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Abstract
We investigate multilingual sentiment analysis and interpretability across high- and low-resource languages,
focusing on Amharic, English, German, and Hausa. Our study evaluates encoder-only transformer models
for both sequence-level sentiment classification and token-level attribution using Captum. Additionally, we
assess zero- and few-shot decoder-only models for sequence-level sentiment prediction. Our results show
that few-shot decoder-only models outperform encoder-only models on token-level sentiment classification
in most languages, with the exception of Hausa, where a multilingual encoder-based model leads. For
sequence-level sentiment classification, encoder-only models generally achieve strong performance
across most languages, but decoder-only models are highly competitive, and may even surpass encoders,
in the high-resource settings (German, English) and low-resource scenarios, depending on the prompting
strategy. These findings highlight the utility of combining fine-tuned transformer models with prompt-
based large language models to build interpretable sentiment analysis systems across both low- and
high-resource languages. The SAINT dataset, annotation guideline, and evaluation scripts can be found

at https://github.com/uhh-hcds/SAINT.

1. Introduction

Sentiment analysis represents a core topic
within Natural Language Processing (NLP) that
identifies and classifies opinions and emotional
content expressed in textual data. The prolifer-
ation of user-generated content on platforms
such as social media, customer reviews, and
digital communications has positioned senti-
ment analysis as an essential analytical tool.
Sentiment analysis now serves critical func-
tions across business intelligence, public opin-
ion research, and social science research, pro-
viding insights that connect textual data to hu-
man emotional responses in structured, action-
able formats (Alam et al., 2025).

As sentiment analysis models are increas-
ingly deployed in real-world applications, it is
crucial not only to achieve high predictive ac-
curacy but also to ensure that their predictions
are interpretable and transparent. Interpretabil-
ity enables users to understand and trust how

these models arrive at their decisions, particu-
larly in sensitive domains. Although recent de-
velopments in transformer-based models have
significantly enhanced sentiment classification
in high-resource languages such as English
and German, many low- and medium-resource
languages remain underrepresented. Con-
sequently, particularly from an interpretability
standpoint, there is an increasing need to eval-
uate how sentiment analysis models perform
across both high-resource and low-resource
language settings (Kokhlikyan et al., 2020;
Ribeiro et al., 2016; Miglani et al., 2023).

Ensuring that sentiment analysis models pro-
vide comprehensible and transparent predic-
tions is especially important for low-resource
languages, where limited linguistic infrastruc-
ture can obscure biases and systematic errors
(Dossou et al., 2022). When users understand
the reasons behind a model’s sentiment classi-
fications, whether neutral, negative, or positive,
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they are better equipped to validate results and
trust model behavior, particularly in domains
such as customer service, social media mon-
itoring, political opinion analysis, and so on
(Ribeiro et al., 2016; Kokhlikyan et al., 2020).

In this study, we focus on sentiment explain-
ability across diverse language settings, eval-
uating four languages with different resource
levels: English and German (high-resource),
Hausa (medium-/low-resource), and Amharic
(low-resource). We assess both encoder-
only fine-tuned transformer models (BERT-
base, BERT-base-german (Devlin et al., 2019),
XLM-RoBERTa-base (Conneau et al., 2020),
AfroXLMR-large (Dossou et al., 2022), and
AfroXLMR-social (Belay et al., 2025)) as well
as decoder-only large language models in a
zero- and few-shot setting (GPT-40-mini (Ope-
nAl et al., 2024b), GPT-4.1-mini (OpenAl et al.,
2025b), gpt-0ss-120b (OpenAl et al., 2025a),
Qwen3-32b (Team et al., 2025) and LIaMA-3.3-
70B-it (Grattafiori et al., 2024; Meta, 2024)).
We evaluate both sequence-level sentiment
classification and token-level sentiment
classification by fine-tuning encoder models,
as well as conducting zero- and few-shot classi-
fication with LLMs. For interpretability, we em-
ploy the Captum (Miglani et al., 2023) library
to compute token-level attributions for senti-
ment predictions, providing insight into which
input tokens most strongly influence model de-
cisions. This attribution analysis helps explain
the reasoning behind model outputs (see Sec-
tion 6.3 for details).

Our key contributions are as follows:

1. We conduct a comprehensive compara-
tive analysis of sentiment explainability in
English, German, Amharic, and Hausa us-
ing encoder-only fine-tuned models and
decoder-only models with zero- and few-
shot settings.

