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Abstract
Large language models (LLMs) are increasingly used to generate self-explanations alongside their predictions, a
practice that raises concerns about the faithfulness of these explanations, especially in low-resource languages. This
study evaluates the faithfulness of LLM-generated explanations in the context of emotion classification in Persian, a
low-resource language, by comparing the influential words identified by the model against those identified by human
annotators. We assess faithfulness using confidence scores derived from token-level log-probabilities. Two prompting
strategies, differing in the order of explanation and prediction (Predict-then-Explain and Explain-then-Predict), are
tested for their impact on explanation faithfulness. Our results reveal that while LLMs achieve strong classification
performance, their generated explanations often diverge from faithful reasoning, showing greater agreement with
each other than with human judgments. These results highlight the limitations of current explanation methods and
metrics, emphasizing the need for more robust approaches to ensure LLM reliability in multilingual and low-resource

contexts.
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1. Introduction

The widespread adoption of large language models
(LLMSs), both open-source and proprietary, has in-
creased the demand for interpretability in real-world
applications. A key feature of many LLMs is their
ability to generate natural language explanations
for predictions, known as self-explanations.

Recent studies have introduced methods for gen-
erating and evaluating self-explanations in high-
resource languages like English, primarily using
auto-regressive LLMs (Huang et al., 2023; Mad-
sen et al., 2024). The quality of these explanations
depends on the model’'s grasp of textual context,
linguistic nuances, and culturally embedded mean-
ings (Liu et al., 2024).

An open question remains: in low-resource lan-
guages, where capturing linguistic nuances is more
challenging, do self-explanations accurately rep-
resent the model’'s decision-making? With LLMs’
growing capabilities in diverse linguistic contexts,
addressing this is crucial.

To explore this, we evaluate the faithfulness of
self-explanations in Persian, focusing on emotion
detection. Using a Persian emotion-labeled cor-
pus with formal and informal samples, we assess
challenges in both language understanding and
explanation generation.

Our analysis uses auto-regressive LLMs, which
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identify keywords from the input as explanations for
their predictions. We adopt two paradigms: Predict-
then-Explain (P-E) and Explain-then-Predict (E-P)
(Camburu et al., 2018), to explore the relationship
between explanations and predictions. By isolating
influential words, we assess the model’s reasoning
by measuring changes in predictions and confi-
dence when these words are added or removed.

Previous work has often relied on self-reported
confidence, where models express certainty
through natural language explanations or specific
words (Huang et al., 2023). However, empirical
evidence shows that self-reported confidence es-
timates often diverge from calibrated confidence
estimates, limiting their reliability for faithfulness
evaluation (Zhou et al., 2024).

To overcome this limitation, we utilize token-
level log-probabilities obtained through APl access
to compute more grounded confidence estimates
(Xue et al., 2024). Throughout our analysis, we ob-
serve a consistent tendency toward overconfident
predictions, which can distort faithfulness assess-
ments. Accordingly, we apply temperature scaling
(Guo et al., 2017), a post hoc calibration technique
to improve the reliability of confidence estimates
derived from token-level log-probabilities. These
calibrated scores are then used to evaluate the
faithfulness of self-explanations through a set of
quantitative metrics.

While recent studies have explored the alignment
between human reasoning and model-generated
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explanations (Venkatesh et al., 2024), research is
limited for low-resource languages. To address this,
we investigate whether self-explanations in Persian
align with human reasoning, a key step in evaluat-
ing LLM interpretability and reliability across diverse
linguistic and cultural contexts. We designed a two-
stage human annotation process that mirrors the
output format of the models, enabling direct and
fair comparisons with their explanations.

2. Related Work

2.1. Feature Attribution Methods

Recent work in explainable Al has focused on en-
hancing the interpretability of LLMs through fea-
ture attribution, which identifies input elements
that most influence model outputs. Two main ap-
proaches have emerged. One involves analyzing
the model’s sensitivity to small perturbations in
input features, including gradient-based methods
(Kindermans et al., 2016; Shrikumar et al., 2017),
which trace relevance through internal model mech-
anisms. These methods are considered model-
specific or analytical explanations. However, they
typically require access to model weights, attention
maps, or input gradients, assumptions that do not
hold for closed-source LLMs, making them inappli-
cable in our setting.

Another approach to defining feature importance
in LLMs is perturbation-based analysis, where in-
put tokens, identified by model explanations, are
altered to assess their impact on model predictions.
Methods like LIME (Ribeiro et al., 2016) and SHAP
(Lundberg and Lee, 2017) capture non-linear inter-
actions by perturbing multiple tokens and assign-
ing importance through linear regression (LIME)
or Shapley values (SHAP). Recent adaptations for
LLMs include TokenSHAP for Shapley-based token
attribution (Horovicz and Goldshmidt, 2024) and
studies on LIME’s explainability across model sizes
(Heyen et al., 2024).

We adopt a model-compatible approach to fea-
ture attribution by prompting the LLM to generate
self-explanations, identifying the most influential to-
kens for its prediction. Unlike gradient- or attention-
based methods, this strategy directly elicits the
model’s reasoning in natural language or extrac-
tive form. We evaluated the quality of these self-
explanations by masking the identified tokens and
measuring their impact on predictions. This work
extends recent studies, as discussed in the follow-

ing.

2.2. Self-Explanations via Input Token
Attribution in LLMs

Randl et al. (2025) examines whether lightweight
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LLMs (up to 8B parameters, like Gemma and
Llama3-8B) can reliably generate self-explanations
as influential words or phrases. The study, focusing
on (P-E) paradigm, compares these explanations
primarily with gradient-based methods. Although
tasks like food hazard classification and sentiment
analysis are explored, the lack of benchmarking on
more widely-used models like GPT limits the gen-
eralizability to high-performing, real-world LLMs.

Huang et al. (2023) prompt ChatGPT to identify
the top-k most important tokens for binary senti-
ment classification and evaluate the faithfulness
of these self-explanations using metrics like com-
prehensiveness, sufficiency, and decision flip rate
(DFMIT). They compare self-explanations with tra-
ditional methods like LIME (Slack et al., 2020) and
occlusion (Li et al., 2017), exploring both E-P and
P-E paradigms. Notably, their evaluation relies on
confidence scores generated by the model itself, a
potentially unreliable method not based on internal
probabilities.

Venkatesh et al. (2024) offers a complementary
perspective by using eye-tracking to compare hu-
man, ML, and LLM-derived explanations in text
classification. They extract top words from each
source, LLM attributions, attention-based models,
and human gaze saliency, to measure alignment.
Unlike our method, they rely on implicit gaze behav-
ior rather than explicitly asking humans to identify
influential tokens, marking a key methodological
distinction.

Madsen et al. (2024) uses a redaction-based
consistency framework to assess explanation relia-
bility, focusing on prediction flips. While it explores
counterfactual explanations, it lacks models like
GPT and human annotations, distinguishing it from
our study.

2.3. Research Gap

To the best of our knowledge, there is no exist-
ing work that performs confidence estimation us-
ing the model’s log probabilities for evaluating self-
explanations and subsequently calibrating these
estimates to improve explanation quality. Further-
more, research on emotion detection in Persian,
a resource-limited language, is lacking, which this
study aims to address.

3. Methodology

This section outlines the experimental design used
to evaluate the faithfulness of self-explanations gen-
erated by LLMs for emotion classification in Persian.
We detail our interaction protocol with LLMs, the
explanation extraction strategies employed, the ap-
proach to estimating model confidence and calibrat-
ing confidence, the structure of the human anno-



tation process, and the evaluation metrics used to
assess explanation faithfulness and human agree-
ment.

