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Abstract

Crisis sentiment analysis is especially chal-
lenging for low-resource languages such as
Bangla, where language, context, and public
reaction shift rapidly. We introduce UNREST-
SENT200K, a Bangla crisis sentiment dataset
with ~200K Facebook and YouTube com-
ments from the July—August 2024 Bangladesh
uprising. The dataset covers five event-aligned
phases, from early escalation and internet
blackout to regime transition and a later flood
crisis. Each comment is linked to its par-
ent post, enabling evaluation with and with-
out discourse context. All comments are an-
notated through a fully human process involv-
ing 14 native Bangla-speaking annotators and
senior validation, achieving substantial agree-
ment (x = 0.73, a = 0.71) and 94.2% blind-
audit agreement. We benchmark fine-tuned
encoders, prompted LLMs, and LoRA-tuned
LLMs. Results show that parent-post con-
text consistently improves performance, while
temporal shift across phases causes large per-
formance drops. Strong LLMs perform well,
but still struggle with sarcasm, implicit politi-
cal references, and phase-dependent meaning.
UNRESTSENT200K provides a benchmark for
studying context-aware and temporally robust
sentiment analysis in low-resource crisis dis-
course.

* These authors contributed equally to this work.

Figure 1: Graffiti from the July 2024 student-led uprising in Bangladesh, illustrating public expressions of resistance,
solidarity, generational identity, and political sentiment captured on urban walls.

1 Introduction

During a political crisis, public language can
change almost overnight. A short social-media
comment that appears positive at one moment may
sound sarcastic, fearful, or critical after a ma-
jor event. Its meaning may also depend on the
news post to which it responds. Yet most sen-
timent benchmarks treat language as stable over
time, evaluate each utterance in isolation, and fo-
cus mainly on English (Socher et al., 2013; Maas
et al., 2011; Go et al., 2009). These assumptions
are especially fragile in crisis settings, where senti-
ment systems are increasingly used to support sit-
uational awareness, journalism, and policy deci-
sions (Tufekci, 2017; STEINERT-THRELKELD,
2017). The central problem is therefore not only a
lack of data. It is also a lack of evaluation settings
that show whether models can follow a rapidly
changing public conversation.

The July—August 2024 Bangladesh upris-
ing (Rana et al., 2026) offers a rare opportunity to
study this problem (Figure 1). In only seven weeks,
public discussion on Facebook and YouTube
moved through five distinct phases: early mo-
bilisation, a nationwide internet blackout, regime
collapse, political transition, and an overlapping
flood crisis. The language, platforms, and broad
user population remained largely the same, but the



social and political context changed sharply. This
creates a natural stress test: can a model trained
during one phase still understand sentiment in
the next, and can it interpret a comment without
seeing the post that prompted it?

For Bangla, these questions have been difficult
to answer. Existing resources such as SentNoB,
SentiGOLD, and BnSentMix (Islam et al., 2021,
2023; Alam et al., 2025) have made important
progress, but they are mostly static, decontextu-
alised, and focused on consumer or general social-
media text. They do not divide a single unfolding
event into meaningful time periods, link comments
to their parent posts, or support controlled compar-
isons across phases. As a result, they cannot re-
veal how quickly model performance changes as
an event develops.

To fill this gap, we introduce UNREST-
SENT200K, the largest Bangla sentiment dataset to
date, with approximately 200K comments (2.8 x
SentiGOLD), as summarised in Table 1. Every
comment is timestamped, assigned to one of five
event-aligned phases, and paired with its parent
post. The labels were produced entirely by 14
native Bangla-speaking undergraduate annotators
who had first-hand exposure to the events. Our five-
stage Pilot Label Annotation (PiLLA) framework
includes calibration, double annotation, senior
adjudication, and an independent blind audit. It
achieves substantial agreement (Cohen’s k = 0.73
and Krippendorft’s o = 0.71) and 94.2% agree-
ment in the blind audit.

Our experiments tell a consistent story. We
evaluate four fine-tuned encoders (BanglaBERT,
mBERT, XLM-R, and BanglaElectra), 15 zero-
and few-shot LLMs, and two LoRA-tuned LLM:s.
Giving an encoder the parent post improves per-
formance by 7-11 percentage points, showing
that context is often essential rather than optional.
However, context alone does not solve the prob-
lem: training on earlier phases and testing on later
ones causes drops of 19-28 F1 points. Sentiment
changes occur in sharp, event-linked phases rather
than along a smooth trend. GPT-40-mini, the
strongest prompted model, reaches approximately
76% few-shot accuracy but shares several failure
modes with the encoders. LoRA-tuned Gemma-
4B performs best overall at 78.4% accuracy, yet
even this result remains below 80%. Together,
these findings show that larger models and stronger
prompting help, but do not remove the need for con-
textual grounding and temporal adaptation.

Contributions.

¢ A large Bangla crisis benchmark. We in-
troduce UNRESTSENT200K, containing approx-
imately 200K comments from the July—August
2024 Bangladesh uprising.

* A context- and time-aware design. Each com-
ment is linked to its parent post and an event
phase, enabling direct tests of contextual under-
standing and temporal robustness.

* Careful human annotation. PiLA provides a
five-stage process with native Bangla-speaking
annotators, senior adjudication, and an indepen-
dent blind audit.

» Evidence across model families. Experiments
with fine-tuned encoders, prompted LLMs, and
LoRA-tuned LLMs show clear gains from
parent-post context and large losses under tem-
poral shift.

2 Related Work

Sentiment benchmarks and the low-resource
gap. Sentiment analysis is driven by large static
English benchmarks (Socher et al., 2013; Maas
etal., 2011; McAuley et al., 2015; Go et al., 2009;
Hu and Liu, 2004). In Bangla, SentNoB (Is-
lam et al., 2021) introduced noisy multi-domain
social-media comments (15K), SentiGOLD (Is-
lam et al., 2023) scaled to 70K with fine-grained
labels, and BnSentMix (Alam et al., 2025) tar-
geted code-mixed text. Pretrained Bangla en-
coders (Bhattacharjee et al., 2022) and recent task-
specific resources (Kundu et al., 2026; Nayeem
et al., 2026; Islam and Hossen, 2025; Hasan et al.,
2024; Talukder, 2025; Rashid et al., 2024) have
raised the ceiling, but all are static, decontextu-
alised, and consumer-oriented; none is anchored
to a single event whose internal phases can be used
to probe within-episode shift (Hossen et al., 2025;
Olsen et al., 2024).

Temporal and contextual robustness. Prior
work has studied concept drift and temporal gen-
eralisation in social-media classification (Tufekci,
2017; STEINERT-THRELKELD, 2017), but of-
ten across years, topics, or domains, where tem-
poral change is confounded with demographic and
topical shifts. In contrast, UNRESTSENT200K iso-
lates temporal shift within a single seven-week cri-
sis, while keeping language, platform, and popu-
lation largely fixed. It also operationalises contex-
tual grounding by pairing each comment with its



Table 1: Comparison of Bangla social-media datasets
across sentiment, hate-speech, and offensive-language
benchmarks.

Dataset Size Task Domain
SentNoB (Islam et al., 2021) 15K Sent. Multi
SentiGOLD (Islam et al., 2023) 70K Sent. Multi
BnSentMix (Alam et al., 2025) 20K Sent. Code-mix
BD-SHS (Romim et al., 2022) 50K HS Social
Bengali Tweets (Das et al., 2022) 10K Hate Code-mix
TB-OLID (Raihan et al., 2023) 5K Offensive Transliterated
BanTH (Haider et al., 2025) 37K HS Transliterated
BIDWESH (Fayaz et al., 2025) 9K HS Dialectal
BanglaMultiHate (Hasan et al., 2026) 50K HS YouTube
UNRESTSENT200K (Ours) ~200K Sent. Crisis

parent post, enabling direct comment-only versus
post+comment evaluation.

