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Abstract

Causal reasoning is a crucial component of un-
derstanding complex phenomena and building
intelligent systems. Recent advancements in
large language models (LLMs) have demon-
strated their strong capabilities in reasoning
tasks; however, their true understanding of
causal relationships remains limited, particu-
larly in cases where causal chains are misiden-
tified or reliance on empirical inference oc-
curs. To mitigate the risk that models mis-
classify data as false positives due to these
issues, we introduce CausalityCheck, an au-
tomated tool designed to efficiently generate
causal reasoning checklists. This checklist
enables the creation of multi-task causal rea-
soning datasets with task generalization and
reasoning robustness from a single causal rea-
soning dataset. Using CausalityCheck, we
developed CausalityCheck-CP to assess the
causal reasoning abilities of 18 LLMs. This
framework also measures the extent to which
causal chains are misidentified or rely on em-
pirical inferences. Our results indicate that
the current large language models still face
two critical issues when handling complex
causal reasoning tasks: incorrect identification
of causal chains and reliance on empirical infer-
ence. The code and data are available at https:
//github.com/dzh597/CausalityCheck.

1 Introduction

Causal reasoning constitutes a crucial compo-
nent in understanding complex phenomena and
constructing intelligent systems (Jin et al., 2023;
Scholkopf, 2022; Weinberg et al., 2025). In recent
years, causal reasoning capability has increasingly
been recognized as one of the key attributes through
which large language models (LLMs) demonstrate
intelligence (Liu et al., 2025b). Presently, large lan-
guage models have achieved significant progress
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Corresponding author.

in numerous reasoning tasks, particularly within
problem-solving (Miliani et al., 2025) and text gen-
eration domains (Wang and Shen, 2024; Yu et al.,
2026). However, when tackling causal reasoning
tasks, these models often rely on empirical infer-
ence rather than genuine understanding of causal
relationships (Chi et al., 2024). This limitation
means existing evaluation methods fail to compre-
hensively reflect a model’s causal reasoning capa-
bilities.

To effectively assess causal reasoning, tradi-
tional evaluation methods primarily focus on task-
specific answer accuracy, such as examining a
model’s performance on given causal questions
using causal reasoning datasets (Wang, 2024; Chen
et al., 2024b; Liu et al., 2025a). These datasets
typically design various scenarios requiring mod-
els to comprehend and deduce outcomes based on
causal relationships. However, current approaches
suffer from a significant flaw: they predominantly
emphasize problem-solving capability while over-
looking the correctness of the reasoning process.
This includes issues such as misidentifying causal
chains and relying on empirical inferences, as il-
lustrated in Figure 1. Misidentifying causal chains
occurs when a model captures an erroneous causal
chain during inference yet still arrives at the correct
answer; this error becomes apparent with minor
perturbations. The correct causal chain in the dia-
gram should be: working hours — amount of hair
— performance. The model erroneously posited
that less hair leads to better performance. When
perturbed by shaving everyone bald, the model
concluded an outcome clearly erroneous result that
everyone’s performance was excellent. Reliance
on empirical inference occurs when models do not
construct causal relationships but instead search
for answers within the training data. The diagram
should first identify two causes within the context,
then infer the outcome based on these causes. How-
ever, the model directly searched for the individual
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Figure 1: The figure illustrates examples of misidentifying causal chains and relying on empirical inferences. Green
is correct. Though arriving at the correct answer, red employed an erroneous line of reasoning.

George Washington and cheated by retrieving the
answer from its pre-trained data. The model did
not rely on the problem’s context and did not even
know the cause of this outcome; it merely got the
answer correct.

This paper introduces a novel causality reason-
ing capability assessment tool, CausalityCheck,
aimed at comprehensively evaluating causal reason-
ing abilities. Its core principle is that deep causal
reasoning should encompass correct reasoning pro-
cesses, not merely a single answer. CausalityCheck
constructs a 4x4 dimensional checklist to evaluate
model performance across diverse causal reasoning
tasks. Unlike traditional single-task assessments,
it emphasizes task generalization and reasoning
robustness, forming a multi-task evaluation frame-
work grounded in causal understanding. By incor-
porating task generalization and reasoning robust-
ness, where task generalization encompasses ori-
gin problem, answerable judging, process judging,
and definitive verdict, and reasoning robustness in-
cludes problem solving, problem understanding,
irrelevant disruption, and virtual causal reasoning,
we can evaluate models’ causal reasoning capabil-
ities across more complex and diverse scenarios.
Should issues arise such as misidentified causal
chains or reliance on empirical inferences, corre-
sponding evaluation metrics will decline. The core
principle of CausalityCheck is this: if a model gen-
uinely comprehends causality, it should produce
robust reasoning across diverse tasks, despite vary-
ing distractions and contextual shifts.

Through CausalityCheck, we propose Causal-
ityCheck-CP, a causal reasoning dataset gener-
ated from the CausalProbe-H and CausalProbe-M

datasets. It comprises up to 8920 high-quality sam-
ples and 16 sets of checklist matrices, enabling
comprehensive evaluation of models’ textual rea-
soning capabilities. Experimental results reveal
two major challenges for current large language
models in causal reasoning tasks: misidentification
of causal chains and reliance on empirical infer-
ences. Specifically, models exhibit lower accuracy
when handling tasks requiring deep understanding
of causal chains, indicating limited performance
in causal chain recognition. Similarly, accuracy
is low when relying on stereotypes from training
data for inference, indicating that models produce
erroneous reasoning when dependent on empirical
inferences. In contrast, higher accuracy is observed
in the VCR task, suggesting that models prefer
to rely on causal relationships within the current
context when encountering virtual vocabulary or
unseen entities, thereby improving reasoning accu-
racy. Therefore, compared to the original question-
answering tasks in mainstream benchmarks, our
CausalityCheck evaluation more accurately reflects
a model’s causal reasoning capabilities.

Due to space limitations, the related work is pre-
sented in Appendix B.

2 CausalityCheck

CausalityCheck is an automated tool for efficiently
generating causality inference checklists, encom-
passing common causality inference tasks and di-
verse types of robustness testing. The fundamental
workflow of CausalityCheck and MATHCHECK
is similar (Zhou et al., 2024), differing only in their
specific tasks. Within our checklists, various causal
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tasks are arranged row-by-row to assess a task’s
generalizability; while columns feature different
variants of casual reasoning problems to evaluate
the robustness of reasoning. Section 2.1 details
the task types, Section 2.2 discusses diverse vari-
ants of casual reasoning problems, and Section 2.3
explains how checklist data is constructed.

2.1 Task Generalization

To test models across tasks within the same do-
main and prevent reliance on empirical reasoning,
we incorporated four categories of mathematical
tasks into CausalityCheck: original problems, an-
swerable judgements, procedural judgements, and
causal validity.

Original Problems. In this task, we require the
model to answer a given causal reasoning question.
As the most commonly used method for testing
causal reasoning ability in current research, it de-
mands that the model analyze the question, recall
and apply appropriate causal knowledge, and ulti-
mately derive an inference.

Answerable Judging. Given a causal inference
question, the model must determine whether suffi-
cient information is provided to answer it. This task
requires the model to analyze the question, identify
the key conditions necessary for answering it, and
verify whether these conditions are present in the
question statement. This set includes both ques-
tions that provide key conditions and those that
omit them, aiming to ensure, through comparative
testing, that the model does not provide answers
randomly when not constrained by the prompt.

Process Judging. Given a causal inference prob-
lem with both a correct causal chain and an incor-
rect one, the model must determine whether the
causal chain reflects a valid process. Compared
to the answerable judgments, process judgments
involve a more granular evaluation of solutions, re-
quiring the model to judge the correctness of causal
chains. This helps distinguish potentially erroneous
answers.

Causal Validity Assessing. In Causal Validity
Assessments, we categorize the model’s conclu-
sions into four types. The first type, correct and
reliable, refers to conclusions that are not only ac-
curate but also derived through rigorous causal rea-
soning, taking into account potential variables and
biases, and maintaining consistency across various
scenarios. The second type, correct but prone to
error, refers to conclusions that appear correct on
the surface, but their reasoning relies on overly sim-

plified or overlooked assumptions, such as ignoring
potential confounding variables or over-relying on
a specific dataset or time frame, leading to accurate
results in some scenarios but potentially mislead-
ing ones in others. The third type, incorrect but
prone to correctness, refers to conclusions that are
fundamentally incorrect, but their reasoning meth-
ods, assumptions, or data are close to being correct
in certain aspects or are valid in specific contexts,
though they lack generalize ability or exhibit sig-
nificant bias. The fourth type, incorrect and unreli-
able, refers to conclusions that are incorrect, with
causal reasoning that is neither rigorous nor based
on trustworthy assumptions or data, making them
untenable across different scenarios and prone to
leading to misleading and erroneous decisions.

Diverse task configurations test whether models
possess a deep understanding of the same problem,
rather than merely accepting a single answer as
correct. The first example in Figure 1 illustrates
this point: although the model arrived at the cor-
rect answer, it constructed an obviously erroneous
causal relationship. While the model could answer
the original question correctly, it erred in its pro-
cedural judgment, indicating that it did not deeply
comprehend the causal relationships within this
example.

2.2 Reasoning Robustness

A model that genuinely comprehends the intrinsic
causal relationships within a problem will exhibit
robust reasoning when confronted with multiple
variants of that problem. It should not correctly
identify the answer while failing to recognize the
causal chain. To address such issues, we employed
four problem forms: the original problem and its
three rewritten variants to examine the model’s
reasoning robustness.

Problem Solving. This serves as the founda-
tional question for other robustness variants. As
the most fundamental functional test, it verifies
whether the model possesses basic causal capabili-
ties without modification.

Problem Understanding. This involves trans-
forming the original problem into a new formula-
tion. Although the wording or sentence structure
differs, the underlying mathematical logic remains
unchanged. This task focuses more on semantic
robustness, aiming to assess whether the model can
reason correctly when confronted with the same
mathematical logic presented through different de-
scriptions.

