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Abstract

We introduce CLEAR-3K, a dataset of 3,008
assertion-reasoning questions designed to eval-
uate whether language models can determine if
one statement causally explains another. Each
question presents an assertion-reason pair and
challenge language models to distinguish be-
tween semantic relatedness and genuine causal
explanatory relationships. Through comprehen-
sive evaluation of 21 state-of-the-art language
models (ranging from 0.5B to 72B parameters),
we identify two fundamental findings. First,
language models frequently confuse seman-
tic similarity with causality, relying on lexi-
cal and semantic overlap instead of inferring
actual causal explanatory relationships. Sec-
ond, as parameter size increases, models tend
to shift from being overly skeptical about causal
relationships to being excessively permissive
in accepting them. Despite this shift, perfor-
mance measured by the Matthews Correlation
Coefficient plateaus at just 0.55, even for the
best-performing models. Hence, CLEAR-3K
provides a crucial benchmark for developing
and evaluating causal explanatory reasoning
in language models, which is an essential ca-
pability for applications that require accurate
assessment of causal relationships.

1 Introduction

Assertion-reasoning questions have emerged as a
valuable tool for evaluating higher-order thinking
in educational assessment (Kumar, 2018; Central
Board of Secondary Education, 2020a). These
questions present students with an assertion fol-
lowed by a reason, asking them to determine
whether the reason correctly explains the assertion.
Unlike conventional multiple-choice questions
that focuses on factual memorization, assertion-
reasoning questions requires the skill of distin-
guishing between two statements that are merely
topically related and those that reflects a genuine
explanatory relationship (Bloom et al., 1956; An-
derson et al., 2001). This distinction represents a
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fundamental challenge in logical reasoning that re-
quires deeper critical thinking capabilities beyond
surface-level topic recognition and memorization
(Kahneman, 2011; Evans and Stanovich, 2013).

Despite the importance of evaluating causal re-
lationships, current natural language understand-
ing benchmarks inadequately address this reason-
ing capability. While existing datasets assess vari-
ous reasoning aspects, including natural language
inference (Bowman et al., 2015; Williams et al.,
2018), reading comprehension (Rajpurkar et al.,
2016, 2018), and commonsense reasoning (Talmor
et al., 2019; Sakaguchi et al., 2020), few specifi-
cally target the ability to determine whether a given
reason constitutes a valid explanation for an asser-
tion. This gap is particularly concerning given the
prevalence of causal reasoning in critical domains,
from medical diagnosis and treatment decisions to
legal argumentation and policy analysis (Thorne
et al., 2018; Wadden et al., 2020).

To address this limitation, we introduce CLEAR-
3K, a dataset of 3,008 assertion-reasoning ques-
tions designed to evaluate causal explanatory rea-
soning capabilities of language models. The ques-
tions are curated from real-world educational ma-
terials and covers a diverse range of subjects span-
ning both STEM and humanities disciplines from
grades 9 to 12. This diversity allows for robust
evaluation across different knowledge domains, dif-
ficulty levels, and reasoning styles.

We conduct an extensive empirical evaluation
of 21 language models spanning five leading open-
source model families, with parameter sizes rang-
ing from 0.5B to 72B parameters. This comprehen-
sive evaluation allows us to identify robust patterns
in how causal explanatory reasoning changes with
different model types and parameters.

Our primary finding reveals a fundamental lim-
itation in how language models approach causal
explanatory reasoning. Language models tend to
substitute semantic similarity for causal understand-
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Figure 1: Model performance with increasing sizes. Smaller models exhibit strong negative bias when evaluating
explanatory relationship (Llama3-1B: 87% rejection accuracy, 12% explanatory accuracy), while larger models
develop the opposite tendency (Llama3-70B: 85% explanatory accuracy, 64% rejection accuracy). Although overall
performance improves with scale, MCC stays at 0.55 across model families. This trend reveals a fundamental
limitation: models struggle to distinguish semantic relatedness from genuine causal explanatory relationships.

ing, regardless of whether a true explanatory rela-
tionship exists. This pattern is illustrated in the
confusion matrix with semantic similarity statistics
from Phi-14B:

Pred Y

TrueY 0.590 +0.073 (1048)
True N 0.571 +0.072 (238)

Pred N

0.553 £ 0.080 (129)
0.547 + 0.083 (480)

Table 1: Confusion matrix for Phi-4-14B when both
assertion and reason are true. Y/N indicates whether the
reason actually explains the assertion. Reported values
show semantic similarity (mean + std) and counts.

This results in Table 1 reveals that when the
model correctly identifies causal relationships
(True Y, Pred Y), the average semantic similarity is
significantly higher (0.590) than when it misses the
explanations relationships (True Y, Pred N: 0.553).
Similarly, when the model incorrectly predicts ex-
plainability for non-explainable pairs (True N, Pred
Y), the statements have higher similarity (0.571)
than when it correctly rejects them (True N, Pred
N: 0.547). These consistent differences suggest
that models rely heavily on semantic similarity as
a proxy for causality, which is a classic case of
confusing correlation with causation.

Additionally, we observe a consistent shift in
model performance as parameter size increases:
smaller models exhibit a strong bias toward reject-
ing explanatory relationships, while larger models
develop the opposite trends, as shown in Figure 1.
For instance, when both assertion and reason are
true, LLaMA3-1B correctly identifies only 12% of

valid explanations while correctly rejecting 87% of
non-explanatory relationships, whereas LLaMA3-
70B flips this pattern, achieving 85% explanatory
accuracy and only 64% rejection accuracy. This
pattern suggests that increased model size enhances
their sensitivity to semantic relatedness but does
not enhance their ability to distinguish genuine
causal relationships. To quantify overall perfor-
mance, we use the Matthews Correlation Coeffi-
cient (MCC), which improves with scale across
all families but plateaus around 0.55, even for the
largest models. This convergence suggests an upper
bound on current models’ causal reasoning abili-
ties.