3.1. Interaction Protocol for
Auto-regressive LLMs

Auto-regressive LLMs generate text sequentially,
predicting one token at a time based on prior con-
text. This left-to-right process enhances coherence
and context awareness, making them well-suited for
natural language generation. Built on transformer
architectures, these models use self-attention to
capture long-range dependencies.

In our experiments, we accessed each LLM
through its API using a standardized prompting
protocol with three distinct roles:

* System: specifies high-level instructions that
govern the behavior of the model across all
tasks.

* User: provides task-specific queries,
prompts, or instructions.

* Assistant: generates responses, including
classifications and explanations, based on the
given instructions and queries.

This structured protocol ensures consistency in
model behavior and output formatting throughout
all stages of evaluation.

3.2. Explanation Extraction Approaches
for the Classification Task

We use LLMs for emotion classification on a
Persian-labeled corpus while generating self-
explanations that identify influential words support-
ing each prediction. To examine how the order of
explanation and prediction affects model behavior
and explanation quality, we adopt two prompting
paradigms from Camburu et al. (2018):

» Explain-then-Predict (E-P): The model first
extracts the top-k most influential words from
the input text and outputs them as an explana-
tion. In a subsequent turn of the same conver-
sation, the model predicts the emotion label
while having access to these words through
the dialogue context.

* Predict-then-Explain (P-E): The model first
predicts the emotion label from the input text
and then generates an explanation by identi-
fying the top-k influential words supporting its
decision.

Under both paradigms, the model assigns each
input to one of six emotion categories: Sadness (0),
Happiness (1), Anger (2), Surprise (3), Hatred (4),

and Fear (5), returning only the corresponding nu-
meric label. Explanations are restricted to the top-k
influential words appearing in the original Persian
input to ensure textual alignment.

In the E-P setting, the influential words are gener-
ated in an earlier turn and remain available through
the chat history. During the classification step, the
model receives the full input text together with this
contextual information (see Table 12 in Appendix D).
In contrast, in the P-E setting, the model first classi-
fies the full input and then produces the influential
words explaining its prediction (see Table 11 in Ap-
pendix D).

To evaluate the faithfulness of these explana-
tions, we measure model predictions and confi-
dence under three input formats:

* Full-text: the original input text.

» Top-k only: the input contains only the ex-
tracted influential words.

» Top-k removed: all occurrences of the influ-
ential words in the original input are replaced
with a fixed placeholder token [removed]’.

Each condition is evaluated in a fresh conversa-
tion consisting only of system and user messages
to avoid contamination from previous turns.

If the model maintains its prediction when only
the influential words are provided, the explanation
is considered sufficient. Conversely, substantial
changes in prediction or confidence after removing
these words indicate that they capture important
evidence used in the decision process. These ef-
fects are quantified using the faithfulness metrics
described in Section 3.5.

3.3. Confidence Estimation and
Calibration

Evaluating the faithfulness of self-generated expla-
nations requires reliable confidence estimates in
the model’s predictions. We use token-level log-
probabilities of predicted labels, transforming them
into normalized confidence scores (0 to 1).

To address the overconfidence of LLMs’ proba-
bility estimates, we apply temperature scaling (Guo
et al., 2017), a post-hoc calibration method. This
introduces a scalar parameter, Temperature, opti-
mized on a held-out calibration set by minimizing
the Expected Calibration Error (ECE). The optimal
temperature is then applied to the model’s output
probabilities during evaluation, improving the reli-
ability of confidence estimates for faithfulness as-
sessment.

Persian equivalent used in the modified text: Csi>
0d.
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The ECE is computed as:
ECE = % @|acc(8 )—conf(B,) (1)
*m=1 n m m

where B,, denotes the set of predictions whose
confidence scores fall into the m-th bin. To construct
the bins, the confidence interval [0,1] is partitioned
into M equal-width sub-intervals

and each prediction with confidence p; is assigned
to bin B, if p; € I,,. Here, n is the total number of
samples, acc(B,) is the average accuracy of bin
B, and conf(B,,) is the average confidence in that
bin.

3.4. Human Annotation Process

To allow for a fair comparison with the model, we
implemented a two-stage human annotation pro-
cess that closely mirrors the structure of the LLM-
generated outputs.

Twenty-five native Persian speakers participated
as annotators, providing emotion classifications
and influential words in a format consistent with
the model’s output. Unlike the model, annotators
selected the top-k influential words and classified
texts without a specific order, reflecting human
decision-making. We did not require adherence
to the E-P or P-E paradigms or collect explicit confi-
dence scores, as these are not naturally expressed
in human annotation.

In the first stage, each annotator received a dis-
tinct subset of full-text samples, classifying each
into one of six emotion categories and identifying
the top-k influential words guiding their decision.

In the second stage, annotators classified two
modified versions of previously unseen samples:
(1) one with only the top-k influential words, and (2)
one with the top-k words replaced by a placeholder
token. Each version was classified into one of the
six emotion categories.

To prevent familiarity bias and ensure decisions
were based solely on the presented text, each anno-
tator was assigned a unique set of samples in both
stages. Additionally, all annotations underwent sec-
ondary verification, where they were cross-checked
and validated by other annotators for consistency
and correctness.

3.5. Evaluation Metrics

To evaluate the faithfulness of explanations gener-
ated by the underlying LLMs and human annotators,
we employ a set of established evaluation metrics.
In addition, we measure the pairwise agreement

between model- and human-generated explana-
tions. The metrics used in this study are detailed
below.

3.5.1. Faithfulness Metrics

Comprehensiveness measures the impact of the
most influential words on a model’s prediction by
removing them and observing the change in con-
fidence (DeYoung et al., 2020). The score is the
difference in confidence before and after removal,
with a higher score indicating a more faithful expla-
nation.

Sufficiency measures whether the most influen-
tial words alone can drive the model’s prediction
with the same confidence (DeYoung et al., 2020).
It is calculated as the difference in confidence be-
tween the full-text input and the input containing
only the influential words. A lower score indicates
higher sufficiency, meaning the influential words
alone are nearly sufficient for the prediction.

Decision Flip Rate (Top-k Only) measures the
model’s reliance on broader context by quantify-
ing how often its prediction changes when only
the top-k influential words are retained. Noted as
DFopkonly it averages the prediction flips across
all samples. Higher values indicate that the se-
lected words alone are insufficient to reproduce
the original decision, suggesting a greater need for
contextual information.

Decision Flip Rate (Top-k Removed) quanti-
fies how often a model’s prediction changes when
its most influential words are replaced with place-
holders (Chrysostomou and Aletras, 2021). Noted
as DFtopkRremoved. it calculates the average rate of
prediction flips across the dataset, reflecting the
model’s sensitivity to key input words. Higher val-
ues indicate greater reliance on these words, high-
lighting their critical role in decision-making.

3.5.2. Agreement Metrics

Feature Agreement measures the overlap be-
tween the top-k most influential features identified
by two different explanation methods. It is calcu-
lated as the fraction of common features between
the two sets of top-k features. Higher values indi-
cate greater alignment in what both sources con-
sider important, suggesting stronger agreement in
explanatory focus (Krishna et al., 2024).

Intersection-over-Union (loU) measures the
similarity between two sets of top-k influential fea-
tures by comparing their intersection relative to their
union. It is defined as

IANB|

where A and B are the feature sets under com-
parison. Values range from 0 (no overlap) to 1
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Model Predict-then-Explain (P-E) Explain-then-Predict (E-P)
Precision Recall F1-Score Accuracy | Precision Recall F1-Score Accuracy
GPT-40 81 78 77 77 78 75 74 75
GPT-4-turbo 75 72 70 72 74 68 67 68
Llama3.3-70B-instruct 74 65 61 65 79 62 59 62
DeepSeek-V3 58 65 60 65 71 62 59 62
Human Annotators 69 66 67 66 69 66 67 66

Table 1: Comparison of classification performance in P-E and E-P settings. All metrics are reported as

percentages.

