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Abstract

Emojis are widely used in online financial com-
munication, but it is unclear whether they pro-
vide transferable sentiment signals across lan-
guages, platforms, and asset communities. This
study examines the extent to which emoji us-
age, semantics, and sentiment polarity remain
stable across financial communities, and how
these layers influence zero-shot sentiment trans-
fer. Using large corpora of Twitter and Stock-
Twits posts in four languages, we measure cross-
community divergence and evaluate sentiment
models trained under emoji-only, text-only, and
text+emoji inputs.

We find that emoji frequencies differ across
communities, especially across languages, but
their semantics and sentiment polarity are
largely stable. Cross-asset transferability shows
minimal degradation, while cross-language
transfer remains the most challenging. Includ-
ing emojis consistently reduces transfer gaps
relative to text-only models. These results in-
dicate that financial communication exhibits a
partially shared “emoji code,” and that emojis
provide compact, language-independent senti-
ment cues that improve model generalization
across markets and platforms.

1 Introduction

Emojis are widely used in digital communication,
appearing in more than one in five tweets and bil-
lions of messages daily (Emojipedia, 2025). Be-
cause they compress emotion and meaning, emojis
have become important features in NLP tasks such
as sentiment analysis. Their visual and symbolic
nature also suggests the possibility of language-
independent sentiment signals.

However, prior work shows substantial varia-
tion in emoji usage and interpretation across cul-
tures, demographics, and platforms (Lu et al., 2016;
Ljubesi¢ and Fiser, 2016; Miller et al., 2016, 2017,
Guntuku et al., 2019; Bai et al., 2019). Emojis that
seem universal often acquire community-specific

meanings, limiting the ability of sentiment models
to generalize across domains.

Financial communication offers a focused setting
to examine this question. Investor communities
form a global subculture with shared jargon and
symbolic cues. Emojis such as <*, %, and @
often convey notions of persistence, optimism, or
loss. If these meanings are stable across languages
and platforms, sentiment models trained in one fi-
nancial community may transfer more effectively
to others.

Prior studies have shown that emoji-based sen-
timent models can match or exceed text-only
models while being faster, cheaper, and more
interpretable—features valuable for real-time trad-
ing and high-frequency analytics (Colavito et al.,
2025; Di Palo et al., 2024). Understanding whether
emoji semantics remain stable across languages
and platforms is, therefore, practically relevant for
building generalizable financial NLP systems.

While earlier work has examined emoji univer-
sality in general or non-financial contexts, little is
known about how emojis behave within financial
communities. Existing evidence shows that emoji
usage in finance differs from everyday communica-
tion (Mahrous et al., 2023), but it remains unclear
whether these domain-specific patterns affect the
cross-community transferability of emoji meaning
and sentiment.

To address this gap, we study whether emoji-
based sentiment representations learned in one fi-
nancial community generalize to others, and how
linguistic, asset-specific, and platform-specific dif-
ferences influence this transferability. Specifically,
we ask:

(i) Do financial communities use emojis with
comparable frequency, meaning, and affective
associations across languages, platforms, and
asset classes?

(i1)) How do these differences affect the zero-shot
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transfer of financial sentiment models?

We provide a large-scale empirical analysis
across multiple languages, assets, and platforms,
and show that financial communities exhibit both
shared and community-specific emoji patterns, with
consequences for cross-domain sentiment transfer.

2 Related Work

Emojis have been described as a “ubiquitous lan-
guage” transcending linguistic boundaries (Lu et al.,
2016), yet substantial evidence shows that their us-
age and interpretation vary across cultures, plat-
forms, and communities. Studies report clear re-
gional differences in emoji frequency and emotional
tone (Ljubesi¢ and Fiser, 2016; Guntuku et al.,
2019), as well as culture-specific uses and meanings
(Sampietro et al., 2022; Togans et al., 2021; Sun
et al., 2023). Basic facial emojis may generalize
across languages, but many symbols exhibit local-
ized semantics (Barbieri et al., 2016, 2018; Tomi-
hira et al., 2020). Variation also appears within
communities: platform renderings can induce sen-
timent disagreement, and textual context may shift
emoji interpretation (Miller et al., 2016, 2017). De-
mographic and individual factors further contribute
to heterogeneous sentiment perception (Koch et al.,
2022; Chen et al., 2024; Hakami et al., 2021).

In finance, emojis have emerged as meaningful
sentiment indicators. Prior work shows that incor-
porating emojis can improve sentiment classifica-
tion accuracy and efficiency in financial microblogs
(Chen and Xing, 2023; Mahrous et al., 2023; Mah-
moudi et al., 2022), and that finance-specific emoji
embeddings provide explanatory power for price
movements and investor sentiment (Reschke and
Strych, 2024; Carrillo et al., 2022). These findings
indicate that emojis carry substantive information
in financial communication.

While prior work establishes that emojis are in-
formative features for financial sentiment analysis
and market prediction, it remains limited in scope
along three dimensions. First, most studies focus on
a single platform (e.g., Twitter or StockTwits) or a
single asset class, without evaluating cross-platform
or cross-asset generalization. Second, existing anal-
yses are largely restricted to English or monolin-
gual settings, leaving the cross-lingual behavior of
financial emojis underexplored. Third, prior work
evaluates in-domain performance, without examin-
ing whether emoji-based representations transfer
across communities under a distribution shift. In

contrast, our study systematically evaluates emoji
usage, semantics, and sentiment across languages,
platforms, and assets, and measures zero-shot trans-
fer performance, offering a view of the generaliz-
ability of emoji models in financial text. It remains
unclear whether financial emojis exhibit the same
degree of heterogeneity observed in general dis-
course and how such variation affects the transfer
of cross-community sentiment analysis models.

3 Data

3.1 Sources

We analyze finance-related microblogs from Twit-
ter and StockTwits, totaling over 100M messages
across more than a decade. The Twitter data com-
bines two public datasets (Pefias Martinez, 2023;
alaix14, 2019). For StockTwits, we use one dataset
covering equities (Divernois and Filipovié¢, 2024)
and an additional cryptocurrency dataset collected
by the authors. The corpora span four languages
(EN, ES, JA, TR) and two asset categories (stocks
and cryptocurrencies).

The dataset comprises over 100 million mes-
sages in total, including approximately 21M En-
glish tweets, 0.65M Japanese tweets, 0.25M Span-
ish tweets, and 0.23M Turkish tweets, as well as
4.7M Bitcoin-related, 31M cryptocurrency, and
60M stock-related StockTwits posts (all StockTwits
posts are in English), collected over the period
2007-2023.!

3.2 Sentiment Labels

StockTwits messages include native bullish/bear-
ish labels, which we use as ground truth following
prior work (Divernois and Filipovié, 2024; Cook-
son and Niessner, 2020). Twitter lacks sentiment
labels, so we infer them using GPT-5 (OpenAl,
2025), validated against human annotations. Prior
studies show that large language models achieve
high-quality sentiment labeling (He et al., 2023;
Colavito et al., 2025; Gilardi et al., 2023). A sub-
set of 2,700 tweets across the four languages was
manually checked to verify label reliability.

4 Methods

4.1 Distributional Similarity

We first examine how similarly financial commu-
nities use emojis by comparing the frequency dis-
tributions of the top 100 emojis across languages,

"Detailed statistics are provided in Appendix A.
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platforms, and asset types. For each corpus pair,
we compute four complementary divergence mea-
sures: Jensen—Shannon Distance (global informa-
tion divergence), Total Variation (proportion of
usage that differs), the Bhattacharyya Coeflicient
(distributional overlap), and Rank-Biased Overlap
(agreement in the high-frequency head of the dis-
tribution). Together, these metrics capture global,
proportional, overlapping, and rank-weighted simi-
larities in emoji usage.

4.2 Semantic Alignment

To assess whether emojis preserve their contex-
tual meanings across communities, we represent
emoji semantics using multilingual contextual em-
beddings. For each corpus, all posts containing
a given emoji are encoded with XLM-RoBERTa
(Conneau et al., 2020), and a centroid embedding
is computed for each emoji. To compare semantic
spaces across domains, we apply orthogonal Pro-
crustes alignment and evaluate alignment using two
metrics: (i) mean cosine similarity between corre-
sponding emoji centroids and (ii) nearest-neighbor
accuracy (NN@1 and NN@5), which measure how
often an emoji’s closest counterpart in the other
domain corresponds to the same symbol. Cosine
similarity captures global semantic stability, while
NN@F reflects local neighborhood consistency.

