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Abstract—Large Language Models (LLMs) have been widely
adopted in text classification tasks, where they not only output
class predictions but also generate explanations that highlight
the tokens deemed most relevant for reaching the predicted
label. Yet it remains unclear whether these highlighted elements
are behaviorally consistent with the model’s own predictions
under targeted interventions, which we refer to as functional
auto-consistency. While much of the literature evaluates the
textual plausibility of such explanations, few studies assess their
functional consistency with the model’s actual behavior. In this
work, we propose an experimental framework based on the
principle of auto-consistency: if a model identifies certain tokens
as decisive, then isolating, removing, or semantically inverting
them should produce systematic and interpretable changes in
its predictions. We operationalize this evaluation through suf-
ficiency, comprehensiveness, and counterfactuality metrics, and
conduct experiments on IMDB and Steam reviews across both
closed-source (GPT-40-mini) and open-source LLMs (Gemma3,
Granite8B, DeepSeek). Results show that GPT-40-mini follows the
expected progression across all metrics, Gemma3 and Granite8B
maintain coherence under sufficiency but lose consistency under
more demanding interventions, while DeepSeek variants display
structural deviations, either failing to preserve sufficiency or over-
reacting under comprehensiveness and counterfactuality. These
findings show that explanation reliability varies across LLM fam-
ilies and scales, with smaller models displaying contradictions and
larger ones exhibiting over-sensitivity. By combining sufficiency,
comprehensiveness, and counterfactuality, our approach provides
a systematic methodology for assessing the functional consistency
of LLM self-explanations.

Index Terms—large language models, interpretability, self-
explanations, functional consistency, neural networks

I. INTRODUCTION

Large Language Models (LLMs), built upon the Trans-
former architecture [1], have demonstrated remarkable abilities
in generalization and task solving through textual instructions,
even in scenarios where no explicit training examples are
available (zero-shot or few-shot learning) [2]. Among their
emergent capabilities, one of the most prominent is the gener-
ation of explanations that justify predictions, often structured
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as reasoning chains, commonly referred to as chain-of-thought
(CoT) [3].

While such explanations are frequently plausible, their
alignment with the model’s subsequent behavior under inter-
ventions remains an open question. For instance, [4] show
that CoT explanations can be manipulated through biases in
the prompts, thereby justifying incorrect predictions with argu-
ments that appear convincing but are not aligned with the true
decision factors. These findings raise concerns about excessive
reliance on LLM-produced explanations and highlight the need
for more objective approaches to evaluate the transparency and
robustness of these models. In this work, we study functional
auto-consistency: given a model’s own declared influential
spans, do systematic interventions on those spans produce
changes in outputs that are coherent with that declaration?
Importantly, this differs from establishing ground-truth causal
attribution. Our protocol is self-contained but falsifiable: if
the model’s declared support does not behave as expected
under interventions, the resulting contradictions are directly
observable at the input—output level.

In this work, we propose an investigation that leverages
feature importance [S5] within the task of classification with
LLMs, aiming to assess the extent to which models remain
coherent with the justifications they provide for their own
predictive decisions. This evaluation adapts the definition of
self-consistency proposed by [6], understood as the require-
ment that model outputs remain logically non-contradictory,
to what we term auto-consistency. In our setting, this notion
captures whether the tokens' highlighted as decisive in a
model’s explanation play a functionally coherent role when
subjected to systematic interventions.

We hypothesize that when certain tokens are highlighted as
influential for a prediction, the model should exhibit systematic
variations in the assigned score when these elements are re-
moved, isolated, or semantically modified. Thus, explanations
are not evaluated in terms of textual plausibility or rhetorical

UIn this paper, the term “token” is used broadly to denote an influential text
span (a word or phrase) returned in the influential terms field and extracted
verbatim from the input sentence. All interventions operate on these spans,
consistent with the prompt specification (“words or phrases”; see Prompt
Template.



adequacy, but rather in terms of their functional coherence
with the model’s own predictive behavior.