16405



CausalityCheck

Task Data

Seed Data - Problem Set Robustness P‘roblem
Reconstruction construction

Figure 2: Dataset Construction Process

Irrelevant Disturbance. This involves inserting
conditions related to the original problem’s sub-
ject but irrelevant to the final answer. Previous
research indicates LLLMs are susceptible to such
disturbances. This task requires models to distin-
guish between conditions essential for solving the
problem and those that are extraneous.

Virtual Causal Reasoning. By replacing en-
tities containing real-world information in prob-
lems with meaningless virtual vocabulary, this elim-
inates the possibility of models directly extract-
ing usable information from training data. It tests
whether models can make reasonable inferences
based solely on causal logic in the absence of prior
knowledge. The virtual vocabulary is generated
directly by large language models, ensuring that
it does not conflict with any existing real-world
terms.

The second example in Figure 1 illustrates the
VCR task, where George Washington is replaced
with a virtual word to prevent data leakage. For
scenarios where all context originates from training
data, both question comprehension and irrelevant
interference formats are employed to assess reason-
ing robustness.

2.3 Checklist Construction

Creating CausalityCheck data is a labour-intensive
and time-consuming process. The advent of LLMs
has introduced new flexibility and quality in gener-
ating causal reasoning content. Consequently, we
employ LLMs such as GPT-5 used in our exper-
iments as engines to automatically generate our
CausalityCheck data. The dataset construction
workflow is illustrated in Figure 2. Users first col-
lect annotated causal reasoning questions as seed
data. Subsequently, LLMs expand these questions
to construct multiple causal reasoning tasks related
to the original question, completing the task data
reconstruction. Thirdly, questions under each task
are rewritten into their robustness variants, forming
a robustness question set. Finally, each data point
undergoes two rounds of manual inspection to en-
sure the correct composition of the CausalityCheck
dataset. To ensure the accuracy and consistency of

the annotation process, we adopted the standards
outlined in Appendix D

Based on seed data, we automatically rewrite
them to expand task generalization capabilities,
constructing multiple tasks including answerable
judgments, process judgments, and causal valid-
ity assessments. For answerable judgment tasks,
we replace answers in seed data with answerable
ones while leaving others unchanged to form an an-
swerable judgment data point. We then prompt the
model to remove a key cause from this answerable
judgment data, thereby generating an unanswer-
able data point. For process judgment tasks, we
apply the context of a single data point to LLMs
to construct a causal chain. Specifically, given a
question and its correct answer, we first build a
correct causal chain. We then prompt the model
to introduce erroneous modifications to this cor-
rect chain, thereby generating an incorrect causal
chain. For causal validity assessment, we prompt
the model to rewrite four data points corresponding
to: correct and reliable, correct but prone to error,
incorrect but prone to correctness, and incorrect
and unreliable. Each data point sequentially selects
one of these options as its answer. The final an-
swer is not a causal relationship but one of these
four states, enabling a more nuanced evaluation
of the answer’s validity. Once we obtained four
distinct tasks including the seed data, we gener-
ated three additional robustness questions for each
corresponding task. Question comprehension and
irrelevant interference tasks involve rewriting the
question without altering the final answer. For ques-
tion comprehension, we solely prompt the model to
rewrite the causal reasoning context. For irrelevant
interference, we solely prompt the model to add an
irrelevant interfering cause or effect. For VCR, we
prompt the model to identify a contextually rich
entity word within the text and replace it with a
fictional term non-existent in the real world. This
replacement must occur wherever the word appears
in the context, question, and answer, ensuring its
complete removal from the dataset. Through these
steps, a single data point can be expanded into 36
distinct instances. A set of CausalityCheck-CP
construction processes is listed in Appendix J.

3 Experiments

3.1 Dataset

We use CausalityCheck to comprehensively eval-
uate text-based causal reasoning abilities and in-
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troduce a benchmark dataset, CausalityCheck-CP.
CausalityCheck-CP is generated from CausalProbe-
H and CausalProbe-M (Chi et al., 2024), a dataset
designed to assess causal reasoning over individual
events. We select CausalProbe-2024 (which in-
cludes the Easy, Hard, and Multi series) as the seed
benchmark dataset for the following reasons: (a) it
is the most recent dataset for evaluating causal rea-
soning abilities over individual events, with the H
and M series offering higher difficulty and more dis-
tractors, thus providing a ready basis for analyzing
distractors and incorrect answers; (b) our objective
is to assess whether state-of-the-art models possess
genuine deep causal reasoning abilities, and the
tasks focus on individual event causal reasoning,
which aligns with the diversity of individual events
typically reported in the media.

We first collected a subset of 1,200 problems
from CausalProbe-H, ensuring that the difficulty of
the problems is evenly distributed. Subsequently,
we generated 16 groups (43,200 examples in to-
tal) through CausalityCheck, where the incorrect
choices from CausalProbe-M were used to guide
the generation of distractors for large models. This
dataset serves as a tool for evaluating the deep
causal reasoning capabilities of LLMs. To mitigate
any inherent regularities in the generated data, we
selected only 25% of the data as the final test set
(10,800 examples). All datasets underwent meticu-
lous manual validation to ensure high quality and
reliability. For this, we recruited ten graduate stu-
dents, who were trained according to the specific re-
quirements of our study. After a screening process,
8,920 examples were retained. The number within
each group is shown in Figure 3. Details of the
screening process and discussions regarding GPT-
generated data biases are provided in Appendix F
and G.

3.2 Setups

To systematically evaluate the causal reasoning ca-
pabilities of contemporary large language models,
we conducted a comprehensive assessment of 18
representative models. These models can be catego-
rized into three broad groups: (a) general-purpose
large language models, (b) reasoning-augmented
models, and (c) lightweight models. We employed
the Accuracy metric to evaluate task performance.
The list of selected models and detailed assessment
settings can be found in Appendix C.

OP *1 AJ*2 PJ*2

CVA~4

*1

PU
*1

ID
1

VCR
*1

Figure 3: The number within each group, the figure
beside each task indicates the quantity expanded from
the seed data to that group.

3.3 Experimental Results

The Table 1 reports each model’s overall accuracy
and performance across eight major task categories,
and the Figure 4 further breaks these results down
across sixteen sub-tasks, with the corresponding
numerical data provided in Appendix A.

We conducted a detailed analysis of two issues
within causal reasoning tasks: incorrect identifi-
cation of causal chains and reliance on empirical
inference. Firstly, the problem of incorrect causal
chain identification manifests through the lower ac-
curacy of the Process Judgment (PJ) task compared
to other tasks. As shown in the detailed data in
Appendix A, the PJ task consistently exhibits lower
accuracy than other tasks. For instance, Claude-
Sonnet-4.5 achieves an accuracy of 59.46% on the
PJ task, markedly lower than its 82.27% perfor-
mance on the AJ task. This disparity indicates that
while the model demonstrates strong reasoning ca-
pabilities in answerable judgement tasks, it may
fail to accurately identify causal relationships when
confronted with tasks requiring deeper understand-
ing of causal chains, thereby yielding erroneous
inferences.

Secondly, issues stemming from reliance on em-
pirical inference are revealed through accuracy vari-
ations in VCR tasks. Across all models, perfor-
mance in the VCR task generally surpassed that in
other tasks. For instance, GPT-5.1 achieved an ac-
curacy of 74.51% in the VCR task, outperforming
its results in the PS, PU, and ID tasks. This sug-
gests that when confronted with causal reasoning
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Model All () Al PJ CVA PS PU ID VCR
Claude-Sonnet-4.5-20250929 | 71.43 | 99.76 82.27 59.46 44.23 | 69.67 64.73 7041 80.91

GPT-5.1-20251113 70.92 | 99.85 8549 5595 41.55 | 70.84 69.52 6796 74.51
Grok4 70.62 | 99.41 71.68 76.80 34.57 | 70.00 63.74 7421 7T74.52
DeepSeek-V3.1 69.33 | 95.07 86.68 50.57 45.02 | 68.37 69.13 69.06 70.77
GPT-5 67.41 | 99.48 86.05 4932 3584 | 67.29 6132 60.5 70.13
Gemini-3-pro-preview 65.23 | 98.78 79.43 48.61 34.08 | 6598 60.77 66.09 68.06
Llama-4-Maverick 65.19 | 99.54 7345 50.15 37.63 | 66.12 61.76 6546 67.43
01 67.48 | 98.77 8745 49.44 3428 | 67.93 65.05 6651 70.45

O3-mini 67.03 | 99.62 8296 53.25 3231 |66.13 63.24 68.17 70.60
DeepSeek-R1 65.25 | 95.53 82.13 4874 3459 | 6246 62.80 64.47 69.26

Qwen3-30b-A3b-Thinking | 63.41 | 94.16 81.53 46.78 31.19 | 63.30 6221 61.80 66.35
Gemini 2.5-Flash-Thinking | 62.32 | 84.55 80.92 44.82 38.99 | 6246 60.05 5991 66.86
Grok-4-Fast-Reasoning 62.14 | 92.87 77.26 44.00 3442 | 61.72 60.85 61.05 64.94

Phi-4 65.49 | 9547 83.07 48.46 3497 | 64.85 62.77 65.13 69.23
Qwen3-8B 59.39 | 86.73 72.71 46.11 32.01 | 58.81 56.09 56.50 66.16
GLM-4-9B 58.77 | 82.13 70.34 4826 3437 |59.03 57.39 5486 63.82
Dream 7B 53.62 | 7839 60.24 4490 3094 | 5594 5294 51.62 5397

Mixtral 8 x 7B-Instruct 51.15 | 73.33  60.35 4274 28.17 | 51.69 4948 50.28 53.12

Table 1: Model performance on CausalityCheck-CP. PS: Problem Solving, AJ: Answerable Judging, PJ: Process
Judging, CVA: Causal Validity Assessing, OP: Original Problem, PU: Problem Understanding, ID: Irrelevant
Disturbance, VCR: Virtual Causal Reasoning. Each score is the average score of related units. For example, *All’
means all units, PS includes solving units on four problem types, OP includes original problems on four tasks units.