4.3 Sentiment Polarity Alignment

We next evaluate whether emojis preserve their sen-
timent polarity across communities. For each emoji
in each corpus, we estimate polarity as the propor-
tion of positive posts among all posts containing
that emoji. Polarity consistency across corpora is
then assessed with three metrics: Spearman’s rank
correlation (agreement in relative ordering), mean
absolute polarity difference (magnitude of change),
and flip rate (proportion of emojis whose polarity
sign reverses). These metrics together quantify sta-
bility in sentiment polarity.

4.4 Cross-Community Transfer Experiments

Finally, we test whether cross-community differ-
ences in emoji usage, meaning, or polarity af-
fect downstream sentiment analysis. We perform
zero-shot transfer experiments in which models are
trained on one community and evaluated directly on
another without retraining. We consider three trans-
fer regimes: (i) cross-platform (Twitter vs. Stock-
Twits), (ii) cross-asset (crypto vs. stocks), and (iii)

cross-language (English, Spanish, Japanese, Turk-
ish).

4.4.1 Models

We evaluate three model families that capture dif-
ferent levels of linguistic representation. A TF-
IDF + Logistic Regression model provides an inter-
pretable lexical baseline. XLM-RoBERTa serves
as a strong multilingual contextual encoder suit-
able for short, emoji-rich posts. ByT5 (Xue et al.,
2022) is included to test byte-level robustness to
tokenization and vocabulary shifts across languages
and platforms. We additionally evaluate a more re-
cent encoder-based model, DeBERTa-v3-base fine-
tuned for aspect-based sentiment analysis (ABSA),
with results reported in Appendix 8-10.

4.4.2 Modalities

To isolate the contribution of emojis, each model
is trained under three input configurations: emoji-
only (E), text-only (T), and combined text+emoji
(TE). This yields a total of 27 experiments across
domains, models, and modalities. For each setting,
we report in-domain accuracy and the transfer gap,
defined as the drop in performance when evaluating
on a target community. All corpora are balanced
and split into separate training, validation, and test
sets, and identical preprocessing is applied across
domains.

Additional details are provided in the appendix,
including corpus construction and preprocessing
(A), sentiment labeling and validation (B), detailed
methods for emoji frequency, semantic, polarity,
and model transfer analyses (C—F), statistical ro-
bustness procedures (G), and extended experimen-
tal results (H).

5 Results

In this section, we present empirical results quan-
tifying how financial communities differ in their
emoji usage, meanings, and sentiment polarity, and
whether such differences affect model transferabil-
ity across communities.

5.1 Distributional Similarity

We first compare how frequently financial commu-
nities use emojis. Using the top 100 emojis per cor-
pus, we compute Jensen—Shannon Distance (JSD),
Total Variation (TV), Bhattacharyya Coefficient
(BC), and Rank-Biased Overlap (RBO) (Table 1).
These four metrics jointly provide complementary
views: JSD and TV quantify global distributional
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Table 1: Emoji frequency distribution similarity across
domains. Higher JSD/TV indicates greater divergence;
higher BC/RBO indicates greater similarity.

Comparison JSOD TV BC RBO

Cross-asset

Stocks—Crypto (ST) 0.28 0.26 0.95 0.69
Cross-platform

ST-TW (BTC) 032 028 092 0.64
Cross-language

EN-ES (TW) 042 038 0.87 045
EN-JA (TW) 0.51 0.50 0.80 0.25
EN-TR (TW) 041 038 0.88 045

ST = StockTwits, TW = Twitter, BTC = Bitcoin.

differences, BC highlights shared usage despite fre-
quency shifts, and RBO gives extra weight to agree-
ment among the most frequent emojis—important
given the heavy-tailed nature of emoji distributions.

Across all comparisons, emoji frequency distri-
butions differ substantially. Divergence is small-
est for cross-asset pairs on the same platform, in-
creases for cross-platform comparisons, and is
largest for cross-language pairs. TV values indicate
that roughly one-quarter to one-half of emoji usage
proportions differ between domains. At the same
time, high BC values and moderate RBO scores
show that most emojis are shared across commu-
nities but used in different proportions. Overall,
financial communication exhibits a partially shared
emoji vocabulary, with frequency patterns shaped
primarily by language and platform.

5.2 Semantic Alignment

Frequency similarity does not reveal whether emo-
jis convey similar meanings across communities.
To assess semantic stability, we compare contextual
emoji embeddings across domains using orthogo-
nal Procrustes alignment. Mean cosine similarity
measures the alignment of the overall contextual
embedding spaces, while NN@1 and NN@5 quan-
tify how consistently individual emojis align with
their corresponding counterparts across corpora
(Table 2). Intermediate values (NN@2—4) are re-
ported in Table 12.

Although mean cosine similarity remains high
in all settings, nearest-neighbor accuracy drops
sharply in cross-platform and cross-lingual compar-
isons (particularly between English and Japanese).
This pattern indicates that the global structure of
emoji semantics is largely shared across commu-
nities, while the precise contextual semantics of

Table 2: Semantic alignment of emojis across domains.

Comparison Mean Cosine NN@1 NN@5
Cross-asset

Stocks—Crypto (ST) 0.96 0.77 0.94
Cross-platform

ST-TW (BTC) 0.94 0.17 0.28
Cross-language

EN-ES (TW) 0.97 0.04 0.37
EN-TR (TW) 0.96 0.08 0.38
EN-JA (TW) 0.95 0.09 0.19

ST = StockTwits, TW = Twitter, BTC = Bitcoin.

specific emojis vary increasingly under platform
and language shifts.

5.3 Sentiment Polarity

After assessing semantic similarity, we examine
whether emojis preserve their sentiment polarity
across communities. Semantic alignment does not
guarantee affective consistency: the same emoji can
express opposite sentiment even when its meaning
is similar. For example, the X" emoji often sig-
nals resilience in financial discussions—positive
when expressing confidence (“I will hold because I
believe it will rise”) but negative when expressing
stubbornness (“I will hold despite losses”).

For each shared emoji, we compare its positive-
to-negative usage ratios across corpora and evaluate
polarity consistency using weighted Spearman cor-
relation (p), weighted mean absolute polarity dif-
ference (MAUD,,), and weighted polarity flip rates.
Frequency weighting reduces the influence of low-
support emojis and yields more stable aggregate
estimates.

As shown in Table 3, emoji sentiment rank-
ings are strongly correlated across communities
(pw = 0.79-0.89), indicating broadly consistent
affective interpretation. Polarity shifts are mod-
est MAUD,, ~ 0.04-0.08), and polarity flips are
rare (below 8%). Consistency is highest for cross-
asset comparisons, decreases across platforms, and
varies across languages. Overall, emoji sentiment
polarity remains relatively stable across financial
microblogging communities.

Additional visualizations of cross-community
emoji usage and polarity are provided in Appendix
Figures 3 and 4.

5.4 Sentiment Model Transfer

The preceding analyses quantify how emoji usage,
semantics, and sentiment polarity vary across finan-
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Table 3: Emoji sentiment polarity consistency across
domains.

Comparison pw MAUD,, Flip, (%)
Cross-asset

Stocks—Crypto (ST) 0.89  0.044 25
Cross-platform

ST-TW (BTC) 0.81  0.086 7.9
Cross-language

EN-ES (TW) 0.73  0.081 7.1
EN-JA (TW) 0.85  0.064 3.5
EN-TR (TW) 0.79  0.047 1.1

ST = StockTwits, TW = Twitter, BTC = Bitcoin.

cial communities. We now examine whether these
differences translate into performance gaps for sen-
timent analysis models. Specifically, we evaluate
the zero-shot transferability of financial sentiment
models trained on one community and tested on
another across assets, platforms, and languages.

We compare three model families: TF-IDF with
logistic regression as an interpretable lexical base-
line, XLLM-R as a multilingual contextual encoder,
and ByT5 as a byte-level transformer. Each model
is evaluated under three input configurations: emoji-
only (E), text-only (T), and combined text+emoji
(TE), allowing us to isolate the contribution of
emoji information to cross-domain generalization.

For each transfer setting, we report the transfer
gap, defined as the difference between in-domain
and out-of-domain accuracy.

5.4.1 Cross-asset

Cross-asset transfer evaluates how well sentiment
models trained on one asset community (cryptocur-
rencies) generalize to another (stocks) within the
same platform and language. As shown in Table 4,
transferring across asset domains consistently re-
duces accuracy across all model families and input
modalities, with transfer gaps ranging from approx-
imately 2 to 11 percentage points.

