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Abstract
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ple not only expected that prices would not increase, but also believed that prices
should not increase. That social norm may have changed in response to inflationary
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1 Introduction

At last, Japan has left a decades-long chronic deflation since the 1990s (Figure 1). In 2022,
Japan’s CPI inflation began to soar, reaching around 4 percent yearly. Using millions of
tweets posted on the SNS (Social Networking Service), this paper investigates whether or
not Japanese household perceptions of price hikes have changed against this backdrop.

The perceptions against price hikes are supposed to hold a key during the chronic
deflation era. During that period, households were quite against price hikes, and firms
hesitated to raise their prices to avoid customers’ anger. As an anecdote, when a Japanese
ice cream company, Akagi, raised the price of its ice cream bar from 60 to 70 yen after hold-
ing it for a quarter century, the company aired TV advertisements in which its president,
with many employees, deeply vowed to show their apology (Watanabe, 2024). People
not only expected that prices would not increase but also believed that prices should not
increase. Watanabe (2022) and Nishizaki et al. (2014) argue that these strong perceptions
were so firmly embedded in Japanese society to become the social norm. In economics,
Okun (1981) emphasized the role of a norm in that the high wage norm was behind the
hyperinflation in the United States from the 1970s to the 1980s.

These anti-inflation perceptions may have changed in recent years in response to infla-
tionary shocks after COVID-19 and the Ukraine war, and that change in perception may
have led to persistent inflation, in turn. Then-Governor of the Bank of Japan, Kuroda
(2022) stated, “As firms adopt an increasingly active price-setting stance, Japanese house-
holds’ tolerance of price rises has been increasing. This can be regarded as an important
change from the perspective of aiming to achieve sustained inflation.” His remark in-
curred negative reactions in SNS,! and he took back his remark at the Diet session on

June 8th, two days after his original presentation. Although his remark might not have

'In our sample posts, “A survey found that over half said they’d still shop at the same supermarket
even after a 10% price hike. If that’s being used to justify BOJ chief Kuroda’s claim that consumers are
fine with price hikes, that’s just dumb. All supermarkets raised prices—there’s no other choice.” (posted
on 2022-06-07, 23:22:11)



Figure 1: Consumer Price Index
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1. Adjusted for the effects of consumption tax rate hikes.
2. Shaded areas correspond to the periods for the tweet analysis below.

Source: Ministry of Internal Affairs and Communications.

been adequate in light of public communication then, what he pointed out might have
been correct.

The Bank of Japan’s household survey points to a change in anti-inflation perception
(Figure 2). In that survey, the Bank of Japan asked 4,000 people (the response ratio is
about 50%) how much the present price levels have changed from one year ago. It also
asked respondents who answered that the present price levels have increased, which choice
(rather favorable/rather unfavorable/difficult to say) is most appropriate to describe their
feelings about the price rise. Compared to the 2008-2009 period, when CPI inflation
surged owing to commodity price hikes, the perceived inflation was higher in the recent
period. Still, the Unfavorable Diffusion Index (DI), the share of respondents choosing
“rather unfavorable” minus that of “rather favorable,” remains lower. This may suggest

an increase in Japanese households’ tolerance of price rises.



Figure 2: BoJ Opinion Survey
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Source: Bank of Japan.

The change in perceptions is also visible in other sources. First, the Nikkei newspaper
recently reported price hikes more positively than the 2008-2009 period (Figure 3). The
lexicon approach, details of which will be elaborated later (Section 3), is applied to the
texts of all Nikkei articles containing words related to price hikes in the titles of the articles
(3,738 articles in total). The average sentiment scores of these articles became higher,
especially after 2022. This means that the tone of the articles reporting price hikes became
more positive. This may reflect and/or affect the general public’s perception of price rises.
Second, the same tendency is found in the Economy Watchers Survey.? The same lexicon
approach is applied to the comments of economy watchers on current conditions, which
contain words related to price hikes (3,901 comments in total). Like in the case of the

Nikkei newspaper, the calculated average sentiment scores were higher in recent periods.

2The Economy Watchers Survey is an economic survey conducted by the Cabinet Office of Japan.
It collects opinions from people closely observing economic activities in their daily work, such as retail
store managers, taxi drivers, and restaurant owners. These respondents, known as “economy watchers,”
provide insights into current economic conditions based on their firsthand experiences.



Figure 3: Nikkei Newspaper and Economy Watchers Survey
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Note: Tone of Nikkei newspaper articles and comments of Economy Watchers
against price hikes. The higher figure corresponds to a more positive tone.

Source: Authors’ calculation.

