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Abstract

Chain-of-thought (CoT) reasoning is widely
used in large language models (LLMs), but
the resulting reasoning traces remain under-
explored. We study these traces through the
lens of discourse-level negation. Specifically,
we distinguish between corrective negation,
which rejects a prior reasoning step, and re-
fining negation, which narrows or qualifies
it, and introduce metrics to quantify their
use in human- and LLM-authored reasoning
traces. Across multiple benchmarks, we find
that negation occurs much more frequently
in intermediate reasoning traces than in fi-
nal response texts. We then test whether
negation-based features provide predictive and
descriptive signal for correctness, model iden-
tity, and human-vs.-LLM authorship. For cor-
rectness prediction, negation-based features
consistently outperform simple structural base-
lines and in several settings add complemen-
tary signal to embedding-based representations,
although embeddings remain stronger overall.
In a controlled comparison on correct human
and LLM traces from the same dataset, our
strongest results arise in human-vs.-LLM clas-
sification, where negation features outperform
both structural and embedding baselines. Over-
all, these findings position discourse-level nega-
tion as an interpretable feature for reasoning-
trace analysis, with especially strong utility for
provenance-related classification and modest
but consistent value for correctness prediction.

1 Introduction

Chain-of-thought (CoT) has made intermediate rea-
soning traces a prominent object of study in large
language models (LLMs) (Wei et al., 2022). CoT
presents problem solving as a sequence of inter-
mediate steps that move from an initial, possibly
flawed hypothesis toward a more accurate conclu-
sion. CoT’s stepwise reasoning loosely resembles
classical forms of human inquiry. For example, the

Socratic method (Benson, 2011) deepens under-
standing through iterative questioning, while the
Hegelian dialectic (Forster, 1993) advances by syn-
thesizing opposing ideas into higher-order insights.
These analogies show how structured reasoning se-
quences refine conclusions (Pei et al., 2025; Abdali
et al., 2025), using negation (Schon et al., 2021)
to signal correction, opposition, or refinement. In
reasoning, negation may appear in at least two op-
erations: (1) as a corrective operation that rejects
a prior line of thought entirely, or (2) as a refin-
ing operation that narrows and sharpens reason-
ing without discarding it completely. We hypothe-
size that these two operations are salient discourse
markers of stepwise reasoning and are reflected in
both human- and model-generated reasoning traces.
Modeling how LLMs employ negation during rea-
soning can provide insights into the dynamics of
stepwise reasoning, as well as into variation in re-
sponse correctness and trace style. However, while
prior work on LLM reasoning traces has examined
their structure (Bogdan et al., 2025), interpretability
(Bhambri et al., 2025), and effectiveness (Gandhi
et al., 2025), the role of negation within such traces
remains largely unexplored, with few exceptions
(Ye et al., 2023). We address this research gap by
making three contributions:

1. We build a dataset of human and LLM rea-
soning traces, auto-labeled for two negation
types and partially validated through human
evaluation.

2. We introduce several metrics to quantify nega-
tion in human and LLM reasoning traces.

3. We use these metrics to examine how negation
patterns in reasoning traces relate to response
correctness, model identity, and human au-
thorship.
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1 Construct annotated trace pool (Section 3.1) 2 Quantify trace signals (Section 3.2)

3 Experiments (Section 4)

4 Illustrative negation examples

Source
problems
HLE,
GPQA,
Nemo(+H)

6 LLMs
Generate

traces

Perturb
correct
human
traces

LLM records
{ task-id, trace,
correct, source }

Human records
{ task-id, trace,
correct, pert-lvl }

Annotate
traces (steps
& negation

types)

Human eval

Annotated pool
{ task-id, trace,
source, correct,
steps, negations,
(pert-lvl) }

Negation
quantification

Embedding
baseline

Experiment-ready table
{ previous fields, negation-
features, embedding-
features }

Correctness prediction (Section 5.1)
Gradient boosting; features → correct /
incorrect; human-trace contrast set

Model attribution (Section 5.2)
Gradient boosting; features → model iden-
tity

Human vs. LLM traces (Section 5.3)
Gradient boosting; features → human /
LLM source; restricted to correct Nemo
dataset traces

Interpretability / SHAP
analysis (Section 5.4)

Example 1: Discrete Shape Classifica-
tion
Q: Does the shape of an apple re-

semble (1) a sphere, (2) a cube, or
(3) a torus?
S1: The options are sphere, cube, or
torus.
S2: [Refining] An apple has no
sharp edges, so lets rule out cube.
S3: Then the answer is torus.
S4: [Corrective] Wait, an apple has
no hole, so it cannot be a torus.
S5: The apple most closely resem-
bles a sphere.
Neg: S2→S1 (Refining), S4→S3
(Corrective) | Outcome: Correct

Example 2: Algebraic Constraint

Q: Solve the equation x2 = 25 given
that x < 0.
S1: Taking the square root of 25
gives x = 5.
S2: So the final answer is 5.
S3: [Corrective] Wait, the problem
states x < 0, so the answer cannot
be 5.
S4: We must consider the negative
root, x = −5.
S5: [Refining] Are there other neg-
ative roots? A positive real number
has no more than two square roots.
S6: Thus, x = −5 is the unique cor-
rect solution.
Neg: S3→S2 (Corrective), S5→S4
(Refining) | Outcome: Correct

Example 3: Logic / Commonsense

Q: A bat and a ball cost $1.1. The
bat is $1 more than the ball.
S1: The total is $1.1 and the bat is
$1 more, so the ball costs $0.1 and
the bat costs $1.
S2: [Corrective] However, $1 is not
$1 more than $0.1.
S3: If the ball’s price were $0.1 and
the bat cost $1 more, the total would
be $1.2.
S4: [Refining] Therefore, the ball’s
price cannot be $0.1 or above.
S5: [Refining] The price also can-
not be $0, as that would make the
bat $1.1, violating the difference.
S6: Testing $0.05: The bat is $1.05,
satisfying all conditions.
Neg: S2→S1 (Corrective),
S4/S5→S1 (Refining) | Outcome:
Correct

Figure 1: Pipeline for constructing our annotated reasoning-trace dataset, extracting negation-sensitive features, and
evaluating the resulting representations across different tasks. Representative annotated traces illustrate our distinct
negation types.