2. We implement sequence-level sentiment
classification and fine-tune encoder-only
models for token-level sentiment classi-
fication, and further provide token-level
interpretation using Captum-based attri-
bution methods.

3. We highlight challenges and differences
in interpretability across languages, re-
source levels, and model types.

4. We have created an annotated multilingual
sentiment explainability dataset, SAINT,
to advance research in interpretability.

This work is guided by the following research
questions:

1. RQ1: How do transformer models differ
in their ability to explain sentiment predic-
tions in high, medium, and low-resource
languages?

2. RQ2: Do decoder-only generative models
provide more human-understandable ex-
planations than encoder-only attribution
methods?

3. RQ3: What are the challenges of achiev-
ing reliable interpretability for both encoder
and decoder models in high- and low-
resource language settings?

Through these investigations, we aim to pro-
vide an in-depth understanding of explainable
sentiment analysis across linguistically diverse
settings.

Note that in this work, we use the term span-
level and token-level interchangeably, where
both refer to a natural language word-level an-
notation, which is different from subword or
subtoken units known in the transformer-based
tokenizer.

2. Related Work

Sentiment analysis has progressed signifi-
cantly, transitioning from lexicon-based and
classical machine learning approaches, such
as SVMs and logistic regression, to deep learn-
ing architectures like CNNs to Transformer
based approaches. However, these earlier
models struggled with capturing long-range
dependencies and contextual semantics in un-
structured, multilingual data (Geislinger, 2024).

The advent of transformer-based models
like BERT (Devlin et al., 2019) has greatly
improved performance across NLP tasks by
enabling better context-aware representations.
Multilingual models such as mBERT and XLM-
R (Conneau et al., 2020) extended this capa-
bility to multiple languages, enabling transfer
learning, with continual training or finetuning
(Belay et al., 2025), for low-resource settings.



AfroXLMR, a variant of XLM-R, specifically fine-
tuned for African languages including Amharic
and Hausa (Dossou et al., 2022), represents
an important step toward inclusion of under-
represented languages in NLP research.

While significant work exists in multilingual
sentiment classification, much less attention
has been given to the interpretability of these
models, especially across languages with dif-
ferent resource levels. Most prior work either
focuses on model performance or uses mono-
lingual interpretability approaches, which do
not generalize well to cross-lingual or token-
level sentiment insights.

Interpretability methods such as LIME
(Ribeiro et al., 2016) and SHAP (Lundberg and
Lee, 2017) have been widely used, but are
often computationally expensive and model-
agnostic. In contrast, the Captum library
(Kokhlikyan et al., 2020) offers efficient, model-
specific explainability techniques, which are
well-suited for transformer models.

In parallel, the emergence of large-scale
decoder-only language models such as GPT
(OpenAl et al., 2024a), Llama (Grattafiori et al.,
2024), gpt-oss (OpenAl et al., 2025a), and
Qwen (Team et al., 2025) has introduced new
possibilities for multilingual sentiment analy-
sis in zero-shot or few-shot settings. These
models can not only perform classification with-
out explicit fine-tuning but also generate natu-
ral language rationales for predictions. How-
ever, their performance in resource-diverse lan-
guages such as Amharic, English, German,
and Hausa, and their ability to provide reliable
explanations, remain underexplored.

3. Data Collection and Annotation

Annotating sentiment analysis data with ex-
plainability, here identifying not only the overall
sentiment but also the specific positive and
negative spans, and their associated entities,
is a highly complex and time-consuming task.
To ensure high-quality and consistent annota-
tions, we deliberately avoided the traditional
crowdsourcing approach, which is often feasi-
ble for standard sentiment tasks but less reli-
able for fine-grained, explainable annotations.
Instead, we employed one trained expert anno-
tator per language. Rather than compensating

on a per-instance basis, we hired these ex-
pert annotators for a period of three months,
during which they participated in data collec-
tion, adapted the Potato annotation tool for our
needs (see Figure 1), and carried out the de-
tailed annotations (Pei et al., 2022). Through-
out the process, more than three co-authors of
this paper were actively involved in overseeing,
reviewing, and validating the annotations to en-
sure accuracy and consistency. Hence, as is
common practice in expert-driven annotation
workflows for complex tasks, we do not report
inter-annotator agreement, as we relied on a
trained annotator and consistently checked the
quality by the co-authors.