To the extent that these economy watchers represent the general public, this may indicate
that the Japanese became more tolerant of price hikes.

This paper uses tweets on the SNS to determine whether Japanese households have
changed their perceptions of price hikes. It collects more than two million posts mention-
ing price hikes for that purpose. Applying advances in Natural Language Processing, the
paper finds a change in the sentiments or tones of these posts from the 2008-2009 period
to the 2021-2023 period. Although more posts indicated anger, those accepting price
hikes have increased at the same time. While these posts were associated with only spe-
cific goods (such as tobacco) in 2008-2009, there was no specificity in 2021-2023—people
seemed to accept price hikes for various goods. Posts showing even pleasant feelings
(valence) marginally increased, and some mentioned salary increases.

The structure of the paper is as follows: After touching upon related literature in the
rest of Section 1, Section 2 introduces used tweet data. Section 3 explains various ap-

proaches to natural language processing. Section 4 summarizes the main results. Section



5 concludes the paper.

1.1 Related Literature

As mentioned above, this paper is closely related to the zero inflation norm discussed by
Watanabe (2022, 2024) and Nishizaki et al. (2014). The importance of the norm is also
emphasized by Bank of Japan (2024) in its review of unconventional monetary policy.
Aoki et al. (2019) models the households’ reluctance to accept price hikes affects firms’
price-setting behavior through a kinked demand curve.

The paper is also related to the research into household inflation expectations in Japan,
examining what their characteristics are and how they are formed. There are many papers
in this domain, such as Hori and Kawagoe (2011), Kamada (2013), Kamada et al. (2015),
and Diamond et al. (2020), to mention a few.

Methodologically, the paper can be seen as another application of Natural Language
Processing (NLP) in Economics. Economists have already used NLP extensively. For
instance, Ahrens and McMahon (2021), Shapiro et al. (2022), Nakajima et al. (2021), and
Heddaya et al. (2024, 2025) extract economic signals, inflation expectations, or narratives
from text data like newspaper articles, central bankers’ speeches, and Economy Watchers’
comments.

In NLP, sentiment analyses of tweets pose particular challenges, as discussed below
(Section 3), and there are many attempts in the literature such as Giachanou and Crestani
(2016), Mohammad (2016), Zimbra et al. (2018), and Braig et al. (2023). Bollen et al.
(2011) use Twitter sentiment analysis to predict stock prices. Ehrmann and Wabitsch
(2022) and Wabitsch (2024) analyzed tweets mentioning ECB monetary policy.

The paper exploits the recent advance of Deep Learning or Large Language Models
(LLM) for NLP analyses. Dell (2024), Korinek (2023, 2024) and Kwon et al. (2024) discuss

potential usage of LLM in Economics. At the time of writing this paper, applications of



LLM are still limited in the economic literature. However, given the very rapid speed
of technical advances—Korinek (2023) cites that the amount of computational power
employed in training cutting-edge LLMs has doubled, on average, every six months—
economists will take advantage of it in their applications and more papers are sure to
come soon. This paper can be regarded as one of the early attempts in that direction.
Given the speed of technological developments, the method used in this paper may become
obsolete quickly. However, it is worth taking a still shot to record and share the current

methodology with economists who are interested in this field.

2 Data

We extensively use tweets posted on X (Twitter in its old name). We collect those written
in Japanese that contain words related to price hikes (excluding reposts or retweets).?
These tweets were posted from January 1, 2021, to October 16, 2023; the sample end
corresponds to when we started this project. For comparison, we also collect tweets
posted from January 1, 2008, to December 31, 2009. During this period, CPI inflation
increased, reflecting commodity price hikes (Figure 1). However, the surge was short-lived
as inflation turned negative after the rough waves of the Great Financial Crisis reached
the Japanese economy. It would be interesting to compare the tweet sentiment between
this short-lived inflation surge and the recent inflation episode.

Table 1 shows the number of tweets for our analysis, together with the number of
articles from Nikkei Newspaper and the comments of Economy Watchers discussed above.
One thing that is immediately clear is a dramatic increase in tweets from 2008-2009 to
2021-2023. This is the case even though the sampling rate of the former sample period is
100% viz-a-viz 18.7% in the latter sample period. This reflects the higher inflation rate

in the latter sample period, which may also increase the number of Nikkei articles and

3The following keyword search extracts the relevant posts.

