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Abstract

Aspect-based sentiment analysis (ABSA) en-
ables fine-grained sentiment extraction from
user feedback but remains underexplored in
many non-English languages and specialized
application domains. In this study, we present
insights from a multi-stage annotation of
Business-to-Business (B2B) software reviews,
highlighting key challenges such as domain-
specific phrasing and implicit aspect terms.
We document annotation practices and sys-
tematically benchmark state-of-the-art (SOTA)
ABSA models on the three subtasks Aspect
Category Detection (ACD), Aspect Category
Sentiment Analysis (ACSA), and Target Aspect
Sentiment Detection (TASD) using five Ger-
man datasets. Results show that while simple
classifiers remain strong baselines for category
detection and fine-tuned Large Language Mod-
els (LLMs) excel in more structured tasks, per-
formance varies notably across domains. Our
findings emphasize that ABSA methods do not
generalize uniformly, and that domain-sensitive
annotation and evaluation strategies are essen-
tial for robust sentiment analysis.

1 Introduction

Aspect-based Sentiment Analysis (ABSA) is a core
task in Natural Language Processing (NLP) that
targets fine-grained sentiment classification by link-
ing opinions to specific aspects mentioned in a
text (Liu, 2022). This level of granularity enables
applications to move beyond document-level sen-
timent and gain targeted insights, for example in
product development, customer service, and social
media analysis (Wankhade et al., 2022). By extract-
ing structured opinion elements from unstructured
text, ABSA helps organizations better understand
user concerns and priorities.

In recent years, ABSA has gained traction in
both research and industry, particularly for process-
ing structured user feedback (Ligthart et al., 2021).

While methodological progress, especially in En-
glish, has been driven by standardized benchmarks
like SemEval 2016 (Pontiki et al., 2016), much re-
search remains focused on narrow domains such
as restaurants, hotels, or product reviews, limiting
generalizability to more complex or diverse feed-
back settings (Hua et al., 2024).

At the same time, interest in applying NLP
methods, including ABSA, to business-relevant
contexts is growing. Recent work in informa-
tion retrieval (IR) and applied NLP highlights
the value of structured text analysis for enter-
prise use cases (Alonso and Baeza-Yates, 2024).
While sentiment-bearing feedback plays a key role
here, most ABSA research still targets consumer-
oriented applications. Existing work in business
and software domains (Alkalbani et al., 2016;
Swillus and Zaidman, 2023; Rotovei and Negru,
2020) shows potential but often relies on simple
polarity labels or app review analysis, offering only
limited coverage of Business-to-Business (B2B)
needs.

In contrast to English, ABSA resources for Ger-
man remain limited. Domain-specific corpora ex-
ist, including hospitality (Hellwig et al., 2024) and
public transportation (Wojatzki et al., 2017), and
have driven research primarily within these do-
mains (Chebolu et al., 2023a). However, exploring
additional application areas, such as enterprise con-
texts, can help diversify evaluation environments
and broaden understanding of model generalizabil-
ity. In this paper, we investigate a new dataset con-
sisting of B2B software feedback, a domain char-
acterized by distinct linguistic patterns and specific
user Concerns.

We present an in-depth annotation study on user
feedback from a B2B software application, repre-
senting a linguistically diverse and underexplored
application context. While the dataset remains con-
fidential, we include representative synthetic exam-
ples that closely reflect the content, structure, and
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Sentence (de/en)

Triplets (Aspect Term, Category, Polarity)

die anwendung ist manchmal etwas langsam.
(The application is sometimes a little slow.)

unkompliziert und iibersichtlich
(uncomplicated and clear)

Funktional auf das Wichtigste begrenzt.
(Functionally limited to the essentials.)

(anwendung, Technical Performance, Negative)

(Null, Ease of Use, Positive), (Null, Interface Design,
Positive)

(Null, Functional Scope, Neutral)

Table 1: Illustrative examples synthetically created to resemble the original, unpublished reviews.

style of the original data (Table 1). We also detail
the annotation process, including quality assurance
and lessons learned, to contribute to best practices
in dataset creation.

Building on this resource, we systematically
evaluate a range of state-of-the-art (SOTA) ABSA
approaches across the three common subtasks,
Aspect Category Detection (ACD), Aspect Cate-
gory Sentiment Analysis (ACSA), and Target As-
pect Sentiment Detection (TASD), and benchmark
their performance not only on our B2B data but
also across multiple established German-language
datasets. Our results offer novel insights into an-
notation challenges, domain transferability, and
the performance of modern ABSA approaches in
enterprise-relevant settings.

2 Related Work

2.1 ABSA in Business and Software Contexts

While ABSA research has largely centered on do-
mains like restaurants or consumer products, recent
work increasingly explores business and software-
related contexts, particularly in B2B environments
(Davoodi et al., 2025; Rotovei and Negru, 2020).
This reflects broader trends in applied NLP and
IR, where methods like semantic enrichment and
neural retrieval are used to structure enterprise
data (Alonso and Baeza-Yates, 2024). Yet, most
ABSA efforts still focus on consumer-facing soft-
ware, offering only limited insights for enterprise
use cases.

Early contributions by Atoum and Otoom (2016)
and Alkalbani et al. (2016) addressed polarity clas-
sification in Software-as-a-Service reviews, while
Rotovei and Negru (2020) applied ABSA to notes
for customer relationship management in B2B con-
texts, integrating aspect-based insights into recom-
mendation systems. Adjacent work on app and
platform reviews, such as the AWARE corpus (Al-
turaief et al., 2021) and studies by Davoodi et al.
(2025) and Alqaryouti et al. (2020), demonstrates
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the value of ABSA for structured feedback analy-
sis, even if the reviewed platforms are not strictly
enterprise-focused.

Further studies by Hegde and Seema S. (2017)
and Swillus and Zaidman (2023) underscore the
effectiveness of domain-adapted models and the
richness of developer platforms as data sources.
Beyond sentiment, related NLP techniques such
as information extraction (Arslan and Cruz, 2024)
and context-aware retrieval (Li et al., 2022) sup-
port enterprise applications by enabling structured
access to unstructured business text.