All annotations are performed at both the
sequence level (labeling overall sentiment as
Positive, Negative, or Neutral) and the token/s-
pan level, where specific sentiment expres-
sions and their contextual targets or objects
(such as named entities) were annotated for
fine-grained analysis.

Lvaccine |isn't just rfailing  it's a [ spectacular fail | Just as

RT @USER The,
predicted, it | makes the next wave far worse]. Doctors say vac...

Highlight which words or phrases make the sentence negative or positive. If

the sentiment is neutral, do not highlight.

O positive
negative
0 postive object

O negative object

O neutral

Figure 1: English Sentiment Interpretability An-
notation task example

3.1. Amharic Dataset

The Amharic dataset comprises 1,519 social
media and news comments collected from X
(formerly Twitter; we use data from before 2023,
when Twitter data was allowed for research),
and regional news platforms. These posts re-
flect a broad spectrum of public opinion on
political developments, social tensions, and
cultural narratives within Ethiopian discourse.

3.2. English Dataset

The English dataset consists of 1,501 so-
cial media posts selected from our study on
anti-vaccination discourse. Unlike the other



dataset, these posts mostly focus on one topic,
but they reflect a broad spectrum of functional
styles, including texts aimed at expressing opin-
ions, sharing stories, or promoting products
and services.

3.3. German Dataset

For the German language, we curated a
dataset of 1,498 social media posts sourced
from publicly available social media platforms
such as X(Twitter) and Reddit. These posts
cover a wide range of topics, including geopol-
itics, social debates, and cultural commentary,
ensuring a diverse and context-rich represen-
tation of public sentiment.

3.4. Hausa Dataset

The Hausa dataset consists of 1,879 com-
ments sourced from online forums, regional
news portals, and social media platforms. The
dataset captures sentiments on the political,
religious, and cultural identity domains where
Hausa is widely used throughout West Africa.

The summarized data statistics with
60:10:30 (train, dev, and test, respectively)
splitting ratio are shown in Table 1, and the
detailed class-level sentiment distributions are
shown in Figure 2.

Language Train Dev Test Total
Ambharic (amh) 912 153 454 1,519
English (eng) 899 151 451 1,501
German (deu) 899 150 449 1,498
Hausa (hau) 1,127 189 563 1,879

Table 1: Dataset statistics: number of anno-
tated sentences across languages.

4. Experimental Setup

We employ a combination of encoder-only
transformer models and decoder-only large
language models (LLMs) to study multilingual
sentiment explainability. This dual setup en-
ables us to evaluate both traditional supervised
fine-tuning and prompt-based inference.
Encoder-only Transformers: For English
we use Roberta-base and XLM-Roberta-base

1200 A .
I Negative
1000 - Positive
Neutral
800
o+
5
o 600 -
O
400 A
200 A
0 - T T T T
amh deu eng hau
Languages

Figure 2: Data statistics across languages and
sentiment labels.

models. For German, we use BERT-base-
german, a monolingual BERT variant pre-
trained on large German corpora. For Amharic
and Hausa, we employ AfroXLMR (Dossou
etal., 2022) and AfroXLMR-Social (Belay et al.,
2025), a multilingual transformer specifically
fine-tuned for African languages. Both mod-
els are fine-tuned on our annotated datasets
for sequence-level and token-level sentiment
classification. We also use the Captum library
(Kokhlikyan et al., 2020) to provide gradient-
based interpretability for these transformer
models.

Decoder-only LLMs: We also evaluate gen-
erative models such as GPT-4.1-mini, GPT-4o0,
LLaMA 3.3, gpt-oss, and Qwen3 in a zero- and
few-shot setting. These models are not fine-
tuned on our datasets; instead, handcrafted
prompts are designed to elicit sentiment pre-
dictions at both the sequence and token levels.

Finetuning Strategy: For the encoder-only
models, we employed both monolingual and
multilingual fine-tuning approaches. In mono-
lingual fine-tuning, each model is trained sep-
arately on the training split of its target lan-
guage, as indicated in Table 1. For multilin-
gual fine-tuning, the training and development
splits from all languages are merged to create
a larger and more diverse training set. Mod-
els fine-tuned under this setting are exposed
to linguistic variety during training, but evalu-
ation is still performed on the original test set
for each language to ensure fair comparisons.
This dual approach allows us to assess the
impact of monolingual versus multilingual train-



ing on both overall performance and model
generalization.