[ L] OR (( [flit%5) OR [fEf] ) AND ( [5l& ] OR [LH] OR [m&] OR [&<] ).
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| 2008 2009 | 2021 2022 2023 |  Total

Tweets 20,253 40,361 | 398,483 987,116 704,356 | 2,150,569
o/w BERT selected 1,104 2,010 | 20,048 61,377 48,648 133,187
Nikkei Newspaper 1,194 516 501 871 656 3,738
Economy Watchers 1,089 36 146 1,256 1,374 3,901
Headline CPI Inflation (%) 14 -14 -0.2 2.5 3.2

Table 1: Number of Posts/Articles/Comments

Economy Watchers’ comments. However, this is much more because the SNS has become
more prevalent in Japanese society. This leaves a caveat for our analysis: people posted
in the former sample period might be more restricted than those in the latter.

Although the inflation rate was negative in 2009 and 2021, we include these years in
the sample to see to which extent the sentiment in 2008 and 2022-2023 prevailed before
and after. That said, we also have in mind that the comparison should be made more

narrowly between 2008 and 2022-2023.

3 Approaches

Rapidly advancing NLP technology has evolved through the following three approaches.

First, the lexicon-based approach relies on a predefined dictionary or lexicon of words,
where each word is associated with specific semantic, syntactic, or sentiment-related at-
tributes. This approach is commonly used in sentiment analysis. For instance, words
in a text are matched against a sentiment lexicon to determine their polarity (positive,
negative, or neutral). The overall sentiment of a sentence or document is then computed
by aggregating the sentiment scores of individual words. While lexicon-based methods
are simple and interpretable, they struggle with handling context, negation, sarcasm, and
domain-specific language, making them less effective than modern deep learning-based
NLP techniques. Ahrens and McMahon (2021) and Shapiro et al. (2022) use this approach

to analyze the sentiments prevailing in newspaper articles and central bank speeches.



Second, the classical machine learning approach involves training models to recognize
patterns and make predictions based on textual data using traditional machine learning
methods such as Naive Bayes, Support Vector Machines, Decision Trees, and Random
Forests. These models often rely on handcrafted features such as term frequency, n-
grams, and TF-IDF, making them effective for tasks like text classification, sentiment
analysis, and named entity recognition. Nakajima et al. (2021) uses a Naive Bayes model
to derive firms’ inflation expectations from comments of the Economy Watchers Survey.

Third, the deep learning approach uses deep learning architectures, including Gener-
ative Al models. Large Language Models (LLMs) are a subset of Generative Al models,
which are built using transformer architectures, such as GPT (Generative Pre-trained
Transformer) and BERT (Bidirectional Encoder Representations from Transformers),
trained on massive datasets to understand and generate human-like text. They can learn
contextual representations of words, enabling superior performance on complex tasks,
including sentiment analysis, with minimal fine-tuning. However, these models require
massive computational power and pose challenges like bias, factual inaccuracies, and hal-
lucinations. Kwon et al. (2024) apply LLM (Llama) to identify perceived drivers of stock
market prices using news reports.

This paper uses the first (lexicon-based) and the third (deep learning) approaches.

The procedure for the lexicon-based approach follows the standard NLP for Japanese

texts, which consists of the following two steps:



Lexicon-based Approach

1. Decompose sentences in the examined text into words. We use Mecab (a stan-
dard Japanese morphological analyzer) with the NEolgd dictionary (a cus-
tomized system dictionary for MeCab containing many new words extracted
from many language resources on the Web).

2. Calculate the sentiment/tone score of sentences by aggregating the polarity
of words in the sentences using a list of words annotated by the polarity. We
utilize the polarity list from Ito et al. (2018), which is suitable for market
sentiment analysis.

We apply this procedure to Nikkei newspaper articles and Economy Watchers’ com-
ments containing words related to price hikes, the results of which are demonstrated in
Figure 3.

While the lexicon-based approach performs reasonably well in analyzing standardized
texts like newspaper articles, detecting the sentiment of tweets is a non-trivial task, as
emphasized by Giachanou and Crestani (2016). They list the challenges of the tweet
sentiment analysis stemming from the following characteristics, which are particular to

tweets.

e Text length: The short texts up to 140 characters (except for some users after about

2023) make it difficult to detect the context.
e Topic relevance: Many posts are unrelated to the topics of interest.

e Incorrect language: Emphatic upper-casing, emphatic lengthening, abbreviation,

slang, neologisms.
e Data sparsity: There is a lot of noise due to incorrect language and misspellings.
e Negation: Positive becomes negative or vice versa.

e Stop words: Often filtered out words (e.g., “like”) have meanings.
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A casual look at our tweets reveals that these claims apply to our case — Online Appendix
A demonstrates some examples of our tweets in Japanese to give a sense of them. The
topic relevance is our particular concern. So many posts do not contain sentiments against
price hikes.