—— Claude-Sonnet-4.5 — 01 — Phi-4

— GPT-5.1 —— 03-mini —— Qwen3-8b

—— Grok4 — DEEPSEEK-R1 —— GLM-4-9b

— DeepSeekV3.1 ~—— Qwen3-30b-A3b-Thinking ~ Dream7B

— GPT-5 Gemini 2.5-Flash-Thinking —— Mixtral 8 x 7B-Instruct

—— Gemini-3-pro-preview

—— Grok-4-Fast-Reasoning
Llama-4-Maverick

(a) general-purpose large language models (b) reasoning-augmented models (c) lightweight models.

Figure 4: Performance of models in three categories.
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tasks, models often rely on direct inferences from
experiences within the training data rather than
resolving problems through deep causal reason-
ing. The models’ reliance on stereotypical patterns
within their experience leads to lower accuracy in
these tasks compared to the VCR task. As the VCR
task involves virtual vocabulary or unseen entities,
the models cannot draw upon existing experience
for inference. Consequently, they tend to focus
more intently on causal relationships within the
current context, thereby enhancing their reasoning
accuracy.

In summary, the two major issues of incorrect
causal chain identification and reliance on empiri-
cal inference reveal the limitations of current large
language models when handling complex causal
reasoning tasks. To enhance model performance
in complex causal reasoning, future research must
focus more intently on how models accurately iden-
tify causal relationships and whether they can tran-
scend reliance on empirical inference to engage
in deeper causal reasoning. In addition, we have
analyzed two phenomena in Appendix H and I.

3.4 Ablation Study

We conducted a comparative evaluation of six
prompting methods to analyze the impact of dif-
ferent prompting strategies on causal reasoning
task performance. The methods employed included
Zero-shot Prompting (Kojima et al., 2023), Few-
shot Prompting (Brown et al., 2020), Chain-of-
Thought (CoT) (Wei et al., 2023), Tree-of-Thought
(ToT) (Yao et al., 2023), Highlighted Chain-of-
Thought (HoT) (Lei et al., 2025), and Single-
Property Enhancement Prompting (SPE) (Do et al.,
2025). Zero-shot refers to providing only the task
objective or problem description without examples,
requiring the model to directly perform inference
or generation. Few-shot employs a small number of
input-output examples to help the model align task
structure with reasoning patterns. CoT requires the
model to explicitly generate intermediate reason-
ing steps before answering to support multi-step
causal inference. ToT uses tree-based reasoning to
explore multiple causal paths and select the optimal
conclusion. HoT further highlights key facts within
CoT reasoning chains to enhance transparency and
traceability, while SPE optimises reasoning qual-
ity by augmenting single attributes within prompts.
This paper’s experiments select the two most rel-
evant attribute categories from the original paper,
contextual logic and structural logic, as augmenta-

67.5
65.0
62.5

$60.0
S
0575

2]

55.0
52.5

50.0

Zero-shotFew-shot  CoT ToT HoT
Methods

SPE-cl  SPE-sl

Figure 5: The performance of each prompting method
across all evaluation tasks.

tion targets. All tasks were employed as evaluation
tasks to test each method’s performance during rea-
soning, with results presented in the Figure 5.
Zero-shot Prompting demonstrated the lowest
accuracy at 49%, revealing the model’s limited
reasoning capability without examples or contex-
tual information. In such scenarios, the absence of
task context and examples often leads the model
to generate outputs inconsistent with task require-
ments, resulting in inaccurate reasoning. In con-
trast, Few-shot Prompting achieved the best per-
formance among all methods, with an accuracy of
71%, indicating that providing task context through
a small number of examples can significantly en-
hance the model’s reasoning capabilities. A high-
quality example enables the model to directly com-
prehend the task’s generation template, thereby re-
ducing errors and biases during causal reasoning.
The CoT method achieved a relatively strong ac-
curacy of 62%. Through stepwise reasoning, CoT
effectively avoids jumping directly to conclusions,
minimizing errors. However, when handling com-
plex reasoning, CoT’s approach is comparatively
conservative, failing to match the high accuracy
of Few-shot. The HoT method achieved the high-
est accuracy of 64.5% in the PJ category, though
its performance declined in the AJ and CVA cat-
egories. This indicates that, in certain scenarios,
while enhancing the transparency and traceability
of the reasoning process, the added detail did not
consistently yield beneficial effects across all tasks
(this aspect of the experimental results was not
fully demonstrated). The ToT method employs a
multi-path structure in reasoning, yet its accuracy
stands at 53%, suggesting that excessive path se-
lection may increase reasoning complexity, thereby
impacting final outcomes, particularly for relatively
straightforward tasks. SPE achieved accuracy rates
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of 63.5% and 58%. This method enhances causal
reasoning quality by optimizing specific prompt
attributes (contextual logic and structural logic se-
lected in this experiment). However, due to poten-
tial issues with prompt configuration, it failed to sig-
nificantly improve reasoning performance, falling
short of the anticipated efficiency gains. Overall,
Few-shot Prompting demonstrated the most favor-
able performance. Consequently, we selected Few-
shot Prompting as the optimal strategy for subse-
quent causal inference tasks. Details of the ablation
study are provided in Appendix E.

3.5 Evaluation For Two Challenges

We designed an evaluation method based on task
differences to measure the extent of causal chain
errors and the model’s reliance on empirical infer-
ences.

To better assess the severity of causal chain er-
rors, we selected the discrepancy between the AJ
and PJ tasks as a key metric. In the AJ task, the
model must determine whether a causal relation-
ship is correct, whereas in the PJ task, it must judge
whether the causal chain itself is correct. Should
the model correctly judge the AJ task but incor-
rectly judge the PJ task, this indicates that while
the model has successfully identified the causal
relationship, it has failed to correctly deduce the
sequence or structure of the causal chain. By calcu-
lating the discrepancy between the results of the AJ
and PJ tasks, we can effectively evaluate the degree
of error in the model’s causal chain construction
process. Therefore, the discrepancy between AJ
and PJ serves as a crucial metric to assess causal
chain errors. We did not utilize the OP task for
comparison, as it directly employs original sen-
tences from news articles, resulting in scores nearly
reaching 100% and exhibiting severe overfitting.
This suggests that directly using the model’s train-
ing data, such as the publicly available 2024 news
dataset, as a causal test dataset is not advisable, as
the model can easily rely on the data to generate
answers. Furthermore, the CVA task was excluded
from comparison because it focuses more on deter-
mining answer correctness with less emphasis on
causal chain reasoning, thus failing to adequately
reflect causal chain errors.

To gauge the model’s reliance on empirical infer-
ences., we selected the average difference across
the VCR and PS, PU, ID tasks as the key metric. In
the PS, PU, and ID tasks, entities are real-world en-
tities susceptible to large models’ entity bias. Con-

versely, in the VCR task, real entities are replaced
with dummy words, forcing the model to rely solely
on causal reasoning to draw conclusions, free from
entity bias interference. Consequently, the discrep-
ancy between VCR and PS, PU, ID tasks serves
as a crucial metric for evaluating empirical depen-
dency. This approach enables clear comparison of
a model’s reasoning performance when handling
real entities versus virtual tokens, thereby assess-
ing whether it over-relies on training data during
inference.

The results of these two experiments are shown
in Table 2. The degree of causal chain errors was
higher than that of reliance on empirical inferences,
with only Grok-4 exhibiting no causal chain er-
rors. The absence of causal chain errors in Grok-4
may stem from its comparatively robust reasoning
capabilities and comprehension of complex rela-
tionships, underscoring the decisive role of deep
logical reasoning in constructing reliable causal
chains. Through this design, we are able to quan-
tify the performance of models in causal reasoning
tasks and provide valuable reference points for the
future optimization of causal reasoning models.

Model Challenge 1 Challenge 2
Claude-Sonnet-4.5 22.81 12.64
GPT-5.1 29.54 5.07
Grok-4 -5.12 5.20
DeepSeek-V3.1 36.11 1.92
GPT-5 36.73 7.09
Gemini-3-pro-preview 30.82 3.78
Llama-4-Maverick 23.30 2.98

Table 2: Evaluation for two challenges in Casuality
Check-CP. Challenge 1 indicates an error in the causal
chain, while Challenge 2 indicates reliance on empirical
inference.

4 Conclusion

In this work, we propose CausalityCheck, a novel
framework for evaluating causal reasoning in large
language models across two dimensions: task gen-
eralisation and reasoning robustness. Tested with
the CausalityCheck-CP dataset, which includes a
new virtual causal reasoning task, the results re-
veal two key challenges in current models: errors
in causal chain identification and reliance on em-
pirical inference. Many models produce correct
answers but misidentify causal chains, and they
often rely on training data knowledge instead of
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deep causal reasoning. These challenges highlight
significant limitations in the models’ causal rea-
soning abilities. Future research should focus on
improving causal chain identification and reduc-
ing dependence on empirical inference for deeper
reasoning.

5 Limitation

Although this study proposes the Causality-
Check evaluation framework and develops the
CausalityCheck-CP dataset, several areas remain
under-explored. Firstly, compared to structural
causal reasoning methods focused on explicit graph
construction, the current approach offers limited
solutions to the problem of misidentified causal
chains. Future research could explore reducing
model dependency on entity memory through
causal DAG supervision and neuro-symbolic hy-
brid models. Secondly, whilst this study references
several benchmarks and checklists, it does not
delve deeply into benchmarks for structural rigor
and counterfactual reasoning, nor how to reduce
reliance on shortcut patterns. Integrating debias-
ing techniques such as counterfactual analysis and
multi-agent evaluation could further enhance the
depth and robustness of causal reasoning. Future
work should focus on improving the generalization
capability and reasoning accuracy of causal infer-
ence tasks through these debiasing approaches.
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The specific data in the Figure 4 show in the Figure
6.