(perfect overlap). Higher values indicate stronger
agreement between the two explanation methods
in terms of the features they identify as important.

4. Experiments and Results

4.1. Experimental Setup

Following our methodology, we selected a set
of LLMs that offer access to token-level log-
probabilities via their official APls. These mod-
els vary in architecture and scale, with parame-
ter counts ranging from approximately 70 billion to
over one trillion. Specifically, our experiments used
Llama3.3-70B-instruct (Grattafiori et al., 2024) (70B
parameters), DeepSeek-V3 (et al., 2025) (671B pa-
rameters), GPT-4-turbo (et al., 2024a), and GPT-40
(et al., 2024b), both estimated to have over one tril-
lion parameters.

We conducted our experiments on a subset of the
ARMANEMO dataset (Mirzaee et al., 2025), a man-
ually annotated Persian corpus for emotion detec-
tion in both formal and colloquial text. ARMANEMO
comprises over 7,000 sentences labeled with six
emotion categories and an additional OTHER class
for out-of-scope emotions. To ensure focused eval-
uation, we excluded Other-labeled samples and
curated a balanced evaluation set of 300 instances
(about 50 per emotion). An additional disjoint set
of 210 samples (35 per emotion) was used for tem-
perature scaling to calibrate model confidence.

To select an appropriate value for k, we con-
ducted a small-scale empirical analysis on a subset
of the data. While dynamic values based on text
length were initially considered, they often under-
performed: many short texts contained multiple
influential words, and low & values failed to cap-
ture them all. To address this, we chose a fixed
k =5 for all samples. Although this may introduce
less informative words in shorter texts, it ensures
emotionally salient words are not missed, which is
crucial for generating faithful and comprehensive
explanations.

4.2. Emotion Classification Performance

Table 1 reports macro-level classification per-
formance across the E-P and P-E prompting
paradigms. Consistently, P-E outperforms E-P
across all models, suggesting that predicting before
explaining leads to better results, echoing findings
by Huang et al. and Camburu et al..

As shown, ChatGPT-family models outperform
even human annotators, particularly in terms of
accuracy and F1-score. In contrast, Llama3.3-70B-
instruct and DeepSeek-V3 underperform relative
to humans with a slight difference, highlighting cur-
rent limitations in their ability to interpret Persian
emotional content comparing to ChatGPT-family
models. The comparatively lower performance of
human annotators does not necessarily indicate in-
ferior emotional interpretation but rather highlights a
fundamental characteristic of the evaluation bench-
mark. Many texts in the dataset express a mix
of emotions, where the ’gold’ label represents a
majority vote. An LLM, as a probabilistic model,
is optimized to predict the most statistically likely
outcome, i.e. the majority label. In contrast, a hu-
man annotator might legitimately identify a valid but
secondary emotion and be marked as ’incorrect’
by a benchmark that only accepts a single answer.
Thus, the models’ superior scores may reflect their
alignment with the benchmark’s majoritarian nature
more than a 'truer’ understanding of the emotional
content.

Table 2 provides a detailed comparison of model
performance by emotion category under the E-P
and P-E settings. GPT-family models show rel-
atively stable results across both paradigms, in-
dicating robustness in handling subtle or context-
dependent emotions. Generally, E-P yields higher
F1-scores for Happiness, Fear, and Sadness, while
P-E performs better for Anger and Hatred. The Sur-
prise category poses consistent challenges across
models, likely due to its nuanced and context-
sensitive expression in Persian, often involving
tone, sarcasm, or ambiguity. Misclassifications of
Surprise frequently map to Anger or Happiness.
Notably, DeepSeek-V3 fails to correctly classify
any samples from the Surprise category in the E-
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Model Metric Sadness Happiness Anger Surprise Hatred Fear
P-E E-P P-E E-P P-E E-P P-E E-P P-E E-P P-E E-P
Precision 79 70 94 96 58 55 92 95 90 70 74 81
GPT-40 Recall 63 71 90 96 92 76 46 40 75 78 100 88
F1-Score 70 70 92 96 71 64 61 56 82 74 77 84
Precision 81 74 90 89 51 42 81 94 79 55 69 87
GPT-4-turbo Recall 25 54 86 96 82 49 60 34 86 92 94 85
F1-Score 38 62 83 92 63 45 69 50 82 69 80 86
Precision 68 79 45 100 65 89 69 77 37 100 100 94
Llama3.3-70B-instruct Recall 69 96 90 04 63 71 67 94 100 10 35 65
F1-Score 69 8 60 08 64 79 68 85 54 18 52 77
Precision 66 75 79 83 43 35 00 100 71 48 91 87
DeepSeek-V3 Recall 73 58 96 96 78 43 00 08 82 88 62 81
F1-Score 69 65 86 89 55 39 00 15 76 62 74 84
Precision 62 95 50 71 55 82
Human Annotators Recall 63 82 67 54 67 65
F1-Score 63 88 57 61 60 72

Table 2: Comparison of classification Performance across P-E and E-P paradigms for each emotion
separately on full-text samples. All metrics are reported as percentages.

P setup, highlighting the difficulty of detecting this
emotion class. Additionally, a high degree of confu-
sion between Anger and Hatred suggests substan-
tial semantic and affective overlap, complicating
their disambiguation.

4.3. Process for Collecting Explanations

To collect self-explanations, both language models
and human annotators were asked to identify the
top 5 most influential words contributing to their
emotion classification. All selected words had to
exactly match those in the original input.

4.4. Improving Confidence Estimation

To improve the reliability of confidence estimates for
explanation faithfulness, we applied temperature
scaling independently for each model and prompt-
ing paradigm. A grid search over the range [0.1,
21.0] with a 0.1 step size identified the optimal tem-
perature on a calibration set, which was then ap-
plied to the evaluation set.

Table 3 shows that temperature scaling signifi-
cantly reduces ECE across all models and prompt-
ing paradigms. These improvements generalize
well to the evaluation set, indicating that the cali-
brated temperatures effectively correct the models’
overconfident predictions.

Model Dataset & Scaling ECE
P-E E-P
Pre-Scale Calib. Set 23.26 25.04
GPT-40 Post-Scale Calib. Set 6.20 6.68
Post-Scale Eval. Set 4.83 6.64
Pre-Scale Calib. Set 36.96 37.22
GPT-4-turbo Post-Scale Calib. Set 6.90 3.57
Post-Scale Eval. Set 4.99 11.52
Pre-Scale Calib. Set 43.19 47.31
Llama3.3- .
70B-instruct Post-Scale Calib. Set 2.36 3.57
Post-Scale Eval. Set 1.40 4.15
Pre-Scale Calib. Set 39.26 37.40
DeepSeek-V3 Post-Scale Calib. Set 7.73 5.78
Post-Scale Eval. Set 5.96 5.57

Table 3: Temperature optimization and calibration
results across models, reported as percentages.

4.5. Faithfulness Evaluation

We assess how explanation sequencing affects
the faithfulness of self-generated explanations by
comparing the E-P and P-E prompting paradigms
across different LLMs.

Faithfulness is evaluated under both pre- and
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Model Comp (T) Suff (l) DI:TopKRemoved (T) DI:TopKOnIy (l)
Predict-then-Explain (P-E)
GPT-40 27.42 8.08 38.00 22.00
GPT-4-turbo 17.76 -1.57 53.33 24.33
Llama3.3-70B-instruct 7.96 7.84 30.33 29.33
DeepSeek-V3 18.80 12.74 39.67 29.00
Explain-then-Predict (E-P)
GPT-40 22.82 24.76 31.67 36.00
GPT-4-turbo 24.36 24.56 43.00 37.67
Llama3.3-70B-instruct 12.22 18.59 27.00 42.00
DeepSeek-V3 28.77 22.08 48.33 30.00
Human Annotators - - 53.33 39.00

Table 4: Faithfulness comparison of underlying LLMs in P-E and E-P settings, after confidence calibration.