Human annotation for sensitive discourse. Polit-
ically sensitive crisis discourse requires annotators
with strong linguistic and cultural grounding. Fol-
lowing best practices in corpus annotation (Puste-
jovsky, 2012; Sabou et al., 2014; Mukta et al.,
2021), we use a fully human five-stage PiLLA proto-
col with guideline piloting, double annotation, se-
nior adjudication, and blind audit. The process in-
volved 14 native-Bangla annotators with first-hand
familiarity with the events and achieved substan-
tial reliability: x = 0.73, a = 0.71, and 94.2%
blind-audit agreement. Thus, UNRESTSENT200K
contributes not only a benchmark, but also a repli-
cable annotation protocol for low-resource, politi-
cally sensitive NLP.

3 Dataset

We construct UNRESTSENT200K, a Bangla sen-
timent dataset based on public Facebook and
YouTube discussions about the July—August 2024
Bangladesh uprising (Rana et al., 2026). The
dataset contains ~200K annotated comments.
Each comment is linked to its parent post, which al-
lows us to evaluate sentiment classification in both
comment-only and post+comment settings. Each
comment is assigned one of three sentiment labels:
POSITIVE, NEUTRAL, or NEGATIVE. For each in-
stance, we retain the comment text, parent post,
timestamp, platform, and event phase.

3.1 Data Collection

We collected public posts and comments from
Facebook and YouTube. The posts were selected
from verified news pages, public-interest groups,
and high-engagement discussion threads related
to the July—August 2024 uprising. We used the

Apify platform’, the Facebook Graph API, and the
YouTube Data API v3 for data collection. The col-
lection period covers July 5 to August 31, 2024.
We divide this period into five phases: P1 Pre-
Escalation (July 5-15), P2 Crisis and Blackout
(July 16—-August 4), P3 Post-Blackout (August 5—
10), P4 Post-Revolution (August 11-20), and P5
Flood Crisis (August 21-31). These phases are
used for temporal analysis and split construction.
They are not used as sentiment labels. In total, we
collected more than 2,000+ source posts and their
comment threads. For each comment, we keep the
corresponding parent post so that the dataset can
support both comment-only and post+comment
sentiment classification.

3.2 Preprocessing

We applied several preprocessing steps before an-
notation. First, we normalized the text using Uni-
code NFC normalization and removed irregular
whitespace. URLs and user mentions were re-
placed with special tokens. Emojis were kept be-
cause they often carry sentiment in social media
comments. We removed comments with fewer
than three tokens, comments consisting mainly of
non-Bangla text, and obvious spam entries. We
also removed near-duplicate comments within the
same thread using a Jaccard similarity threshold
of 0.85. After preprocessing, the final dataset con-
tains ~200K comments.

3.3 Annotation Guidelines

We prepared annotation guidelines for three-way
sentiment classification. Annotators were asked to
assign one label to each comment.

Positive. A comment is labeled positive if it ex-
presses support, approval, hope, praise, relief, or
solidarity toward the event, actor, or situation dis-
cussed in the parent post.

Neutral. A comment is labeled neutral if it is fac-
tual, unclear, mixed, question-like, or does not ex-
press a clear positive or negative sentiment.

Negative. A comment is labeled negative if it ex-
presses criticism, anger, frustration, sadness, fear,
ridicule, sarcasm, blame, or disappointment. An-
notators were instructed to use the parent post as
context, but the label was assigned only to the
comment. The guidelines included examples for
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Figure 2: Overview of the UNRESTSENT200K construction and evaluation framework. (1) Data acquisition and
contextual grounding: public Bangla crisis discourse is collected from Facebook and YouTube, comments are
linked to their parent posts and metadata, and utterance-only and context-aware inputs are constructed. (2) PiLA
annotation and quality control: a five-stage, fully human workflow covers guideline development, annotator
calibration, context-aware double annotation, senior adjudication, and an independent blind audit. (3) Experimen-
tal probing axes: the benchmark evaluates temporal robustness across event phases and the effects of contextual
grounding and supervised fine-tuning across encoder and LLM families.

difficult cases, including sarcasm, rhetorical ques-
tions, religious expressions, political references,
code-switched profanity, and emoji-based senti-
ment. This follows standard practice in corpus an-
notation, where guidelines are refined through pi-
lot annotation and disagreement analysis (Puste-
jovsky, 2012; Sabou et al., 2014).

34

The annotation was carried out by 14 native
Bangla-speaking undergraduate annotators from
Bangladesh. All annotators were familiar with the
July—August 2024 events and completed pilot train-
ing before the main annotation stage. A separate
group of 10 senior validators supervised the pro-
cess. Each comment was annotated independently
by two annotators. If both annotators selected the
same label, that label was accepted. If they dis-
agreed, the comment was reviewed by a senior val-
idator. Difficult cases were resolved through adju-
dication based on the annotation guidelines. The
annotation process had five stages: pilot guideline
development, annotator training and qualification,
double annotation, senior adjudication, and blind
audit. The full process took approximately eight

Manual Annotation

months.

3.5 Annotation Agreement

We measured annotation reliability using Cohen’s
x and Krippendorft’s oe. The annotation process
achieved a pairwise Cohen’s x of 0.73 and Krippen-
dorff’s o of 0.71, indicating substantial agreement.
We also conducted a blind audit on a stratified sub-
set of the dataset. The audit achieved 94.2% exact-
label agreement with the final gold labels. These
results show that the annotation process was reli-
able despite the context-dependent nature of the
comments.

3.6 Dataset Split

We split the dataset into training, validation, and
test sets using a 70/15/15 ratio. The split was strati-
fied by both sentiment label and event phase so that
each partition preserves the overall class and tem-
poral distribution. The training set contains 66,382
negative, 29,249 neutral, and 43,950 positive ex-
amples. The validation set contains 14,225 neg-
ative, 6,268 neutral, and 9,419 positive examples.
The test set contains 14,223 negative, 6,267 neu-
tral, and 9,416 positive examples. The full phase-



Table 2: Stratified 70/15/15 train/validation/test split of UNRESTSENT200K by event-aligned phase and sentiment
class. Splits are jointly stratified on phase and sentiment to preserve the class and temporal distribution within each

partition.
Train (70%) Validation (15%) Test (15%)
Phase Period Neg Neu Pos Neg Neu Pos Neg Neu Pos Total
P1 Pre-Escalation of Revolution (Jul 5-15) 2,281 853 1,576 489 183 338 488 182 337 6,727
P2 Crisis & Blackout (Jul 16—-Aug 4) 9,180 4,700 9,698 1,967 1,007 2,078 1,968 1,008 2,078 33,684
P3 Post-Blackout (Aug 5-10) 14,153 7,482 10,704 3,033 1,603 2,294 3,032 1,603 2,293 46,197
P4 Post-Revolution (Aug 11-20) 23,664 10,532 14,479 5,071 2,257 3,103 5,070 2,257 3,103 69,536
P5 Flood Crisis (Aug 21-31) 17,104 5,682 7,493 3,665 1,218 1,606 3,665 1217 1,605 43,255
Overall 66,382 29,249 43,950 14,225 6,268 9,419 14,223 6,267 9,416 199,399

wise distribution is shown in Table 2. Overall, the
dataset contains 94,830 negative (47.6%), 62,785
positive (31.5%), and 41,784 neutral (21.0%) com-
ments.

4 Experiments and Analysis

The July—August 2024 Bangladesh uprising was
not a static event (Rana et al., 2026). Public dis-
cussion changed as the crisis moved from early
protest activity to internet blackout, regime col-
lapse, political transition, and later the flood crisis.
This makes UNRESTSENT200K useful for studying
more than standard sentiment classification. It al-
lows us to ask whether sentiment models can han-
dle three problems that often appear in real crisis
discourse: context dependence, temporal change,
and abrupt shifts in public reaction. We organize
the experiments around these problems. First, we
evaluate recent LLMs to see how far prompting
alone can go on Bangla crisis sentiment. Second,
we test whether supervised adaptation with mid-
scale LLMs improves over prompting. Third, we
measure the effect of adding the parent post as con-
text. Finally, we evaluate temporal robustness and
examine whether sentiment changes gradually or
through phase-level shifts. We evaluate four fine-
tuned encoder models: BanglaBERT (Bhattachar-
jee et al., 2022), BanglaFlectra, mBERT (Devlin
et al., 2019), and XLM RoBERTa (Conneau et al.,
2020). We also evaluate 15 LLMs under zero-shot
and few-shot prompting. Across experiments, we
report accuracy, macro-F1, and chance-corrected
metrics such as Cohen’s x and MCC where appli-
cable.