B Related Work
B.1 Causal Reasoning in Current LLMs

In recent years, large language models (LLMs)
have made significant strides in natural language
understanding and reasoning (Hagendorff and Fabi,
2025), yet their causal reasoning capabilities re-
main limited (Joshi et al., 2024). LLM reasoning
typically relies on statistical correlations and pat-
tern matching, lacking a profound grasp of causal
relationships (Ma, 2025). Although these models
can generate seemingly plausible chains of causal
inference, they often base these on associative pat-
terns extracted from training data rather than a gen-
uine understanding of causal logic.Recent research
(Chi et al., 2024) indicates that LLMs primarily op-
erate at the correlation level when handling causal
reasoning, being capable of identifying associa-
tions between variables but unable to grasp the
causal relationships within causal chains. To ad-
dress this shortcoming, researchers are exploring
the integration of causal reasoning into model train-
ing processes, particularly within multimodal learn-
ing (Chen et al., 2024a) and reinforcement learning
(Cao et al., 2025) domains. This approach aims
to enhance causal learning through environmental
feedback and reward mechanisms. Concurrently,
novel causal reasoning evaluation frameworks such
as CausalBench (Wang, 2024) and ExpliCa (Mil-
iani et al., 2025) are emerging. These aim to com-
prehensively assess models’ performance in causal
reasoning tasks, focusing on the depth of causal un-
derstanding and the accuracy of the reasoning pro-
cess. Causality is commonly divided into two cate-
gories: type causality and actual causality (Zhang
et al., 2025). This paper addresses the latter.

In recent years, large language models (LLMs)
have made significant strides in natural language
understanding and reasoning (Hagendorff and Fabi,
2025), yet their causal reasoning capabilities re-
main limited (Joshi et al., 2024). LLM reasoning
typically relies on statistical correlations and pat-
tern matching, lacking a profound grasp of causal
relationships (Ma, 2025). Although these models
can generate seemingly plausible chains of causal
inference, they often base these on associative pat-
terns extracted from training data rather than a gen-
uine understanding of causal logic. Recent research
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(Chi et al., 2024) indicates that LLMs primarily op-
erate at the correlation level when handling causal
reasoning, being capable of identifying associa-
tions between variables but unable to grasp the
causal relationships within causal chains. To ad-
dress this shortcoming, researchers are exploring
the integration of causal reasoning into model train-
ing processes, particularly within multimodal learn-
ing (Chen et al., 2024a) and reinforcement learning
(Cao et al., 2025) domains. This approach aims
to enhance causal learning through environmental
feedback and reward mechanisms. Concurrently,
novel causal reasoning evaluation frameworks such
as CausalBench (Wang, 2024) and ExpliCa (Mil-
iani et al., 2025) are emerging. Beyond causal rea-
soning benchmarks, recent evaluation studies have
also emphasized the need for more comprehensive
assessment settings for LLMs, such as multi-task
and culturally grounded bias evaluation, as exem-
plified by McBE (Lan et al., 2025b). In addition,
F2Bench (Lan et al., 2025a) extends this trend by
proposing an open-ended fairness benchmark with
factuality considerations, highlighting the impor-
tance of evaluating model outputs in more realis-
tic and context-sensitive scenarios. These efforts
reflect a broader trend toward more comprehen-
sive evaluation of LLM reasoning, focusing on the
depth of understanding and the reliability of model
outputs across different reasoning settings. Causal-
ity is commonly divided into two categories: type
causality and actual causality (Zhang et al., 2025).
This paper addresses the latter.

B.2 Virtual Causal Reasoning

The motivation for the Virtual Causal Reasoning
(VCR) task stems from the possibility that entity
names within datasets may cause models to rely
on entity memorization rather than contextual rea-
soning. Consequently, VCR mitigates this issue
by substituting these entities with dummy words.
The prototype of this task involves replacing entity
names in the dataset with other entities (Wang et al.,
2023), thereby evaluating the model’s generaliza-
tion capability. Subsequent research has further
developed entity replacement strategies, offering
more systematic evaluation methods by breaking
spurious correlations between entities and labels
and constructing bias-free benchmarks (He et al.,
2025). Such research emphasizes that entity infor-
mation can lead models to learn contextually incon-
sistent shortcut patterns. However, as pre-training
data volumes and model scales increase, substi-

tuted entities may still be familiar to the model.
Hence, we propose VCR, which does not rely on
actual entity information but replaces entities in the
problem with virtual tokens, thereby eliminating in-
terference from real-world knowledge learned dur-
ing model training. Under this setting, the model
must rely solely on its reasoning capabilities and
learned causal relationships for judgment, rather
than retrieving existing information from training
data.

C Evaluated Models and Experimental
Settings

To systematically evaluate the causal reasoning ca-
pabilities of contemporary large language models,
we conduct a comprehensive assessment of 17 rep-
resentative models. These models can be catego-
rized into three groups:

(a) General-Purpose LLMs. These models ex-
hibit broad applicability, strong overall capabilities,
and typically adopt large-scale closed-source archi-
tectures. This category includes Claude-Sonnet-4.5
(released on 2025-09-29) (Anthropic, 2025), GPT-
5.1 (released on 2025-11-13) (OpenAl, 2025b),
Grok-4 (xAl, 2025a), DeepSeek-V3.1 (DeepSeek,
2025a), GPT-5 (OpenAl, 2025a), Gemini-3-Pro-
Preview (Google, 2025), and Llama-4-Maverick
(Al 2025).

(b) Reasoning-Enhanced LLMs. These mod-
els significantly strengthen chain-of-thought, long-
form reasoning, and deliberate reasoning through
pre-training strategies or inference-time optimiza-
tion. This group includes O1 (OpenAl, 2024), O3-
mini (OpenAl, 2025c), DeepSeek-R1 (DeepSeek,
2025b), Qwen3-30B-A3B-Thinking (Qwen, 2025),
Gemini-2.5-Flash-Thinking (DeepMind, 2025),
and Grok-4-Fast-Reasoning (xAl, 2025b).

(c) Lightweight LLMs. This category con-
sists of open-source, parameter-efficient models
that serve as effective baselines for causal rea-
soning tasks. It includes Phi-4 (Abdin et al.,
2024), Qwen3-8B (Yang et al., 2025), GLM-4-9B
(THUDM, 2025), Dream-vO-Instruct-7B (Dream-
7B) (Ye et al., 2025), and Mixtral-8x7B-Instruct
(Al 2023). Notably, Dream-vO-Instruct-7B follows
a discrete diffusion & iterative denoising paradigm
rather than a traditional autoregressive architec-
ture; meanwhile, Mixtral-8x7B-Instruct employs
a Mixture-of-Experts structure that activates only
13B parameters per inference, enabling strong per-
formance while maintaining lower inference cost.
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For all dataset construction procedures and eval-
uation tasks, we adopt accuracy as the primary eval-
uation metric. We employ a few-shot prompting
setup to enhance models’ adherence to task-specific
instructions. The dataset design intentionally sim-
plifies certain complex problem settings, thereby
reducing the overall difficulty of the evaluation.

For all resource-constrained models, we use their
default hyperparameter configurations, setting the
sampling temperature to O and the maximum num-
ber of generated tokens to 1024. Similarly, for
all open-source models, we standardize the infer-
ence configuration across experiments by setting
do_sample = False, max_gen_len = 512, and tem-
perature =0.1.

D Ensuring Annotation Data Quality

To ensure annotation consistency and accuracy, we
employ inter-annotator reliability metrics. Annota-
tor reliability refers to the consistency of annotation
results when different annotators work on the same
dataset. By evaluating inter-annotator reliability,
we can determine the reliability of gold labels and
the subjectivity of annotators. A commonly em-
ployed metric is Cohen’s Kappa coefficient, which
quantifies agreement between two annotators on
a scale ranging from -1 (complete disagreement)
to 1 (perfect agreement). An Kappa value exceed-
ing 0.8 indicates consistent annotation outcomes
between annotators.

To enhance annotator consistency, rigorous train-
ing is essential to ensure all annotators comprehend
annotation standards and adhere to uniform rules
throughout the annotation process. Furthermore, a
regular feedback mechanism is indispensable. An-
notators may encounter challenging cases during
annotation, and such a mechanism helps resolve un-
certainties and standardise practices. For instance,
if Annotators A and B interpret certain category
definitions differently, weekly annotation review
meetings facilitate further discussion and confirma-
tion of these definitions, thereby minimising bias.

Model | OP | Al PJ | CVA
PS 092 | 0.72 | 0.93 | 0.62
PU | 093 ]0.83|0.85| 059
ID 0.83 | 0.78 | 0.84 | 0.65

VCR | 0.89 | 0.80 | 0.81 | 0.65

Table 3: Kappa coefficient for different tasks.

Judging by the Cohen’s Kappa coefficients in

the table 3, the annotation consistency across tasks
is generally high. The Kappa values for OP, PJ,
and AJ all fall within the excellent range, indicat-
ing a high degree of agreement among annotators
for these three tasks, a reliable annotation process,
and clear annotation standards. Conversely, the
relatively low Kappa value for CVA reveals some
inconsistency among annotators, likely attributable
to insufficiently clear annotation criteria. Over-
all, the Kappa values for most tasks exceeded 0.8,
demonstrating good annotation consistency.