All metrics are reported as percentages.

post-calibration settings. As discussed in Sec-
tion 4.4, calibration improves the reliability of confi-
dence scores, notably enhancing Sufficiency in the
P-E setting. This effect is primarily due to temper-
ature scaling reducing overall confidence values,
with higher-confidence predictions being scaled
down more aggressively.

Since predictions based on the full-text input typ-
ically have higher confidence than those based on
either the top-k words only or the top-k words re-
moved, calibration narrows the confidence gap be-
tween these modes. As a result, Sufficiency, which
measures how well the top-k words alone preserve
the model’s confidence, tends to increase. How-
ever, the same compression in confidence scores
reduces the gap between the full-text input and
the top-k words removed input, leading to lower
Comprehensiveness.

As shown in Table 4, most models exhibit greater
explanation faithfulness under the P-E setup. This
aligns with prior findings on English-language
datasets (Huang et al., 2023), suggesting that gen-
erating explanations after predictions yields more
faithful results, even for Persian emotion classifi-
cation. DeepSeek-V3 is a notable exception, per-
forming better when influential words are identified
before prediction. However, Llama3.3-70B-instruct
consistently shows weaker faithfulness across both
paradigms, with a notable decline in comprehen-
siveness after calibration, possibly due to its signif-
icantly smaller size compared to the other models.

In the P-E setup, While no single model
outperforms across all metrics, clear patterns
emerge: GPT-40 leads in comprehensiveness and
DFopkonly, Whereas GPT-4-turbo excels in suffi-
ciency and DFtopkRremoved- These results suggest
that both models are more effective in identifying
the most influential words in their predictions. But

Unexpectedly, in the E-P setting, DeepSeek-V3 out-
performes other models in most metrics.

Interestingly, and contrary to expectations, GPT-
4-turbo produces more confident predictions when
given only the identified influential words, without
additional context.

Compared to the models, human annotators per-
form well on DFtopkRremoved, iNdicating that their
emotion predictions rely heavily on the identified in-
fluential words, and removing these often changes
their decisions.

4.6. Agreement Evaluation between LLM
and Human Reasoning

Figure 1 shows the agreement between model-
generated and human-annotated top-k words, us-
ing Feature Agreement and Intersection over Union
(loU) as metrics. These scores are computed un-
der both E-P and P-E prompting paradigms. To
ensure fair comparison, agreement is measured
only on instances where both agents assigned the
same label to the input text.

Agreement scores are consistently higher in the
P-E setting, indicating that post-prediction expla-
nations align better with other models and human
annotators. This highlights the impact of prompting
order, motivating our exclusive focus on the P-E
setting in subsequent analyses.

Model-to-model agreement exceeds 50%, reflect-
ing moderate consistency in identifying top-k influ-
ential words. GPT-40 and DeepSeek-V3 exhibit
the highest mutual agreement, suggesting similar
interpretive strategies. In contrast, model-human
agreement is consistently lower, highlighting fun-
damental differences in how humans and models
prioritize influential words.

The consistently higher model-to-model agree-
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Figure 1: Comparison of explanation agreement metrics between human annotators and model explana-

tions under both P-E and E-P prompting paradigms.

ment compared to model-human agreement sug-
gests that LLMs may be converging on similar
reasoning strategies, even when trained indepen-
dently. This likely reflects their reliance on shared
statistical regularities or keyword-based heuristics
present in the training data, which makes their ex-
planations mutually consistent. Humans, by con-
trast, draw on semantic understanding, pragmatic
cues, and cultural context when identifying influen-
tial words, leading to explanations that often diverge
from model-generated rationales. This divergence
underscores a central challenge in explainability:
achieving faithfulness requires more than internal
model alignment; it demands bridging the gap be-
tween statistical shortcuts and the richer, context-
driven reasoning used by humans. Notably, this
finding reinforces our earlier hypothesis in Sec. 4.2,
where we argued that LLMs’ superior benchmark
performance reflects alignment with majoritarian
statistical patterns rather than deeper semantic un-
derstanding. Taken together, these results highlight
a systematic difference in how humans and LLMs
reason about text. The challenge is especially pro-
nounced in low-resource settings, where limited
training data may aggravate reliance on shallow cor-

relations, further widening the gap between model
and human explanations.

4.7. Qualitative Analysis

While quantitative metrics offer useful benchmarks,
they cannot fully capture why model explanations di-
verge from human reasoning, even when both yield
the same label. Our qualitative examination of rep-
resentative Persian samples reveals a consistent
trend: humans emphasize affective or colloquial
cues, whereas models attend to semantically cen-
tral but emotionally neutral words. This reflects a
broader limitation of large language models, their
reliance on lexical salience over socio-emotional
understanding. Such divergence is particularly pro-
nounced in low-resource, colloquial-rich languages
like Persian, underscoring the need for models that
better integrate pragmatic and cultural cues.

5. Conclusion

We assessed the faithfulness of self-generated ex-
planations from several auto-regressive LLMs using
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token-level log-probability analysis. Models were
prompted to identify their top-k influential words in
emotion classification tasks on a Persian dataset,
comparing the prompting paradigms E-P and P-E.
Faithfulness metrics and agreement with human
annotations were used for evaluation.

Temperature scaling improved model calibra-
tion, enhancing the alignment of model confidence
with prediction reliability. GPT-family models out-
performed native Persian annotators, showcasing
their strength in low-resource languages, though
no model achieved high faithfulness metrics. This
suggests either the models’ limitations in producing
faithful explanations or the inadequacy of the cho-
sen explanation strategy and evaluation metrics.

Models showed higher agreement with each
other than with human annotations, indicating a di-
vergence in reasoning. The P-E paradigm yielded
more accurate classifications, faithful explanations,
and closer alignment with human annotations, sug-
gesting that post-hoc rationalization improves ex-
planation quality.

These findings highlight the importance of model
architecture and prompting strategy in generating
faithful self-explanations. Future work should ex-
plore alternative explanation strategies and refine
faithfulness metrics, as well as expand research to
diverse datasets, languages, and tasks for more
robust evaluations.

6. Limitations

Our study has several limitations. First, we could
not evaluate locally hosted models due to the high
computational and memory demands of large-scale
white-box models. Additionally, few models offer
token-level log-probabilities through official APIs,
limiting comparative analysis.

Second, our prompting paradigm introduces lim-
itations. Although we used consistent prompts
across models, LLMs’ sensitivity to phrasing means
different formulations could yield different predic-
tions or explanations. Their inherent stochasticity
may also lead to slight variations across runs, even
under identical settings. While we carefully de-
signed the prompts, we cannot guarantee perfect
alignment with model interpretation.

Third, our formulation of emotion classification
inherits the dataset’s single-label setup, which may
be an overly simple operationalization of emotion.
Many texts plausibly express mixed or overlapping
affective states, and it is not clear that humans nat-
urally judge such inputs according to a single dis-
crete label (or a one-dimensional notion of emotion),
which can affect both human-model comparisons
and agreement measurements.

Fourth, our explanation format is intentionally
constrained to top-k influential words, which may

under-specify the rationale and make comparisons
with human explanations less explicit. In partic-
ular, the observed tendency of models to agree
more with each other than with humans may partly
reflect shared training data characteristics and simi-
lar learning paradigms across contemporary LLMs,
whereas humans rely on substantially different ex-
periential data and less well-characterized learning
processes, an asymmetry our current setup does
not isolate.

Finally, the metrics employed are proxies and
may not fully capture alignment with the models’
internal reasoning. Therefore, our findings do not
suggest that LLMs are incapable of faithful self-
explanation, but rather that, under the specific
strategies and metrics used in this study, they often
fall short.