Chebolu et al. (2023a) emphasize that most
ABSA datasets still center on consumer domains,
leaving enterprise-focused applications underrepre-
sented. While those efforts demonstrate the feasi-
bility and benefits of ABSA in software feedback,
they fall short of capturing the full complexity of
B2B scenarios.

2.2 Annotation Practices and Dataset Quality

Manual annotation remains a critical but resource-
intensive step in building reliable NLP datasets,
often considered a bottleneck in model develop-
ment (Neves and Seva, 2021). Activities such as
schema definition, annotator training and experi-
ence, as well as quality control substantially influ-
ence the outcome.

Klie et al. (2024) conducted a large-scale analy-
sis of annotation quality management practices in
591 NLP dataset papers. They outline four key di-
mensions: stability (consistency across annotators),
reproducibility (consistent results under identical
guidelines), accuracy (correctness and guideline
adherence), and unbiasedness (absence of system-
atic bias). Their findings emphasize the importance
of iterative refinement of guidelines and regular
validation, such as expert reviews. Despite many
positive examples, a significant number of studies
still show deficits in quality assurance.

ABSA-specific challenges, such as implicit as-



pect mentions, irony, or sarcasm, can directly un-
dermine these quality dimensions. While many
datasets build on established annotation guidelines
(e.g., from SemEval (Pontiki et al., 2014, 2016),
GERestaurant (Hellwig et al., 2024), or Hotel
Reviews (Fehle et al., 2023)), disagreements fre-
quently arise from overlooked aspects or inconsis-
tent span annotations. This underscores the ongo-
ing importance of detailed instructions and system-
atic quality checks in ABSA annotation projects.

2.3 The State-of-the-Art for ABSA in English

Recent years have seen notable progress in ABSA
across both classification- and generation-based
approaches. For tasks like ACD and ACSA, ro-
bust baselines have been established using models
such as BERT-CLF (Fehle et al., 2023; Hellwig
et al., 2024), hierarchical architectures like Hier-
GCN (Cai et al., 2020), and attention-enhanced
variants like ECAN (Cui et al., 2024).

More complex generation tasks, including
TASD and Aspect Sentiment Quadruple Prediction
(ASQP), are typically addressed with sequence-
to-sequence (seq-to-seq) models, often based on
TS5 (Raffel et al., 2020), that transform input
into structured ABSA outputs. These include
fixed-template approaches like Paraphrase (Zhang
et al., 2021) and dynamic label ordering such as
MvP (Gou et al., 2023) and DLO/ILO (Hu et al.,
2022).

In parallel, instruction-tuned LLMs have shown
promising results through fine-tuning (Smid et al.,
2024), while few-shot prompting techniques (Hell-
wig et al., 2025; Simmering and Huoviala, 2023;
Wang et al., 2023; Smid et al., 2024) increasingly
demonstrate competitive performance in unsuper-
vised or semi-supervised settings.

2.4 ABSA in German

Compared to English, ABSA in German remains
considerably underrepresented. Although the avail-
ability of German datasets has improved, they are
still rarely used or systematically evaluated.
Several corpora provide sentence-level ABSA
annotations in specific domains, including Hotel
Reviews (Fehle et al., 2023), MobASA (Gabryszak
and Thomas, 2022), Talk of Literature (Greve
et al., 2021), and GERestaurant (Hellwig et al.,
2024), while GermEval 2017 (Wojatzki et al.,
2017) offers review-level labels. Earlier datasets
like SCARE (Sénger et al., 2016), Usage (Klinger,
2014), and MLSA (Clematide et al., 2012) include
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sentiment or entity annotations but do not align
with current ABSA definitions. Synthetic corpora
such as M-ABSA (Wu et al., 2025) include German,
but lack manually annotated ground truth.

Most evaluations remain tied to dataset releases
and reuse English SOTA implementations. BERT-
CLF (Fehle et al., 2023) serves as a common
baseline for Hotel Reviews and GERestaurant, the
latter also including an adaption of Paraphrase
for German (Hellwig et al., 2024). For Ger-
mkEval, systems range from BiLSTMs and LSTM-
CRFs (Mishra et al., 2017; Lee et al., 2017) to
CNN extractors (Schmitt et al., 2018) and rule-
based approaches (Ruppert et al., 2017). More
recent evaluations use transformer-based models
such as BERT-CLF (Aflenmacher et al., 2021) and
Pointer Networks (Wunderle et al., 2023).

However, many of these studies predate the rise
of neural networks, transformers, and LLMs, which
limits their performance and thus their relevance
for current ABSA research. As modeling prac-
tices shift toward transformer-based and generative
methods, there is a growing need for unified bench-
marks and systematic re-evaluations using modern
approaches.

3 Creation of a B2B Software Reviews
Dataset

3.1 Data Collection

The dataset is based on proprietary user feedback
collected from a B2B software platform. Users
were able to voluntarily submit free-text comments
during natural interactions with the application, typ-
ically in response to specific features or workflows.

To enable sentence-level ABSA, we sampled
1,500 reviews and segmented them into individ-
ual sentences using SpaCy (Honnibal et al., 2020),
resulting in a total of 3,918 sentences.

3.2 Annotation Schema and Guidelines

The annotation guidelines! were adapted from
GERestaurant (Hellwig et al., 2024) and SemEval
2016 (Pontiki et al., 2016), carrying over the gen-
eral definitions, distinctions, and annotation princi-
ples for aspect categories and aspect terms, as well
as the overall annotation objective. These were
then tailored to the software feedback domain by
refining category sets, clarifying domain-specific

"https://github.com/JakobFehle/
German-ABSA-in-the-Wild/blob/main/Annotation_
Guidelines_English.pdf
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terminology, and extending examples to reflect typ-
ical B2B software user concerns. Annotations fol-
low a triplet format (aspect term, aspect category,
polarity), with NULL used for implicit aspect terms.
Sentences may contain multiple triplets, while all
elements are required for validity.