To select relevant posts for our analysis, we utilize a deep learning model, BERT, a
language model widely used in natural language processing. We prepared 2,500 training
data for BERT to select relevant posts (plus 500 posts for tests), which state price hikes
and express sentiment against them. For that sake, we hired seven university students. We
conducted three trial runs and two online meetings to develop an annotation guideline
(Online Appendix C) that would establish a common understanding of selecting posts
mentioning recent price changes and containing positive or negative sentiments (including
emoticons and slang). Using these inputs, BERT attained a precision of 80% for validation
data and 67% for test data. Then, we asked BERT to select posts that satisfied the criteria,
ending with 133,187 tweets, as shown in Table 1.

Then, we apply the above lexicon-based approach to the selected tweets. We also use
the deep learning approach. This is because a simple positive /negative sentiment analysis
may not capture an increase in households’ tolerance of price rises. Naturally, very few
consumers are happy to see a price rise but accept it as there is no other choice, mumbling
“Oh well, it is what it is.” The second example of tweets in Online Appendix A can be
translated as “The bento (lunch box) shop I always order from came by. They asked
to raise prices due to inflation... Can’t be helped.” We use an LLM to see whether the
examined posts contain this can’t-be-helped feeling.

We use GPT (gpt-40-2024-05-13), another deep learning model, to judge the sentiment
of the posts by assessing whether or not the corresponding post suggests an attitude of
acceptance or tolerance for price changes (the used prompt is in Online Appendix D).
Then, we calculate the share of these posts among BERT-selected posts. Although Ko-

rinek (2023) shows an example of using GPT for sentiment analyses, the approach has
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Figure 4: Russell’s Circumplex Model
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Note: Modified by authors from Russell and Barrett (1999).

not yet seen many applications in economics. GPT substitutes the above annotation pro-
cess of seven students who prepare trained data for BERT, assuming that GPT has been
pre-trained by digesting a gigantic amount of text. Dell (2024) compares two approaches:
GPT has the advantages of low startup costs and no training data. However, it has the
disadvantages of less fine-grained control, no reproducibility, and a tendency to be a black
box. When writing this paper, it is still premature to say that economists will accept this
approach in their standard toolbox, but we see great potential, as shown below.

We also use GPT to apply Russell’s circumplex model of emotion (Russell and Barrett,
1999). Psychologists developed the model to understand and map out various human

emotions on a circle rather than using categories like “happy” or “angry” alone. It shows
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how emotions relate to each other based on two simple dimensions: one is “valence” (how
pleasant or unpleasant an emotion feels), and the other is “arousal” (how physically or
mentally activated you feel). The model suggests that various emotions can be placed
in a circle space represented by these two dimensions, such that excitement and joy are
in the territory of positive valence and positive arousal; anger, fear, and anxiety are
negative valence and positive arousal; sadness, boredom, and resignation are negative
valence and negative arousal; and relaxation and calm are positive valence and negative
arousal (Figure 4). There are some attempts to make AI learn this model and analyze
consumers’ sentiments for marketing purposes.

More specifically, we instruct GPT to use Russell’s circumplex model and score each
post on a scale of -2 to 42 for arousal and valence, respectively (see Online Appendix E
for the used prompt). This means that GPT places a post in one of 25 cells in Figure 4.
We also ask about the reasons for the respective evaluation.

In sum, our deep learning approach can be summarized as the following procedure.
Using three different procedures (steps 3.1, 3.2, and 3.3 below) may serve as robustness

checks.

Deep Learning Approach

1. Clean up posts (exclude posts containing URLs).

2. Use BERT to select posts related to the topics of interest.

3.1 Use the lexicon-based approach to have sentiment scores of selected posts.
OR

3.2 Use GPT to judge the selected posts’ sentiments (accepting price changes or
not).

OR

3.3 Use GPT to judge the selected posts’ sentiments (applying Russell’s circumplex
model).

13



| 2008 2009 | 2021 2022 2023

1. Tweet (Lexicon) 0.64 044 | 056 0.72 0.66
2. Tweet (GPT) 521 8751|1231 12.03 12.29
3. Nikkei Newspaper | 3.47 2.11| 3.64 4.51 4.13
4. Economy Watchers | 0.61 0.30 | 0.69 0.74 0.78

Note:

1. Rows 1, 3, and 4 represent sentiment scores derived from the
lexicon approach.

2. Row 2 is the share of posts accepting the price hike.

Table 2: Sentiment Scores

4 Results

Tweet posts suggest that the Japanese may have become more tolerant of price hikes. Ta-
ble 2 summarizes the results of the above steps 3.1 and 3.2 of the deep learning approach.
It also indicates the sentiment scores of the Nikkei Newspaper and the Economy Watch-
ers Survey, shown in Figure 2 previously. Similar to the case of the Nikkei Newspaper
and the Economy Watchers Survey, the lexicon approach reveals that the tone of tweets
mentioning price hikes has become more positive, especially from 2022 to 2023 (Row 1).
The share of tweets that GPT judges as accepting price hikes has also increased for the
2021-2023 period (Row 2).