Comparative Setup: This architecture
choice allows us to contrast supervised fine-
tuning with encoder-only transformers’ against
prompt-based inference using decoder-only
LLMs. While transformers are efficient for
structured classification and feature-level at-
tribution, LLMs offer flexible interpretability
through explanations and reasoning steps. To-
gether, these complementary approaches high-
light interpretability gaps across architectures,
languages, and resource levels.

5. Task Formulations

Sequence Classification: The goal is to clas-
sify the overall sentiment of a given text as
Positive, Negative, or Neutral. In this task,
the model takes the entire sentence or post
and predicts a single label. Sequence-level
classification provides a high-level overview
of sentiment trends, which is useful for appli-
cations such as social media monitoring, cus-
tomer feedback analysis, and public opinion
tracking. By evaluating sequence classifica-
tion across multiple languages, we can as-
sess how well models generalize from high-
resource languages (English and German in
our case) to low- and medium-resource lan-
guages (Amharic and Hausa), and whether
interpretability methods, specifically Captum
library attribution scores, highlight language-
specific biases or errors.

Token Classification: Token-level senti-
ment analysis requires the identification of indi-
vidual words or phrases that contribute to the
sentiment of the text. We use the BIO (Begin,
Inside, Outside) tagging scheme to prepare
the tokens for classification as part of posi-
tive, negative, or neutral sentiment spans. This
fine-grained approach enables span-level inter-
pretability, allowing us to pinpoint which parts
of a sentence are driving the model’s prediction.
Token classification also facilitates error analy-

"Encoder-only models are fine-tuned for both
sentiment and token-level classification with the
following hyperparameters: epochs 5 and batch
size of 16. The detailed LLM prompts will be made
available in the camera-ready version, along with
GitHub links to the dataset.

sis and comparison between encoder-based
transformers and decoder-only LLMs in their
ability to highlight sentiment-bearing tokens.
Moreover, this task is particularly challenging
for morphologically rich or low-resource lan-
guages, where sentiment expressions may
be implicit, compound, or context-dependent.
Through token-level evaluation, we aim to un-
derstand how well models capture nuanced
sentiment patterns and provide comprehensi-
ble explanations.

Evaluation Metrics: For sequence-
classification sentiment analysis, we used the
weighted average F1 score. For token-level
prediction, we report the CoNLL F1 score at
the token-level, computed using the conlleval
script?®.As token-level accuracy is often
considered less informative for phrase-level
tasks like NER or chunking, as it can be
inflated by correctly identified "O" (outside
of a chunk) tokens, we used F1 scores from
conlleval. Conlleval metrics ignore others
("O™ and focus on the two classes of tokens,
"B-positive" and "B-negative."

6. Results

We evaluated both encoder-only models
with task-specific fine-tuning and decoder-
only models in a zero- and few-shot setting
across Amharic, English, German, and Hausa
datasets. Table 2 summarizes the F1-scores
for both sequence-level sentiment classifica-
tion and token-level classification tasks.

6.1. Encoder-only Models

For sequence-level sentiment classifica-
tion, AfroXLMR-Social achieved the best
overall performance, with F1 scores of
89.84/90.78(mono-/multi-lingual finetuning) on
Amharic, 69.93/54.90 on English, 54.88/71.31
on German, and 92.86/92.97 on Hausa.

For the token-level classification task,
overall performance was lower compared
to sequence-level classification, reflecting
the increased difficulty of precisely identi-
fying sentiment-bearing spans. However,
AfroXLMR-large and XLM-RoBERTa-base

2https://github.com/sighsmile/conlleval
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achieved the strongest results, particularly on
Hausa and Amharic.

6.2. Decoder-only Models

Among the zero-shot decoder-only LLMs,
GPT-40-mini produced the best results for
sequence-level sentiment classification, with
an average F1 of 74.14, excelling on Amharic
(76.94) and Hausa (66.67), showing strong
scores on both German (80.89) and English
(72.06). GPT-4.1-mini also performed com-
petitively, achieving an average of 68.30. The
open weight model gpt-oss-120b performed
competitively on Amharic, English, and Ger-
man, while underperforming for Hausa. Llama-
3.3-70b performed best on German while un-
derperforming on English and Hausa. In gen-
eral, Qwen3-32b struggled, particularly on
Amharic, Hausa, and even English, resulting
in an average of 56.42.