To quantify this coherence, we adopt the metrics of Compre-
hensiveness, Sufficiency, and Counterfactuality [7]. The first
two follow the definitions of [8], but are here adapted to a
scalar review variable. Unlike probability-based formulations,
we use a review score in the range [1,10], predicted by
the LLM, which reflects how favorably the text evaluates
the target item. 2 Under this formulation, Comprehensiveness
captures the variation in the score when the highlighted tokens
are removed, Sufficiency evaluates the case in which only
these tokens are preserved, and Counterfactuality measures the
impact of substituting them with semantically opposite terms.

With this adaptation, we investigate whether the model
behaves consistently with its own claims of importance, that
is, whether it maintains functional coherence under local
interventions on the tokens it designates as relevant. This study
therefore focuses on the structural fidelity of explanations
provided by LLMs, adopting a quantitative approach to the
evaluation of interpretability in generative models. The em-
pirical investigation is conducted in the context of sentiment
classification, and the results are discussed in detail in the
following sections.

II. RELATED WORK

Recent work has explored LLMs as tools for feature selec-
tion, leveraging their ability to interpret textual descriptions
and relate variables to predictive tasks. One line uses LLMs as
sources of prior knowledge, asking models to judge feature rel-
evance from descriptions alone (e.g., LM-Priors [9] and binary
prompting in [2]). A second line adopts hybrid pipelines where
LLMs propose feature importance but are guided to apply
classical selection methods (e.g., random forests or sequential
selection) to retain statistical structure [10]. More task-specific
frameworks incorporate LLMs into iterative refinement loops
(e.g., medical settings in [11]) or use them as feature engineers
that generate meta-features for downstream models [12].

In parallel, a growing literature studies whether LLMs can
explain their own decisions through self-explanations or ratio-
nalizations [13], [14]. Empirical evidence suggests that such
explanations often deviate from the factors driving predictions
[15]. In the same critical vein, chain-of-thought explanations
can be steered into plausible yet non-aligned narratives [4],
and models may exploit explicit cues in predictions without
reflecting them in their explanations [16]. Collectively, these
findings indicate that textual plausibility is insufficient to
assess explanation reliability.

Overall, existing work converges on exploiting LLM se-
mantics for feature relevance and explanation generation [2],
[4], [9]-[16], yet few studies directly test whether a model’s
declared evidence behaves coherently under targeted interven-
tions. In this work, we aim to fill this gap by employing
feature importance not as the central object of analysis but

2Where 1 indicates an extremely negative evaluation and 10 an extremely
positive evaluation.

as a methodological mechanism for evaluating model auto-
consistency. Specifically, we apply the metrics of Comprehen-
siveness, Sufficiency, and Counterfactuality to the tokens high-
lighted as relevant, thereby assessing whether these elements
maintain functional correspondence with the model’s observed
predictive behavior.

III. METHODOLOGY

This section outlines the methodology adopted to evaluate
the functional consistency of explanations provided by LLMs
in the context of classification tasks. We begin by describing
the datasets employed and the sampling criteria used for the
selection of sentences analyzed in the experiments. Next, we
present the structure of the prompts designed to instruct the
model to perform sentiment classification and to identify the
tokens considered most relevant for its predictions. Finally, we
introduce the metrics used to quantify the functional coherence
of the explanations, with emphasis on the formal definitions of
Comprehensiveness, Sufficiency, and Counterfactuality, which
allow us to measure the extent to which the presence, absence,
or semantic inversion of explanatory elements affects the
model’s behavior.

A. Analysis Pipeline

The experiments were conducted using two datasets widely
employed in sentiment analysis tasks. The first is the Stanford
Large Movie Review Dataset (IMDB) [17], which consists of
English-language movie reviews annotated with binary senti-
ment polarity (positive or negative), used here in the version
available on the HuggingFace platform. 3 The second dataset
comprises reviews from the Steam platform [18], which col-
lects user evaluations of PC games and enables the analysis of
aspects such as player satisfaction and dissatisfaction, genre
popularity, and sentiment shifts over time.

For the construction of the experimental corpus, a stratified
sampling of 2.000 sentences was performed, ensuring propor-
tionality between sentiment classes and thereby minimizing
potential distributional biases. This strategy was adopted to
increase representativeness and robustness in the subsequent
analyses.

