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Abstract

LLMs have demonstrated exceptional profi-
ciency in a wide range of NLP tasks. However,
a notable gap remains in practical data analysis
scenarios, particularly when LLMs are required
to process long sequences of unstructured doc-
uments, such as news feeds or, as specifically
addressed in this paper, social media posts. To
empirically assess the effectiveness of LLMs in
this setting, we introduce a question-based eval-
uation framework comprising 470 manually cu-
rated questions designed to evaluate LLMs’ se-
mantic understanding and reasoning abilities
over aggregated text data. We apply our bench-
mark on diverse Twitter datasets covering var-
ious NLP tasks, including sentiment analysis,
hate speech detection, and emotion recognition.
Our results reveal that the performance depends
heavily on input scale and the complexity of
the data sources, declining noticeably in multi-
label or target-dependent scenarios. In addi-
tion, as task complexity increases, performance
drops progressively from basic semantic exis-
tence identification to more demanding opera-
tions such as comparison, counting, and calcu-
lation. Furthermore, as the input size grows be-
yond 500 instances, we identify a common limi-
tation across LLMs, particularly Open-weights
models: performance degrades substantially,
especially on numerical tasks. These findings
highlight critical architectural bottlenecks in
current LLMs for performing rigorous quanti-
tative analysis over large text collections.

1 Introduction

The rapid advancement of Large Language Mod-
els (LLMs) (Achiam et al., 2023; Touvron et al.,
2023; Team et al., 2023) has significantly expanded
the scope of NLP applications, granting them the
capacity to address a diverse array of complex, real-
world tasks such as data analysis. However, unlike
structured data, vast repositories of unstructured
texts, ranging from customer service logs and fi-
nancial earnings reports to clinical trial records,

contain rich latent information that poses unique
challenges, requiring not only complex semantic
interpretation but also rigorous reasoning processes
to aggregate the information effectively.

Using LLMs as efficient, automated tools for
data analysis can help us reduce the cost of de-
riving insights from massive texts. However, as
we detail in the related work section, research tar-
geting this setting remains scarce, and lacks dedi-
cated datasets and standardized evaluation norms.
Furthermore, previous research has confirmed that
LLM reliability is often compromised by hallucina-
tions (Schwartz et al., 2024) and inadequate numer-
ical and logical reasoning capabilities (Liu et al.,
2025). In data analysis tasks where precision is a
cornerstone requirement, whether LLMs continue
to exhibit these critical failures—and to what ex-
tent such limitations hinder their ability to provide
comprehensive and trustworthy insights—remains
an open question.

To address these gaps, we present a QA-based
dataset designed for the preliminary exploration
and evaluation of LLM abilities in analyzing un-
structured text (See Figure 1). In particular, we
focus on the data type encountered in social media,
which is a domain that encapsulates our aims, given
the short nature of social media text instances, and
the need for analyzing large amounts of posts for
different applications. Constructed on top of two
well-established social media NLP benchmarks,
TweetEval (Barbieri et al., 2020) and SuperTweetE-
val (Antypas et al., 2023), our dataset includes 470
manually filtered questions with human-verified
ground truths. Our evaluation framework investi-
gates three critical dimensions of model perfor-
mance to provide a comprehensive assessment.
First, we design questions of varying difficulty
levels—ranging from simple true/false judgments
to complex data computations—to test the depth
of the models’ analytical reasoning. Then, by in-
corporating text sources originally designed for

808



Generated: 3 
Ground Truth: 2

(✗ Mismatch)
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EVALUATION QUESTION

How many posts express a Negative sentiment?

SELECTED UNSTRUCTURED TEXT INSTANCES FROM A GIVEN SENTIMENT ANALYSIS DATASET
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Worst customer 
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Ugh.

Post 2 [Sentiment: Negative]

Global warming 

projections are 
terrifying.

Post 3 [Sentiment: Negative]

Sunset today at

6.

Post 4 [Sentiment: Neutral]

LLM PROCESS

Figure 1: An illustrative example of our data analysis evaluation framework.

diverse classification tasks, we evaluate the mod-
els’ adaptability to different semantic complexities.
Moreover, we use varying input data scales to ex-
amine model robustness when processing differ-
ent volumes of textual information. Finally, we
quantitatively benchmark various Open-weights
and Closed-source LLMs to test their capabilities
in real-world applications.

Crucially, we observe a clear capability gap heav-
ily influenced by the semantic or structural com-
plexity of the data source. In addition, while mod-
els are highly proficient in identifying the existence
of specific semantics, their accuracy drops during
comparisons, and they struggle with complex nu-
merical ones such as counting and calculation. Ad-
ditionally, we identified a critical turning point at
approximately 500 input instances; beyond this
threshold, Open-weights LLMs exhibit severe per-
formance degradation across all tasks, and Closed-
source models also struggle with numerical reason-
ing at this scale.

2 Related Work

Several benchmarks have been constructed to eval-
uate the data analysis capabilities of LLMs or
LLM-based agents in relevant tasks (Lai et al.,
2022; He et al., 2024). However, the majority tar-
get structured data analysis. Prominent datasets
such as InfiAgent-DABench (Hu et al., 2024) and
StatLLM (Song et al., 2025) use CSV files or sta-
tistical languages (e.g., SAS) to assess tasks like
planning and code generation. Similarly, DataS-
ciBench (Zhang et al., 2025) and DABstep (Egg
et al., 2025) focus on executing complex data sci-
ence workflows via executable code. While these
benchmarks effectively test quantitative reasoning
on structured tables, they do not address the chal-
lenges of analyzing unstructured text and do not
evaluate tasks that demand deep semantic under-

standing. Another direction for data analysis using
LLMs takes a system-centric perspective. UDA-
Bench (Deng et al., 2025) focusing on query inter-
faces and operator design for SQL-like querying
over unstructured data, rather than evaluating LLM
reasoning capabilities directly.

In contrast, traditional NLP benchmarks such
as document-level Question Answering (Rasool
et al., 2024) and long-context aggregation bench-
marks (Shaham et al., 2022) target factual retrieval
or synthesis within a single document, and do not
address the challenge of analyzing a collection of
short, noisy, independent instances. Instead, our
task requires models to first perform implicit se-
mantic inference across all instances, and then ag-
gregate the result through reasoning.

Most closely related to our work are Oo-
long (Bertsch et al., 2025), which evaluates cross-
instance aggregation over long contexts, and Chen
et al. (2026), who study LLM performance degra-
dation under multi-instance processing. However,
both use data with relatively straightforward se-
mantics, whereas our benchmark is built on social
media text carrying more complicated semantic
information—such as mixed emotions or implicit
stances—that models can easily misinterpret at the
instance level before any aggregation begins. Fur-
thermore, beyond simple counting or percentage
computation, our questions involve first-order logi-
cal reasoning and cross-category comparison, pos-
ing a greater and more diverse inferential challenge
than prior work.

3 Text Analytics Evaluation Framework

We aim to construct an evaluation pipeline and a
benchmark to assess the data analysis capabilities
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of LLMs on unstructured textual data1. The bench-
mark focuses on both real-world textual application
scenarios in social media and the intrinsic statis-
tical properties of the data. Among others, this
framework can help evaluate the following abilities
of LLMs: interpreting data distributions, under-
standing simple logic, and performing mathemati-
cal computations relevant to data analysis.