We derived our aspect categories from a com-
bination of prior ABSA research on software sys-
tems and user feedback (Rotovei and Negru, 2020;
Guzman et al., 2017), established software qual-
ity frameworks such as ISO/IEC 25010 (Interna-
tional Organization for Standardization, 2023), and
practical taxonomies employed by commercial re-
view platforms such as G2 Crowd? and Capterra.’
The resulting categories cover a broad spectrum of
quality dimensions and user concerns, including
technical attributes, user experience, and economic
factors. Several categories align closely with stan-
dardized evaluation dimensions (e.g., usability or
performance-related feedback), while others reflect
terminology commonly found in real-world soft-
ware reviews (e.g., comments on available features
or pricing). To account for opinions not tied to a
specific aspect, we also included a general-purpose
category, as seen in previous shared tasks and anno-
tation studies (Pontiki et al., 2014, 2016; Wojatzki
et al., 2017).

3.3 Annotation Process

The annotation was conducted by two ABSA task
experts (a PhD and a Master’s student in Com-
puter Science) in a multi-stage process with regular
validation and review. Given the high annotation
effort and limited resources, we opted against full
double annotation with majority voting. Each an-
notator worked on separate portions of the dataset,
followed by supervision/review through mutual
validation to ensure consistency and quality. Dis-
crepancies were discussed to resolve ambiguities,
after which the existing annotations were reviewed
for consistency across the dataset, in line with qual-
ity assurance practices recommended by Klie et al.
(2024).

Annotation was carried out in two iterations. In
the first iteration, besides annotating all samples
in the dataset, the primary focus was on the re-
finement and expansion of aspect category defini-
tions using examples from the dataset to improve
clarity and separation, in alignment with annota-
tion quality dimensions such as stability and ac-

2https://www.gz.com/
Shttps://www.capterra.com.de/

curacy (Klie et al., 2024). Each aspect was an-
notated with aspect term (if any) and a polarity
label p € {positive, negative, neutral}. Based on
insights from extensive review discussions, which
revealed recurring difficulties in annotating pre-
cise phrase boundaries, a second iteration was con-
ducted to further improve the overall consistency of
the dataset and, more specifically, to refine phrase
boundary consistency for the 1,775 annotations
with explicit aspect terms.

3.4 Quality Control and Annotator
Agreement

During first iteration, 3,918 sentences were anno-
tated; 1,075 instances (27.4 %) received objections
or clarifications during review. Of these, 243 cases
(6.2 %) required direct discussion between anno-
tators to reach a final decision. The remaining
comments were resolved through individual revi-
sion. Finally, the first iteration resulted in 37.1 %
of the dataset annotated as containing no sentiment-
bearing content, 5.9 % annotated as segmentation
errors, 5.5 % annotated as ambiguous content, and
0.6 % annotated as grammatically invalid. During
second iteration, 31.9 % of annotations were re-
vised or flagged, though most could be resolved
without further discussion, indicating growing con-
sistency in interpretation.

To assess inter-annotator agreement (IAA), we
double-annotated a shared subset of 100 samples
and measured micro F1 scores, involving both
ABSA task experts (annotators of this study) and
domain experts responsible for maintaining and
providing the B2B software platform from which
the dataset originated, to enable a direct compar-
ison. We chose F1 over Kappa as an IAA metric
because F1 is more suitable for span extraction
tasks such as opinion target phrase identification
and for datasets where classification and extraction
subtasks are combined (Chebolu et al., 2023b; Pon-
tiki et al., 2016). In our case, exact phrase matching
was required for targets and opinions, and IAA was
computed by treating the annotations of one an-
notator as the gold standard and the other as the
prediction.

Agreement decreased as more elements of the
ABSA triplet were considered (see Table 2). For
domain experts, agreement dropped from 60.80 %
for aspects alone to 55.20 % when polarity was
included, and to 35.20 % for full triplets with opin-
ion target phrases. Task experts achieved consis-
tently higher agreement across all levels (68.00 %,
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Evaluation Level Domain Experts Task Experts
Aspects 60.80 68.00
Aspects + Polarity 55.20 67.20
Full Triplet 35.20 57.76

Table 2: Inter-annotator agreement (micro-F1) for do-
main experts and ABSA task experts at different levels
of the ABSA triplet.

67.20 %, and 57.76 %, respectively). This progres-
sive drop, particularly for full triplets, underscores
both the importance of clear, task-specific guide-
lines and the need for a dedicated, consistently
annotated dataset for further analysis.

3.5 Impact of Re-annotation

To analyze the effect of our two-stage annotation
process, we conducted an evaluation using SOTA
ABSA models on standard subtasks (ACD, ACSA,
and TASD).*

The second iteration aimed to improve the over-
all consistency of aspect category assignments and,
more specifically, to refine the boundaries of opin-
ion target phrases. Model evaluations showed
slight performance gains in ACD (F1: 74.31 —
75.60), but strong improvement in ACSA (F1:
66.72 — 69.71) and TASD (F1: 47.51 — 50.27),
indicating increased dataset consistency and more
accurate phrase boundary handling.

3.6 Dataset Statistics

Aspect Category Pos Neu Neg Total
Functional Scope 402 13 5717 992
Ease of Use 418 2 422 842
Interface Design 254 3 227 484
General Experience 254 34 184 472
Technical 128 I 336 465
Performance

Customer Support 81 0 88 169
Pricing 2 1 52 55
Total 1,539 54 1,886 3479

Table 3: Aspect-based sentiment distribution for the
B2B software reviews dataset across aspect categories.

Table 3 summarizes the sentiment distribution
across the seven aspect categories. The most fre-
quently annotated aspects include functional scope
(28.5 %), ease of use (24.2 %), and interface-related
issues (13.9 %), reflecting a strong user focus on

“We used BERT-CLF for ACD and ACSA and Paraphrase
for TASD. For more detailed descriptions, see 4.3.
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core functionality, usability, and visual layout. In
contrast, customer support (4.9 %) and cost-related
factors (1.6 %) were mentioned less frequently.

The dataset is skewed toward negative sentiment
(54.2 %), followed by positive (44.2 %) and neutral
statements (1.6 %), indicating that users more often
express dissatisfaction, particularly with technical
performance and pricing, both of which show high
proportions of negative sentiment.

Around 32 % of all sentiment targets are implicit,
i.e., the aspect term is not explicitly stated but in-
ferred from context. This underscores the complex-
ity of the annotation task and the importance of
contextual understanding in ABSA for B2B soft-
ware feedback.

The final dataset comprises 2,464 sentences and
3,479 annotated aspects. For model training and
evaluation, the data was split 70/10/20 into train-
ing (1,707), development (249), and test (508) sets.