To ensure the accuracy and reliability of gold
labels, clearly defining annotation standards and
category boundaries is paramount. During the an-
notation process, each conclusion must be cate-
gorised based on the rigour and reliability of its
reasoning. Figure 14 presents the results for four
distinct CVA tasks. Firstly, conclusions labelled
correct and reliable are not only factually accu-
rate but also maintain consistency across varying
contexts through rigorous causal reasoning that ac-
counts for all possible variables and potential bi-
ases. For instance, in certain Al reporting cases,
selecting increased media coverage as the answer
was analysed as meeting causal criteria and holding
true across varied contexts, thus earning a reliable
label.

Conversely, some conclusions appear correct yet
rely on oversimplified reasoning or overlook criti-
cal variables. These are categorised as correct but
prone to error. For instance, when discussing the
state of Al media coverage, one perspective posits
that it is driven by public interest and prioritises
sensationalism over accuracy. While this conclu-
sion holds true in certain instances, it overlooks
multidimensional factors such as depth and objec-
tivity, thus exhibiting a bias in its generalisability.

Furthermore, certain conclusions may appear er-
roneous, yet their reasoning, assumptions, or data
may be close to correct—valid only in specific con-
texts or exhibiting significant bias. Such conclu-
sions fall under the category of wrong, but leaning
towards right. For instance, when discussing why
experts advocate altering Al reporting, one con-
clusion posits that current coverage is unbalanced
and fuels sensationalism. Although this conclusion
itself is incorrect, it reflects a prevailing trend in
current coverage and holds validity in certain con-
texts, hence being labelled incorrect but leaning
towards correct.

However, certain conclusions are not only in-
correct but also lack rigorous reasoning or rely on
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unreliable assumptions and data. Such conclusions
are categorised as incorrect and unreliable. For
instance, when analysing whether journalists in-
creased Al coverage in response to expert calls,
selecting they increased media coverage as the con-
clusion is erroneous. This overlooks the require-
ment for balanced reporting and lacks in-depth
analysis of coverage content. Such conclusions
lack reliability and risk misdirection, hence being
labelled unreliable.

These classification criteria assist annotators in
clearly distinguishing between different types of
conclusions, ensuring the accuracy and reliability
of gold labels. This not only enhances the quality
of annotated data but also provides a robust founda-
tion for model training, enabling models to make
more precise and dependable judgements when
confronted with diverse reasoning and conclusions.

E Details In The Ablation Study

The following supplementary details provide a
more comprehensive exposition of how each
prompting strategy is implemented, alongside their
consistency with the task and relationship to the
test distribution:

Few-shot examples and their overlap with
the test distribution. In our experiments, we em-
ployed few-shot prompting to augment the model’s
reasoning capabilities. Few-shot examples assist
the model in understanding task structure by provid-
ing a small number of instances, thereby reducing
errors and biases in reasoning. Each few-shot ex-
ample comprises the following components: Prob-
lem Description.Articulates the core elements and
objectives of the causal reasoning task. Input-
Output Pairs. Presents typical examples of causal
reasoning tasks, where inputs include the question
and relevant contextual information, and outputs
represent the model’s inferred results.

However, the selection and design of few-shot
examples must be contrasted and optimised against
the test distribution. To ensure representativeness,
we selected representative task types from actual
test data, ensuring these examples encompassed
task diversity and complexity. For instance, in
tasks like Process Judging, we ensured provision
of different types of causal chains, along with
corresponding correct and incorrect reasoning ap-
proaches for each chain. In this manner, the few-
shot examples not only enhance the task’s reason-
ing consistency but also avoid biases overly con-

strained by the test data.

CoT content control. In the CoT approach, we
require the model to generate intermediate steps
of its reasoning process to enhance the depth of
its reasoning. By guiding the model through step-
wise reasoning, the CoT approach helps prevent
leaps to erroneous conclusions while enhancing
transparency and traceability in causal reasoning.
To effectively control CoT content, we employ the
following specific methods: Limiting the number
of reasoning steps. To ensure clarity and coher-
ence in CoT reasoning, we cap the number of steps
per inference to prevent the generation of verbose
and incomprehensible chains. In experiments, the
number of CoT steps is typically capped at 3 to
5. Defining reasoning objectives. To guide the
model in generating effective intermediate steps,
we explicitly label the reasoning objective in each
example, such as derive the causal chain or validate
the plausibility of the causal relationship. Con-
tent consistency. To prevent inconsistent steps or
content deviating from the task objective during
reasoning, we require the model to strictly focus
on the core causal relationships of the current task
at each reasoning step, avoiding irrelevant or sec-
ondary information.

Inter-task consistency. In experiments, we en-
sured consistency across different tasks, particu-
larly when employing distinct prompting strategies.
To achieve this, we adopted the following meth-
ods: Uniform Task Definition. All tasks adhere
to consistent definitions and formats to prevent sig-
nificant structural or objective deviations. This en-
compasses input formats (questions and contextual
information), output formats (inference results),
and evaluation criteria for each task. Cross-Task
Prompt Sharing. To further enhance consistency,
we designed a universal prompt template ensuring
uniform application of prompting strategies across
tasks. For instance, across all tasks, few-shot ex-
amples consistently include problem descriptions
and input-output pairs, while CoT examples fea-
ture step-by-step guidance through reasoning pro-
cesses.Consistent evaluation criteria. All tasks
employ unified assessment standards, particularly
regarding reasoning accuracy, coherence of reason-
ing processes, and task generalization capabilities.
These uniform metrics enable comparative analysis
of reasoning performance across different tasks and
prompting strategies.

Through these specific details, we ensure the va-
lidity of prompting strategies across diverse tasks
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and test distributions within ablation experiments,
while also guaranteeing the comparability and con-
sistency of experimental outcomes. These mea-
sures enhance the efficacy of prompting strategies
for causal reasoning tasks and provide clear direc-
tions for future optimization.

F Data Filtering Process

After generating the dataset using CausalityCheck
on GPT-5, we filtered 25% of the data. First, we
used Python code to remove entries missing key
fields. These include data missing the context,
question, choice, and answer fields, as well as
entries where these fields contain incomplete in-
formation. The second step involved manually in-
specting each entry to ensure it met the criteria,
provided a valid causal relationship, and that the
relationship could be clearly reflected in the avail-
able options. Additionally, we removed any data
containing inappropriate content, such as violent
themes. For example:

Aviva Siegel, a released Israeli hostage,
is pleading for the release of her hus-
band, Keith, who is still being held by
Hamas in Gaza. Aviva describes the
brutal conditions she and Keith endured
during their captivity, including physi-
cal abuse and sexual assault of female
hostages. She is calling on international
mediators, such as the US, Qatar, and
Egypt, to do more to secure the release
of her husband and other hostages.

Although this data passed GPT-5’s content man-
agement policy, each LLMs has different thresh-
olds, and such content may not be accepted by
other models. To avoid this, we removed any data
that contained even a slight amount of related con-
tent. The final dataset used in this paper is the
CausalityCheck-CP dataset.

G Discussion Of Data Bias

Whilst acknowledging that large language mod-
els (LLMs) may introduce inherent biases during
data generation, we consider such biases acceptable
within this study and do not believe they undermine
the conclusions or validity of CausalityCheck. The
core motivation of CausalityCheck is to evaluate
causal reasoning capabilities across multiple dimen-
sions, thereby revealing language models’ causal
reasoning characteristics more comprehensively.

Data rewriting constitutes a pivotal step in this pro-
cess, which may be performed either manually or
automatically by LLMs. Whilst we acknowledge
that expert involvement in data rewriting may repre-
sent the most impartial approach, its applicability is
constrained by substantial costs, rendering it insuf-
ficiently scalable in practice. Therefore, to enhance
the scalability and practicality of our research, we
selected GPT-5 as the rewriting tool. This choice
stems from its recognition as the state-of-the-art,
publicly available model at the time, capable of de-
livering rewriting quality approaching professional
standards. It is noteworthy that while LLMs played
a pivotal role in data generation, we did not rely
solely on automated rewriting. All generated con-
tent underwent manual verification to prevent un-
natural outputs or ambiguous causal relationships.
Furthermore, although GPT-5-generated data was
employed in the experiments, it did not confer a
significant advantage to the GPT series models. As
Table 4 demonstrates, Claude-4.5-sonnet actually
performed more impressively in the experiments,
indicating that biases introduced during the rewrit-
ing process did not decisively influence the final
experimental outcomes.

Model All
Claude-Sonnet-4.5 71.43
GPT-5.1 70.92
Grok-4 70.62
DeepSeek-V3.1 69.33
GPT-5 67.41
Gemini-3-pro-preview  65.23
Llama-4-Maverick 65.19

Table 4: Performance of General-Purpose LLMs on
ALL Metrics.

H The implications of negative inferential
outcomes

Overall, all models demonstrated relatively stable
performance in the process judgment (PJ) task,
with larger-scale models generally exhibiting supe-
rior results. Furthermore, task generalization had a
minimal impact on causal chain identification, in-
dicating the models’ ability to consistently extract
causal chains across varying contextual settings. To
delve deeper, we conducted a detailed examination
of Claude-Sonnet-4.5’s outcomes in the VCR-PJ
and PS-PJ tasks depicted in Figure 4, uncovering
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Figure 7: Manual annotation pass rate for OP, AJ, PJ,
and CVA.

a critical distinction. Specifically, Claude-Sonnet-
4.5 achieved an accuracy rate of 93% in this task,
whereas other models maintained accuracy around
50%. To ensure the reliability of this phenomenon,
we replicated the experiment three times within this
task, with consistently identical results indicating
this outcome was not coincidental.

In the PS-PJ task, the task context described
negative reports concerning artificial intelligence
(AI). Although these reports themselves were ob-
jective, reflecting public concerns about Al’s rapid
advancement, the causal inference outcome should
have been negative. However, Claude-Sonnet-4.5
erroneously avoided this inference, failing to at-
tribute the negative outcome to the causal chain.
Conversely, in the VCR-PJ task, when Al was re-
placed with a fictional term (e.g., SC), the model
correctly performed the inference. This suggests
that when confronted with specific entities, particu-
larly when describing their negative coverage, the
model may avoid inferring negative outcomes. As
the model had never encountered the fictional vo-
cabulary in the VCR-P]J task, it relied solely on con-
textual information for inference, yielding the cor-
rect causal reasoning outcome. This phenomenon
reveals that Claude-Sonnet-4.5 may be susceptible
to avoidance of negative information when process-
ing causal reasoning for specific entities, an effect
that extends beyond the influence of the prompt
itself.