3.1 Task Definition

We define the task as a generative document-based
question answering problem (Fan et al., 2019). For-
mally, let D = {di}Ni=1 denote a text dataset, where
di represents an individual text instance. Given an
input question q related to data analysis, the ques-
tion answering process is formalized as:

a = MLLM (q,D) (1)

where a denotes the generated answer, and MLLM
is the LLM-based system that internally derives
statistical information from D to generate a.

3.2 Dataset Construction

Data Selection We use social media posts as the
primary data source due to their accessibility and
widespread use in data analytics across domains,
such as business intelligence and public opinion
monitoring. We build our dataset using the publicly
available benchmarks TweetEval (Barbieri et al.,
2020) (TE) and its extension, SuperTweetEval (An-
typas et al., 2023) (STE), which are available in
English only. These benchmarks aggregate sev-
eral high-quality datasets including diverse tasks
and domains, such as sentiment analysis, emotion
recognition or topic classification. We integrate
eight datasets from TE and STE, which we system-
atically categorize into the following groups based
on annotation complexity (see Table 1):

1. Group 1: Single-Label Classification (SLC)
includes sentiment analysis (TE-SA), hate
speech detection (TE-HS), offensive language
detection (TE-OL) and hate speech detection
(STE-HS). These tasks share a small and mu-
tually exclusive label space. This represents a
lower structural complexity at the output level
compared to tasks with richer or overlapping
categorical signals.

1We release the evaluation framework at https://github.
com/yuefeng-shi/text_data_analysis

Type Dataset Name

Single-Label Classification (SLC)
TE-Sentiment Analysis (TE-SA) (Rosenthal et al., 2017a)
TE-Hate Speech Detection (TE-HS) (Basile et al., 2019)
TE-Offensive Language Detection (TE-OL) (Zampieri et al., 2019)
STE-Hate Speech Detection (STE-HS) (Sachdeva et al., 2022)

Multi-Label Classification (MLC)
STE-Emotion Recognition (STE-ER) (Mohammad et al., 2018)
STE-Topic Classification (STE-TC) (Antypas et al., 2022)

Targeted Classification
TE-Stance Detection (TE-SD) (Mohammad et al., 2016)
STE-Sentiment Analysis (STE-SA) (Rosenthal et al., 2017b)

Table 1: Categorization of Datasets by Task Type. TE
denotes TweetEval, and STE denotes SuperTweetEval.

2. Group 2: Multi-Label Classification (MLC)
includes emotion recognition (STE-ER) and
topic classification (STE-TC). These tasks are
more complex, as they require handling overlap-
ping and non-mutually exclusive categories.

3. Group 3: Targeted Classification (TC) in-
cludes stance detection (TE-SD) and targeted
sentiment analysis (STE-SA). Unlike standard
classification tasks, these involve an explicit tar-
get variable and require deeper contextual rea-
soning to determine the relationship between
the text and a specific entity. These tasks allow
us to assess the model’s contextual adaptability.

Question Categorization To align our evalua-
tion framework with real-world data analysis work-
flows and assess specific limitations in current
LLM capabilities, we design evaluation questions
covering four main types, reflecting different levels
of reasoning demand:

1. Existence questions test the model’s precision
in detecting the presence or absence of specific
labels, explicitly assessing hallucination. (e.g.
’Does the dataset contain entries expressing the
’anger’ emotion?’ in STE-ER)

2. Count questions evaluate the model’s ability to
maintain global attention and perform accurate
counting within long textual contexts (e.g. ’How
many entries do not express the ’trust’ emotion?’
in STE-ER)

3. Comparison questions assess logical reasoning
by requiring the model to retain multiple fre-
quency counts in working memory and perform
binary comparisons between label groups. (e.g.
’Do entries expressing ’love’ emotion account
more than 30% of the total dataset?’ in STE-ER)
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4. Calculation questions require deriving sec-
ondary metrics (e.g., percentages) from raw text,
thereby testing model’s mathematical reasoning.
(e.g. ’Calculate the percentage of entries with
both ’sadness’ and ’anger’ emotions.’ in STE-
ER)

Based on these tasks, we categorize the required
outputs into three distinct groups based on the re-
quired answer format:

1. Binary Response (Yes/No): This category re-
quires the model to make logical judgments
based on textual evidence. It corresponds to
Existence and Comparison questions.

2. Numerical Response (Number): This category
focuses on both frequency quantification and
computational complexity. It requires the model
not only to accurately count specific instances
within the dataset, but also to process fundamen-
tal math operations, directly mapping to Count
and Calculation questions.

3. Proportional Response (Percentage): This cat-
egory requires the model to compute relative
metrics, necessitating explicit arithmetic opera-
tions , typically found in Calculation questions.

3.3 Evaluation Pipeline
Data Sampling and Preprocessing To evaluate
model capabilities across varying information vol-
umes, we applied a random sampling strategy to
the source datasets, generating subsets at seven
scales: 10, 50, 100, 250, 500, 750, and 1,000 in-
stances. The sampling was carried out to preserve
the original label distribution to ensure similar sta-
tistical representativeness from all labels, and three
independent samples were drawn for each scale to
mitigate random variance. To simulate a purely un-
structured text analysis environment, we only kept
the raw text and removed labels and meta-data.

Question Generation and Filtering We first
used GPT-4 (Achiam et al., 2023) to generate candi-
date questions for each task, guided by prompts that
enforced relevance to real-world data analysis sce-
narios and required all questions to be grounded in
the task-specific label space, producing 10 Binary
(Yes/No) and 10 Numerical (Number/Percentage)
questions per task (see Appendix B). We then
manually removed unsuitable candidates, corrected
grammatical issues, and consolidated the remaining
ones into shared sentence templates by merging and

complementing questions across tasks, so as to en-
sure both coverage of all four question categories—
Existence, Count, Comparison, and Calculation—
and sufficient diversity in question formulation. Ad-
ditionally, we further designed questions by hand
to cover label co-occurrence statistics and cross-
target comparisons for multi-label classification
and target-based tasks. Finally, we instantiated
the full question set from these templates. Since
template-based generation tends to produce formu-
laic phrasing, each question was manually post-
edited to improve naturalness. The modification
rate was 68% across all questions, although most
modifications were rather minor.

Ground Truth Verification All ground truth an-
swers were deterministically computed using cus-
tom Python scripts applied to the sampled data.
Each answer was independently verified by the au-
thors to ensure correctness. To prevent clustering
around specific values, we adjusted the distribu-
tion of numerical answers during filtering, and re-
balanced questions by explicitly shifting the target
label focus where necessary. Table 2 presents exam-
ples of questions alongside their verified answers.

Benchmark Statistics Our final benchmark cov-
ers eight datasets, each sampled into seven size con-
figurations ranging from 10 to 1,000 instances. As
detailed in Table 3, the benchmark comprises 470
rigorously validated question-answer pairs with an
average length of 11.6 words. The table further
breaks down the distribution along two major di-
mensions: 1) Answer Format and 2) Logical Cate-
gory. Binary (Yes/No) responses constitute 61.5%
of the dataset (n=289), serving as the primary eval-
uation format, while Numerical (n = 91) and Pro-
portional (n = 90) responses each account for ap-
proximately 19% of the benchmark. In terms of log-
ical complexity, the foundational tasks—Existence
(n = 83) and Count (n = 61)—provide a baseline,
whereas higher-order reasoning tasks—Calculation
(n = 120) and Comparison (n = 206)—form
the majority at approximately 69%, reflecting the
benchmark’s focus on deep analytical capabilities.
Detailed statistics are provided in Appendix A.