Among the few-shot decoder-only LLMs,
GPT-40-mini produced the best results for
sequence-level sentiment classification, with
an average F1 of 74.74, excelling on Amharic
(79.82) and English (72.73) and showing
strong scores on both German (80.00) and
Hausa (66.67). GPT-4.1-mini and Llama-3.3-
70b also performed competitively, achieving
averages of 72.16 and 70.46, respectively. In
contrast, Qwen3-32b struggled, particularly
on Amharic and English, while performing the
best 3-shot result for Hausa, resulting in an
average of 63.67.

For the token-level task, performance was
generally lower across all decoder-only models,
but most performed better than the encoder-
only models. GPT-4.1-mini achieved the best
results on most languages with an average of
37.00 for zero-shot and 39.69 for few-shot. It
achieved the best results for Amharic, German,
and English. Only for Hausa GPT-40-mini
zero-shot achieved better results, but had only
an average of 31.29.

Qwen3-32b achieved the lowest perfor-
mance for both zero- and few-shot, but im-
proved the average the most, from 19.29 at
least up to 28.78, which is an improvement
of 49%. The differences for all other models
are mixed. While Llama-3.3-70b gains 35%
for English with few shots compared to zero-
shot, it loses 5% for Hausa. In general, nine

few-shot experiments showed significantly bet-
ter results, five equal, and six lower results,
showing the general possibilities of In-context
learning. The results are shown in Table 3.

Models amh eng deu hau
Encoder only models - Monolingual finetuning
BERT-base 67.72 66.76 57.46 89.16
BERT-base-deu 67.81 64.66 52.71 87.65
RoBERTa-base 67.72 66.76 57.46 89.16
XLMR-base 87.56 64.66 57.39 87.40
AfroXLMR-large-76L  87.03 64.66 50.00 89.90
AfroXLMR-Social 89.84 69.93 54.88 92.86
Encoder only models - Multilingual finetuning
BERT-base 67.81 59.10 64.66 89.18
BERT-base-deu 67.81 50.77 65.18 86.18
RoBERTa-base 68.32 59.21 65.15 88.30
XLMR-base 86.55 60.91 71.28 89.37
AfroXLMR-large-76L  83.93 50.62 64.66 66.97
AfroXLMR-Social 90.78 54.90 71.31 92.97
LLM results ( Zero / three shot)

GPT-40-mini 76.94 72.06 80.89 66.67
GPT-40-mini(3-shot) 79.82 72.73 80.00 66.41
GPT-4.1-mini 7140 71.84 78.44 5152
GPT-4.1-mini(3-shot)  75.39 71.18 78.67 63.38
gpt-oss-120b 73.17 7250 80.67 45.96
gpt-oss-120b(3-shot)  75.17 70.95 79.56 54.29
Llama-3.3-70b 71.75 52.67 80.98 52.78
Llama-3.3-70b(3-shot) 78.30 69.84 80.44 53.28
Qwen3-32b 43.79 65.65 75.29 40.96
Qwen3-32b(3-shot) 4439 67.05 75.85 66.58

Table 2: Sentiment classification results
(weighted F1). All open source models are
instruction-tuned versions.

6.3. Explaining Sentiment Predictions via
Captum Library Integrated Gradients

To provide interpretability and transparency
for transformer-based sentiment classification
models, we employ the Captum library’s Inte-
grated Gradients method to estimate the con-
tribution of each input word to the model’s
sentiment prediction. This involves applying
random infinitesimal perturbations to the input
embeddings to trace the gradients of these
changes through the model. Specifically, for
each test sample, we compute token-level at-
tributions by applying Integrated Gradients on
the input embedding layer of each fine-tuned
model. The resulting attributions quantify the
relative importance of each word towards the
model’s predicted sentiment class.