Russell’s circumplex model also points to higher tolerance for price hikes. Table 3
is the outcome of Russell’s circumplex analysis conducted by GPT (the above step 3.3),
which shows the shares of the levels of arousal and valence each year. The share of the
high arousal (2) and the low valence (-2) has increased from 2008-2009 to 2021-2023. As
the combination of both corresponds to anger in Russell’s circumplex (Figure 4), more
tweets reveal anger against price hikes in the recent period. At the same time, the share
of the positive valence (1 and 2) has marginally increased. This means that slightly more
tweets take price hikes positively.

To see more background on these changes in the Twitter sentiment, we further analyze

14



Arousal
Level -2 -1 0 1 2  Total
2008 0.0 20.2 6.2 59.6 14.0 100.0
2009 0.0 20.5 83 59.9 114 100.0
2021 0.0 150 4.6 61.1 19.2 100.0
2022 0.0 16.3 3.9 60.7 19.0 100.0
2023 0.0 16.5 3.9 60.2 194 100.0

Valence
Level -2 -1 0 1 2 Total
2008 20.8 72.0 3.1 3.3 0.7 100.0
2009 184 682 5.0 7.4 1.0 100.0
2021 285 56.6 3.8 87 24 100.0
2022 325 56.8 3.0 6.5 1.3 100.0
2023 332 56.0 29 6.5 1.4 100.0

Note: The results of Russell’s circumplex analysis.

Table 3: Arousal and Valence (%)

(1) tweets posts that GPT judges as accepting price hikes in 2008-2009, (2) those in 2021-
2023, and (3) tweets posts that GPT judges as having positive valence in 2021-2023.
The number of these posts is 228, 15,663, and 10,721, respectively. As mentioned above,
Twitter was less widely used in the 2008-2009 period. As a result, the number of tweets
posts accepting price hikes is very small.

Word clouds of these three posts reveal two distinguished features (Figure 5). First,
“tobacco” (the Japanese language does not distinguish between tobacco and cigarettes,
but uses kanji, hiragana, and katakana as indicated in original Japanese word clouds in
Online Appendix B) stands out in the word cloud of posts accepting price hikes in 2008-
2009 (top panel). An example of a post reads “They should just jack up the price of
cigarettes to 1,000 yen already.” In contrast, there are no specific goods in 2021-2023
(middle panel). Price hikes were accepted almost exclusively for tobacco in 2008-2009,
whereas people became more accepting of price hikes for various goods and services in
2021-2023.

Second, the word cloud of posts accepting price hikes in 2021-2023 (middle panel)
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resembles that of positive valence in 2021-2023 (bottom panel). “cheap”, “good”, and
“buy” are also frequently mentioned (presented by larger fonts) in 2008-2009 (top panel).
Still, many other words are commonly found in the middle and bottom panels. The
Weighted Jaccard Similarity is 0.67 between the middle and bottom panels, which is
much higher than that between the top and middle panels and the top and bottom panels
(Table 4).* This may suggest that some common elements made people more accepting

of the price hikes and feel a higher valence in 2021-2023.

1 -
(2) 033 -
3) 030 067 -

Note: (1)-(3) correspond to
those in Figure 5.

Table 4: Weighted Jaccard Similarity

To gain insight into the narrative behind the change in perception, we conducted a
keyword search on the above sets of posted tweets (Table 5). For instance, Japanese
people may accept price hikes if uncontrollable exogenous factors, such as the COVID-19
outbreak or the war in Ukraine, triggered these price increases. They may not be upset if
their salaries also increase. If that were the case, the above-selected tweets should contain
the corresponding words in the text.