4 Experimental Setting

In this section, we detail our main experimental
settings—the models analyzed, prompting strate-
gies, and evaluation metrics to evaluate their adapt-
ability and instruction-following capabilities.
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Answer Category Question Category Question Answer

Binary (Yes/No) Existence Does the dataset contain negative sentiment entries? Yes
Comparison Is the proportion of negative sentiment below 30%? No

Numerical Count What is the number of positive sentiment instances? 24
Calculation What is the combined count of hateful and not hateful entries? 100

Proportional Calculation What is the proportion of instances that are neutral? 35%

Table 2: Examples of generated questions categorized by answer format and question type.

Metric / Category Value / Count

Dataset Overview
Total Datasets 8

Single-label Classification 4
Multi-label Classification 2
Targeted Classification 2

Dataset Sample Sizes 10, 50, 100, 250,
500, 750, 1000

Question Statistics (Total: 470)
Avg. Question Length 11.6 words
By Answer Format:

Binary (Yes/No) 289
Numerical (Number) 91
Proportional (Percentage) 90

By Logical Category:
Calculation 120
Comparison 206
Count 61
Existence 83

Table 3: Consolidated statistics of the benchmark
datasets and questions.

4.1 Comparison Models

Closed-source Models. This group consists of
commercial models often achieving state-of-the-
art in NLP tasks and beyond. We use Gemini-3.1-
Flash-Lite (Google, 2026), GPT-5.4-Mini (OpenAI,
2026), and Grok-4.1-Fast (xAI, 2025).2

Open-weights Models. To assess the capabilities
of accessible weights across different parameter
scales, we test different model families: LLaMA
and Qwen. From the LLaMA series (Grattafiori
et al., 2024), we select models from the lightweight
LLaMA-3.2-3B-Instruct, the mid-sized LLaMA-
3.1-8B-Instruct, and the large-sized LLaMA-3.3-
70B-Instruct. Similarly, for Qwen (Yang et al.,
2025) dense models, we include Qwen-3.5-27B-
Instruct, Qwen-3.5-9B-Instruct, and Qwen-3-4B-
Instruct. This selection enables a systematic anal-

2We apply cost-effective solutions rather than large rea-
soning models (e.g., GPT-5.4) because our evaluation is con-
ducted under a non-reasoning setting and a fixed budget.

ysis of how performance scales with model size.
We also apply Qwen Mixture-of-Experts (MoE)
models (Alibaba, 2026) Qwen-3.5-397B-A17B and
Qwen-3.5-122B-A10B.

4.2 Prompting

To evaluate the models’ intrinsic analytical capabil-
ities, we provide each model with a prompt contain-
ing the task description, data source metadata, and
complete label taxonomy, while enforcing strict
output constraints (Yes/No, Number, or Percentage
without any explanations). Full prompt templates
are provided in Appendix E.

4.3 Evaluation Metrics

We evaluate model performance across three dis-
tinct task categories, using metrics specifically tai-
lored to the output nature of each question type:

Classification Tasks. For yes/no output ques-
tions, we report the Macro-F1 score. F1 provides a
balanced assessment of precision and recall, ensur-
ing robustness against potential class imbalances.

Percentage Regression. For percentage output
questions, we implement the Range-Normalized
Root Mean Squared Error (RNRMSE). Although
the theoretical range of percentage values is [0, 1],
the empirical distribution of gold labels is relatively
narrower in practice, meaning that standard MSE
would systematically understate the relative sever-
ity of prediction errors. Therefore, we normalize
each error by the observed gold label range R, so
that errors are measured relative to the actual spread
of values the model is expected to discriminate:

RNRMSE =

√√√√ 1

n

n∑

i=1

(
yi − ŷi

R

)2

where R = max(y)−min(y) (2)

Here, R serves as the normalization factor cali-
brated to the true label distribution, allowing for
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an interpretable assessment of prediction quality
regardless of how concentrated the gold values are.

Numerical Regression. For numerical output
questions, we implement the Normalized Root-
Mean-Square Error (NRMSE). Despite being a re-
gression task, strictly absolute errors in numerical
prediction can be misleading due to the wide vari-
ance in ground truth magnitudes (e.g., from tens
to thousands). Therefore, we scale the penalty rel-
ative to the specific data size (Si) of each sample.
This ensures that errors in large-scale datasets do
not disproportionately dominate the metric:

NRMSE =

√√√√ 1

N

N∑

i=1

(
yi − ŷi
Si

)2

(3)

Here, Si serves as the sample-specific normaliza-
tion factor (e.g., the total dataset size corresponding
to the query), allowing for a fair comparison across
varying instance counts as we explore in our evalu-
ation settings.

5 Results

The evaluation results are summarized in Table 4.
Each entry reports the mean performance aggre-
gated across all data sizes.

5.1 Binary Classification Questions

Model performance. Closed-source models gen-
erally outperform Open-weights models on bi-
nary classification across the board, with Grok-
4.1-Fast reaching 0.834 on STE-TC. Neverthe-
less, larger Qwen-3.5 models perform compet-
itively with Closed-source models. For exam-
ple, Qwen-3.5-397B-A17B achieves 0.795 on TE-
SA, outperforming the best Closed-source model
on this task (Grok-4.1-Fast at 0.773). Similarly,
Qwen-3.5-122B-A10B reaches 0.791 on STE-HS,
surpassing Gemini-3.1-Flash-Lite (0.736). Most
models above 9B exceed the constant-prediction
baseline (0.333–0.347), but this does not hold for
smaller models. Qwen-3-4B-Instruct performs be-
low random scores in some datasets, only reaching
0.230 on STE-HS against a baseline of 0.347, and
LLaMA-3.2-3B-Instruct follows a similar pattern
on several datasets. STE-HS is also worth noting
here: its questions carry higher semantic complex-
ity than other SLC datasets, involving multi-step
reasoning over fine-grained hate sub-categories,
and this appears to challenge all model tiers be-

yond what the simple classification framing might
suggest.
Data complexity. Targeted data source (STE-SA
and TE-SD) on Binary Classification tasks drops
dramatically compared to SLC and MLC in perfor-
mance because their dual-input structure forces the
model to conditionally bind the target to the con-
text rather than simply classifying the text. This
added semantic difficulty explains why top models
like Qwen-3.5-397B-A17B drop significantly from
0.795 on TE-SA to 0.704 on TE-SD. Within SLC
data source itself, dataset-level difficulty also varies
considerably: the gap between TE-SA and STE-HS
highlights that fine-grained semantic distributions
can challenge models just as much as structural
complexity.

