary events. Be-
cause this modification may affect the characteris-
tics of the collected data, analyses that compare
results across time periods should account for this
difference, for example by excluding the first two
rounds to ensure comparable conditions.

The emotion words were the seven emotions:
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anger, anxiety, disgust, trust, joy, sadness, and
surprise. The set was determined with reference
to Plutchik’s wheel of emotions (Plutchik, 1980), a
widely used theoretical framework that organizes
basic human emotions into a small number of fun-
damental categories while capturing their opposi-
tional relationships. We mainly selected emotion
terms of moderate intensity from this framework.
When an emotion term was not suitable for use in
Japanese, we replaced it with a more appropriate
alternative. Specifically, “worry” was replaced with
anxiety, and “acceptance,” which is less familiar in
everyday Japanese, was replaced with frust, which
conveys a similar meaning.

Emotion labels in this dataset are self-reported
by the participants who experienced the events.
Because emotions are inherently subjective ex-
periences, the labels represent the participants’
own perceived emotions rather than externally vali-
dated annotations. For this reason, inter-annotator
agreement was not calculated, as third-party anno-
tators cannot reliably determine the “correct” emo-
tion for a personal episode. Instead, we applied
basic quality control procedures to remove invalid
responses while preserving the participants’ orig-
inal self-reported labels. This design is consis-
tent with prior datasets that treat emotion labels
as self-reported subjective states rather than exter-
nally adjudicated annotations, such as the WRIME
dataset (Kajiwara et al., 2021), which also collects
emotion labels directly from the individuals who
experienced the events.

(2) Gender. We asked participants, Please tell
us your gender. The options were: male, female,
and other.

(3) Age. We asked participants, Please tell us
your age group. The options were: 10s, 20s, 30s,
40s, 50s, 60s, 70s, and other.

3.2. Filtering

A common drawback of crowdsourcing is the poten-
tial presence of low-quality responses (Kittur et al.,
2008). In our dataset, we also observed clearly
noisy entries (e.g., “'piea’pgka/;lakh/”), which were
manually removed. In addition, sensitive informa-
tion was anonymized to ensure privacy protection
and prevent defamation. Personal names, univer-
sity names, and place names with populations be-
low 20,000 were replaced with the string “***”, ex-
cept when referring to travel destinations. Well-
known public figures such as celebrities, politi-
cians, and athletes were not anonymized. Com-
pany or product names mentioned in a negative
context were also replaced with “***”. Furthermore,
episodes containing slanderous or discriminatory
language, politically or religiously sensitive content,
explicit sexual expressions, or other ethically in-
appropriate descriptions were manually removed

during preprocessing. Because the dataset con-
sists of free-form narratives, this filtering neces-
sarily involved qualitative judgment. For example,
entries containing explicit insults toward identifiable
individuals or groups (e.g., derogatory expressions
targeting a particular nationality) or descriptions of
explicit sexual relationships between identifiable
individuals were excluded. Responses indicating
“none” for all seven emotion categories were also
excluded.

After applying the above filtering procedures, the
remaining dataset sizes by year and emotion are
shown in Table 2. Because the data were collected
multiple times per year, the number of episodes
varies across years. In particular, only one collec-
tion wave was conducted in 2017, whereas three
waves were conducted in 2024, resulting in smaller
totals compared with the other years.

3.3. Participants’ Statistics

Figure 2 shows the participants’ statistics. The left
panel shows gender ratios by year for female, male,
and other. The right panel shows the distribution of
age groups by year. All values are averaged across
the four collection rounds in each year.

Regarding gender, in 2017 when data collection
first began, the ratio of males to females was nearly
equal. However, over the years, the male ratio has
consistently exceeded that of females. Regarding
age, most of the participants in the early stages
were in their 30s and 40s, but as time passed, the
proportion of those in their 50s and 60s increased.
These demographic biases constitute one limitation
of this dataset, suggesting challenges in creating
datasets through crowdsourcing (Behrend et al.,
2011). Therefore, when using this dataset, it is
necessary to account for these demographic imbal-
ances and, depending on the requirements of the
task, apply procedures such as data sampling or
stratification.

4. Dataset Analysis

This section profiles textual and lexical character-
istics across emotions and periods in our dataset,
focusing on text length, noun vocabulary size, and
word usage patterns. As noted in Section 3.1, the
first two rounds (Season 4 of 2017 and Season 1
of 2018) differ slightly in their elicitation procedure.
Therefore, these two rounds are excluded from the
analyses in this section.