We aggregate subword attributions to word-
level values by summing over all subwords



Model amh eng deu hau
Encoder only models Monolingual / Multilingual

BERT-base 02.30/05.45 10.56/13.51 06.91/10.61 38.84/38.91
BERT-base-deu 01.13/00.00 04.28/01.18 19.01/13.82 11.42/22.72
RoBERTa-base 08.75/08.76 06.39/15.75 13.56/19.66 35.22/27.28
XLM-RoBERTa-base 31.30/31.51 08.05/11.81 24.47/23.34 39.46/39.54
AfroXLMR-large-76L 33.13/31.94 00.00/15.78 28.89/27.07 26.31/34.38
AfroXLMR-Social 31.54/31.79 07.96/15.64 15.32/25.24 35.56/35.77
Zero / three shot for decoder-only

GPT-40-mini 30.86/28.83 26.90/27.05 30.29/29.41 37.11/36.63
GPT-4.1-mini 41.36/43.88 34.79/35.21 38.21/42.52 33.63/37.13
Llama-3.3-70b 32.11/32.75 21.09/28.51 35.96/34.18 34.01/32.44
gpt-oss-120b 33.20/34.85 32.39/31.91 31.66/32.35 22.38/30.20
Qwen3-32b 15.61/21.12 27.58/31.46 24.72/35.71 09.23/26.82

Table 3: Span-level sentiment analysis (F1 score) results across languages and models. The
first row is span-level monolingual vs multilingual results from encoder-only models. The second
row is the results from LLMs with zero and a few shots (3-shot).

corresponding to each whitespace-delimited
token, and we discretize these into token-
level sentiment labels (“positive”, “negative”,
“neutral”) using a threshold (set to 0.0 in this
study). To evaluate the correspondence be-
tween model explanations and human inter-
pretability, we compare the tokens with the
largest positive or negative attributions to
human-annotated sentiment span tags. This
comparison yields token-level F1 scores (de-
noted FB1, computed with the Conll NER eval-
uation script), which are reported in Table 4.

Across all languages and models, we ob-
serve that the FB1 scores for token-level agree-
ment between Captum-based attributions and
human span annotations are low, most often
in the 5-25% range (see Table 4). Several
factors explain this relatively weak overlap be-
tween the words highlighted by the model and
those annotated by humans:

« Span Consistency vs. Token Attribu-
tion Mixing: Our annotation guidelines
require labeling contiguous spans as ei-
ther positive or negative, avoiding mixed
polarity within the same span. In contrast,
Captum assigns each token an attribution
score reflecting its contribution towards ei-
ther class, potentially leading to both pos-
itive and negative attributions within the
same span. When these token-level at-

tributions are converted into categorical
sentiment labels, this mixing of polarities
increases disagreement with the human
gold labels and thus lowers the overlap
scores.

Captum Library Attributions Reflect
Model, Not Human, Reasoning: Inte-
grated Gradients reveals what the model,
in its own logic, 'uses’ to make a prediction,
examples shown in Appending A.

Tokenization and Alignment Issues:
Discrepancies between how words are
split for gold annotation and how subwords
are merged for Captum library scores can
cause mismatches.

Impact of Error Propagation from
Sentence-Level Misclassification: The
actual performance of the sentiment clas-
sifiers is also low (see Table 2); for some
languages, models are achieving as low
as 50% F1. If the model incorrectly pre-
dicts the overall sentence sentiment, its
word-level attributions will almost always
fail to align with the human-annotated sen-
timent spans (since it "rationalizes" its
own misprediction). Thus, the span-level
agreement will be significantly lower than
sentence classification performance due
to error propagation from misclassified in-



stances.

+ Limited Training Data: The performance
of both the sentence-level classifiers and
the quality of attributions may be con-
strained by the small size of the train-
ing datasets (1k). With more training
data, the models could learn more reliable
alignment between explicit sentiment cues
and predictions, potentially improving both
classification accuracy and token-level ex-
planation quality.

The low F1 scores emphasize that post-
finetuning interpretability methods like Captum,
while useful to understand neural network at-
tention, do not always align with the explicit
triggers that humans use.

Model amh  deu eng hau

BERT-base 12.58 20.24 06.78 13.60
BERT-base-deu 23.28 1293 08.74 14.63
RoBERTa-base 08.17 10.04 06.05 10.69
XLMR-base 16.14 18.23 07.16 16.64
AfroXLMR-large-76L 13.44 2240 13.24 15.05
AfroXLMR-Social 19.26 23.53 08.71 1542

Table 4: Token-level F1 agreement between
Captum Integrated Gradients explanations
and human-annotated sentiment span labels
across models and languages.

6.4. Comparative Analysis

Our results highlight important differences be-
tween encoder-only and decoder-only models
for both sequence-level and token-level senti-
ment classification across languages.