7. Bibliographical References

Oana-Maria Camburu, Tim Rocktédschel, Thomas
Lukasiewicz, and Phil Blunsom. 2018. e-SNLI:
Natural Language Inference with Natural Lan-
guage Explanations. In S. Bengio, H. Wallach,
H. Larochelle, K. Grauman, N. Cesa-Bianchi,
and R. Garnett, editors, Advances in Neural In-
formation Processing Systems 31, pages 9539—
9549. Curran Associates, Inc.

George Chrysostomou and Nikolaos Aletras. 2021.
Improving the Faithfulness of Attention-based Ex-
planations with Task-specific Information for Text
Classification. In Proceedings of the 59th Annual
Meeting of the Association for Computational Lin-
guistics and the 11th International Joint Confer-
ence on Natural Language Processing (Volume
1: Long Papers), pages 477—488, Online. Asso-
ciation for Computational Linguistics.

Jay DeYoung, Sarthak Jain, Nazneen Fatema
Rajani, Eric Lehman, Caiming Xiong, Richard
Socher, and Byron C. Wallace. 2020. ERASER:
A Benchmark to Evaluate Rationalized NLP Mod-
els. In Proceedings of the 58th Annual Meeting
of the Association for Computational Linguistics,
pages 4443-4458, Online. Association for Com-
putational Linguistics.

DeepSeek-Al et al. 2025. DeepSeek-V3 Technical
Report.

OpenAl et al. 2024a. GPT-4 Technical Report.
OpenAl et al. 2024b. GPT-40 System Card.

Aaron Grattafiori, Abhimanyu Dubey, Hugo Tou-
vron, Angela Fan, Gabriel Synnaeve, Sergey
Edunov, Armen Aghajanyan, Thomas Scialom,
Roberta Raileanu, Soumith Chintala, and Meta
Al. 2024. The Llama 3 Herd of Models.

568


https://proceedings.neurips.cc/paper_files/paper/2018/file/4c7a167bb329bd92580a99ce422d6fa6-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2018/file/4c7a167bb329bd92580a99ce422d6fa6-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2018/file/4c7a167bb329bd92580a99ce422d6fa6-Paper.pdf
https://doi.org/10.18653/v1/2021.acl-long.40
https://doi.org/10.18653/v1/2021.acl-long.40
https://doi.org/10.18653/v1/2021.acl-long.40
https://doi.org/10.18653/v1/2020.acl-main.408
https://doi.org/10.18653/v1/2020.acl-main.408
https://doi.org/10.18653/v1/2020.acl-main.408
http://arxiv.org/abs/2412.19437
http://arxiv.org/abs/2412.19437
http://arxiv.org/abs/2303.08774
http://arxiv.org/abs/2410.21276
http://arxiv.org/abs/2407.21783

Chuan Guo, Geoff Pleiss, Yu Sun, and Kilian Q.
Weinberger. 2017. On Calibration of Modern Neu-
ral Networks. In Proceedings of the 34th Interna-
tional Conference on Machine Learning - Volume
70, ICML17, page 1321-1330. JMLR.org.

Henning Heyen, Amy Widdicombe, Noah Ya-
mamoto Siegel, Philip Colin Treleaven, and Maria
Perez-Ortiz. 2024. The Effect of Model Size
on LLM post-hoc Explainability via LIME. In
ICLR 2024 Workshop on Secure and Trustworthy
Large Language Models.

Miriam Horovicz and Roni Goldshmidt. 2024. To-
kenSHAP: Interpreting Large Language Models
with Monte Carlo Shapley Value Estimation. In
Proceedings of the 1st Workshop on NLP for
Science (NLP4Science), pages 1-8, Miami, FL,
USA. Association for Computational Linguistics.

Shiyuan Huang, Siddarth Mamidanna, Shreed-
har Jangam, Yilun Zhou, and Leilani H. Gilpin.
2023. Can Large Language Models Explain
Themselves? A Study of LLM-Generated Self-
Explanations.

Pieter-dan Kindermans, Kristof Schitt, Klaus-
Robert Miller, and Sven Déhne. 2016. Inves-
tigating the Influence of Noise and Distractors on
the Interpretation of Neural Networks.

Satyapriya Krishna, Tessa Han, Alex Gu, Steven
Wu, Shahin Jabbari, and Himabindu Lakkaraju.
2024. The Disagreement Problem in Explainable
Machine Learning: A Practitioner’s Perspective.
Transactions on Machine Learning Research.

Jiwei Li, Will Monroe, and Dan Jurafsky. 2017. Un-
derstanding Neural Networks through Represen-
tation Erasure.

Chen Liu, Fajri Koto, Timothy Baldwin, and Iryna
Gurevych. 2024. Are Multilingual LLMs Culturally-
diverse Reasoners? An Investigation into Multi-
cultural Proverbs and Sayings. In Proceedings
of the 2024 Conference of the North American
Chapter of the Association for Computational Lin-
guistics: Human Language Technologies (Vol-
ume 1: Long Papers), pages 2016—2039, Mexico
City, Mexico. Association for Computational Lin-
guistics.

Scott M Lundberg and Su-In Lee. 2017. A Uni-
fied Approach to Interpreting Model Predictions.
In Advances in Neural Information Processing
Systems, volume 30. Curran Associates, Inc.

Andreas Madsen, Sarath Chandar, and Siva Reddy.
2024. Are Self-explanations from Large Lan-
guage Models Faithful? In Findings of the Asso-
ciation for Computational Linguistics: ACL 2024,

pages 295-337, Bangkok, Thailand. Association
for Computational Linguistics.

Hossein Mirzaee, Javad Peymanfard,
Hamid Habibzadeh Moshtaghin, and Hos-
sein Zeinali. 2025. ArmanEmo: a Persian
Dataset for Text-based Emotion Detection.
Language Resources and Evaluation.

Korbinian Randl, John Pavlopoulos, Aron Henriks-
son, and Tony Lindgren. 2025. Evaluating the Re-
liability of Self-explanations in Large Language
Models. In Discovery Science, pages 36-51,
Cham. Springer Nature Switzerland.

Marco Tulio Ribeiro, Sameer Singh, and Carlos
Guestrin. 2016. "why Should | Trust You?": Ex-
plaining the Predictions of Any Classifier. In Pro-
ceedings of the 22nd ACM SIGKDD International
Conference on Knowledge Discovery and Data
Mining, KDD ’16, page 1135-1144, New York,
NY, USA. Association for Computing Machinery.

Avanti Shrikumar, Peyton Greenside, and Anshul
Kundaje. 2017. Learning Important Features
Through Propagating Activation Differences. In
Proceedings of the 34th International Conference
on Machine Learning - Volume 70,1CML17, page
3145-3153. JMLR.org.

Dylan Slack, Sophie Hilgard, Emily Jia, Sameer
Singh, and Himabindu Lakkaraju. 2020. Fooling
LIME and SHAP: Adversarial Attacks on Post
hoc Explanation Methods. In Proceedings of
the AAAI/ACM Conference on Al, Ethics, and
Society, AIES '20, page 180—186, New York, NY,
USA. Association for Computing Machinery.

Jeevithashree Divya Venkatesh, Aparajita Jaiswal,
and Gaurav Nanda. 2024. Comparing Human
Text Classification Performance and Explainabil-
ity with Large Language and Machine Learning
Models Using Eye-tracking. Scientific Reports,
14:14295.

Boyang Xue, Hongru Wang, Rui Wang, Sheng
Wang, Zezhong Wang, Yiming Du, Bin Liang,
and Kam-Fai Wong. 2024. A Comprehensive
Study of Multilingual Confidence Estimation on
Large Language Models.