4.1. Trends in Word Count and
Vocabulary Size by Emotion

Figure 3 presents the dataset statistics. The left
panel shows the average number of characters per
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Year  Anger Anxiety Disgust Joy Sadness Surprise Trust Total
2017 917 924 908 922 926 920 925 6,442
2018 3,848 3,904 3,813 3,904 3,904 3,899 3,907 27,179
2019 3,676 3,830 3,578 3,832 3,837 3,817 3,831 26,401
2020 3,726 3,881 3,685 3,882 3,875 3,874 3,881 26,804
2021 3,759 3,886 3,691 3,894 3,885 3,890 3,904 26,909
2022 3,764 3,886 3,680 3,893 3,886 3,886 3,894 26,889
2023 3,789 3,874 3,737 3,878 3,881 3,871 3,881 26,911
2024 2,878 2914 2,864 2,938 2,934 2916 2,924 20,368
Total 26,357 27,099 25,956 27,143 27,128 27,073 27,147 187,903

Table 2: Number of episodes remaining after filtering, by year and emotion.

episode by emotion and year, reflecting differences
in how extensively emotional experiences are de-
scribed across emotions. The right panel shows
the number of unique nouns by emotion and year,
reflecting the diversity of events, people, and ob-
jects associated with each emotion. All values are
aggregated within year. Tokenization for Japanese
texts followed MeCab (Kudo, 2005) using the NE-
ologd (Sato et al., 2017) dictionary.

Regarding character count, joy is consistently
expressed in fewer characters compared to other
emotions. On the other hand, sadness, anger, and
trust tend to be relatively longer episodes. In terms
of noun vocabulary size, surprise consistently ex-
hibits a rich variety of lexical items. In contrast, joy,
anxiety, and trust tend to show less lexical variation.

Episodes of sadness and anger in our dataset
tend to contain longer episodes, whereas those of
joy are notably shorter (see the left panel of Figure
3). This pattern aligns with developmental evidence
on the negativity bias (Vaish et al., 2008), which
suggests that negative emotions receive greater
cognitive attention and elaboration than positive
ones. Because experiences involving sadness or
anger are processed and remembered in more de-
tail, people may provide richer and more extensive
descriptions of such episodes, while joyful events
are often conveyed in briefer sentences.

On the other hand, the relatively small number
of unique nouns for anxiety and trust appears to
reflect their abstract and enduring nature (see the
right panel of Figure 3). Rather than being tied
to specific events, these emotions are often de-
scribed as stable psychological states (e.g., “I feel
anxious about my future” or “I value family com-
passion”). Because they refer to generalized ex-
periences rather than concrete episodes, these
emotions are typically expressed through a small
number of familiar, recurring phrases, leading to a
smaller number of unique nouns across episodes.

4.2. Frequency Trends of the Top-10
Most Frequent Words

Figure 4 presents the trends of the 10 most frequent
nouns for each emotion. Overall, the plots reveal
how lexical salience is shaped not only by the emo-
tional framing but also by external events that vary
across time. Below we summarize characteristic
tendencies observed for each emotion.

Anger. Words such as “work”, “car”, and “boss”
appear consistently with high frequency. In con-
trast, terms like “COVID-19” and related words
such as “government” and “response” sharply in-
creased during the pandemic period (Season 1
of 2020 to Season 3 of 2021), highlighted in yel-
low in the anger subplot of Figure 4. For instance,
one entry in the dataset reads, “The government’s
response to COVID-19 has been half-hearted”, ex-
pressing clear frustration toward perceived inaction
by authorities. Interestingly, although the number of
COVID-19 cases in Japan peaked in 2022, COVID-
19-related words were mentioned more frequently
in 2021 than in 2022. This discrepancy is likely due
to the stricter mobility restrictions repeatedly im-
posed by the Japanese government in 2021, while
very few such restrictions were issued in 2022.

Anxiety. Similar to anger, the frequency of
“COVID-19” and the related term ‘“infection” in-
creased during the 2020-2021 period, highlighted
in yellow in the anxiety subplot of Figure 4. For
instance, one entry in the dataset states, “The
spread of COVID-19 infections”, reflecting height-
ened awareness and anxiety about the expanding
outbreak. In contrast, words such as “work” and “fu-
ture prospect” consistently appeared with high fre-
quency, although the frequency of “future prospect”
was relatively lower during the period when words
related to COVID-19 were more prevalent. This pat-
tern likely reflects the stronger focus on immediate
concerns rather than long-term outlooks during the
COVID-19 pandemic.
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Figure 4: Frequency trends of the top-10 nouns for each emotion. The plots illustrate how salient lexical
items rise or fall in usage in correspondence with real-world events (e.g., “the COVID-19 pandemic or
the Olympics”). Shaded areas mark the periods that were focused on the analysis in the Subsection 4.2
for each emotion. Note that some nouns are split into multiple words because the original Japanese
expressions were translated into English. Labels such as 2020-S3 indicate the third season of 2020.