The first thing to note is that the limited number of tweet posts contain the searched
keyword. The share of posts including the possible causes of the 2021-2023 inflation surge,
such as “Coronavirus”, “Ukraine”, “Yen’s depreciation”, “Rising raw material prices”, or

“Bank of Japan” is less than 1 percent of the corresponding set of posts (Columns (2) and

4The weighted Jaccard (.J) between word sets A and B is calculated as

46;13 min(wa (i), wp (%))
T ) = e ax(wa(), ws )

i€AUB

where w4 (i) and wp(i) are frequency of word i in set A and B, respectively. Between 0 and 1, the higher
J means the higher similarity between two word sets.
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Figure 5: Word Cloud
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(1) 2008-2009 (2) 2021-2023  (3) 2021-2023 (4) 2021-2023

(accept hikes) (accept hikes) (positive valence) (all)
Coronavirus 0 (0.0) 107 (0.7) 37 (0.3) 792 (0.6)
Ukraine 0 (0.0) 3 (0.0) 1 (0.0) 80 (0.1)
Yen’s depreciation 0 (0.0) 131 (0.8) 65 (0.6) 1,405 (1.1)
Rising raw material prices 1(0.4) 34 (0.2) 8 (0.1) 111 (0.1)
Bank of Japan 0 (0.0) 2 (0.0) 1 (0.0) 24 (0.0)
Salary 0 (0.0) 535 (3.4) 135 (1.3) 4,911 (3.8)
It can’t be helped 25 (11.0) 3,108 (19.8) 207 (1.9) 3,990 (3.1)
Note:

1. The number of appearances of specific words. The share in the respective total posts is in
parentheses.

2. (1)-(3) correspond to those in Figure 5. (4) corresponds to posts selected by BERT (step 2 of
the Deep Learning Approach).

55 [43

3. “It can’t be helped” corresponds to “shikata-nai”, “itasikata-nai” or “shouga-nai” in Japanese.

Table 5: Keyword Search

(3)). It is not surprising to observe that there are no posts citing the first three keywords
during the 2008-2009 period (Column (1)), as the phenomena of these words was not
prevalent at that time, such that the Yen was 90-110 against the US Dollar in 2008-2009,
whereas it was 100-150 in 2021-2023. However, even “Rising raw material prices,” which
was evident during the 2008-2009 period, was seldom cited. Given that these keywords
are not included much in all selected posts from 2021 to 2023 (Column (4)), the tweets’
short sentences do not have sufficient word length to describe the reasons behind their
sentiment, including the background of the price hikes.

That said, we may still be able to detect the narrative in these limited tweet posts.
Reading through individual posts categorized in Column (2), we find some of them telling
the story that the Japanese accepted the price hike, as they were caused by something un-
controllable (at least for individuals). Examples of these tweets are as follows (admittedly,

the sixth item of the Bank of Japan has a different tone):

1. “Honestly, with COVID and all, raising prices was the only way to stay afloat.”
[Coronavirus]

2. “Kotobukiya’s reissued model kits are getting more expensive, huh. Well, it can’t be
helped with how things are these days. Still, it’s tough when money’s already tight.
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Honestly, I resent the countries that spread COVID and started wars.” [Coronavirus]

“So the Russia-Ukraine conflict is hitting us here too (emoticon). I understand the
price hikes, but in the end, peace is what we need most.” [Ukraine]

“Fried chicken getting more expensive? Painful, but I get it. Inflation from the
weak yen and wars is just unavoidable.” [Yen’s depreciation]

“Price increases make sense with raw materials getting more expensive, but it’d be
nice if paychecks kept up.” [Rising raw material prices]

“Uniqlo isn’t the only one raising prices—lots of stuff will be going up soon. It’s
not like what the BOJ Governor said; it’s just that fuel and other raw materials are
getting more expensive, so there’s no avoiding it.” [Bank of Japan|®

Second, a change in wage formation may be part of the narrative of changing anti-

inflation perception. Although still a limited number, “Salary” came to be cited during

the 2021-2023 period, whereas it was not mentioned at all in the 2008-2009 posts. Reading

individual posts in Columns (2) and (3) of Table 5, we find that most of the tweets citing

salary say that price hikes would be acceptable or welcome (positive valence), if wages

were also increased (the fifth item above and the first and the second items below). At the

same time, we observe that some posts mentioned that price hikes were acceptable because

wages had already been increased (see the third to the fifth items below). Although the

number of these posts is still limited, we believe this conveys a significant marginal change

from the chronic deflation era.

1.

2.

'77

“Fine, keep raising prices—just raise my salary too

“Not seeing price increases feels like a win, but that’s what holds back inflation and
wage growth. Price hikes aren’t always the enemy.”