Kaitlyn Zhou, Jena Hwang, Xiang Ren, and
Maarten Sap. 2024. Relying on the Unreliable:
The Impact of Language Models’ Reluctance to
Express Uncertainty. In Proceedings of the 62nd
Annual Meeting of the Association for Compu-
tational Linguistics (Volume 1: Long Papers),
pages 3623—-3643, Bangkok, Thailand. Associa-
tion for Computational Linguistics.

569


https://proceedings.mlr.press/v70/guo17a.html
https://proceedings.mlr.press/v70/guo17a.html
https://openreview.net/forum?id=D1dN1AdHOy
https://openreview.net/forum?id=D1dN1AdHOy
https://doi.org/10.18653/v1/2024.nlp4science-1.1
https://doi.org/10.18653/v1/2024.nlp4science-1.1
https://doi.org/10.18653/v1/2024.nlp4science-1.1
http://arxiv.org/abs/2310.11207
http://arxiv.org/abs/2310.11207
http://arxiv.org/abs/2310.11207
http://arxiv.org/abs/1611.07270
http://arxiv.org/abs/1611.07270
http://arxiv.org/abs/1611.07270
https://openreview.net/forum?id=jESY2WTZCe
https://openreview.net/forum?id=jESY2WTZCe
http://arxiv.org/abs/1612.08220
http://arxiv.org/abs/1612.08220
http://arxiv.org/abs/1612.08220
https://doi.org/10.18653/v1/2024.naacl-long.112
https://doi.org/10.18653/v1/2024.naacl-long.112
https://doi.org/10.18653/v1/2024.naacl-long.112
https://proceedings.neurips.cc/paper_files/paper/2017/file/8a20a8621978632d76c43dfd28b67767-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2017/file/8a20a8621978632d76c43dfd28b67767-Paper.pdf
https://doi.org/10.18653/v1/2024.findings-acl.19
https://doi.org/10.18653/v1/2024.findings-acl.19
https://doi.org/10.1007/s10579-025-09817-4
https://doi.org/10.1007/s10579-025-09817-4
https://doi.org/10.1007/978-3-031-78977-9_3
https://doi.org/10.1007/978-3-031-78977-9_3
https://doi.org/10.1007/978-3-031-78977-9_3
https://doi.org/10.1145/2939672.2939778
https://doi.org/10.1145/2939672.2939778
http://proceedings.mlr.press/v70/shrikumar17a.html
http://proceedings.mlr.press/v70/shrikumar17a.html
https://doi.org/10.1145/3375627.3375830
https://doi.org/10.1145/3375627.3375830
https://doi.org/10.1145/3375627.3375830
https://doi.org/10.1038/s41598-024-65080-7
https://doi.org/10.1038/s41598-024-65080-7
https://doi.org/10.1038/s41598-024-65080-7
https://doi.org/10.1038/s41598-024-65080-7
http://arxiv.org/abs/2402.13606
http://arxiv.org/abs/2402.13606
http://arxiv.org/abs/2402.13606
https://doi.org/10.18653/v1/2024.acl-long.198
https://doi.org/10.18653/v1/2024.acl-long.198
https://doi.org/10.18653/v1/2024.acl-long.198

Model Input Format Average Reduction
P-E E-P
Full-text 16.60 12.17
GPT-40 Top-k only 8.77 7.07
Top-k removed 12.32 9.85
Full-text 39.03 20.65
GPT-4-turbo Top-k only 17.85 10.95
Top-k removed 9.67 5.03
Full-text 36.82 35.22
Llama3.3 oo kony 1871 14.99
70B-instruct
Top-k removed 17.71 22.71
Full-text 33.16 25.38
DeepSeek-V3 Top-k only 21.39 24.89

Top-k removed 18.48 14.34

Table 5: Average model confidence score reduc-
tion of before and after temperature scaling on the
evaluation set. Results are reported across differ-
ent input formats (full-text, top-k only, and top-k
removed) and prompting paradigms (P-E and E-
P). Larger reductions reflect stronger correction of
overconfident predictions. The results are reported
as percentages.

A. Human Annotation Protocol and
Participant Details

Human annotations were collected from a group of
25 native Persian speakers, all undergraduate stu-
dents in computer science and computer engineer-
ing. Participants included both male and female
students and were recruited from an academic envi-
ronment on a voluntary basis. All participants were
informed about the purpose of the study and how
their annotations would be used.

All annotations were gathered using Google
Forms. In the first stage, annotators were assigned
unique subsets of full-text samples. For each in-
stance, they classified the text into one of six emo-
tion categories and selected the top-k influential
words guiding their decision, following translated
versions of the same instructions provided to the
LLMs.

In the second stage, annotators were presented
with two modified versions of previously unseen
samples: (1) a sparse-input version containing only
the top-k words, and (2) a masked-input version in
which the top-k words were replaced by a place-
holder token. As in the first stage, they classified
each input into one of the six emotion categories.

To maintain annotation quality and prevent fa-

miliarity bias, no annotator saw the same instance
across both stages. All annotations were indepen-
dently verified through cross-checking by fellow
annotators to ensure consistency and correctness.
All participants consented to contribute voluntarily,
and their responses were anonymized.

B. Calibration Impact on Confidence
Scores

Table 5 summarizes the average reduction in con-
fidence scores across input types and prompting
paradigms. Reductions were most pronounced for
full-text inputs, producing the largest confidence
decreases.

C. Faithfulness Evaluation Before
Calibration

Table 6 presents the self-explanation faithful-
ness metrics for all models under both prompting
paradigms, prior to confidence calibration. These
results provide a baseline for understanding the
raw behavior of each LLM before post-processing
adjustments to confidence scores.

D. Prompt Templates for API-Based
LLM Interactions

This section outlines the standardized prompt tem-
plates used to interact with LLMs during evaluation.
All interactions followed a structured role-based
format involving system, user, and assistant
messages.

Table 7 shows the prompt used for classifying the
full input text. Table 8 illustrates how we extracted
the top-k influential words (self-explanations), with-
out requesting an emotion label. Table 9 presents
the prompt used to classify based solely on the
extracted influential words. Table 10 contains the
prompt used for classification after masking these
words in the original input.

Table 11 and 12 consolidates the full interac-
tion flow under the Predict-then-Explain (P-E) and
Explain-then-Predict (E-P) paradigm for a single
evaluation sample, including the Persian input text,
Chat GPT-40 model outputs, and word masking
stages.

Note that in rare instances (fewer than 1%) where
the model output did not conform to the expected
format (e.g., producing additional text), these sam-
ples were discarded to ensure the integrity and
consistency of our reported metrics.
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Model Comp (T) Suff (l) DI:TopKRemoved (T) DI:TopKOnIy (l)
Predict-then-Explain (P-E)
GPT-40 31.7 15.91 38.00 22.00
GPT-4-turbo 4711 19.60 53.33 24.33
Llama3.3-70B-instruct 27.08 25.95 30.33 29.33
DeepSeek-V3 33.48 24.52 39.67 29.00
Explain-then-Predict (E-P)
GPT-40 25.13 29.86 31.67 36.00
GPT-4-turbo 39.98 34.26 43.00 37.67
Llama3.3-70B-instruct 24.73 38.81 27.00 42.00
DeepSeek-V3 39.82 22.57 48.33 30.00
Human Annotators - 53.33 39.00

Table 6: Faithfulness comparison of underlying LLMs in P-E and E-P settings, before confidence calibration.

All metrics are reported as percentages.
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Figure 2: Confusion matrices of Human Annotator
performance.

E. Emotion Prediction Confusion
Matrices

Figure 3 displays the confusion matrices for all eval-
uated models under both P-E and E-P prompting
conditions. Figure 2 shows the corresponding con-
fusion matrix for human annotators.