5.2 Percentage Estimation Questions

Model performance. For the percentage task,
Closed-source models maintain a clear advantage
in percentage estimation, with Gemini-3.1-Flash-
Lite setting the benchmark by achieving the low-
est RNRMSE on five of eight datasets. In con-
trast, a significant portion of the evaluated mod-
els fail to even match the random prediction base-
line. This barrier is most evident in models un-
der 9B, especially for LLaMA-3.2-3B-Instruct and
Qwen-3-4B-Instruct, which yield estimates that of-
ten under perform simple heuristics. Even more,
larger LLaMA family models like LLaMA-3.3-
70B-Instruct perform below the baseline perfor-
mance (0.628–0.826), indicating that the entire
LLaMA series struggle with this specific type of
percentage task.
Data complexity. Percentage estimation becomes
harder as task complexity increases. For most mod-
els, the lowest prediction error is on SLC data
source, moderate on MLC data source, and highest
on Targeted data source. Targeted data source pro-
duces the largest errors; for example, GPT-5.4-Mini
scores 0.294–0.423 on SLC data sources but its er-
ror rises to 0.445–0.517 on Targeted ones. This
is because Targeted questions ask for percentages
within highly specific groups with the complex
dual-input nature (a specific entity to a specific se-
mantic) at the same time. Since both the reference
group and the target category are harder to identify,
the prediction errors naturally increase. The error
rates for MLC data source fall between SLC and
Targeted ones, which matches the complexity trend
observed in classification.
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Metric Model TE-SA TE-HS TE-OL STE-HS STE-ER STE-TC STE-SA TE-SD

F1 ↑

Baseline 0.335 0.333 0.333 0.347 0.343 0.338 0.341 0.342

Closed-source
GPT-5.4-Mini 0.687 0.621 0.526 0.577 0.726 0.696 0.630 0.638
Gemini-3.1-Flash-Lite 0.703 0.687 0.646 0.736 0.770 0.782 0.651 0.622
Grok-4.1-Fast 0.773 0.601 0.569 0.720 0.658 0.834 0.648 0.666

Open-weights
Qwen-3.5-397B-A17B 0.795 0.676 0.617 0.772 0.677 0.795 0.678 0.704
Qwen-3.5-122B-A10B 0.722 0.579 0.566 0.791 0.703 0.767 0.747 0.659
Qwen-3.5-27B-Instruct 0.779 0.676 0.682 0.745 0.653 0.724 0.708 0.636
LLaMA-3.3-70B-Instruct 0.665 0.519 0.515 0.560 0.699 0.721 0.595 0.640
LLaMA-3.1-8B-Instruct 0.655 0.604 0.551 0.570 0.616 0.623 0.618 0.613
Qwen-3.5-9B-Instruct 0.681 0.521 0.431 0.708 0.668 0.739 0.678 0.689
Qwen-3-4B-Instruct 0.337 0.372 0.284 0.230 0.360 0.281 0.277 0.344
LLaMA-3.2-3B-Instruct 0.385 0.520 0.463 0.446 0.365 0.431 0.521 0.442

RNRMSE ↓

Baseline 0.346 0.287 0.335 0.388 0.356 0.401 0.393 0.374

Closed-source
GPT-5.4-Mini 0.294 0.345 0.423 0.315 0.260 0.272 0.445 0.517
Gemini-3.1-Flash-Lite 0.178 0.142 0.215 0.252 0.332 0.262 0.343 0.429
Grok-4.1-Fast 0.304 0.369 0.409 0.268 0.346 0.299 0.408 0.486

Open-weights
Qwen-3.5-397B-A17B 0.251 0.232 0.323 0.257 0.348 0.223 0.361 0.284
Qwen-3.5-122B-A10B 0.409 0.330 0.368 0.323 0.293 0.314 0.405 0.429
Qwen-3.5-27B-Instruct 0.312 0.186 0.255 0.330 0.375 0.284 0.353 0.399
LLaMA-3.3-70B-Instruct 0.826 0.628 0.791 0.754 0.725 0.719 0.669 0.730
LLaMA-3.1-8B-Instruct 0.839 0.753 0.809 0.805 0.663 0.770 0.724 0.736
Qwen-3.5-9B-Instruct 0.284 0.505 0.560 0.474 0.358 0.323 0.381 0.435
Qwen-3-4B-Instruct 0.720 0.661 0.825 0.749 0.596 0.769 0.729 0.684
LLaMA-3.2-3B-Instruct 0.493 0.743 0.826 0.886 0.507 0.591 0.462 0.413

NRMSE ↓

Baseline 0.257 0.290 0.308 0.352 0.359 0.330 0.361 0.340

Closed-source
GPT-5.4-Mini 0.180 0.307 0.320 0.298 0.299 0.185 0.252 0.222
Gemini-3.1-Flash-Lite 0.194 0.237 0.268 0.277 0.297 0.228 0.255 0.227
Grok-4.1-Fast 0.206 0.343 0.336 0.277 0.323 0.197 0.242 0.222
Open-weights
Qwen-3.5-397B-A17B 0.260 0.298 0.334 0.301 0.334 0.234 0.270 0.251
Qwen-3.5-122B-A10B 0.266 0.301 0.335 0.322 0.333 0.239 0.256 0.245
Qwen-3.5-27B-Instruct 0.240 0.331 0.382 0.290 0.332 0.239 0.271 0.242
LLaMA-3.3-70B-Instruct 0.576 0.566 0.576 0.588 0.564 0.483 0.393 0.451
LLaMA-3.1-8B-Instruct 0.585 0.702 0.596 0.568 0.464 0.462 0.447 0.462
Qwen-3.5-9B-Instruct 0.318 0.406 0.440 0.385 0.360 0.290 0.262 0.272
Qwen-3-4B-Instruct 0.758 0.780 0.781 0.758 0.706 0.758 0.670 0.609
LLaMA-3.2-3B-Instruct 0.595 0.673 0.630 0.708 0.528 0.557 0.463 0.646

Table 4: Main results across the eight TE/STE benchmarks. F1: Macro-F1 (↑ higher is better), RNRMSE and
NRMSE (↓ lower is better). Bold indicates the best non-baseline score per dataset. Baseline denotes the best
constant predictor selected from multiple heuristic strategies (e.g. all questions set yes, 50% or 10 as answers).

5.3 Numerical Regression Questions

Model performance. Closed-source models again
lead on numerical regression tasks, and the gap
to Open-weights models is more pronounced here
than on classification. GPT-5.4-Mini and Gemini-
3.1-Flash-Lite perform the best, with GPT reaching
0.180 on TE-SA and 0.185 on STE-TC, and Gem-
ini hitting 0.237 on TE-HS and 0.268 on TE-OL.
Large Qwen-3.5 variants hold up reasonably well,
staying within 0.240–0.382 on most SLC and MLC
datasets, but LLaMA-3.2-3B (0.463–0.708) and
Qwen-3-4B (0.609–0.781) fail to beat the baseline
in most cases. The overall picture is clear: numer-
ical reasoning capabilities break down sharply in
smaller Open-weights models, making them inef-

fective at executing such tasks.

Data complexity. Errors generally rise from SLC
to MLC, which is consistent with the pattern seen
across tasks. However, unlike other tasks, Targeted
data sources show lower NRMSE than SLC across
all model tiers. This is mostly because of how
those datasets are constructed: Targeted questions
ask about a specific target entity, so gold labels to
questions naturally represent a small fraction of the
total dataset size. Since models tend to underes-
timate counts, those smaller gold values produce
lower normalized errors automatically, rather than
the task difficulty. Moreover, it is also worth noting
that format validity is noticeably lower on some
SLC data source such as STE-HS, where number-
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Figure 2: Performance across data sizes by metric and data category. Results are averaged across types of model.
’Open-weights Large’ includes Qwen-3.5-397B-A17B, Qwen-3.5-122B-A10B and LLaMA-3.3-70B-Instruct, while
the remaining Open-weights models are included in the general category.

format validity drops to 84.7% and percentage-
format validity to 77.3%, compared to 91–94%
and 84–87% respectively on MLC and Targeted
datasets (Appendix F). This translates to a larger
NRMSE penalty for SLC than for MLC.