Text-only models exhibit the largest performance
degradation. In contrast, emoji-only models trans-
fer more smoothly, with substantially smaller ac-
curacy gaps (all below 5%), indicating that emo-
jis encode sentiment signals that generalize better
across asset types. Combining text and emoji yields
the highest absolute accuracy and consistently re-
duces the transfer gap relative to text-only models,
showing that emoji information complements tex-
tual features.

Across model families, XLM-R shows the small-

Table 4: Cross-asset transfer gaps in accuracy between
StockTwits—Crypto (in-domain) and StockTwits—Stocks
(out-of-domain).

Modality Model  In-domain A— ST-Stocks

Emoji ByT5 0.749 0.045
XLM-R  0.718 0.020
TF-IDF 0.768 0.053

Text ByTS5 0.783 0.092
XLM-R  0.739 0.035
TF-IDF 0.845 0.106

Text+Emoji ByT5 0.833 0.070
XLM-R  0.791 0.034
TF-IDF 0.852 0.087

ST = StockTwits.

est transfer gaps overall, particularly in emoji-only
and text+emoji settings, indicating that multilingual
contextual representations capture relatively stable
sentiment associations that transfer well across fi-
nancial assets.

5.4.2 Cross-platform

Cross-platform transfer evaluates how well senti-
ment models trained on one platform (StockTwits)
generalize to another (Twitter) for the same asset
and language. As shown in Table 5, transferring
across platforms leads to substantially larger accu-
racy drops than cross-asset transfer, with losses
ranging from approximately 3 to 21 percentage
points depending on the model and input modality.
Text-only models again exhibit the largest degra-
dation. In contrast, emoji-only models transfer
more effectively across platforms, with consistently
smaller accuracy gaps. Among these, XLM-R
shows near-zero transfer loss in the emoji-only set-
ting, indicating that emoji—sentiment associations
learned by multilingual contextual embeddings re-
main stable across platforms. ByT5 exhibits moder-
ate transfer loss, while achieving higher in-domain
accuracy. It is worth noting that XLM-R is pretrained
on a general corpus of web data, possibly contain-
ing relatively limited finance-related social media
content, which may explain its lower absolute per-
formance despite strong transfer stability.
Combining text and emoji improves transferabil-
ity for all model families, consistently reducing
cross-platform gaps relative to text-only models.
Overall, these results indicate that platform shifts
introduce substantial challenges for textual senti-
ment models, while emoji-based representations
provide more robust cross-platform generalization.
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Table 5: Cross-platform transfer gaps in accuracy be-
tween StockTwits—BTC (in-domain) and Twitter—BTC
(out-of-domain).

Modality Model In-domain A— TW-BTC
Emoji ByT5 0.749 0.059
XLM-R  0.718 0.004
TF-IDF 0.738 0.035
Text ByTS5 0.783 0.209
XLM-R  0.739 0.035
TF-IDF 0.831 0.191
Text+Emoji ByT5 0.833 0.147
XLM-R  0.791 0.022
TF-IDF 0.836 0.131

ST = StockTwits, TW = Twitter, BTC = Bitcoin.

5.4.3 Cross-language

Cross-language transfer evaluates how well senti-
ment models trained on English data generalize
to non-English financial communities on the same
platform and asset. As shown in Table 6, cross-
language transfer results in the largest performance
degradation among all transfer settings, with accu-
racy losses exceeding 25% for some combinations
of target language, model, and input modality.
Across all models, incorporating emojis im-
proves cross-language transfer. Emoji-only models
exhibit the smallest transfer gaps, indicating that
emoji-based sentiment signals are comparatively
language-independent. Text-only models, in con-
trast, suffer the largest degradation, showing that
textual sentiment cues are highly language-specific
and do not generalize well across languages. Mod-
els trained on combined text+emoji inputs provide
the best overall trade-off: while their transfer gaps
remain larger than emoji-only models due to higher
in-domain accuracy baselines, they are consistently
smaller than those of text-only models, resulting in
the highest absolute accuracy after transfer. This
indicates that emojis stabilize text-based sentiment
representations under cross-lingual domain shift.
Among model families, XLM-R shows the strongest
transfer robustness, reflecting the benefits of mul-
tilingual contextual pretraining that aligns senti-
ment representations across languages. TF-IDF
exhibits the largest gaps, consistent with its reliance
on exact token overlap and memorizing language-
specific words; nevertheless, it retains non-trivial
performance by exploiting non-textual tokens such
as numbers and punctuation. ByT5 achieves inter-
mediate robustness: while its byte-level encoding
enables language-agnostic input processing, the ab-
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Figure 1: Transfer gaps by modality, regime, and model.

Table 6: Cross-language transfer gaps in accuracy be-
tween English (in-domain) and non-English corpora
(out-of-domain).

Modality = Model EN A—ES A—JA A—TR
Emoji ByT5 0.80 0.08 0.13 0.08
XLM-R 0.77 0.06 0.03 0.04
TF-IDF 0.79 0.08 0.06 0.07
Text ByT5 090 0.08 0.14 0.17
XLM-R 0.87 0.03 0.04 0.10
TF-IDF 0.85 0.19 0.25 0.20
Text+Emoji ByT5  0.92 0.08 0.12 0.13
XLM-R 0.90 0.03 0.04 0.08
TF-IDF 0.88 0.14 0.16 0.14

sence of multilingual semantic pretraining leads
to larger transfer losses, particularly for languages
with highly distinct alphabets. Among target lan-
guages, transfer to Spanish yields the smallest gaps
in text-based settings, consistent with its closer
linguistic proximity to English, while this advan-
tage is substantially reduced in emoji-based modali-
ties, where sentiment meanings are more language-
independent.

6 Discussion

6.1 Findings and Implications

Our results connect three layers—frequency dis-
tributions, semantic meaning, and sentiment
polarity—to downstream model transfer perfor-
mance. Emoji frequencies differ across commu-
nities, showing the largest divergence across lan-
guages and the smallest across assets. Despite these
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frequency shifts, the global semantic space remains
stable (mean cosine > 0.93), while emoji-level sim-
ilarity (NN @Xk) degrades mainly across languages
and platforms. Sentiment polarity is highly consis-
tent, with strong rank correlations between polarity
distributions, small absolute differences, and high
agreement in polarity signs across emojis. Together,
these findings indicate a universally stable emoji
semantic and sentiment structure, with community-
specific usage patterns layered on top.

These three layers relate to the patterns of trans-
fer we observe across regimes. Cross-asset compar-
isons (within the same platform and language) show
the highest semantic alignment, strongest polarity
agreement, and smallest divergence in emoji fre-
quency distributions. They also have the smallest
model transfer gaps, as shown in Fig. 1.

The contrast between models further illustrates
how model design shapes generalizability. XLM-R
achieves the smallest transfer gaps. With its multi-
lingual pretraining and contextual representation, it
is more robust to community-specific vocabulary
differences. ByT5 performs competitively within-
domain and shows moderate robustness across do-
mains, benefiting from its tokenizer-free byte-level
encoding, which enables it to process unseen tokens,
including emojis. However, without explicit mul-
tilingual semantics, its ability to generalize mean-
ing across languages is limited; for instance, it can
process Japanese but has little understanding of
its semantics because Japanese characters are en-
coded very differently at the byte level compared
to English characters. TF-IDF, by contrast, relies
on direct co-occurrence of tokens and labels and
therefore degrades more under shifts in vocabulary.
Overall, the hierarchy XLM-R > ByT5 > TF-IDF
follows the progression from lexical matching to
multilingual contextual understanding.

Perhaps most notably, emojis consistently help
models generalize. When combined with text, they
reduce transfer gaps and improve accuracy across
all regimes and models. This is consistent with
their stable polarity and semantics even under lan-
guage shifts. Importantly, emoji signals comple-
ment rather than replace textual ones: text+emoji
models outperform text-only models, while emoji-
only models remain strong for applications where
textual learning is challenging. Emojis contribute
a parallel, language-independent channel of senti-
ment information that stabilizes the model’s predic-
tions when textual channels diverge.

Therefore, including emojis significantly reduces

the need to retrain models. The cross-platform set-
ting is especially interesting, suggesting that train-
ing emoji-based sentiment models on StockTwits
data, which are labeled at a much higher rate, and
applying them to the much more sparsely labeled
Twitter data is feasible with limited loss. Emoji
features also offer a compact, interpretable, faster-
to-process signal. This supports the development
of fast, explainable sentiment models that transcend
cultural boundaries.