2 Related Work

2.1 Reasoning Traces in LLMs
Chain-of-thought (CoT) prompting (Wei et al.,
2022) established that large language models can
often improve performance on multi-step tasks
when prompted to produce intermediate reason-
ing steps. Subsequent work expanded this general
paradigm through methods such as self-consistency
(Wang et al., 2023), Tree/Graph of Thoughts (Yao
et al., 2023; Besta et al., 2024), and Program of
Thoughts (Chen et al., 2023), which vary the struc-
ture or execution of intermediate reasoning. More
recently, reasoning-oriented open-weight models
such as Qwen3 (Yang et al., 2025), DeepSeek-
R1 (Guo et al., 2025), and gpt-oss (OpenAI et al.,
2025) have made such traces increasingly accessi-
ble through explicit “thinking” or reasoning modes.

2.2 Analyzing LLM Reasoning Traces
As reasoning traces have become more available,
recent work has shifted attention from final-answer
accuracy alone to the analysis of the traces them-

selves. Prior studies examine, among other things,
which intermediate steps are most influential for
correct answers (Bogdan et al., 2025; Zhang et al.,
2025a), how traces align with structured knowledge
sources (Zhang et al., 2025b), how interpretabil-
ity relates to model performance (Bhambri et al.,
2025), and how reasoning length affects controlla-
bility and effectiveness (Marjanovic et al., 2026).
Other work studies reasoning chains as a route to
model improvement (Gandhi et al., 2025), com-
pares LLM reasoning with human cognition (Mar-
janovic et al., 2026), and questions the extent to
which LLM traces reflect logical reasoning (Xu
et al., 2025). Overall, this literature has shown that
reasoning traces can be studied in terms of useful-
ness, step importance, faithfulness, interpretability,
and error propagation, rather than only through
final prediction accuracy.
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2.3 Negation, Discourse, and Self-Revision in
Reasoning

Our work is most closely related to research that
treats reasoning traces as structured discourse
rather than merely as sequences of tokens or steps.
In linguistic and discourse-theoretic terms, nega-
tion plays a central role in rejection, correction, nar-
rowing, and contrast (Horn, 1989; Fălăuş, 2020),
and argumentative work has shown that it can
function to counter or delimit prior commitments
(Apothéloz et al., 1993). These functions are
especially relevant to stepwise reasoning, where
later steps often revise, restrict, or overturn earlier
ones. In this sense, corrective and refining negation
can be viewed as discourse-level markers of self-
revision, complementing broader frameworks that
analyze reasoning traces in terms of cognitive or
functional elements (Kargupta et al., 2025). How-
ever, despite growing interest in LLM reasoning
traces, prior work has rarely operationalized ex-
plicit discourse-level linguistic phenomena within
them. Most existing studies focus on performance,
length, structure, interpretability, or faithfulness,
rather than on how particular linguistic devices or-
ganize revision across steps. Negation in particular
has received little systematic attention as a trace-
level feature, despite its natural connection to error
correction, hypothesis narrowing, and self-revision
during reasoning. We address this gap by modeling
corrective and refining negation as interpretable
discourse features and testing whether their distri-
bution in reasoning traces carries signal about cor-
rectness, model identity, and human-versus-LLM
authorship.

3 Methodology

3.1 Dataset
We construct our dataset from three sources1: three
established benchmarks (GPQA Diamond (gpqa)
(Rein et al., 2024), AIME 25 (aime25) (Zhang
and Math-AI, 2025), and the Nemotron-Math-
HumanReasoning (nemo) dataset (Du et al., 2025),
which provides human-authored CoT traces for
Olympiad-level mathematics problems from the
AoPS forum (comparable in difficulty to AIME 25).
In the first stage, we prompt six reasoning-capable
LLMs to solve each benchmark task (full model list
in Figure 2). The prompt instructs models to gen-
erate an explanation and return a JSON-formatted

1Our datasets are hosted on Hugging Face at https://
huggingface.co/RT-NEG.
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Figure 2: Benchmark results of all models evaluated on
the gpqa, aime25, and the nemo dataset.

conclusion for unambiguous parsing (prompt tem-
plate in Appendix F.1). The intermediate reason-
ing trace is implicitly generated by each model’s
native reasoning process. As the human dataset
contains only correct solutions, we generate in-
correct examples to balance prediction tasks. We
use Llama3.3-70B as a meta-annotator to inject
human-style reasoning errors at three severity lev-
els, each yielding an incorrect conclusion. These
corrupted traces enable us to construct both positive
and negative human samples (prompt template in
Appendix F.2). In the second stage, we annotate all
LLM and human reasoning traces using Llama3.3-
70B. Following (Bogdan et al., 2025), the annotator
first segments each trace into reasoning steps, typi-
cally aligned with individual sentences. It then la-
bels each step with one of two negation types using
a dedicated prompt (see Appendix F.3). Building
on linguistic theories of negation as a logic-based
means to cancel alternatives (Horn, 1989; Fălăuş,
2020) and argumentative models showing its use
in countering or delimiting conclusions (Apothéloz
et al., 1993), we distinguish two pragmatic func-
tions of explicit negation in reasoning: (1) refining
negation, which rules out previously considered
alternatives to narrow the solution space, and (2)
corrective negation, which explicitly rejects or
revises a prior step, sometimes without offering
an alternative. Both types span reasoning steps
rather than single sentences, reflecting how nega-
tion dynamically manages discourse commitments
and alternatives (Büring, 2008; Krifka, 2003).