I Double Prompt Effect

Upon further examination of the manually an-
notated dataset, we observed a significant phe-
nomenon known as the Double Prompt Effect. This

effect refers to the marked improvement in gen-
erated data quality when the model is simultane-
ously instructed to produce both correct and erro-
neous information during the prompting process.
Figure 7 illustrates the pass rates across different
tasks (OP, AJ, PJ, CVA) in the manually annotated
dataset, with OP’s pass rate notably lower than
those tasks generating both correct and incorrect
data. In the AJ, PJ, and CVA tasks, by compar-
ing and correcting potential errors or ambiguities
during generation, the model gains a clearer under-
standing of the task structure, thereby producing
more accurate and structurally coherent data. This
approach prompts the model to self-correct when
encountering potential ambiguities or errors dur-
ing generation, thereby reducing vagueness and
inconsistencies in causal relationships. In contrast,
when relying solely on prompts containing correct
information (as in the OP task), the model tends
to generate overly simplistic or ambiguous results.
This manifests as contentious answers within the
options, leading to diminished reasoning quality
and hindering the effective testing and verification
of causal relationships. To conduct more rigorous

Model PS-OP PU-OP ID-OP VCR-OP
Single  0.29 0.41 0.51 0.40
Double  0.82 0.89 0.92 0.85

Table 5: Comparison of double prompt and single
prompt.

validation, we compared pass rate improvements
when using versus not using double prompts under
matched seed questions. Specifically, we designed
two experimental groups for the OP task: one uti-
lizing a single correct information prompt, and an-
other employing double prompts (simultaneously
generating both correct and incorrect information).
We measured the effectiveness of dual prompts
by calculating the pass rate for each experimental
group. Experimental results demonstrate that the
group employing dual-output prompts achieved sig-
nificantly higher pass rates across multiple tasks
compared to the single-prompt group, averaging
over 40% higher. This substantial improvement in-
dicates that when models can contrast and correct
potential errors or ambiguities during generation,
the accuracy and consistency of the reasoning pro-
cess are effectively enhanced. Consequently, the ex-
perimental findings further validate the efficacy of
dual prompts. The dual-prompt strategy markedly
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Figure 8: CausalityCheck-CP Construction Processes.

improves the quality and verifiability of generated
data, demonstrating its crucial role in constructing
causal datasets and enhancing the precision and
robustness of causal reasoning tasks.

J CausalityCheck-CP Construction
Processes

The construction of the CausalityCheck-CP' , as
illustrated in Figure 8, follows a two-step process.
Step 1 horizontally expands the original problem
(PS-OP) to create PS-AJ, PS-PJ, and PS-CVA. Step
2 then vertically builds on PS-OP, PS-AJ, PS-PJ,
and PS-CVA to form the complete dataset. No-
tably, the robustness extensions for PU, ID, and
CVR reasoning in Step 2 are all derived from PS
data: entries 2/3/4 in STEP2 retain the context of
entry 1, with any necessary additions made as sup-
plements rather than replacements. This approach
ensures consistency in the difficulty level across en-
tries, thereby maintaining the fairness of the dataset.
Figures 9 to 17 show 36 variants.

'According to the licenses from the BBC and The
Guardian, CausalityCheck-CP can only be used for non-profit
purposes. All rights to the corpora used in CausalityCheck-
CP, including copyrights, are owned by the BBC and The
Guardian.
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Context: Journalists are facing criticism for contributing to the hype surrounding artificial
intelligence (Al) and not accurately reporting on its capabilities and limitations. The surge in
interest in Al has led to increased media coverage, with some experts calling for more
balanced reporting that highlights both the positive and negative aspects of Al.

What is the result of the surge in interest in Al in terms of media coverage?

Increased scrutiny on Al by journalists.

More balanced reporting on the positive and negative aspects of Al.

Greater responsibility on the media to report on Al accurately.

Improved understanding of Al technologies by journalists.

Answer: 3
J

2 )

Context: Journalists are receiving backlash for fueling the excitement around artificial
intelligence (Al) and failing to provide precise accounts of its potential and constraints. The
growing fascination with Al has resulted in a rise in media attention, prompting some
specialists to advocate for more equitable coverage that underscores both the advantages
and drawbacks of Al.

What is the result of the surge in interest in Al in terms of media coverage?

Increased scrutiny on Al by journalists.

More balanced reporting on the positive and negative aspects of Al.

Greater responsibility on the media to report on Al accurately.

Improved understanding of Al technologies by journalists.

Answer: 3 y

3\

Context: Journalists are facing criticism for contributing to the hype surrounding artificial
intelligence (Al) and not accurately reporting on its capabilities and limitations. The surge in
interest in Al has led to increased media coverage, with some experts calling for more
balanced reporting that highlights both the positive and negative aspects in Al. On a related
but distinct note, this heightened public awareness has also accelerated the development of
new Al-driven diagnostic tools in the healthcare sector, an outcome beyond the scope of
journalistic practices.

What is the result of the surge in interest in Al in terms of media coverage?

Increased scrutiny on Al by journalists.

More balanced reporting on the positive and negative aspects of Al.

Greater responsibility on the media to report on Al accurately.

Improved understanding of Al technologies by journalists.
Answer: 3

J

4 )

Context: Journalists are facing criticism for contributing to the hype surrounding synthetica
cognita (SC) and not accurately reporting on its capabilities and limitations. The surge in
interest in SC has led to increased media coverage, with some experts calling for more
balanced reporting that highlights both the positive and negative aspects of SC.

What is the result of the surge in interest in SC in terms of media coverage?

Increased scrutiny on SC by journalists.

More balanced reporting on the positive and negative aspects of SC.

Greater responsibility on the media to report on SC accurately.

Improved understanding of SC technologies by journalists.
Answer: 3

J

Figure 9: OP dataset. Gray indicates the data that has been altered. The same settings are applied to Figures 8
through 19.
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Context: Journalists are facing criticism for contributing to the hype surrounding artificial
intelligence (Al) and not accurately reporting on its capabilities and limitations. The surge in
interest in Al has led to increased media coverage, with some experts calling for more
balanced reporting that highlights both the positive and negative aspects of Al.

Question: What is the result of the surge in interest in Al in terms of media coverage?
Choice_1: Increased scrutiny on Al by journalists.

Choice_2: More balanced reporting on the positive and negative aspects of Al.

Choice_3: Greater responsibility on the media to report on Al accurately.

Choice_4: Improved understanding of Al technologies by journalists.

Answerable: 1
_J

6 )

Context: The recent surge in interest in artificial intelligence (Al) has had a profound impact
on the tech industry, leading to a significant increase in venture capital funding for Al
startups and a race among major corporations to integrate Al into their products. This has
also spurred a new wave of academic research focused on machine learning ethics and
safety protocols. While the media frequently reports on these industry and academic trends,
the focus remains on the technological and economic shifts rather than on the evolution of
media practices themselves.

Question: What is the result of the surge in interest in Al in terms of media coverage?
Choice_1: Increased scrutiny on Al by journalists.

Choice_2: More balanced reporting on the positive and negative aspects of Al.

Choice_3: Greater responsibility on the media to report on Al accurately.

Choice_4: Improved understanding of Al technologies by journalists.

Answerable: 0

Context: Reporters are under fire for their part in inflating the buzz around artificial
intelligence (Al) and for inaccurately conveying its abilities and shortcomings. The
heightened curiosity in Al has caused an upsurge in media focus, with some authorities
urging for a more balanced portrayal that reflects both the benefits and drawbacks of Al.
Question: What is the result of the surge in interest in Al in terms of media coverage?
Choice_1: Increased scrutiny on Al by journalists.

Choice_2: More balanced reporting on the positive and negative aspects of Al.

Choice_3: Greater responsibility on the media to report on Al accurately.

Choice_4: Improved understanding of Al technologies by journalists.

Answerable: 1
_J

8

Context: The growing fascination with artificial intelligence (Al) has strongly influenced the
technology sector, causing a substantial rise in venture capital investment in Al startups
and sparking a competition among leading companies to incorporate Al into their offerings.
This development has also initiated a newer trend of academic research targeting machine
learning ethics and safety measures. Although media coverage frequently touches on these
industry and academic developments, the primary emphasis remains on technological and
economic changes rather than on changes in media reporting itself.

Question: What is the result of the surge in interest in Al in terms of media coverage?
Choice_1: Increased scrutiny on Al by journalists.

Choice_2: More balanced reporting on the positive and negative aspects of Al.

Choice_3: Greater responsibility on the media to report on Al accurately.

Choice_4: Improved understanding of Al technologies by journalists.

kAnswerable: 0

Figure 10: A part of AJ dataset.
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Context: Journalists are facing criticism for contributing to the hype surrounding artificial
intelligence (Al) and not accurately reporting on its capabilities and limitations. The surge in
interest in Al has led to increased media coverage, with some experts calling for more
balanced reporting that highlights both the positive and negative aspects in Al. Although
this falls outside media implications, some tech companies have begun investing in Al-
powered tools to enhance their R&D processes as a result of public attention.

Question: What is the result of the surge in interest in Al in terms of media coverage?
Choice_1: Increased scrutiny on Al by journalists.

Choice_2: More balanced reporting on the positive and negative aspects of Al.

Choice_3: Greater responsibility on the media to report on Al accurately.

Choice_4: Improved understanding of Al technologies by journalists.