4 Experiments

4.1 Tasks

ABSA comprises several sub-tasks that focus
on different components of sentiment expressed
within a text. In this work, we address the three
most common ABSA tasks supported by German
datasets: Aspect Category Detection (ACD), As-
pect Category Sentiment Analysis (ACSA), and
Targeted Aspect Sentiment Detection (TASD).

p; Negative p, Negative

ilconsjmuch too small;i_g_g_ljnot intuitive
" "
¢ )
{Interface Design! {Ease of Use!
Subtask Output
Aspect Category Detection (ACD) (c)
Aspect Category Sentiment Classification (ACSA) (c, p)
Target Aspect Sentiment Detection (TASD) (a, ¢, p)

Table 4: Tllustration of the ABSA subtasks used in this
study, each with the expected output of the respective
task. Input is only the text sentence.

An example of the tasks including outputs can
be seen in Table 4. ACD involves identifying all as-
pect categories mentioned or implied in a given text.
ACSA extends this by additionally determining the
sentiment polarity associated with each identified
aspect. TASD further refines the analysis by not



Size

Name Annotation Domain

Train Dev Test Total
Hotel Reviews (rente et al., 2023) AC, SP Hospitality (Hotels) 3,403 - 851 4,254
MObASA (Gabryszak and Thomas, 2022) AT, AC, SP Public Transportation 3,119 1,054 1,028 5,201
GERestaurant (Hellwig et al., 2024) AT, AC, SP  Hospitality (Restaurants) 2,135 - 919 3,054
GermEval wojauzki et al., 2017) AT, AC, SP Public Transportation 16,200 1,917 3,642 21,759
B2B Software Reviews ours) AT, AC, SP Software Products 1,707 249 508 2,464

Table 5: Overview of the datasets used in this study. Abbr.: AT = Aspect Term, AC = Aspect Category, SP =

Sentiment Polarity.

only classifying the aspect category and its senti-
ment polarity, but also extracting the specific phrase
or expression in the text that serves as the sentiment
target. Thus, TASD requires models to simultane-
ously perform classification and term extraction.

4.2 Datasets

To evaluate performance across domains, we com-
pare results on our B2B software dataset with
German-language customer reviews from hospital-
ity and public transport domains (see Table 5; more
details in Appendix A.1). GermEval (Wojatzki
et al., 2017) covers public transport, focusing on
customer feedback to Deutsche Bahn, comprising
21,772 sentences and 29,439 triplets over 19 cate-
gories. MobASA (Gabryszak and Thomas, 2022)
contains 5,201 tweets on accessibility in public
transport, with 5,927 annotations across 17 cate-
gories. Hotel Reviews (Fehle et al., 2023) con-
sists of 4,254 hotel reviews from TripAdvisor with
5,617 aspect annotations across 5 categories, while
GERestaurant (Hellwig et al., 2024) includes 3,078
restaurant reviews with 4,314 aspects across 6 cate-
gories.

4.3 Baseline Methods

To ensure comparability, we implemented a set
of baseline methods based on recent SOTA ap-
proaches in English, most of which were origi-
nally developed for the widely used SemEval 2016
restaurant dataset (Hua et al., 2024). As these meth-
ods have rarely been evaluated on German data, we
adopted the hyperparameters and model configu-
rations from the original publications. Baselines
were selected based on reported performance and
the availability of reproducible code, ensuring reli-
able adaptation to our experimental setup.

BERT-CLF. A multi-label classification model
based on BERT, following the approach of Fehle
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et al. (2023). The model predicts one or more
labels per sentence, where each label corresponds
to either an aspect category (e.g., FOOD in ACD) or
an aspect—sentiment pair (e.g., FOOD: POSITIVE in
ACSA).

Hier-GCN. Combines BERT sentence embed-
dings with hierarchical graph convolutional net-
works (GCNs) to model dependencies between as-
pects and sentiments (Cai et al., 2020).

Paraphrase. A seq-to-seq method using fixed
natural language output templates to convert in-
put into structured ABSA elements (Zhang et al.,
2021).

MvP. Multi-View Prompting (MvP) generates
sentiment tuples by augmenting the model with
different permutations of the target elements. The
outputs are aggregated via a majority voting strat-
egy to better capture interdependencies (Gou et al.,
2023).

Few-Shot Prompting. This approach extends
prior work (Simmering and Huoviala, 2023; Smid
et al., 2024) and uses in-context learning (ICL)
with LLMs with up to 50 annotated ABSA exam-
ples embedded in prompts. The prompt template
is adapted from Gou et al. (2023), translated into
German and adjusted to match the specific struc-
ture of each ABSA subtask. Examples are depicted
in Appendix A.2.

Instruction-based Fine-Tuning. A LLM is fine-
tuned on a task-specific dataset to directly learn
the mapping from input sentences to ABSA ele-
ment outputs. Unlike prompting-based methods,
this approach updates the model parameters dur-
ing training, enabling more specialized behavior
(cf. Smid et al., 2024). We use the same prompt
template as in the few-shot setting, ensuring con-
sistency in task formulation.



Since most ABSA approaches were developed
for English, we adapt them to German. For clas-
sification tasks, we use gbert-base5 (Chan et al.,
2020), a monolingual German BERT. TASD mod-
els (Paraphrase, MvP) rely on the multilingual #5-
base,® pretrained on English, German, and French.
The LLM-based methods (Few-Shot Prompting,
Instruction Fine-Tuning) use LLaMA 3.1 8B, pre-
viously shown effective in English ABSA (Smid
et al., 2024).

4.4 Evaluation Procedure

Each dataset was evaluated based on the available
annotation depth. Similarly to previous studies, we
only use main aspects for aspect category represen-
tation (Wojatzki et al., 2017). All datasets except
Hotel Reviews, which lacks sentiment targets, were
assessed on ACD, ACSA, and TASD. Applicable
baseline methods were used per task, following ref-
erence implementations with minimal changes to
model settings.

We tested different epoch counts based on
dataset size and selected the best-performing run on
the development set for test evaluation. For datasets
without a dev split, 20 % of the training data was
used for validation. Test evaluations were averaged
over five fixed seeds (5, 10, 15, 20, and 25). For
GermEval, both test sets were averaged. Details on
configurations are provided in Appendix A.3.