“Gas and electricity costs skyrocketed out of nowhere. (emoticon) It’s rough, but
my wages went up too, so I'm managing. (emoticon)”

“Oh! My salary’s going way up next month! For once, I'm happy about the price
hikes! (emoticon)”

“Lots of stuff is going up in price, but hey, my paycheck’s up 9%, so it’s fine by me.
(emoticon)”

5See footnote 1 for another example.
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Third, “It can’t be helped” is more frequently cited by posts accepting price hikes
(Columns (1) and (2) in Table 5) than those of positive valence (Column (3)). This is
by design, as part of our deep learning analysis. Some posts do not explicitly show the
intention of accepting price hikes, but have a positive tone, such as “Price hikes everywhere
today — but hey, my paycheck went up too! (emoticon) Pretty much matches what I got

back in my overworked manager days. (emoticon)”.

5 Conclusion

This paper applies a natural language processing technique to tweets that comment on
price hikes to see whether there has been any change in the Japanese anti-inflation percep-
tion or zero inflation norm (Watanabe, 2022, 2024). Using three different approaches (one
lexicon and two deep learning), the paper finds that, after inflation shocks of COVID-19
and the Ukraine war hit Japan, more tweet posts have revealed positive tone, willing-
ness to accept price hikes, and even pleasant feelings (valence) compared to the previous
inflation episode between 2008 and 2009. Together with evidence from the Nikkei news-
paper and the Economy Watchers’ Survey, it is very likely that, overall, the Japanese have
increased tolerance to price hikes for various goods, while some have increased anger.

In an attempt to uncover narratives behind the shift in anti-inflation perception, the
paper finds that (i) people have come to accept price hikes when these price hikes were
triggered by uncontrollable exogenous factors, such as the pandemic and the war, and (ii)
they have also become more accepting of price hikes and developed a positive attitude
when their salaries have increased.

That said, the number of these posts was limited. This could be because tweet posts
are too short to convey the narratives effectively. Alternatively, it could also be because
the change in inflation tolerance has been so marginal. It is worthwhile to continue

monitoring SNS to see which (or both) is the case, using more powerful computation and
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advanced techniques that are sure to come in the future.
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Online Appendix

A Examples of Posted Tweets

LAEEITH L THREDI EDS . HFRERE TH 52 L2 (emoticon of fire) W DX T
HT 7L A4 U R %S A fE(emoticon of fire)

2. WOBLEXMATABALUBRIADE . NBSEOKLETIELITOMKM. T
AknERz. . .

3.V ubshERDSHELDD.... AL T EEER .

4. V) U30MMELIFT. ZILVBEORMI S SMHEZESKATTIFE. (TaT)
5. VYU AEETRENS. . . . BEIRISOBERE. . .

6. TADFELIESNCE B - - -

T.UNIIveE YA LY MEEIFLRE?

8. HO. SICLESYEMAICLESEMNRDLEW.. BEMCTHWLWWL... YA Udk>
fco. SEMBomFE L EEY LTT. Y vbhE0ES. (BR->TY
TA)

9. A—. TANEEZOMBEFRII7ZTIER[B LTERLE LIETEZA8H
SUAVIEFE X X UNBHE 5-DICEICENENREEEF S L HHMYIT A
N BLLEUAVIZREE LTOT A T AICIEEL i UAVE S T+
FUDNRENL

25



B Word Clouds in Japanese original

(1) 2008-2009 (accept price hikes)
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C Annotation Guideline (excerpt)

1. FEIRBELADET (FIEDIyBLA) ICEEEf -2 5. BEHERE
EBhHEF-ITOWHEER - Y —EXOMBELXIZODOWTERL T AOJEEMEIS
(Y,

2. MERB - ¥ —EXOMBOEICDODWT. RYF 4T - X T4 TR
RRERIN-MBRELEEZEL TSI ESONYHFITE 2RB)PEE
(Emoji. &2y M2 S UTHEEL) ETIN5.

FEED2 DDEEEHE-FTPosteSEIOWMRE L. BHILTHWEL T, PostOAET%E
HEIZ. MERICYUTEBEEINERDIDOBEEMSIERL T EE 0,

o AREICIL20MAICYTIZE S (BEE B : TERIRAOEER - ¥ —K
2 OMEZET H Ho]EENE . BAREICHIL TR V. #FFRRE (RYT 4
TRxAOT47) BEC.

o 1E20MAICYTIIE A LARICIEIEING G (BEE . |) - WI§ - i
CE>THBEERECTNE O [EBC] [RIF0] [w] #EomEfLEE,
hVRERBRICEELE %, BBEFELRET. ey o EBRETER 0 OJVUT X
ZAMNIL>THXEDEERNELLT 5.