Answerable: 1

J

10 )

Context: The recent surge in interest in artificial intelligence (Al) has had a profound impact
on the tech industry, leading to a significant increase in venture capital funding for Al
startups and a race among major corporations to integrate Al into their products. This
development has also resulted in the creation of government advisory panels tasked with
evaluating the societal impacts of Al. This has also spurred a new wave of academic
research focused on machine learning ethics and safety protocols. While the media
frequently reports on these industry and academic trends, the focus remains on the
technological and economic shifts rather than on the evolution of media practices
themselves.

Question: What is the result of the surge in interest in Al in terms of media coverage?
Choice_1: Increased scrutiny on Al by journalists.

Choice_2: More balanced reporting on the positive and negative aspects of Al.

Choice_3: Greater responsibility on the media to report on Al accurately.

Choice_4: Improved understanding of Al technologies by journalists.

Answerable: 0
J

11 )

Context: Journalists are facing criticism for contributing to the hype surrounding artificial
intelligence (Al) and not accurately reporting on its capabilities and limitations. The surge in
interest in Al has led to increased media coverage, and with this surge, experts and the public
are calling for more balanced reporting. This increased scrutiny and demand for more
accurate reporting is pushing media outlets to take greater responsibility in how they cover
Al, ensuring they address both its potential and its limitations more thoroughly.

Question: What is the result of the surge in interest in SC in terms of media coverage?

Choice_1: Increased scrutiny on SC by journalists.

Choice_2: More balanced reporting on the positive and negative aspects of SC.

Choice_3: Greater responsibility on the media to report on SC accurately.

Choice_4: Improved understanding of SC technologies by journalists.

Answerable: 1 )

12 )

Context: The recent surge in interest in Synthetica Cognita (SC) has had a profound impact
on the tech industry, leading to a significant increase in venture capital funding for SC
startups and a race among major corporations to integrate SC into their products. This has
also spurred a new wave of academic research focused on machine learning ethics and
safety protocols. While the media frequently reports on these industry and academic trends,
the focus remains on the technological and economic shifts rather than on the evolution of
media practices themselves.

Question: What is the result of the surge in interest in SC in terms of media coverage?
Choice_1: Increased scrutiny on SC by journalists.

Choice_2: More balanced reporting on the positive and negative aspects of SC.

Choice_3: Greater responsibility on the media to report on SC accurately.

Choice_4: Improved understanding of SC technologies by journalists.

Answerable: 0

Figure 11: A part of AJ dataset.
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Context: Journalists are facing criticism for contributing to the hype surrounding artificial
intelligence (Al) and not accurately reporting on its capabilities and limitations. The surge in
interest in Al has led to increased media coverage, and with this surge, experts and the
public are calling for more balanced reporting. This increased scrutiny and demand for more
accurate reporting is pushing media outlets to take greater responsibility in how they cover
Al, ensuring they address both its potential and its limitations more thoroughly.
Question: What is the result of the surge in interest in Al in terms of media coverage?
Choice_1: Increased scrutiny on Al by journalists.
Choice_2: More balanced reporting on the positive and negative aspects of Al.
Choice_3: Greater responsibility on the media to report on Al accurately.
Choice_4: Improved understanding of Al technologies by journalists.
Answer: 3
Causal Chain: surge in interest in Al = increased media coverage — criticism for hype and
inaccuracies —> greater responsibility on media to report accurately
Correctness: 1 y

14 )
Context: Journalists are facing criticism for contributing to the hype surrounding artificial
intelligence (Al) and not accurately reporting on its capabilities and limitations. The surge in
interest in Al has led to increased media coverage, and with this surge, experts and the
public are calling for more balanced reporting. This increased scrutiny and demand for more
accurate reporting is pushing media outlets to take greater responsibility in how they cover
Al, ensuring they address both its potential and its limitations more thoroughly.
Question: What is the result of the surge in interest in Al in terms of media coverage?
Choice_1: Increased scrutiny on Al by journalists.
Choice_2: More balanced reporting on the positive and negative aspects of Al.
Choice_3: Greater responsibility on the media to report on Al accurately.
Choice_4: Improved understanding of Al technologies by journalists.
Answer: 3
Causal Chain: surge in interest in Al = increased media coverage — more articles written by
journalists = improved understanding of Al technologies
Correctness: 0 y

15 )
Context: Journalists are under fire for intensifying the excitement surrounding artificial
intelligence (Al) without delivering precise reports of its strengths and limits. The heightened
interest in Al has spurred more media attention, with some authorities urging for reporting
that equally represents the benefits and drawbacks of Al.
Question: What is the result of the surge in interest in Al in terms of media coverage?
Choice_1: Increased scrutiny on Al by journalists.
Choice_2: More balanced reporting on the positive and negative aspects of Al.
Choice_3: Greater responsibility on the media to report on Al accurately.
Choice_4: Improved understanding of Al technologies by journalists.
Answer: 3
Causal Chain: surge in interest in Al = increased media coverage — criticism for hype and
inaccuracies —> greater responsibility on media to report accurately

Correctness: 1
J

16 )
Context: The media is under fire for exaggerating the excitement around artificial
intelligence (Al) and failing to provide truthful evaluations of its strengths and weaknesses.
The heightened fascination with Al has led to more extensive media exposure, and certain
authorities are urging for media presentations that equitably portray both the benefits and
downsides of Al.
Question: What is the result of the surge in interest in Al in terms of media coverage?
Choice_1: Increased scrutiny on Al by journalists.
Choice_2: More balanced reporting on the positive and negative aspects of Al.
Choice_3: Greater responsibility on the media to report on Al accurately.
Choice_4: Improved understanding of Al technologies by journalists.
Answer: 3
Causal Chain: surge in interest in Al = increased media coverage — more articles written by
journalists = improved understanding of Al technologies
\Correctness: 0

J

Figure 12: A part of PJ dataset.
16424



Context: Journalists are facing criticism for contributing to the hype surrounding artificial
intelligence (Al) and not accurately reporting on its capabilities and limitations. This intense
interest has also led to a surge in technological innovations in Al, although this falls outside
the scope of media coverage. The surge in interest in Al has led to increased media coverage,
with some experts calling for more balanced reporting that highlights both the positive and
negative aspects in Al.

Question: What is the result of the surge in interest in Al in terms of media coverage?
Choice_1: Increased scrutiny on Al by journalists.

Choice_2: More balanced reporting on the positive and negative aspects of Al.

Choice_3: Greater responsibility on the media to report on Al accurately.

Choice_4: Improved understanding of Al technologies by journalists.

Answer: 3

Causal Chain: surge in interest in Al = increased media coverage — criticism for hype and
inaccuracies —> greater responsibility on media to report accurately

Correctness: 1
_J

18 )

Context: Journalists are facing criticism for contributing to the hype surrounding artificial
intelligence (Al) and not accurately reporting on its capabilities and limitations. The surge in
interest in Al has led to increased media coverage, with some experts calling for more
balanced reporting that highlights both the positive and negative aspects in Al. While
unrelated to media coverage, numerous tech start-ups have emerged focusing on Al-powered
solutions to improve industry efficiency.

Question: What is the result of the surge in interest in Al in terms of media coverage?

Choice_1: Increased scrutiny on Al by journalists.

Choice_2: More balanced reporting on the positive and negative aspects of Al.

Choice_3: Greater responsibility on the media to report on Al accurately.

Choice_4: Improved understanding of Al technologies by journalists.

Answer: 3

Causal Chain: surge in interest in Al = increased media coverage — more articles written by

journalists = improved understanding of Al technologies

Correctness: 0

J

19 )
Context: Journalists are facing criticism for contributing to the hype surrounding synthetica
cognita (SC) and not accurately reporting on its capabilities and limitations. The surge in
interest in SC has led to increased media coverage, with some experts calling for more
balanced reporting that highlights both the positive and negative aspects of SC.
Question: What is the result of the surge in interest in SC in terms of media coverage?
Choice_1: Increased scrutiny on SC by journalists.
Choice_2: More balanced reporting on the positive and negative aspects of SC.
Choice_3: Greater responsibility on the media to report on SC accurately.
Choice_4: Improved understanding of SC technologies by journalists.
Answer: 3
Causal Chain: surge in interest in SC — increased media coverage — criticism for hype and
inaccuracies —> greater responsibility on media to report accurately

Correctness: 1
_J

20 )
Context: Journalists are facing criticism for contributing to the hype surrounding synthetica
cognita (SC) and not accurately reporting on its capabilities and limitations. The surge in
interest in SC has led to increased media coverage, with some experts calling for more
balanced reporting that highlights both the positive and negative aspects of SC.
Question: What is the result of the surge in interest in SC in terms of media coverage?
Choice_1: Increased scrutiny on SC by journalists.
Choice_2: More balanced reporting on the positive and negative aspects of SC.
Choice_3: Greater responsibility on the media to report on SC accurately.
Choice_4: Improved understanding of SC technologies by journalists.
Answer: 3
Causal Chain: surge in interest in SC — increased media coverage — more articles written by
journalists = improved understanding of SC technologies
Correctness: 0

J

Figure 13: A part of PJ dataset.
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Context: Journalists are facing criticism for contributing to the hype surrounding artificial
intelligence (Al) and not accurately reporting on its capabilities and limitations. The surge in
interest in Al has led to increased media coverage, with some experts calling for more
balanced reporting that highlights both the positive and negative aspects in Al.

Question: What is a direct consequence of the surge in public interest in Al?

Choice_1: A decrease in Al hype.

Choice_2: Increased media coverage..

Choice_3: More accurate reporting on Al's limitations.

Choice_4: An end to criticism of journalists.

Answer: 2

Verdict: Correct and reliable

J

22 )

Context: Journalists are facing criticism for contributing to the hype surrounding artificial
intelligence (Al) and not accurately reporting on its capabilities and limitations. The surge in
interest in Al has led to increased media coverage, with some experts calling for more
balanced reporting that highlights both the positive and negative aspects

Question: Why are experts advocating for a change in Al reporting?