As in previous studies (Pontiki et al., 2016; Wo-
jatzki et al., 2017), we report micro-averaged F1
scores as the primary evaluation metric, and pro-
vide additional metrics such as macro-averaged F1-
score, precision, recall and accuracy on GitHub.®

To assess the significance of method differences
within each dataset (p,qj < 0.05), we apply para-
metric and non-parametric tests (e.g., ANOVA and
paired t-tests (Field et al., 2012) or Friedman and-
Wilcoxon tests (Wilcoxon, 1992)) with Bonferroni-
Holm correction (Holm, 1979), based on normality-
tested samples using the Shapiro-Wilk test (Shapiro
and Wilk, 1965).

5deepset/gbert—base
6google-tS/tS-base
"meta-1lama/Llama-3.1-8B
8https://github.com/JakobFehle/
German-ABSA-in-the-Wild
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5 Results and Discussion

5.1 Creation of a B2B Software Reviews
Dataset

Our B2B Software Reviews dataset addresses a
gap in ABSA resources for unstructured, domain-
specific user feedback. The dataset was carefully
curated through a multi-stage annotation process,
resulting in high-quality sentence-level ABSA an-
notations across seven domain-relevant categories.

The annotation process revealed the inherent dif-
ficulty of the task: substantial amount of implicit
aspects, sentiment skew toward negative feedback,
and domain-specific phrasing patterns increased
annotation complexity. Inter-annotator agreement
results further underscore the need for task-specific
training and iterative guideline development, con-
firming observations from large-scale analyses of
annotation practices (Klie et al., 2024). These find-
ings highlight the particular challenges posed by
the B2B software domain for ABSA tasks.

5.2 Benchmarking Results

In contrast to earlier work in enterprise settings,
which primarily relied on lexicon-based or tradi-
tional machine learning methods such as SVMs
and rule-based pipelines (Atoum and Otoom,
2016; Alkalbani et al., 2016; Rotovei and Ne-
gru, 2020; Alqgaryouti et al., 2020), our evaluation
systematically explores the performance of mod-
ern transformer-based architectures, including fine-
tuned LLMs.

TASD emerged as the most challenging task
(see Table 6). Fine-tuned LLMs achieved the
best results (F1: 55.77), outperforming Paraphrase
and MvP approaches. Extraction accuracy varied
considerably across categories: interface-related
phrases were detected most reliably, likely due to
their linguistic consistency, while terms related to
the applications functionality were frequently miss-
classified, mirroring higher annotator uncertainty

Target Aspect Sentiment Detection (TASD)

Method MobASA  Rest GermEval B2B
Paraphrase 78.69 65.72 54.03 50.27
MvP 79.65 67.00 55.75 50.50
LLaMA Few-Shot 64.62 61.13 43.78 42.34
LLaMA Fine-Tune  81.56 73.22 31.06 55.77

Table 6: Micro-F1 scores as averages over five seeds
for TASD across datasets. Highest values are bold, sig-
nificant differences are underscored. Abbr.: Rest =
GERestaurant, B2B = B2b Software Reviews.
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Aspect Category Detection (ACD)

Method Hotel MobASA Rest GermEval B2B
BERT-CLF 89.06 94.07 91.09 78.10 75.60
LLaMA Few-Shot 79.09  79.70  83.68  46.51  66.98
LLaMA Fine-Tune 87.69  92.18  88.06 4127 7422
Aspect Category Sentiment Analysis (ACSA)
BERT-CLF 7875  83.57 8434 6583  69.71
Hier-GCN 78.02 8482 8331 6787 69.80
LLaMA Few-Shot 74.80  70.29  80.79 39.36  64.78
LLaMA Fine-Tune 80.51  87.22  85.22 3341 69.13

Table 7: Micro-F1 scores as averages over five seeds
for ACD and ACSA across datasets. Highest values
are bold, significant differences are underscored. Abbr.:
Hotel = Hotel Reviews, Rest = GERestaurant, B2B =
B2b Software Reviews.

during labeling. Neutral sentiment was hardest
to detect, while positive phrases were classified
more reliably than negative ones, despite being
less frequent, suggesting that clarity may outweigh
frequency in model performance.

By contrast, classification-based tasks (ACD and
ACSA) were less sensitive to these issues (see
Table 7). For ACD, BERT-CLF performed best
(F1: 75.60), confirming the strength of simple
multi-label classification. While technical and gen-
eral feedback categories posed challenges, feature-
related aspects were more reliably detected, indicat-
ing that category classification is more robust than
phrase extraction. In ACSA, fine-tuned LLMs and
Hier-GCN slightly outperformed BERT-CLF. Posi-
tive sentiment was again predicted more accurately
than negative or neutral sentiment.

5.3 General Performance Comparison across
Datasets

While some methods have previously been eval-
uated on individual datasets, we re-implemented
their approaches to ensure consistency and compa-
rability across tasks and domains. BERT-CLF fol-
lows prior work by Fehle et al. (2023), Alenmacher
et al. (2021), and Hellwig et al. (2024), while Para-
phrase corresponds to Hellwig et al. (2024). For
GermEval, we apply a standard F1 evaluation in-
stead of the shared task script. Thus, as discussed
by Wunderle et al. (2023), previously reported re-
sults on this dataset are not directly comparable,
and are therefore not considered here.

5.3.1 Performance on ACD and ACSA

The results reflect strong influences of the number
of aspect categories, label imbalance, and domain-
specific variability.

Datasets with few categories, such as Hotel Re-
views and GERestaurant, yield consistently high
and balanced scores (micro =~ macro F1). In con-
trast, MobASA and GermEval show substantial
macro F1 drops, even with BERT-CLEF, falling to
74.36 and 39.54 respectively. Despite its limited
class count, B2B Software Reviews yields lower
overall scores, likely due to higher linguistic vari-
ability.

On ACD, BERT-CLF performs best overall, con-
firming its strength in simpler multi-label classifi-
cation. In ACSA, fine-tuned LLLMs and Hier-GCN
outperform BERT-CLF by better modeling aspect-
sentiment relations. However, performance drops
notably on GermEval, where fine-tuned LLMs
struggle with domain-specific noise.