3.1.1 Preliminary Analysis
Before introducing our negation metrics, we con-
duct four preliminary checks to verify that reason-
ing traces are suitable for discourse-level nega-
tion analysis. First, across datasets, gpt-oss per-
forms strongest overall, with gpt-oss:120b lead-
ing in most settings, while DeepSeek-R1:70b re-
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mains competitive on gpqa and nemo but weaker
on aime25 (Figure 2). Second, using D-Neg (Ham-
merla et al., 2025), which builds on NegBERT
(Khandelwal and Sawant, 2020), we find that rea-
soning traces contain substantially more negation
than final responses in almost all dataset-model
combinations, often by a factor of 2× to 30×. This
indicates that negation is considerably more salient
in intermediate reasoning than in answer-only text
(Figure 3). Third, we perform a coarse sanity check
on our distinction between refining and correc-
tive negation. Across datasets, refining negations
show a positive aggregate association with accu-
racy, whereas corrective negations show a negative
one. We treat this only as supporting evidence that
the two categories capture different aspects of rea-
soning behavior, rather than as a standalone predic-
tive result.2 Finally, to assess annotation reliability,
two linguists independently reviewed 36 reason-
ing traces3 sampled across datasets and models.
Although this sample is limited at the trace level,
it comprises 634 reasoning steps, each of which
required a judgment about whether it contains
discourse-relevant negation and, when applicable,
which negation type it instantiates. Inter-annotator
agreement between the two human annotators was
moderate (κ = 0.68), whereas agreement between
the LLM annotator and the human annotators was
lower (κ = 0.37 and 0.38), as expected for a chal-
lenging discourse-level phenomenon (Mirzakhme-
dova et al., 2024; Li et al., 2025). We therefore
treat the resulting labels as weak but operationally
useful proxy annotations for aggregate analysis.

3.2 Metrics

We quantify negation to examine its role in reason-
ing, where it signals self-monitoring, error detec-
tion, and logical refinement (Horn, 1989). Refining
negations often reflect hypothesis adjustment; cor-
rective ones mark prior inconsistencies. Quantify-
ing them reveals how reasoning unfolds and links
to performance or reasoning specifics of LLMs.

3.2.1 Metric Design
To capture the complexity of negation use, we de-
signed metrics across three key dimensions: com-
position, which captures the frequency, presence
pattern, and type balance of negations; position,
which captures when negations appear and thus

2See Appendix B for full methodology, binning, and
smoothed trends.

3Using the same guidelines as the LLM; see Appendix F.3.
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Figure 3: Ratio of average number of negations per 100
tokens in reasoning traces relative to responses across
multiple datasets and models. A value greater than one
(see red dashed line) indicates that negations occur more
frequently in reasoning traces than in responses.

the timing of revisions; and structure, which cap-
tures how negations cluster or persist across steps,
indicating reflective consistency.

1. Compositional Trace Statistics This category
captures the compositional properties of negations
within a reasoning trace. Specifically, it indicates
whether refining and/or corrective negations are
present, and quantifies the frequency of each nega-
tion type relative to the total number of reasoning
steps. It also includes a score for the balance be-
tween corrective and refining negations, providing
insight into how evenly the two forms are repre-
sented within the trace:

• Norm Neg: Number of negations type t nor-
malized by total number of reasoning steps:

Ñ t
neg =

N t
neg

Nrstep

where Nrstep = |T | is the total number of
reasoning steps in reasoning trace T and
N t

neg = |Negst| is the total number of correc-
tive and refining negations in the reasoning
trace (t ∈ {cor, ref} is the negation type and
Negst the set of all negations in T of type t).

• RT Label: Categorical label indicating which
types of negation appear in the trace:

L =





1, N cor
neg > 0 and N ref

neg = 0

2, N cor
neg = 0 and N ref

neg > 0

3, N cor
neg > 0 and N ref

neg > 0

0, otherwise
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• Diversity Score: Measures the balance of
negation types in trace T :

D =
∑

t∈{cor,ref}
p2t

where pt =
Nt

neg
N cor

neg+N ref
neg

.

2. Positional Characteristics These metrics cap-
ture where negations occur within reasoning traces
(e.g., average normalized position, first/last nega-
tion type, and frequency in the first vs. second half).
They reveal whether negations tend to appear early,
late, or evenly, reflecting the temporal dynamics of
self-monitoring.

• Norm Avg Pos: Average position of each
negation type t in the trace T , normalized by
total number of reasoning steps:

P̃ t =
1

N t
neg

Nt
neg∑

i=1

step_idx(Negsti)
Nrstep

• Edge Neg Type Type of the first and last nega-
tion in the trace:

Ledge =





1, ntype(Negsedge) = cor
2, ntype(Negsedge) = ref
0, otherwise

where edge ∈ {first, last} and Negs is the set
of all negations in trace T .