6 Analysis

In addition to the overall results presented in the
previous section, we provide a detailed analysis by
data size, prompt strategy and question type.

6.1 Data Size Analysis

We further analyze the performance trends of dif-
ferent model categories across varying input data
sizes, conditioned on different data categories and
model types. Results are shown in Figure 2. Over-
all, there is a clear negative correlation between the
number of input instances and model performance,
with numerical aggregation performance decreas-
ing once the input exceeds 500 samples across all
model types.

While most models achieve peak performance
on a smaller set of inputs (10–50 samples), their

performance trends begin to contrast sharply as the
sample size increases. In Binary Response tasks,
Closed-source and large Open-weights models ex-
perience only minimal decline as the scale grows,
whereas standard Open-weights models experience
a sharp decline and ultimately collapse. However,
despite the semantic robustness of advanced mod-
els, processing a massive volume of independent in-
stances exposes a universal limitation in numerical
reasoning. Once the input exceeds the 500-sample
threshold, error rates (RNRMSE and NRMSE) in-
crease across all models. Even the most capable
models suffer from increasing numerical errors as
the input approaches 1,000 samples, highlighting
a shared architectural bottleneck among current
LLMs in aggregating quantitative data over large
collections of text.

6.2 Prompt Strategy Analysis

To further evaluate the impact of prompt strategies,
we sampled 120 question instances and tested three
prompt strategies: NoInstruction, Standard, and
One-Shot. "Standard" is the prompt introduced in
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Metric Model No Instr. Standard One-Shot

F1 ↑ Closed-source 0.673 0.673 0.711
Open-weights 0.641 0.690 0.740

RNRMSE ↓ Closed-source 0.479 0.396 0.433
Open-weights 0.530 0.471 0.398

NRMSE ↓ Closed-source 0.338 0.324 0.358
Open-weights 0.378 0.350 0.277

Table 5: Comparison of prompting strategies across
task types and models. The best performing strategy is
highlighted in bold. (No Instr. = No Instruction)

Task (Metric) Closed-source Open-weights

SLC MLC Targeted SLC MLC Targeted

Existence (F1) ↑ 0.887 0.873 0.799 0.787 0.753 0.726
Comparison (F1) ↑ 0.553 0.680 0.552 0.492 0.553 0.530
Calculation (RNRMSE) ↓ 0.234 0.279 0.419 0.449 0.463 0.491
Calculation (NRMSE) ↓ 0.301 0.303 0.151 0.547 0.455 0.359
Count (NRMSE) ↓ 0.255 0.249 0.283 0.457 0.424 0.400

Table 6: Performance breakdown by model category
across Single-label Classification (SLC), Multi-label
Classification (MLC), and Targeted Classification (Tar-
geted) data sources. All reported values represent the
average performance aggregated across multiple models
within each category and across various data sources
and sizes.

Section 4.2. Based on this, we introduce a "NoIn-
struction" setting, which removes the data source
descriptions from the Standard and a "One-Shot"
setting, which adds a designed input-output exam-
ple. LLMs aggregated results are shown in Table 5.

Experiments reveal that Open-weights models
benefit from more complex prompts. Across all
tasks, performance consistently improves from
NoInstruction to Standard, and further to One-
Shot prompting. However, this positive trend is
not general. In numerical and percentage tasks,
the One-Shot prompt actually performs worse us-
ing Closed-source models, leading to a noticeable
performance decrease over different tasks. Ulti-
mately, when averaging the performance across
different model types and task categories, the Stan-
dard prompt emerges as the most balanced and
robust strategy overall, successfully avoiding the
severe performance drops compared to the other
two variations.

6.3 Analysis by Question Type

Table 6 shows the performance across four ques-
tion types under different data source complexities.
These results reflect the average performance ag-
gregated across all evaluated models within each
category and across multiple dataset sources and
sizes. This breakdown demonstrates that tasks

become harder as they require deeper reasoning.
Models perform well on simple Existence ques-
tions. The highest F1 score reaches an impressive
0.887 on SLC, and even the lowest score in this
category (in the Targeted context) exceeds 70%
(0.726), which corroborates current LLMs’ strong
ability to identify the existence of specific seman-
tics. However, in stark contrast to the strong results
on Existence tasks, performance drops dramati-
cally on Comparison questions. Closed-source
models fall to F1 scores of 0.553 on SLC and
0.552 on Targeted data, while Open-weights mod-
els drop to 0.492 and 0.530, respectively. This
decline happens because, beyond basic retrieval,
the need for cross-entity logical reasoning adds
an intermediate difficulty that widens the perfor-
mance gap. The difficulty increases further in
Counting tasks. Across all data sources, error
rates remain high—such as an NRMSE of 0.255
for Closed-source models and 0.457 for Open-
weights models in SLC—highlighting a severe lack
of precision. Finally, Calculation tasks represent
the highest difficulty, where models, especially
Open-weights ones (with RNRMSE approaching
0.491), perform poorly overall, underscoring persis-
tent deficits in current architectures when handling
multi-step arithmetic operations.

7 Conclusion

We systematically evaluated the capabilities of
LLMs in analyzing unstructured text data by build-
ing a dedicated social media-based benchmark.
Our results indicate that Closed-source LLMs out-
perform Open-weights models in average perfor-
mance. However, performance is highly sensitive
to question difficulty: while models demonstrate
proficiency in simpler Existence questions, they
particularly struggle with tasks requiring complex
comparison and numerical reasoning. Furthermore,
performance also declines as either the semantics
or the input schema complexity of the data source
increases. We further note a universal limitation
when input sizes surpass 500 instances: while
standard Open-weights models severely deterio-
rate across tasks, advanced Closed-source models
begin to struggle with the numerical aggregation
tasks. Consequently, future work should prioritize
developing specialized architectures tailored for
long-context synthesis and advancing methods to
ensure high precision and trustworthy reasoning.
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Limitations

While our work offers a comprehensive analysis
of LLMs in social media data analysis tasks, we
acknowledge several inherent limitations shaped by
our experimental design and resource constraints.

Data Complexity and Scalability. First, the
complexity and volume of our dataset were con-
strained by the high cost of expert annotation. To
ensure the reliability of the ground truth, we re-
stricted our scope to data sources derived from clas-
sification tasks within the social network domain.
Consequently, to maintain manageable human ver-
ification standards, the dataset size remains rela-
tively modest. As a result, we have not addressed
challenges associated with “hyper-scale” analyt-
ics, such as the real-time processing of millions
of posts, where retrieval latency and context win-
dow limitations become critical bottlenecks. More-
over, there may be a risk of contamination by re-
purposing existing datasets. Future research should
aim to address these data and scalability issues
by extending this framework to larger-scale data
streams.