Error Analysis The shift from ACD to ACSA re-
vealed considerable performance drops in datasets
with high class counts or skewed distributions, a
trend also observed in previous studies (Fehle et al.,
2023; Hellwig et al., 2024). On GermEval, a spe-
cific issue emerged with fine-tuned LLMs: instead
of structured ABSA tuples, the model often re-
turned shortcuts like single digits, primarily for the
overrepresented ("general”, "negative") class
(40 % of the training data). This suggests a form
of shortcut learning driven by class dominance and
noise. While similar behavior has been noted in
few-shot prompting (Tang et al., 2023; Du et al.,
2024), it remains under-researched in fine-tuning
scenarios.

5.3.2 Performance on TASD

TASD proves to be the most challenging task, re-
quiring models to jointly extract aspect terms and
classify their categories and sentiments. Overall
scores are notably lower than in ACD and ACSA,
reflecting the increased complexity of structured
prediction.

Results on MobASA and GERestaurant are rela-
tively stable, whereas GermEval and B2B Software
Reviews show substantially weaker performance
across all methods. Fine-tuned LLMs achieve the
best results overall, usually performing better than
other seq-to-seq approaches and few-shot prompt-
ing. Among the T5-based methods, MvP provides
only marginal improvements over Paraphrase de-
spite incurring significantly longer training times
and higher memory usage, raising concerns about
its efficiency. Few-shot prompting performs worst,
especially on GermEval (F1: 43.78) and B2B Soft-
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ware Reviews (F1: 42.34). A full comparison of
resource consumption is provided in Appendix A.4.

Error Analysis While fine-tuned LLMs gener-
ally perform best in TASD, recurring error pat-
terns persist and often intensify. For the GermEval
dataset and similar to ACSA, the model frequently
fails to produce correctly structured ABSA out-
puts for the dominant ("general”, "negative")
class, especially if combined with implicit aspect
phrases. Instead of complete aspect-sentiment-term
triples, the model often outputs incomplete results,
such as “0”. As discussed in Section 5.3.1, this be-
havior appears linked to shortcut learning, driven
by class imbalance and noisy inputs. Moreover,
GermkEval is review-level and features longer, nois-
ier inputs, which are frequently mapped to a sin-
gle, overrepresented label. This increases the risk
of models collapsing their output to template-like
patterns. The tendency to simplify structured pre-
dictions under such conditions reveals a broader
limitation of fine-tuned LLMs in imbalanced and
noisy ABSA scenarios. In contrast, MobASA shows
minimal TASD performance drops. This likely
results from low linguistic variability: categories
like “Lift” or “Escalator”” map consistently to single
terms (e.g., “Aufzug”), simplifying extraction.

5.4 Summary

We report insights from the multi-stage annotation
and evaluation of a B2B ABSA dataset, analyzed
alongside four existing German resources across
common subtasks. While different methods prove
most effective per task, e.g., simple classifiers for
ACD and fine-tuned LLMs for TASD, their rela-
tive strengths are consistent across domains. Still,
performance varies significantly due to class im-
balance, linguistic variability, and domain-specific
phrasing. These findings highlight that strong mod-
els require high-quality, task-specific annotation,
and that broader, domain-sensitive evaluations are
essential, not only to assess cross-domain robust-
ness, but to account for the fact that ABSA meth-
ods do not generalize uniformly and face domain-
specific challenges that can substantially impact
their effectiveness.

6 Conclusion

This paper presents a systematic evaluation of
ABSA methods across five German-language
datasets, including a newly developed corpus of
B2B software reviews. We benchmarked SOTA
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approaches for the ACD, ACSA, and TASD tasks,
demonstrating that domain characteristics, class im-
balance, and annotation quality strongly influence
model performance. While simpler classification
tasks such as ACD still benefit from lightweight
BERT-based architectures, more complex tasks
(ACSA and especially TASD) show clear advan-
tages for fine-tuned LLMs, provided that output
structure and domain variability are well managed.

Beyond model benchmarking, our multi-stage
annotation process revealed key insights into the
challenges of domain-specific ABSA: the difficulty
of handling implicit aspects, the impact of phrasing
variability, and the importance of clear, iterative
guidelines. These findings underscore the central
role of annotation practices and data design in en-
abling robust model evaluation.

Future work may explore improved decoding
strategies for structured LLM outputs (Beurer-
Kellner et al., 2024), sampling strategies for la-
bel balancing (Henning et al., 2023), or new ap-
proaches specifically tailored to the difficulties of
B2B ABSA. More broadly, our results emphasize
the value of high-quality annotation and domain-
sensitive evaluation as important steps toward ro-
bust sentiment analysis, especially in business-
critical applications.

Limitations

This work is subject to several limitations. First,
due to confidentiality constraints, the B2B soft-
ware dataset cannot be released publicly. While de-
tailed documentation and comparative evaluation
are provided, full reproducibility on the same data
is not possible. Second, the annotations focus on a
specific domain and may not generalize across all
enterprise contexts. Additionally, although strong
baseline and LLM models were evaluated, more
advanced domain-adaptation methods were beyond
the scope of this study.

Ethical Consideration

All data used in this study was collected as part of a
partnership with a B2B software provider and con-
sisted solely of anonymized, voluntarily submitted
user feedback. No personal or sensitive informa-
tion was included in the annotated corpus. The
annotation process followed ethical guidelines for
data protection and was reviewed to avoid poten-
tial harms such as exposing identifiable entities or
commercially sensitive content. The aim of this re-



search is to improve methodological understanding
of ABSA in enterprise contexts, not to evaluate or
critique specific customers, products, or organiza-
tions.
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A Appendix

A.1 Additional Dataset Descriptions
A.1.1 Hotel Reviews

The Hotel Reviews dataset (Fehle et al., 2023) con-
tains customer reviews of hotels collected from
Tripadvisor, annotated for aspect-based sentiment
at the sentence level. Each annotation includes a
main aspect, a subcategory, and a sentiment po-
larity. Annotation was performed by student an-
notators based on majority decisions, with expert
oversight for curation and supervision (Fehle et al.,
2023). As no predefined data splits are available,
we perform an 80 /20 random split into training and
test sets. The dataset comprises 4,254 sentences
and 5,617 annotated aspects.