Disgust. Similar to anger and anxiety, the fre-
quencies of “COVID-19” and the related term “mask”
were high during the 2020—2021 period, highlighted
in yellow in the disgust subplot of Figure 4. The
high frequency of “mask” is particularly charac-
teristic of the disgust category, as exemplified by
episodes such as ‘| feel disgust when someone
walking nearby isn’t wearing a mask.” Another dis-
tinctive feature is that work-related words, such as
“work” and “boss”, frequently appear among the
top-ranked terms.

Trust. Unlike other emotion categories, the trust
category shows relatively little variation in word fre-
quency rankings across different periods. Most of
the high-frequency words refer to people around
the participant who are trusted, with “work” being
a notable exception that also appears with high
frequency. For example, one entry in the dataset

reads, “When | was in trouble, my friend helped me
out,” expressing interpersonal reliance and grati-
tude. In contrast to other emotions, words charac-
teristic of the COVID-19 pandemic that consistently
rank among the top in other categories do not ap-
pear among the top-ranked words in trust.

Joy. In contrast to trust, the joy category ex-
hibits the opposite tendency, with most of the
high-frequency words showing substantial varia-
tion across periods. For example, the frequency
of “travel” declined between Season 2 of 2020 and
Season 1 of 2022, highlighted in yellow in the joy
subplot of Figure 4, corresponding to the period
when the Japanese government requested mobility
restrictions. By contrast, the expression “after a
long time” increased markedly after these restric-
tions were lifted, sensitively reflecting the social
changes of the time. For instance, one entry in the
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dataset reads, “We had a great time eating out as
a family after a long time,” illustrating a renewed
sense of happiness and social reconnection.

Sadness. The timing of increased frequency of
the word “COVID-19” closely corresponds to the
periods when the Japanese government issued
the state of emergency. Specifically, the periods of
government restrictions were April 7-May 25, 2020;
January 8—-March 21, 2021; April 25—-June 20, 2021;
and July 12—-September 30, 2021. The increases in
the frequency of “COVID-19” closely coincide with
these restriction periods, as shown in the yellow-
highlighted area of the sadness subplot in Figure 4.
For instance, one entry in the dataset states, “Be-
cause of COVID-19, | can’t go on trips,” reflect-
ing sadness associated with restricted mobility and
loss of ordinary pleasures. This correspondence
illustrates how episodic narratives can reveal the
emotional impact of major social events in everyday
life.

Surprise. The surprise category is highly sensi-
tive to trending events. For instance, “COVID-19”
frequently appeared in the early stages of the pan-
demic (Season 2 and 3 of 2020), while “Olympics”
spiked at the time of the Olympic Games (Season 3
of 2021 and Season 3 of 2024), highlighted in green
in the surprise subplot of Figure 4. For example,
one entry in the dataset reads, “Japan is winning
so many medals at the Olympics,” which expresses
astonishment and excitement at the country’s un-
expected success. Similarly, “marriage” emerged
in Season 4 of 2019, coinciding with a surge of
celebrity weddings on November 11, a date consid-
ered auspicious for marriage in Japan. It is note-
worthy that surprise is often associated with very
short, event-specific periods in the past.

5. Preliminary Experiments

5.1.

To evaluate whether exposure to our dataset en-
hances a LLM’s ability to interpret emotions in a
time-sensitive manner, we conducted a compar-
ative experiment using three prompting settings
implemented with the Gemini 2.5 flash model via
the Google Gemini API3, with the temperature set
to 0.3 and top-p to 0.9. These parameters were cho-
sen to balance stability and variation in the model
outputs. A non-zero temperature was adopted to
avoid fully deterministic decoding and to allow the
model to reflect the diversity of human subjective
interpretations. Following the silicon sampling ap-
proach (Argyle et al., 2023), stochastic decoding

Settings

Shttps://ai.google.dev/gemini—api/
docs/models, accessed October 14, 2025

was used to better approximate the distribution of
human responses in social and behavioral tasks. At
the same time, the temperature was kept relatively
low to reduce excessive randomness and ensure
stable predictions in this classification setting, while
a high top-p value was used to avoid overly restric-
tive token selection. These values were adopted
as practical settings for the task rather than param-
eters optimized through an extensive hyperparam-
eter search.