• Neg Frequency in first vs. second half: Ra-
tio of type-t negations in the first vs. second
half of trace T :

F t =
|Negstfirst half|
|Negstsecond half|

3. Sequential Structure and Dependency This
category captures structural patterns of negation
across reasoning steps, including gap statistics
(maximum span and variance of inter-negation
distances), sequence patterns (number of type
switches, longest consecutive runs), randomness
tests, and autocorrelation. These metrics reveal
whether negations are scattered or follow struc-
tured, self-regulatory sequences.

• Max Neg Span: Max number of steps be-
tween gt-type negations, gt ∈ {cor, ref, any}:

Ggt
max = max(Gapsgt)

• Neg Gap Variance: Variance of gaps be-
tween consecutive gt-type negations (Ngt =
|Gapsgt|):

Var[Gapsgt] =
1

Ngt

Ngt∑

i=1

(
Gapgt

i − Gapgt)2

• Neg Patterns: Number of switches between
corrective and refining negations, and longest
consecutive sequence of each negation type.

S = |Ccor→ref|+ |Cref→cor|
Lt = max(Ĉt)

Ccor→ref and Cref→cor are the sets of the corre-
sponding type switches; Ĉt is the set of con-
secutive sequences of negations of type t.

• Wald-Wolfowitz Test: Tests randomness of
the binary sequence representing the trace
(0 = no negation, 1 = negation of type t).

E[Rt] =
2nt

1n
t
2

nt
1 + nt

2

+ 1

Var[Rt] =
2nt

1n
t
2(2n

t
1n

t
2 − nt

1 − nt
2)

(nt
1 + nt

2)
2(nt

1 + nt
2 − 1)

nt
1 (nt

2): number of steps with(out) negation
of type t. The standardized test statistic is:

Zt =
Rt − E[Rt]√

Var[Rt]

• Autocor: Autocorrelation for different lags
(k ∈ [1, .., 8]) for negations of type t:

ρtk =

∑N−k
i=1 (Y t

i − Y t)(Y t
i+k − Y t)

∑N
i=1(Y

t
i − Y t)2

• Integrated Autocor: Measures persistence of
negations of type t across multiple steps:

τ t = 1 + 2

max_lag∑

k=1

ρtk

3.2.2 Metric Complementarity
To assess redundancy in the proposed metric set,
we compute pairwise correlations between all
negation-based metrics. Figure 4 shows that most
metrics are weakly correlated or uncorrelated, in-
dicating that they capture distinct aspects of nega-
tion behavior. The main exceptions are two larger
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Figure 4: Hierarchically clustered heatmap of correla-
tions between negation-quantifying metrics.

clusters corresponding primarily to autocorrelation
features for refining and corrective negation across
different lag sizes, where correlation is expected.
Overall, the heatmap supports retaining the full
metric set, as redundancy is limited and mostly
confined to closely related temporal-dependency
metrics.

4 Experiments

We investigate whether discourse-level negation
patterns in reasoning traces provide information
about (i) response correctness, (ii) model identity,
and (iii) authorship, i.e. whether a trace was pro-
duced by a human or an LLM. Our experiments
are organized accordingly: we first study correct-
ness prediction, beginning with single-metric anal-
yses and then moving to multi-feature classifica-
tion, including an additional evaluation on per-
turbed human reasoning traces. We then examine
model identity prediction and, finally, human-vs.-
LLM authorship classification. Unless otherwise
noted, all classification experiments use a Gradi-
ent Boosting (GB) LightGBM model with 1000
estimators, learning rate 0.01, maximum depth 3,
minimum of 2 samples per leaf, subsample ratio
0.8, column subsampling of 0.8, and balanced class
weights. All models are evaluated with five-fold
cross-validation (CV), and we report fold-averaged
results.4 For each classification task, we com-
pare four feature settings: (1) our negation-based
feature set, (2) a structural baseline consisting of
reasoning-trace length, total number of reasoning
steps, and number of sentences, (3) an embed-
ding baseline based on sentence-transformer repre-

4Experiments primarily use scikit-learn (Pedregosa et al.,
2011) and LightGBM (Lamb et al., 2025).

sentations from all-MiniLM-L6-v2 (Reimers and
Gurevych, 2019), and (4) a combined representa-
tion that concatenates the negation features with
the embedding features.

Correctness prediction. We begin with single-
metric analyses to assess how individual negation-
related metrics relate to response correctness. To
capture both linear and non-linear effects, we re-
port correlation, mutual information (MI), area un-
der the ROC curve (AUC), and Cohen’s d effect
size for individual features. We then turn to multi-
feature classification, where the goal is to predict
whether a reasoning trace leads to a correct or incor-
rect final answer. These experiments are conducted
across our benchmark datasets and model outputs
using the four feature settings described above. For
human reasoning traces, we additionally evaluate
correctness prediction across the three perturbation
levels introduced in Section 3.1. Incorrect traces
are generated by perturbing correct human traces
with increasing severity. This setup allows us to
examine how classification performance changes
as reasoning errors become more pronounced and
correct and incorrect traces become more easily
separable. Each perturbation-level dataset is bal-
anced, containing equal numbers of correct and
incorrect traces.

Model identity prediction. We next test whether
reasoning traces contain model-specific stylistic
signal by predicting which LLM produced a given
trace. We use the same GB configuration and the
same four feature settings as above in order to com-
pare the discriminative value of negation patterns
against structural and embedding-based baselines.

Human-vs.-LLM authorship classification. Fi-
nally, we evaluate whether reasoning traces au-
thored by humans can be distinguished from those
generated by LLMs. To this end, we construct a
balanced dataset by pairing all human traces from
the nemo dataset with an equal number of randomly
selected correct LLM-generated traces drawn from
the nemo dataset as well. We again compare nega-
tion features, the structural baseline, the embedding
baseline, and the combined negation+embedding
representation under the same evaluation setup.
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Figure 5: Five-fold CV binary F1 scores for correctness
prediction across all datasets and the merged dataset
across all different feature settings.