These results reveal a critical insight about the ca-
pabilities of language models: they fundamentally
confuse semantic similarity with causal relation-
ships. This limitation persists even as models scale
up, suggesting that future progress may require
architectural or training innovations specifically
targeting causal inference.

2 Dataset: CLEAR-3K

To enable a systematic study of causal reasoning
abilities in language models, we present CLEAR-
3K (Causal Logical Explanatory Assessment
Resource), a comprehensive human-curated dataset
consisting of 3,008 assertion-reasoning questions
spanning multiple domains and difficulty levels.
Details of the data collection and validation are
provided in Appendix A.
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Given a statement of Assertion (A) followed by a statement of a Reason (R), their relationship

falls into one of the four categories:

a. Both A and R are true and R is the correct explanation of A
b. Both A and R are true and R is not the correct explanation of A

c. A is true but R is false
d. A is false but R is true

Category Mathematics, Grade 9
Assertion: If angles A and B form a linear pair of angles and A = 70°, then B = 110°.
a Reason: Sum of linear pair of angles is always 180°.
Category Biology, Grade 10
Assertion: Cerebellum controls the coordination of body movement and posture.
b Reason: Medulla oblongata controls and regulates the centre for coughing, sneezing
and vomiting.
Category Physics, Grade 11
Assertion: Total energy of the freely falling body is constant at each point.
c Reason: Kinetic energy of freely falling body is minimum, when it reaches the
ground.
Category Chemistry, Grade 12
d Assertion: Copper is a non-transition element.

Reason: Copper has completely filled d-orbitals in its ground state.

Table 2: Four relationships between assertions and reasons (categories a-d) in assertion-reasoning questions. Each
example demonstrates one category, and contains subjects of Mathematics, Biology, Physics, and Chemistry across

grades 9-12.

2.1 Assertion-Reasoning Question Format

Assertion-reasoning questions are a widely used
assessment format in education designed to evalu-
ate students’ higher-order thinking abilities. Each
question presents two statements - an assertion (A)
and a reason (R) — and asks students to classify
their relationship into one of the following four
categories:

a. Both A and R are true, and Reason correctly
explains the Assertion.

b. Both A and R are true, but the Reason does not
explain the Assertion.

c. Ais true, but R is false.

d. Ais false, but R is true.

This format challenges students to not only
evaluate the factual accuracy but also determine
whether an explanatory causal relationship exists
between the assertion and reason statements. Ta-
ble 2 provides representative examples from our
dataset illustrating each answer category.

2.2 Subject and Grade Distribution

Our dataset covers eight distinct subject areas
across Grade 9-12, representing both STEM and

humanities disciplines as shown in Table 3.

Subject Count Grade 9 10 11 12
Math 763 55 263 79 366
Biology 605 31 146 104 324
Chemistry 597 37 150 139 271
Physics 576 44 108 126 298
Geography 145 28 117 0 0
Pol. Science 122 29 93 0 0
Economics 100 23 77 0 0
History 100 29 71 0 0
Total 3,008 276 1,025 448 1,259

Table 3: Distribution of CLEAR-3K across subjects and
grade levels.

The subject distribution reflects the emphasis on
STEM disciplines in standard educational curric-
ula. Mathematics, Biology, Chemistry, and Physics
collectively comprise of approximately 84% of the
questions in our dataset. In terms of grade level,
the dataset is weighted toward Grade 10 and 12,
which aligns with the widespread use of assertion-
reasoning questions in standardized assessments at
these grade levels.
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2.3 Answer Category Distribution

Table 4 shows the distribution of correct answers
for the assertion-reasoning questions across the
four categories (a, b, c, d) described above.

Count %0

(a) Both true, R explains A 1,177  39.1
(b) Both true, R doesn’t explain A 718 239
(c) A true, R false 616 20.5
(d) A false, R true 497 16.5

Category

Table 4: Distribution of CLEAR-3K by answer cate-
gories.

The dataset has a moderate bias toward category
(a), which is typical in educational contexts where
assertion-reasoning questions are often designed
to assess correct understanding of causal relation-
ships. Nevertheless, categories (b), (c), and (d)
have sufficient representation to ensure balanced
evaluation across different reasoning patterns, with
(b) being slightly more common than (c) and (d).

2.4 Performance on Assertion-Reasoning
Question

Qwen3-32B (Acc: 73.2%)
‘ Preda Predb Predc Predd

True a 961 112 64 40
True b 195 436 53 34
True ¢ 69 46 481 20
True d 115 26 32 324

Table 5: Confusion matrix for Qwen3-32B model on
the assertion-reasoning format.

We provide the confusion matrix for Qwen3-32B
on the traditional assertion-reasoning format in Ta-
ble 5. The model achieves 73.2% overall accuracy.
The confusion matrix reveals that the most frequent
error is misclassifying option (b) as option (a) (195
cases, 27.1% of all true (b) cases). Since both
options involve factually true statements, this con-
fusion indicates difficulty in determining whether
the reason correctly explains the assertion. While
the model demonstrates relatively balanced perfor-
mance across categories (61% - 82%), it shows
particular strength in identifying cases where the
reason correctly explains the assertion (option a:
81.6%) and where the assertion is true but the rea-
son is false (option c: 78.1%). A comprehensive
analysis across model sizes and correlation to our

reformulated causal explanatory reasoning task is
provided in Appendix E.

3 Problem Formulation

In order to isolate causal explanatory reasoning
from factual verification, we introduce the Causal
Explanation Task, a reformulated version that en-
ables more precise evaluation of a model’s capacity
to identify genuine explanatory relationships and
goes beyond simply recognizing topic relevance or
semantic relatedness of two statements.

3.1 Reformulating Assertion-Reasoning into
Causal Explanation Task

Our primary interest is examining whether lan-
guage models can correctly identify when one state-
ment (reason) explains another (assertion), which
is a fundamental aspect of causal reasoning. Tradi-
tional assertion-reasoning questions combine this
explanation task with factual verification, which
can obscure a model’s causal reasoning and factual
verification abilities.