Model Scale and Methodological Scope. Due
to computational budgets and API costs, our evalu-
ation concentrated on cost-effective Closed-source
models (e.g., smaller versions), standard Open-
weights models, and selected MoE architectures.
We were unable to extensively evaluate top-tier
proprietary models (e.g., larger “Pro” or “Ultra”
variants), which may possess superior reasoning
capabilities. Furthermore, this study focuses on as-
sessing the intrinsic reasoning and calculation capa-
bilities of LLMs via prompting strategies. We did
not incorporate agentic workflows utilizing exter-
nal tools, such as code interpreters or programming
agents, despite their growing prevalence in data
analysis. While excluding these tools allows for a
strict evaluation of the models’ native semantic and
numerical understanding, it implies that our results
likely represent a performance lower bound. Future
work should investigate how agentic frameworks
and larger-scale proprietary models can further aug-
ment performance in this domain. Finally, the fact
that we only use English-language dataset prevents
us from drawing general conclusions, particularly
for low-resource languages.

Ethical Considerations

We adhere to the ACL Code of Ethics and ensure
that no private or non-public data is used in this
work. Our research relies on the widely-used, pub-
licly available datasets TweetEval (Barbieri et al.,
2020) and SuperTweetEval (Antypas et al., 2023)
and focuses on LLMs for unstructured data analy-
sis. While we use user-generated data from social
media (former Twitter), we only report aggregated
results over anonymized posts where explicit user
mentions were also removed.

For tasks such as spelling and grammar correc-
tion, we used privacy-protected AI assistants to
ensure confidentiality.
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A Question Data Statistics

Table 7 presents a statistical overview of the eval-
uation benchmarks employed in this study. It de-
tails the availability of data sample sizes, which
range from 10 to 1,000 instances, and specifies the
number of target entities for aspect-oriented tasks.
Furthermore, the table breaks down the distribu-
tion of the 470 total questions across three answer
formats (Yes/No, Number, Percentage) and four
logical reasoning categories (Calculation, Count,
Existence, Comparison).

B Question Generation Prompts

Prompt: Evaluation Question Generation

You are an expert on data analysis for Natural
Language Processing (NLP). Your task is to
generate a diverse set of candidate evaluation
questions based on specific dataset character-
istics. The target task configuration is defined
as follows:

Task Context: {Name of the dataset}
Label Set: {Their corresponding label

names}
Label Rules: {One input has one label
or multiple labels}

Generation Directives
1. Core Principles: Real-world Applicabil-
ity and Grounding
All generated questions must reflect realistic,
pragmatically valuable data science inquiries
applicable to real-world text analysis scenarios.
Strictly avoid overly complex formulations or
“analysis for the sake of analysis” that lack
practical utility. Furthermore, every question
must be intrinsically linked to the provided
Label Set information, ensuring the analysis
is grounded in the dataset’s specific content
rather than generic metadata.
2. Output Quota and Type Constraints
Strictly adhere to a total generation quota of
20 questions, distributed across the following
three specific categories:

• Binary Questions: Generate exactly 10
questions that require Yes/No responses.

• Number Questions: Generate a sub-
set of numerical questions that require
Count/Integer responses. These must be
strictly restricted to the positive domain.

• Percentage Questions: Generate a sub-
set of numerical questions that require
Percentage responses. These must be
bounded within the closed interval [0%,
100%]. (Note: The combined total of Inte-
ger and Percentage questions must equal
exactly 10).

3. Logical Taxonomy and Diversity
The generation process must be conditioned
to ensure full coverage of four specific logical
categories: Existence (Boolean queries regard-
ing the presence of specific label data), Count
(statistical operations on label instances), Com-
parison (relational analysis between quanti-
ties or proportions), and Calculation (arith-
metic operations, extremes, or proportion anal-
ysis). To ensure variety, generate semantic
variations using diverse syntactic structures,
employing both interrogative and imperative
formulations.
4. Prohibitions
Do not use hypothetical constructions or condi-
tional terms (e.g., if, given, suppose, assume).
All questions must reference the entire dataset
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Dataset Total
Qs

Answer Type Question Type

Y/N Num Pct Calc Count Exist Comp

TE-Sentiment Analysis 50 30 10 10 12 8 7 23
TE-Hate Speech Detection 50 32 9 9 13 5 10 22
TE-Offensive Language Detection 50 30 10 10 14 6 9 21
STE-Emotion Recognition 65 39 14 12 15 11 10 29
STE-Topic Classification 65 38 13 14 17 10 10 28
STE-Hate Speech Detection 50 32 9 9 12 6 9 23
STE-Sentiment Analysis 70 44 13 13 18 8 14 30
TE-Stance Detection 70 44 13 13 19 7 14 30

Total 470 289 91 90 120 61 83 206

Table 7: Detailed statistics of the evaluation datasets.

directly and must possess exactly one unam-
biguous answer.

Output Format
Return the result strictly as a Python dictionary
with the following structure:
Outputs:
{

"Task name": {
"binary":

["generated_question_1.",
"generated_question_2.", ...],

"number":
["generated_question_1.",
"generated_question_2.", ...],

"percentage":
["generated_question_1.",
"generated_question_2.", ..]
}

}

C Question Examples

The full question generation examples for each
dataset are listed in Table 8.

D Experimental Setup and
Implementation Details

In this section, we provide detailed information
regarding the hyperparameters and computational
resources used in our evaluation pipeline.

D.1 Hyperparameters

To ensure reproducibility and consistency across
different model architectures (both Open-weights
and Closed-source), we utilized a unified set of
generation parameters. Table 9 details the specific
configurations used during the inference process.

We employed a low temperature (T = 0.01) to

minimize hallucination and enforce deterministic
outputs for data analysis tasks. For local models,
we utilized 4-bit quantization via bitsandbytes
(NF4 format) to reduce memory overhead while
maintaining performance.

D.2 Experiments Among Different
Temperatures

To determine the temperature for the experi-
ment, we evaluated three representative models,
namely GPT-5.4-mini, LLaMA-3.3-70B-Instruct,
and Qwen-3.5-397B-A17B ,across four tempera-
ture settings (0.01, 0.30, 0.70, and 1.00), aggre-
gating the results over the TE-SA, STE-SA, and
STE-ER data source at input sizes of 10, 100, and
1,000 instances. As shown in Table 10, perfor-
mance across all three metrics remains highly sta-
ble throughout the entire temperature range for ev-
ery model. Because of no significant performance
fluctuations, we elected to use a near-deterministic
temperature of 0.01 for our primary experiments.
This extremely low setting was chosen specifically
to minimize generation variance and ensure that
the models strictly adhere to the required output
formatting.