5 Results and Analysis

5.1 Correctness Prediction
5.1.1 Single-Feature Analysis
Across all single-feature analyses, individual met-
rics exhibit only limited predictive power for dis-
tinguishing correct from incorrect reasoning traces.
Absolute correlations remain low (max. ≈ 0.1),
and mutual information scores peak at roughly
0.02. Cohen’s d shows somewhat larger separa-
tions between the distributions, with several met-
rics reaching values around 0.2, corresponding to
small to moderate effect sizes. Similarly, AUC val-
ues exceed the random baseline only marginally
for a small subset of features. A consistent pat-
tern emerges, however: metrics associated with
refining negations dominate among the strongest-
performing features across all measures (24 refin-
ing vs. 2 corrective). This suggests that refining-
related behavior is more systematically linked to
model correctness than corrective negation, rein-
forcing our observations from the preliminary anal-
ysis (Appendix C).

5.1.2 Multi-Feature Correctness Prediction
We next evaluate multi-feature correctness predic-
tion with Gradient Boosting, reporting five-fold CV
F1 scores for the four feature settings introduced
in Section 4. Across the benchmark datasets and
their joint aggregation, negation features consis-
tently outperform the structural baseline, indicat-
ing that discourse-level negation captures signal
beyond simple trace statistics such as length, num-
ber of steps, and sentence count. Averaged across
datasets, this improvement amounts to 27.85%,
with a large standardized effect size (d = 2.03).
At the same time, embedding-based representa-
tions remain stronger overall: on nemo, gpqa, and
the joint dataset, embedding features outperform
negation features, whereas on aime25, negation
features achieve a higher F1 score by 0.06. Over-

Sev 1 Sev 2 Sev 3
Perturbation severity
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Figure 6: Five-fold CV binary F1 scores for classifier
performance on human reasoning traces under varying
levels of human-like perturbation severity.

all, moving from negation features to embeddings
yields an average relative improvement of 10.98%
(d = −0.74), suggesting that embeddings provide
a stronger standalone representation for correctness
prediction. However, combining negation features
with embeddings yields small additional gains in
several settings, suggesting that negation captures
some complementary information beyond generic
embedding-based representations (Figure 5). Per-
formance also varies across model families and
datasets. No single model dominates in every con-
dition: magistral:24b performs best on aime25
(mean F1 0.643), deepseek-r1:70b on gpqa (0.753),
qwen3:32b on nemo (0.900), and gpt-oss:120b on
the joint dataset (0.737). Across all conditions,
gpt-oss:120b achieves the highest average F1 score
(0.719). Within both the gpt-oss and deepseek-
r1 families, larger models generally outperform
smaller ones, although this trend is not uniform
across all datasets (see Figure 11).

5.1.3 Human-Trace Perturbation Study

On the human reasoning traces from the nemo
dataset, we conduct a controlled perturbation study
in which incorrect traces are constructed by in-
troducing human-like reasoning errors into orig-
inally correct human CoTs. We then repeat the
multi-feature correctness experiment using these
perturbed traces as negative samples and report
fold-averaged binary F1 scores across the three
perturbation severity levels (see Section 3.1). Be-
cause these negative samples are synthesized rather
than naturally occurring, we interpret this setting
as a controlled stress test of feature sensitivity to
injected reasoning errors rather than as a direct
model of authentic human failure. Across all three
severity levels, the structural baseline performs un-
expectedly strongly, achieving fold-averaged F1
scores above 0.6 throughout. At the same time,
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Figure 7: Five-fold CV macro F1 scores for model
detection from reasoning traces grouped by datasets and
feature settings.

its performance decreases as perturbation severity
increases, whereas the negation-based representa-
tion becomes more discriminative as the injected
reasoning errors grow more pronounced, reaching
its best performance at the highest severity level.
Embedding-based features perform substantially
worse than both the structural and negation-based
representations in this setting. One plausible expla-
nation is that the perturbations preserve much of the
lexical content of the original trace while altering
its explicit discourse structure, making negation-
and structure-based features relatively more infor-
mative than generic sentence embeddings. Overall,
this controlled result suggests that negation-based
features are sensitive to injected reasoning distor-
tions in human-authored traces, although the find-
ing should not be generalized directly to naturally
occurring incorrect human reasoning.

5.2 Model Identity Prediction
Next, we test whether reasoning traces contain iden-
tifiable model-specific stylistic signatures. Con-
cretely, we ask whether the originating LLM can
be predicted from the four feature settings defined
in Section 4. Because this is a multiclass clas-
sification task, we report five-fold CV macro F1
scores. Overall, model identity prediction proves
challenging: with six models, the random baseline
is 0.166 macro F1, and even the best results re-
main modest in absolute terms. Nevertheless, nega-
tion features consistently outperform the structural
baseline across all four datasets (aime25, nemo,
gpqa, and the joint dataset), indicating that they
capture stylistic signal beyond simple trace statis-
tics. Embedding-based features remain stronger
overall, but combining embeddings with negation
features yields further improvements in every set-
ting, reaching a peak macro F1 of 0.38 on the
joint dataset. Taken together, these results sug-
gest that reasoning traces contain a limited but non-
negligible amount of model-specific signal, and
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Figure 8: Five-fold CV binary F1 scores for human-
vs.-LLM authorship classification with different feature
sets.