To more precisely evaluate the causal reason-
ing abilities, we introduce the Causal Explanation
Task. This task aims to isolate causal explanatory
reasoning as a standalone binary decision prob-
lem. This reformulation allows us to assess whether
models can go beyond surface-level semantic re-
latedness and truly identify causal explanatory re-
lationships - a fundamental challenge in logical
reasoning for both human and language models. In
this binary task format, each question presents a
pair of statements, an assertion (A) and a reason
(R), and prompts the model to decide whether the
reason provides a valid causal explanation for the
assertion:

Causal Explanation Task:

Assertion (A): {assertion }

Reason (R): {reason}

Task:

Determine whether the Reason (R) causally
explains the Assertion (A).

Provide your answer in the following JSON
format:

{"Verdict": "yes" or "no"}

In Causal Explanation task, a "yes" verdict only
corresponds to the original option (a), where R
truly explains A. For all other cases (b, c, d), the
correct verdict is "no" — either because R does not
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explain A despite both being true (b), or because a
factually incorrect statement cannot explain or be
explained by another statement (c, d). We evaluate
model performance in two distinct settings:

1. When both A and R are true (original an-
swers a and b): This context directly tests
the model’s ability to distinguish between se-
mantic correlation and causation. Even when
both statements are factually correct and se-
mantically related, the model must determine
whether R actually explains A.

2. When either A or R is false (original an-
swers ¢ and d): This context reveals whether
factual errors affect causal reasoning. Logi-
cally, a false statement cannot validly explain
or be explained by another statement, so mod-
els should consistently reject explanatory rela-
tionships in this setting.

This task reformulation is crucial because it ex-
plores whether models substitute semantic similar-
ity for real causal understanding. By comparing
performance across these settings, we can deter-
mine whether models simply associate semanti-
cally related statements or truly comprehend when
one statement causally explains another.

3.2 Evaluation Metrics

We evaluate model performance on Causal Expla-
nation task using three complementary metrics. For
each assertion-reason pair, language models must
determine whether the reason explains assertion by
responding with either "yes" (indicating R provides
a valid causal explanation for A) or "no" (indicat-
ing R does not causally explain A). Based on these
binary verdicts, we measure:

1. Explanatory Accuracy: The proportion of
cases in which the models correctly respond "yes"
when R truly explains A (corresponding to origi-
nal answer (a)). This metric measures the model’s
ability to correctly identify causal explanatory rela-
tionships.

2. Rejection Accuracy: The proportion of cases
in which the model correctly responds "no" when
R does not explain A (corresponding to original
answer (b, c, d)). This metric captures the model’s
ability to identify and reject non-explanatory rela-
tionships.

We report both Explanatory and Rejection Accu-
racy on cases where both A and R are true (Setting

1). For cases where either A or R is false (Set-
ting 2), the correct verdict is always "no," so only
Rejection Accuracy is applicable.

3. Matthews Correlation Coefficient (MCC):
A balanced measure of binary classification perfor-
mance, defined as

TP-TN - FP-FN
VP-N-P - N

where T'P = correctly identified explanatory re-
lationships ("yes" for answer (a)), T'N = correctly
identified non-explanatory relationships ("no" for
answer (b, c, d)), F'P = incorrectly accepted ex-
planations, F'IN = incorrectly rejected explana-
tions, and P = TP+ FN, N = TN + FP,
P =TP+FP,N' =TN + FN.

MCQC is particularly well-suited for our task due
to the class imbalance: non-explanatory cases (b, c,
d) are more frequent than explanatory ones (a). Un-
like F1 score, which focuses primarily on positive
cases, MCC fully accounts for true negatives cases
where the model correctly rejects non-explanatory
relationships. This sensitivity to true negatives is
essential for evaluating causal explanatory reason-
ing because correctly rejecting invalid explanations
is as important as identifying valid ones. By using
MCC, we obtain a more comprehensive assessment
of how well models distinguish genuine causal re-
lationships from only semantic correlations.

MCC =

4 Experiments and Results

We report results on the Causal Explanation task in
Table 6 with performance and analysis by subject
and grade level shown in Appendix F.

4.1 Experimental Setup

We conducted experiments on Causal Explanation
task with five leading open-source LLMs model
families: LLaMA3 (1B-70B) (Grattafiori et al.,
2024), Qwen2.5 (0.5B-72B) (Team, 2024), Qwen3
(1.7B-32B) (Yang et al., 2025), Gemma3 (1B-
27B) (Team et al., 2024), and Phi-4 Reasoning
(4B-14B) (Abdin et al., 2024). We computed co-
sine similarity using Ling-Embed-Mistral (Choi
et al., 2024), the top-performing model on the Mas-
sive Text Embedding Benchmark (Muennighoff
et al., 2022) to our knowledge.

4.2 Explanatory and Rejection Accuracy
Analysis Across Models

To systematically evaluate causal reasoning capa-
bilities, we analyzed model performance in two
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When both A, R are true