F. Reliability Diagrams

To visually assess the impact of temperature scal-
ing on confidence calibration, we present reliability
diagrams for both the calibration and evaluation
sets. For visualization, we used the implementa-
tion provided by Guo et al. (2017), available at their
official GitHub repository? with 20 bins for all mod-
els and prompting paradigms.

Prior to calibration, the models exhibit significant

2https://github.com/hollance/
reliability-diagrams?tab=readme-ov-file
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overconfidence. Most predictions have confidence
scores close to 1, while actual accuracy lags be-
hind, as shown by the noticeable gap between the
red confidence bars and the black accuracy bars
in the diagrams. This misalignment results in high
Expected Calibration Error (ECE) values.

After applying temperature scaling, this discrep-
ancy is substantially reduced. The confidence
scores become more evenly distributed across the
[0, 1] interval, and the gap between predicted con-
fidence and actual accuracy narrows considerably.
This leads to a marked reduction in ECE and a
better-calibrated model, where confidence scores
are more trustworthy indicators of predictive accu-
racy.

This improvement generalizes to the evaluation
set as well. Using the temperature parameters
optimized for each model on the calibration set,
we observe a similar alignment between the confi-
dence of each model and accuracy in evaluation,
confirming the effectiveness of temperature scaling
across datasets.

G. Qualitative Examples of
Human-Model Divergence

As shown in Table 6, GPT-family models (GPT-
40 and GPT-4-turbo) consistently outperform
Llama3.3-70B-instruct and DeepSeek-V3 in faithful-
ness metrics. For this reason, the qualitative exam-
ples presented here focus exclusively on GPT mod-
els in comparison with human annotations. This
enables us to better isolate the key differences be-
tween state-of-the-art model explanations and hu-
man reasoning.

Across examples, we observe that models often
prioritize topical or semantically central terms, while
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Figure 3: Confusion matrices of different models in both P-E and E-P paradigms
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Role

Content

system

You are an emotion classifier. You must classify the emotion and output the top influential words in CSV
format. For classifying, you are strictly required to output only one of the following English numbers: 0, 1,
2, 3, 4, or 5. No other output is acceptable. For top influential words, you can only output Persian words
in the text.

user

Classify the following text into one of the categories: 'Sadness’:0, 'Happiness’:1, ’Anger’:2, 'Surprise’:3,
"Hatred’:4, 'Fear’:5. For each class, output the mapped number. Only output an English number showing
the class of the text. Make sure not to output any other character. Text:

Table 7: The prompt used for the LLM for emotion classification of the original text

Role

Content

system

You are an emotion classifier. You must classify the emotion and output the top influential words in CSV
format. For classifying, you are strictly required to output only one of the following English numbers: 0, 1,
2, 3, 4, or 5. No other output is acceptable. For top influential words, you can only output Persian words
in the text.

user

List the top K most influential words that contributed to this classification in CSV format (in a single line). |
don’t want you to classify in this stage. Only give me top K words. Make sure to provide only K Persian
words which they exist in the original text and don’t output any other token. Here is an example output:
word1,word2,word3,word4,word5 Text:

Table 8: The prompt used for the LLM to get the most influential words from the original text as the

self-explanation

human annotators highlight colloquial, affective,
and contextually charged words. This divergence
helps explain why model explanations, though com-
putationally faithful, may still fail to align with human
reasoning.

Table 13 presents representative samples com-
paring GPT-4-turbo and human annotations under
both Predict-then-Explain (P-E) and Explain-then-
Predict (E-P) settings. We observe that GPT-4-
turbo frequently highlights structurally or themat-
ically relevant words (e.g., ;s5uls @ "well-read”,
=ikl @ "your mom"), whereas human annotators
consistently point to affective slang or evaluative
markers (e.g., ,5: "tupid", .5 : "mess") as decisive
signals of emotion. Even in positive cases, such
as texts labeled Happiness, humans emphasize in-
tensifiers like oLz ("may it increase") that convey
strong cultural and emotional resonance, while the
model focuses on neutral topical references such
as named entities.

Table 14 provides analogous examples for GPT-
40. Here we see a similar trend: the model tends
to select broad or structural indicators of senti-
ment (e.g., JX:iwe @ "problem”, sL.é @ "corruption”),
whereas humans privilege direct insults, sarcasm,
and culturally salient cues (e.g., ,> : "stupid", X.
: "dog"). In surprise or fear cases, GPT-40 often
highlights neutral topical markers like ,lsqs ("chart")
or c.sl.sl ("humanity"), while humans select emo-
tionally charged expressions such as cs, o, ("l
was shocked") or Y4.» ("monster”).

Taken together, these qualitative cases illustrate

that even the most underlying faithful GPT-family
models remain misaligned with human reasoning
when interpreting emotional language. The gap
arises primarily from underweighting colloquial, af-
fective, and culturally grounded expressions, fea-
tures that are especially critical in low-resource and
slang-rich languages like Persian.
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Role Content

system  You are an emotion classifier. You are provided with some influential words that have been extracted from
the text. You must classify the emotion based only on these words. For classifying, you are strictly required
to output only one of the following English numbers: 0, 1, 2, 3, 4, or 5. No other output is acceptable.

user Classify the following text into one of the categories: 'Sadness’:0, 'Happiness’:1, ’Anger’:2, 'Surprise’:3,
"Hatred”:4, 'Fear’:5. For each class output the mapped number. Only output an English number showing
the class of the text. Make sure not to output any other character. Text:

Table 9: The prompt used for the LLM for emotion classification of the top-k most influential words alone

Role Content

system  You are an emotion classifier. In the text, some influential words have been replaced with the placeholder
[removed]. You must classify the emotion based on the text, considering these [removed] words as part of
the context. For classifying, you are strictly required to output only one of the following English numbers:
0,1, 2, 3, 4, or 5. No other output is acceptable.

user Classify the following text into one of the categories: 'Sadness’:0, 'Happiness’:1, ’Anger’:2, 'Surprise’:3,
"Hatred’:4, 'Fear’:5. For each class output the mapped number. Only output an English number showing
the class of the text. Make sure not to output any other character. Text:

Table 10: The prompt used for the LLM for emotion classification after replacing the top-k most influential
words in the original text with placeholders
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Figure 4: Reliability diagrams of the Chat GPT-40 model under P-E paradigm.
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Figure 5: Reliability diagrams of the Chat GPT-40 model under E-P paradigm.
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Role Content

system You are an emotion classifier. You must classify the emotion and output the top influential words in CSV
format. For classifying, you are strictly required to output only one of the following English numbers: 0,
1, 2, 3, 4, or 5. No other output is acceptable. For top influential words, you can only output Persian
words in the text.

user Classify the following text into one of the categories: 'Sadness’:0, 'Happiness’:1, 'Anger’:2, 'Surprise’:3,
'Hatred’:4, 'Fear’:5. For each class, output the mapped number. Only output an English number
showing the class of the text. Make sure not to output any other character.

ﬁd)d&‘b‘u.\.\yudLﬁ.w‘l)5Mu?&bﬁ‘f&ééﬁbudfwrpjo&o)ma
assistant 1

user Then, list the top K most influential words that contributed to this classification in CSV format (in a
single line). Make sure to provide only K Persian words that exist in the original text and don’t output
any other token.