Feature Group Human LLM SMD qgroup

cor_neg_longest_run Struct. 1.111 0.306 0.561 < .001
cor_negs_normed Comp. 0.125 0.051 0.623 .017
ref_negs_normed Comp. 0.031 0.079 -0.476 .021

Table 1: Group-wise FDR-significant differences be-
tween human and LLM reasoning traces in the author-
ship classification dataset. Positive SMD values indicate
higher values for human traces; negative values indicate
higher values for LLM traces. Only features satisfying
qgroup ≤ .05 and |SMD| ≥ .2 are shown.

that negation contributes useful complementary in-
formation for capturing it (Figure 7).

5.3 Human-vs.-LLM Authorship
Classification

Finally, we evaluate whether human-authored rea-
soning traces can be distinguished from LLM-
generated ones. As in the other binary classification
settings, we report five-fold CV binary F1 scores.
Unlike model identity prediction, this task exhibits
a much stronger signal across all feature settings.
Negation features perform best overall, reaching
an average F1 score of 0.80 and outperforming
both the embedding baseline (0.74) and the struc-
tural baseline (0.72). Combining negation features
with embeddings does not yield further improve-
ment, with the combined representation remaining
at the same maximum F1 score of 0.80. These
results suggest that human-vs.-LLM authorship is
substantially easier to detect than model identity
in reasoning traces, and that discourse-level nega-
tion features are particularly effective for capturing
differences between human and model-generated
reasoning traces (Figure 8).

5.4 Interpretability

To better understand which aspects of negation
drive performance across tasks, we compute SHAP
values for correctness prediction on the joint
dataset, model identity prediction, and human-vs.-
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LLM authorship classification. Detailed SHAP
plots are provided in Appendix E. For interpretabil-
ity, we aggregate features into broader classes and
summarize their importance using mean absolute
SHAP values normalized to sum to 1 within each
task. A first clear pattern is that the relative im-
portance of refining and corrective negation differs
by task. For correctness prediction, refining fea-
tures contribute more strongly than corrective ones
(64% vs. 36%), consistent with both our prelimi-
nary analyses and the single-feature results. This
suggests that metrics quantifying refining negation
provide more information for correctness predic-
tion than metrics quantifying overt corrective rejec-
tion of prior steps. Importantly, this does not imply
that correct traces necessarily contain more refin-
ing negation, nor that refining negation is causally
more effective. Rather, it indicates that variation
in refining-related features is more useful for dis-
tinguishing correct from incorrect model reason-
ing traces in our classification setting. By con-
trast, contributions are more balanced for model
identity (43% vs. 57%) and human-vs.-LLM au-
thorship classification (58% vs. 42%), indicating
that provenance-related tasks depend on a broader
mix of negation behavior. A second pattern con-
cerns feature type. Across all three tasks, structural
features are the most consistently informative di-
mension (average 41%), ahead of positional (29%)
and compositional features (30%). This suggests
that how negation is organized across a reasoning
trace is at least as important as how much negation
occurs. Overall, the SHAP analysis supports the
usefulness of the corrective/refining distinction and
indicates that different downstream tasks rely on
different aspects of negation behavior. To com-
plement this model-based interpretation with a di-
rect descriptive comparison, we compare human
and LLM traces in the authorship setting across
all negation features. For numeric features, we
compute group means, standardized mean differ-
ences (SMD), and Mann-Whitney U tests; for cat-
egorical features, we use contingency-table statis-
tics. Since the metrics were defined a priori as
compositional, positional, and structural feature
families, we apply Benjamini-Hochberg FDR cor-
rection within each family and report features as
significant only if they satisfy q ≤ 0.05 and a small
effect-size threshold (|SMD| ≥ 0.2 for numeric
features). Only three features pass these criteria
(Table 1): humans show more corrective negation
per reasoning step and longer repeated runs of cor-

rective negations, whereas LLMs show more re-
fining negation per reasoning step. No positional
feature passes the group-wise FDR criterion, sug-
gesting that the strongest human-LLM differences
concern the function and sequential organization of
negation rather than its location in the trace. These
descriptive results clarify the SHAP analysis: the
authorship signal is concentrated in a small set of
interpretable negation behaviors, with human traces
characterized more by corrective revision and LLM
traces more by refining restriction.

6 Conclusion

We introduced a discourse-level approach to ana-
lyzing reasoning traces through negation. Specif-
ically, we distinguished between refining and cor-
rective negation, assembled a dataset of human-
and LLM-authored reasoning traces annotated for
these two functions, and proposed metrics that
quantify negation in terms of composition, posi-
tion, and sequential structure. Using these rep-
resentations, we tested whether negation patterns
carry signal for correctness, model identity, and
human-vs.-LLM authorship. Across correctness
experiments on LLM-generated traces, negation
features consistently outperformed simple struc-
tural baselines, although embedding-based repre-
sentations remained stronger overall and negation
provided mainly complementary gains in combined
settings. In a controlled perturbation study on hu-
man traces, negation features proved especially sen-
sitive to injected reasoning distortions, though this
result should be interpreted separately from natu-
rally occurring human error. For model identity
prediction, performance remained modest overall,
but negation still contributed useful signal beyond
structural cues. Our strongest results were obtained
for human-vs.-LLM authorship classification on
correct traces from the same benchmark, where
negation features outperformed both structural and
embedding baselines. Overall, these findings sug-
gest that discourse-level negation is an interpretable
and informative feature for reasoning-trace analy-
sis, especially for provenance-related distinctions
and, to a lesser extent, correctness-related varia-
tion. More broadly, the results motivate further
work on reasoning traces through explicit linguistic
phenomena, including revision, uncertainty, and
inter-sentential propositional relations.
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Limitations