When either A or R is false

Model Overall MCC
Accuracy MCC Explanatory Rejection Rejection
Qwen-3 Models
Qwen3-32B 0.66 0.79 0.55 0.85 0.69 0.90
Qwen3-14B 0.66 0.78 0.55 0.80 0.76 0.94
Qwen3-8B 0.63 0.77 0.54 0.78 0.76 0.91
Qwen3-4B 0.62 0.77 0.52 0.81 0.71 0.88
Qwen3-1.7B 0.54 0.74 0.44 0.79 0.65 0.83
LLaMA-3 Models
LLaMA3.3-70B 0.61 0.77 0.50 0.85 0.64 0.85
LLaMA3.1-8B 0.43 0.69 0.38 0.70 0.68 0.77
LLaMA3.2-3B 0.30 0.59 0.21 0.53 0.68 0.80
LLaMA3.2-1B 0.04 0.40 -0.01 0.12 0.87 0.93
Qwen-2.5 Models
Qwen2.5-72B 0.64 0.79 0.55 0.87 0.66 0.87
Qwen2.5-32B 0.62 0.79 0.55 0.84 0.71 0.85
Qwen2.5-14B 0.60 0.78 0.53 0.80 0.74 0.86
Qwen2.5-7B 0.50 0.72 0.43 0.73 0.71 0.82
Qwen2.5-3B 0.42 0.67 0.35 0.64 0.72 0.81
Qwen2.5-1.5B 0.23 0.55 0.23 0.39 0.83 0.82
Qwen2.5-0.5B 0.02 0.45 0.01 0.27 0.73 0.74
Phi-4 Models
Phi-4-14B 0.65 0.78 0.55 0.78 0.78 0.92
Phi-4-4B 0.55 0.73 0.43 0.78 0.65 0.86
Gemma-3 Models
Gemma3-27B 0.49 0.72 0.37 0.93 0.36 0.67
Gemma3-12B 0.52 0.74 0.43 0.87 0.52 0.74
Gemma3-4B 0.35 0.70 0.32 0.90 0.36 0.47

Table 6: Performance of 21 models from five model families (Qwen-3, LLaMA-3, Qwen-2.5, Phi-4, and Gemma-3)
on the CLEAR-3K dataset for the Causal Explanation Task. Results are reported using Explanatory Accuracy,
Rejection Accuracy, and MCC across three settings: overall performance, cases where both the A and R are true
(assessing the ability to distinguish causal explanation from semantic relatedness), and cases where either A or R is
false (assessing whether factual errors affect causal explanatory relationship). Best performance for each metric is

highlighted in bold.

settings: (1) when both A and R are factually true,
and (2) when either A or R contains factual errors.
Table 6 presents our comprehensive results across
21 models spanning five model families, covering
arange of parameters sizes.

4.2.1 When both A and R are True

As shown in Table 6, we observe a clear and con-
sistent pattern of model performance when both
assertion and reason are factually correct. As pa-
rameter size increases, explanatory accuracy (cor-
rectly identifying when R explains A) improves
substantially, while rejection accuracy (correctly
identifying when R does not explain A despite both
being true) tends to decrease.

This trends show that smaller models frequently
fail to recognize valid explanatory relationships.

For instance, Llama-1B model achieves only 12%
explanatory accuracy while maintaining 87% re-
jection accuracy. The Qwen2-0.5B model shows a
similar pattern with 27% explanatory accuracy and
73% rejection accuracy. Smaller models appear to
lean heavily toward answering “no” when asked if
a reason explains an assertion, regardless of actual
causal explanatory relationship.

On the other hand, this tendency reverses as
models scale. For instance, LLaMA-70B reaches
85% explanatory accuracy but its rejection accu-
racy falls to 64%. Similarly, Qwen2-72B achieves
87% explanatory accuracy with 66% rejection accu-
racy. This consistent pattern suggests that increased
model size fundamentally alters how models ap-
proach causal reasoning tasks.

To quantify this trade-off, we report MCC for a
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When both A and R are true

When either A or R is false

Model
Pred Y Pred N Pred Y Pred N

Phi-14B TrueY 0.590+0.073 (1048) 0.553 +£0.080 (129) | True Y - -
True N 0.571 £0.072 (238) 0.547 £0.083 (480) | True N 0.567 £0.079 (157) 0.563 = 0.084 (956)

Phi-4B TrueY 0.599 +0.069 (851) 0.552 +0.077 (326) | True Y - -
True N 0.583 £0.062 (214) 0.543 £0.084 (504) | True N 0.593 £0.066 (200) 0.557 £0.086 (913)

Qwen3-14B TrueY 0.593 £0.072(938) 0.557 £0.078 (237) | True Y - -
True N  0.580 +0.070 (169) 0.547 £0.082 (546) | True N 0.566 +0.083 (108) 0.563 + 0.084 (1004)

Qwen3-8B TrueY 0.592 +0.073 (919) 0.564 £0.077 (248) | True Y - -
True N 0.581 £0.070 (167) 0.547 £0.082 (547) | True N 0.584 +£0.073 (121) 0.560 = 0.085 (982)

Table 7: Confusion matrices with semantic similarity between A and R (mean * std with sample counts). Y/N
indicates whether the reason correctly explains the assertion. In the setting “When either A or R is false", True Y
cells are empty because false statements cannot logically provide valid explanations.

balanced measure of model performance. While
MCC generally increases as model size scales up,
it plateaus around 0.50 — 0.58, even for the largest
models. The highest MCC scores are observed in
Phi-4-14B, Qwen3-32B, 14B, Qwen2.5-72B, 32B
(0.55), which indicates modest gains in overall dis-
crimination ability despite difference in explana-
tory accuracy.

4.2.2 When either A or R is False

In contrast, Table 6 shows that when either A or
R contains factual errors, accuracy generally im-
proves with model scale, with larger models per-
forming remarkably well. Qwen3-14B achieves
94% accuracy, Qwen3-32B reaches 90%, Qwen3-
4B attains 88%, and Phi-4-14B achieves 86%.
Even moderate-sized models like Qwen3-1.7B
(83%) and Llama3-1B (93%) perform reasonably
well on this task.

These results indicates that larger language mod-
els have successfully learned that explanatory rela-
tionships must be grounded in factual correctness.
When models recognize factual errors, they reliably
reject the explanatory relationship, demonstrating
a satisfactory factual verification capabilities and
logical consistency. However, we observe a dis-
parity in performance between the two settings:
while models reliably reject explanations involv-
ing factual errors, their ability to discriminate be-
tween valid and invalid explanations when both
statements are true is more limited. This difference
suggests that although hallucinations or factual in-
accuracies do not hinder performance in the Causal
Explanation task, there is still room for improve-
ment for models in identifying genuine explanatory
relationships when both the assertion and the rea-
son are factually correct.