For sequence-level classification, encoder-
only models such as AfroXLMR-Social attain
strong results across all languages. These
models are especially competitive in low-
resource languages like Amharic and Hausa.
However, instruction-tuned decoder-only LLMs
(e.g., GPT-40-mini and LLaMA-3.3-70B), used
in zero- and few-shot settings, are able to
match, or in some cases surpass, encoder
models in sequence-level F1, mostly on high-
resource languages. This demonstrates the
flexibility and cross-lingual adaptability of ad-
vanced LLMs, even in settings with limited la-
beled data.

For token-level (span-level) sentiment clas-
sification, our findings show a more nuanced
pattern. Decoder-only models, in particular
GPT-4.1-mini in the few-shot setting, achieve
the strongest F1 scores on Amharic, English,
and German, outperforming their encoder-
based counterparts in these languages. In
contrast, for Hausa, the highest performance is
achieved by the encoder-only XLM-RoBERTa-
base model with multilingual fine-tuning. We
witnessed that instruction-tuned LLMs can pro-
vide better results for token-level sentiment pre-
dictions even in the absence of explicit super-
vised training. Table 4 indicates the disagree-
ment between the two views, as our annotators
focused on what was important for the problem.

7. Conclusion

In this work, we developed a comprehen-
sive and interpretable multilingual sentiment
analysis framework, leveraging both encoder-
only and decoder-only language models for
sequence-level and token-level (span-level)
classification. To enable fine-grained, high-
quality human annotations, we customized the
Potato annotation tool (Pei et al., 2022) for
the span-level sentiment task and relied on ex-
pert annotators to produce reliable data across
Ambharic, English, German, and Hausa.

For modeling, we explored both monolin-
gual and multilingual fine-tuning strategies for
encoder-based transformers, including AfroX-
LMR, XLM-RoBERTa, and BERT variants,
and systematically benchmarked them against
prompt-based decoder-only LLMs such as
GPT-40-mini and in zero-shot and few-shot
settings. This dual approach allowed us to
rigorously evaluate both sequence-level and
token-level sentiment classification tasks.

For sequence-level sentiment classifica-
tion, encoder-only models such as AfroXLMR-
Social achieved strong performance across all
languages. At the same time, decoder-only
LLMs, such as GPT-40-mini, matched or out-
performed encoders in certain languages and
few-shot scenarios, highlighting their impres-
sive cross-lingual transfer and flexibility with
limited supervision. On token-level sentiment
classification, instruction-tuned LLMs such as
GPT-4.1-mini led for Amharic, German, and



English, while multilingual encoder-only mod-
els like XLM-RoBERTa-base achieved the best
results on Hausa. This suggests that prompt-
based LLMs are powerful for human-readable
explanation extraction.

A very important question for further re-
search is the ability to use explainability tools,
such as the Integrated Gradients, to distinguish
between model-based and problem-based ex-
planations (Herrera, 2025). The model-based
explanations highlight which features are im-
portant for the model, thus they are of rel-
evance for the NLP researchers. The attri-
butions are usually at the token level. The
problem-based explanations are the rationales
for the users for making their choices, so they
often go beyond individual tokens, for exam-
ple, covering syntactic constructions or stylis-
tic choices. Table 4 indicates the disagree-
ment between the two views, as our annota-
tors focused on what was important for the
problem. Our next research goal is to investi-
gate alignment between the model attributions
and human-annotated rationales beyond the
token level. Specifically for the LLMs, while
they can produce explanations behind their
reasoning decisions, the explanations do not
often align with the actual distribution of their
weights, highlighting the limits of their “under-
standing” (West et al., 2024): they might be
faithful to the problem, but to the model. More
research is needed to make their explanations
more faithful on the model level.

Limitation

Our work is not without limitations. First, the
dataset was annotated by a single expert an-
notator per language. While the annotators
are native speakers of the target language
and experts in the same research area, indi-
vidual subjective biases might influence the
"gold standard" labels, particularly for more nu-
anced span-level sentiment. Further work can
add further annotations on top of our dataset
using three or five more annotators, report
inter-annotator agreement, and explore the in-
dividual annotation effects compared to our
data. The dataset size is also relatively small
(ranging from 1,498 to 1,879 examples per
language) to train encoder-only PLMs. Sec-

ond, our LLM selection and contextual learning
are limited to a few LLMs and zero and three-
shot learning. A more contextual learning sam-
ple, such as five to ten shows, might improve
the understanding of such explainable tasks.
Third, we evaluated the sentiment (sequence
classification) and the explainable tasks (span-
level classification) as standalone individual
tasks. Integrating both sentiment and the span
level tasks in a multitasking approach might
improve the performance of the tasks; it is rec-
ommended to explore further.
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Appendix