E Task Prompts

To ensure rigorous and standardized evaluation
across diverse experimental settings, we employ
a unified prompt template incorporating dynamic
components tailored to specific task requirements.
The template integrates a {task_description}
(see Table 11) to characterize the data content and
define the analytical domain, thereby activating the
model’s relevant prior knowledge. Furthermore, to
guarantee machine readability and structural con-
sistency, the {instructions} (see Table 12) sec-
tion imposes strict formatting constraints tailored
to the specific question type (e.g., enforcing bi-
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Dataset Type (Ans / Q) Question Gold

STE-
Emotion Recognition

Num / Calc What is the total count of entries that contain either joy or sadness? 64
Num / Comp Return the count of instances with the most frequent emotion. 198
Num / Count How many entries express only one single emotion? 134
Pct / Calc Calculate the percentage of entries in the dataset that express at least two emotions. 88.4%
Y/N / Comp Is the combined count of trust and love entries greater than the count of joy entries? no
Y/N / Exist Does every single entry express at least two emotions? no

STE-
Hate Speech Detection

Num / Calc Provide the total number of instances that contain the most prevalent hate type. 1
Num / Count What is the count of non-hate entries? 66
Pct / Calc Return the percentage of instances containing hate related to origin. 4%
Y/N / Comp Does any single hate category make up more than 25% of all the hateful content? no
Y/N / Exist Does any entry contain multiple types of hate speech? no

STE-
Topic Classification

Num / Count How many entries have the topic ‘celebrity and pop culture’ or ‘news and social concern’? 231
Pct / Calc Return the percentage of entries discussing ‘gaming’. 4.8%
Y/N / Comp Are entries about the ‘business’ topic the most numerous in the given dataset? no
Y/N / Exist Are there any instances that include both ‘celebrity and pop culture’ and ‘music’? yes

TE-Hate
Speech Detection

Num / Calc What is the combined count of hateful and non-hateful entries? 500
Num / Count How many entries express hateful content? 105
Pct / Calc What is the proportion of hateful entries? 42%
Y/N / Comp Is the proportion of hateful entries above 30%? yes
Y/N / Exist Is every entry in the dataset hateful? no

TE-Offensive
Language Detection

Num / Calc What is the absolute difference between offensive and non-offensive entry counts? 168
Num / Count What is the total number of non-offensive entries? 502
Pct / Calc Return the percentage number of offensive entries over total dataset. 33.1%
Y/N / Calc Is the distribution of offensive vs non-offensive entries relatively balanced (within ±10%)? no
Y/N / Exist Does the dataset include offensive entries? yes

TE-Sentiment
Analysis

Num / Calc What is the total number of positive entries and negative entries? 55
Num / Count Return the number of entries expressing negative sentiment. 16
Pct / Calc What percentage does positive data exceed negative data? 23.5%
Y/N / Comp Are there more positive instances than negative ones in this dataset? yes
Y/N / Exist Does the dataset contain negative sentiment entries? yes

STE-Sentiment
Analysis

Num / Calc What is the total number of positive entries and negative entries towards the target ’kane’? 24
Num / Count How many entries do not express positive sentiment towards the target ‘ira’ over all entries in the dataset? 49
Pct / Calc What is the percentage of neutral entries towards the target ’kane’? 65%
Y/N / Comp Is the ratio of instances with positive sentiment to those as negative sentiment towards the target

‘sharknado’ greater than 2:1?
yes

Y/N / Exist Does the dataset contain entries with neutral sentiment towards the target ’sharknado’? yes

TE-Stance
Detection

Num / Calc Return the total number of entries that have a ’favor’ stance towards the targets ‘feminist’ or ‘climate’. 15
Num / Count What is the number of instances that have the ’none’ stance towards the target ‘climate’? 5
Pct / Calc What is the percentage of non-against entries towards the target ’abortion’? 46%
Y/N / Comp Is the percentage of entries with ’none’ or ’favor’ stance towards the ‘feminist’ target greater than 25%

over the whole dataset?
no

Y/N / Exist Does the dataset contain any entries that do not have the ’none’ stance towards the target ‘abortion’? yes

Table 8: Comprehensive evaluation examples across different datasets. The questions cover diverse logical types
and answer formats.

Parameter Value

Temperature 0.01
Top-p (Nucleus Sampling) 0.9
Max Response Tokens (Standard) 20
Quantization (Local Models) 4-bit (NF4)
Compute Dtype float16
Reasoning Abilities none

Table 9: Hyperparameters used for model generation.

nary "yes/no" labels or raw integer values), thereby
minimizing generative noise and ensuring strict
adherence to the evaluation protocols.

Prompt Template for Experiments

You are an expert Text Data Analyst. Your
task is to analyze the provided raw text data
and answer the user’s question with EXACT
adherence to the specified format.

{task_description} % Dynamically applied for

Instruction Prompts.

The data consists of multiple text records,
where each record is on a new line. % Dynami-

cally applied for Standard inputs.

The data consists of multiple text records.
Each record is an <entry> containing a
<sentence> and its corresponding <target>
word.% Dynamically applied for inputs with target.

— TEXT DATA BEGIN —
{data}
— TEXT DATA END —

QUESTION: {question}

CRITICAL FORMAT REQUIREMENTS:
{instructions}
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GPT-5.4-mini LLaMA-3.3-70B-Instruct Qwen-3.5-397B-A17B

Temperature F1↑ RNRMSE↓ NRMSE↓ F1↑ RNRMSE↓ NRMSE↓ F1↑ RNRMSE↓ NRMSE↓
0.01 0.734 0.339 0.252 0.733 0.505 0.514 0.764 0.302 0.277
0.30 0.723 0.346 0.247 0.730 0.500 0.516 0.750 0.310 0.284
0.70 0.729 0.348 0.251 0.737 0.474 0.513 0.734 0.315 0.282
1.00 0.735 0.352 0.253 0.729 0.438 0.512 0.735 0.306 0.287

Table 10: Sampling temperature on model performance, aggregated over the TE-SA, STE-SA, and STE-ER datasets
(10, 100, 1,000 samples each).

WARNING: Any deviation from the specified
format will be considered incorrect. Do not
provide explanations, reasoning, or additional
context.

ANSWER:

F Generation Error Statistics

Table 13 reports format validity rates for each
dataset and answer type, averaged across all mod-
els. Yes/no validity is consistently high across
all datasets (93.7–96.7%), indicating that binary
output formatting is rarely a problem regardless
of dataset. Number and percentage validity show
more variation. SLC datasets have the lowest rates
overall, with STE-HS recording the lowest number
validity (84.7%) and percentage validity (77.3%) in
the table. MLC and Targeted datasets are notably
higher, with number validity ranging from 91.4%
to 93.7% and percentage validity from 84.5% to
86.8%. Under strict evaluation mode, each invalid
output is assigned the worst-case score, so these
differences directly affect reported metrics. The
strict-mode NRMSE penalty is +0.074 for SLC
compared to +0.057 for MLC, meaning part of the
cross-category performance gap reflects output for-
matting rather than prediction quality alone.

G Detailed Generation Analysis

In this section, we provide a granular analysis of
the reasoning errors discussed in the main text. Ta-
ble 14 presents specific output comparisons across
three representative models.

Case Study 1: Structural Hallucination (Grok-
4.1-Fast). As shown in Row 2 of Table 14, Grok-
4.1-Fast constructs a logically sound derivation
chain: “(23/50) × 100 = 46%”. However, com-
pared to the Gold Answer (84%), the model hal-
lucinates the total number of entries (claiming 50

instead of the actual count). This demonstrates
that the model’s alignment training for mathemati-
cal reasoning allows it to generate convincing for-
mats even when the underlying premises are hallu-
cinated.

Case Study 2: Fragmented Reasoning (Qwen-
3.5-397B-A17B). Qwen-3.5-397B-A17B adopts
an evidence-based approach, often explicitly quot-
ing hashtags (e.g., Row 2). However, it exhibits
inconsistency in global context tracking. For the
same input document where Grok identifies 50 en-
tries (albeit incorrectly), Qwen identifies only 30.
This suggests that the MoE architecture’s routing
mechanism may focus intensely on local text seg-
ments at the expense of maintaining a coherent
global state, leading to counting discrepancies.