A.1.2 MobASA

The Mobility Aspect-based Sentiment Analysis
(MobASA) dataset (Gabryszak and Thomas, 2022)
consists of German-language tweets related to
public transportation, annotated for relevance and
aspect-based sentiment with a focus on aspects of
barrier-free travel. Aspect categories are divided
into main aspects and subcategories and reflect
issues relevant to passengers with limited mobil-
ity due to disability, age, or traveling with young
children. Annotations are based on majority de-
cision of two annotators and include relevance,
document-level sentiment, and aspect-based senti-
ment, structured along aspect categories, sentiment
polarity and explicit sentiment targets (Gabryszak
and Thomas, 2022). Multiple dataset versions ex-
ist based on annotator expertise (experts, crowd-
sourcing, or mixed). For this work, we use the
expert-annotated version, comprising 5,927 aspect
annotations across 5,201 sentences from the prede-
fined train, development, and test splits.

A.1.3 GERestaurant

The GERestaurant dataset (Hellwig et al., 2024)
contains German-language restaurant reviews from
TripAdvisor and follows an annotation scheme sim-
ilar to the SemEval 2016 restaurant dataset, but
with an adapted set of aspect categories. Anno-
tations include aspect categories, sentiment polar-
ities, and sentiment targets at the sentence level,
with both explicit and implicit aspect terms being
considered. The annotation was conducted by an
experienced computer science student and subse-
quently validated by an expert annotator (Hellwig
etal., 2024). We use the predefined train/ test splits,
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which include 3,078 sentences and 4,314 aspect an-
notations.

A.14 GermEval 2017

The GermEval 2017 dataset (Wojatzki et al., 2017)
was developed for the GermEval Shared Task on
ABSA and comprises German customer feedback
related to "Deutsche Bahn", the national railway
operator. Annotations include relevance, document-
level sentiment, and aspect-based sentiment, con-
sisting of aspect category, sentiment polarity, and
sentiment target. Aspect categories are structured
into main categories and subcategories, covering
a wide range of service- and travel-related topics.
Both explicit and implicit aspects were annotated.
Annotations were generated through majority de-
cisions by trained student annotators under expert
supervision (Wojatzki et al., 2017). The dataset
provides predefined splits for training, develop-
ment, and testing, including two distinct test sets:
one acquired synchronously with the training data,
and another collected several months later to allow
for diachronic evaluation. We utilize the complete
dataset, including both test sets, totaling 21,759
sentences and 29,439 aspect annotations across all
splits.

A.2 Prompts Examples for Few-Shot and
Fine-Tuned LLMs

Entsprechend der folgenden Definitionen der
Sentiment-Elemente:

Die "Aspektkategorie” bezeichnet die Kategorie,
zu der der Aspekt gehort. Die verflgbaren
Kategorien sind: [’food’, ’ambience’,
’service’, ’price’, ’general’].

Bitte befolge die Anweisungen sorgfdltig.
Stelle sicher, dass Aspektkategorien aus den
angegebenen Kategorien stammen.

Erkenne alle Aspekte mit ihrer jeweiligen
Aspektkategorien im folgenden Text im Format
[’Aspektkategorie’, ...1:

Text: Der Burger total durchgebraten und
trocken.
Sentiment-Elemente: [’food’]

Listing 1: Prompt example for the instruction prompt of
the ACD task for the GERestaurant dataset. Few shot
examples are provided in front of the task sentence.

Entsprechend der folgenden Definitionen der
Sentiment-Elemente:

Die "Aspektkategorie” bezeichnet die Kategorie,
zu der der Aspekt gehort. Die verflgbaren
Kategorien sind: [’food’, ’ambience’,
’service’, ’price’, ’general’].

Die ’Sentiment-Polaritat’ beschreibt den Grad
der Positivitat, Negativitdt oder Neutralitat,




die in der Meinung zu einem bestimmten Aspekt
oder Merkmal eines Produktes oder einer
Dienstleistung ausgedrickt wird. Die
verfigbaren Polaritdten sind: ’positive’,
’negative’ und ’neutral’.

Bitte befolge die Anweisungen sorgfaltig.
Stelle sicher, dass Aspektkategorien aus den
angegebenen Kategorien stammen. Stelle sicher,
dass die Polaritdten aus den verfligbaren
Polaritaten stammen.

Erkenne alle Sentiment-Elemente mit ihren

jeweiligen Aspektkategorien und Sentiment-

Polaritaten im folgenden Text im Format

[(’Aspektkategorie’, ’Sentiment-Polaritéat’),
.1

Text: Der Burger total durchgebraten und
trocken.
Sentiment -Elemente: [(’food’, ’negative’)]

Listing 2: Prompt example for the instruction prompt of
the ACSA task for the GERestaurant dataset. Few shot
examples are provided in front of the task sentence.

Entsprechend der folgenden Definitionen der
Sentiment -Elemente:

Der "Aspektbegriff"” bezieht sich auf ein
bestimmtes Merkmal, eine Eigenschaft oder einen
Aspekt eines Produktes oder einer
Dienstleistung, zu dem eine Person eine Meinung
duBern kann. Explizite Aspektbegriffe kommen
explizit als Teilzeichenkette im gegebenen Text
vor. Der Aspektbegriff kann "null” sein, wenn
es sich um einen impliziten Aspekt handelt.

Die "Aspektkategorie” bezeichnet die Kategorie,
zu der der Aspekt gehort. Die verflgbaren
Kategorien sind: [’food’, ’ambience’,
’service’, ’price’, ’general’].

Die ’Sentiment-Polaritdt’ beschreibt den Grad
der Positivitat, Negativitat oder Neutralitat,
die in der Meinung zu einem bestimmten Aspekt
oder Merkmal eines Produktes oder einer
Dienstleistung ausgedriickt wird. Die
verfligbaren Polaritaten sind: ’positive’,
’negative’ und ’neutral’.

Bitte befolge die Anweisungen sorgfaltig.
Stelle sicher, dass Aspektbegriffe exakt mit
dem Text Ubereinstimmen oder "null” sind, wenn
sie implizit sind. Stelle sicher,

dass Aspektkategorien aus den angegebenen
Kategorien stammen. Stelle sicher, dass die
Polaritaten aus den verfligbaren Polaritaten
stammen .