A. Explainability span-level examples
using Captum library

Captum Instance Explanations - German

392: Als Hunderttausende gegen (Lockdown |, Impfpfiicht und Freiheitseinschrankungen demonstriert haben ,
waren das laut Medien Minderheit , |Verschwdrungstheoretiker , Schwurbler und Nazis . Wenn jetzt hunderttausende
fir linksgriine Politik demonstrieren , dann sind das laut Medien Mitte , Mehrheit oder Anstandigen . Es ist so

durchschaubar ... #wirsindmehr

436: Ein Land , in dem die |Regierung| gemeinsam mit indoktrinierten Biirgem — unterstitzt von den
gleich geschalteten |Medien - gegen die Opposition demonstriert, diirfte einmal sein in der Geschichte .

Gliicklicherweise hat die Mehrheit diese Kampagne | durchschaut

735: Werden Demos gegen Rechts wegen zuvielen teilnehmenden Menschen [abgebrochen — ist das nicht

unbedingt das allerschlechteste Zeichen

Captum Instance Explanations - Amharic

151.0: [RAA7®% 77HA 7a0tS 2H &FE SQUATI® 77t hY 7X0F1 hd® 0RY o 7THFY

1285.0: QY7L FY W7t ROVLIIT VALY NNARTS (TCE AL NoolPy hro-t hQHATYR 280
hnMA@-

654.0: R¥7L-2 UHAN ®A& MRPF NTLF639 U7 o170t oonlt SACOAL-L& 00b09°F (ATTR
Yot WIS AA A/R oFC 242JA hHU @77 QAP LA O9AtT  h@FATP® hGIHIC hiHU
V7001703 oo F  WIKDNSL X6 MITPFT h10965AY

Captum Instance Explanations - Hausa

1.2625684330126746e+18: baba kai da wa kuke ftufkar kuma toh allah 'ya kara wa |annabi saw

daraja ,
1.3682057218552136e+18: (allah| ya| ‘tsinewa [karatun| da ba albarka acki ko na uban wa ne,

1.1017485508395336e+18: S0 beautiful cwthrt i [like| u |much n |much darling ina cikin wandon

Figure 3: Explainable prediction examples us-
ing the Captum library from the XLM-RoBERTa-
base model for German, Amharic, and Hausa
language datasets.

B. LLM Prompt


https://proceedings.iclr.cc/paper_files/paper/2024/file/ce208d95d020b023cba9e64031db2584-Paper-Conference.pdf
https://proceedings.iclr.cc/paper_files/paper/2024/file/ce208d95d020b023cba9e64031db2584-Paper-Conference.pdf

You are a sentiment and explainability an-
notation expert.
Given a text, perform the following steps:

1.

. Word-level Sentiment Tagging: Split

. Output Format: Return a single

Assign Overall Sentiment: Assign
the overall sentiment for the text as

one of: "positive", "negative", or "neu-
tral".

Explain the Sentiment:
- Briefly justify your sentiment label in
one sentence.

- Format: “"explanation": "<rationale>

the text into a list of words us-
ing whitespace; keep punctuation at-
tached to the word (e.g., "happy!"). -
For each word:

- Tag as "B-positive" if it expresses a
positive sentiment and the overall sen-
timent is "positive”.

- Tag as "B-negative" if it expresses
a negative sentiment and the overall
sentiment is "negative".

- Otherwise, tag as "O".

- If the overall sentiment is "neutral”,
tag all words as "O".

- The ‘words® and ‘tags‘ arrays must
always be the same length.

JSON object in the following format:
{

"sentiment": "<positive | negative |
neutral>",

"explanation™: "<rationale>",
"words": ["word1", "word2", ...],
"tags": ["O", "B-positive", ...]

}

Key Points:

- Do *not* tag words that express a dif-
ferent sentiment than the overall text.
- If overall sentiment is "neutral”, all
tags should be "O".

- Always keep the "words" and "tags"
lists the same length.

- For longer texts, apply these instruc-
tions to the whole text.
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