4.3 Models Confuse Semantic Relatedness

with Causal Relationships

To understand the mechanisms affecting model per-
formance, we analyzed the semantic similarity be-
tween assertion and reason statements across dif-
ferent prediction categories. Our analysis focus
primarily on the best-performing models, Phi-4-
14B and Qwen3-14B, while also examining smaller
models to assess consistency across model sizes.
The results are shown in Table 7.

4.3.1 When both A and R are True

Table 7 reveals a clear pattern in how semantic sim-
ilarity correlates with model predictions. For an
unbiased model, we would expect similar semantic
scores across all prediction categories. However,
the performance shows a systematic bias. For in-
stance, for Phi-4-14B model, semantic similarity is
highest when the model correctly identifies causal
relationships (0.590) and lowest when it correctly
rejects non-causal ones (0.547). False positives
(0.571) have notably higher similarity than true
negatives, suggesting that semantic overlap often
misleads the model into inferring causality. Con-
versely, false negatives (0.553) tend to occur when
similarity is lower, causing the model to miss gen-
uine causal explanatory relationship.

This pattern suggests that models are more likely
to recognize causal explanatory relationships when
the assertion and reason exhibit high semantic over-
lap, and conversely, they tend to miss valid explana-
tory relationship when similarity is lower. More
interestingly, the higher similarity in false positives
(Pred Y when True N) than in true negatives (Pred
N when True N) indicates that models often con-
fuses semantic relatedness with causal explanation.

These differences are statistically significant and
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consistent across model families and sizes. Both
Phi-4-14B and Qwen3-14B show nearly identical
patterns, with similarity differentials of approxi-
mately 0.037 between correct and incorrect posi-
tive predictions, and 0.024-0.033 between incor-
rect and correct negative predictions. We include a
more thorough statistical analysis in Appendix G.

4.3.2 When either A or R is False

Interestingly, when either assertion or reason con-
tains factual errors, the pattern between semantic
similarity and prediction changes. For Qwen3-14B,
the semantic similarity for incorrect positive pre-
dictions (0.566) is only marginally higher than for
correct negative predictions (0.563). This smaller
differential (0.003) contrasts sharply with the larger
gap (0.033) observed when both statements are
true. This change implies that, in the presence of
factual errors, models rely less on semantic simi-
larity alone. The reduced gap indicates that mod-
els may be incorporating factual verification and
partially overriding the tendency to infer causality
from surface-level similarity.

4.3.3 Implications

These results demonstrate that language models
rely heavily on semantic similarity as a proxy for
predicting causal relationships. When two state-
ments share more vocabulary or concepts, models
are more likely to infer that one explains the other,
regardless of whether a genuine causal relationship
exists.

This reliance on semantic similarity explains the
pattern observed in Table 6. As models increase
sizes, they become more sensitive to semantic re-
lationships between statements, which improves
their ability to identify valid explanations but si-
multaneously becomes more prone to incorrectly
inferring causality only based on semantic overlap.

These findings reveals an important limitation
in current language models: they substitute corre-
lation (semantic similarity) for causation (causal
relationship). Despite improvements in many rea-
soning tasks with increased model size, this funda-
mental confusion between semantic relatedness and
causal relationships persists across model families
and parameter scales, suggesting a deeper architec-
tural limitation in how language models process
causal information.

5 Related Works

Evaluating causal reasoning in large language mod-
els has become an active research focus. CLad-
der (Jin et al., 2023a) assess formal causal inference
through synthetic causal graphs covering associa-
tional, interventional, and counterfactual queries.
Corr2Cause (Jin et al., 2023b) evaluates models’
ability to infer causation from correlation using cor-
relational statements, and CASA (Liu et al., 2024)
assesses argument sufficiency via the probability-
of-sufficiency framework, emphasizing logical fal-
lacy detection.

Our work complements these existing bench-
marks (Sonkar et al., 2024) by addressing a distinct
but important aspect of causal reasoning: deter-
mining whether one natural language statement
causally explains another in educational contexts.
Unlike existing benchmarks that often use synthetic
or abstract scenarios, CLEAR-3K draws from real-
world educational materials spanning diverse sub-
jects and grade levels. This distinction is critical
because real-world applications frequently require
assessing explanatory relationships between nat-
urally occurring statements rather than applying
formal causal inference rules.

Our findings situates alongside recent studies
that question whether language models genuinely
reason about causality or merely rely on pattern
memorization (Zecevi¢ et al., 2023; Wu et al.,
2024). We empirically demonstrate that models
tend to substitute semantic similarity for causal
explainability, recognizing assertion-reason pairs
with higher lexical overlap as causal explanatory
while overlooking valid causal explanations when
semantic similarity is lower.

6 Conclusions

We presented CLEAR-3K, a dataset of assertion-
reasoning questions designed to evaluate causal ex-
planatory reasoning capabilities in language mod-
els. Through extensive evaluation of 21 models
across five model families, we identify a funda-
mental limitation: language models tend to con-
fuse semantic similarity with causal explanation.
Models consistently rely on semantic overlap to in-
fer explanatory connections, regardless of whether
genuine causal relationships exist. This tendency
persists across scales, where smaller models are
overly skeptical about causal relationships while
larger models become excessively permissive.
Despite improvements in other reasoning tasks
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with increasing parameter sizes, causal reasoning
performance remains limited, with MCC staying
below 0.55. Our results indicate that the ability
to distinguish correlation from causation does not
emerge naturally through current scaling approach.
Hence, CLEAR-3K provides a valuable benchmark
for measuring progress toward genuine causal ex-
planatory reasoning capabilities, which is an es-
sential frontier for developing more capable and
reliable language models.