4.1 Prompted LLMs

Motivation. We first ask whether recent LLMs
can classify sentiment in UNRESTSENT200K with-
out task-specific training. This is an important

baseline because LLMs are often used directly on
new events, especially when labeled data is lim-
ited.

Models and prompting setup. We evaluate
open-source models from the Gemma, Qwen, and
LLaMA families, along with proprietary models
including GPT-40-mini, GPT-4.1-mini, and GPT-
4.1-nano. Each model is tested with zero-shot and
few-shot prompts written in Bangla. In the few-
shot setting, the prompt includes seven examples
covering positive, negative, neutral, sarcastic, and
politically implicit comments. The full prompt
templates are shown in Appendix B.1.

Input format. Each test input is given in the
same format: [post] [SEP] [comment]. This is
the same input format used in the post+comment
encoder setting, making the LLM and encoder re-
sults comparable.

Main results. Table 3 shows that the strongest
prompted model is GPT-40-mini in the few-shot
setting. It reaches 76.0% accuracy, 75.0 macro-
F1, and k = 0.55. This is slightly above the
strongest post+comment encoder, BanglaBERT,
which reaches 74.72% accuracy and 0.7167 macro-
F1. However, the improvement is small. This sug-
gests that strong LLMs can benefit from the pro-
vided context, but prompting alone does not fully
solve the task.

Effect of few-shot examples. Few-shot exam-
ples help the stronger models more than the smaller
ones. For GPT-40-mini, x improves from 0.47 to
0.55. For GPT-4.1-mini, it improves from 0.34 to
0.40. In contrast, several smaller open-source mod-
els show little improvement from few-shot exam-
ples. This suggests that examples are useful only
when the model already has enough Bangla lan-
guage ability and event-level reasoning capacity to
use them.



Table 3: Zero-shot and few-shot performance (%) of LLMs with expert prompting (Bangla-native) on UnRest-
Sent200K. Best result per section is bolded and underlined.

Model Zero-Shot Few-Shot

Acc F1 MCC K Acc F1 MCC K
Proprietary Models
GPT-40-mini 71.0  69.0 50.0 47.0 76.0 75.0 58.0 55.0
gpt-4.1-mini 73.0 710 36.0 340 73.0 710 45.0 40.0
gpt-4.1-nano 58.0 56.0 22.0 130  69.0 61.0 31.0 29.0
Open-Source Models (<3B)
gemma4-2b 61.0 59.0 40.0 380 64.0 63.0 45.0 43.0
gemma3-1b 430 37.0 18.0 150 52.0 47.0 26.0 22.0
qwen2.5-3b 49.0 440 25.0 200 550 520 31.0 28.0
qwen2.5-1.5b 46.0 36.0 20.0 11.0  49.0 40.0 23.0 15.0
llama-3.2-3b 43.0 29.0 15.0 5.0 45.0 33.0 17.0 8.0
qwen2.5-0.5b 38,0 22.0 0.2 0.0 39.0 23.0 2.0 0.4
Open-Source Models (>3B)
gemmad4-4b 520 49.0 16.0 150 66.2  65.0 48.7 46.3
gemma3-4b 49.0 40.0 27.0 16,0 59.0 54.0 39.0 33.0
qwen3-4b 56.0 52.0 35.0 30.0 58.0 56.0 38.0 34.0
gwen3-4b-instruct  56.0  52.0 35.0 300 59.0 570 23.0 14.0
gwen2.5-7b 47.0 450 23.0 21.0 61.0 60.0 42.0 39.0
llama-3.1-8b 53.0 520 37.0 11.0 58.0 550 37.0 33.0

LoRA SFT

Fine-Tuned Models
Gemma-4B 784 77.6 65.3 63.1 - - - -
Llama-3.1-8B 76.8 75.9 62.4 60.2 - - - -

Error patterns. A manual inspection of errors
shows three recurring patterns. First, models of-
ten miss sarcasm, especially when a comment ap-
pears positive on the surface but is negative in con-
text. Second, neutral comments are often pushed
toward negative labels. Third, politically charged
comments become harder when their interpretation
depends on the phase of the uprising. These errors
are also seen in the encoder models, suggesting that
they are properties of the task rather than failures
of one model family.

4.2 Supervised Adaptation with Mid-Scale
LLMs

Prompting provides a useful starting point, but
UNRESTSENT200K also allows us to test whether
in-domain supervised training improves perfor-
mance. We therefore fine-tune two mid-scale
LLMs, Gemma-4B and LLaMA-3.1-8B, using

LoRA. Both models are trained with r=64, a=32,
and learning rate 3x10~*. The fine-tuned mod-
els outperform all prompted models in Table 3.
Gemma-4B achieves 78.4% accuracy, 77.6 macro-
F1, MCC 653, and s 63.1. LLaMA-3.1-
8B achieves 76.8% accuracy and 75.9 macro-
F1. Gemma-4B also improves over GPT-40-mini
by 2.4 percentage points in accuracy and over
grounded BanglaBERT by 3.7 points. These re-
sults show that supervised adaptation is still im-
portant for low-resource crisis sentiment analysis.
The smaller Gemma-4B model also performs bet-
ter than the larger LLaMA-3.1-8B model, suggest-
ing that the choice of backbone and fine-tuning
recipe matters more than parameter count alone.
At the same time, the best model remains below
80% accuracy, leaving room for future work on
crisis-aware and context-aware sentiment models.



Table 4: Context ablation on UNRESTSENT200K. Fine-tuned encoder performance when the model receives only
the comment versus the parent post concatenated with the comment via [SEP]. Corpus, splits, optimiser, schedule,
and hyperparameters are held fixed; the only variable is the input. Adding the parent post yields a consistent +7—
11pp accuracy gain across every architecture. Best per column bolded and underlined.

Comment-only input

Post + Comment input

[comment] [post] [SEP] [comment]
Model Acc. (%) Prec. Rec. F1 Acc.(%) Prec. Rec. F1
BanglaBERT 64.19 0.6195 0.6158 0.6170 74.72 0.7245 0.7116 0.7167
mBERT 61.06 0.5869 0.5881 0.5874 69.90 0.6705 0.6790 0.6731
BanglaElectra 62.02 0.6193 0.6202 0.6159 68.98 0.6637 0.6705 0.6649
XLM-RoBERTa-Base 63.41 0.6287 0.6312 0.6299 72.96 0.7289 0.7296 0.7012

Table 5: Temporal generalization performance of super-
vised fine-tuned (SFT) transformer models under distri-
bution shift on UnRestSent200K. Models are trained on
comments collected between July 5 and August 5, 2024,
and evaluated on two chronologically non-overlapping
future test partitions: Test-A (August 6-20) and Test-B
(August 21-31). Results highlight the degradation of
model performance under evolving crisis discourse and
temporal non-stationarity.

Model Test Acc. (%) Prec. Rec. F1 Score
A 5370 0.5204 0.5236  0.5217

BanglaBERT — p° 5483 05027 05222 05064
BunelaBlectra A 40.11 0.4195 04275  0.4006
& B 41.18 0.4164 04343  0.3942

A 40.96 0.4234 04380 04111

mBERT B 4124 04191 04354  0.3948
A 4735 04708 04784  0.4695

XLM-RoBERTa 4728 0.4480 04664  0.4436

4.3 Qualitative Effect of Fine-Tuning

Table 6 illustrates the three failure patterns flagged
in §4.1 sarcasm, neutral/positive collapse to nega-
tive, and politically charged surface cues and shows
the same (post, comment) pairs being recov-
ered after LORA-SFT on Gemma-4B. The pattern
is qualitative: SFT exposure to the gold PiLA la-
bels lets the model pick up domain-specific prag-
matic cues that the zero-shot model misses despite
seeing identical input.