Our results position the paper between two seem-
ingly opposing bodies of work: studies document-
ing wide cross-community variation in emoji use
and meaning, and claims that emojis serve as near-
universal sentiment signals. We concur with ev-
idence of heterogeneity—frequency profiles di-
verge across communities, and cross-lingual NN @k
alignment is low—consistent with cultural and plat-
form effects. Yet we qualify this view with a finance-
specific regularity: despite frequency shifts, the
global semantic structure and sentiment polarity of
emojis remain broadly stable across financial com-
munities. This combination challenges the common
inference that heterogeneity necessarily undermines
transfer. In our setting, emojis consistently improve
zero-shot generalization despite a certain degree of
heterogeneity, and text+emoji models outperform
text-only across regimes. We also advance the de-
bate by distinguishing general “emoji universality”
from domain-specific transferability, and by show-
ing that, in finance, cultural convergence supports
cross-cultural model transfer.

6.2 Future Research

Future research can build on these findings in sev-
eral directions. A first step is to extend cover-
age across platforms and languages. Platforms
such as Discord, Telegram, and Weibo, or other
regional platforms, host significant communities
whose emoji norms may differ from those of Twit-
ter and StockTwits. Beyond sentiment, future work
should investigate the broader communicative roles
of emojis—including sarcasm and social signaling.
Understanding these dimensions would help dis-
tinguish affective from pragmatic emoji use across
communities and improve NLP models. Finally, a
more causal analysis is needed to disentangle the ef-
fects of emoji frequency, semantics, and sentiment
polarity on the model’s transfer gap. Controlled ex-
periments could identify which mechanisms most
limit generalization.
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7 Conclusion

We ask whether emojis provide transferable sen-
timent signals across financial communities—
spanning languages, assets, and platforms—and
how community-specific variation impacts zero-
shot model transfer. This matters for building effi-
cient, cross-cultural sentiment systems in finance,
where labeled data are scarce.

Across all analyses—usage frequencies, seman-
tics, sentiment polarity, and model transfer—a con-
sistent pattern emerges. Emoji behavior in finance
reflects a shared communicative structure with
domain-specific nuance. Emoji-sentiment metrics
diverge more across languages and platforms than
across assets, suggesting that community, rather
than topic, drives variation. Semantic alignment
shows that global embedding structure is preserved,
yet local neighborhoods shift, particularly in cross-
lingual and cross-platform settings. Polarity analy-
sis confirms that while most emojis retain their sen-
timent orientation, a few context-dependent sym-
bols invert meaning depending on the community.
Finally, model transfer results integrate these ob-
servations: emoji inputs yield more stable cross-
domain generalization than textual inputs, indicat-
ing that emojis—though not perfectly universal—
encode robust sentiment signals that bridge finan-
cial subcultures.

Taken together, our findings provide clear an-
swers to the guiding research questions. We find
that financial communities rely on largely overlap-
ping sets of emojis, yet their relative frequencies
vary substantially across communities. Despite
these differences in usage, the underlying semantic
structure of emojis remains broadly aligned across
domains. Global meanings are stable while local co-
occurrences shift in subtle ways. Sentiment polarity,
too, shows significant stability, with only a handful
of emojis changing sentiment direction across com-
munities. Finally, models trained with emoji inputs
demonstrate notably stronger cross-domain general-
ization than their text-only counterparts, confirming
that emojis serve as transferable sentiment signals
in online financial communication.

Our findings have both practical and conceptual
implications. For practical model deployment, they
suggest that emoji-based sentiment features are ro-
bust for transfer learning and can enhance the gen-
eralizability of financial NLP systems across mar-
kets and languages, reducing the need for domain-
specific retraining—particularly useful given the

scarcity of labeled data in many financial languages
or platforms. From a conceptual perspective, our re-
sults nuance the debate on emoji universality. While
prior studies outside finance reach mixed conclu-
sions about whether emoji meanings are universal
or culture-specific, none have examined financial
communication—a domain we argue is more cultur-
ally convergent. We show that emoji representation
in finance reflects both universal and community-
specific patterns. Our findings also suggest that
conclusions about transferability drawn from gen-
eral social media may not extend to specialized con-
texts. This highlights the need for domain-sensitive
analyses when assessing the universality of emojis.
Data and Code Availability. Data and code re-
quired to reproduce the main results are available
on Zenodo (Mahrous and Di Pietro, 2026).

8 Limitations

Nevertheless, several limitations remain. The anal-
ysis focuses on Twitter and StockTwits, and on four
high-volume languages (EN, ES, JA, TR), leaving
other platforms and linguistic groups unexplored.
Only three model families were evaluated, exclud-
ing larger instruction-tuned LLMs. The study as-
sumes single-label sentiment per post, and while
correlations between drift and transfer gaps are
strong, causal effects remain untested. Moreover,
functions of emojis beyond bullish/bearish senti-
ment—such as humor or sarcasm—are not studied
in this paper.

These limitations, however, do not undermine the
main conclusions. Twitter and StockTwits represent
two dominant venues for online financial discussion.
The chosen languages cover diverse writing systems
and cultural contexts, providing a strong basis for
cross-lingual generalization. Evaluating three dis-
tinct model families—from lexical to contextual
to byte-level—captures a broad design spectrum
relevant to sentiment model transfer. Moreover,
the models evaluated here may be more efficient
than instruction-tuned LLMs for social media senti-
ment labeling (Colavito et al., 2025; Di Palo et al.,
2024). This efficiency reinforces the practicality
of emoji-based sentiment models for real-time fi-
nancial applications. Finally, while causal analysis
and non-sentiment uses of emojis remain an open
research direction, they do not affect the observed
stability of emoji meaning and polarity, which is
consistent across datasets, languages, and model
types.
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9 Ethical Considerations

9.1 Potential Risks

This study poses minimal risk to individuals or com-
munities. It uses only publicly available posts from
Twitter and StockTwits and analyzes aggregate pat-
terns of emoji use and sentiment rather than indi-
vidual behavior. We do not infer personal attributes
or make individual-level predictions. Although sen-
timent analysis tools could be misused for large-
scale monitoring, this work is intended solely for
academic research and does not support user-level
profiling.

9.2 Data Content and Privacy

All data come from publicly accessible social me-
dia posts and exclude private or direct messages.
During preprocessing, usernames, URLs, mentions,
and hashtags were removed or normalized, retain-
ing only linguistic content relevant to sentiment
analysis, including emojis. All analyses are con-
ducted at the aggregate level. No user identifiers
are stored, analyzed, or released, and the shared
artifacts do not permit re-identification.

The data may contain profanity or emotionally
charged language, as is common in social media.
Such content is neither highlighted nor analyzed at
the individual level and does not affect the interpre-
tation of our aggregate binary sentiment results.

In line with the GDPR (European Parliament
and the Council of the European Union, 2016), we
process only publicly available data for academic re-
search, following the principle of data minimization
by retaining only material necessary for the study.
Under institutional guidelines, this work qualifies
as exempt secondary analysis of public data.

Acknowledgments

This research was supported by award number 5940
from King Abdullah University of Science and
Technology (KAUST).

References

alaix14.2019. Bitcoin tweets 2016-01-01 to 2019-03-29.
https://www.kaggle.com/datasets/alaix 14/bitcoin-
tweets-20160101-to-20190329. Accessed 2026-04-
22.

Francesco Audrino, Fabio Sigrist, and Daniele Balli-
nari. 2020. The impact of sentiment and attention
measures on stock market volatility. International
Journal of Forecasting, 36(1):334-357.

Qiyu Bai, Qiong Dan, Zhe Mu, and Min Yang. 2019.
A systematic review of emoji: Current research
and future perspectives. Frontiers in Psychology,
10:476737.

Francesco Barbieri, Luis Espinosa Anke, and Jose
Camacho-Collados. 2022. XIm-t: Multilingual lan-
guage models in twitter for sentiment analysis and
beyond. In Proceedings of the thirteenth language
resources and evaluation conference, pages 258-266.

Francesco Barbieri, Jose Camacho-Collados, Francesco
Ronzano, Luis Espinosa-Anke, Miguel Ballesteros,
Valerio Basile, Viviana Patti, and Horacio Saggion.
2018. Semeval-2018 task 2: Multilingual emoji pre-
diction. In Proceedings of The 12th International
Workshop on Semantic Evaluation, pages 24-33.

Francesco Barbieri, German Kruszewski, Francesco
Ronzano, and Horacio Saggion. 2016. How cos-
mopolitan are emojis? exploring emoji usage and
meaning over different languages with distributional
semantics. In Proceedings of the 24th ACM Interna-
tional Conference on Multimedia, pages 531-535.