For each period from Season 1 of 2020 to Sea-
son 4 of 2023, the episodes were stratified by emo-
tion label and split into training and test subsets. A
fixed set of 100 test instances was drawn per pe-
riod using stratified sampling, while the remaining
episodes served as a pool of candidate training
examples for the in-context demonstration condi-
tions. In the 5-shot and 100-shot settings, training
sentences were sampled proportionally to label fre-
quency and inserted into the prompt as reference
pairs of text and emotion label. Specifically, five ex-
amples were provided in the 5-shot setting and 100
examples in the 100-shot setting. In the zero-shot
condition, the same test sentences were presented
without dataset examples, accompanied only by
the corresponding temporal information (year and
season). All periods were processed sequentially,
and results for each year—season pair were saved
individually, along with an aggregated summary
across periods. The following prompt template was
used in the experiments.

Prompt template used in the experiments

You are a careful Japanese text classifier.
— Predict one of these categories only:

[ sadness, anxiety, anger, disgust, trust,
<~ surprise, joy ].

Respond ONLY with a JSON object using the schema:
{
"analysis_summary": "string",
"distribution": {
"sadness": float,
"anxiety": float,
"anger": float,
"disgust": float,
"trust": float,
"surprise": float,
"Joy": float
}
"top_emotion": "string"

}

All values in distribution must be within [0, 1]
< and sum to 1 (+/-0.01 allowed).
Do not include any text outside the JSON.

Guidance (translated from Japanese) :

- Prioritize meaning over lexical overlap.

— Use the few shot examples as semantic
references when provided.

— Avoid degenerate or uniform distributions.
Produce plausible probabilities.

— Keep "analysis_summary" concise and
informative in Japanese.

[examples as JSONL]

{"text": "Sample text 1", "emotion": "joy"}

{"text": "Sample text 2", "emotion": "sadness"}
. (n shot examples are inserted here)
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[input]
[Target Japanese sentence to be classified]

The model was instructed to output a normal-
ized probability distribution over the seven emo-
tion categories. We compared the top-predicted
emotions among the three prompting settings
to assess whether incorporating period-specific
episodes from the dataset improved the temporal
sensitivity of emotion interpretation. The experi-
mental results are reported based on two evalua-
tion metrics, namely the macro F1 score (F1) and
accuracy (Acc).

5.2. Results

Across all periods, the 100-shot condition, which
incorporated our dataset as contextual examples,
consistently outperformed the zero-shot condition
in both macro-F1 and accuracy (Table 3). Overall,
macro-F1 and accuracy reached 0.68 and 0.69 in
the 100-shot setting, compared to 0.61 and 0.63 in
the zero-shot setting, with the 100-shot condition
outperforming the zero-shot condition consistently
across all periods. The gap was most pronounced
in 2020, during the onset of the COVID-19 pan-
demic, when uncertainty, fear, and social tension
likely shaped language use. This indicates that the
model benefited from our dataset, which helped it
capture time-sensitive emotional nuances.

On the other hand, the 5-shot setting showed
little difference from the zero-shot setting in our
experiments, suggesting that a small number of
in-context examples was insufficient to substan-
tially improve performance for this task. A previous
study has reported that increasing the number of
in-context examples can further enhance model
performance (Abbas et al., 2024), and that many-
shot prompting may function similarly to pseudo
fine-tuning under certain conditions. Our results
are consistent with this line of research in that lim-
ited few-shot examples alone did not lead to clear
improvements.

For disgust, cases correctly classified only by
the 100-shot model were more common than for
any other emotion, while cases correctly classified
only by the zero-shot model were rare (Table 4).
Most episodes labeled as disgust were misclassi-
fied as anger or anxiety under the zero-shot con-
dition. Many of these cases involved texts related
to mask-wearing during the COVID-19 pandemic.
For example, the Season 4 of 2020 entry “People
not wearing masks on the train” was predicted as
anxiety instead of disgust as shown in Table 5 (1).
This suggests that without contextual grounding
from period-specific examples, the model tended
to generalize public-norm violations as expressions
of fear or frustration rather than moral aversion.