4.4 Effect of Parent-Post Context

Many comments in UNRESTSENT200K are diffi-
cult to interpret without their parent post, as shown
in Table 6. This is common in social media dis-
cussions during political events. A short comment

may look factual or neutral by itself, but become
clearly positive or negative once the surrounding
news post is known. For example, the comment
“We know who is doing this.” is hard to label in
isolation. When paired with a post about a fam-
ily being forced from their home, the same com-
ment becomes a negative reaction. This shows
why the parent post is not extra information; in
many cases, it is part of the meaning of the com-
ment. We test this directly using a paired ablation.
In the comment-only setting, the encoder receives
only the comment. In the post+comment setting,
the encoder receives the parent post and comment
separated by [SEP]. All other training settings are
kept fixed. The results in Table 4 show consistent
gains from context. BanglaBERT improves from
64.19% to 74.72% accuracy. XLM-RoBERTa im-
proves by 9.55 points, mBERT by 8.84 points, and
BanglaElectra by 6.96 points. The gain appears
across all encoder families. This result has a di-
rect implication for future dataset design. In crisis
discourse, comment-only sentiment classification
can remove information needed for the correct la-
bel. For this reason, UNRESTSENT200K supports
both comment-only and post+comment evaluation,
allowing future work to measure how well models
use discourse context.

4.5 Temporal Robustness

We next evaluate whether models trained on earlier
phases of the uprising generalize to later phases.
This setting reflects a realistic use case: during an
unfolding crisis, models may be trained on avail-
able data and then applied as the event continues
to change. We train the encoder models on com-
ments from July 5 to August 5, 2024. We then



Table 6: Same (post, comment) pair, two models. Zero-shot is Gemma-4B with no fine-tuning; LoRA SFT is
the same backbone after fine-tuning on UNRESTSENT200K (r=64, a=32, Ir 3x10~*). v marks a correct prediction
against the PiLA gold label; X marks an error. Selected examples illustrate the three failure modes discussed in §4.1.

# Bangla (Post / Comment) + Translation

Gold Zero-shot LoRA SFT

1 Post: ST AT FIE Tl PR @3 8oo (IS BIeId Mferes: eiyerwar

Negative ~ Positive X Negative v/

“The peon who worked at my house now owns 4 billion taka: Prime Minister.”

Comment: 9% & &7 31
“Ah, what a matter of pride!”

Sarcasm. Surface “proud” inverts to negative under the PM-corruption headline; zero-shot follows the literal meaning while

LoRA SFT captures the sarcastic intent.

2 Post: M THREH CRAT A9S, GFEP-CIRIENT 2A@es g

Negative Neutral X Negative v/

“Internet service is slow nationwide; access to Facebook and Messenger is also disrupted.”

Comment: 95! AR F&
“This is Hasina’s doing.”

Neutral collapse. The zero-shot model interprets the comment as a factual attribution, whereas LoRA SFT learns its accusatory

and negative pragmatic meaning from the task-specific data.

3 Post: ITA Q47 TS S0 TR Ty, Fo2E 8¢ AL AT
“13 dead in floods so far; 4.5 million affected.”
Comment: TEFER A FAZE QTS FE |
“May Allah protect everyone.”

Positive Negative X Positive v/

Surface-cue confusion. Negative disaster-related terms dominate the post and mislead the zero-shot model, while LoRA SFT
correctly recognizes the prayer as a positive expression of solidarity.

test them on two later windows: Test-A, covering
August 6-20, and Test-B, covering August 21-31.
These windows do not overlap with the training pe-
riod. The results in Table 5 show a large perfor-
mance drop. BanglaBERT remains the best model,
reaching 54.83% accuracy on Test-B, but this is far
below its in-distribution post+comment accuracy
of 74.72%. Other encoders also degrade under the
time-based split. Overall, the models lose between
19 and 28 macro-F1 points compared with their
in-distribution results. This drop is important be-
cause the language, platforms, and broad event re-
main the same. What changes is the stage of the cri-
sis. After the blackout and regime collapse, public
discussion shifts toward new actors, new concerns,
and new emotional frames. Appendix A.8 further
shows measurable lexical change across phases
using Jensen—Shannon divergence. These results
show why random splits are not enough for crisis
sentiment analysis. A model that performs well on
a random test set may still fail when the event en-
ters anew phase. UNRESTSENT200K therefore pro-
vides a useful setting for studying temporal robust-
ness in low-resource NLP.

4.6 Sentiment Change Across Phases

The temporal experiment shows that performance
drops over time. We then ask whether this change
is gradual or concentrated around specific mo-
ments in the uprising. To measure this, we com-
pute Cohen’s d for all pairwise comparisons be-
tween the five event phases. The full results are

shown in Table 7. Seven of the ten compar-
isons show negligible effect sizes. The strongest
changes are centered around the Post-Blackout
phase. The comparison between Crisis and Black-
out and Post-Blackout has a medium effect size
(d = —0.556), and the comparison between Post-
Blackout and Flood Crisis also has a medium effect
size (d = 0.567). This suggests that sentiment did
not change smoothly across the full period. Instead,
the largest shift occurred around the moment when
internet access returned, the regime collapsed, and
people began reacting to a new political situation.
Sentiment then shifted again as the flood crisis be-
came the dominant concern. For future research,
this makes UNRESTSENT200K useful for studying
change-point-aware sentiment models. Models for
crisis monitoring may need to detect when the dis-
course has entered a new phase, rather than assum-
ing that sentiment changes slowly over time.

4.7 Findings

The experiments lead to five findings:

Prompted LLMs are strong, but not suffi-
cient. GPT-40-mini gives the best prompted re-
sult, but it only slightly improves over the strongest
post+comment encoder. This shows that prompt-
ing alone does not solve the benchmark.
Supervised adaptation gives the best perfor-
mance. LoRA fine-tuning on UNRESTSENT200K
gives the strongest overall result, with Gemma-
4B reaching 78.4% accuracy. This suggests that
in-domain training remains important for low-



Table 7: Pairwise sentiment-shift comparisons between
the five event phases of the 2024 Bangladesh uprising
using Cohen’s d effect size. Larger absolute values indi-
cate stronger changes in sentiment distribution between
phases, with the strongest shifts observed around the im-
mediate post-blackout period.

Period 1 Period 2 d Effect
Pre-Escalation  Crisis/Blackout ~ 0.138  Negligible
Pre-Escalation  Post-Blackout —0.411 Small

Pre-Escalation ~ Post-Revolution —0.034 Negligible
Pre-Escalation  Flood Crisis Negligible
Crisis/Blackout Post-Blackout ~ —0.556 Medium

Crisis/Blackout Post-Revolution —0.174 Negligible

Crisis/Blackout  Flood Crisis 0.003  Negligible
Post-Blackout ~ Post-Revolution ~ 0.381  Small
Post-Blackout  Flood Crisis 0.567 Medium
Post-Revolution Flood Crisis 0.178  Negligible

resource crisis sentiment analysis.

Parent-post context improves prediction. All en-
coder models improve by 7-11 percentage points
when the parent post is included. This shows that
many comments cannot be reliably interpreted in
isolation.

Temporal shift causes large degradation. Mod-
els trained on earlier phases perform much worse
on later phases, even though the language, plat-
forms, and broad event remain the same. This
shows that random splits can overestimate perfor-
mance in crisis settings.

Sentiment changes through phase-level shifts.
The largest changes occur around the post-blackout
period, rather than gradually across the full time-
line. This makes UNRESTSENT200K useful for
studying change-point-aware sentiment models.

5 Discussion

Our results show that crisis sentiment analysis de-
pends strongly on both context and time. Mod-
els perform much better when the parent post is
included, with consistent gains of 7-11 percent-
age points across encoder models. At the same
time, performance drops substantially when mod-
els are trained on earlier phases of the uprising
and tested on later phases. This shows that stan-
dard random splits can overestimate model per-
formance in an unfolding crisis. The results also
show that strong LL.Ms do not remove these chal-
lenges. GPT-40-mini performs well under few-
shot prompting, but it only slightly improves over
the best post+comment encoder and remains be-
low the best fine-tuned LLM. Its errors also over-
lap with those of smaller models, especially on sar-
casm, implicit political references, and comments
whose meaning depends on the event phase. These

findings suggest that future sentiment benchmarks,
especially for crisis settings, should include tempo-
ral splits and discourse context. For low-resource
languages such as Bangla, this is particularly im-
portant because models may appear reliable un-
der standard evaluation while failing when the pub-
lic conversation changes. UNRESTSENT200K pro-
vides a setting for studying these issues in a con-
trolled way.