This work is subject to several scope-related limita-
tions:
(1) First, we focus on explicit instances of negation,
distinguishing between refining and corrective uses
within reasoning traces. While this provides a clear
and interpretable operationalization, it does not
capture more implicit or indirect forms of negation,
such as pragmatic denial or contrastive framing,
which may also influence reasoning.
(2) Second, our analysis is centered on CoT–style
reasoning traces, which offer an explicit, step-wise
view and naturally encode structured dependen-
cies across steps. Other reasoning frameworks or
prompting strategies may exhibit different surface
realizations of negation, and extending the analysis
to such settings remains a promising direction for
future work.
(3) Finally, this study covers only a subset of task
types that elicit explicit reasoning (restricted to tex-
tual, single-modality tasks). Although the datasets
include both open-ended and multiple-choice prob-
lems, we hypothesize that negation usage patterns
vary with task characteristics.
Overall, these considerations reflect design choices
aimed at analytical clarity and point to natural ex-
tensions rather than fundamental shortcomings of
the proposed approach.
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A Human Evaluation

Across tasks, inter-human agreement is highest on
gpqa (κ = 0.77), followed by aime25 (κ = 0.63),
and lowest on nemo (κ = 0.50). Human-LLM
agreement shows a related but not identical pat-
tern. On aime25, agreement with the LLM ranges
from κ = 0.36 to 0.45; on gpqa, it ranges from
κ = 0.35 to 0.46; and on nemo, both annotators
yield κ = 0.25. Thus, although gpqa has the high-
est inter-human agreement, its human-LLM agree-
ment is not uniformly higher than that of aime25.
By contrast, nemo yields the lowest human-LLM
agreement for both annotators (Table 2). A similar
pattern appears across models. qwen3:32b shows
the strongest human-LLM alignment (κ = 0.65
for both annotators) and also perfect inter-human
agreement (κ = 1.00). deepseek-r1:32b also
exhibits relatively strong human-LLM agreement
(κ = 0.53 for both annotators), paired with high
human-human agreement (κ = 0.848). In contrast,
gpt-oss:120b and gpt-oss:20b show compara-
tively weak human-LLM agreement despite mod-
erate to high inter-human agreement on the same
samples (Table 3).

Agreement Metric aime25 gpqa nemo
H1-LLM (κ) 0.45 0.35 0.25
H2-LLM (κ) 0.36 0.46 0.25
H-H (κ) 0.63 0.77 0.50

Table 2: Agreement (Cohen’s κ) across reasoning traces
on different benchmarks.

Model H1-LLM (κ) H2-LLM (κ) H-H (κ)
gpt-oss:120b 0.07 0.28 0.88
deepseek-r1:70b 0.41 0.37 0.54
deepseek-r1:32b 0.53 0.53 0.85
magistral:24b 0.24 0.27 0.31
gpt-oss:20b 0.12 0.09 0.69
qwen3:32b 0.65 0.65 1.00

Table 3: Agreement (Cohen’s κ) across reasoning traces
from different LLMs.

B Preliminary Analysis (Refining vs.
Corrective Negation Frequencies)
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Figure 9: Aggregated results by datasets and mod-
els: binned accuracies and kernel density estimates
of negation frequencies (negations per reasoning step),
smoothed using LOWESS. Corrective negation is shown
on the top, and refining negation on the bottom.

To investigate the contrasting behavior of refin-
ing and corrective negations, we bin all reasoning
traces across datasets according to the frequency of
each negation type and compute the mean model
accuracy within each bin. We then apply LOWESS
smoothing to the resulting trends to obtain robust
trajectories. The patterns reveal a clear divergence
between the two types: accuracy initially declines
for both, but the drop is substantially steeper for cor-
rective negations. At higher frequencies, refining
negations exhibit a recovery and eventually show a
positive association with model accuracy, whereas
corrective negations continue to decline monotoni-
cally. This indicates that increased use of refining
negation correlates with improved model perfor-
mance, while corrective negation does not. These
effects are further supported by single-metric anal-
yses reported in Appendix C. The full smoothed
curves are shown in Figure 9.
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C Single-metrics (negative) results
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(a) Pairwise Spearman correlations between cor-
rectness (binary) and the proposed metrics. Sig-
nificance levels are marked with asterisks: ***
p < 0.001, ** p < 0.01, * p < 0.05.
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(b) Mutual information between correctness (bi-
nary) and the proposed metrics, with continuous
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(c) Distributional differences of the proposed met-
rics between correct and incorrect samples, quanti-
fied by Cohen’s d.
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Figure 10: Comparison of different statistical measures assessing the relationship between the proposed metrics and
binary correctness across all datasets. Each subplot reports the top 10 metrics ranked by the respective measure.
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D Multi-metrics Result
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Figure 11: Five-fold CV binary F1 scores for correctness prediction on each dataset and the merged dataset, grouped
by source model and feature setting.
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E SHAP Analysis

E.1 Predicting Model Correctness (SHAP)

2 0 2
SHAP value (impact on model output)

cor_autocor_lag1
cor_autocor_lag6
cor_autocor_lag8
cor_negs_normed
neg_gap_variance

ref_wolfowitz_z
cor_neg_position
cor_autocor_lag2
max_neg_spans

cor_autocor_lag5
ref_autocor_lag6

cor_neg_gap_variance
ref_autocor_lag1

ref_neg_max_spans
ref_autocor_lag5
ref_autocor_lag7
ref_autocor_lag4

cor_neg_max_spans
ref_autocor_lag3
ref_neg_position

Low

High

Fe
at

ur
e 

va
lu

e

Figure 12: SHAP values showing the impact of negation metrics on predicting response correctness from reasoning
traces using gradient boosting. Predictions were made using aggregated data from all three datasets.
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E.2 Predicting Identity (LLM)
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Figure 13: Mean SHAP values showing the contribution of each feature to the model output when predicting which
model produced a reasoning trace, based on its negation quantification (top 20 features displayed).
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E.3 Predicting Identity (Human-LLM)
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Figure 14: Mean SHAP values showing the contribution of each negation feature to the model output when
classifying human and LLM reasoning traces, based on their negation quantification (top 20 features displayed).
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F Prompts

F.1 Dataset - Model Benchmark (Step 1)

You are given a multiple-choice question with four options. Only one option is correct.