Model interactions were carried out through different
APIs, covering recent LLM architectures: GPT-4o-mini [19],
Gemma3:4B [20], DeepSeek-R1:1.5B and DeepSeek-R1:14B
[21]* and Granite3.3:8B [22]. The selection aimed to ensure
diversity along two main axes: (i) proprietary versus open-
source access, and (ii) providers from distinct research and in-
dustrial backgrounds. The additional intra-family comparison
was conducted exclusively within the DeepSeek models, given
their availability and relevance for methodological contrast.

For each sentence, the model was instructed to classify
the sentiment, assign a review score in the range [1,10],

3https://huggingface.co/datasets/stanfordnlp/imdb

4We additionally include DeepSeek-R1:14b to enable an intra-family com-
parison across parameter scales. This choice was motivated by methodological
considerations, since evaluating two models from the same provider with
different capacities offers a controlled setting to assess consistency.



and identify the tokens most relevant for the prediction. This
score represents the intensity of the judgment produced by the
model and constitutes the basis for the sufficiency, comprehen-
siveness, and counterfactual metrics discussed in subsequent
sections. Figure 1 illustrates this input—output pipeline.
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Fig. 1. Sentence Analysis Workflow

B. Prompt Formalization

Adapting the formulation in [23], let M denote a pre-trained
LLM. The input to M is a prompt P"™ composed of three
main elements:

« a description of the dataset (Des);

« few-shot examples (E'z), selected to illustrate the target

task;

« the task context (C), specifying the objective of identify-

ing the tokens most relevant to the sentiment prediction.

These components are combined to form the complete
prompt:

PY™M — prompt(Des, Ex, C). (D

Let X = {x1,x9,...,2,,} be a collection of sentences,
where each z; = {wli), wgi)7 . ,wﬁfi)} consists of n; tokens.
For each x;, we provide P“™M to the model M together with
the input sentence. The model then returns a subset 7 (z;) C
x; containing the tokens identified as most relevant to justify
its prediction on z;:

T (i) = M(as; PHY),

In summary, each subset 7 (z;) corresponds to the tokens
within z; that the LLM, when prompted with P**M identifies
as essential for supporting its sentiment classification. We
instantiate P™™ with the following template:

Prompt Template

You are a sentiment analysis assistant working as a classifier for {{DOMAIN}}
reviews.

i=1,2....,m. (2

Your tasks are:

1) Analyze the input sentence and decide "positive” or "negative”.

2) Return "sentiment” as "positive” or "negative”.

3) Provide a review score "review” from 1 to 10. Higher means stronger
approval.

4) Listin "influential terms” the words or phrases directly extracted from
the sentence that were important for the prediction.

5) Include the original review in "input sentence”.

STRICT OUTPUT RULES

o Output must be valid JSON only.
e Do not include Markdown fences or explanations.

"

o Use straight quotes " and escape inner quotes with \".

e Output must start with { and end with }.

o Output must contain exactly these fields, in any order: sentiment, review,
influential terms, input_sentence.

Examples: {{EXAMPLES}}

Some Examples

{"sentiment”:"negative”,

"review":2,

"influential_terms”:["pay-to-win”,"constant crashes"],

"input_sentence"”:"Pay-to-win mechanics, constant crashes
ruined the experience for me."}

{"sentiment”:"positive”,
"review":10,
"influential_terms”:["incredible gameplay”,"”tight
controls”,"runs flawlessly"”],
"input_sentence”:"One of the best games I have ever
played. Tight controls and it runs flawlessly even on
high settings."}

C. Metrics for Auto-Consistency Evaluation

The evaluation of LLM explanations is grounded in the
principle of auto-consistency, defined as the requirement that
a model’s predictive behavior remains coherent with the set of
tokens it designates as influential for its decisions. Formally,
interventions applied to the highlighted subset 7 C x; should
induce variations in the assigned review score that are system-
atic and interpretable, rather than incidental.

This principle is operationalized through three complemen-
tary metrics. Sufficiency evaluates whether the tokens spans in
T, when considered in isolation, are capable of sustaining the
original prediction. Comprehensiveness quantifies the effect of
removing 7 from the input, capturing the extent to which
the prediction deteriorates in their absence. Counterfactuality
assesses the impact of replacing 7 with semantically op-
posite terms, thereby determining whether the inversion of
highlighted tokens substantially alters the decision. Together,
these metrics test whether the model’s self-reported evidence
behaves coherently with its own predictions under controlled
keep/remove/invert interventions. Here’s a specific example
from the Steam dataset of sentence modification:

Original Sentence: “Pay to win. Buggy. Doesn’t deploy Hero’s
to lanes, which is kinda the point of the whole game.”
Sufficiency: “Pay to win. Buggy.”