Limitations

Our study focuses exclusively on open-source lan-
guage models due to budget constraints that pre-
vented us from accessing commercial API-based
models such as GPT-4 or Claude at large scale
(evaluating thousands of examples across multiple
formats). Hence, we want to stress that the mod-
erate results we achieved applies specifically to
current LLM families we evaluated, not as a funda-
mental limit for all future models. Additionally, our
evaluation specifically targets assertion-reasoning
questions as a proxy for causal reasoning capabili-
ties; other paradigms for assessing causality might
reveal complementary insights. Future work could
expand this analysis to include more diverse evalu-
ation formats and extend to closed-source models
through their APIs, potentially revealing whether
the patterns we observe persist in these systems as
well.
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A Dataset Collection and Composition

The questions in CLEAR-3K were collected
from standardized educational resources, including
CBSE textbooks and examinations (Central Board
of Secondary Education, 2020b) and NCERT cur-
riculum materials (National Council of Educational
Research and Training, 2020), with careful atten-
tion to maintaining diversity across academic sub-
jects and complexity levels. Each question in our
dataset adheres to the standard assertion-reasoning
format described above, comprising an assertion
(A), areason (R), and a classification into one of
the predefined four categories (a, b, c, or d).

A.1 Dataset Quality Validation

To rigorously validate our dataset quality, we ran-
domly sampled 300 questions and showed them
two qualified expert annotators, each with over
three years of experience teaching STEM subjects.
Annotators were provided with detailed guidelines
and examples for each answer category, then asked
to evaluate: "whether the assertion and reason are
factually correct, and whether the reason provides
a genuine causal explanation for the assertion."

The annotations achieved 96% agreement with
our original labels (Cohen’s x = 0.94), confirming
that CLEAR-3K represents authentic causal reason-
ing assessment consistent with educational stan-
dards. The few disagreements primarily involved
borderline cases where the boundary between "re-
lated but non-explanatory" and "genuinely explana-
tory" relationships was subtle; these cases were
reviewed and adjudicated through discussions.

B Model Parameters

We followed each model family’s recommended
prompting format and parameter settings (e.g., tem-
perature, top-p) as described in their respective doc-
umentation. For Llama 3, we used the official chat
template format with special tokens to structure
conversations, with default parameters of temper-
ature = 0.6 and top_p = 0.9. For Qwen familiy
models (Qwen2.5 and Qwen3), we applied temper-
ature = 0.7, top_p = 0.8, top_k = 20. For Gemma
3, we adopted the recommended inference settings
of temperature = 1.0, top_k = 64, top_p = 0.95,
and min_p = 0, with repetition_penalty = 1. For
Phi-4 Reasoning models, we used temperature =
0.8, top_k = 50, top_p = 0.95.

C Supplementary Evaluation on GPT
models

To assess generalizability beyond open-source ar-
chitectures, we evaluated GPT-5-nano and GPT-
5-mini using a stratified random sample of 400
questions (limited due to commercial API budget
constraints). The results in Table 8 reinforce the
patterns observed in open-source models: we iden-
tify a ceiling where reasoning capability plateaus at
an MCC of 0.55 for GPT-5-mini, matching the best
open-source models. Furthermore, the "permis-
sive bias" persists in scaling. GPT-5-mini achieves
higher explanatory accuracy (88%) but suffers a
significant drop in rejection accuracy (66%) com-
pared to the nano version (80%), confirming that
larger closed-source models also prioritize seman-
tic pattern matching over causal verification.

D Analysis of Assertion vs. Reason
Falsehoods

To further assess whether the structural position
of a factual error influences model performance,
we analyzed Rejection Accuracy distinguishing be-
tween scenarios where the A is false versus where
the R is false, as shown in Table 9.

The results demonstrate a notable symmetry in
performance, indicating that accuracy remains sta-
ble regardless of which statement contains the er-
ror. For instance, Qwen3-32B shows a negligible
difference (< 0.1%) between scenarios (90.26%
vs. 90.34%)and Qwen2.5-72B exhibits a similar
pattern (86.69% vs. 86.52%). Despite minor varia-
tions in specific models (e.g., Gemma3), the gen-
eral trend confirms that the Causal Explanation task
is robust to the location of the hallucination.

E Performance on Traditional
Assertion-Reasoning Format

Assertion—reasoning questions are typically pre-
sented in a 4-option multiple-choice format, where
students are asked to evaluate the factual accuracy
of two statements and the explanatory relationship
between them, as shown below.

a. Both assertion (A) and reason (R) are true, and
the reason correctly explains the assertion.

b. Both assertion (A) and reason (R) are true, but
the reason does not explain the assertion.

c. The assertion (A) is true, but the reason (R) is
false.
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Model Overall MCC When both A, R are true When either A or R is false
Accuracy MCC Explanatory Rejection Rejection

GPT-5-mini 0.68 0.77 0.55 0.88 0.66 0.96

GPT-5-nano 0.62 0.77 0.54 0.74 0.80 0.94

Table 8: Supplementary evaluation of GPT models using a stratified random sample of 400 questions (100 per

category) to assess generalizability.

Model Overall R False A False
(A or R False) (%) (%)
Qwen3-32B 0.90 90.26 90.34
Qwen3-14B 0.94 94.97 92.35
LLaMA3.3-70B 0.85 84.42 85.92
LLaMA3.1-8B 0.77 78.25 77.06
Qwen2.5-72B 0.87 86.69 86.52
Qwen2.5-32B 0.85 85.39 83.70
Phi-4-14B 0.92 93.34 90.34
Phi-4-4B 0.86 86.85 85.51
Gemma3-27B 0.67 68.67 64.19
Gemma3-12B 0.74 78.41 68.41

Table 9: Breakdown of Rejection Accuracy distinguish-
ing between Assertion and Reason falsehoods. Results
are presented for the two largest models from each
model family.

d. The assertion (A) is false, but the reason (R)
is true.

In our main analysis, we reformulated these ques-
tions into Causal Explanation Task that directly
asks whether a reason explains an assertion. This
allowed us to isolate causal explanatory reason-
ing from factual verification and examine whether
models can distinguish genuine explanatory rela-
tionships from semantic similarity.

For completeness and connecting our findings
with established educational assessment practices,
we also evaluated model performance on the tradi-
tional 4-option assertion-reasoning question format.
Table 10 presents confusion matrices for Qwen3
models of various sizes.