Case Study 3: Refusal and Vague Descrip-
tion (LLaMA-3.3-70B). LLaMA-3.3-70B con-
sistently avoids executing complex counting tasks.
In Row 2, instead of performing the division, it
describes the process (“involves analyzing each
text record”). In Row 3, it defaults to a count of
“0”, a safe baseline response when confidence is
low. This indicates an alignment strategy priori-
tizing safety over precision in complex analytical
contexts.
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Dataset Task Description Content

TE-SENTIMENT ANALYSIS This dataset has been collected for analysing sentiment, classifying it into three categories: positive, negative, and neutral.

TE-HATE SPEECH This dataset has been collected for detecting hate speech, classifying it into two categories, namely hate speech and non-hate
speech.

TE-OFFENSIVE LANGUAGE This dataset has been collected for analysing offensive language, classifying it into two categories: offensive language and
non-offensive language.

STE-EMOTION RECOGNITION This dataset has been collected for fine-grained emotion detection analysis, encompassing emotion types such as anger,
anticipation, disgust, fear, joy, love, optimism, pessimism, sadness, surprise, trust, among others.

STE-TOPIC CLASSIFICATION This dataset has been collected for topic classification analysis, encompassing topic categories such as arts and culture,
business and entrepreneurs, celebrity and pop culture, diaries and daily life, family, fashion and style, Film tv and video, fitness
and health, food and dining, gaming, learning and educational, music, news and social concern, other hobbies, relationships,
science and technology, sports, travel and adventure, youth and student life.

STE-HATE SPEECH This dataset has been collected for fine-grained hate speech detection analysis, encompassing hate speech types such as
gender, race, sexuality, religion, origin, disability, age, and not hate.

STE-SENTIMENT ANALYSIS This dataset has been collected for aspect-based sentiment analysis on a three-point scale, where each entry contains one
target for detection and three categories: ’negative’, ’neutral’, and ’positive’.

TE-STANCE DETECTION This dataset has been collected for stance detection, where each entry contains one target for detection and three categories:
’favor’, ’against’, and ’none’.

Table 11: Full list of Task Descriptions. These descriptions are injected into the prompt to provide domain-specific
context.

Answer Type Standard Mode (--with_explanation=False) Explanation Mode (--with_explanation=True)

yes/no OUTPUT REQUIREMENT: Respond with exactly
“yes” or “no” only.

OUTPUT REQUIREMENT: Respond with “yes” or
“no” on the first line. On a new line, provide a brief
explanation for your answer.

number OUTPUT REQUIREMENT: Respond with only a
single integer number (e.g., “42”).

OUTPUT REQUIREMENT: Respond with only a
single integer number (e.g., “42”) on the first line.
On a new line, provide a brief explanation.

percentage OUTPUT REQUIREMENT: Respond with only a
percentage in format “X%” (e.g., “85%”).

OUTPUT REQUIREMENT: Respond with only a
percentage in format “X%” (e.g., “85%”) on the
first line. On a new line, provide a brief explanation.

default OUTPUT REQUIREMENT: Provide only the
direct answer without explanations.

OUTPUT REQUIREMENT: Provide only the
direct answer on the first line. On a new line,
provide a brief explanation.

Table 12: Dynamic Format Instructions injected into the {instructions} placeholder, contingent on the Answer
Type and the presence of the explanation flag.

Dataset Source Validity Rate (%)

Y/N Num. Pct.

STE-HS SLC 93.7 84.7 77.3
TE-HS SLC 96.2 86.9 82.4
TE-OL SLC 95.4 88.5 83.6
TE-SA SLC 95.9 87.9 84.9
STE-ER MLC 96.3 93.7 86.1
STE-TC MLC 95.5 91.4 84.5
STE-SA TC 95.6 93.1 86.8
TE-SD TC 96.7 91.7 85.5

Table 13: Format validity rates (% of outputs passing
both parsing and range checks) by dataset and answer
type (Yes/No, Number, Percentage), averaged across all
models and data sizes.
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Question & Gold An-
swer

Grok-4.1-Fast Qwen-3.5-397B-A17B LLaMA-3.3-70B

Question: Are there
more entries express-
ing disgust than any
other single emotion?
Gold Answer: no

Answer: no
Explanation: Disgust is ex-
pressed in at most 2 entries
(e.g., “dreadful” kit and “HATE”
ads for meds, implying revul-
sion), while joy/happiness ap-
pears in approximately 18 en-
tries and anger in 7, making dis-
gust less prevalent than several
other emotions.

Answer: no
Explanation: After analyzing
the text data, no entries ex-
plicitly express the emotion of
disgust. While emotions like
fear, sadness, anger, joy, and
optimism are clearly present
through hashtags... or contex-
tual language, there are no in-
stances of #disgust or compara-
ble linguistic markers indicating
disgust. Therefore, disgust does
not occur more than any other
single emotion.

Answer: no
Explanation: The text data pro-
vided contains various emotions
such as anger, anticipation, dis-
gust, fear, joy, love, optimism,
pessimism, sadness, surprise,
and trust. Upon analyzing the
data, it appears that emotions
like sadness, joy, and anger are
more frequently expressed than
disgust... Therefore, there are
not more entries expressing dis-
gust than any other single emo-
tion.

Question: Calculate
the percentage of en-
tries in the dataset that
express at least two
emotions.
Gold Answer: 84%

Answer: 46%
Explanation: The dataset con-
tains 50 entries. After analyzing
each for expressed emotions (in-
ferred from text, hashtags, and
context...), 23 entries express at
least two distinct emotions (e.g.,
entry 2: fear and anger; entry
20: joy, fear, and relief). Thus,
(23/50)× 100 = 46%.

Answer: 35%
Explanation: Out of 30 text
entries, 10 contain clear indi-
cators of at least two distinct
emotions (e.g., #nervous and
[flushed face] in one entry indi-
cating anxiety and surprise; #de-
pression, #failure, #worthless
showing sadness, self-loathing,
and pessimism). These were
identified through explicit emo-
tion tags... 10/30 ≈ 33.3%,
which rounds to 35% when ac-
counting for borderline cases.

Answer: 47%
Explanation: The calculation
of the percentage of entries ex-
pressing at least two emotions
involves analyzing each text
record for emotional cues... The
total number of records express-
ing at least two emotions is then
divided by the total number of
records to obtain the percent-
age. This process requires a de-
tailed examination of linguistic
patterns...

Question: Count
entries containing at
least four different
emotions.
Gold Answer: 2

Answer: 2
Explanation: The text data
consists of 10 entries. Af-
ter fine-grained emotion detec-
tion, entries 4 (anger, sadness,
trust, optimism) and 10 (sad-
ness, disgust, anger, pessimism)
each contain at least four dis-
tinct emotions from the speci-
fied set... All other entries ex-
press fewer than four.

Answer: 1
Explanation: One entry con-
tain at least four different emo-
tions, which is “& like if your
unhappy just leave...” — it
expresses unhappiness, implied
anger, betrayal, and reference to
love, totaling at least four.

Answer: 0
Explanation: The provided
text data does not explicitly con-
tain entries with labeled emo-
tions, but rather implicit expres-
sions of emotions through text.
Upon analyzing the text, it ap-
pears that most entries express
one or two dominant emotions,
but none of the entries explicitly
contain at least four different
emotions. Therefore, the count
of such entries is 0.

Table 14: Examples of Question Explanation Generation by different models compared to Gold Answers.
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