6 Conclusion

We introduce UNRESTSENT200K, a Bangla cri-
sis sentiment dataset containing ~200K comments
from Facebook and YouTube discussions around
the July—August 2024 Bangladesh uprising. Each
comment is linked to its parent post and assigned
one of three sentiment labels: POSITIVE, NEUTRAL,
or NEGATIVE. The dataset is annotated through a
fully human process under the PiLA framework.
Experiments with fine-tuned encoders, prompted
LLMs, and LoRA-tuned LLMs show three main
results. First, parent-post context consistently im-
proves sentiment classification. Second, temporal
shift across phases of the uprising leads to large
performance drops. Third, supervised adaptation
gives the strongest results, but the benchmark re-
mains challenging. Overall, UNRESTSENT200K
supports research on context-aware and temporally
robust sentiment analysis in low-resource crisis dis-
course.

7 Limitations

UNRESTSENT200K has several limitations. First,
it covers only Facebook and YouTube. These plat-
forms were important sources of public discussion
during the uprising, but they do not represent all
Bangla speakers or all forms of political commu-
nication. Other sources, such as X/Twitter, Tele-
gram, private messaging, and offline discourse, are
not included. Second, the dataset uses three senti-
ment labels. This makes large-scale annotation re-
liable, but it does not capture finer distinctions such
as anger, fear, hope, grief, or stance. Future work
can extend the label schema to include emotion and
stance labels. Third, the dataset is based on one
event in Bangladesh. The results should therefore
not be treated as universal claims about all crises or
all low-resource languages. Cross-event and cross-
language studies are needed to test how well the
findings generalize. Finally, the models evaluated
in this paper were not specifically designed for tem-



poral adaptation or change-point detection. Devel-
oping models that can use context and adapt to new
crisis phases is an important direction for future
work.
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A Appendix
A.1 Reproducibility Statement

To support reproducibility, the release package
will include the processed and de-identified UN-
RESTSENT200K corpus; fixed training, validation,
and test splits; parent-post context; timestamps;
platform and event-phase metadata; annotation
guidelines; prompt templates; preprocessing and
evaluation scripts; and the configurations used for
the encoder and LoRA experiments. Dataset statis-
tics and phase boundaries are reported in Sec-
tion 3, while detailed preprocessing, annotation,
temporal-analysis, topic-modeling, and prompting
procedures are provided in the remainder of this
appendix.
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Availability. The dataset and accompanying re-
sources will be available in the UNRESTSENT200K
repository.

A.2 Al Usage Disclosure

Large language models were used as experimen-
tal systems to generate benchmark predictions
for UNRESTSENT200K under zero-shot and few-
shot prompting and supervised fine-tuning. Al-
assisted tools were also used for limited non-
experimental support, including language editing,
figure ideation, and visualization assistance. All
Al-assisted material was manually reviewed and
verified by the authors, who retain full responsibil-
ity for the paper’s content, results, and interpreta-
tions.

A.3 Preprocessing Details

This section describes the preprocessing steps used
before annotation, as summarized in Section 3.2.

A.3.1 Normalization

* Unicode normalization: Text is normalized to
NFC form to reduce inconsistent Bangla charac-
ter encodings.

* Whitespace cleanup: Extra spaces, tabs, and ir-
regular line breaks are removed.

* Entity masking: URLs and user mentions are
replaced with [URL] and [USER].

* Emoji retention: Emojis are kept because they
often express sentiment in social media com-
ments.

A.3.2 Filtering

We remove comments with fewer than three to-
kens after normalization. We also remove com-
ments that consist mainly of non-Bangla text or ob-
vious spam. To keep the released corpus primar-
ily Bangla, comments with substantial English or
Bangla—English transliteration are excluded. Fig-
ure 3 reports the resulting sentiment distribution
across word-length bins of the retained corpus:
short comments (<10 words) skew positive, while
neutral expression increases with comment length
and negative sentiment stays relatively flat across
lengths.

A.3.3 Deduplication

Near-duplicate comments within the same thread
are removed using a Jaccard similarity threshold

Table 8: Table showing topic modeling statistics for
each period. C, denotes the topic coherence score, com-
puted using normalized pointwise mutual information
(NPMI) and ranging from O to 1, where higher values
indicate greater semantic coherence. Eff. represents
the effective number of topics, calculated as exp(H),
where H = — ), p;logp; is the Shannon entropy of
the topic distribution. This quantity reflects the number
of equally prominent topics that would yield the same
level of topic diversity.

Period Docs Topics C, Eff.
P1: Pre-Escalation 6,727 12 0.405 1.7
P2: Crisis & Blackout 33,684 29 0.781 1.8
P3: Post-Blackout 46,197 18 0384 1.9
P4: Post-Revolution 69,536 25 0420 2.0
P5: Flood Crisis 43,255 25 0422 19
Global 199,399 29 0375 —

of 0.85. Duplicates across different posts are re-
tained when they appear as part of separate public
discussions.

A.3.4 Post-Level Framing Labels

In addition to comment-level sentiment labels,
each source post is assigned a coarse framing la-
bel:

V®) = {Hopg, DESPAIR, OUTRAGE} (1)

These labels describe the dominant framing of the
parent post. HOPE captures optimistic or change-
oriented framing, DESPAIR captures grief or un-
certainty, and OUTRAGE captures anger, blame, or
calls for accountability. These post-level labels are
used as annotation context and metadata; the main
prediction task remains comment-level sentiment
classification.

A.4 PiLA: Annotation Protocol Details

This appendix provides additional details about the
Pilot Label Annotation (PiLLA) framework shown
in Figure 2. PiLA is a fully human annotation pro-
cess. No labels are assigned by automated systems.
The full annotation effort took approximately eight
months and involved 14 primary annotators and 10
senior validators.

A.4.1 Annotator and Validator Pool

The primary annotation team consists of 14 under-
graduate annotators from Bangladesh. All annota-
tors are native Bangla speakers and were familiar
with the July—August 2024 events through Bangla
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news and social media. The validator team con-
sists of 10 senior annotators who did not overlap
with the primary annotation pool. All participants
provided informed consent, and the study protocol
was reviewed by the host institution.

A4.2

The annotation guideline defines the three sen-
timent labels: POSITIVE, NEUTRAL, and NEGA-
TIVE. It also provides rules and examples for com-
mon ambiguous cases, including sarcasm, rhetori-
cal questions, religious expressions, political refer-
ences, code-switched profanity, and emoji-based
sentiment. Annotators were instructed to use the
parent post as context, but not to copy the post’s
sentiment into the comment label. The label was
assigned to the comment only. The guideline was
refined during the pilot stage and then fixed before
the main annotation stage.

Guideline Document

A.4.3 Qualification and Quality Checks

Before the main annotation stage, annotators com-
pleted a qualification round. Only annotators who
reached Cohen’s k > 0.65 were admitted to the
main task. All 14 annotators met this threshold,
with scores ranging from 0.66 to 0.81.

During annotation, gold-check examples were
inserted at a 2% rate. Annotators whose agreement
dropped below the required threshold were paused,
retrained on the relevant ambiguity cases, and re-
qualified before continuing. Labels from affected
batches were reviewed and re-annotated where nec-
essary.

A4.4 Adjudication

Each comment was independently labeled by two
annotators. If both annotators agreed, their shared
label was accepted. If they disagreed, the comment
was reviewed by a senior validator. Difficult cases
were escalated to a small validator panel.

For adjudicated comments, we record the two
initial labels, annotator confidence scores, valida-
tor decision, and final gold label. These logs allow
later analysis of disagreement patterns and label re-
liability.

A.5 Quality Metrics Details

A.5.1 Pairwise Inter-Annotator Agreement

We report Cohen’s « for agreement between the
two primary annotators assigned to each comment.
The overall pairwise score is £ = .73, indicating

substantial agreement. We compute:

o — Po — Pe )

1_pe7

where p, is observed agreement and p. is expected
agreement under the annotators’ marginal label dis-
tributions. Per-phase « ranges from 0.69 to 0.78.

A.5.2 Multi-Rater Reliability

We also report Krippendorff’s o to measure relia-
bility across the full annotator pool. The overall
score is a = (.71, showing that the labels are con-
sistent beyond individual annotator pairs.