E.1 Analysis of Mistake Patterns

The confusion matrices in Table 10 reveal two im-
portant patterns:

1. Persistent a/b confusion: Across all model
sizes, we observe substantial missclassifica-
tion between options (a) and (b). The most
common error is incorrectly classifying option
(b) as option (a) (176-214 instances across

models). Since both options involve factu-
ally true statements, this confusion directly
reflects difficulty in determining whether one
statement explains another.

2. Scaling improves accuracy but not explana-
tory discrimination: While overall accuracy
increases with model scale (from 70.2% for
Qwen3-4B to 73.2% for Qwen3-32B), the fun-
damental confusion between options (a) and
(b) persists. Even the largest model, Qwen3-
32B, misclassifies option (b) as option (a) in
195 cases (27.1% of all true (b) cases).

E.2 Connection to Main Findings

The results from the traditional assertion-reasoning
questions reinforce several core findings from our
main analysis. First, the persistent confusion be-
tween options (a) and (b) confirms our finding that
models struggle to distinguish when a reason truly
explains an assertion versus when two statements
are simply related. This parallels our main finding
that models rely on semantic similarity rather than
deeper causal understanding.

Second, we can observe how models handle
cases where one statement is false. For option (c)
(assertion true, reason false), Qwen3-14B achieves
82.5% accuracy, and for option (d) (assertion false,
reason true), it achieves 69.0% accuracy. This sug-
gests that models generally reject explanatory re-
lationships when they detect factual errors, but do
so more reliably when the error is in the reason
statement.

Third, the traditional format combines factual
verification and causal reasoning assessment in
ways that make it difficult to isolate specific rea-
soning failures. By evaluating both formats, we
gain complementary insights: the traditional for-
mat reflects how models perform on standard edu-
cational assessments, while our Causal Explanation
Task provides a targeted investigation into language
models’ causal reasoning capabilities.

The consistent patterns observed across both
evaluation formats strengthen our conclusion that
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Qwen3-4B (Acc: 70.2%)

Qwen3-8B (Acc: 71.0%)

‘ Preda Predb Predc Predd

‘ Preda Predb Predc Predd

True a 963 95 68 51 True a 934 125 69 49
Trueb | 214 392 74 38 Trueb | 176 422 72 48
True ¢ 69 70 452 25 True ¢ 67 62 467 20
Trued | 109 36 47 305 Trued | 113 30 40 314
Qwen3-14B (Acc: 72.8%) Qwen3-32B (Acc: 73.2%)
| Preda Predb Predc Predd | Preda Predb Predc Predd
Truea | 923 114 94 46 Truea | 961 112 64 40
Trueb | 188 415 77 38 Trueb | 195 436 53 34
True ¢ 45 42 508 21 True ¢ 69 46 481 20
True d 84 19 51 343 Trued | 115 26 32 324

Table 10: Confusion matrices for Qwen3 models on the traditional 4-option assertion-reasoning format.

current language models fundamentally confuse
semantic similarity with causal relationships. This
limitation persists across model sizes, architectures,
and evaluation settings, pointing to a critical fron-
tier for future model development.

F Performance Analysis by Subjects,
Models types and Grade-Level

To investigate how causal reasoning abilities vary
across knowledge domains, we conducted a de-
tailed analysis of model performance by subject
area and grade level. We selected the largest model
from each family (Qwen2.5, Qwen3, Gemma3, and
LLaMA3) and examined their performance using
MCC specifically for cases where both assertion
and reason are true. Our analysis reveals several
significant patterns in how language models ap-
proach causal reasoning across different knowledge
domains.

F.1 Subject-Specific Analysis

As shown in Table 11, biology presents the greatest
challenge for causal reasoning across all models
(MCC = 0.32), followed by physics (0.37) and ge-
ography (0.41). In contrast, models perform sub-
stantially better on mathematics (0.53) and eco-
nomics (0.58). This pattern is remarkably con-
sistent, with biology ranking as the most difficult
subject for three out of four model families.

The difficulty hierarchy suggests a fundamental
pattern: subjects involving complex, multi-factor
causality (such as biological systems) present
greater challenges for causal reasoning than sub-
jects with more explicit rule-based, deterministic

Subject Performance (Ordered by Difficulty)

Subject MCC Std Dev  Hardest For

Biology 0.32 0.10 Gemma3 (0.21)

Physics 0.37 0.11 Gemma3 (0.28)

Geography 0.41 0.11 Llama (0.30)

Chemistry 0.42 0.12 Gemma3 (0.28)

Political Science  0.46 0.10 Gemma3 (0.36)

History 0.47 0.16 Gemma3 (0.23)

Mathematics 0.53 0.08 Llama (0.45)

Economics 0.58 0.06 Qwen2 (0.51)
Grade Level Performance (Ordered by Difficulty)

Grade MCC Std Dev

11 0.36 0.10

12 0.36 0.09

9 0.49 0.08

10 0.49 0.11

Overall 0.43 0.11

Table 11: Causal reasoning performance by subjects
and grade levels, measured by MCC when both A and R
are true (mean and std across largest models from each
model family).

relationships (such as mathematics and economics).
This pattern mirrors findings in human cognition re-
search, where distinguishing correlation from cau-
sation is particularly challenging in domains with
numerous interacting variables (Khemlani and Op-
penheimer, 2011).

F.1.1 Model-Specific Variations

Table 12 reveals interesting variations in how dif-
ferent model families approach causal reasoning
across domains. Gemma3 shows particular dif-
ficulty with biology (MCC = 0.21) and history
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Model Bio Phys Chem Math Hist Geo PolSci Econ
Gemma3 0.21 028 028 048 023 049 036 0.56
Llama 034 031 039 045 056 030 039 0.62
Qwen2 030 036 042 0.61 051 034 054 051
Qwen3 044 053 058 058 057 052 054  0.65

Table 12: Model-specific MCC performance by subject (larger values indicate better causal reasoning).