. 100-shot 5-shot Zero-shot
Period
F1  Acc F1  Acc F1  Acc
2020-S1 081 0.82 068 0.69 0.67 0.66
2020-S2 0.70 0.70 0.57 0.59 0.57 0.57
2020-S3 0.70 0.70 0.64 0.65 0.64 0.65
2020-S4 0.65 0.66 0.57 0.61 056 0.57
2021-S1 071 0.72 065 0.67 0.64 0.66
2021-S2 0.63 0.64 058 0.60 0.53 0.57
2021-S3 0.66 0.67 0.69 0.70 0.63 0.63
2021-S4 0.69 0.69 056 0.59 0.53 0.57
2022-S1  0.70 0.70 0.64 0.65 0.65 0.66
2022-S2 0.60 0.63 0.65 0.67 0.58 0.61
2022-S3 0.67 0.69 062 0.64 0.66 0.68
2022-S4 0.76 0.77 0.72 0.72 0.73 0.73
2023-S1 0.64 0.65 062 0.63 0.61 0.63
2023-S2 0.69 0.69 060 0.63 0.61 0.64
2023-S3 0.65 0.65 0.58 0.59 0.57 0.59
2023-S4 059 0.61 059 0.61 055 0.57
Overall 0.68 0.69 0.62 0.64 0.61 0.63

Table 3: Comparison of performance metrics
across all periods under zero-shot, 5-shot, and 100-
shot settings. Labels such as 2020-S3 indicate the
third season of 2020. Acc means accuracy and F1
means macro F1 score.

Emotion  Both 100s Zs Both

correct only only error
anger 0.51 0.05 0.10 0.33
anxiety 0.86 0.03 0.07 0.04
disgust 0.34 0.22 0.01 0.43
trust 0.55 0.16 0.06 0.24
joy 0.82 0.05 0.04 0.09
sadness  0.67 0.07 0.04 0.23
surprise 0.31 0.17 0.01 0.51

Table 4: Prediction outcome proportions by gold
emotion. Values are rowwise proportions. 100s
denotes 100-shot and Zs denotes zero-shot condi-
tion.

In contrast, under the 100-shot condition, a
greater number of errors were observed for anxiety,
compared to the zero-shot condition. For example,
one such case is the text “| suddenly gained weight,”
(see (2) of Table 5) where the reasoning provided
by the LLM included statements such as “a sense
of anxiety can be inferred” in both the 100-shot and
zero-shot conditions. In many other examples as
well, the model’s explanations indicated the simul-
taneous presence of both anxiety and sadness,
suggesting that the LLM does not draw a clear
boundary between these two emotions.

Finally, surprise and disgust showed a number
of common errors between the two conditions. For
example, the text “The increase in COVID-19 pos-
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Predicted

index  Text Gold label

100-shot  Zero-shot
(1) People not wearing masks on the train disgust disgust  anxiety
(2) | suddenly gained weight sadness anxiety  anxiety
(3) The increase in COVID-19 positive cases surprise anxiety anxiety
(4) A neighboring country’s gesture of reconciliation disgust trust trust

Table 5: Examples cited in the error analysis (originally in Japanese, translated into English).

itive cases” was classified as anxiety under both
conditions, although the gold label was surprise
as shown in Table 5 of (3). When an episode con-
veys a clearly positive or negative emotional tone,
such as fear or concern, even if it was originally la-
beled as surprise, the model tends to prioritize con-
ventional polarity cues over the intended category,
leading to misclassification. Similarly, the text “A
neighboring country’s gesture of reconciliation” was
labeled as trust in both conditions, while the gold la-
bel was disgust as shown in Table 5 (4). Accurately
interpreting such emotions would require contextual
knowledge about the writer's background or stance,
highlighting the inherent difficulty of emotion clas-
sification from single-sentence inputs. A practical
way to address this issue would be to incorporate
approaches that estimate emotion distributions or
model uncertainty, as recently suggested (Wu et al.,
2024).

Taken together, these results demonstrate that
incorporating period-specific examples from the
dataset enhances the temporal sensitivity and
contextual precision of emotion interpretation in
Japanese texts. While zero-shot prompting cap-
tures general emotional categories, it often fails
to recognize culture- and time-specific nuances,
particularly for emotions such as disgust and sur-
prise, which rely heavily on social context. These
findings highlight the usefulness of our dataset in
providing temporally grounded emotional episodes
that help language models better capture socially
contextualized expressions of emotion.