Hector E. Carrillo, Robert Pennington, and Yang Zhang.
2022. Is an emoji worth a thousand words? the effect
of emoji usage on nonprofessional investors’ percep-
tions. Journal of Information Systems, 36(2):1-15.

Shuo Chen and Fan Xing. 2023. Understanding emojis
for financial sentiment analysis. In Proceedings of
the International Conference on Information Systems
(ICIS).

Yu Chen, Xinyi Yang, Henry Howman, and Ruth Fi-
lik. 2024. Individual differences in emoji compre-
hension: Gender, age, and culture. PLOS ONE,
19(2):e0297379.

Giuseppe Colavito, Filippo Lanubile, and Nicole
Novielli. 2025. Benchmarking large language mod-
els for automated labeling: The case of issue report
classification. Information and Software Technology,
184:107758.

Alexis Conneau, Kartikay Khandelwal, Naman Goyal,
Vishrav Chaudhary, Guillaume Wenzek, Francisco
Guzmadn, Edouard Grave, Myle Ott, Luke Zettle-
moyer, and Veselin Stoyanov. 2020. Unsupervised
cross-lingual representation learning at scale. In Pro-
ceedings of the 58th Annual Meeting of the Asso-
ciation for Computational Linguistics (ACL), pages
8440-8451.

J. Anthony Cookson and Marina Niessner. 2020. Why
don’t we agree? evidence from a social network of
investors. Journal of Finance, 75(1):173-228.

Flavio Di Palo, Prateek Singhi, and Bilal Fadlallah. 2024.
Performance-guided 1lm knowledge distillation for
efficient text classification at scale. arXiv preprint
arXiv:2411.05045.

Marc-Aurele Divernois and Damir Filipovié. 2024.
Stocktwits classified sentiment and stock returns. Dig-
ital Finance, 6(2):249-281.

21990



Emojipedia. 2025. Emoji statistics.
pedia.org/stats. Accessed 2026-04-22.

https://emoji-

European Parliament and the Council of the European
Union. 2016. Regulaton (eu) 2016/679 (general date
protection regulation). Official Journal of the Euro-
pean Union, pages L119/1-88.

Fabrizio Gilardi, Meysam Alizadeh, and Meher Kubli.
2023. Chatgpt outperforms crowd workers for text an-
notation tasks. Proceedings of the National Academy
of Sciences.

Google Research. 2024. Mediapipe language detector.
Accessed 2026-04-22.

Sharath Chandra Guntuku, Meng Li, Louis Tay, and
Lyle H Ungar. 2019. Studying cultural differences in
emoji usage across the east and the west. In Proceed-
ings of the International AAAI Conference on Web
and Social Media, volume 13, pages 226-235.

Sultan A. A. Hakami, Robert J. Hendley, and Paul Smith.
2021. Arabic emoji sentiment lexicon (arab-esl): A
comparison between arabic and european emoji sen-
timent lexicons. In Proceedings of the Sixth Ara-

bic Natural Language Processing Workshop, pages
60-71.

Xingwei He, Zhenghao Lin, Yeyun Gong, A-Long Jin,
Hang Zhang, Chen Lin, Jian Jiao, Siu Ming Yiu, Nan
Duan, and Weizhu Chen. 2023. Annollm: Making
large language models to be better crowdsourced an-
notators. arXiv preprint arXiv:2303.16854.

Armand Joulin, Edouard Grave, Piotr Bojanowski, and
Tomas Mikolov. 2017. Bag of tricks for efficient text
classification. In Proceedings of the 15th Conference
of the European Chapter of the Association for Com-
putational Linguistics (EACL), pages 427-431.

Thomas K. Koch, Pablo Romero, and Clemens Stachl.
2022. Age and gender in language, emoji, and emoti-

con usage in instant messages. Computers in Human
Behavior, 126:106990.

Nikola Ljubesi¢ and Darja FiSer. 2016. A global analysis
of emoji usage. In Proceedings of the 10th Web as
Corpus Workshop (WAC-X) and the EmpiriST Shared
Task, pages 82—89. Association for Computational
Linguistics.

Federico Lopez. 2023. langdetect: Lightweight lan-
guage detection in python. https://github.com/fede-
lopez77/1angdetect. Accessed 2026-04-22.

Xiaohui Lu, Wei Ai, Xiang Liu, Qian Li, Ning Wang,
Guobin Huang, and Qiaozhu Mei. 2016. Learning
from the ubiquitous language: an empirical analysis
of emoji usage of smartphone users. In Proceed-
ings of the 2016 ACM International Joint Confer-
ence on Pervasive and Ubiquitous Computing, pages
770-780.

Marco Lui and Timothy Baldwin. 2012. langid.py: An
off-the-shelf language identification tool. In Proceed-
ings of the ACL 2012 System Demonstrations, pages
25-30.

Niloofar Mahmoudi, Lukasz Piotr Olech, and Peter
Docherty. 2022. A comprehensive study of domain-
specific emoji meanings in sentiment classification.
Computational Management Science, 19(2):159-197.

Ahmed Mahrous and Roberto Di Pietro. 2026. Repli-
cation package for “cross-cultural transfer of emoji
semantics and sentiment in financial social media”
(findings of acl 2026).

Ahmed Mahrous, Jens Schneider, and Roberto Di Pietro.
2023. The role of emojis in sentiment analysis of
financial microblogs. In 2023 Fourth International
Conference on Intelligent Data Science Technologies
and Applications (IDSTA), pages 76-84. IEEE.

Hannah Miller, Daniel Kluver, Jacob Thebault-Spieker,
Loren Terveen, and Brent Hecht. 2017. Understand-
ing emoji ambiguity in context: The role of text in
emoji-related miscommunication. In Proceedings
of the International AAAI Conference on Web and
Social Media, volume 11, pages 152-161.

Hannah Miller, Jacob Thebault-Spieker, Shuo Chang,
Isaac Johnson, Loren Terveen, and Brent Hecht. 2016.
“blissfully happy” or “ready to fight”: Varying inter-
pretations of emoji. In Proceedings of the Interna-
tional AAAI Conference on Web and Social Media,
volume 10, pages 259-268.

Adi Hidayat Nasution and Aytug Onan. 2024. Chatgpt
label: Comparing the quality of human-generated and
IIm-generated annotations in low-resource language
nlp tasks. IEEE Access, 12:71876-71900.

Nuno Oliveira, Paulo Cortez, and Nelson Areal. 2013.
On the predictability of stock market behavior using
stocktwits sentiment and posting volume. In Progress
in Artificial Intelligence (EPIA 2013), volume 8154 of
Lecture Notes in Computer Science, pages 355-365.
Springer.

OpenAl. 2025. Gpt-5 system card. Aug 13, 2025 ver-
sion.

Andrea Peflas Martinez. 2023. Bitcoin twitter
sentiment dataset (2013-2023). https://www.kag-
gle.com/datasets/andreapenasmartinez/bitcoin-
twitter-sentiment-dataset-20132023. Accessed
2026-04-22.

Thomas Renault. 2020. Sentiment analysis and machine
learning in finance: A comparison of methods and
models on one million messages. Digital Finance,
2(1):1-13.

Fabian Reschke and Johannes Oliver Strych. 2024. Emo-
jis and stock returns. Review of Behavioral Finance,
16(2):223-233.

21991


https://ai.google.dev/edge/mediapipe/solutions/text/language_detector
https://doi.org/10.5281/zenodo.19660908
https://doi.org/10.5281/zenodo.19660908
https://doi.org/10.5281/zenodo.19660908
https://doi.org/10.5281/zenodo.19660908
https://cdn.openai.com/gpt-5-system-card.pdf

Agnese Sampietro, Stefan Felder, and Beat Sieben-
haar. 2022. Do you kiss when you text? cross-
cultural differences in the use of the kissing emojis
in three whatsapp corpora. Intercultural Pragmatics,
19(2):183-208.

Jiahui Sun, Sean Lasser, and Seung Kyu Lee. 2023. Un-
derstanding emojis: Cultural influences in interpreta-
tion and choice of emojis. Journal of International
and Intercultural Communication, 16(3):242-261.

L. J. Togans, Thomas Holtgraves, Giho Kwon, and
T. E. M. Zelaya. 2021. Digitally saving face: An ex-
perimental investigation of cross-cultural differences
in the use of emoticons and emoji. Journal of Prag-
matics, 186:277-288.

Takumi Tomihira, Akihiko Otsuka, Akira Yamashita,
and Takashi Satoh. 2020. Multilingual emoji predic-
tion using bert for sentiment analysis. International
Journal of Web Information Systems, 16(3):265-280.