(0.23), while performing relatively well on eco-
nomics (0.56). Llama struggles most with geogra-
phy (0.30), while excelling at economics (0.62) and
history (0.56). The Qwen family generally shows
more balanced performance across subjects, with
Qwen3 achieving the highest scores in seven out
of eight subjects. This difference suggests that po-
tential architectural or training dataset differences
may significantly impact domain-specific causal
reasoning capabilities.

F.2 Grade-Level Analysis

As expected, higher grade levels (11 and 12)
present significantly greater challenges for mod-
els than lower grades (9 and 10). Both grade 11
and 12 questions yield an average MCC of 0.36,
while grade 9 and 10 questions yield an MCC of
0.49. This pattern holds consistently across model
families and suggests that more advanced educa-
tional content involves more subtle causal relation-
ships that current language models struggle to dif-
ferentiate from simple semantic relatedness. The
increased difficulty at higher grades likely reflects
both greater content difficulty and harder causal
relationship that require deeper domain understand-
ing.

F.3 Implications

These findings have important implications for ap-
plications of language models in both educational
contexts (Sonkar et al., 2023) and causal explana-
tory reasoning:

1. Causal reasoning is domain-sensitive. The
substantial variations in performance across
subjects suggest that evaluations of causal rea-
soning should consider domain-specific chal-
lenges rather than treating reasoning as a uni-
form capability.

2. Model Architectures matter. Model fam-
ily differences suggest that some design and

training strategies may better support causal
reasoning, particularly in complex domains.

3. Current models are not very reliable for
advanced educational tasks. The difficulty
gradient across grade levels indicates that cur-
rent models may be more reliable for causal
reasoning in introductory educational contexts
than in advanced subject matter.

This analysis complements our main findings
by demonstrating that while semantic similarity
affects causal judgments across all domains, the
magnitude of this effect still varies by subject area
and grade level.

G Statistical Analysis of Semantic
Similarity Effects

To rigorously evaluate our hypothesis that mod-
els use semantic similarity as a proxy for causal
relationships, we conducted a series of statistical
tests. Specifically, we examine whether semantic
similarity between assertion and reason statements
significantly predicts model errors, and whether
this effect varies based on the true explanatory sta-
tus.

G.1 Methodology

We analyze the model performance of Phi-4-14B
on cases where both assertion and reason are fac-
tually true. The semantic similarity values used
in this analysis correspond to those reported in Ta-
ble 7.

Data Preparation We constructed a synthetic
dataset that follows the distributions observed in
our experiments with Phi-4-14B. Each data point
includes the following attributes:

* true_class: Whether the reason actually ex-
plains the assertion (Y) or not (N)

 pred_class: Whether the model predicted an
explanatory relationship (Y) or not (N)
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* similarity: The semantic similarity between
assertion and reason statements

e error: Whether the model’s prediction was
incorrect (1) or correct (0)

The constructed dataset includes:

* 1048 correct identifications of explanatory re-
lationships (True Y, Pred Y), with mean simi-
larity 0.590

* 129 missed explanatory relationships (True Y,
Pred N), with mean similarity 0.553

* 480 correct rejections of non-explanatory re-
lationships (True N, Pred N), with mean simi-
larity 0.547

» 238 incorrect inferences of explanatory rela-
tionships (True N, Pred Y), with mean simi-
larity 0.571

Statistical Tests We conducted three complemen-
tary analyses to assess the influence of semantic
similarity:

1. Logistic regression analysis: This statisti-
cal model predicts the probability of an error
based on semantic similarity, true class, and
their interaction.We use the formula

error ~ similarity X true_class

to test for:

* Whether semantic similarity affects error
rates

* Whether this effect differs depending on
the true relationship status

* How much variance in errors can be ex-
plained by similarity

2. With-in Class t-tests: For each true class
(Y and N), we performed independent t-
test to compare the semantic similarity score
between correctly and incorrectly predicted
cases. These t-tests determine whether the
differences in similarity are statistically sig-
nificant or could have occurred by chance.

3. Prediction-based t-test: We compared sim-
ilarity scores between all cases where the
model predicted "Yes" versus all cases where
it predicted "No", regardless of ground truth.
This tests whether model predictions system-
atically correlate with similarity levels.

G.2 Results

The logistic regression results showed:

* A significant positive coefficient for similarity
(coefficient = 4.41, p < 0.001), indicating
that higher similarity generally increases er-
rors for the reference category (True N)

* A significant negative interaction term (coef-
ficient = —12.60, p < 0.001), indicating that
the effect of similarity reverses for explana-
tory relationships (True Y)

+ A pseudo R? of 0.097, meaning that similarity
explains approximately 10% of the variance
in model errors

The t-test results confirmed:

* For explanatory relationships (True Y), cor-
rectly identified cases have significantly
higher similarity (0.590) than missed ones
(0.553), t = 6.05, p < 0.00000001

* For non-explanatory relationships (True N),
incorrectly predicted cases have significantly
higher similarity (0.571) than correctly re-
jected ones (0.547), t = —4.71, p =
0.00000315

* Overall, statements predicted as explanatory
relationships have significantly higher similar-
ity than those predicted as non-explanatory,
regardless of ground truth. ¢t = 11.04, p <
0.00000001.

G.3 Implications

These statistical results provide strong statistical
evidence for our main claim that models substitute
semantic similarity for causal understanding. The
highly significant effects confirm that semantic sim-
ilarity systematically biases model predictions in
both directions:

1. When true explanatory relationships exhibit
lower-than-average similarity, the model tends
to reject them.

2. When non-explanatory pairs exhibit higher-
than-average similarity, the model incorrectly
predicts causal relationships.

This pattern represents a fundamental confusion
of correlation (semantic similarity) with causation
(explanatory relationship). These findings reinforce
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our conclusion that current language models have
not developed genuine causal reasoning capabili-
ties that can reliably distinguish semantic associa-
tion from explanatory relationships.
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