6. Conclusion and Future Work

We introduced NAIST LIFE STORY, a Japanese
dataset that enables identifying a time-aware rela-
tionship between emotions and texts. This dataset
consists of episodes elicited by seven emotions
(anger, anxiety, disgust, trust, joy, sadness, and
surprise), collected quarterly, and includes the age
and gender of the participants who provided them.
The descriptive analyses and the preliminary exper-
iment indicate that the dataset can surface changes
in associations between emotions and texts that are
consistent with social phenomena. We plan to con-
tinue the data collection for more than a decade to

build a long-term record of emotional language use.
Future work includes continued long-term collec-
tion, expansion to additional languages to support
cross cultural comparison, and deeper modeling of
temporal dynamics with stronger evaluation proto-
cols.

Limitations

Language and cultural scope The dataset is
limited to Japanese. Because emotional expres-
sion depends on language and culture, the patterns
observed in this dataset may not directly generalize
to other languages. In particular, the interpretation
of some emotions may depend on culturally shared
background knowledge. Future work should apply
the same data collection framework to other lan-
guages to examine cross-cultural similarities and
differences.

Temporal coverage The dataset covers seven
years, which is shorter than the time spans exam-
ined in many studies of semantic change that ana-
lyze century-scale corpora (Hamilton et al., 2016;
Xu et al., 2021). Therefore, the dataset is not de-
signed to capture very long-term historical shifts.
Instead, the repeated data collection at short inter-
vals allows the analysis of relatively fine-grained
changes in what people associate with specific
emotions in everyday life. Future work should clarify
how such short-term changes relate to longer-term
semantic change.

Ambiguity between emotion categories The
error analysis indicates that some emotions remain
difficult to distinguish. For example, disgust was
sometimes classified as anxiety or sadness, and
sadness was sometimes confused with anxiety.
These results suggest that neighboring emotions
may share lexical or contextual features.

One possible reason for this ambiguity is the
structure of the dataset itself. In the present dataset,
participants describe concrete episodes associated
with an emotion. In contrast, many NLP resources
assign emotion labels directly to short texts or sen-
tences. For example, the GoEmotions dataset an-
notates Reddit comments with fine-grained emo-
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tion categories (Demszky et al., 2020). Similarly,
emotion lexicons such as the NRC Emotion Lexi-
con (Mohammad and Turney, 2013) or WordNet-
Affect (Strapparava and Valitutti, 2004) associate
individual words with emotion categories. Because
these resources rely on different units of analy-
sis (episodes, sentences, or words), the similar-
ity structure between emotions may differ across
datasets. For instance, emotions that are clearly
separated in lexicon-based resources may appear
closer when people recall real-life episodes, where
multiple emotional states can co-occur or overlap
within the same narrative.

A promising direction for future work is there-
fore to compare the structure of emotion similarity
across different types of resources. Such com-
parisons could examine whether the distances be-
tween emotions observed in episode-based nar-
ratives are consistent with those derived from
sentence-level emotion datasets or lexicon-based
emotion resources. This type of analysis could
help clarify whether the observed confusion reflects
properties of the dataset, characteristics of nar-
rative emotion expression, or broader patterns in
computational representations of emotion.

Scope of the LLM experiment The LLM experi-
ment in this study is limited in several respects. It
evaluates only a single model (Gemini 2.5 Flash),
uses a relatively small evaluation set (100 instances
per period). Future work should test multiple mod-
els and use larger evaluation sets to better assess
the practical usefulness of the dataset.

Prompt design and temporal context The cur-
rent prompting conditions include only basic tem-
poral information such as year and season. They
do not incorporate more explicit contextual descrip-
tions of major social events during the target period.
Future work could explore richer prompt designs
that include structured temporal information or back-
ground knowledge about important events.

Limited gains with small-scale prompting The
improvement observed in the 100-shot setting was
modest. Therefore, the present results should be in-
terpreted as preliminary evidence rather than defini-
tive proof of the effectiveness of using the NAIST
LIFE STORY dataset in prompting.

Recent studies suggest that increasing the num-
ber of in-context examples can substantially im-
prove model performance, sometimes approaching
the effect of lightweight fine-tuning (Abbas et al.,
2024). From this perspective, the prompting config-
urations explored in this study may still be relatively
small.

A natural next step is therefore to investigate how
performance changes when substantially larger

numbers of examples are included in the prompt.
In particular, it would be informative to examine how
performance scales with the number of in-context
examples and to identify the point at which addi-
tional examples no longer yield meaningful improve-
ments. Such an analysis would help estimate the
amount of data required for effective prompting in
this task.
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