¢ 1E20MAICYTIIESHEIECE G (BEE 1K) : TENPRICIEER
2 [MELEFLES ] oL ShEMBBR Ve, BE - BEERICBET %
Za—Z; - LXxv ZICET S AR ERESSEINTOE O {ETS
CBg5=a—X; [METHOLEMBES | [METHOEFD ] &0 S3KEP
D&,
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D Prompt to GPT

LT oERICRE> T 2E 0,

T AR MDTXI N EFERCTEA. IELEDBVICET 2ERBAEHRBELEIT.

F0B. RBLIEERAN [RFTAN] LB [HFEF]l ERLTOSEMESIEXELENSHRTLE
T. HBLEYUTEIEREN[ZIAN] R [FE] R LT 515463 [LABEL\_L | 5. FhlS D5
&3 [LABEL\ 0| #5~_IL & LTEIVYTET.

PIFIchw o2hoflERmLE T,

\#\#\# i1

post: §H5HIFTNWHELEND L TEDIIFEAD. ST OTRL.

expression: {EENYD L TDIIFEA

label: LABEL\_O

reason: {EEMDEHFLCEVWEVWSKREADAHT. EENVERIFANC VTS LIV T 2RENRED
Moz,

\#\#\# 42

post: CPIRODMELEMD T IURISIZICZA...... 45,000% BELR LD VA —F—ED 0 SEFH A
Wik E160N TEZ TEhofe. ...

expression: CPI/ROELEMD I IURI(I/IZZA

label: LABEL\_O

reason: [ XVYURIILICZA ]l EWSREDPHT. BNV ERIFANLZVFS L VT 2KREDR
Dhonhicd.

\#\#\# I3

post: RYPZEIELITHhS .. . HO5E>THEOMSESITHLWIIE...( ")
expression: ¥ X/AELITM I

label: LABEL\_O

reason: {EEMDEFIFANLC VHFBRLILVT ZRENRONSH W&,

\#\#\# fl4

post: Netflix. {EL(FI3eBOE WhoTLECDEES.. . BFAL .. #Netflix
expression: fE_L(Fl@LfiiEbi

label: LABEL\_1

reason: |[LBbin] EWSEKEMSHFEH L 27 UAFELZBNSIZ0.

\#\#\# 45

post: H2IF—Hw— U >{ELIFTADLE...E5LLS.. . THEITESLWDIIHIZT—HnL
...

expression: $»2IF—Hw— L ><{MELIFTFADL

label: LABEL\_O

reason: EEMVNEFIFANCVHFBELLVT HZ2RENR OhD L0z,

\#\#\# 6

post: ESICMELIFLTTH A

expression: JEYICMELIFLTTH A,

label: LABEL\_O

reason: [ D3] EWSKREDHT. EENDERIFANCOHFBS LD T 2RENROMDE
=&,

NHOREBEIZ. FZoNIRIANEMMTL. IROISONBERATHRREIRRL T 2E 0
N\ “\json \\
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N\
"expression": "<HREEE NI-RIERT>", \\
"label": "LABEL\_O" or "LABEL\_1", \\
"reason": "~ & WOSKREAMNSHFBFNZ Z 27 UIADBFTEABNE-H. " or MEEDD E#FIFA
NEVHFSLEVTERENERDONSE W -H" etc. .. \\
\} \\
AR

RECHSETRTRENRE OISO LEWHETH. BENVICERLTWS/2FDOFREG [ LABEL\_0 |
LTz,

COERICIDODWTA—Y—CEELESRERIHVIETA. d-0l—DBER. B RICE> TER
HJISONL Z R U &1t 52 & T,
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E Prompt to GPT (Russell)

XDPost|Z DT . RussellDFBEMARETLEAOCTAMILET.

BRI NfcPostEiA. (ELEMDITITT 2REE. EEE M - MRO2DOBAHH-2, -1, 0, 1, 20058
BETEEM L T /2E 0,

ZOB. LIToEEHICHE-> T 2E 0,

1. EEMDICDOTOERNHZ2NESIERRL. TOBSICEIEERE. R- FMROEES5H0E
LTLf2E 0,

2. Post@tRDRERBEDTFM T3 < . MEEDDICHTT 2REDOTFMICEF LTS 0,

3. EEELM - MROBEICDWT. ZOLSICFTHMT 2HEEELCAL TS 0,

4. BFRELToIsNERATEAL T 2S00,

[

json
{

"arousal": -2 or -1 or 0 or 1 or 2,

"valence": -2 or -1 or O or 1 or 2,

"reason": "{E_ED VI T HRRBOTFMOMRUETAL T 2E 0, "
N

[SNaNE

COFERIIDWTA—Y—LELESDLERIOVIBA. SE-OE—DMLEIZ. LEEOETRICHES
TXEEMTL. IERZISONEENT 52 ETY.
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