Linting Xue, Aditya Barua, Noah Constant, Rami Al-
Rfou, Sharan Narang, Mihir Kale, Adam Roberts,
and Colin Raffel. 2022. ByT5: Towards a token-free
future with pre-trained byte-to-byte models. Transac-
tions of the Association for Computational Linguis-
tics, 10:291-306.

A Data Construction and Preprocessing
Details

A.1 Data Sources

For Twitter, we merge two publicly available
datasets of financial tweets (Pefias Martinez, 2023;
alaix14, 2019). For StockTwits, we rely on two
datasets: one containing stock-related microblogs
obtained from (Divernois and Filipovi¢, 2024), and
another containing cryptocurrency-specific mes-
sages collected by the authors.

A.2 Pre-processing steps

Before analysis, all text was normalized by low-
ercasing and replacing URLs, user mentions, and
hashtags with standardized tokens, while preserv-
ing emojis and punctuation that may carry senti-
ment, in line with (Renault, 2020).

Emojis were extracted using Unicode-aware
regular expressions that handle multi-codepoint
graphemes (e.g., family and flag sequences). Skin
tone modifiers, zero-width joiners, and variation
selectors were removed to merge visually identical
variants.

Exact duplicate messages were removed, and
near-duplicates were filtered out using a text sim-
ilarity hashing approach. This step substantially
reduced repetitive content, typically promotional
posts or spam reposts, without affecting organic
discussions.

A.3 Language Identification

Language identification employed an ensemble of
fastText (Joulin et al., 2017), LangID (Lui and Bald-
win, 2012), MediaPipe (Google Research, 2024),
and langdetect (Lopez, 2023) models, and tweets
were retained only when a majority agreed on
the detected language. Posts were then grouped
to enable subsequent cross-domain analyses span-
ning platform (Twitter vs. StockTwits), asset type
(stocks vs. crypto), and language (English, Spanish,
Japanese, Turkish) dimensions.

B Sentiment Labeling
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Figure 2: Pairwise agreement between human annota-
tors, majority vote, and AI model. Values indicate the
proportion of identical sentiment labels for each pair.

B.1 StockTwits Native Labels

For sentiment labeling, StockTwits provides self-
labeled messages where posters can tag their posts
as bullish (positive) or bearish (negative). These
native labels were used directly as the ground-
truth, following prior work showing that Stock Twits
self-reported sentiments are generally accurate and
consistent with market activity (Divernois and Fil-
ipovi¢, 2024; Cookson and Niessner, 2020; Oliveira
et al., 2013; Audrino et al., 2020). Throughout this
study, sentiment is treated as a binary classification
task, with either positive or negative labels.

B.2 LLM-Based Sentiment Inference

For Twitter, such labels are absent. Instead, we used
GPT-5 (OpenAl, 2025) via the OpenAl API to infer
tweet sentiment. Recent studies have shown that
large language models can approximate or exceed
human labeling quality in text classification tasks
(He et al., 2023; Colavito et al., 2025; Gilardi et al.,
2023; Nasution and Onan, 2024). Our approach
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Dataset Rows Span Prevalence Intensity Vocab Eff. N Top-20 Top-5 Emojis
Twitter (Top-5 languages)

English 21,098,497 2007-2023 6.6% [3.6,10.6]  2.26[2.09,2.38] 1,568 161  47.9% & & « [4E]
Japanese 649,808 2010-2022 11.1%[9.5,12.4] 2.25[2.18,2.32] 579 139  469% &0 '~ &
Spanish 250,236 2011-2022 12.4% [10.6, 13.7] 2.65[2.58,2.72] 461 132  469% [J & ¢
Turkish 225426 2011-2022 12.6% [11.1,13.8] 2.09 [2.04, 2.14] 347 105 532% & A
StockTwits

Bitcoin 4,683,666 2017-2022 13.1% [12.7,13.4] 2.59[2.54,2.64] 1,162 108  538% < & & ~ "\
Crypto 31,132,082 2012-2022 13.2% [12.6, 13.8] 2.94[2.82,3.07] 1,666 96 564% o & & </
Stocks 59,774,132 2009-2020 4.5% [4.1,4.9] 244[2.41,2471 1,305 111 540% A & 4 & \

Table 7: Descriptive statistics of the analyzed corpora. Each row summarizes a financial microblog dataset.
Prevalence = percentage of posts containing at least one emoji. Infensity = average number of emojis per emoji-
containing post. Vocab = number of distinct emojis observed. Eff N =1/, p?, where p; is the relative frequency
of emoji ¢ (higher = more even usage). Top-20 = percentage of total emoji usage accounted for by the 20 most
frequent emojis. The five most common emojis per dataset are shown as examples.

follows this emerging line of work, using GPT-5 to
generate initial sentiment labels for Twitter posts.

B.3 Human Validation and Agreement

The reliability of the Al-generated labels was eval-
uated through human annotation. Three human
annotators independently labeled a random subset
of 2,700 tweets spanning four languages (English,
Spanish, Japanese, and Turkish). For each language,
the subset was balanced, with half of the tweets la-
beled as positive and half as negative.

Annotators were instructed to assign a binary sen-
timent label based on the expressed market outlook
of each post. Tweets indicating optimism or expec-
tation of price increase were labeled as positive,
while tweets expressing pessimism or expectation
of price decrease were labeled as negative. Anno-
tators worked independently and were blind to the
Al-generated labels. Annotators were research col-
laborators and not crowdworkers; no recruitment
platform or payment scheme was involved.

Figure 2 reports the pairwise agreement be-
tween annotators, their majority vote, and the Al
model. Agreement between the GPT-based labels
and the human majority reached 0.80, comparable
to human—human agreement (0.67-0.71). This con-
sistency across all examined languages indicates
that GPT-based labeling achieves near-human reli-
ability and can be confidently used for large-scale
multilingual sentiment inference.

C Emoji Frequency and Distribution
Metrics

To quantify how similarly financial communi-
ties use emojis, we compared frequency distri-

butions across corpora along three dimensions:
platform (Twitter vs. StockTwits), asset type
(stocks vs. crypto), and language (English, Span-
ish, Japanese, Turkish). For each corpus pair, we
constructed the union of the top 100 most frequent
emojis and computed four complementary metrics.
Jensen—Shannon Distance (JSD) was used as an
information-theoretic measure of global distribu-
tional divergence. Total Variation (TV) was used
as a sanity check for JSD; TV also has a more in-
terpretable meaning—indicating the proportion of
emoji usage that differs between corpora. The Bhat-
tacharyya Coefficient (BC) complements these by
focusing on overlap rather than distance. This is
useful when two corpora use many of the same
emojis but in slightly different proportions—BC re-
mains high while JSD may not. Rank-Biased Over-
lap (RBO) was used to address the heavy-tailed
nature of emoji distributions. Unlike JSD/TV/BC,
which treat all probabilities equally, RBO empha-
sizes agreement in the most frequent emojis and
discounts the noisier long tail. This complementary
combination avoids over-reliance on any single def-
inition of similarity, offering information-theoretic,
probabilistic, geometric, and rank-based similarity
measures.

D Semantic Alignment Methodology

For each corpus, we encoded all posts containing
the top 100 most frequent emojis using the multi-
lingual XLM-RoBERTa-base model (Conneau et al.,
2020). This encoder was chosen for its strong
cross-lingual sentence-level alignment (Conneau
et al., 2020), allowing us to represent emoji seman-
tics from different languages in a shared multilin-
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gual vector space. For each emoji e, we randomly
sampled N posts (with N=5000 for platform/as-
set comparisons and N=>500 for language com-
parisons) and computed the centroid vector—the
mean of the normalized embeddings of those posts.
Each centroid thus represents the average contextual
meaning of that emoji in a given domain.

To ensure comparability, we filtered to emojis
appearing at least /N times in both corpora. To
compare the two embedding spaces, we applied or-
thogonal Procrustes alignment, rotating one set of
emoji centroids to best match the other in the least-
squares sense while preserving pairwise distances.

Semantic consistency was then quantified by
three complementary metrics. Mean pairwise co-
sine similarity measures the average alignment be-
tween corresponding emoji centroids after Pro-
crustes transformation, reflecting overall semantic
closeness between domains. Nearest-neighbor ac-
curacy at k=1 (NN@]) evaluates the proportion of
emojis whose true counterpart in the other corpus
is their closest semantic neighbor, while NN@}5 re-
laxes this constraint to recognize cases where an
emoji’s meaning slightly shifts but remains seman-
tically adjacent.