1. Provide a brief explanation for your choice.
2. Additionally, add your answer in JSON format:

{"answer":ANSWER_ID}
where ANSWER_ID is the number (0, 1, 2, or 3) corresponding to the correct option.

---

Question:
[question]

---

Options:
0: [option1]
1: [option2]
2: [option3]
3: [option4]

Figure 15: Prompt for creating reasoning traces and model responses for the gpqa benchmark.

You are tasked with solving a math question where the answer is guaranteed to be an integer.

1. Provide a concise explanation of your solution.
2. Verify that your answer is an integer, as required by the question.
3. Additionally, add your answer in JSON format: {"answer": RESULT}, where RESULT is an integer solution to the provided

question.↪→

---

Question:
[question]

Figure 16: Prompt for creating reasoning traces and model responses for the aime25 and nemo benchmark.
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F.2 Dataset - Human Error (Step 2)

You are given a **correct human reasoning trace**.
Your task is to generate a **perturbed version of that reasoning trace** that:
* stays *close* to the original (similar structure, similar steps, similar flow)
* includes **human-like reasoning slips** (minor misreads, small leaps, overlooked details, mis-prioritizations)
* modifies the trace only slightly --- **do not rewrite it from scratch**
* introduces perturbations according to a severity scale:

* **1 = very light distortions** (tiny misinterpretations, small skipped details)
* **2 = moderate distortions** (noticeable but still realistic human mistakes)
* **3 = strong distortions** (multiple compounded human-like errors, while still keeping the trace coherent)

**Important:**
* The output should **only be the perturbed reasoning trace itself**, do not include any kind of observation or explanation.
* **Do not** produce a final answer or solution --- the task is only to perturb the reasoning trace, not to solve the problem.
* The perturbed trace must remain recognizably similar to the original.
* The perturbation must be based *directly* on the original trace, not generated fresh.

Figure 17: Prompt for introducing human reasoning errors.
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F.3 Dataset - Annotation (Step 3)

**Instruction:**
You are an annotator for reasoning chains generated by language models. Your task is to:
---
#### **1. Chunk the reasoning text**
* Break the reasoning text into **discrete reasoning steps**.
* Each step can contain **one or more sentences** representing a coherent thought, inference, or claim.
* Number the steps sequentially starting from 1.
---
#### **2. Detect corrective or refining negations**
Annotate only negations that:
* **CORRECTIVE_NEGATION**: Directly contradict or correct one or more earlier steps.
* **REFINING_NEGATION**: Narrow, qualify, or improve prior reasoning without fully contradicting it.
**Important:**
* Negations may appear **anywhere within a step**, even if the step contains multiple sentences.
* Only annotate negations that **modify previous reasoning to improve accuracy, precision, or clarity**.
* Ignore general negations that are purely factual, descriptive, or do not impact prior reasoning.
---
#### **3. Annotation requirements**
For each detected negation, provide:
* `type`: `CORRECTIVE_NEGATION` or `REFINING_NEGATION`
* `step`: Step number where the negation occurs
* `text`: Exact negated phrase in that step
* `refines_steps` or `corrects_steps`: List of prior step numbers affected
* If a single step contains **multiple corrective/refining negations**, list each separately.
* A negation can refer to **one or more previous steps**, and this should be reflected in the `refines_steps` or `corrects_steps` lists.
---
### **Output format (JSON-like)**
```json
{

"steps": [
"Step 1 text (can be multiple sentences)",
"Step 2 text",
...

],
"negations": [
{

"type": "CORRECTIVE_NEGATION",
"step": 2,
"text": "",
"corrects_steps": [1]

},
{

"type": "REFINING_NEGATION",
"step": 3,
"text": "",
"refines_steps": [1]

}
]

}
```
---
### **Example 1: Object Color (Extended)**
**Reasoning chain:**
*"The object appears red from one angle. Under direct light, it seems vibrant and uniform. But this may not be accurate because shadows and

reflections can distort perception. Furthermore, it is not necessarily completely red; some areas show orange hints. Considering these
observations, the object might actually be a mix of red and orange. Therefore, it is safer to describe the object as mostly orange with red
undertones."*

↪→
↪→
↪→
**Annotation:**
```json
{

"steps": [
"The object appears red from one angle. Under direct light, it seems vibrant and uniform.",
"But this may not be accurate because shadows and reflections can distort perception.",
"Furthermore, it is not necessarily completely red; some areas show orange hints.",
"Considering these observations, the object might actually be a mix of red and orange.",
"Therefore, it is safer to describe the object as mostly orange with red undertones."

],
"negations": [
{

"type": "CORRECTIVE_NEGATION",
"step": 2,
"text": "this may not be accurate",
"corrects_steps": [1]

},
{

"type": "REFINING_NEGATION",
"step": 3,
"text": "not necessarily completely red",
"refines_steps": [1]

}
]

}
```
...
### **Example n: xxx (Extended)**
...

Figure 18: Prompt for reasoning trace segmentation and discourse-level negation type annotation.
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