Choice_1: Because current reporting is too focused on the negative aspects of Al.

Choice_2: Because the surge in interest has overwhelmed media outlets.

Choice_3: Because journalists are not reporting on Al at all.

Choice_4: Because current reporting is unbalanced and contributes to hype.

Answer: 4

Verdict: Correct but prone to error
J

23 )

Context: Journalists are facing criticism for contributing to the hype surrounding artificial
intelligence (Al) and not accurately reporting on its capabilities and limitations. The surge in
interest in Al has led to increased media coverage, with some experts calling for more
balanced reporting that highlights both the positive and negative aspects in Al.

Question: What can be inferred about the current state of media coverage of Al?

Choice_1: It predominantly highlights the negative aspects of Al.

Choice_2: It is comprehensive in covering both Al's capabilities and limitations.

Choice_3: It is driven by public interest and focuses more on hype than accuracy.

Choice_4: It has been decreasing due to criticism from experts.

Answer: 3

Verdict: Correct but prone to correctness
J

24 )

Context: Journalists are facing criticism for contributing to the hype surrounding artificial
intelligence (Al) and not accurately reporting on its capabilities and limitations. The surge in
interest in Al has led to increased media coverage, with some experts calling for more
balanced reporting that highlights both the positive and negative aspects in Al.

Question: What action have journalists taken in response to the experts' call for more
balanced reporting?

Choice_1: They have started to highlight both positive and negative aspects.

Choice_2: They have increased their media coverage of Al.

Choice_3: They have begun to report more accurately on Al's capabilities.

Choice_4: The text does not specify any action taken by journalists in response.

Answer: 2

Verdict: Incorrect and unreliable

. J

Figure 14: A part of CVA dataset.
16426



Context: Journalists are being criticized for escalating the buzz around artificial intelligence
(Al) and for not providing accurate depictions of its strengths and weaknesses. The
heightened interest in Al has led to a boost in media coverage, with some authorities urging
for a more balanced approach that addresses both the benefits and disadvantages of Al.
Question: What is the result of the surge in interest in Al in terms of media coverage?
Choice_1: A decrease in Al hype.

Choice_2: Increased media coverage..

Choice_3: More accurate reporting on Al's limitations.

Choice_4: An end to criticism of journalists.

Answer: 2

Verdict: Correct and reliable

J

26 )

Context: Reporters are under fire for their role in amplifying the excitement around artificial
intelligence (Al) and their shortcomings in providing accurate reports on its potential and
limits. The rising interest in Al has led to a boom in media coverage, with some authorities
urging for more unbiased journalism that portrays both the benefits and drawbacks of Al.
Question: Why are experts advocating for a change in Al reporting?

Choice_1: Because current reporting is too focused on the negative aspects of Al.

Choice_2: Because the surge in interest has overwhelmed media outlets.

Choice_3: Because journalists are not reporting on Al at all.

Choice_4: Because current reporting is unbalanced and contributes to hype.

Answer: 4

Verdict: Correct but prone to error
J

27 )

Context: Journalists are being criticized for their role in escalating the excitement
surrounding artificial intelligence (Al) and their lack of precise reporting on its true abilities
and restrictions. As the interest in Al continues to grow, media coverage has surged, and
some experts are advocating for fairer reporting that addresses both the benefits and
downsides of Al.

Question: What can be inferred about the current state of media coverage of Al?
Choice_1: It predominantly highlights the negative aspects of Al.

Choice_2: It is comprehensive in covering both Al's capabilities and limitations.

Choice_3: It is driven by public interest and focuses more on hype than accuracy.
Choice_4: It has been decreasing due to criticism from experts.

Answer: 3

Verdict: Correct but prone to correctness

J

28 )

Context: Critics have targeted journalists for their part in heightening the buzz around
artificial intelligence (Al) and their inaccurate portrayal of Al's abilities and constraints. As
interest in Al increases, media coverage has expanded, with certain experts urging for
reporting that equally represents both the benefits and challenges of Al.

Question: What action have journalists taken in response to the experts' call for more
balanced reporting?

Choice_1: They have started to highlight both positive and negative aspects.

Choice_2: They have increased their media coverage of Al.

Choice_3: They have begun to report more accurately on Al's capabilities.

Choice_4: The text does not specify any action taken by journalists in response.
Answer: 2

Verdict: Incorrect and unreliable
. J

Figure 15: A part of CVA dataset.
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Context: Journalists are facing criticism for contributing to the hype surrounding artificial
intelligence (Al) and not accurately reporting on its capabilities and limitations. The surge in
interest in Al has led to increased media coverage, with some experts calling for more
balanced reporting that highlights both the positive and negative aspects in Al. This
increased focus has, however, also encouraged tech companies to invest in developing Al
further, although this falls outside the direct consequences related to media coverage.
Question: What is a direct consequence of the surge in public interest in Al?

Choice_1: A decrease in Al hype.

Choice_2: Increased media coverage..

Choice_3: More accurate reporting on Al's limitations.

Choice_4: An end to criticism of journalists.

Answer: 2

Verdict: Correct and reliable

J

30 )
Context: Journalists are facing criticism for contributing to the hype surrounding artificial
intelligence (Al) and not accurately reporting on its capabilities and limitations. The surge in
interest in Al has led to increased media coverage, with some experts calling for more
balanced reporting that highlights both the positive and negative aspects in Al.
Interestingly, this increased attention has also led to the commercial sector seeing
accelerated investments in Al-driven solutions, although this development does not directly
pertain to the issues in journalistic reporting.
Question: Why are experts advocating for a change in Al reporting?
Choice_1: Because current reporting is too focused on the negative aspects of Al.
Choice_2: Because the surge in interest has overwhelmed media outlets.
Choice_3: Because journalists are not reporting on Al at all.
Choice_4: Because current reporting is unbalanced and contributes to hype.
Answer: 4
Verdict: Correct but prone to error

J

31 )

Context: Journalists are facing criticism for contributing to the hype surrounding artificial
intelligence (Al) and not accurately reporting on its capabilities and limitations. Although
this scrutiny isn't directly related to technological development, the increased attention has
led to a rise in investments in Al startups, aiming to capitalize on the growing interest. The
surge in interest in Al has led to increased media coverage, with some experts calling for
more balanced reporting that highlights both the positive and negative aspects in Al.
Question: What can be inferred about the current state of media coverage of Al?

Choice_1: It predominantly highlights the negative aspects of Al.

Choice_2: It is comprehensive in covering both Al's capabilities and limitations.

Choice_3: It is driven by public interest and focuses more on hype than accuracy.

Choice_4: It has been decreasing due to criticism from experts.

Answer: 3

Verdict: Correct but prone to correctness

J

32 )
Context: Journalists are facing criticism for contributing to the hype surrounding artificial
intelligence (Al) and not accurately reporting on its capabilities and limitations. The surge in
interest in Al has led to increased media coverage, with some experts calling for more
balanced reporting that highlights both the positive and negative aspects in Al. This
heightened attention has inadvertently led to a rise in investments towards Al-driven
technology startups, although this financial consequence is not directly linked to the
journalists' actions.
Question: What action have journalists taken in response to the experts' call for more
balanced reporting?
Choice_1: They have started to highlight both positive and negative aspects.
Choice_2: They have increased their media coverage of Al.
Choice_3: They have begun to report more accurately on Al's capabilities.
Choice_4: The text does not specify any action taken by journalists in response.
Answer: 2
Verdict: Incorrect and unreliable

Figure 16: A part of CVA dataset.
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Context: Journalists are facing criticism for contributing to the hype surrounding
synthetica cognita (SC) and not accurately reporting on its capabilities and limitations. The
surge in interest in SC has led to increased media coverage, with some experts calling for
more balanced reporting that highlights both the positive and negative aspects in SC.
What is a direct consequence of the surge in public interest in SC?
A decrease in SC hype.
Increased media coverage..
More accurate reporting on SC's limitations.
An end to criticism of journalists.
Answer: 2
Verdict: Correct and reliable

J

34 )

Context: Journalists are facing criticism for contributing to the hype surrounding
synthetica cognita (SC) and not accurately reporting on its capabilities and limitations. The
surge in interest in SC has led to increased media coverage, with some experts calling for
more balanced reporting that highlights both the positive and negative aspects in SC.

Why are experts advocating for a change in SC reporting?

Because current reporting is too focused on the negative aspects of SC.

Because the surge in interest has overwhelmed media outlets.

Because journalists are not reporting on SC at all.

Because current reporting is unbalanced and contributes to hype.
Answer: 4
Verdict: Correct but prone to error

J

35 )
Context: Journalists are facing criticism for contributing to the hype surrounding
synthetica cognita (SC) and not accurately reporting on its capabilities and limitations. The
surge in interest in SC has led to increased media coverage, with some experts calling for
more balanced reporting that highlights both the positive and negative aspects in SC.
What can be inferred about the current state of media coverage of SC?
It predominantly highlights the negative aspects of SC.
It is comprehensive in covering both SC's capabilities and limitations.
It is driven by public interest and focuses more on hype than accuracy.
It has been decreasing due to criticism from experts.
Answer: 3
Verdict: Correct but prone to correctness
J

36 )

Context: Journalists are facing criticism for contributing to the hype surrounding
synthetica cognita (SC) and not accurately reporting on its capabilities and limitations. The
surge in interest in SC has led to increased media coverage, with some experts calling for
more balanced reporting that highlights both the positive and negative aspects in SC.

What action have journalists taken in response to the experts' call for more
balanced reporting?

They have started to highlight both positive and negative aspects.

They have increased their media coverage of SC.

They have begun to report more accurately on SC's capabilities.

The text does not specify any action taken by journalists in response.
Answer: 2

Verdict: Incorrect and unreliable
\_ J

Figure 17: A part of CVA dataset.
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