Therefore, mean cosine similarity captures
global semantic alignment across corpora, while
NN@F highlights how well individual emojis pre-
serve their local pairwise meanings.

E Sentiment Polarity Analysis
Methodology

For each corpus, we aggregated all posts containing
a given emoji and counted its positive and negative
occurrences. The polarity of an emoji was then cal-
culated as the proportion of positive occurrences.
For each pair of corpora, we formed a compari-
son set by intersecting emojis that met minimum
frequency thresholds on both sides—at least 300
total uses (with >30 positive and >30 negative)
for platform or asset comparisons, and at least 120
total uses (with >12 positive and >12 negative) for
language comparisons.

To ensure that both positive and negative
extremes were represented, we also included
“extreme-polarity tails”: the most positive and most
negative emojis (top and bottom 100 for platform/as-
set pairs, and 50 for language pairs) that appeared
in both corpora, even if they did not meet the sup-
port threshold. While such emojis may have lim-
ited evidence (e.g., only a few positive mentions),

Jeffreys smoothing and frequency-based weighting
were used to mitigate their noisy influence on ag-
gregate metrics.

For each pair of corpora, we computed the fol-
lowing metrics: Spearman’s rank correlation to
measure whether the relative ordering of emoji sen-
timent is consistent; Mean Absolute Unweighted
Difference (MAUD) to quantify the average mag-
nitude of polarity shift; and Flip Rate to assess the
proportion of emojis whose polarity sign differs be-
tween corpora. An emoji was marked as a flip when
the signs of its median polarity differed between
corpora, and fewer than 5% of bootstrap samples
reversed this difference (i.e., the 95% confidence in-
terval of Af, excluded zero). Weighted variants of
the metrics were computed using harmonic-mean
frequency weights, emphasizing emojis that were
well represented in both corpora.

Annotators were instructed to label each post as
positive (bullish) or negative (bearish) based on
the expressed market sentiment. Positive sentiment
includes optimism, confidence, or expectation of
price increase. Negative sentiment includes pes-
simism, fear, or expectation of price decrease. Neu-
tral or ambiguous posts were resolved by choosing
the dominant implied sentiment. Annotators were
blind to model predictions and labeled indepen-
dently.

F Cross-Community Transfer
Experiments Methodologies

The preceding analyses quantify differences in
emoji usage, meaning, and polarity across domains.
To evaluate whether these differences impact sen-
timent analysis in practice, we next perform cross-
community transfer experiments, training models in
one community and testing them in another without
retraining.

F.1 Regimes: Cross-asset, Cross-platform,
Cross-language

We considered three regimes of domain shifts:
cross-platform (Twitter vs. StockTwits), cross-asset
(crypto vs. stocks), and cross-language (English,
Spanish, Japanese, Turkish). When studying one
dimension, the other two were held constant to iso-
late its effect. For example, cross-platform analysis
involved English posts on Bitcoin; cross-asset analy-
sis involved posts on the same platform (Stock Twits)
in the same language (English); cross-language
transfer involved posts on the same platform (Twit-
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ter) and on the same asset (Bitcoin). This design
allows us to isolate the effect of each type of domain
variation.

F.2 Models: TF-IDF, XLM-R, ByT5

We used three models to capture different levels of
linguistic representation.

TF-IDF + Logistic Regression serves as a trans-
parent, frequency-based baseline. It captures direct
word and emoji co-occurrence patterns with sen-
timent, allows interpretable feature analysis, and
provides a lower-bound reference for cross-domain
transfer without pretrained contextual knowledge.

XLM-RoBERTa, a multilingual transformer pre-
trained on large-scale web data (CC100) covering
more than 100 languages, was selected as a strong
contextual model for microblogs. Although its pre-
training corpus does not specifically include Twitter
data, its scale and diversity enable effective trans-
fer to short and informal text, including emoji-rich
posts. Moreover, its multilingual capability enables
a fair comparison across language pairs by employ-
ing a shared subword vocabulary (SentencePiece)
and a unified embedding space, where tokens from
different languages are represented within the same
vector space. This reduces the need for language-
specific tokenization. The model therefore serves
as an appropriate baseline for the task at hand (Con-
neau et al., 2020; Barbieri et al., 2022).

Finally, ByT5 was included to test transfer robust-
ness at the byte level. Unlike subword-based models
like ROBERTa, ByT5 directly encodes raw text as
bytes, avoiding the dependence on tokenizer vocab-
ularies that can bias cross-language transfer. ByT5
thus evaluates whether purely byte-level represen-
tations transfer more effectively than token-based
representations. By not depending on a tokenizer,
its transfer performance becomes more robust to
non-standard or unseen tokens. Because all inputs
are represented in the same byte space (0-255), dif-
ferent languages share a common low-level repre-
sentation (Xue et al., 2022).

All models were trained using standard config-
urations from prior work. TF-IDF models used
unigrams and bigrams with L2-regularized logis-
tic regression (C=1.0). XLM-R fine-tuning used
a learning rate of 2e-5, batch size 32, AdamW op-
timizer, and 3 epochs. ByT5 models were trained
with a learning rate of le-4, batch size 16, and 3
epochs. No hyperparameter search was conducted.

F.3 Modalities: Emoji, Text, Text+Emoji

To assess the role of emojis, each model was trained
under three input configurations: E (emoji-only),
T (text-only), and TE (text+emoji). These settings
help us understand whether emoji information com-
plements or substitutes textual sentiment cues under
domain shift. In total, the setup yields 27 distinct
experiments (3 domains x 3 models x 3 input con-
figurations). For the cross-language transfer, each
source language was evaluated against three dis-
tinct target languages. In addition to providing new
insights, the variety of experiments also serves as
a robustness check, showing that findings are con-
sistent across different conditions. Each in-domain
dataset contained 55,000 training, 5,000 validation,
and 5,000 in-domain test samples. Transfer tests
used 5,000 samples from the target domain. All
datasets were balanced to have 50% positive and
50% negative samples. For each experiment, we
report in-domain performance and the transfer gap,
defined as the difference between in-domain and
out-of-domain performance.

Each experiment followed a train-on-source, test-
on-target setup for binary sentiment classification
(positive vs. negative). Source data were split 80/20
into stratified train and validation sets, and identical
preprocessing was applied across all domains. By
stratifying, we ensure that both the training and vali-
dation sets maintain the same proportion of positive
and negative samples as the full dataset. The dataset
was balanced by undersampling the majority (posi-
tive) class. This was done because the original data
was highly imbalanced, with only around 20% of
posts belonging to the negative class. Models were
trained only on the source corpus and evaluated
directly on the target corpus without retraining, al-
lowing us to measure cross-domain transferability.

G Statistical Robustness Procedures

G.1 Bootstrapped Confidence Intervals

Across analyses, 95% confidence intervals (Cls)
were estimated using non-parametric bootstrapping
with 1,000 resamples. In each case, the unit of
resampling matched the type of analysis. For de-
scriptive statistics in Table 7, monthly block boot-
strapping was used, where entire month-level aggre-
gates were resampled with replacement. For distri-
butional distance and semantic similarity analyses,
the shared emoji set between corpora was resam-
pled with replacement to measure uncertainty due
to which emojis are present; if one or two emojis
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dominate, their removal or duplication can shift
the metric. For sentiment alignment, we used two
bootstrap procedures, depending on the target uncer-
tainty. For global alignment metrics (Spearman p,
mean absolute polarity difference), we resampled
the set of shared emoji types with replacement and
recomputed the metric to obtain 95% Cls. For per-
emoyji polarity differences, we held an emoji e fixed
and resampled its posts with replacement within
each corpus, recomputed its polarity, and formed
a 95% CI for Af. (corpus A minus corpus B). An
emoji was flagged as a robust flip when this interval
excluded zero. For model transfer experiments, test
samples were resampled (stratified by class to main-
tain label composition), and bootstrapped Cls for
accuracy and related metrics were computed from
the resulting distributions.

Although temporal effects are not the main focus
of this study, we repeated all experiments on time-
aligned corpora (restricted to overlapping quarters).
We also applied block bootstrapping at the month
level, and all sampling was stratified by quarter
to maintain temporal balance. Results remained
unchanged within 95% confidence intervals across
all domains, indicating that temporal shifts do not
materially affect our conclusions.

G.2 Permutation Tests

To assess whether observed differences were statis-
tically meaningful, we used non-parametric permu-
tation significance tests tailored to each analysis.