Comprehensiveness: “Doesn’t deploy Hero’s to lanes, which
is kinda the point of the whole game.”

Counterfactual Replacement: “Not pay to win. Stable.
Doesn’t deploy Hero’s to lanes, which is kinda the point of
the whole game.”

1) Comprehensiveness: Let M be a pre-trained LLM. Con-
sider an input sequence x; = {wy,wa, ..., w,} consisting of
n tokens. Let 7 C x; denote the subset of tokens highlighted
by M, when processing x; under a given prompt, as the most
relevant for explaining its decision.

We denote by RM(JJ) the review score assigned by model
M to input x, represented as a scalar value in the range



[1,10]. This review score is an ordinal signal of favorability
produced by M under a fixed prompt. We use it comparatively
within the same model (original vs. intervened inputs), without
assuming cross-model calibration.

We define the comprehensiveness metric as:

Comprehensiveness(z;, 7) = RM(2;) —RM(z; \ T)  (3)

where x; \ T denotes the input sequence with all tokens in
T removed, and both evaluations are performed by the same
model M on the respective texts. °

2) Sufficiency: Within the previously established frame-
work, we define the sufficiency metric considering the same
model M, the input sequence x;, and the subset of tokens
T C z; highlighted by the LLM as most relevant to its
decision.

Sufficiency is given by:

Sufficiency(z;, T) = RM(2;) — RM(T) 4)

where RM (T) corresponds to the review score resulting
from using only the subset 7 as input. Large differences
between RM(z;) and R™(7') indicate that the highlighted
tokens, when considered in isolation, are not sufficient to
sustain the original decision, thereby suggesting explanatory
insufficiency.

3) Counterfactuality: Within the previously established
framework, we define the counterfactuality metric considering
the same model M, the input sequence z;, and the subset of
tokens 7 C z; highlighted by the LLM as most relevant to its
decision.

Counterfactuality is defined as:

Counterfactuality(z;, 7) = RM(x;) — RM ([T < —=T))
(&)
where x;[T < —7T| denotes the modified input sequence
obtained by replacing the tokens in 7 with their semantic
opposites.

The construction of =7 follows a simple and fully specified
semantic-edit operator [24]. Whenever possible, highlighted
spans are replaced with antonyms retrieved from WordNet [25].
When no suitable antonym exists, we apply a minimal syn-
tactic negation heuristic by prefixing the span with ‘not’. This
defines a minimal, plausible counterfactual editing rule applied
uniformly across models. We acknowledge that such edits
can occasionally produce unnatural phrasing; accordingly, we
interpret counterfactuality as a directional stress test of depen-
dence on 7 rather than as a guarantee of fully natural coun-
terfactual sentences. High values of Counterfactuality(z;, T)

5To ensure a directional interpretation consistent with the predicted label,
we adopt a symmetric transformation of the review differences (AR): when
the sentence is labeled as negative, we compute AR = Riodified — Foriginal5
otherwise, we compute AR = Ryiginal — Rmodified- In this way, positive values
of AR indicate a reduction in the evaluation toward the negative pole—i.e.,
an adverse effect of the intervention on the model’s perception, regardless of
the original label.

indicate stronger functional sensitivity to the highlighted spans
under semantic inversion.

D. Justification

A central element of our methodology is the decision
to assess auto-consistency through observable outputs rather
than through confidence estimates or internal activations.
Confidence/probability-based measures can be misleading in
our setting because they may remain internally self-consistent
under perturbations without testing whether the model’s de-
clared supporting spans have the functional effect the model
implies. Our protocol is self-contained but not tautological:
T (x) acts as the model’s own hypothesis about support, and
the intervention—re-evaluation step provides a falsification test
that can reveal contradictions when outputs fail to change in
the expected direction (or change erratically).

Moreover, the internal representations of proprietary LLMs
are inaccessible in the inference-only setting adopted here,
precluding the application of gradient-based or attention-based
attribution methods. Under these constraints, the only feasible
strategy is to probe consistency through behavioral interven-
tions on the subset 7 (z;) identified as relevant.