Erkenne alle Sentiment-Elemente mit ihren
jeweiligen Aspektbegriffen, Aspektkategorien
und Sentiment-Polaritdten im folgenden Text im

Format
[(’Aspektbegriff’, ’Aspektkategorie’,
’Sentiment -Polaritat’), ...]

Text: Der Burger total durchgebraten und
trocken.

Sentiment-Elemente: [(’Burger’, ’food’,
"negative’)]

According to the following sentiment elements
definition:

The ’aspect term’ refers to specific feature,
attribute, or aspect of product or service that
a user may express an opinion about, the aspect
term might be ’null’ for implicit aspect.

The ’aspect category’ refers to the category
that aspect belongs to, and the available
categories includes:

[’food’, ’ambiance’, ’service’, ’price’,
’general’].

The ’sentiment polarity’ refers to the degree
of positivity, negativity or neutrality
expressed in the opinion towards a particular
aspect or feature of a product or service, and
the available polarities includes: ’positive’,
’negative’ and ’neutral’.

Recognize all sentiment elements with their
corresponding aspect terms, aspect categories,
and sentiment polarity in the following text
with the format of [(’aspect term’, ’aspect
category’, ’sentiment polarity’), ...J1:

Text: Der Burger total durchgebraten und
trocken.

Sentiment-Elemente: [(’Burger’, ’food’,
’negative’)]

Listing 3: Prompt example for the instruction prompt of
the TASD task for the GERestaurant dataset. Few shot
examples are provided in front of the task sentence.

Listing 4: Prompt example for the instruction prompt
of the TASD task for the GERestaurant dataset in the
English language. Few shot examples are provided in
front of the task sentence.

A.3 Model Configurations and
Hyperparameter Tuning

We provide an overview of the hyperparameter set-
tings and model configurations used for the base-
line experiments. Settings are based on the im-
plementations specified by Hellwig et al. (2024)
(BERT-CLF), Cai et al. (2020) (Hier-GCN), Zhang
et al. (2021) (Paraphrase), Gou et al. (2023) (MvP),
and Smid et al. (2024) (LLaMA Fine-Tune). Con-
figuration for Few-Shot Prompting is based on
previous experiments by Simmering and Huoviala
(2023) and Smid et al. (2024).

BERT-CLF and Hier-GCN. Both approaches
use gbert-base as a baseline model. For BERT-
CLF, we set the learning rate to 2 x 10> and a
batch size of 16. Hier-GCN is trained with a learn-
ing rate of 5 x 1075 and a batch size of 8. For
both models, the number of training epochs was
validated on development data, with values ranging
frome € [2, 3, 4, 5, 6] for the Transport dataset
and e € [20, 25, 30, 35, 40] for all other datasets.

Paraphrase and MvP. For both approaches we
employ t5-base as the base model with a batch
size of 16. For Paraphrase, the learning rate is set
to 3 x 10~%; for MvP, we use 1 x 10~%. Epochs
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were validated over e € [2, 3, 4, 5, 6] for Transport,
and e € [15, 20, 25, 30] for the remaining datasets.

LLaMA Fine-Tuning. We fine-tune the
LLaMA-3.1-8B base model using LoRA with rank
64 and « scaling factor 16. The model is trained
with a context length of 2,096 tokens, learning rate
2 x 1074, and batch size 16. Training is performed
in 4-bit quantization, while inference uses full
precision. Generation is performed using greedy
decoding with temperature set to 0. The number of
training epochs is validated with e € [2, 3, 4] for
Transport and e € [4, 5, 6, 7] for all other datasets.

LLaMA Few-Shot. We use the LLaMA-3.1-8B
Instruct model with a maximum context length of
8,192 tokens. Inference is conducted via greedy
decoding (temperature = 0). For each dataset, we
evaluate performance using n € [10, 25, 50] few-
shot examples for in-context learning. Text length
for few shot examples is limited to 500 characters
per example to prevent exceeding the context win-
dow.

A.4 Resource Requirements and Efficiency
Analysis

Table 8 summarizes training times and GPU mem-
ory usage across models, tasks, and datasets.
BERT-CLF is highly efficient, requiring under
10 minutes and < 3.5 GB GPU across all tasks,
making it a strong baseline for computing resource-
constrained settings. Hier-GCN introduces moder-
ate overhead (10 to 36 min, 3.3 GB) while offering
slight gains in ACSA performance. LLaMA Fine-
Tune achieves the best results but comes at higher
computational cost, highlighting a clear trade-off
between performance and efficiency. Paraphrase is
a lightweight seq-to-seq baseline (13 to 14 min, 8
to 10 GB), while MvP substantially increases train-
ing time (up to 2 h) without notable performance
gains, raising concerns about cost-effectiveness.

LLaMA Few-Shot was evaluated with vllm (Kwon
et al., 2023), whereby the GPU utilisation can be
customised in favour of the inference speed. There-
fore, the values are not listed in the table.

Task Model Hotel Reviews MobASA GERestaurant GermEval B2B Software
Time GPU Time GPU Time GPU Time GPU Time GPU
ACD BERT-CLF Sm 27GB Sm 2.5GB 3m 2.4 GB 8m 32GB 3m 2.4 GB
LLaMA Fine-Tune 33m 8.7GB 1h 17m 8.8 GB 37m 84GB  2h57m 10.2 GB 21m 8.5GB
BERT-CLF 6m 2.7GB 4m 2.5GB Sm 2.4 GB 6m 33GB 4m 2.4 GB
ACSA  Hier-GCN 36m  3.2GB 19m 33GB 23m 33GB 20m 33GB 10m 33GB
LLaMA Fine-Tune 1h 07m 9.5GB 1hOlm 9.6 GB 42m 9.3GB 4h 09m 11.3GB 27m 93 GB
Paraphrase - 14m 7.5 GB 13m 10.5 GB 1h 02m 15.5GB 13m 8.6 GB
TASD MvP - - 1h 59m 11.8 GB 45m 11.8 GB 1h 59m 11.8 GB 45m 11.8 GB
LLaMA Fine-Tune - 2h 07m 10.6 GB 1h 14m 10.6 GB  5h 50m 12.8 GB 50m 10.6 GB

Table 8: Training times and GPU memory usage per model, task, and dataset during test evaluation as an average

over five seeds.
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