For semantic alignment, the test evaluated
whether the observed mean cosine similarity be-
tween corpora was higher than expected if their
embedding spaces were unrelated. In each permu-
tation, emoji centroids from corpora A and B were
randomly shuffled before computing the mean co-
sine similarity. The observed value was considered
significant if it exceeded 95% of the shuffled scores
across 1,000 permutations.

For sentiment alignment, we tested whether the
relationship in emoji polarities between corpora
could arise by chance using a similar approach. Sen-
timent samples were randomly reassigned between
corpora A and B for each emoji, and metrics such
as weighted Spearman correlation, MAUD, and flip
rate were recomputed for each permutation.

Finally, for model transfer, we tested whether
the observed transfer gap—the difference between
in-domain and cross-domain performance—could
result from random variation. Domain assignments
(source vs. target) of test predictions were permuted

1,000 times, and accuracy gaps were recalculated
to form a null distribution. The empirical p-value
was obtained as the proportion of permuted gaps
whose magnitude equaled or exceeded the observed

gap.
H Extended Results

This section provides complementary or extended
results. Figures 3 and 4 provide complementary
visualizations of emoji variation across communi-
ties, showing normalized usage shares and centered
polarity scores for five commonly used emojis with
significant usage variation.

Tables 11-6 report extended versions of the cor-
responding main-text tables, adding information
about vocabulary sizes, 95% bootstrap confidence
intervals, permutation-based significance tests, and
additional breakdowns omitted for space.

Table 8: Cross-asset transfer gaps in accuracy for
DeBERTa-v3 (ABSA) between StockTwits—Crypto (in-
domain) and StockTwits—Stocks (out-of-domain).

Modality Baseline (ST-Crypto) A— ST-Stocks
Emoji 0.754 0.050
Text 0.812 0.055
Text+Emoji 0.858 0.059

Table 9: Cross-platform transfer gaps in accuracy for
DeBERTa-v3 (ABSA) between StockTwits—BTC (in-
domain) and Twitter—-BTC (out-of-domain).

Modality In-domain A— TW-BTC
Emoji 0.726 0.021
Text 0.802 0.045
Text+Emoji ~ 0.847 0.056

Table 10: Cross-language transfer gaps in accuracy for
DeBERTa-v3 (ABSA) between English (in-domain) and
non-English corpora (out-of-domain).

Modality EN A—ES A—JA A—TR
Emoji 0.770 0.064 0.048 0.048
Text 0911 0.065 0.085 0.316
Text+Emoji 0.931 0.047 0.072  0.205
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Figure 3: Emoji usage across communities (normalized share). Values are normalized within each community to
allow fair comparison. Communities are StockTwits (stocks, BTC) and Twitter communities (BTC, EN, ES, JA, TR).
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Figure 4: Emoji polarity across communities (centered scores). Values are centered relative to the global mean
polarity of each emoji, highlighting cross-community semantic shifts.

Table 11: Emoji frequency distribution similarity. V' denotes the union of the Top—100 emojis from each corpus, and
|V| its size (unique emojis). Values show observed scores with 95% bootstrap Cls; * p < .05 (permutation). JSD =
Jensen—Shannon distance, TV = Total Variation, BC = Bhattacharyya coefficient, RBO = Rank-Biased Overlap.

Pair \% I1SD TV BC RBO

ST-Crypto 121 0.275% [.274, .277]  0.256* [.253,.257] 0.945* [.944, .945] 0.689* [.685, .693]
BTC ST-TW 131 0.318*[.316,.320] 0.284* [.282,.286] 0.923* [.922, .924] 0.635* [.634, .640]
EN-ES TW 138 0.417* [.413, .423] 0.375* [.368, .380]  0.867* [.864, .870] 0.447* [.446, .470]
EN-JATW 140  0.512% [.510,.513]  0.502%* [.499, .503] 0.803* [.802, .804] 0.254%* [.232, .254]
EN-TRTW 129 0.405* [.402, .411] 0.382* [.380,.390] 0.877* [.873,.879] 0.451%* [.392, .463]

ST = StockTwits, TW = Twitter. Larger JSD/TV = greater divergence; larger BC/RBO = greater similarity.
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Table 12: Semantic alignment of shared emojis across platforms and languages. [V is the number of emojis shared
between corpora. * p<.01 (permutation). NN@£ measures the fraction of emojis whose correct counterpart appears
among the top-k nearest neighbors after alignment.

Comparison N Mean Cosine NN@1 NN@2 NN@3 NN@4 NN@5

Cross-asset
Stocks—Crypto (ST) 48 0.955* 0.77* 0.89* 0.89* 0.91* 0.94*

Cross-platform
ST-TW (BTC) 46 0.935* 0.17*  0.20* 0.24* 0.24* 0.28%*

Cross-language

EN-ES (TW) 27 0.965* 0.04* 0.20* 0.29* 0.29* 0.37*
EN-TR (TW) 24 0.959* 0.08*  0.20% 0.25*% 0.38* 0.38%
EN-JA (TW) 47 0.954* 0.09*  0.14*  0.17*  0.18%  0.19%

Table 13: Cross-asset transfer gaps in accuracy between StockTwits—Crypto (in-community) and StockTwits—Stocks
(out-of-community). A denotes the transfer gap, which is the drop in accuracy when transferring a model trained
on one asset community to another. Baseline accuracies are shown alongside transfer gaps with 95% confidence
intervals.

Modality Model Baseline (ST-Crypto) A—ST-Stocks [95% CI]

Emoji ByT5 0.749 0.045* [0.030, 0.061]
XLM-R 0.718 0.020* [0.004, 0.037]
TF-IDF 0.768 0.053* [0.048, 0.058]
Text ByT5 0.783 0.092* [0.076, 0.107]
XLM-R 0.739 0.035* [0.019, 0.051]
TF-IDF 0.845 0.106* [0.102, 0.110]
Text+Emoji ByT5 0.833 0.070* [0.057, 0.083]
XLM-R 0.791 0.034* [0.020, 0.048]
TF-IDF 0.852 0.087* [0.083, 0.091]

Table 14: Cross-platform transfer gaps in accuracy between StockTwits—BTC (in-community) and Twitter—-BTC
(out-of-community). A denotes the transfer gap, which is the drop in accuracy when transferring a model trained
on one platform to another for the same asset. Baseline accuracies are shown alongside transfer gaps with 95%
confidence intervals.

Modality Model  Baseline (ST-BTC) A—TW-BTC [95% CI]

Emoji ByT5 0.749 0.059% [0.042, 0.077]
XLM-R 0.718 0.004 [-0.021, 0.029]
TF-IDF 0.738 0.035* [0.030, 0.040]
Text ByT5 0.783 0.209* [0.184, 0.234]
XLM-R 0.739 0.035* [0.010, 0.059]
TF-IDF 0.831 0.191* [0.187, 0.196]
Text+Emoji ByT5 0.833 0.147* [0.123, 0.170]
XLM-R 0.791 0.022 [-0.001, 0.045]
TF-IDF 0.836 0.131* [0.126, 0.135]
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Table 15: Cross-language transfer gaps in accuracy between English (in-community) and non-English corpora
(out-of-community). A denotes the transfer gap, which is the drop in accuracy when transferring a model trained on
English messages to another language. Baseline accuracies are shown alongside transfer gaps with 95% confidence

intervals.

Modality ~ Model ~ Baseline (EN)  A—ES [95% CT] A—JA [95% CI] A—TR [95% CI]
Emoji ByT5 0.803 0.081* [0.073, 0.088] 0.127*[0.119, 0.135] 0.077* [0.069, 0.084]
XLM-R 0.767 0.064* [0.056, 0.073] 0.034* [0.026, 0.042] 0.043* [0.035, 0.051]
TE-IDF 0.794 0.079* [0.066, 0.091] 0.060* [0.048, 0.072] 0.067* [0.054, 0.080]
Text ByT5 0.899 0.080* [0.076, 0.085] 0.135% [0.130, 0.141] 0.173* [0.167, 0.179]
XLM-R 0.867 0.027* [0.023, 0.032] 0.043* [0.038, 0.049] 0.096* [0.090, 0.102]
TE-IDF 0.853 0.185% [0.171, 0.197] 0.249% [0.236, 0.262] 0.202* [0.189, 0.216]
Text+Emoji ByT5 0.922 0.084* [0.080, 0.088] 0.119% [0.115, 0.123] 0.129%* [0.124, 0.133]
XLM-R 0.896 0.030* [0.026, 0.033] 0.041* [0.037, 0.045] 0.077* [0.073, 0.082]
TE-IDF 0.877 0.140* [0.127, 0.152] 0.158* [0.147, 0.171] 0.139* [0.127, 0.151]
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