Accordingly, our evaluation examines whether removing,
isolating, or semantically altering 7 (z;) produces systematic
and interpretable changes in the scalar review score RM(x).
This design avoids both the circularity of probability-based
measures and the opacity of internal activations, providing
a rigorous and reproducible criterion for assessing the auto-
consistency of LLM explanations.

IV. EVALUATION METRICS

The experimental procedure operates at the level of indi-
vidual sentences, as illustrated in Figure 2. For each input z;,
the model first produces a prediction and identifies a subset
of influential tokens 7 (x;). Interventions are then applied to
construct a modified input z, obtained by retaining, removing,
or semantically inverting 7 (z;). A second evaluation by the
LLM yields an updated score R (), which can be compared
against the original score R (z;) to assess the functional role
of the highlighted tokens.
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Fig. 2. Workflow of interventions and re-evaluations.



While this procedure provides insight into the effect of
interventions at the sentence level, drawing conclusions at the
scale of an entire dataset requires aggregation. We therefore
introduce four complementary measures that summarize con-
sistency across all sentences in a corpus:

o Mean review difference (AR): the average of individual
differences RM(z;) — RM(a!), reflecting the overall
effect of the intervention on the model’s evaluation.

« Standard deviation of differences (o g): the variability
of these differences across sentences.

o Label-flip proportion (m,): the fraction of instances
where the predicted class changes after intervention.

« Directional review reduction (7.q): the proportion of
cases in which the intervention drives the score toward
the opposite sentiment polarity. Formally, let 7™ (z;) €
{positive, negative} denote the label predicted for the
original sentence.

Then:

ar; =

We compute Teq = = >0 | 1[AR; > 0].

RM(z;) — RM(z)), if 9™ (x;) = positive,
RM () — RM(z;), if 9™ (x;) = negative.

V. EXPERIMENTAL RESULTS

Table I reports the outcomes of the sufficiency, compre-
hensiveness, and counterfactuality experiments across IMDB
and Steam. A consistent trajectory emerges for Gemma3:4B,
GPT-40-mini, and Granite8B: highlighted tokens generally
preserve the original decision when isolated, their removal
weakens predictions without systematically overturning them,
and semantic inversion produces stronger shifts, as expected
when the meaning of decisive elements is reversed.

The DeepSeek models deviate from this trajectory. The 1.5B
variant shows instability from the outset, with elevated flip
rates under sufficiency that persist across the other interven-
tions. The 14B variant, in contrast, maintains greater stability
in sufficiency but reacts disproportionately when tokens are
removed or inverted, leading to shifts and class changes
substantially above those observed in the other models.

Taken together, the results distinguish two profiles,
Gemma3, GPT-40-mini, and Granite8B follow the expected
progression of increasing sensitivity across interventions,
whereas the DeepSeek models diverge—one by failing to
preserve stability under sufficiency, the other by exhibiting
excessive volatility under stronger perturbations.

VI. DISCUSSION

Our results show that highlighted influential terms have
model-dependent functional meaning under targeted interven-
tions. Under the same keep/remove/invert protocol, LLMs fall
into distinct auto-consistency regimes that only become clear
when sufficiency, comprehensiveness, and counterfactuality
are analyzed jointly (Table I). Therefore, highlighted spans
are better treated as a hypothesis about decision support than
as feature importance.

TABLE I
SUMMARY OF AUTO-CONSISTENCY METRICS ON THE IMDB AND Steam
DATASETS. SELECTED RESULTS ARE DISCUSSED IN SECTION VI.