A.5.3 Annotator Confidence

Annotators provided a confidence score in [0, 1] for
each label. The mean confidence score is ¢ = (.82
with standard deviation 0.14. In total, 87.3% of
labels have confidence scores of at least 0.7. These
scores are included as metadata so that users can
filter examples by confidence if needed.

A.5.4 Pre-Adjudication Agreement

The two primary annotators agreed directly on
78.4% of comments. The remaining 21.6% were
sent to senior validators for adjudication. Among
these, 3.1% required review by a three-validator
panel.

A.5.5 Independent Blind Audit

As a final quality check, two senior validators who
were not involved in adjudication re-labeled a strat-
ified random sample of 2,000 comments, with 400
comments from each phase. They were blind to the
final gold labels. The audit achieved 94.2% exact-
label agreement and 96.8% agreement within one
step on the sentiment scale. Most disagreements
involved rhetorical questions and emoji-mediated
sentiment, which were also identified as difficult
cases during guideline development.

A.6 Effect of Comment Length

We analyze sentiment distribution across word-
level comment length intervals to examine whether
affective polarity varies with comment verbosity.
As shown in Figure 3, shorter comments are more
frequently positive, with the positive share decreas-
ing from 50% in 1-10 word comments to 20%
in comments longer than 50 words. In contrast,
neutral sentiment increases steadily with length,
suggesting that longer comments tend to provide
explanation, context, or factual discussion rather
than direct affective reactions. Negative sentiment
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Figure 3: Sentiment distribution across sentence length
intervals (word-wise). Short sentences (1-10 words)
are dominated by positive sentiment, while the propor-
tion of neutral sentiment increases with sentence length.
Negative sentiment remains relatively stable across all
length ranges.

remains comparatively stable across all length
ranges. This indicates that comment length is asso-
ciated with sentiment composition, and that mod-
els may need to account for verbosity-driven shifts
in crisis discourse.

A7

We measure lexical change across event phases us-
ing three signals: Jensen—Shannon (JS) divergence
over unigram distributions, Jaccard similarity of
top words, and Shannon entropy. The results are
shown in Figure 4.

Quantifying Temporal Non-Stationarity

JS divergence. JS divergence values range from
0.3713 to 0.3832 across phase pairs, showing that
word distributions change over time.

Jaccard similarity. Top-word Jaccard similarity
ranges from 0.4235 to 0.4652. This means that
less than half of the most frequent terms are shared
across phase pairs, indicating vocabulary turnover
as the event develops.

Entropy. Shannon entropy increases from
7.5989 to 7.7872, suggesting that the discourse
becomes more lexically diverse in later phases. To-
gether, these results show that the corpus changes
measurably across event phases. This supports
the temporal-shift results in Table 5: performance
drops are associated with changes in the data dis-
tribution, not only with model limitations. The
corresponding sentiment-level shift, quantified
using Cohen’s d on the polarity distributions of
all (g) = 10 pairwise phase pairs, is reported in
Table 7; seven of ten contrasts are negligible, with
the strongest effects clustered around the post-
blackout transition mirroring the lexical-level drift
pattern above.

Distribution Drift /S Divergence) Top-Word Overlap (jaccard) Vocabulary Diversity (Entropy)

1 o 03806

782

‘‘‘‘‘

7.5989

Figure 4: Temporal drift across three chronological
phases of Bangla text. Divergence, vocabulary turnover,
and rising entropy together reveal substantial non-
stationarity and increasing lexical diversity over time.

A.8 Topic Modeling: Extended Methodology
and Results

Detailed Methodology

Our topic modeling methodology employs
BERTopic with the following specifications: We
use a multilingual sentence transformer for em-
beddings, UMAP for dimensionality reduction,
and HDBSCAN for density-based clustering, aug-
mented with a custom Bangla stopword list (619
terms) to filter discourse markers (158 terms),
platform-specific artifacts (151 terms) and special
tokens (6 terms). (see Table 8 for period-specific
topic statistics).

Hyperparameter selection was guided by a trade-
off between granularity and interpretability. In the
global model, we use UMAP (n_components=5,
n_neighbors=20, min_dist=0.1) to preserve se-
mantic structure while reducing dimensional-
ity, HDBSCAN (min_cluster_size=20, min_sam-
ples=5, cluster_selection_epsilon=0.1) with le-
nient parameters to avoid excessive fragmentation
of crisis discourse, and CountVectorizer with n-
grams=(1,3), min_df=10, max_df=0.9 to capture
Bangla phrasal compounds while filtering ubiqui-
tous terms. In contrast, period-specific models
employ adaptive clustering. The min_cluster_size
is scaled with each period’s corpus size, from 25
for the smallest period to 100 for the largest, to
maintain comparable topic granularity across cor-
pus sizes. Documents identified as outliers (HDB-
SCAN topic=-1) are reassigned to the nearest topic
centroids via cosine similarity, ensuring complete
corpus coverage. Finally, topic coherence stabil-
ity is assessed under reasonable clustering pertur-
bations (min_cluster_size +20%: AC, < 0.05), in-
dicating that the results are robust to sensible hy-
perparameter variation.

Extended Results

Topic dynamics exhibit bursty, non-stationary
patterns. Dynamic temporal tracking reveals that



75% of topics display a coefficient of variation ex-
ceeding 1.0, indicating high volatility relative to
mean activity. Peak topic intensity occurs on Au-
gust 9 three days post-collapse with Topic T1 reach-
ing 1,063 daily posts. The average topic lifespan is
44.8 days, with the dominant topic TO experienc-
ing 15 momentum shifts and volatility of 4,269.78.
These results reflect the punctuated attention dy-
namics during the crisis.

Thematic evolution shows high semantic conti-
nuity. Cross-period analysis of 100 topic trans-
formations reveals high semantic similarity (mean
= 0.93), indicating that themes tend to evolve
rather than rupture across event phases. Student
protest discourse (RGN, SNCAIT) morphs into
state violence narratives (?I%‘P‘T , CoIe) with similar-
ity 0.902, while confrontation rhetoric transforms
into celebratory discourse (@Tm, W‘Qﬂ) with
similarity 0.954 and +462% volume growth post-
collapse.

Sentiment is asymmetrically negative and
tightly coupled to topic networks. Topic-level
sentiment analysis identifies pronounced neg-
ativity bias: Only Topic T8 (FT&l®, JeHE —
decisions, reforms) shows a positive polarity
(+0.246) whereas the most negative topics (T15:
—0.486; T6: —-0.294) dominate volume. Topic
co-occurrence analysis identifies 38 significant
associations (r > 0.5), with decision-making top-
ics tightly coupled to public reaction topics (T3
< T1, » = 0.988), indicating reactive action-
response cycles characteristic of crisis communi-
cation (Tufekci, 2017).

Collectively, these results show that revo-
Iutionary online discourse is characterized by:
(1) extreme thematic centralization around core
grievances, (ii) crisis-induced semantic crystal-
lization under acute stress, (iii) bursty tempo-
ral dynamics with delayed collective sensemak-
ing, (iv) high-continuity thematic evolution across
event phases, and (v) an asymmetric sentiment
structure dominated by negative expression. These
patterns challenge common assumptions about plu-
ralistic fragmentation in online political discourse
modeling and suggest that crisis communication
follows distinct structural principles that require
specialized analytical frameworks.

A.9 Failure Mode Discovery: Topic-Level
Sentiment Instability

We go beyond aggregate performance metrics by
examining sentiment volatility at the topic level

to uncover systematic failure modes under tempo-
ral shift, complementing the lexical-level drift sig-
nals reported in Figure 4. Using our sentiment-
flip detection framework on the 25 topics extracted
via BERTopic, we measure polarity volatility using
standard deviation (o) across the five event phases.
The result is pronounced, topic-dependent instabil-
ity.

Pronounced heterogeneity in temporal robust-
ness. Volatility clusters are asymmetric: 6 top-
ics are highly volatile (¢ > 30), 14 are medium
(15 < 0 £ 30), and 5 are stable (o < 15). Topic
22 (GBI — quota reform) is especially unstable
(0 = 45.76, range = 90.48), flipping from +57.1%
to —33.3% polarity across the P3—P4 transition
(Figure 5). By contrast, humanitarian topics re-
main relatively steady (o ~ 12-15). This shows
volatility is topic-specific, not uniform.