ﬁ&M‘Q‘umPudw|bsc\.&u?le> uoosoudpr.‘so 'o)_'>r.._va
assistant  aslol, Lol g, 0,5 e, er°

system You are an emotion classifier. You are provided with some influential words that have been extracted
from the text. You must classify the emotion based only on these words. For classifying, you are strictly
required to output only one of the following English numbers: 0, 1, 2, 3, 4, or 5. No other output is
acceptable.

user Classify the following text into one of the categories: 'Sadness’:0, 'Happiness’:1, 'Anger’:2, 'Surprise’:3,
'Hatred’:4, 'Fear’:5. For each class output the mapped number. Only output an English number showing
the class of the text. Make sure not to output any other character. Text:

Text: aslsl, Glesl, g5, o5 P
assistant 1

system You are an emotion classifier. In the text, some influential words have been replaced with the placeholder
[oous 83>]° You must classify the emotion based on the text, considering these [o 0i 33>]%Words as
part of the context. For classifying, you are strictly required to output only one of the following English
numbers: 0, 1, 2, 3, 4, or 5. No other output is acceptable.

user Classify the following text into one of the categories: 'Sadness’:0, 'Happiness’:1, 'Anger’:2, 'Surprise’:3,
'Hatred’:4, 'Fear’:5. For each class output the mapped number. Only output an English number showing
the class of the text. Make sure not to output any other character.
Text: pol Lis ool 1) 8als aigs [oad Bd] jumigl adl b, 0S8 jaiisl a5 olgdus sl (gl [0 B3]
Bix] Huig o [oads Bda] b g ad [oud Bdo] ol il e 0o g ole B pies 135 0 0,00 500 ¥ sl

poy [ous @

assistant 0

4 Translation: "My heart wants that feeling where my mind is so free, I'm so engrossed in reading the literary
masterpieces of the world, and suddenly at 3 o’clock | look at the window and see snow falling, and my mood
gets many times better, and | continue reading with enthusiasm." Transliteration: delam un hali-o mikhad ke
onghadr fekram raha bashe, onghadr sargarm-e khundan-e shahkéara-ye adabi-ye donya basham, s&’at-e 3
yeho be panjare negah konam, bebinam barf miyad, va dah-ha barébar halam khub she, va bé eshtiaq be
khundan edame bedam.

b Translation: edame ’continuation’, eshtiaq ’enthusiasm’, khub 'good’, sargarm ’engaged’, delam 'my heart’.

¢ Translation: "Removed" Explanation: hazf shode.

d Translation: "[removed] wants that feeling where my mind is so free, I'm so [removed] in reading the literary
masterpieces of the world, and suddenly at 3 o’clock | look at the window and see snow falling, and my mood
gets many times [removed], and | continue reading with [removed]." Transliteration: [hazf shode] un hali-o
mikhad ke onghadr fekram raha bashe, onghadr [hazf shode] khundan-e shahkara-ye adabi-ye donya basham,
s&’at-e 3 yeho be panjare negah konam, bebinam barf miyad, va dah-ha barabar halam [hazf shode] she, va ba
[hazf shode] be khundan [hazf shode] bedam.

Table 11: This table illustrates the complete interaction protocol between system, user, and assistant
roles for a single data sample during evaluation. It covers the Predict-then-Explain (P-E) paradigm across
four stages: (1) standard classification, (2) influential word extraction, and (3) classification using only

influential words (4) classification using modified input with influential words removed.
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Role Content

system You are an emotion classifier. You must classify the emotion and output the top influential words in CSV
format. For classifying, you are strictly required to output only one of the following English numbers: 0,
1, 2, 3, 4, or 5. No other output is acceptable. For top influential words, you can only output Persian
words in the text.

user List the top K most influential words that contributed to this classification in CSV format (in a single
line). Make sure to provide only K Persian words that exist in the original text and don’t output any
other token.

ﬁd)d&‘b‘u.\.\yudLﬁ.w‘l)5Mu?&bﬁ‘f&ééﬁbudfwrpjo&o)ma
assistant  aalsl, sLsl, Gg3, o3 e, @I

user Then, Classify the following text into one of the categories: 'Sadness’:0, 'Happiness’:1, 'Anger’:2,
"Surprise’:3, 'Hatred’:4, 'Fear’:5. For each class, output the mapped number. Only output an English
number showing the class of the text. Make sure not to output any other character.

ﬁ&M‘Q‘umPudw|bsc\.&u?le> uoosoudpr.‘so 'o)_'>r.._va
assistant 1

system You are an emotion classifier. You are provided with some influential words that have been extracted
from the text. You must classify the emotion based only on these words. For classifying, you are strictly
required to output only one of the following English numbers: 0, 1, 2, 3, 4, or 5. No other output is
acceptable.

user Classify the following text into one of the categories: 'Sadness’:0, 'Happiness’:1, 'Anger’:2, 'Surprise’:3,
'Hatred’:4, 'Fear’:5. For each class output the mapped number. Only output an English number showing
the class of the text. Make sure not to output any other character. Text:

Text: aslsl, Glesl, g5, o5 P
assistant 1

system You are an emotion classifier. In the text, some influential words have been replaced with the placeholder
[oous 83>]° You must classify the emotion based on the text, considering these [o 0i 33>]%Words as
part of the context. For classifying, you are strictly required to output only one of the following English
numbers: 0, 1, 2, 3, 4, or 5. No other output is acceptable.

user Classify the following text into one of the categories: 'Sadness’:0, 'Happiness’:1, 'Anger’:2, 'Surprise’:3,
'Hatred’:4, 'Fear’:5. For each class output the mapped number. Only output an English number showing
the class of the text. Make sure not to output any other character.
Text: pol Lis ool 1) 8als aigs [oad Bd] jumigl adl b, 0S8 jaiisl a5 olgdus sl (gl [0 B3]
Bix] Huig o [oads Bda] b g ad [oud Bdo] ol il e 0o g ole B pies 135 0 0,00 500 ¥ sl

poy [ous @

assistant 0

4 Translation: "My heart wants that feeling where my mind is so free, I'm so engrossed in reading the literary
masterpieces of the world, and suddenly at 3 o’clock | look at the window and see snow falling, and my mood
gets many times better, and | continue reading with enthusiasm." Transliteration: delam un hali-o mikhad ke
onghadr fekram raha bashe, onghadr sargarm-e khundan-e shahkéara-ye adabi-ye donya basham, s&’at-e 3
yeho be panjare negah konam, bebinam barf miyad, va dah-ha barébar halam khub she, va bé eshtiaq be
khundan edame bedam.

b Translation: edame ’continuation’, eshtiaq ’enthusiasm’, khub 'good’, sargarm ’engaged’, delam 'my heart’.

¢ Translation: "Removed" Explanation: hazf shode.

d Translation: "[removed] wants that feeling where my mind is so free, I'm so [removed] in reading the literary
masterpieces of the world, and suddenly at 3 o’clock | look at the window and see snow falling, and my mood
gets many times [removed], and | continue reading with [removed]." Transliteration: [hazf shode] un hali-o
mikhad ke onghadr fekram raha bashe, onghadr [hazf shode] khundan-e shahkara-ye adabi-ye donya basham,
s&’at-e 3 yeho be panjare negah konam, bebinam barf miyad, va dah-ha barabar halam [hazf shode] she, va ba
[hazf shode] be khundan [hazf shode] bedam.

Table 12: This table illustrates the complete interaction protocol between system, user, and assistant
roles for a single data sample during evaluation. It covers the Explain-then-Predict (E-P) paradigm across
four stages: (1) influential word extraction, (2) standard classification, and (3) classification using only

influential words (4) classification using modified input with influential words removed.
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Figure 8: Reliability diagrams of the Chat Llama3.3-70B-instruct model under P-E paradigm.
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Figure 10: Reliability diagrams of the DeepSeek-V3 model under P-E paradigm.
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Figure 11: Reliability diagrams of the DeepSeek-V3 model under E-P paradigm.
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Setting Label Model (Top-k Words) Human (Top-k Words)
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Table 13: Representative Persian samples comparing GPT-4-turbo and human-identified influential words
under Predict-then-Explain (P-E) and Explain-then-Predict (E-P) settings.

Setting Label Model (Top-k Words) Human (Top-k Words)
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Table 14: Representative Persian samples comparing GPT-40 and human-identified influential words
under Predict-then-Explain (P-E) and Explain-then-Predict (E-P) settings.
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