IMDB Steam
Model AR OAR Tan (%] Trea [%] AR OAR Tan (%] Trea [%]
Sufficiency
Gemma3:4B 0.02 1.48 38 14.2 0.27 1.84 6.9 16.4
GPT-40-mini -0.28 0.87 0.9 10.5 -0.09 1.33 35 13.3
Granite8B -0.41 1.42 3.8 9.9 0.13 1.89 6.7 21.0
DeepSeek-1.5B 0.66 2.84 29.1 43.6 0.56 291 309 429
DeepSeek-14B -0.26 1.51 13.7 21.0 -0.02 1.75 10.6 223
Comprehensiveness
Gemma3:4B 0.91 1.96 157 321 1.74 2.82 24.5 443
GPT-40-mini 1.21 1.70 19.9 539 1.80 2.71 28.5 50.0
Granite8B 0.54 1.21 6.1 35.1 1.54 2.62 203 48.0
DeepSeek-1.5B 0.55 2.66 39.0 389 0.89 2.88 39.4 443
DeepSeek-14B 0.62 1.42 31.5 442 1.68 2.76 455 455
Counterfactuality
Gemma3:4B 2.04 2.76 324 49.7 2.71 325 415 50.5
GPT-40-mini 243 241 43.6 65.9 228 2.72 38.3 57.0
Granite8B 1.50 2.20 243 535 236 3.14 339 544
DeepSeek-1.5B 0.89 2.51 454 459 1.16 2.87 449 449
DeepSeek-14B 1.90 2.20 494 60.3 2.65 3.08 494 494

This also clarifies why self-explanation is a fragile attri-
bution mechanism. Sufficiency and comprehensiveness probe
different roles: the highlighted subset 7 may be sufficient to
preserve the decision in isolation while not being necessary
when removed, because sentiment evidence is distributed
across the sentence. In our results this appears as a large
gap between sufficiency and removal flips (e.g., GPT-40-mini:
IMDB 7y 0.9% — 19.9%, Steam 3.5% — 28.5%). Addi-
tionally, sufficiency can push scores in the opposite direction
of a strict “importance” reading (GPT-4o0-mini has negative
AR under sufficiency on both datasets), consistent with cases
where isolating highlighted spans removes conflicting context
and increases apparent confidence.

GPT-40-mini still follows the expected ordering of interven-
tion strength, with inversion producing the largest disruption
(IMDB 7, = 43.6%, Steam 38.3%), while Gemma3:4B
and Granite8B show a similar regime with low instability
under sufficiency (IMDB m,, = 3.8% for both), suggest-
ing highlighted spans act as meaningful but often redun-
dant cues. DeepSeek deviates in two ways: DeepSeek-1.5B
is unstable already under sufficiency (IMDB 29.1%, Steam
30.9%), whereas DeepSeek-14B is more stable under suf-
ficiency (IMDB 13.7%, Steam 10.6%) but highly sensitive
under removal (Steam comprehensiveness 7, = 45.5%).

Overall, these findings caution against using LLM self-
reported spans as feature importance without behavioral vali-
dation: the highlighted subset can be sufficient yet not neces-
sary, and it can even yield higher apparent confidence when
isolated. The coupled metrics provide a compact falsifica-
tion test that separates informative-but-partial evidence from
instability under isolation or over-sensitivity under stronger
perturbations.

A. Limitations and Future Work

We evaluate only two sentiment datasets (IMDB and
Steam), so conclusions may not transfer to domains with
different linguistic properties. Our interventions operate at



the token/span level and therefore do not capture higher-
level structure (e.g., discourse or compositional effects). Token
extraction itself can introduce noise, particularly for smaller
models, which may affect metric stability. Counterfactual edits
rely on a heuristic operator (WordNet antonyms or negation)
and may yield unnatural phrasing, so counterfactuality should
be interpreted as a directional stress test rather than a se-
mantically perfect counterfactual. In addition, we position this
study as a diagnostic protocol; therefore we do not benchmark
against external attribution baselines (e.g., length-matched
random spans), and all results are obtained under a single
prompt template.

Future work should broaden coverage to additional datasets
and tasks, add span-agnostic controls (e.g., random or length-
matched spans), refine counterfactual generation with richer
semantic resources, and study sensitivity to alternative prompt
formulations. Combining behavioral metrics with human-
centered evaluation would also clarify when auto-consistency
correlates with explanation usefulness in practice.

Reproducibility Statement

All experiments were run in Python 3.13 on Ubuntu 24.04.3
LTS. The codebase and prompts will be released after the re-
view process. We use IMDB and Steam reviews, and evaluate
open-source LL.Ms (Gemma3, Granite8B, DeepSeek 1.5B/14B
via Ollama) plus GPT-40-mini via the OpenAl API. This setup
supports replication and extensions to other datasets, models,
and prompt variants.
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