Critical transitions concentrate misclassifica-
tion risk. Of 15 topics with dramatic flips (A >
40%), the largest shifts cluster around two transi-
tions: (i) P2—P3 (post-blackout), where four top-
ics flip by >60% as information flow and sense-
making resume and (ii) P3—P4 (regime collapse),
where five topics reverse by >45% as celebratory
and uncertain framings collide. Topic 11 (<
— problems) shifts from —15.0% to —45.6% (A =
64.2%) during P2—P3. A classifier trained on P2
would therefore underestimate negativity in P3 by
more than 30 percentage points for this topic.
Implications for temporal model robustness.
Temporal distribution shift is not uniform. Models
fail at different rates depending on the topic, with
politically charged themes (quota reform, league
politics) showing 3 volatility than humanitarian
concerns. This motivates topic-aware temporal re-
calibration where model confidence is dynamically
adjusted based on topic volatility profiles. Do-
ing so could meaningfully improve robustness over
time. Future work should explore selective fine-
tuning strategies that prioritize highly volatile top-
ics during temporal adaptation.



Failure Mode Discovery: Topic-Level Sentiment Trajectory
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Figure 5: Topic-level sentiment trajectories across the
five phases (P1-P5) of the July Revolution. Hollow cir-
cles mark initial polarity, while filled circles mark final
polarity and scale with document volume. Arrows and
percentage labels show the direction and magnitude of
each shift; Bangla topic names and document counts
appear along the right margin. Volatility varies substan-
tially across topics: T22 (GFIBY) shifts from +57.1% to
—33.3% (0 = 45.76), whereas flood-relief topics re-
main relatively stable (¢ =~ 12-15). The largest re-
versals cluster around P2—P3, following the internet
blackout, and P3—P4, during regime collapse, with sev-
eral shifts exceeding 60%. These patterns reveal topic-
specific temporal distribution shifts that challenge ro-
bust sentiment modeling.

A.10 Failure Mode Discovery through Topic
Modeling

To investigate systematic weaknesses beyond over-
all performance metrics, we applied BERTopic to
the 2,789 misclassified comments in our dataset.
The model indentifies 33 semantically coherent
topics (C,=0.9499), using a smaller cluster config-
uration tailored to the error corpus (min_cluster_-
size=15, n-grams=(1,2)).

Catastrophic failure of the neutral class. The
error analysis reveals a critical failure of the neu-
tral class. Although the negative and positive
classes show 83.71% and 63.10% accuracy re-
spectively, the neutral class achieves only 42.54%
accuracy, corresponding to a 57.46% error rate.
Neutral —negative errors alone account for 895 in-
stances, representing 32.1% of all misclassifica-
tions and revealing a strong systematic bias toward
negative sentiment.

Error concentration in semantic clusters. Mis-
classifications are not evenly distributed but in-
stead concentrate in distinct topics. Topic O alone

Table 9: Top misclassification topics revealing system-
atic failure modes. Topic O dominates with 676 errors
(24.2% of all misclassifications), while the neutral class
shows catastrophic failure across all topics with 57.46%
error rate. High prediction confidence (mean=0.977) on
errors indicates overconfident misclassification rather
than uncertainty.

Topic Errors Conf. Neu—Neg Neu—Pos Neg«Pos
TO: SCwEEs s 676  0.968 261 61 104
T1: WBTR [ENREIR 369 0971 186 20 58
T2: @ 134 0.966 29 5 23
T3: @eore e 110 0.968 40 18 29
T4: frwdione zecE 92 0.970 14 13 38
T5: @6s feioE 89  1.000 0 85 4
T6: QG QTR 75 0.980 40 7 10
T7: o2 fRaad 75 0982 19 9 17
T8: frwiditie wsfs 720992 10 16 27
T9: V& R 70 0977 10 11 27

All Topics (33) 2,789 0977 895 356 531

contributes 676 errors. Of these, 322 involve
neutral samples predominantly mislabeled as neg-
ative (81.1%). These clusters center on politi-
cal discourse ((ITURCAA STHAEER) and edu-
cational policy (SCE PFHIGC), suggesting that
BanglaBERT relies heavily on lexical negativity
cues while failing to capture pragmatic neutrality,
which is a subtle but pervasive feature of Bangla so-
cial media discourse. LoRA-SFT on a mid-scale
LLM recovers several of these pragmatically de-
pendent cases (qualitative examples in Table 6).
Class-level bias and skew. Table 9 highlights the
scale of this failure: 1,251 of 2,177 neutral sam-
ples (57.46%) are misclassified, with a 2.5:1 bias
towards negative labels (895 neutral—negative
vs. 356 neutral—positive). This skew is con-
sistent across topics. T1, T3, and T6 each
show 4-5x higher neutral—-negative rates than
neutral—positive, reinforcing the model’s ten-
dency to interpret ambiguous Bangla discourse as
negative.

Overconfident misclassification. The model is
highly certain even when it is wrong. The mean
confidence across all errors is 0.977. In Topic 5,
confidence reaches a perfect 1.000 while 85 neu-
tral samples are mislabeled as positive. Such ex-
treme overconfidence indicates a failure of uncer-
tainty calibration. This makes standard probability
thresholds ineffective for error detection and high-
lights the need for topic-aware confidence recali-
bration.

Extreme sentiment flips. Apart from the collapse
of the neutral class, 531 samples exhibit neg<+pos
flips, accounting for 19.0% of all errors. The top-
ics 0 (104 flips) and 1 (58 flips) dominate these fail-
ures, both centered on (IFVRCAA ACHHAER dis-



course where the political framing strongly influ-
ences sentiment valence. Topic 4 (FFRZME F2TE
students’ dream) shows a particularly high flip rate
of 41.3% (38/92 errors), revealing the weakness of
BanglaBERT when it comes to differentiating be-
tween aspirational and critical framings of educa-
tional reform.

A.11 Structural Diagnosis: Where Do
Models Fail?

Aggregate metrics tell us how much models fail,
but not where. To pinpoint failure structure we ap-
ply BERTopic (Grootendorst, 2022) to the corpus
with dynamic temporal tracking, and to the model
error set separately, yielding two complementary
views: (1) the latent thematic structure of crisis dis-
course itself, and (ii) the concentration of model er-
rors within that structure. The full pipeline (multi-
lingual sentence-transformer embeddings, UMAP
+ HDBSCAN, period-adaptive hyperparameters,
619-term Bangla stopword list) is detailed in Ap-
pendix A.8; we report the headline findings here
and defer extended results to Appendices A.8—A.8.
Table 8 summarises the period-stratified output.
Two phenomena are immediately load-bearing for
our discussion of model failures.
Crisis discourse is hegemonic, not pluralistic.
The global model recovers 29 topics (C,, = 0.375,
silhouette = 0.402), but one topic (TO: ﬁ[ﬂ‘, RGEAEH
(161 league, government, quota) absorbs 56.3% of
all documents (n = 105,226), exhibits remarkable
temporal stability (CV = 0.014), and carries net-
negative polarity (—0.224). Shannon-entropy ef-
fective topic counts of just 1.7-2.0 across phases
confirm that apparent diversity masks deep con-
centration. We term this pattern discourse hege-
mony: under crisis, collective attention converges
on a single political grievance rather than frag-
menting across separable concerns. The implica-
tion for sentiment modelling is direct the domi-
nant training signal is one centred, persistent topic,
and any model that overfits its lexical surface will
inherit TO’s negativity prior on out-of-topic com-
ments. This matches the systematic neutral-to-
negative collapse observed in our error analysis
(Appendix A.8).
Crisis induces semantic crystallization, not
noise. A counter-intuitive pattern emerges from
period-specific modelling: topic coherence is not
driven by corpus size. P2 (Crisis & Blackout, n =
33,684, 16.9% of corpus) achieves by far the high-
est coherence (C, = 0.781, against 0.384-0.422

in every other period) while producing as many
topics (29) as the global model. The largest pe-
riod, P4 (Post-Revolution, n = 69,536, 34.9%),
is markedly less coherent (C, = 0.420), and the
smallest, P1 (Pre-Escalation, n = 6,727, 3.4%),
lower still (C,, = 0.405). We call this the cri-
sis coherence paradox: extreme conditions do not
fragment discourse, they crystallise it. Under infor-
mation scarcity (the blackout) and acute existential
stakes, the public converges sharply on a small set
of immediately salient concerns; after the crisis re-
solves, discourse diversifies and coherence drops.
These two phenomena hegemony and crystal-
lization explain a structural feature of model fail-
ure that aggregate metrics hide: errors do not
distribute uniformly over discourse but concen-
trate around the dominant topic and its adjacent
themes. The topic-conditional error analysis in
Appendix A.8 formalises this, showing that polit-
ically charged topics (quota reform, party politics)
exhibit 3x the sentiment volatility of humanitarian
ones and that 33% of all errors fall within TO’s or-
bit. The actionable consequence is that temporal
robustness must be measured topic-conditionally,
and that recalibration strategies for crisis sentiment
models should be steered by topic volatility pro-
files rather than by aggregate confidence scores.

A.12 Prompting Techniques

We evaluate the LLMs in our benchmark under
two standard in-context learning paradigms, zero-
shot and few-shot prompting. In both settings
the model parameters are kept frozen and the only
signal the model receives about the task comes
through the natural-language prompt, which lets
us isolate the contribution of in-context reasoning
from any task-specific fine-tuning.

Zero-shot prompting. In the zero-shot setting,
the model is given a task description and the
input instance but no labelled examples. Each
prompt starts with a short expert-persona instruc-
tion (e.g., “You are an expert in Bengali politi-
cal sentiment analysis™), followed by the parent
post, the target comment, the allowed label set
{positive, neutral, negative}, and a constraint that
the response must be a single label. Because
no demonstrations are provided, zero-shot perfor-
mance reflects the model’s intrinsic ability to inter-
pret crisis-era Bangla discourse using only its pre-
training knowledge, and is therefore especially sen-
sitive to lexical coverage, cultural-political ground-
ing, and instruction-following quality in a low-



resource language.

Few-shot prompting. In the few-shot setting,
the same template is preceded by £k = 7
labelled (post, comment, label) demonstra-
tions drawn from the training split of UNREST-
SENT200K. The demonstrations are chosen to
jointly cover (i) all three sentiment classes in
{positive, neutral, negative}, (ii) both supportive
and critical framings of crisis events, and (iii)
linguistically challenging phenomena such as sar-
casm, rhetorical questions, emoji descriptions,
code-mixed Bangla—English expressions, and im-
plicit political references. The model is then asked
to label a held-out (post, comment) pair under the
same output constraint, which lets us measure how
much a small number of in-domain exemplars can
compensate for the absence of fine-tuning.
Decoding and output format. For all set-
tings we use greedy decoding (temperature = 0)
and constrain the output to a single token from
{positive, neutral, negative}. Responses that do
not exactly match one of the allowed labels are
counted as errors rather than re-prompted, so re-
ported numbers reflect end-to-end prompt reliabil-
ity rather than post-hoc parsing. The full prompt
templates used in our experiments are reproduced
in §B.1.

A.13 Expert Prompting with LLMs

Table 3 reports the zero-shot and few-shot perfor-
mance of open-source and proprietary LLMs using
expert prompting with Bangla-native instructions
on the UnRestSent200K benchmark.

B Ethics Statement

All data used in this work were collected from pub-
licly accessible Facebook and YouTube content in
accordance with platform terms of service. Person-
ally identifiable information, including usernames
and profile links, was removed during preprocess-
ing.

B.1 Sample Prompts and Result



PS5 &™5: IFBCND SHIAG* (Few-Shot: Sentiment Annotation — Bengali)

System: Bf¥ e O ASATSS sentiment analysis KT | (SINTE B 7eqW CAPS /N

R FIR (AIBF ToF 41 9 TP e @ | (OE F1& 2 e v @ eIt Tl

Co{I9B, ToA1, Il 2Cre Al T <A sentiment A FAR |

User: 15 fog Srizgd (a3t @ite | SniRgelete S 3@ (< el e Tex wis |

frra:

* post ®YA@ contextual information BT 2w F4 |

o sentiment fVEiFTed A sarcasm, rhetorical tone, slang, emoji description (CII: "It e
YR efefe), @32 mixed Bangla-English expression b=l 4¢3 |

. Ao Tom A AfETe T 77, BYNG comment-9S sentiment o 963
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neutral
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T B 515! I TS R afefE
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TR: RGNS (BT ST @ fErg? ke 12 afsfam

Ted: neutral

TARA ¢

(PI95; SPRITY T[S ORI JAVE--RIANGTR 5S¢ TR IREH

TG: AW A (72 = 6 =N =32

Ted: neutral

TARAY Y

(oIP%:; FHIREIRA Qe ;. ot Ry fifes e, 943 TAbE aeet 2@ wa@rt

TE: (161 PTG [T 1% | (IR Bl =11 |

Ted: positive

TArRE q

(oD SARIY T[S O JIW--REANGTE 5S¢ TP ILH

TR AT AN oS FTare 4w

Tee: positive

Q7 e TwRAelBd sentiment €= S

IPB: {post}

A@: {comment}

wyq {69 @SB label @WF SR positive, neutral, negative




Few-Shot: Sentiment Annotation — English

System: You are an expert in political sentiment analysis for the Bangla language. You will be given
a news post or headline and a comment made on that post. Your task is to determine what kind of
sentiment the comment expresses toward the mentioned post, event, or context.

User: Some examples are given below. Follow the examples and answer the final question.

Instructions:

* Use the post only as contextual information.

* While determining sentiment, consider sarcasm, rhetorical tone, slang, emoji descriptions such as
“crying laughing face reaction”, and mixed Bangla-English expressions.

* Judge only the sentiment of the comment, not political ideology or personal position.

* If the comment expresses support, praise, optimism, or a positive reaction, label it positive.

* If the comment expresses criticism, frustration, anger, sarcasm, attack, or a negative reaction, label
itnegative.

* If the comment is factual, question-like, ambiguous, or does not express a clear positive or negative
sentiment, label it neutral.

Examples:

Example 1

Post: Anti-quota movement: A procession has started at Dhaka University, and Chhatra League has
gathered at Madhur Canteen.

Comment: Be careful, they will shed blood again.

Answer: negative

Example 2

Post: Fifteen members of Jubo Dal and Chhatra Dal expelled for involvement in crimes.
Comment: Stop the drama, people understand everything.

Answer: negative

Example 3

Post: Today, Thursday, internet service is slow across almost all mobile operators in the country.
Comment: Damn fraud! Crying laughing face reaction.

Answer: negative

Example 4

Post: Anti-quota movement: A procession has started at Dhaka University, and Chhatra League has
gathered at Madhur Canteen.

Comment: Has Chhatra League also joined the quota movement? Thinking face reaction.
Answer: neutral

Example 5

Post: Fifteen members of Jubo Dal and Chhatra Dal expelled for involvement in crimes.
Comment: Will those who do not hold any position also be punished?

Answer: neutral

Example 6

Post: Anti-quota movement: A procession has started at Dhaka University, and Chhatra League has
gathered at Madhur Canteen.

Comment: Down with the quota system. Let meritorious students get jobs.

Answer: positive

Example 7

Post: Fifteen members of Jubo Dal and Chhatra Dal expelled for involvement in crimes.
Comment: The right decision at the right time. Thank you.

Answer: positive

Now determine the sentiment of the following example:
Post: {post}
Comment: {comment}

Provide only one of the following labels: positive, neutral, or negative.




p
Zero-Shot Prompt: Political Expert (Bengali)
B qFE e AEAOS sentiment analysis RTSe | {065 gl ¢oIP6 @A TWIBH sentiment

IBEIEEEI SN
I9B: {post}
TS<): {comment}

B GF6 (FTCIE WS positive, neutral, negative
. J

Zero-Shot: Political Expert — English

You are an expert in Bengali political sentiment analysis. Determine the sentiment of the following
Bengali post and comment.

Post: {post}
Comment: {comment}

Respond with only one label: positive, neutral, or negative.
. J
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